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Abstract 

Improvised explosive devices (IEDs) and the terrorist networks that employ them pose 

a threat in many world regions. An essential task towards disrupting these terrorist networks 

is identifying the relationships and linkages between the individuals that form these networks. 

This research explores the novel concept of applying machine learning to analyse chemical 

test results from homemade explosives, with the aim of identifying matches and relationships 

between the samples (and hence, the bombmakers who made them). Due to the unknown 

(unlabelled) and constantly evolving nature of many of the secondary ingredients in these 

homemade explosives, we apply unsupervised techniques in the form of cluster analysis to 

match the spectroscopy samples.  

As per our literature survey, it is rare for cluster analysis to be applied to spectroscopy 

in a quantified manner to match samples. Most mature chemometric techniques are for 

supervised learning where labelled datasets are available. Hence, we pursue cluster analysis 

techniques from the machine learning domain but synthesise them to focus on IR spectroscopy 

data characteristics.  

In achieving this, we present an analysis model tailored for the quantified cluster 

analysis of IR spectroscopy. Chemometric preprocessing techniques and unsupervised cluster 

analysis algorithms are applied, along with quantitative metrics to evaluate the data’s tendency 

to cluster, predict the number of clusters, and assess the quality of clustering outcomes. To 

improve on initial results, we then:  

 present a framework for selecting appropriate cluster analysis algorithms,  

 evaluate spectral preprocessing techniques effect on cluster analysis, 

 investigate and present a novel feature selection technique based on clusterability metrics, 

 develop methods for matching samples at various levels of a clustering hierarchy, 

 and adapt multi-sensor fusion to cluster analysis.  
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These techniques are demonstrated on three spectroscopy datasets of homemade 

explosives, and multiple public datasets from food and industry to ensure the wider 

applicability of the techniques.
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Chapter 1: Introduction 1 

Chapter 1: Introduction 

To set the context for this research, the applied problem of Improvised Explosive 

Devices (IEDs) and counter IED efforts are presented. From this, the research problem is 

identified, which is the focus of this thesis. 

1.1 THE APPLIED PROBLEM: THE IED THREAT 

Improvised Explosive Devices (IEDs) are bombs that are made or used in non-

conventional ways, hence the improvised nomenclature. While not a new threat, the 

prominence of IEDs and the threat networks that utilise them has grown in recent decades to 

pose a significant threat to military and civilian communities across the globe.  

In Afghanistan and Iraq, insurgents used IEDs for more than a decade to wound and kill 

coalition military personnel and civilians, to weaken and disrupt coalition operations, and to 

undermine public confidence in the government’s ability to provide security. In the 2003-2011 

Iraq War, IEDs were responsible for the majority of coalition casualties [1]. Similarly, in 

Afghanistan, IEDs were the number one cause of death for NATO troops [1]. The 2013 

Australian Defence White Paper [2] recognises the fact that improvised explosive devices are 

now a part of the future operating environment of the Australian Defence Force (ADF).  

While much of the focus of our research is contextualised in military operations, there 

are also recent civilian terrorist incidents involving IEDs such as the Boston Marathon 

bombings, numerous attacks in Europe (London, Paris, Brussels, and Manchester) and South 

East Asia. 

1.1.1 Counter IED Efforts 

Over the last decade, significant work has been done in detecting, defeating and 

protecting forces from IEDs. However, it remains an unresolved challenge due to the diversity 

of the devices and the constant evolution from bombmakers to mitigate counter IED efforts. 

The US Joint IED Defeat Organisation (now Joint Improvised Threat Defeat Organisation) 
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was established in 2006 and spent billions of dollars a year in counter IED efforts, yet the 

threat still remains [3]. IEDs are a challenging, complex, and ever evolving problem. There is 

no ‘silver bullet’ or single piece of technology that has been able to solve it. However, every 

bit of effort contributed to this domain builds incremental capability and assists overall. 

In recent years, there has been an increasing focus in countering the threat networks that 

utilise IEDs and improvised threats. As per the US Joint Improvised Threat Defeat 

Organisation (JIDO), “Lessons learned have shown the importance of taking a wider look than 

just the device itself to the entire realm of improvised threats as we see and sense who makes 

and employs them, and how” [4]. While this focus on the network of bombmakers is not new, 

it is becoming increasingly important as other technological lines of effort to defeat the threat 

and counter-IED training have proved insufficient to overcome this threat. This Attack the 

Network line of operations utilises intelligence to identify, understand and target the terrorist1 

or threat networks. 

1.1.2 Research Concept 

The focus on understanding and targeting the terrorist networks lead to the underlying 

question to be addressed in this research. Based on the researcher’s skills and interest in data 

science and machine learning: 

 

Can terrorist network links be identified and understood through data science and 

machine learning? 

 

Considerable thought was given to identify opportunities where research and innovation 

could be applied in this space. One key point that was identified is the fact that the improvised 

nature of IEDs introduces characteristics that may be unique to each bombmaker. Improvised 

                                                      
 
1 In this thesis, the term ‘terrorist networks’ is being used as a generic term to cover threat networks, 
terrorists, insurgents, guerrillas, rebels and non-state actors who utilise IEDs in asymmetric 
unconventional warfare. Recent examples include the Taliban, ISIS and Al-Qaeda in the Middle East, 
insurgents in southern Thailand, and jihadist militant groups in the southern Philippines. 
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devices are made by individuals (not a production factory) so their construction, components 

and characteristics vary based on the maker.  

Based on the assumption that a bomb-maker will regularly make IEDs in the same way 

(often the way they have been trained to make them), there is the opportunity to identify 

matching IEDs that have been made by the same maker, creating links between a person and 

multiple IEDs or attacks. 

These ‘links’ could provide information (intelligence) that is new, may not be obtainable 

from other forms of intelligence and can contribute to the understanding of the links within a 

terrorist network and the potential opportunities to disrupt it. 

1.1.3 Potential Outcomes of Research 

The US Department of Defence define intelligence as: “The product resulting from the 

collection, processing, integration, evaluation, analysis, and interpretation of available 

information concerning foreign nations, hostile or potentially hostile forces or elements, or 

areas of actual or potential operations”[5]. Of specific interest here is the network and 

relationship between people, objects, actions, places and events. Examples include 

bombmakers, suppliers, communications, attacks, cache finds, and materials.  

If network linkages can be identified from matching or partially matching IED 

components and source materials, they could provide a new source of intelligence for 

understanding terrorist networks. This new source of ‘technical intelligence’ can be fused with 

all the other intelligence currently gathered on terrorist networks to provide better 

understanding of the networks and their potential vulnerabilities [6]. The intelligence 

generated may be new or may reinforce and strengthen existing knowledge.  

This research topic could contribute to 4 of the 5 Counter IED priority research domains 

noted by the US National Research Council [7]. Namely, researching: 

 Relationships Between the Human Terrain and the IED Threat,  

 Data Acquisition, Data Fusion, and Analysis,  

 Detection and Disruption Throughout the IED Threat Chain 
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 Resource Availability and the IED Threat 

The techniques developed in our research may enable their application in an ongoing 

manner as new IED exploitation data is collected and ongoing generation of intelligence 

information. Additionally, having a capability such as this may encourage sharing and pooling 

of IED exploitation data between coalition partners to generate additional intelligence.  

In terms of the specific outcomes of application of our research, there are multiple types 

of linkages or intelligence that could be gained through analysing and matching the 

construction characteristics of IEDs: 

Direct Attribution 

One output from matching of IED samples is the direct attribution of an individual to 

multiple IED events. If multiple recovered IED samples are an exact match (batch matching), 

then it is reasonable to assume that they were made by the same bombmaker. This allows 

linking of a single individual to multiple IEDs. If the identity of the individual responsible for 

one of these events is known, then they can be linked to all of them. Expanding on this direct 

attribution to an individual; if there are direct matches to different types of IEDs within the 

data set, this can imply that there are multiple bombmakers operating and can identify the 

number of bombmakers within the dataset. If further metadata about events is included such 

as location and time, this may enable understanding of the bombmakers areas of operation, or 

the temporal evolution of a bombmakers operations. This metadata is typically classified (not 

publicly available) and hence, this specific aspect will not be addressed further in this thesis. 

Group Attribution 

One level up from direct matching of IEDs is when common characteristics can be 

identified within a set of IED samples but there are enough differences in the IED construction 

to assume they were made by different bombmakers. These common characteristics may 

enable linking those bombmakers together. Common characteristics could be the same recipe 

for the explosives or the same design for the IED trigger switch. This may indicate the 

bombmakers were trained together or were trained by the same person, linking them to the 
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same threat group. Similarly, the use of the same (unique) materials in an IED may link the 

bombmakers to a common supplier of materials. 

Source Attribution 

The broadest level of attribution would be the identification of a distinct ingredient or 

component across a significant number of samples (or all samples). This would indicate a 

common use of a material across a large portion of the threat network and a potential 

vulnerability of that network. If that ingredient or component can be distinctly identified, the 

source of that material may be able to be identified and disrupted. 

1.1.4  Data availability 

Based on the above identification of an opportunity to match IED samples, 

consideration is now given to how that could be achieve, particularly through the use of data 

science and machine learning. 

To be able to match IED samples, data on IEDs needs to be recovered. This is obtained 

through an activity called IED exploitation. Through this activity, data could be generated 

from the IED’s physical construction characteristics, the electrical and electronic 

characteristics, and the chemical characteristics. As shown in Figure 1.1, IEDs are typically 

formed from five main components [8]: 

 An explosive main charge (potentially including a ‘booster’ charge) 

 An initiator, detonator, or fuse to detonate the main charge 

 A container to house the components 

 A switch or activator 

 A power source for the switch and/or detonator 
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Figure 1.1 Typical IED components schematic 

The construction and function of each of these components can vary greatly depending 

on the construction of the device, its intended purpose, and the resources and skills of the 

bombmaker. The main charge could be a small charge intended for targeting dismounted 

troops, a sophisticated shaped charge designed for penetrating armour, or a vehicle packed 

with bulk explosives to form a vehicle borne IED. Similarly, the switch could be a simple 

pressure activated switch made from scraps of metal, or a sophisticated radio-controlled 

transmitter. Each of these components could have characteristics that enable differentiation 

between bombmakers. 

For our research, the focus has been constrained to matching of the explosives 

components through the application of chemical forensics [9]. Reasons for this include:  

 the availability of chemical test data, particularly in the form of infrared (IR) 

spectroscopy,  

 the unclassified nature of the chemical composition data (when the associated meta 

data of when, where, and how it was found are removed), 

 the belief that the chemical composition data will provide enough fidelity for 

matching, 

 and constraining the focus of the study to one main aspect to make it achievable 

within the research time available. 

The techniques developed within this research, and the general framework applied, may 

be applicable for addressing the other sample matching domains such as the IED’s physical 
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characteristics, the electrical and electronic characteristics, or methods of employment in the 

future. 

1.2 PROBLEM DEFINITION LITERATURE REVIEW 

Based on the above identification and understanding of the applied problem to be 

addressed in this research, an initial literature review is conducted to understand the current 

state-of-the-art in this domain and assist in developing a clear research problem. The literature 

review starts with a broad approach, exploring the application of machine learning to 

spectroscopy and chemometrics and then narrows down to the explosives domain and 

matching of explosives samples. 

1.2.1 Machine Learning Applied to Spectroscopy and Chemometrics 

The Journal Chemometrics and Intelligent Laboratory Systems defines chemometrics 

as ‘‘the chemical discipline that uses mathematical and statistical methods to design or select 

optimal procedures and experiments, and to provide maximum chemical information by 

analysing chemical data’’[10]. Classic chemometric techniques were primarily statistical in 

basis. However, there has been significant growth in the application of machine learning to 

this field in the last two decades [11, 12] and there is no longer a sharp distinction between 

classic statistical techniques and machine learning techniques within chemometrics [12]. This 

increasing maturity is seen in the trend of papers becoming increasingly specialised and 

narrow in their focus in recent years. This includes the inclusion of machine learning into 

chemometric software packages [13] for use by analytical chemists and it is envisaged that 

chemometric machine learning will be at the heart of future automated laboratories [14]. A 

2018 review in Nature summarises recent progress in machine learning for the chemical 

sciences as the “fourth industrial revolution” and note the number of applications in the 

chemical domain are growing at an astounding rate [15]. 

The types of test data that machine learning has been applied to in chemometrics are 

broad and include (but are not limited to): 

 Near Infrared Spectroscopy (NIR) [11, 16, 17],  
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 Raman Spectroscopy [18-20],  

 Laser Induced Breakdown Spectroscopy (LIBS) [20-23],  

 Fourier Transform Infrared Spectroscopy (FTIR) [17, 24-27], 

 Gas Chromatography-Mass Spectrometry (GC-MS) [28-31],  

 Liquid Chromatography-Mass Spectrometry (LC-MS) [32-35],  

 Isotope Ratio Mass Spectrometry (IRMS) [36-38] 

 Inductively Coupled Plasma Mass Spectrometry (ICP-MS) [38-40] 

The application domains include food and agriculture industries, medical testing, 

pharmaceutical, manufacturing, and mining. 

In general, machine learning can be broken down into supervised and unsupervised 

learning subcategories. Supervised learning is used in the majority of machine learning studies 

such as in the mapping of chemical composition to a property of interest. The term ‘supervised’ 

refers to the learning from a pre-labelled training set of data. Supervised approaches are 

typically classification or regression focused. Unsupervised learning is often used for 

exploratory analysis where unsupervised approaches attempt to divide up dataspace into 

groups, without any predefined training set, to identify previously unrecognized patterns in 

datasets, i.e. cluster analysis [41]. The application of supervised and unsupervised techniques 

to spectroscopy will now be explored further. 

1.2.2 Machine Learning Classification of Spectroscopy Data 

Classification is a form of qualitative analysis, where the aim is classification of samples 

against a property of interest. E.g. classification of a sample against a library to identify the 

chemical composition of a test sample, a materials source of origin, or another desired 

characteristic.  

Within the chemometrics domain, the most commonly applied techniques differ 

somewhat from mainstream machine learning domains. SIMCA (soft independent modelling 

by class analogy) and particularly the partial least squares techniques such as partial least 

squares (PLS) discriminant analysis (PLS-DA) have become well established chemometric 
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techniques and have been incorporated into widely used chemometrics software packages [12]. 

However, there are still many of the techniques synonymous with machine learning that are 

applied to the chemometrics and spectroscopy domain. Some of the many examples include 

decision trees [13], naïve Bayes [13, 40], artificial neural networks (ANN) [13, 27, 38, 42, 43], 

support vector machines (SVM) [13, 39, 44, 45], random forest [30, 40, 45, 46], and k-nearest 

neighbour [45]. It is noted however that many techniques are not suited to the high 

dimensionality of much of the spectral data, with suggestions that ANN and SVM generally 

considered the most suited [13]. Addressing the high dimensionality of spectroscopy data is a 

common theme of research with dimension reduction or feature selection often applied before 

application of other machine learning algorithms [18]. 

Applications of machine learning classification to chemical spectra include the food 

industry where applications such as authenticating the origin of produce are common (e.g. 

coffee [17, 36], meat [19, 24, 47, 48], sugarcane [40], potatoes [43], salmon [37], and 

(famously) wine [38, 42, 49]) and medical applications where it has been used widely for 

applications such as the detection of cancers [39, 46], brain tumours [44], and heart disease 

[50]. 

1.2.3 Machine Learning Regression of Spectroscopy Data 

Regression is a form of quantitative analysis, where the aim is to identify the numerical 

relationship between variables such as component ratios or concentrations. Machine learning 

regression is used extensively in chemical engineering and process control where it is integral 

in the quality control of products such as foods, pharmaceuticals [15, 51], mining and 

metallurgy [21], and petroleum products [50, 52]. 

Partial least squares regression (PLSR) is a mature and widely used regression technique 

within the chemometrics community. Other techniques include (but are not limited to) support 

vector regression machines (SVR) [16, 50, 52, 53], artificial neural networks (ANN) [21, 52], 

k nearest neighbour (kNN) regression [53], and extreme machine learning [16].  
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1.2.4 Cluster Analysis and Unsupervised Learning of Spectroscopy Data 

Unsupervised machine learning applications within chemometrics are predominantly 

cluster analysis and principal component ananlysis.  

Cluster analysis (also referred to as clustering) is one of the most important 

unsupervised learning techniques, aiming to identify structure in a collection of unlabeled data 

[54]. It is commonly used to explore data structures and gain understanding of data sets. Within 

chemometrics, cluster analysis techniques are commonly applied in biomedical research to 

identify common characteristics such as genotypes [31]. Food and aggriculture applications 

are also common, particularly utilising hierarchical cluster analysis techniques as the 

hirarchical output often matches the taxinomic structure of the subjects of the studies (eg. 

phylogenetic relationship) [55]. 

Principal component analysis (PCA) is a traditional chemometric method utilised to 

reduce the dimensionality of data sets or applied as a clustering approach itself [19, 31]. It was 

noted that this has often been used in conjunction with other machine learning techniques [13, 

14, 22] and experiments have shown that the use of PCA can improve the predictive 

performance of some well-known machine learning methods in the classification of high-

dimensional data [56].  

Unsupervised clustering algorithms can also be used in conjunction with supervised 

classification techniques in semi-supervised machine learning [57, 58]. Examples include 

where unsupervised learning is used to identify clusters and then classificaiton is used to 

identify the contents of each cluster (e.g. FTIR pollen data discrimination and classificaiton 

[27]). 

Overall, this brief, high level investigation has shown that machine learning is widely 

applied in chemometrics in the analysis of spectroscopy data. However, it was noted that the 

examples of unsupervised learning applied to spectroscopy were fewer and less common than 
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the supervised learning approaches. This initial literature review will now focus in on the 

application of machine learning to explosives2.  

1.2.5 Machine Learning Applied to Explosives 

The available literature on machine learning applied to explosives samples is primarily 

focused on classification of samples as being explosive in nature and classifying what type of 

explosive a sample is [22, 23]. This is not unexpected due to the demand for explosives 

detection for security applications such as screening and testing for explosives at locations like 

airport baggage checks. The machine learning techniques utilised include PLS-DA [59, 60], 

SIMCA [59], ANN [22, 23, 61], density based classifiers [23], kNNs [62] and SVMs [23, 62, 

63]. 

Laser-induced breakdown spectroscopy (LIBS) appears to be commonly used as the test 

technique for detection explosives [22, 23, 62, 64]. This was due to stand-off detection 

capabilities it can provide and the active research of Serrano, Moros et al. [22, 23, 62, 64] who 

are dominant publishers in this niche domain. There are publications of other sensor 

technologies being used for detection of explosives, but they used traditional chemometric 

methods in their analysis (non-machine learning).  

Note that within all of these studies, a library of only 4 or 5 explosives was typically 

used for classification. None of the literature identified has addressed the use of machine 

learning to match explosive samples to each other, and none of the applications specifically 

focused on homemade explosives (and the wide variety of potential secondary ingredients that 

may differentiate batches of homemade explosives). 

1.2.6 Batch Matching of Explosive Samples 

Since no applications of machine learning were identified for matching explosive 

samples to each other, the literature review now explores other methods for this detailed 

matching of explosive samples (often referred to as batch matching). 

                                                      
 
2 the common terminology used from explosives in the chemistry domain is energetic materials 
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A core reference identified is the PhD thesis of Paul McCurry [65]. This research 

focused on the types of chemical testing techniques that could be applied to batch matching 

and source matching of homemade explosives. This research demonstrated that chemical 

testing is available that allows matching of samples on a one-to-one basis is possible and sets 

the foundation to applying machine learning to a wider data set to identify matches. 

Despite McCurry having a similar goal as our research, the approach is philosophically 

different. The differences could be characterised as a chemistry centric approach versus a data 

science centric approach.  

McCurry’s chemistry centric approach aims to identify the chemical composition of the 

explosives to a high level of detail including identifying unique characteristics such as 

environmental contaminants. Chemical testing techniques (IRMS and ICP-MS) are developed 

and refined to extract this chemical composition information (e.g. label their core elements 

and their isotope mass spec ratios etc) from the explosive samples. This chemical composition 

can then be compared to the chemical composition of other test samples on a manual one on 

one basis.  

The data science centric approach of our research aims to identify matches by simply 

focusing on the data from explosives testing and create matches from the data, regardless of 

what it is named or ‘labelled’. This removes the additional steps of identifying what chemicals 

the explosive is made of. Rather than the research being about new chemical testing techniques 

to identify the explosives (as per McCurry’s research), we will focus on data analysis 

techniques and refinements to enable direct matching of samples from the raw test data.  

If proven feasible, one potential benefit of this data centric approach is that it aims to 

enable matching across large data sets, removing the burden of a chemist to review individual 

pairs of samples for matches. Another benefit is that it is not constrained to specific types of 

homemade explosives. IEDs continually evolve so the data centric analysis techniques applied 

to common and generic types of chemical testing should be applicable, regardless of the 

specific chemical composition of the explosives.  
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Beyond McCurry’s work, the other literature focuses on source matching ingredients in 

various explosives [66-71], i.e. matching ingredients to a manufacturer or source. These 

studies utilise IRMS and ICP-MS to identify specific elements in the samples for comparison 

and classification in forensic explosives investigations. In Brust et al.’s study, Ammonium 

nitrate (AN) samples were analysed for the occurrence of 66 elements. 32 of these elements 

were useful for the differentiation of AN samples. Linear discriminant analysis (LDA) was 

used to calculate likelihood ratios and demonstrated the power of combining elemental and 

isotopic profiling for discrimination between different sources of AN [69]. These were similar 

to McCurry’s research but was limited to source matching (not direct sample/batch matching). 

In reviewing whether machine learning approaches have been applied to this ‘matching 

of explosive samples’ problem by anyone else, no further sources were identified in this novel 

application domain. 

1.2.7 Similar Fields of Research 

Matching of Illicit Drug Samples 

It was identified that matching of samples of narcotics and illegal drugs was a problem 

with many similar characteristics to the IED problem. There are more publications relating to 

drugs matching than explosives matching so research in the drugs domain was explored. 

Groger et al. note: A possible application of this classification-oriented analysis is the 

batch-to-batch comparison of illicit drug samples (chemical drug profiling) in order to 

establish links between different seizures. The composition of the main (active) compounds 

and the chemical signatures (“impurity profiles”) in sample extracts of seized drugs can be 

useful indicators of the geographical origin of the raw materials of the drug, the origin and 

link of used precursors and chemicals, as well as the applied clandestine manufacturing 

procedure [72]. Hence, confirming the similar potential applications and goals as matching 

samples of explosives. 

Drug characterization studies using traditional chemometric analysis techniques have 

shown that it is possible to link samples, to classify material from different seizures into groups 

of related samples, and to identify the origin of samples [73].  
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There are a large number of drug related references available, although few use machine 

learning. They generally use traditional statistical methods or manual matching [74].  

Two key groups of researchers were identified as applying machine learning to this 

domain: Ryder, Madden et al. from the National University of Ireland circa 2005-2009 [13, 

18, 56, 75], and Ratle et al. from the University of Lausanne, Switzerland circa 2006-2008 

[76-79]. 

Madden and Ryder explored the use of regression methods (PLSR, Neural Networks 

and k-Nearest Neighbours) applied to Raman spectra for developing automated identification 

methods for estimating the concentration of cocaine in solid mixtures [18]. Principal 

component regression (PCR), C4.5 decision trees, naïve Bayes, and SVMs were applied to the 

problem of detecting and quantifying the presence of a drug in solid mixtures [75]. This work 

culminated in a 2009 publication by Madden and Howley presenting a software package 

developed to analyse spectroscopy data using machine learning techniques and demonstrating 

its performance against samples of cocaine, caffeine and glucose [13]. 

Ratle et al. have multiple publications on applying clustering machine learning methods 

to illicit drug seizure databases to prove the feasibility of utilising chemical drug databases to 

understand the illicit drug market [76-79]. However, the analysis was not applied to 

spectroscopy (spectral data), but rather, data on concentrations of the certain ingredients in the 

drugs. PCA was used as an initial analysis and data processing stage and genetic programming 

was also used in order to tune the affinity matrix of the spectral clustering algorithm [77]. 

Matching of CBRN Weapons Samples 

The chemical forensics of chemical, biological, radiological and nuclear (CBRN) 

weapons (often referred to as weapons of mass destruction) is a field where there is a similar 

demand for matching samples and sources of origin for precursor materials. Exploring 

literature from this domain may present concepts suitable for application to the task of 

matching explosive samples. However, the number of CBRN samples is typically significantly 
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smaller than the number of potential IED explosives samples so techniques are unlikely to be 

suited to matching of samples within large batches.  

Fraga et al. from the Pacific Northwest National Laboratories are dominant publishers 

in the field of chemical forensics and CBRN analysis [9, 29, 35, 70]. They have investigated 

using stable isotopic ratios, stereoisomeric ratios, and impurity profiles as source attribution 

signatures for representative toxic chemicals and precursors. Work demonstrated that the 

organic impurity profiles of two commercial nerve-agent precursors are partially unique 

among different stocks and hierarchical cluster analysis of GC-MS can be used for sample 

matching [29]. No examples of using machine learning for matching CBRN spectroscopy 

samples were identified.  

1.2.8 Summary 

The key insights gained from the above literature review are that machine learning is 

rapidly growing in its application to chemical analysis. However, this is primarily for 

classification and regression. Clustering techniques are less commonly applied or are used as 

part of exploratory analysis. PLS based techniques were commonly seen applied as well as 

PCA for dimension reduction and analysis. Contemporary machine learning techniques are 

often being explored but are not as prevalent within chemometrics. 

Despite the widespread application of machine learning in spectroscopy and 

chemometrics, machine learning applied to explosives is a relatively niche field with limited 

research and publications. The majority of this research utilised advanced laboratory testing 

techniques, with limited application to FTIR, NIR and Raman spectroscopy. 

In reviewing the literature on matching explosive samples and the similar fields of illicit 

drug analysis and CBRN analysis, it was noted that there is a relatively small set of key authors 

producing multiple publications in their domains. Hence, these do remain niche domains and 

applications of research, and the application of machine learning to matching explosive 

samples appears to be unexplored.  
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1.3 RESEARCH OBJECTIVES AND APPROACH 

Based on the understanding gained from the initial literature review above, the research 

problem can now be formulated, and an approach developed to address the research problem.  

1.3.1 Research Problem Definition 

The primary take-away from the literature review is that most existing machine learning 

applications are for classification of chemicals or regression (prediction) of concentrations. 

This is not unexpected as that is what the majority of applications would be requiring. For 

example, test equipment that identifies the presence of any explosives at an airport is testing 

whether any of the sample are classified as those within its library of explosives. Within 

machine learning, these use supervised learning techniques where a defined library is used for 

training and classification.  

The IED sample matching problem is somewhat different to these. For matching of 

homemade explosives, the level of detail being considered goes beyond simply testing for the 

presence of an explosives. Direct matching of IED samples (batch matching) needs to consider 

the secondary ingredients or ‘fuels’ used in the homemade explosives. In this application, the 

‘library’ of explosives is unknown due to the wide range of potential ingredients. A library 

could be developed from analysing existing samples and then used for assessing future 

explosive samples to find matches. However, this approach is undesirable as it limits the 

potential explosives that could be matched to a defined set. Additionally, the homemade nature 

of the explosives of interest are varied and constantly evolving. It would be difficult to generate 

a comprehensive and detailed enough library to discriminate between batches and this would 

not be generalisable to future changes in explosive composition. The chemical composition of 

future explosive mixes (ingredients, contaminants, etc) would be challenging to define as the 

potential combinations are nearly infinite.  

For this problem, the requirement is to match homemade explosive samples to each 

other, regardless of their classification. The type of explosive could be unknown yet there is 
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still the need to match it to any other samples to identify relationships between the makers and 

to generate network linkages.  

To address this problem, it is proposed that the unsupervised machine learning 

technique of cluster analysis is used. Cluster analysis is the approach of identifying similarities 

and grouping together objects that are more similar than others. In this application, clustered 

items would be samples of identical, or similar explosives depending on how tight a cluster is. 

The actual type of explosive within a cluster does not need to be known or defined beforehand. 

This is an unsupervised learning technique as the data does not need to be tagged or labelled 

beforehand for training of a model (as per supervised learning).  

There are many clustering techniques available. The metrics they use for clustering and 

the mechanisms they use for finding them vary greatly. A technique’s suitability depends on 

the characteristics of the data being analysed and the desired outcomes from the clustering 

[80]. Hence, consideration is now given to the desired outcomes of the clustering analysis and 

the data available on the explosives.  

1.3.2 Desired Clustering Outcomes 

The primary desired outcome from the cluster analysis is for identifying tightly 

clustered groups of samples that can be considered close enough to a match for the implication 

that they are made by the same bombmaker (direct attribution).  

There is the expectation that there will be multiple tight clusters that need to be found 

in a dataset (multiple bombmakers) and the number of clusters is not known in advance. 

The ability to identify wider groupings that include samples that are not identical but 

have some similar characteristics is desirable for identifying linkages between potentially 

related bombmakers (group attribution). Relationships may relate to similar training and 

techniques in their IED construction or use of the same recipe or materials. A hierarchical 

clustering approach may be desirable for identifying samples belonging to the same 

bombmaker and then the wider groupings linking bombmakers. There is the potential for 

overlap of the wider clusters where a bombmaker may be part of multiple wider groupings. 
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These characteristics will need to be considered when selecting or developing 

appropriate clustering techniques for this IED matching problem.  

1.3.3 Data Considerations  

The total number of IEDs in recent conflicts like Iraq and Afghanistan are likely to be 

over 100,000, of which a percentage are collected and analysed [81]. Within a region of 

interest and over a timeframe of interest, the number of analysed samples may be in the 

hundreds or thousands. Forming larger data sets would likely require a collaborative effort 

from the multiple nations and organisations typically collecting and analysing IED data. 

Hence, to make this research useful, it must be feasible for results to be achieved from a single 

nation which may result in datasets with tens or hundreds of samples. The Defence Science 

and Technology Group (DST) from the Australian Department of Defence provided multiple 

datasets of approximately 100 unclassified results from testing of explosives. This can be 

considered a typical and representative number of samples for conducting this analysis.  

Hundreds of samples is a relatively small number compared to what is often used in 

machine learning applications (which is often applied to ‘big data’ containing millions of data 

samples). However, hundreds of sample points is a relatively large number of samples in 

applications involving chemical measurements [12]. Conducting chemical testing can be time 

consuming and expensive so chemometricians who analyse chemical test results often work 

with smaller numbers of samples. 

Within a dataset of explosive samples, it is expected that only a subset of those will be 

able to be clustered and linked together. The remainder being unclassifiable or ungroupable. 

This may be due to the variance in how homemade explosives are made, significant levels of 

contamination, or many explosives made as a ‘one-off’. Suitable clustering techniques may 

need to deal with this type of ‘noise’ in the dataset. 

1.3.4 Types of Chemical Tests  

As per our preliminary literature review, the chemical test types applied to analyse 

materials are numerous and varied. They vary in the equipment required, portability, cost, time 
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required, and operator expertise required. To make our process as widely applicable as 

possible, it is desirable to identify a type of testing that is common, widely available, easy to 

conduct, can be applied to a wide variety of materials, and is rich in the chemical information 

it produces. 

Given that FTIR spectroscopy testing is commonly conducted on explosive samples and 

FTIR data is available for this study, it is proposed that FTIR data is the focus of our research 

and additional test data sets can be introduced and ‘fused’ if more fidelity is required. 

The data from FTIR testing is a spectral plot with measurements taken over a wide 

spectral range of wavelengths. It measures sample absorption of the light at each wavelength 

(or wavenumber). Within the resultant FTIR spectrum plot, the spikes and peaks and their 

specific wavelengths correspond to specific chemicals. However, these are not independent 

and, in a mixture (such as explosives), peaks from the substances may overlap, combine, or 

mask each other. 

1.3.5 FTIR Spectroscopy Dataset 

The explosives samples used in this study are representative samples of the homemade 

explosive detonators used in improvised explosive devices (IED) in the Middle East. 

Detonators, as shown in Figure 1.1, are a small explosive device used to detonate the larger 

main explosive charge in an IED. The use of detonators for our research is attractive as the 

homemade detonators in our study consist of three stages of explosives of varying chemistries. 

Hence, presenting three data sets for comparison that cover a range of explosives. Attenuated 

total reflectance (ATR) Fourier Transform Infrared (FTIR) spectroscopy was conducted on 

the contents of the detonator stages over the infrared frequency range of 650 - 4000 cm-1 at a 

resolution of 2 cm-1 in laboratory conditions. The FTIR measurements were acquired using a 

Perkin Elmer Spectrum 400 Fourier Transform-Infrared (FTIR)/ Fourier Transform-Near 

Infrared (FT-NIR) spectrometer. The equipment conducts four scans of a sample, the 

background is automatically subtracted, and the resultant spectrum displayed. Each resulting 
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spectrum consists of 3350 wavenumbers (dimensions or variables) per sample, as shown in 

Figure 1.2. The resulting datasets can be described as follows: 

 The Output Energetic dataset is a collection of 73 FTIR samples of five different explosive 

types [82].  

 The Transition Energetic dataset is a collection of 69 FTIR samples of eight different 

explosive types [82].  

 The First Fire Energetic dataset is a collection of 53 FTIR samples of seven different 

explosive types [82].  

 

Figure 1.2 FTIR spectra from the output energetic of 71 improvised detonators 

1.4 CORE RESEARCH QUESTIONS 

Based on the above applied problem exploration, literature review, and data 

considerations, the following research questions have been identified to deliver valued 

research towards addressing the challenging problem of IEDs and understanding the terrorist 

networks that use them. 

1. What are the best clustering techniques (identified or developed) for identifying 

matching samples from explosives spectroscopy data? 

2. Can these techniques be incorporated into a usable analysis process that can adapt to 

future threat evolution? 
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As identified earlier, cluster analysis has been determined as a potential approach for 

identifying matches in a batch of explosive samples (and generating the associated linkages 

that come from that matching). However, as per the initial literature review, there have been 

limited applications of unsupervised cluster analysis to IR spectroscopy data (such as the FTIR 

data). Hence, new or customised approaches may be needed to apply cluster analysis 

algorithms to this data.  

As highlighted in our second research question, it is also desirable for the process to be 

able to adapt to future threat evolution. Threats and the composition of explosives constantly 

evolves [7], so any process and analysis that is focused on specific ingredients may become 

outdated. It is desirable for the analysis techniques and chemical testing process to be widely 

applicable and not limited to specific explosive types. Hence, our selection of cluster analysis 

and FTIR spectroscopy meets these needs. 

For this research to be the most useful and have the highest impact, it is also desirable 

for it to be incorporated into an analytical process that can be broadly applied. This may mean 

that the analytical process can be applied by the scientists conducting the detailed chemical 

testing, or in an automated process. If it is found that clustering and matching is effective 

utilising relatively simple chemical tests such as FTIR spectroscopy, then this analysis could 

potentially be conducted in the forward deployed laboratories manned by military or law 

enforcement personnel. This would maximise the value of the intelligence generated due to 

the timeliness of on-site testing. 

The above discussion highlights that cluster analysis of IR spectroscopy is a novel 

approach suited for addressing our applied IED problem. It is also a field that does not appear 

to have been addressed in current literature, hence, presents an opportunity for new and valued 

research.  

There are many aspects in cluster analysis of IR spectroscopy that will need to be 

researched. Given that our question refers to the ‘best’ clustering technique, suitable 

quantitative metrics and measures need to be identified and utilised to enable that assessment 

of ‘best’. Similarly, data preprocessing, similarity metrics, dimension reduction or feature 
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selection, the clustering algorithm itself, and validation of results are all areas for potential 

research and improvement to address our problem. 

Our intent is to develop an initial analysis workflow and baseline of results to validate 

the concept. Then throughout this thesis, research can develop new or refined techniques for 

cluster analysis of IR spectroscopy to progress this capability. Where suitable, we will 

demonstrate and validate our techniques on the detonator datasets, to ensure they address our 

applied IED problem, and also on publicly available spectroscopy datasets from other domains 

to demonstrate the wider applicability and value of our research. While our techniques will be 

applied in an unsupervised manner, labelled data will be utilised to verify the results and 

validate our techniques, with the intention that they can then be applied to unknown samples 

and unlabelled datasets in the future. 

1.5 DEMONSTRATION OF CONCEPT 

As a starting point for understanding the challenges and demonstrating the feasibility of 

this research concept of applying cluster analysis to FTIR spectroscopy, we present the 

Analysis and Preliminary Results section and the Conclusion section of our peer reviewed 

conference paper: “Crase, S., Hall, B. and Thennadil, S., (2019) Identifying intelligence links 

in threat networks through machine learning on explosives chemical data. In 23rd 

International Congress on Modelling and Simulation-Supporting Evidence-Based Decision 

Making: The Role of Modelling and Simulation, MODSIM 2019 (pp. 263-269)” held in 

Canberra, ACT, Australia, 1 to 6 December 2019 [83]. 

The paper summarises the application, context, and concept that we have discussed to 

date and applies them to representative datasets of homemade explosives. In doing so, it begins 

to explore some of the aspects that will need to be addressed in our research such as data 

preprocessing techniques, a method for visualising the data, the clustering algorithms 

themselves, and how to quantitatively assess the clustering outcomes. In the following excerpt, 

initial exploratory techniques are applied to the output energetic and transition energetic 

datasets: 
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1.5.1 Analysis and Preliminary Results 

Analysis has been conducted on explosive samples to demonstrate the feasibility of this 

concept of matching samples of explosives using machine learning and data analysis. The 

data used for this demonstration is a selection of 71 explosive samples extracted from the 

output energetic stage of improvised detonators. This component of improvised detonators is 

typically made of a limited set of commonly available explosives. Hence the data is likely to be 

clearly clustered for this demonstration. A brief summary of the analysis workflow and results 

are as follows: 

Data Pre-processing 

Data pre-processing is used to remove unwanted variation in the data and emphasise 

the variation of interest, hence improving the overall analysis results. There are many common 

pre-processing techniques that can applied to spectral data. However, consideration must be 

given for the characteristics of the data and the goals of the analysis to determine appropriate 

techniques [84].  

For identifying matching explosive samples, the information about the composition of 

the explosive samples is largely held in the location and the shape of the peaks in the 

spectrum. Hence, selected pre-processing techniques were trialled that minimised any offset 

between spectra, largely leaving the peaks and spikes in the spectra for further analysis. 

Trialled techniques included centring, scaling, autoscaling, baseline correction, and Savitzky-

Golay smoothing. It was found that axis 1 autoscaling (where each spectra is centred and then 

scaled based on its standard deviation [85]) had the most significant positive effect on 

clustering results (as shown in Figure 1.3) and is used in the remainder of this paper. Our 

researching is continuing to further improve pre-processing techniques. 

Principal Component Analysis 

Principal Component Analysis (PCA) is a commonly applied to spectral data. It is 

valuable in reducing the dimensionality (and complexity) of data and visualising the data for 

exploratory analysis.  
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Figure 1.3 PCA score plots for unprocessed data (left) and pre-processed data (right) 

 

As can be seen in Figure 1.3, our application of PCA provides a way of visualising the 

data in two-dimensions and visually identifying clusters. This example highlights the 

improvement in clustering that is achieved through the application of Axis 1 Autoscaling as 

pre-processing.  

Clustering 

Unsupervised machine learning algorithms are now applied to identify and label clusters 

within the data. This is applied based on the principle that the tightest groupings or clustered 

data points will be the closest explosive matches. However, there are many types of clustering 

utilising different mechanisms or algorithms and can deliver differing results. While our 

research is continuing to identify or develop the most suitable clustering algorithms for our 

application, two have been selected and extensively applied to date with positive results:  

Hierarchical clustering was chosen for application as the hierarchical aspect may be 

desirable for identifying group or source attribution. Agglomerative hierarchical clustering was 

selected as the bottom up approach ensures the cluster starting point is the closest pairs of 

points. If the lowest levels of grouping with the hierarchy are direct matches, then levels above 

that may show groupings and groups with a common characteristic.  

DBSCAN: Density-Based Spatial Clustering of Applications with Noise was proposed 

by Ester et al. [86] to discover arbitrarily shaped clusters amongst noise. As it finds clusters 

based on density, it does not need to know the number of clusters at initialisation time. Hence, 

DBSCAN was chosen as a potentially relevant technique to explore as it allows for 

specification of the tightness of clusters and allows noise or unclustered data points.  
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Internal Evaluation 

Internal evaluation is a form of validation based on the clustering itself, without a known 

true set of labels for comparison. Internal evaluation algorithms score clustering results based 

on whether the sets of clusters are compact and well separated from each other. There are 

multiple potential metrics for the tightness of a cluster and separations of clusters resulting in 

multiple potential evaluation schemes. We have applied the commonly used Davies-Bouldin 

Index [87] and Silhouette Coefficient [88] to evaluate pre-processing techniques, clustering 

techniques and identify the correct number of clusters within a dataset. These indices can be 

used as an ongoing tool to evaluate the goodness of clustering. 

External Evaluation  

External evaluation is a form of validation of clusters against a known ground truth such 

as known class labels. For the data set used in this exemplar analysis, Figure 1.4 shows the 

comparison of the clustering generated by the machine learning algorithms (left) with the 

results generated by DST explosive specialists (chemists) on the right. In this relatively simple 

data set, the Hierarchical Clustering and DBSCAN clustering algorithms correctly separated 

all the data points into the same clustering as the DST scientists.  

 
Figure 1.4 Clustering from machine learning algorithms (left) and from DST chemical testing (right) 

 

A significantly more challenging data set, and its associated clustering results are 

presented in Figure 1.5. This data is from the middle stage transition energetic from the 

improvised detonators which contain more varied homemade explosive materials. Here, the 

machine learning algorithms labelled and clustered 59 of the 69 samples correctly. While this 

is a good result, our research is continuing to refine and develop pre-processing and machine 

learning algorithms to improve this result. 
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Figure 1.5 Clustering from machine learning algorithms (left) and from DST chemical testing (right) 

 

1.5.2 Conclusion 

This paper presents a novel concept for identifying links in threat networks. Links 

between IEDs and bombmakers are generated through matching specific unique 

characteristics in the construction of IEDs. In the example application presented in this paper, 

it is the chemical composition of the IEDs homemade explosives that are being matched. While 

the feasibility of this has previously been demonstrated through one to one matching of the 

chemical composition of explosive samples through advanced chemical analysis techniques 

[65], our research expands on this capability through the use of data science and clustering 

machine learning. This aims to enable the use of less sophisticated chemical tests (in this 

case, FTIR testing), rapid application across large data sets, and adaptability to threat 

evolution and unknown types of future explosives. 

The data analysis process as presented can correctly cluster matching explosive 

samples in a relatively simple real-world dataset. When presented with a challenging and 

complex real-world dataset, the algorithms were able to correctly cluster the vast majority of 

explosive samples. These matches may be considered to be explosives made by the same 

bombmaker or manufacturer. If there are multiple bombmakers utilising the same type of 

explosive, additional subdivision of the clusters may be required. Research is continuing to 

develop and refine these algorithms to improve these results with the end goal of having 

confidence in the results when applied to future test results from unknown explosives.  
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1.6 ORGANISATION OF THE THESIS 

Given that the preceding paper has demonstrated that cluster analysis of IR spectroscopy 

is a concept worth pursuing for identifying intelligence links in threat networks, this will now 

form the focus of this thesis. The structure of the thesis is as follow: 

Chapter 1, as detailed above, presents the challenge of matching samples of homemade 

explosives to infer information about the bombmakers who made them, and how data science 

and machine learning could contribute to a solution. A minor literature review covers machine 

learning applications to chemical data analysis (chemometrics), explosives analysis, and other 

parallel fields. The concept of utilising unsupervised machine learning to address this problem 

is then presented and is demonstrated in the peer reviewed MODSIM 2019 conference paper. 

This has demonstrated that cluster analysis is a feasible approach and will be carried forward 

for the remainder of the thesis. 

Chapter 2 presents a focused literature review and survey of cluster analysis of infrared 

spectroscopy data. It summarises current practice in cluster analysis in the chemistry domain 

and contrasts those with common practice from the machine learning domain. The findings 

highlighted a lack of quantitative analysis and quantitative evaluation in current practices for 

cluster analysis of IR and NIR spectroscopy data. With this in mind, we propose an analysis 

model or workflow with techniques specifically suited for cluster analysis of IR and NIR 

spectroscopy data along with a pragmatic application strategy. 

Chapter 3 takes the novel concept from chapter 1 and the proposed analysis 

methodology from chapter 2 and applies them to three representative datasets of homemade 

explosive detonators employed in the Middle East. These datasets vary in the level of challenge 

presented. Chemometric pre-processing techniques and unsupervised cluster analysis 

algorithms are applied, along with quantitative metrics to evaluate the data’s tendency to 

cluster, predict the correct number of clusters, assess the quality of clustering, and compare 

the correctness of clustering against known labels. The results demonstrate this cluster analysis 

workflow is a feasible approach for identifying similarities between these homemade 

explosive devices based on chemical characteristics. However, the results also highlight some 
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of the limitations of unsupervised learning when applied to complex datasets with overlapping 

clusters. These results form a baseline to improve upon through refinement of techniques in 

later chapters. 

Chapter 4 addresses the problem of how to select an appropriate clustering algorithm 

for the given analytical purposes. Unlike most current literature which focuses on 

characterizing the clustering algorithm itself, we present a wider holistic approach, with a 

focus on the user’s needs, the data’s characteristics and the characteristics of the clusters it 

may contain. We present an analysis framework for selecting clustering algorithms which we 

validate on to two differing types of spectroscopy data: the three datasets of homemade 

explosives spectroscopy, and eight datasets of publicly available spectroscopy data covering 

food and biomedical applications.  

Chapter 5 aims to identify appropriate data preprocessing techniques to improve 

cluster analysis of IR spectroscopy data. We investigate the effect that fourteen common 

spectral preprocessing techniques have on cluster analysis outcomes. These preprocessing 

techniques are applied to the three homemade explosive spectroscopy datasets and seven 

spectroscopy datasets from the food science and biomedical domains. We present an effective 

visualization technique for understanding the effect each preprocessing technique is having on 

the clusters contained within the data. An ensemble of clustering algorithms is applied (to 

remove any bias from a single algorithm) and quantified clustering metrics are used to compare 

the clustering outcomes from each preprocessing technique. The analysis demonstrates that 

preprocessing provides significant benefits and may be essential in achieving meaningful 

outcomes from cluster analysis. 

Chapter 6 focuses on feature selection techniques to remove redundant or irrelevant 

features and reduce the dimensionality in order to improve cluster analysis outcomes. We 

present a novel feature selection technique for cluster analysis, utilizing clusterability metrics 

to remove features that least contribute to a dataset’s tendency to cluster. Two versions are 

presented and evaluated: The Hopkins clusterability filter which utilizes the Hopkins test for 

spatial randomness and the Dip clusterability filter which utilizes the Dip test for unimodality. 
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These new techniques, along with a range of existing filter and wrapper feature selection 

techniques were evaluated on eleven real-world spectroscopy datasets using internal and 

external clustering indices.  

Chapter 7 explores the hierarchy of the detonator FTIR spectroscopy datasets and 

assess the capabilities of the agglomerative hierarchical clustering algorithm at each level of 

the hierarchy. This can build our understanding of what level of chemical differentiation is 

achievable through the combination of FTIR spectroscopy and clustering analysis. 

This hierarchy is used to address the overall goal of our research in identifying 

relationships between homemade explosive samples that may enable relationships to be 

inferred about the bombmakers that made the homemade detonators in the analysed datasets.  

Chapter 8 focuses on data fusion techniques to incorporate multiple types of chemical 

testing into the cluster analysis. Analysis to date has extracted as much as we believe possible 

from cluster analysis from the FTIR spectroscopy data, so we now pursue improvements 

through identifying techniques to incorporate data from multiple tests. 

Chapter 9 concludes the thesis and provides suggestions for future works. 
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Chapter 2: Literature Review of Cluster 
Analysis of IR Spectroscopy 

In this chapter we present a focused literature review and survey of cluster analysis of 

infrared spectroscopy. It summarises current practice in cluster analysis in the chemistry 

domain and contrasts those with common practice from the machine learning domain. The 

findings highlighted a lack of quantitative analysis and evaluation in current practices for 

cluster analysis of IR and NIR spectroscopy data. With this in mind, we propose an analysis 

model or workflow with techniques specifically suited for cluster analysis of IR and NIR 

spectroscopy data along with a pragmatic application strategy. 

The following work is formatted as published in Computers, Materials and Continua: 

Crase, S., Hall, B., Thennadil, S. N. (2021). Cluster Analysis for IR and NIR Spectroscopy: 

Current Practices to Future Perspectives. CMC-Computers, Materials & Continua, 69(2), 

1945–1965. 
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Abstract: Supervised machine learning techniques have become well established in the study 

of spectroscopy data. However, the unsupervised learning technique of cluster analysis hasn’t 

reached the same level maturity in chemometric analysis. This paper surveys recent studies 

which apply cluster analysis to NIR and IR spectroscopy data. In addition, we summarize the 

current practices in cluster analysis of spectroscopy and contrast these with cluster analysis 

literature from the machine learning and pattern recognition domain. This includes practices 

in data pre-processing, feature extraction, clustering distance metrics, clustering algorithms 

and validation techniques. Special consideration is given to the specific characteristics of IR 

and NIR spectroscopy data which typically includes high dimensionality and relatively low 

sample size. The findings highlighted a lack of quantitative analysis and evaluation in current 

practices for cluster analysis of IR and NIR spectroscopy data. With this in mind, we propose 

an analysis model or workflow with techniques specifically suited for cluster analysis of IR 

and NIR spectroscopy data along with a pragmatic application strategy.  
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2.1 INTRODUCTION 

In the study of IR and NIR spectroscopy in the field of chemometrics, there is a well-

established range of multivariate analysis techniques based on machine learning that have 

proved well suited to the chemical spectroscopy data [1]. These mature techniques include the 

supervised learning techniques of partial least squares discriminate analysis (PLS-DA) and 

linear discriminant analysis (LDA) for classification, and calibration using partial least squares 

regression (PLSR). 

Cluster analysis is a technique that offers potential value for scenarios in the analysis of 

spectroscopy but has not reached the same level of maturity in its application to this domain. 

Cluster analysis is an unsupervised machine learning technique aimed at generating 

knowledge from unlabelled data [2]. While cluster analysis is commonly used for data 

exploration, there are other circumstances where it is valuable. These include applications 

when the class structure of the data is known to vary with time, or the cost of acquiring 

classified (labelled) samples might be too great, making obtaining the large data sets required 

for some supervised learning techniques infeasible [1]. The latter is often the case for data 

from spectroscopic chemical analysis. 

While cluster analysis is a well-established domain and widely used across diverse 

disciplines, it would be wrong to assume its application would be clear-cut and simply 

procedural. It is a highly subjective domain, with many potential techniques whose success 

will vary depending on the characteristics of the data and the purpose of the analysis. 

Clustering is very much a human construct, hence, mathematical definitions are challenging 

and even the definition of good clustering is subjective [3]. Fundamental challenges for cluster 

analysis include [4]:  

(1) What features should be used for clustering? 

(2) How is similarity defined and measured? 

(3) How many clusters are present? 

(4) Which clustering algorithms should be used? 

(5) Does the data actually have any clustering tendency? 
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(6) Are the discovered clusters valid? 

These challenges and the data specific characteristics of clustering contribute to the 

reason why there is no universal “best” clustering algorithm [5]. However, those challenges 

do not mean that there cannot be suggestions for a better practice for conducting cluster 

analysis on IR and NIR spectroscopy data.  

In this paper, we quantitatively survey 50 papers where cluster analysis is applied to IR 

and NIR spectroscopy data to understand current practice in this form of analysis. In reviewing 

the current approaches in clustering IR and NIR spectroscopy data, consideration and 

commentary is given to highlight potential issues in current practice.  

We also draw on more than 25 papers and texts we have cited from the machine learning 

associated domains to identify techniques that could contribute towards an improved future 

practice in cluster analysis of spectroscopy. Special consideration is given to two important 

characteristics of the spectroscopy data: 

(1) High Dimensionality: A large number of measurements are taken at intervals across a 

spectrum for each sample. From the data analysis perspective, these form the variables 

or features. Depending on the type of spectroscopy and the specifics of the 

instrumentation, the number of features is typically in the hundreds or thousands for 

each sample. In other cluster analysis literature [6], 50 dimensions is referred to as 

high dimension data, yet spectroscopy data is typically significantly higher dimension 

than that. Hence, this high dimensionality needs special consideration in determining 

analytical approaches. 

(2) Low sample size: Spectroscopy and the associated instrumentation are typically used 

in laboratory situations. Collecting and processing samples can be an expensive 

process from the perspective of cost, time, and expertise. Hence, the number of 

samples is often relatively small, particularly from a machine learning perspective. 

This precludes the use of some cutting-edge cluster analysis techniques such as 

clustering with deep neural networks (deep clustering).  
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These characteristics present unique challenges that focus and somewhat limit the 

techniques suitable for cluster analysis of spectroscopy data. Hence, this paper presents a novel 

perspective specific to the needs of cluster analysis in IR and NIR spectroscopy while drawing 

on strong practices from the machine learning community. This culminates in a proposed 

analysis model or workflow to assist practitioners in ensuring rigor and validity in their cluster 

analysis.  

2.2 METHODOLOGY 

An exhaustive review was conducted to collate 50 papers published between 2002 and 

2020 where a form of cluster analysis is applied to data from IR and NIR spectroscopy data. 

44 journal papers [7-50] and six peer reviewed conference papers [51-56] were surveyed. 38 

of the papers utilize FTIR spectroscopy (in the mid IR or IR band) and 15 of the papers utilize 

NIR spectroscopy.  

The papers surveyed cover a range of application domains including food and 

agriculture (30 papers) [7-9, 12-14, 16-18, 20-22, 24-26, 28, 34-37, 39, 41, 44, 45, 47, 48, 54], 

biomedical (15 papers) [10, 11, 15, 19, 24, 25, 30, 32, 38, 40, 42, 51-53, 56], industrial (3 

papers) [29, 43, 49], and forensics (3 papers) [23, 31, 55].  

The purpose of the majority of the papers is to demonstrate that an analytical testing 

technique, such as FTIR spectroscopy, paired with cluster analysis could discriminate between 

different classes of materials. Examples of these classes include cancerous and non-cancerous 

cells, provenancing of biological species such as tea varieties, fungi or bacteria, and 

contaminated materials such as counterfeit drugs or adulterated olive oil. Many of the papers 

subsequently extended this capability beyond cluster analysis through the application of other 

techniques such as supervised learning to develop classification models for classification of 

future unlabelled samples. Thirteen of the papers included comparison of multiple clustering 

techniques [14, 19, 26, 30-32, 35, 40, 41, 44, 51, 52, 56], with three papers presenting and 

evaluating a new clustering algorithm [19, 35, 41]. One paper presented an overview of 

spectral pre and post processing techniques and includes cluster analysis [10].  
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Several of the papers include analysis of additional types of analytical techniques such 

as Raman spectroscopy or gas chromatography-mass spectrometry (GC-MS), however, we 

will only include the NIR and IR aspects of those papers in this review.  

In reviewing the 50 surveyed papers to understand the current state of cluster analysis 

of IR and NIR spectroscopy data, we focus on the aspects of analysis that we consider 

important for successful cluster analysis. Firstly, the traditional chemometrics aspects of pre-

processing, feature selection, and principal component analysis are reviewed. Then the cluster 

analysis aspects are reviewed. In this part, we include techniques covering each of these 

aspects which are found in the classic and contemporary pattern recognition and machine 

learning literature but may not have been considered in the chemometrics literature. These 

include evaluating the data’s tendency to cluster, the similarity measure used for the clustering, 

the clustering algorithm itself, how the number of clusters were selected, and how the results 

were evaluated and quantified. For each aspect, justification for including this step in the 

analysis is presented and the potential pitfalls of not including it. This is then compared to the 

analysis within the surveyed papers to understand current practice and to highlight potential 

shortcomings.  

In reflecting on these findings, potential reasons for this current practice are discussed. 

Finally, a proposed analysis model or workflow is presented for clustering of NIR and IR 

spectroscopy data that aims to ensure rigor and validity for future practitioners conducting 

cluster analysis. 

2.3 SURVEY RESULTS AND DISCUSSION 

2.3.1 Pre-Processing and Feature Selection 

Initially, we review the early steps in the analysis process where traditional chemometric 

techniques are applied before the cluster analysis. The aim of these traditional chemometric 

analysis stages is to improve the suitability of the data for clustering, hence improving the 

clustering outcomes. These include data pre-processing, feature selection, and principal 

component analysis. While the primary focus of this paper is on the cluster analysis, these 
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traditional chemometric analysis components are crucial to the clustering outcomes and 

warrant investigation.  

Data Pre-Processing 

Data pre-processing methods are used to remove or reduce unwanted signals from data 

such as instrumental and experimental artefacts prior to cluster analysis. If not performed in 

the right way, pre-processing can also introduce or emphasize unwanted variation. Hence, 

proper pre-processing is a critical first step that directly influences the follow-on analysis in 

the workflow [57]. 

In reviewing the surveyed papers (summarized in Table 2.1), normalization (scaling and 

centring), baseline correction, vector normalization, Savitzky-Golay smoothing (with or 

without derivatives), and various forms of multiplicative scatter correction were commonly 

applied. However, there was no one technique that was applied to more than half the papers. 

There is no clear favoured technique within the chemometrics community that is applicable to 

all the datasets or applications.  

Table 2.1 Data Pre-processing Approach 

 

Lee, Liong and Jemain [58], in their review of contemporary data pre-processing 

practice for ATR-FTIR spectrum, highlight that careful justified selection of pre-processing 

practices is often ignored and hypothesize that users tend to follow conventional choices in 

literature or practices they are familiar with without supporting evidence. With this practice, 

researchers could potentially miss the most appropriate pre-processing methods for their 

Pre-processing Technique Instances 

Normalisation (Scale & Centre) [7, 10, 17, 18, 23, 28, 30, 38, 41, 49, 55] 12 
Baseline Correction [8, 17, 29, 34, 42, 44, 49, 53] 8 
Unit Area Normalisation [8] 1 
Vector Normalisation [10, 16, 20, 21, 24, 25, 27, 33, 37, 42, 50, 51, 53] 13 
Savitzky-Golay Smoothing [8-10, 12, 17, 20-22, 24-27, 30, 32, 33, 37-39, 46, 48, 51, 55] 22 
1st Derivative [8, 12, 16, 18, 21, 22, 24, 26, 27, 30, 37, 39, 44, 46, 50] 15 
2nd Derivative [12, 25, 32, 33, 39, 44, 46, 48, 50, 51, 55] 12 
Standard Normal Variate (SNV) [9, 12, 34, 38, 44] 5 
Multiplicative Scatter Correction (MSC) [9, 10, 12, 14, 39, 44, 49] 7 
Extended MSC (EMSC) [10, 22] 2 
RMieS-EMSC [10, 11] 2 
No Pre-processing [13, 15, 31, 35, 36, 40, 43, 45, 47, 51, 54, 56] 12 
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specific data. If multiple pre-processing techniques are evaluated, this allows identification of 

the optimum technique for the specific characteristics of the researcher’s dataset [58]. During 

our review of the surveyed cluster analysis papers, it was observed that it was rare to include 

the evaluation of multiple pre-processing techniques, include a reason for application of a 

particular technique, or even the justification for the use of one technique over another. Despite 

the challenges and workload associated with evaluating pre-processing, this is clearly an area 

where practice could be improved.  

It was also noted that 12 papers did not use any pre-processing and some explicitly 

stated that they were choosing to use no pre-processing, without giving a justified reason. This 

is generally discouraged as it forgoes the opportunity to correct the data for variations in 

equipment and measurement technique that may adversely impact the success of the later 

cluster analysis.  

Feature Selection 

Feature selection, also known as variable selection or variable reduction, refers to 

selection of the useful variable that convey the relevant information within the data, and 

removal of those that may include noise or non-valuable information. Within NIR and IR 

spectroscopy data, the wavenumbers (or wavelengths) are the variables (or features). Hence, 

feature selection works to remove wavenumbers containing irrelevant data or noise from the 

dataset. This works to reduce the dimensionality of the data and focus on the information of 

value. In one of the surveyed papers, Gierlinger, Schwanninger and Wimmer [48] found that 

feature selection was essential in their application and they were unable to achieve class 

separation (discrimination according to species) when analysing the full spectra.  

Table 2.2 Feature Selection Approach 

 

Feature Selection Approach Instances 

A priori knowledge [8, 9, 15, 16, 24, 26, 38, 41, 42, 45, 47, 52, 53, 55, 56] 15 
Visual Spectra Evaluation [13, 20-22, 27, 33, 37, 48, 54] 9 
Quantitative selection techniques [10, 12, 31, 41, 43, 48] 6 
Full Spectrum Used [7, 8, 11, 14, 17-19, 23, 25, 28-30, 32, 34-36, 39, 40, 44, 46, 48-51] 24 
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The summary of feature selection approaches from the 50 surveyed papers is shown in 

Table 2.2. Of some concern was that 24 papers conducted their analysis on the full IR or NIR 

spectrum data with no feature selection applied to reduce the number of variables. Some papers 

did this as part of a comparison to clustering performance when implementing variable 

selection, but many papers only conducted analysis on the full spectra. While this simplifies 

the analysis process, it misses an opportunity to improve the data for the cluster analysis.  

15 of the papers selected windows in the spectra based on a priori knowledge. This was 

typically knowledge of where in the spectra the “fingerprint” wavenumbers were to separate 

the spectra of materials they were investigating.  

Nine of the papers selected windows of the spectra through visual evaluation of labelled 

spectra to see at what wavenumbers there was the maximum separation between the different 

samples’ spectra.  

Only six of the papers used quantitative techniques for feature selection. One used a 

novel method based on an iterative variable elimination algorithm and a clustering quality 

index to select variables that maximize clustering quality [31]. Similarly, two of the papers 

used genetic algorithms as a computational heuristic search method to identify the 

wavenumbers to select to maximize the quality of the data [7, 10]. The remaining quantitative 

selection techniques used PCA [41], Wavelets [43], and maximum variance [48] metrics. Ten 

of the papers compared multiple feature selections to evaluate and identify those which were 

the most beneficial for their cluster analysis [7, 8, 13, 15, 27, 31, 39, 41, 43, 48].  

With only six papers using quantitative methods, this highlights an opportunity to 

exploit techniques from the machine learning research domain. Within the machine learning 

community, feature selection is a significant domain of research. However, it is predominantly 

focused on supervised learning techniques which may not be applicable to unsupervised 

cluster analysis. Hence, care must be taken when choosing techniques to implement. The 

challenges of unsupervised feature selection are well explained by Dy and Brodley [59] with 

potential unsupervised feature selection techniques presented by Covões and Hruschka [60], 

Boutsidis et al. [61], Dash and Liu [62], Cai et al. [63], and Tang and Liu [64]. Many of these 
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techniques are included in the review by Alelyani et al. [65] of feature selection for clustering, 

and in a 2019 review and evaluation of unsupervised feature selection techniques by Solorio-

Fernandez et al. [66]. Note however that these studies do not address the specific 

characteristics of spectroscopy data and either demonstrate techniques on relatively low 

dimensionality datasets [59, 66], or are focused on domains such as social media data where 

large sample sizes are common [64]. This means some of these techniques may not be suitable 

for the small sample sizes and high dimensionality data that is typical in spectroscopy. Hence, 

spectroscopy specific feature selection for cluster analysis is an area requiring further research. 

Principal Component Analysis (PCA) Usage 

PCA is one of the classic dimension reduction techniques of chemometrics and was 

used in the majority of the surveyed papers. Its dimension reducing capabilities can be used 

for multiple purposes. One particularly applicable to cluster analysis is to reduce the data to 

two or three principal components to enable visualization of the data points in two or three 

dimensions. This enables easy visualization of the clusters that form and visual validation of 

the clustering. As shown in Table 2.3, 21 of the papers surveyed utilized PCA for this purpose. 

This was the most common use of PCA within the surveyed papers. This visualization aspect 

of PCA was also used in the evaluation in the results of the cluster analysis where clusters 

were visualized and compared to known class labels to evaluate the level of success in the 

clustering. 

Table 2.3 Principal Component Analysis Usage 

 
 

 19 of the papers used PCA for its general dimension reducing capabilities. Applying 

PCA can dramatically reduce the number of dimensions in IR or NIR spectroscopy data while 

still retaining a high percentage of the information. This is effectively a form of feature 

extraction where the principal components from the PCA form the new variables. It was 

PCA Usage Instances 

None [8, 13, 15, 18, 21, 24, 30, 34, 36, 38, 40, 50, 52, 54, 56] 15 
Dimension Reduction [7, 9-12, 14, 16, 17, 23, 32, 33, 35, 45, 48, 49, 51, 53, 55] 19 
Visualization [12, 14, 16, 17, 19, 20, 22, 23, 25-29, 33, 35, 37, 39, 43-45, 55] 21 
Variable/Feature Selection [31, 32, 41] 3 
Outlier removal [45, 46] 2 

 



 

Chapter 2: Literature Review of Cluster Analysis of IR Spectroscopy 47 

commonly observed for the typical 3500 dimensions (variables) in FTIR data to be reduced to 

10 to 14 principal components while still retaining more than 99% of the original information. 

While this can speed analysis times and is an enabler for other analytical processes such as 

linear discriminant analysis, it is not clear from the works found in the literature whether 

dimension reduction using PCA leads to improved cluster analysis [67, 68].  

Of note, t-SNE (t-Distributed Stochastic Neighbor Embedding) [69] is an alternative 

dimension reduction and visualization technique which has been shown to produce better 

results than PCA [69-72]. While none of the papers reviewed used t-SNE in their cluster 

analysis, it could be worthwhile for practitioners to consider this technique. 

2.3.2 Cluster Analysis 

The cluster analysis techniques used in the 50 surveyed IR and NIR analysis papers are 

now evaluated. In the domain of cluster analysis, there are common steps documented across 

the cited machine learning references that are typically applied to ensure validity and 

confidence in the outcomes of the cluster analysis. These form the sections of the following 

review. 

Clustering Tendency 

As a starting point before any clustering is conducted, it is prudent to evaluate the data’s 

tendency to cluster (also referred to as clusterability). That is, the data exhibits a predisposition 

to cluster into natural groups [4]. The goal of clustering is to uncover real groupings within 

the data. However, clustering algorithms will divide data into any requested number of 

clusters, regardless of whether these clusters naturally exist in the data. Hence, evaluating the 

data’s clustering tendency is a valuable indicator that the follow-on cluster analysis will be 

valid, and the clusters are not purely random artefacts of the clustering process [6]. 

In reviewing the surveyed papers on cluster analysis of IR and NIR spectroscopy data, 

only one of the papers assessed their data’s clustering tendency. Zhang et al. [44] used the 

Hopkins statistic [73] to evaluate their data, finding it had a very low tendency to cluster, 

indicating that it does not contain natural clustering. This finding was supported when they 
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applied the DBSCAN clustering algorithm [74] and found no logical reasoning or 

commonality of features within the clusters it produced. 

Reasons for the lack of clustering tendency testing within the other papers may include 

the often simplistic and self-validating nature of the clustering that is being applied within 

many of the surveyed papers. Typically, the subjects being clustered were known groupings 

of materials such as different varieties of tea. Hence, clusterability may have been assumed 

and validated when cluster analysis delivered the expected results and correct clustering. 

To have high confidence in the results of the cluster analysis and remove the possibility 

of delivering correct results by random chance, we recommend that a clustering tendency test 

is conducted. As with most aspects of clustering, there are multiple potential tests for clustering 

tendency and their effectiveness can be influenced by the characteristics of the data. Common 

techniques include the Dip test [75], the Silverman test [76] and the Hopkins statistic [73]. The 

Dip test and Silverman test are based on clusterability via multimodality where the null 

hypothesis of unimodality indicates that the data does not have evidence of cluster structure 

and should not be clustered. The Hopkins statistic tests clusterability via spatial randomness 

where the null hypothesis is randomly distributed data that should not be clustered. In 

considering which technique to use, Adolfsson, Ackerman and Brownstein found that 

“methods relying on the Hopkins statistics or the Silverman tests may be preferred when small 

clusters are of interest, while techniques using the Dip test may be desired when the 

application calls for robustness to outliers.” [6]. These are typical considerations and 

differentiation factors for many aspects of clustering practice. 

Similarity Measures for Clustering 

Since the goal of clustering is to identify clusters of objects that are similar, some 

measure of similarity is required. The similarity measure defines how the similarity of two 

elements is calculated. Similarity measure may be also referred to as a distance measure, 

although similarity measures can include correlation-based metrics. 
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Table 2.4 Similarity measure usage 

 
 

Within the papers surveyed, Euclidean distance was the most common metric used for 

comparing similarity, followed by Pearson’s correlation coefficient. Many of the examples of 

Euclidean distance utilized squared Euclidean distance where the clustering algorithms use 

Sum of Squared Error (SSE), i.e. K-Means and Ward’s method Hierarchical Cluster Analysis. 

Thirteen papers did not describe the similarity measure used for their clustering. 

Clustering Algorithm Selection 

Numerous clustering algorithms have been proposed in the literature with new 

clustering algorithms continuing to appear. However, clustering algorithms can generally be 

divided into two forms; hierarchical and partitional [5]. They both work to minimize the 

within-cluster distances or maximize the between-cluster distances. Hierarchical techniques 

structure the data into a nested series of groups which can be displayed in the form of a 

dendrogram or a tree. Compared to hierarchical algorithms, partitional algorithms find all the 

clusters simultaneously and do not generate a hierarchical structure. Partitioning techniques 

include density-based, model-based, grid-based, and soft-computing methods [77]. 

In reviewing the clustering techniques used in the surveyed papers (Table 2.5), 

hierarchical cluster analysis was the most prominent with 38 instances. One potential reason 

for the extensive use of hierarchical clustering is due to it being well matched to the nature of 

the materials being tested. Biological samples such as the bacteria or plant varieties being 

tested in many of the surveyed papers form a natural hierarchy in their biological classification 

which may contain their species, genus and family. This allows for easy comparison to the 

dendrogram produced from hierarchical clustering and visual validation of the results. 

  

Chosen Measure Instances 

Euclidean Distance [9, 10, 14, 16, 17, 19-23, 25, 27, 31, 33, 37-42, 45, 47-49, 51-56] 30 
Pearson’s Correlation Coefficient [8, 13, 16, 24, 30, 32] 6 
Mahalanobis Distance [50, 55] 2 
Weighted inner product induced (fuzzy) distance [14] 1 
None Described [7, 11, 15, 18, 26, 28, 29, 34-36, 43, 44, 46] 13 
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Table 2.5 Clustering algorithm usage 

 
Variants of hierarchical clustering algorithms are differentiated by the rules they use to 

form the links between datapoints and hence, the clusters. Single link, complete link, average 

link and Ward’s method are four of the most popular [78] with Ward’s method being 

repeatedly demonstrated as the most effective [26, 30, 79] (in the context of those 

applications). Ward’s method was the most common technique used in the surveyed papers. 

We recommend that if alternative techniques to Ward’s method are being used, justification 

or a comparison should be included to explain their usage. Of note, six of the papers did not 

detail which linkage method was used. Defining the linkage method is crucial for hierarchical 

cluster analysis as different linkage types can deliver differing results. Not defining this 

impacts the reproducibility of the published results. 

The fuzzy clustering techniques of Fuzzy C Means, Allied Gustafson-Kessel, 

Possibilistic C-Means, Allied Fuzzy C-Means, Variable String Length Simulated Annealing, 

and Simulated Annealing Fuzzy Clustering were the next most common technique group. K-

Means clustering was also regularly applied to within the surveyed papers.  

Nine of the papers surveyed made comparisons between various clustering techniques. 

One paper reviewed the linkage techniques for hierarchical clustering, concluding that Ward’s 

Clustering Algorithm Instances 

Hierarchical Cluster Analysis (Ward's Method) [13, 15, 18, 20-22, 24-26, 33, 36, 37, 
46-50, 52, 54] 

19 

Hierarchical Cluster Analysis (Average Link) [8, 12, 26, 28, 38] 5 
Hierarchical Cluster Analysis (Single Link) [23, 26, 27] 3 
Hierarchical Cluster Analysis (Complete Link) [16, 26] 2 
Hierarchical Cluster Analysis (Weighted Average) [26] 1 
Hierarchical Cluster Analysis (Median Link) [26] 1 
Hierarchical Cluster Analysis (Centroid Link) [26] 1 
Hierarchical Cluster Analysis (Unspecified) [10, 17, 34, 45, 55, 56] 6 
K-Means [11, 30-32, 34, 39-42, 51-53, 55] 13 
K-Means Hybrid Particle Swarm [41] 1 
Fuzzy C Means [10, 14, 19, 30-32, 35, 43, 51, 53, 56] 11 
Allied Gustafson-Kessel [14] 1 
Gustafson–Kessel [35] 1 
Possibilistic C-Means [14, 35] 2 
Allied Fuzzy C-Means [14] 1 
Variable String Length Simulated Annealing [19] 1 
Simulated Annealing Fuzzy Clustering [19] 1 
Spectral Cross Correlation Analysis [10] 1 
DBSCAN [44] 1 
Principal Components Discriminant Function Analysis [7] 1 
Principal Component Analysis [29] 1 
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method gave the best results for their application [26]. Eight papers compared Hierarchical, 

K-Means and Fuzzy C Means clustering with one recommending hierarchical [30], one 

recommending K-Means [31], three recommending Fuzzy C Means [32, 51, 56] and three 

inconclusive [40, 52, 53] for their applications. Hence, no clear conclusion can be drawn as to 

a best general technique. Three papers [14, 19, 35] compared various means of fuzzy clustering 

but with no overlap between the fuzzy clustering variants they compare, no conclusions can 

be drawn. 

Based on these conflicting findings, it is clear that choosing a clustering algorithm for 

clustering IR and NIR spectroscopy data is not a simple decision. Yet, in reviewing the 

justifications provided in the papers for their choice of clustering algorithms (Table 2.6), 

twenty of the papers provided no justification for their choice of algorithm. A potential reason 

for the lack of justification is that many of the papers achieved satisfactory clustering with 

their chosen technique, negating the need for further investigation or evaluation. This is a 

pragmatic approach, although some explanation to the initial choice of algorithm would be of 

benefit to the reader. If satisfactory clustering is not achieved with the chosen algorithm, this 

then presents a strong driver for consideration and evaluation of alternative algorithms. 

Table 2.6 Justification for choosing a clustering algorithm 

 
 

In looking to techniques prominent in other machine learning domains, clustering using 

deep neural networks (deep clustering) is emerging in prominence. As surveyed by Min et al. 

[80], these techniques may seem attractive for clustering of spectroscopy due to their ability 

to deal with the sparseness associated with high dimensionality. However, the typically low 

relative sample size of spectroscopy data is unlikely to meet the needs of the deep neural 

networks which are best suited to ‘big data’ and caution should be used unless large datasets 

Justification Instances 

None [7, 9, 10, 13, 15-18, 20-29, 32, 34, 36, 39, 43, 45, 47-50, 54] 31 
To evaluate/compare [14, 19, 26, 30-32, 40, 41, 52, 53, 55, 56] 14 
Commonly used [11, 12, 42, 52] 4 
Best (no citation) [14, 33, 35, 46, 52, 53] 6 
Best (with citation) [40, 41] 2 
Suits data/purpose [8, 12, 30] 3 
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are available. Typically, the hierarchical clustering, k-means clustering, and fuzzy-C clustering 

as found in our survey are well suited to spectroscopy data, and evaluation of those techniques 

can highlight which is best suited to the specifics of the subject dataset. Alternatively, to 

address the variability between these clustering algorithms due to data characteristics, 

clustering ensemble techniques as described by Strehl and Ghosh [81] could be considered to 

fuse results from multiple clustering algorithms for robust clustering. 

Predicting the Number of Clusters 

One of the major challenges in cluster analysis is predicting the number of clusters (k) 

[4]. The input variables for clustering algorithms require an input that effects the number of 

clusters generated; either directly such as setting the k value for number of clusters the k-means 

algorithm, or indirectly such as setting the minimum density in a density-based algorithm 

which in turn effects the number of clusters. Hence, predicting the number of clusters correctly 

is important for correct and meaningful clustering and the associated analytical outcomes. 

Table 2.7 Method for selecting the number of clusters 

 
 

In reviewing the clustering techniques used within the 50 NIR and IR spectroscopy 

papers (Table 2.7), 30 of the papers did not even address the issue of predicting the number of 

clusters. It is assumed that these authors knew the number of classes of objects in their sample 

set (e.g. two for cancerous vs non-cancerous) and therefore felt it was not worth addressing. 

Similarly, 13 of the papers explicitly used a priori knowledge of their data set to manually set 

the number of clusters (e.g. knowledge that their data set contains 4 varieties of olive tree for 

olive-oil production). While this may have been sufficient for the purposes of their research 

(typically, that IR or NIR testing and clustering can correctly separate or differentiate 

samples), it can be limiting in the scope of their findings and the confidence in what can be 

drawn from their findings. To highlight this, if a random subset of their data was analysed 

Method Instances 

Not addressed [8-10, 12-18, 20-22, 24-31, 36, 44, 47, 49, 53-56] 30 
A priori knowledge [7, 23, 33, 35, 37-43, 46, 48] 13 
Manual adjustment and judgement (Qualitative) [11, 50-52] 4 
Quantitative Analysis [19, 32, 34] 3 
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which happened to contain less classes of materials than the original set, using the original 

value of k clusters would result in incorrect clustering. A better practice would be to include a 

quantified prediction of the number of clusters as part of the analysis workflow. Being able to 

correctly predict the number of clusters (against a known value of k) is a good indicator of 

clearly separated clusters and provides confidence in the validity of the cluster analysis 

performed in the study. 

Of the remaining seven papers surveyed, four used qualitative analysis and three used a 

quantitative analysis to predict the number of clusters. The qualitative analysis papers 

visualized the clustering results for various values of k and used the analyst’s subjective 

judgement as to which produced the better clustering. This is particularly common for IR 

spectroscopic imaging applications. Since clustering is a very human centric concept and good 

clustering is somewhat subjective (particularly for FTIR imaging), this is a valid approach. 

However, quantitative approaches are preferred to minimize that subjectivity. 

Three common quantitative techniques for predicting the number of clusters include the 

“Elbow” method, the Gap Statistic, and the use of internal cluster validation indices (such as 

the Silhouette score method). 

In the elbow method, the total within-cluster sum-of-squares variation is calculated and 

plotted versus different values of k (i.e. k=1..10). Where the slope of the plot changes from 

steep to shallow (an elbow) is the predicted number of clusters. While this method is simple, 

it can be inexact and sometimes ambiguous. The elbow method was used in one of the 

reviewed papers [34]. 

The Gap Statistic method aims at providing a statistical procedure to formalize the 

heuristic of the elbow method [82]. The gap statistic compares the total within within-cluster 

sum-of-squares variation for different values of k with their expected values under null 

reference distribution of the data. The estimate of the optimal number of clusters will be the 

value that maximize the gap statistic. This means that the resulting clustering structure is far 

away from the random uniform distribution of points. 
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A third technique to predict the number of clusters is through the use of internal cluster 

validation indices. This was the quantitative approach used in two of the reviewed papers (i.e. 

Xie-Beni cluster validity measure for fuzzy clustering [56] and Silhouette score for K-Means 

clustering [32]). Internal cluster validation indices calculate the “goodness” of clustering 

which is typically based on the tightness of the clusters and separation between clusters. One 

of the most common indices is the Silhouette score. The Silhouette score is calculated using 

the mean intra-cluster distance (a) and the mean nearest-cluster distance (b) for each sample 

[83]. The Silhouette score for a sample i is 

𝑠(𝑖) =
( ) ( )

{ ( ), ( )}
      (2.1) 

The overall Silhouette score for a set of i datapoints is then the mean of the individual 

Silhouette scores. To use this to determine the correct number of clusters, the Silhouette score 

is calculated for varying numbers of k (i.e. k=1..10). The number of clusters k that produces 

the highest Silhouette score infers that it is the best resulting clustering and that is the correct 

number of clusters. 

Cluster Evaluation and Validation 

Since cluster analysis is an unsupervised learning task, it can be challenging to validate 

the goodness of the clustering and gain confidence in the clustering results [84]. Cluster 

validation is the formal process that evaluates the results of the cluster analysis in a quantitative 

and objective fashion [4].  

There are two main types of validity criteria that can be applied: internal, and external. 

External validation measures use data external to the data used for clustering. This external 

data is typically in the form of ‘true labels’ such as classification labels used to evaluate the 

clustering. Internal measures evaluate the goodness of cluster structure without external labels 

to judge how good the clustering is and if the clustering is valid.  

External validation was the dominant approach used in the reviewed papers, and it fits 

the purpose of the majority of papers: demonstrating that IR or NIR testing can correctly 

separate samples into classes where true labels for the samples are known. As summarized in 
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Table 2.8external validation approaches used included comparing true labels to the clustering 

labels in cluster plots, dendrograms, biomedical images, and numerical tables. When the 

clustering algorithm correctly separates the samples into clusters that perfectly match the true 

labels, then validation becomes a largely trivial task, as was the case for most of the papers.  

Table 2.8 Method of Validating Clustering Results 

 
 

When clustering is only partially correct, the task of measuring this level of correctness 

is less trivial. Concerningly, five of the papers reported their results as a “percentage correct” 

against known labels. This is a notion that does not match the concept of clustering. The 

labelling generated from cluster analysis (unsupervised learning) are symbolic and based on 

similarity, so directly matching them to classification labels ignores a correspondence problem 

[81]. To highlight this, an example is considered where data points from one class are spread 

across two clusters: Are the points in one cluster correct and the other incorrect to provide a 

percentage? and which is the true correct cluster? Or are they all incorrect? This highlights 

why external validation indices are required which employ notions such as homogeneity, 

completeness, purity and alike.  

As with most aspects of clustering, there are many potential validation indices that have 

been proposed. Desgraupes [85] details 38 different internal and external evaluation indices 

and Xiong and Li review sixteen of them [84]. Two of the most common external indices are 

the V-measure [86] and the Adjusted Rand Index [87]. 

The V-measure or ‘Validity measure’ is the harmonic mean between the homogeneity 

(h) and completeness (c) of clusters. i.e.  

𝑉 =
( )∗ ∗

( ∗ )
     (2.2) 

Validation Method Instances 

Cluster plot visual comparison against true labels [7, 12, 16, 17, 26, 28, 29, 33, 34, 39, 43, 44] 12 

Dendrogram comparison against true labels [8, 13, 16-18, 20-22, 24, 25, 27, 28, 33, 36, 46-48, 50, 54, 55] 22 

Image visual comparison against true labels [11, 15, 30, 32, 51] 6 
Table comparison against true labels [49, 53, 56] 3 
% Correct against true labels [9, 14, 33, 41, 43] 5 

Quality Metric (SI, Xie-Beni, etc.) [19, 21, 23, 31, 40] 5 

 



 

56 Chapter 2: Literature Review of Cluster Analysis of IR Spectroscopy 

where a 𝛽 value of 1 is used to place equal importance on homogeneity and 

completeness. The result is a score between 0.0 and 1.0 where 1.0 represents perfectly correct 

labelling. 

 The Adjusted Rand Index (ARI) [87] is a corrected-for-chance version of the Rand 

Index [88] which determines the similarity between two partitions as a function of positive 

and negative agreements in pairwise cluster assignments. As described in [89]: Given a 

partition U and a reference partition V, in Eq. (3), (a) accounts for the total number of object 

pairs belonging to the same cluster in both U and V; (b) represents the total number of object 

pairs in the same cluster in U and in different clusters in V; (c) is the total number of object 

pairs that are in different clusters in U and in the same cluster in V; and (d) is the total number 

of object pairs that are in different clusters in both U and V. 

𝐴𝑅𝐼 =
 
(   )(   )

( )
(   )(   ) (   )(   )

(       )

            (2.3) 

Internal cluster validation is used where the true labels are not known for evaluation or 

there is a desire to compare the quality of clustering generated by different clustering 

techniques [90]. Two common internal validation indices are the previously described 

Silhouette score (also called Silhouette index or SI) for traditional clustering, and the Xie-Beni 

index (XB) for fuzzy clustering techniques. In the papers reviewed, there was one instance of 

the use of SI when evaluating which selected wavenumbers resulted in the best quality 

clustering [31], and one use of XB where it was used to compare the quality of clustering from 

various fuzzy clustering algorithms [19]. 

2.3.3 Reflection on Findings 

In reflecting on the findings, we will primarily focus on the clustering aspects of the 

analysis presented in the surveyed papers. Here, shortcomings were observed (as previously 

highlighted) that may indicate a lack of familiarity with some of the complexities of clustering 

practice by some researchers using spectroscopy. These indicators include a lack of clarity in 

the explanation of the cluster analysis process, missing details such as the type of linkage used 

in hierarchical cluster analysis or the distance metric used, and cluster validation indices not 
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being used for validation. This uncommonness of cluster validation indices is a significant 

difference to literature from the machine learning domain where quantified cluster analysis is 

more prominent. 

This is not unexpected as while clustering is certainly not a new field, it is one with 

challenges, complexities, uncertainties and ambiguities that may not be appreciated by 

researchers where cluster analysis is not their primary area of research. There is limited 

conclusive literature available on clustering of spectroscopy data to support practitioners and 

the choice of best techniques can be dependent on the specific characteristics of the data being 

analysed.  

An additional potential contributor to the observed shortcomings is the chemometric 

software that is commonly used in association with IR or NIR data analysis. Many 

practitioners look for off-the-shelf solutions for their chemometric analysis [91] as was seen 

in our survey. Software packages such as OPUS (Bruker), Unscrambler (Camo) and PLS 

Toolbox are now including the capability to do cluster analysis such as hierarchical clustering 

or k-means. Hence this capability is becoming available to many users who use this software 

for chemometric analysis. However, the clustering capabilities in these software packages are 

currently limited to a small set of clustering algorithms and are missing the quantitative 

evaluation components such as tendency to cluster metrics, techniques for predicting of the 

number of clusters, or internal and external validation indices. These quantitative metrics 

remain niche analytical capabilities which are typically conducted with code developed in 

MATLAB, R or python. 

Finally, the applications where clustering is being applied was simplistic in many of the 

surveyed papers. In an example where the aim of the research is to demonstrate IR or NIR 

spectroscopy can separate samples into k known classes, then cluster analysis was used with 

the number of clusters set to k and evaluation was done manually against the known labels. 

Hence, the use quantitative clustering metrics was not essential. While this cluster analysis 

does meet the researcher’s goals and demonstrates the capability of IR or NIR spectroscopy in 

that instance, the limitations of that simplistic analysis are not made explicit. E.g. Without 
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predicting the number of clusters k, then the analysis is only valid for that number of classes 

and the findings cannot be assumed valid for a subset of that data where the number of classes 

may differ. 

2.4 A PROPOSED ANALYSIS MODEL 

In order to add rigor to future cluster analysis conducted on IR and NIR spectroscopy 

data, an analysis model or workflow is now proposed. As presented in Figure 2.1, the analysis 

model consists of four stages: (1) IR or NIR measurements of samples, (2) early stages of the 

traditional chemometric process to improve the data, (3) cluster analysis utilizing quantified 

metrics or indices to support analysis decision making, and (4) evaluation and validation of 

the clustering utilizing appropriate qualitative or quantitative techniques. Core to the 

application of each stage is the use of clustering indices to enable quantified evaluation and 

selection of appropriate techniques. Details of these techniques have been included earlier 

when reviewing current practice within the surveyed papers. 
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Figure 2.1 A proposed analysis model for cluster analysis of NIR and IR spectroscopy data 

At this point, it is worth discussing the depth of analysis conducted at each stage of this 

analysis model. If full quantitative analysis and evaluation is conducted at each stage of the 

workflow, it could become a substantial and time-consuming package of analysis. i.e. 

application and evaluation of multiple pre-processing techniques, application and evaluation 

of multiple variable or feature selection techniques, PCA analysis, testing for tendency to 

cluster, application and evaluation of multiple similarity measures, application and evaluation 

of multiple clustering algorithms, application of quantitative clustering indices to predict the 
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number of clusters, and application of clustering indices to evaluate the final results of the 

cluster analysis. 

A pragmatic approach is suggested. Consideration should be given to the purpose of the 

analysis and its importance, i.e. early exploratory analysis may not warrant as much effort 

compared to a conclusive demonstration of a cancer detection technique aimed at wide spread 

publication. Similarly, consideration should be given to the data itself and the challenge it 

presents to cluster analysis. If the data can be visually seen to be well separated and sufficiently 

accurate clustering can be easily achieved, then it may not warrant the evaluation of multiple 

techniques to achieve improved data and clustering characteristics.  

A streamlined approach may be to select common or familiar approaches for data pre-

processing, variable selection, similarity measure, and clustering algorithm and then evaluate 

the results. If sufficiently accurate clustering is achieved with these selected approaches, it 

may not warrant refinement and evaluation in these areas. It is however recommended that 

clustering tendency is tested, and the number of clusters is predicted as these are valuable 

indicators in the confidence of the clustering results and its applicability. Additionally, if this 

streamlined approach is pursued, we encourage the analysts and authors to be explicit about 

this approach when publishing their results and to detail why those decisions were made. 

If sufficiently accurate clustering is not achieved utilizing this streamlined approach, 

then that is a driver for more detailed analysis and evaluation at each of the stages of the 

analysis model with the final clustering indices scores as the metric against which results can 

be assessed. Similarly, if true labelled data is not available for evaluating the results of the 

cluster analysis, internal clustering indices will be the metric used for assessing the outcome 

of the overall analysis.  

Of note, this potentially significant volume of analysis will have the most burden the 

first time the analysis model is implemented. If the workflow can be implemented in an 

analysis environment such as MATLAB, R or python, the time required for subsequent 

applications of this analysis model will be significantly less. Hence, if practitioners regularly 

intend to conduct cluster analysis and desire to have a rigorous methodology that delivers 
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quantifiable results, establishing an extensive workflow with multiple stages of evaluation is 

likely to be worthwhile. 

2.5 CONCLUDING REMARKS 

We have surveyed and reviewed 50 papers from 2002 to 2020 which apply cluster 

analysis to IR and NIR spectroscopy data. The analysis process used in these papers was 

compared to extensive literature from the machine learning domain. The findings highlighted 

a lack of quantitative analysis and evaluation in the NIR and IR cluster analysis. Of specific 

concern were a lack of testing for the data’s tendency to cluster and prediction of the number 

of clusters. These are key tests that can provide increased rigor and confidence, and widen the 

applicability of the cluster analysis 

In a bid to improve on current practice and support researchers conducting cluster 

analysis on IR and NIR spectroscopy data, an analysis model has been presented to highlight 

potential future perspectives for the cluster analysis. The proposed analysis model or workflow 

incorporates quantitative techniques drawn from machine learning literature to provide rigor 

and ensure validity of the clustering outcomes when analysing IR and NIR spectroscopy data. 
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Chapter 3: Quantified Cluster Analysis of 
Homemade Explosives FTIR 
Spectroscopy 

We now take the novel concept from chapter 1 and the proposed analysis methodology 

from chapter 2 and apply them to three representative datasets of homemade explosive 

detonators employed in the Middle East. These datasets vary in the level of challenge 

presented. Chemometric pre-processing techniques and unsupervised cluster analysis 

algorithms are applied, along with quantitative metrics to evaluate the data’s tendency to 

cluster, predict the correct number of clusters, assess the quality of clustering, and compare 

the correctness of clustering against known labels. Our use of quantified cluster analysis 

metrics from the machine learning domain addresses a gap in current literature on clustering 

spectroscopy data where simpler visual cluster verification techniques are commonly 

employed. The results demonstrate this quantified cluster analysis workflow is a feasible 

approach for identifying similarities between these homemade explosive devices based on 

chemical characteristics. However, the results also highlight some of the limitations of 

unsupervised learning when applied to complex datasets with overlapping clusters. These 

results form a baseline to improve upon through refinement of techniques in later chapters. 
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Abstract 

Improvised explosive devices and the terrorist networks that employ them pose a threat in many world regions. An 

essential task towards disrupting these networks is identifying the relationships and linkages between the 

individuals in these terrorist network. We explore the novel concept of applying machine learning to analyse 

chemical test results from homemade explosives, with the aim of identifying matches and relationships between 

the explosives and their makers. However, the undefined and evolving nature of homemade explosive ingredients 

makes training supervised machine learning algorithms infeasible. Hence, we propose the novel use of 

unsupervised machine learning techniques and present an analysis workflow tailored for the automated quantified 

cluster analysis of Fourier transform infrared (FTIR) spectroscopy datasets. Three representative datasets of 

homemade explosives from the Middle East are analysed. Chemometric pre-processing techniques and 

unsupervised cluster analysis algorithms are applied in our workflow, along with quantitative metrics to evaluate 

the data’s tendency to cluster, predict the correct number of clusters, assess the quality of clustering, and compare 

the correctness of clustering against known labels. The results demonstrate this cluster analysis workflow is a 

feasible approach for identifying similarities between the homemade explosives. This could infer links between the 

devices and their makers. However, the results also highlight some of the limitations of unsupervised learning when 

applied to complex datasets with overlapping clusters. Supervised machine learning algorithms are also applied, 

resulting in improved outcomes on complex datasets. This highlighted the trade-off between the adaptability of 

unsupervised learning versus the accuracy of supervised learning approaches. 

Index Terms: Chemical analysis, clustering methods, explosives, Fourier transform infrared spectroscopy (FTIR), 

machine learning, pattern recognition, unsupervised learning
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3.1 INTRODUCTION 

Improvised Explosive Devices (IEDs) are explosive devices that are made or used in 

non-conventional ways. Hence, they are termed improvised. They incorporate destructive, 

lethal, energetic materials designed to destroy and incapacitate. While not a new threat, the 

prominence of IEDs and the terrorist networks that utilize them has grown in recent decades 

to pose a significant threat to military and civilian communities. Extensive work has been done 

in countering IEDs with the aim of protecting forces from IEDs and defeating the threat. 

However, their defeat remains an ongoing challenge due to their diversity and the constant 

innovation of bombmakers to mitigate the counter IED efforts employed.  

One significant line of effort is countering the individual people involved in terrorist 

networks that utilize IEDs. The US Joint Improvised Threat Defeat Organization [1] states 

“Lessons learned have shown the importance of taking a wider look than just the device itself 

to the entire realm of improvised threats as we see and sense who makes and employs them, 

and how.” 

In analysing this terrorist network problem, one key point that was identified is the fact 

that the improvised nature of IEDs introduces characteristics that are unique to each 

bombmaker. Improvised devices are made by individuals and as such, their construction, 

components and characteristics vary based on the maker. They are predominantly homemade 

using commercial precursors such as fertilizers, household chemicals, or industrial chemicals 

and materials [2]. In doing so, the bombmakers traits and differences are imparted onto the 

homemade explosives. As bombmakers come and go, the recipes, materials, and techniques 

used will also change over time. Assuming that a bombmaker will regularly make IEDs in the 

same way (such as how they have been trained), there is the opportunity to identify matching 

IEDs that have been made by the same maker. Hence, creating links between a person and 

multiple IEDs or attacks. People-to-people network links may also be generated if common 

characteristics can be identified between bombmakers such as common recipes, ingredients, 

or techniques. This may indicate a relationship or network link between bombmakers where 

they may have been trained together, are sharing knowledge, or using the same materials 
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supplier. While this analysis will not reveal a complete network, it could identify invaluable 

individual links that may not be obtainable from other forms of intelligence and can contribute 

to the wider understanding of a threat network. 

3.1.1 Chemical matching of homemade explosives 

Since similarities in recipes and ingredients will lead to similarities in the chemical 

characteristics of the collected explosives (energetic materials), chemical analysis could 

provide information on whether the IED was made by one or a group of related bombmakers. 

Research has demonstrated that laboratory based chemical testing techniques could allow 

matching of samples on a one-to-one basis [3]. However, the demonstrated approach and the 

associated analysis was labour intensive and time consuming, making it infeasible when a 

large number of samples need to be analysed. Thus, an automated analysis system that utilizes 

instruments that provide relatively fast measurements and capture appropriate chemical 

information is required to address these issues. Spectroscopic techniques such as Infrared and 

Raman spectroscopy are potential candidates for collecting data from explosives samples as 

the spectra from these techniques are rich in chemical information, describe the overall 

signature of a sample, and have relatively short measurement times. Machine learning 

techniques can then be used to process the data generated to identify groups of samples with 

similar characteristics. 

3.1.2 Opportunities for machine learning 

There has been significant growth in the application of machine learning to chemical 

data analysis (chemometrics) in recent decades [4]. The dominant machine learning 

applications are classification of chemical samples or prediction of chemical concentrations 

via regression. These are supervised learning techniques where the materials of interest are 

known, and a defined library or training dataset with labels is available for training the model.  

Similarly, the available literature on machine learning applied to explosives samples is 

primarily focused on classification of samples as being explosive in nature and classifying 

what type of explosive a sample is [5, 6]. This is not unexpected due to the demand for 
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explosives detection for security applications such as screening and testing for explosives at 

locations like airport baggage checks. The machine learning techniques utilised include partial 

least-squares discriminant analysis (PLS-DA) [7, 8], soft independent modelling of class 

analogy (SIMCA) [7], artificial neural networks (ANN) [5, 6, 9], density based classifiers [6], 

k-nearest neighbors (kNN) [10] and support vector machines (SVM) [6, 10, 11].  

Note that within all of these studies, a library of only 4 or 5 explosives was typically 

used for classification and these libraries simply matched for the broad ‘family’ of explosive. 

None of the literature identified has addressed the use of machine learning to precisely match 

explosive samples to each other, and none of the applications specifically focused on 

homemade explosives (and the wide variety of potential secondary ingredients that may 

differentiate batches of homemade explosives). 

As shown, the IED sample matching problem is different to the existing applications of 

machine learning on explosives. The nature and the number of underlying classes (number of 

unique recipes) in the dataset is not known for homemade explosives. Furthermore, this 

number can change with time as new bombmakers or groups of bombmakers with distinct 

recipes come into existence. Thus, there are no labels available to train the classification 

algorithm. Hence, we propose the use of the unsupervised machine learning technique of 

cluster analysis. 

Cluster analysis algorithms utilize optimization techniques to identify the best 

groupings of the datapoints (clusters) through objectives such as minimizing the sum of 

squared error in the resulting clustering [12]. In order to automate such analysis, a quantitative 

measure to objectively determine the number of clusters present in the data is required, and to 

quantitatively evaluate the clustering outcomes. While such measures have been proposed and 

used in the machine learning literature, this quantified approach is surprisingly rare in the field 

of spectroscopy where visual inspection is more prominent for selecting the number of classes 

or evaluating results [13]. This visual manual evaluation is typically in the form of cluster plots 

for visual comparison against true labels or dendrogram comparison against true labels. 
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Therefore, there is a gap in the spectroscopy literature in quantified cluster analysis of 

spectroscopy datasets without defined labels.  

3.1.3 Contribution 

In this paper, we propose and investigate a novel approach for identifying underlying 

chemical similarities of IEDs using Fourier transform infrared (FTIR) spectroscopy 

measurements. This is the first step towards identifying links within a bombmaker network 

[14]. We use clustering algorithms and quantitative measures that allow for objective 

evaluation of the clustering tendency of the data, the identification of the number of clusters 

present in the dataset, and obtaining measures of confidence in the clustering results. 

Specifically, the potential of this cluster analysis approach is investigated by considering FTIR 

measurements of three components of homemade explosive detonators. As a starting point to 

demonstrating the feasibility of our approach, clustering algorithms need to be able to generate 

the same clusters as a set of known labels generated from laboratory testing of the explosive 

samples. Thus, a data set comprising of well characterized explosive detonator samples is used 

to evaluate clustering performance. The impact of pre-processing of spectra on the clustering 

of the data is also evaluated. Furthermore, supervised machine learning (classification) 

techniques are also applied to the datasets to evaluate the trade-off between the adaptability of 

unsupervised machine learning versus the accuracy of supervised machine learning. 

In summary, the following are the key contributions from this paper: 

 A novel concept for identifying relationships between bombmakers and homemade 

explosives to assist with disrupting terrorist networks. 

 An analysis workflow (or analysis algorithm) tailored for the automated quantified cluster 

analysis of FTIR spectroscopy (demonstrated on three datasets of homemade explosives) 

and demonstration that a clear analytical approach for cluster analysis is valuable. 

 Quantification of cluster analysis performance on FTIR spectroscopy data from explosive 

samples. 
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 An evaluation of the benefits of spectral data pre-processing in improving clustering of 

FTIR spectroscopy data. Specifically, the extended multiplicative signal correction 

technique (EMSC). 

 Demonstration of the performance differences and trade-offs between the adaptability of 

unsupervised learning versus the accuracy of supervised learning approaches for 

spectroscopy of homemade explosives. 

3.2 EXPERIMENTAL DATA 

The explosive samples used in this study are representative samples of the homemade 

explosive detonators used in 72 IEDs from the Middle East. Detonators are a small explosive 

device used to detonate the larger main explosive in an IED. The function of a detonator is to 

accept a command impulse (e.g. electrical current) and progressively amplify this through a 

sequence of different energetic materials into an explosive shock delivered to a main explosive 

charge. 

A schematic diagram of a typical detonator is shown in Figure 3.1. The command 

impulse represents the trigger mechanism requisite for the initial functioning of the device. 

This is connected to an exposed globe filament which is packed into the ‘first fire’ energetic. 

The first fire energetic is typically thermally sensitive, which upon initiation passes a shock to 

the ‘transition’ energetic. The transition material is typically a primary explosive which 

produces an enhanced shockwave sufficient to initiate the ‘output’ energetic. The output 

energetic is a secondary explosive that produces a larger shockwave sufficient to initiate a 

main charge. The detonators used in this study consists of these three stages of explosives of 

varying chemistries, hence presenting three data sets for comparison. 

 
 
 
 

 
 
 

Figure 3.1 Explosive Detonator Structure. Data from the First Fire energetic, Transition energetic, 
and Output energetic are used in this analysis. 
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FTIR spectroscopy data from each of the three stages of the detonators has been 

analysed. While FTIR testing is not the most sophisticated or advanced form of testing, it is 

one of the most widely used techniques due to its speed and relative ease of acquiring the 

measurements. Hence, demonstrating that our analysis technique can work on FTIR 

spectroscopy data is valuable as it would enable widespread adoption.  

The FTIR measurements were acquired using a Perkin Elmer Spectrum 400 Fourier 

Transform-Infrared (FTIR)/ Fourier Transform-Near Infrared (FT-NIR) spectrometer. This 

instrument utilizes an attenuated total reflectance (ATR) configuration. The equipment 

conducts four scans of a sample, the background is automatically subtracted, and the resultant 

spectrum displayed. This covers the infrared frequency range of 650-4000cm-1 at a resolution 

of 2 cm-1. Each resulting spectrum consists of 3350 wavenumbers (dimensions). The resulting 

spectra were then analysed by chemists (explosives specialists) and compared against known 

explosives spectra to generate labels for each of the spectra. An example of the different 

labelling is shown through the colour differences in the spectra in Figure 3.2. 

 

Figure 3.2 FTIR spectra for 69 explosive samples from the transition energetic stage of the 
detonators. 

The first fire energetic samples were found to contain hexamethylene triperoxide 

diamine (HMTD), lead azide, potassium chlorate (PC), or potassium perchlorate (PPC). 

Homemade explosives often contain secondary ingredients or “fuels” to enhance the 

effectiveness of the explosives. Due to the wide variety of potential ingredients as fuels, 

sometimes these ingredients are observed in the FTIR spectra but they cannot be identified 
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(named). Some of the potassium chlorate samples were found to contain some of these 

additional fuels that could not be identified. Hence, these were labelled PC + Unknown Fuel 

A and PC + Unknown Fuel B. Similarly, some of the potassium perchlorate samples were 

found to contain an additional unidentified fuel and were labelled PPC + Unknown Fuel C.  

The transition energetic samples were found to contain ASA (a lead azide, lead 

styphnate and aluminium mix), dextrinited lead azide, hexamethylene triperoxide diamine 

(HMTD), lead azide, and mercury fulminate.  

The output energetic samples were found to contain pentaerythritol tetranitrate (PETN), 

picric acid, RDX, tetryl, or potassium chlorate (PC). 

These ‘true labels’ are used for evaluation of our analysis methodology. However, these 

known labels are typically not available for the intended future application of this research in 

analysing recovered IEDs. Hence, it is up to the clustering algorithms and analysis process to 

identify matching spectra. 

3.3 METHODOLOGY 

In developing an analysis methodology, cluster analysis techniques from machine 

learning literature are utilized and applied to the domain of spectroscopy in combination with 

classic spectroscopy pre-processing techniques.  

A flowchart depicting the steps in this analysis workflow is presented in Figure 3.3 and 

is summarized as follows: The input spectral data undergoes pre-processing to improve the 

quality of the data and dimension reduction is applied if needed. The pre-processed data is 

then checked for its clustering tendency using the Hopkins test [15]. A high Hopkins score 

indicates that clusters exist in the data in which case cluster analysis is carried out. To 

determine the number of clusters in the data, the clustering algorithm is applied by assuming 

2…n clusters in the data and an internal cluster validation index such as the Silhouette index 

[16] is calculated for each case. The number of clusters which gives the highest Silhouette 

score is chosen as the appropriate number for the data set and the clusters obtained for this 

case is selected as the best estimate of clusters in the dataset. Principal component analysis 
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(PCA) can be used for two-dimensional visualisation of the resultant clusters. If labels are 

available, the effectiveness of the clustering can then be evaluated using an external cluster 

validation index such as the V-measure [17]. Specific details of the steps in the analysis 

workflow are explained in the subsequent sub-sections. 

 

Figure 3.3 Analysis workflow for quantified cluster analysis of FTIR spectroscopy data. 
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3.3.1 Data pre-processing 

Spectral data pre-processing is a critical first step that directly influences the follow-on 

analysis in the workflow [18]. Data pre-processing can help in removing or reducing unwanted 

signals from data such as instrumental and experimental artefacts prior to cluster analysis.  

For our application, extended multiplicative signal correction (EMSC) was selected. 

Originally proposed by Martens and Stark [19], EMSC has been shown to be a reliable tool to 

correct for additive baseline effects, multiplicative scaling effects, and interference effects 

[20], often giving superior results to other pre-processing techniques [21-23]. EMSC includes 

calculations and corrections for constant offset, the gradient of the sloping baseline, 

interference effects, and a multiplicative scaling factor from reference signal [22]. In our study, 

the mean of all the spectra within a dataset was taken as the reference signal. 

PCA is also commonly used in pre-processing FTIR spectroscopy for dimension 

reduction. However, it is not clear from the works found in literature whether dimension 

reduction using PCA leads to improved cluster analysis [24, 25]. In our application, cluster 

analysis was applied to datasets with and without PCA applied. This resulted in no discernible 

differences in clustering outcomes with no datapoints changing their assigned clusters (and no 

change in external validity indices such as the V-measure score). Hence, our final results 

presented are for clustering analysis of the full dimensionality data sets. 

PCA is still valuable in cluster analysis for its ability to reduce the dimension of the data 

to two dimensions to allow for easy visualization of the cluster analysis results. This was 

utilized for visualizing our results in two-dimensions on a PCA score plot, as seen in figures 

4, 5, 8 and 10. T-distributed stochastic neighbor embedding (t-SNE) [26] is an alternate 

method suitable for two dimensional cluster visualisation. 

3.3.2 Quantified cluster analysis 

In the domain of cluster analysis, there are common steps documented in machine 

learning, cluster analysis and pattern recognition literature that are typically applied to ensure 

validity and confidence in the outcomes of the cluster analysis [27-37]. These form the cluster 
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analysis sections of the workflow. As previously noted, these are atypical in the cluster 

analysis of FTIR spectroscopy where unquantified visual verification is more common [13]. 

Clustering tendency 

As a starting point before any clustering is conducted, it is prudent to evaluate the data’s 

tendency to cluster (also referred to as clusterability). That is, the data exhibits a predisposition 

to cluster into natural groups [28]. The goal of clustering is to uncover real groupings within 

the data. However, a clustering algorithm will divide data into any requested number of 

clusters, regardless of whether these clusters naturally exist in the data. Hence, evaluating the 

clustering tendency is a valuable indicator that the follow-on cluster analysis will be valid, and 

the clusters are not purely random artefacts of the clustering process [38].  

While a clustering tendency measure cannot indicate whether correct clustering can be 

achieved against a set of true labels, it may be an indicator as to the difficulty of the data to 

cluster. Hence, in our analysis, clustering tendency will be explored as a potential predictor as 

to whether correct clustering can be achieved on the explosives datasets. A very high clustering 

tendency may indicate that it is feasible to achieve correct clustering. 

The Hopkins statistic [15] tests clusterability via spatial randomness where the null 

hypothesis is randomly distributed data that should not be clustered. This clustering tendency 

test was selected for our analysis as it is suited to applications where small clusters are of 

interest [38] such as those found in the explosives datasets and in the small data sets commonly 

encountered when clustering spectroscopy data.  

The Hopkins test works by comparing the distance between a sample of datapoints and 

their nearest neighbours to the distances from a sample of randomly distributed pseudo points 

and their nearest neighbours. The Hopkins statistic, as formulated by Banerjee and Dave [39] 

is as follows: 

Let X = {xi | i = l to be the set of n datapoints in a d dimensional space such that xi = {xi1, 

xi2, …, xid}.  
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Also, let Y = {yi | i = l to m} be m randomly distributed new datapoints in the d 

dimensioned sampling window, m < n.  

Two distances are defined: uj, as the minimum distance from yj to its nearest real 

datapoint in X, and wj as the minimum distance from a randomly selected real datapoint in X 

to its nearest neighbour (m out of the available n datapoints are marked at random for this 

purpose). 

The Hopkins statistic in d dimensions is then defined as, 

𝐻 =
∑

∑ ∑
     (3.1) 

A high Hopkins score, in the range of 0.7 to 0.99, indicates that clusters exist in the data 

[39]. The Hopkins Statistic was implemented for our analysis using the pyclustertend Python 

package [40]. 

Clustering algorithm and similarity measure 

Clustering algorithms are applied to identify clusters within the data. Hierarchical 

clustering was chosen for our application as the hierarchical aspect may be useful for 

identifying hierarchical groups within the bombmakers network. I.e. in agglomerative 

hierarchical clustering, the bottom up approach ensures the cluster starting point is the closest 

pairs of points. If the lowest levels of grouping with the hierarchy are direct matches, we can 

assume these are made by the same bombmaker (linking a bombmaker to multiple explosives). 

Then levels above that may show groupings with a common characteristic for generating 

relational links between bombmakers. E.g. slightly differing samples made by differing 

bombmakers but similarities in their homemade explosives recipe or ingredients to infer 

sharing of knowledge and a relationship between the bombmakers. Hence, hierarchical 

clustering and its associated hierarchical output is selected to meet the needs of our analysis. 

Variants of hierarchical clustering algorithms are differentiated by the rules they use to 

form the links between datapoints and hence, the clusters. Single link, complete link, average 

link and Ward’s method are four of the most popular approaches [32] with Ward’s method 

being repeatedly demonstrated as the most effective [41-43]. Hence, Ward’s method was 
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selected for our analysis. Ward’s method [44] minimizes the sum of squared differences within 

all clusters. This is through joining points or clusters in each step that result in the minimum 

increase in the sum of squared distances for all clusters. 

Since the goal of clustering is to identify clusters of objects that are similar, some 

measure of similarity is required. Euclidean distance is used as our similarity measure as it is 

the most common metric used for cluster analysis of spectroscopy [13]. 

Predicting the number of clusters 

One of the major challenges in cluster analysis is predicting the number of clusters (k) 

[28]. Cluster analysis (unsupervised learning) is typically applied to unlabelled data so the 

number of clusters is unknown. However, the input variables for clustering algorithms require 

an input that affects the number of clusters generated; either directly such as setting the k value 

for number of clusters for the k-means algorithm, or indirectly such as setting the minimum 

density in a density-based algorithm which in turn affects the number of clusters.  

Cluster number prediction can be achieved using internal clustering validation indices 

which measure some form of goodness of clustering. In this prediction process, parameters are 

varied within the clustering algorithms to produce different numbers of clusters (i.e. the loop 

in the analysis algorithm presented in figure 3 where the number of clusters k is incremented 

from 2 to n). Internal cluster validation indices are then used to calculate the goodness of each 

resulting clusterings generated by the clustering algorithm. The best internal cluster validation 

index value then indicates the predicted correct number of clusters [45].  

Since the goal of clustering is to differentiate objects within different clusters, most 

internal cluster validation indices use the criteria of compactness and separation in assessing 

the goodness of clustering. However, there are many ways of calculating these characteristics. 

The technique that we have chosen is the Silhouette index as it is a known high performing 

technique [46-48]. The Silhouette index score is calculated using the average distance (a) from 

the i-th point to all other points in its own cluster and the average distance (b) from the i-th 
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point to all other points assigned to the nearest neighbouring cluster for each sample [16]. The 

Silhouette score for a sample i is then 

𝑠(𝑖) =
( ) ( )

 { ( ), ( )}
    (3.2) 

The overall Silhouette index score for a set of i samples is then the mean of the 

individual silhouette scores.  

For our datasets, visual inspection of the cluster plots showed k=2 was not a valid 

number of clusters. Hence, the silhouette score was calculated for k=3…10.  

While the number of clusters for our datasets is known from the true labels provided by 

the chemist’s spectra analysis, the goal is to develop a method that is automated and applicable 

to unlabelled data. Hence, we will compare clustering outcomes from the known number of 

clusters to those of the predicted number of clusters. 

3.3.3 Cluster evaluation 

Since cluster analysis is an unsupervised learning task, it is necessary to find a way to 

evaluate and validate the goodness of the clustering and gain confidence in the clustering 

results without labels [31]. For cluster analysis (on unlabelled data), this is typically an internal 

cluster validation index, i.e. the Silhouette index we described earlier. However, for our 

evaluation of our proposed analysis workflow, true labels are available for the explosives data 

set. Hence, these are used with external cluster evaluation measures to evaluate the success of 

this analysis algorithm. We will use both internal indices (silhouette index) and external 

indices for our evaluation with an emphasis on the external indices’ comparison against the 

data labels. If the analysis algorithm can be demonstrated to work successfully on these 

labelled data sets of homemade explosives, then this indicates that it may be applied in an 

automated manner to analyse future unknown samples of homemade explosives. 

Cluster analysis evaluation differs from supervised learning evaluation (i.e. 

classification) where metrics such as accuracy (percentage correct) can be applied directly. 

This accuracy notion does not match the concept of clustering and cluster validation where 

samples are assigned to unlabelled clusters (partitions) rather than assigning samples to already 
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known classes [49]. Hence, external cluster validation indices employ notions such as 

homogeneity, completeness, purity and alike to evaluate the resulting clusters against data 

labels. One of the most common external indices for cluster validation is the V-measure [17], 

which is applied in our analysis. V-measure is the harmonic mean between the homogeneity 

(h) and completeness (c) of clusters. i.e.  

𝑉 =
( )∗ ∗

( ∗ )
     (3.3) 

We use a 𝛽 value of 1 to place equal importance on homogeneity and completeness. 

The formulations of h and c are well described by Rosenberg and Hirschberg [17]. The result 

is a V-measure score between 0.0 and 1.0, where 1.0 represents perfectly complete labelling.  

In our analysis, all algorithms and metrics were implemented using the scikit-learn 

Python package [50] except the EMSC pre-processing which was implemented using the 

Orange3 data mining toolbox [51] and the Hopkins Statistic which was implemented using the 

pyclustertend Python package [40]. 

3.4 RESULTS AND DISCUSSION 

3.4.1 Preliminary analysis 

The spectral data is divided into the three data sets representing each stage of the 

detonators. For visualization purposes, PCA is applied and the PCA scores for the first and 

second principal components (PC1 and PC2) are plotted on a two-dimensional scatter plot. 

The true labels generated by the chemist’s analysis of the FTIR spectra are applied to visualize 

the clusters presented in the data. The hypothesis is that samples containing a specific chemical 

will cluster together. The PC1 vs PC2 score plots of the three datasets are show in Figure 3.4 

with the legends containing the abreviated names of the chemical labels. 
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Figure 3.4 PC1 vs PC2 PCA score plots of the labelled clusters in the detonator datasets with no pre-
processing: (a) Output Energetic, (b) Transition Energetic and (c) First Fire Energetic explosives 

data sets 

It can be seen that the output energetics stage data exhibits the most clearly defined and 

seperated clusters based on the chemical labels. This appears to be the easiest of the three 

dataset to correctly cluster as there is minimal overlap between the clusters. However, there 

are still challenges with a single point of RDX appearing closer to the picric acid and tetryl 

samples in the top right of Figure 3.4(a). There is also a single point of PC (potassium 

chlorate). Single point clusters are difficult to process for some clustering algorithms. 

The clustering presented in the transition energetics stage data (Figure 3.4(b)) appears 

to be significantly more challenging to automatically separate into clusters. There is significant 

overlap between many of the labelled clusters, particularly the ASA, dextrinited lead azide, 

and lead azide (note that these three are all variants of lead azide).  

The clustering presented in the first fire energetics stage data (Figure 3.4(c)) again 

presents a challenging dataset to automatically separate into clusters. There is significant 

overlap between many of the labelled clusters, particularly the variants of PC (potassium 

chlorate) and the variants of PPC (potassium perchlorate).  
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Note that these PCA score plots only present 81%, 79%, and 84% respectively of the 

actual variance in the datasets (show in PC1 and PC2) so there is more information available 

that the machine learning algorithm can use for clustering than is shown in the two-

dimensional visualization in Figure 3.4. 

To quantify the differences between these datasets in terms of their clustering ability, 

the Hopkins Statistic was applied. In addition, the impact of pre-processing with EMSC on the 

Hopkins Statistic Score was examined. The results of applying the Hopkins Statistic to each 

of the datasets for both unprocessed and pre-processed data is shown in Table 3.1. 

Table 3.1 Hopkins Statistic score for each dataset (without and with pre-processing) 

Hopkins Statistic Score for: Raw Data Pre-processed Data 
Output Energetic 0.88 0.96 
Transition Energetic 0.84 0.92 
First Fire Energetic 0.83 0.90 

 

These Hopkins Statistic scores indicate that clusters exist within all the data sets with 

the scores tending towards the higher end of the scale (for the Hopkins Statistic, 0.0 represents 

uniform distribution and no clustering, 0.5 represents random distribution and no inherent 

clustering, and approaching 1.0 for very well-defined clustered data). The resulting scores 

match our earlier observations that the output energetic dataset contains clearer clustering than 

the other two datasets. According to this statistic, an appreciable improvement in clustering 

tendency was observed with EMSC pre-processing for all three datasets (as visualized in 

Figure 3.5(b), Figure 3.8(b) and Figure 3.10(b)).  

Each of the three datasets are now individually analysed with the quantitative cluster 

measures, with and without pre-processing. The outcomes of the cluster analysis of the three 

datasets of explosives pre-processed FTIR spectra are summarized in Table 3.2. 
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Table 3.2 Comparison of the effectiveness of hierarchical cluster analysis on unprocessed and pre-

processed FTIR spectroscopy data for the Output Energetic, Transition Energetic and First Fire 

Energetic datasets 

 Output Energetic Transition Energetic First Fire Energetic 
 Unprocessed Pre-processed Unprocessed Pre-processed Unprocessed Pre-processed 
Tendency to Cluster 
(Hopkins Score) 

0.88 0.96 0.84 0.92 0.83 0.90 

True number of clusters (k) 5 5 8 8 7 7 
V-Measure – external index (k) 0.81 1.0 0.52 0.71 0.59 0.68 
Silhouette score – internal index (k) 0.51 0.87 0.29 0.39 0.39 0.42 
Predicted number of clusters (kp) 4 5 3 5 3 5 
V-Measure – external index (kp) 0.91 1.0 0.23 0.62 0.59 0.72 
Silhouette score – internal index (kp) 0.65 0.87 0.52 0.55 0.39 0.50 

 

As predicted by the very high Hopkins score, the minor challenges within the output 

energetic dataset could be overcome by the pre-processing and hierarchical clustering 

algorithm, resulting in 100% correct clustering, a V-measure of 1.0, and a high silhouette score 

of 0.87.  

Visual review of the PCA score plots (Figure 3.4) of the transition energetic and first 

fire energetic datasets showed overlap in the labelled clusters, indicating that these datasets 

were going to be more challenging for cluster analysis. That was proven correct with worse 

clustering analysis outcomes with V-measures of 0.62 and 0.72 respectively, silhouette scores 

of 0.55 and 0.50 respectively, and incorrect prediction of the number of clusters. The lower 

Hopkins score for these datasets was an indicator to this. This may indicate that the Hopkins 

statistic could be used as an early predictor of the likely clustering outcomes.  

It was also observed that the EMSC data pre-processing had a significant impact in 

improving the data’s tendency to cluster (Hopkins score) and the clustering outcomes (V-

measure and silhouette index) for all the datasets. 

3.4.2 Output energetic dataset analysis 

Preliminary analysis indicated that the data from this stage would be the easiest of the 

three stages to cluster. 

The PC1 vs PC2 scores derived from the unprocessed output energetics data are 

visualized in Figure 3.5(a). This data was then pre-processed using EMSC. The pre-processed 
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data is shown in Figure 3.5(b) where the data appears to be more tightly and clearly grouped 

as a result of pre-processing the data using EMSC.  

The agglomerative hierarchical cluster analysis algorithm was then applied to the pre-

processed data with the resulting clustering, indicated by different coloured datapoints, shown 

in Figure 3.5(c). This is compared to the true labelled data in Figure 3.5(d) for evaluation. 

 
Figure 3.5 PC1 vs PC2 PCA score plots for the output energetic data of: (a) unprocessed data, (b) 
pre-processed data, (c) hierarchical clustering of the pre-processed data, and (d) true labels on the 

pre-processed data for comparison. 

Silhouette index analysis was used in conjunction with the hierarchical cluster analysis 

to predict the number of clusters. The Silhouette index analysis correctly predicted the number 

of clusters as k = 5 as seen in Figure 3.6. The resulting clustering was 100% correct when 

compared against the true labelled data with a V-measure of 1.0. 

 

 
Figure 3.6. Silhouette and V-measure scores vs number of clusters. The peak silhouette score 

correctly predicts the number of clusters as 5. 
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Note that cluster analysis of the unprocessed data results in imperfect clustering with a 

lower V-measure score of 0.81 and incorrectly predicted the number of clusters (4 instead of 

5). This reinforces the value of the pre-processing. 

3.4.3 Transition energetic dataset analysis 

As indicated previously, visual inspection and the Hopkins index score suggest that the 

transition energetic dataset is the second most difficult dataset to cluster.  

As shown in Figure 3.7, the Silhouette index analysis incorrectly predicted the number 

of clusters as kp = 5. k = 8 was the number of clusters of explosives generated by the chemist’s 

analysis of the individual samples. Note that unlike the silhouette score, the V-measure does 

increase at high numbers of clusters for this dataset. These differences between metrics are not 

uncommon due to the differences in their measurement approaches to evaluate the goodness 

of clustering. 

 
Figure 3.7 Silhouette and V-measure scores vs number of clusters. The peak silhouette score 

incorrectly predicts the number of clusters as 5.  

The clustering of the transition energetic dataset is shown in Figure 3.8. The PC1 vs 

PC2 PCA scores derived from the unprocessed output energetics data are visualized in Figure 

3.8(a). This data was then pre-processed using EMSC. The improved data is shown in Figure 

3.8(b) where the data appears to be more tightly grouped as a result of the pre-processing. 
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Figure 3.8 PC1 vs PC2 PCA score plots for the transition energetic data of: (a) unprocessed data, (b) 
pre-processed data, (c) hierarchical clustering for the predicted kp=5, (d) hierarchical clustering for 

the a priori k=8, and (e) true labels on the pre-processed data for comparison 

The agglomerative hierarchical cluster analysis algorithm was then applied with the 

resulting clustering, indicated by different coloured datapoints, shown in figure 8(c) for the 

predicted number of clusters (five), and Figure 3.8(d) for the known number of clusters (eight). 

These are compared to the true labelled data in Figure 3.8(e) for evaluation. The resulting V-

measure score for the cluster analysis was 0.62 for the predicted number of clusters and 0.71 

for the known number of clusters. Comparing Figure 3.8(c) and Figure 3.8(d) to Figure 3.8(e), 

the hierarchical clustering algorithm struggles to separate the three components (ASA, 

dextrinited lead azide, and lead azide) that are present in the central grouping of datapoints. 

This may indicate that FTIR spectroscopy combined with cluster analysis may not be effective 

in differentiating between lead azide and its variants.  

It was also observed that the sparsely distributed lead azide and HMTD (as shown in 

lime green and pink respectively in Figure 3.8(e)) were incorrectly subdivided into multiple 

clusters in Figure 3.8(d). This highlights one of the common challenges in cluster analysis of 

(a) (b)

(c) (d)

(e)
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data containing clusters of varying densities. Further investigation may be warranted to 

consider alternative clustering techniques such as OPTICS (ordering points to identify the 

clustering structure) [52] or HDBSCAN (density-based spatial clustering of applications with 

noise) [53], which may perform better on clusters of varying spatial densities. 

3.4.4 First fire energetic dataset analysis 

Based on visual inspection of the dataset in Figure 3.4 and its Hopkins index score, this 

appeared to be another difficult dataset to cluster. Silhouette index analysis was used in 

conjunction with the hierarchical cluster analysis to predict the number of clusters. As shown 

in figure 3.9, the Silhouette index analysis incorrectly predicted the number of clusters as kp=5. 

k=7 was the number of clusters of explosives generated by the explosive chemist’s analysis 

and labelling of the individual spectra. 

 
Figure 3.9. Silhouette and V-measure scores vs number of clusters. The peak silhouette score 

incorrectly predicts the number of clusters as 5. 

The clustering results for the first fire energetic dataset are shown in Figure 3.10. The 

PC1 vs PC2 PCA scores derived from the unprocessed first fire energetics data are visualized 

in Figure 3.10(a). This data was then pre-processed using EMSC. The improved data is shown 

in Figure 3.10(b) where the data appears to be more tightly and clearly grouped as a result of 

the pre-processing, although separation of visual clusters within the main grouping of data 

looks challenging. 
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Figure 3.10 PC1 vs PC2 PCA score plots for the first fire energetic data of: (a) unprocessed data, (b) 
pre-processed data, (c) hierarchical clustering for the predicted kp=5, (d) hierarchical clustering for 

the a priori k=7, and (e) true labels on the pre-processed data for comparison.. 

The agglomerative hierarchical cluster analysis algorithm was then applied with the 

resulting clustering shown in Figure 3.10(c) for the predicted number of clusters (five) and 

Figure 3.10(d) for the known number of clusters (seven). These are compared to the true 

labelled data in figure 10(e) for evaluation. The resulting V-measure score was 0.72 for the 

predicted number of clusters (five) and 0.68 for the known number of clusters (seven). 

Comparing Figure 3.10(c) and Figure 3.10(d) to Figure 3.10(e), the hierarchical clustering 

algorithm struggles to correctly separate the PC variants labelled with ‘Unknown Fuel A’ and 

‘Unknown Fuel B’ that are present in the central grouping of datapoints. Similarly, the 

hierarchical clustering algorithm does not separate PPC from the PPC variant containing an 

additional unknown fuel. The minor improvement when the lower number of clusters is 

selected is likely due to a single set of labels for the cluster resulting in less incorrectly labelled 

points than the number incorrectly labelled points when three separate labels were being 

applied when subdividing that central cluster. This indicates that FTIR spectroscopy combined 

(a) (b)

(c) (d)

(e)
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with cluster analysis may not be effective in differentiating between PC and its variants with 

unknown fuel A and B. 

These variants in fuels may be due to associated bombmakers using similar recipes but 

different ingredients. Hence, this may be valuable information that can contribute to 

understanding the bombmaker network. Since the hierarchical cluster cannot currently 

differentiate these materials accurately, this may warrant deeper investigation of alternative 

chemical testing or clustering techniques to achieve this goal.  

3.4.5 Cluster analysis effectiveness on the three explosives datasets 

The outcomes of the cluster analysis of the three datasets of explosives pre-processed 

FTIR spectra are summarized in Table 3.3. 

Table 3.3 Comparison of the effectiveness of hierarchical cluster analysis on unprocessed and pre-

processed FTIR spectroscopy data for the Output Energetic, Transition Energetic and First Fire 

Energetic datasets 

 Output Energetic Transition Energetic First Fire Energetic 
 Unprocessed Pre-processed Unprocessed Pre-processed Unprocessed Pre-processed 
Tendency to Cluster 
(Hopkins Score) 

0.88 0.96 0.84 0.92 0.83 0.90 

True number of clusters (k) 5 5 8 8 7 7 
V-Measure – external index (k) 0.81 1.0 0.52 0.71 0.59 0.68 
Silhouette score – internal index (k) 0.51 0.87 0.29 0.39 0.39 0.42 

Predicted number of clusters (kp) 4 5 3 5 3 5 
V-Measure – external index (kp) 0.91 1.0 0.23 0.62 0.59 0.72 
Silhouette score – internal index (kp) 0.65 0.87 0.52 0.55 0.39 0.50 

 

As predicted by the very high Hopkins score, the minor challenges within the output 

energetic dataset could be overcome by the pre-processing and hierarchical clustering 

algorithm, resulting in 100% correct clustering, a V-measure of 1.0, and a high silhouette score 

of 0.87.  

Visual review of the PCA score plots (Figure 3.4) of the transition energetic and first 

fire energetic datasets showed overlap in the labelled clusters, indicating that these datasets 

were going to be more challenging for cluster analysis. That was proven correct with worse 

clustering analysis outcomes with V-measures of 0.62 and 0.72 respectively, silhouette scores 

of 0.55 and 0.50 respectively, and incorrect prediction of the number of clusters. The lower 
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Hopkins score for these datasets was an indicator to this. This may indicate that the Hopkins 

statistic could be used as an early predictor of the likely clustering outcomes.  

It was also observed that the EMSC data pre-processing had a significant impact in 

improving the data’s tendency to cluster (Hopkins score) and the clustering outcomes (V-

measure and silhouette index) for all the datasets.  

3.4.6 Comparison of unsupervised learning to supervised learning 

While this IED explosives matching problem has presented a need to use unsupervised 

learning to allow for adaptability to unknown future explosives generated by bombmakers, it 

is valuable to know how much of a trade-off there is in pursuing unsupervised learning over 

supervised learning techniques. 

To investigate this, supervised learning was applied using a variety of algorithms. This 

is conducted acknowledging these are relatively small datasets for application of supervised 

learning and there are potential issues with classes containing small numbers of points 

(including a single point class in each dataset).  

Supervised learning was performed with each of the three explosives datasets using the 

‘hold-out’ method where part of the dataset is set aside for independent evaluation. Repeated 

learning-testing was used to mitigate against bias due to small dataset size [54]. Within each 

loop, stratified k-fold cross validation was used to minimize the effects of the imbalanced data 

classes.  

The results in Table 3.4 show that over 90% accuracy can be achieved on all three 

datasets using supervised learning algorithms. The classification accuracy of supervised 

learning and the clustering V-measure from the unsupervised learning are not directly 

equivalent or comparable, as the V-measure is a combination (harmonic mean) of 

homogeneity and completeness of the clusters. To enable a more direct comparison, V-

measures are calculated for the clusters generated from the supervised learning labels. For the 

Logistic Regression algorithm, V-measures of 0.98, 0.92 and 0.93 were achieved for 

supervised learning on the three datasets, compared to the V-measures of 1.0, 0.71 and 0.68 

achieved through unsupervised learning (agglomerative hierarchical clustering using the same 
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known number of clusters). This, as expected, demonstrates the supervised learning is more 

effective on the two challenging datasets which contain overlapping clusters. Thus, 

unsupervised learning is only justified due to the nature of our problem, namely unlabelled 

datasets that may vary and change with time. 

Table 3.4 Classification accuracy and corresponding clustering V-measure for supervised learning 

algorithms, and unsupervised hierarchical clustering for comparison. 

 Output Energetic Transition Energetic First Fire Energetic 
Supervised learning Algorithm Accuracy V-measure Accuracy V-measure Accuracy V-measure 

Logistic Regression 0.98 0.98 0.94 0.92 0.90 0.93 
Linear Discriminant Analysis 0.98 0.98 0.92 0.89 0.87 0.87 
K-Nearest Neighbours 0.96 0.96 0.83 0.81 0.74 0.79 
Classification & Regression Trees 0.94 0.88 0.81 0.79 0.78 0.76 
Gaussian Naive Bayes 0.96 0.95 0.86 0.85 0.74 0.70 
Support Vector Machines 0.89 0.83 0.62 0.55 0.73 0.53 
Stochastic Gradient Decent 0.95 0.95 0.73 0.73 0.68 0.65 
Unsupervised Hierarchical Clustering 1.0  0.71  0.68 

 

3.5 CONCLUSION AND FUTURE WORK 

This study demonstrates the potential of a quantified cluster analysis approach to 

determine groupings of samples of explosives obtained from IEDs using FTIR measurements. 

Three datasets representing three detonator stages of the collected explosives samples were 

examined individually.  

Using the proposed analysis workflow for quantified cluster analysis of spectroscopy 

data, the agglomerative hierarchical clustering algorithm was able to 100% correctly cluster 

the pre-processed data from the output energetics dataset. This is a crucial step in being able 

to correctly cluster explosive samples made by the same bombmaker. However, when 

presented with more challenging datasets from the transition energetic and first fire energetic 

datasets, the unsupervised learning approach struggled to separate some data points where 

clusters overlapped, and only partially correct clustering was achieved (V-measure of 0.62 and 

0.72 for the transition energetic and first fire energetic datasets respectively at the predicted 

number of clusters). Specifically, shortcomings were identified when trying to separate some 
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explosives from the same ‘family’, or when there were only differences in the secondary fuels 

used in the explosives. 

When trying to predict the correct number of clusters in the datasets, the number of 

clusters was predicted incorrectly for the two challenging datasets. 

When comparing the clustering results of the unprocessed datasets to the pre-processed 

datasets (using EMSC), the pre-processing significantly improved the clustering outcomes for 

all three datasets. 

The Hopkins statistic was explored as a potential metric for indicating the level of 

success when clustering the datasets. This study indicates that a very high Hopkins score 

(>0.95) may be required to achieve 100% correct clustering. For the 3 datasets considered in 

this study, the Hopkins score was 0.96 for the output energetics dataset which was 100% 

correctly clustered. The lower Hopkins score for the transition energetics and first fire 

energetics datasets (0.92 and 0.90 respectively) predicted those datasets would be increasingly 

challenging for cluster analysis. This was verified with worse clustering analysis outcomes 

with V-measures of 0.71 and 0.68 respectively. This may indicate that the Hopkins statistic 

could be used as an early predictor of the likely clustering outcomes. 

This study has also highlighted the inherent shortcoming of unsupervised learning when 

compared to supervised learning techniques. The best supervised learning technique evaluated 

achieved V-measure scores of 0.98, 0.92 and 0.93 for the three datasets compared to 1.0, 0.71 

and 0.68 respectively for the unsupervised hierarchical clustering technique. Unsupervised 

techniques cannot obtain some of the complex boundary manifolds achievable through 

supervised learning and rely on simpler separation of clusters using the information present in 

the unlabelled data. However, accepting this limitation is a necessary trade-off for this 

explosives matching application as supervised learning would not allow (without continual 

data labelling and retraining) the required adaptation as threats evolve and new bombmakers 

introduce new explosive recipes in the future. 

There remains potential for future work to improve further on these results. Other 

unsupervised algorithms such as OPTICS or HDBSCAN may be able to better accommodate 
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clusters of varying density. Additionally, the inclusion of feature extraction techniques could 

improve the quality of the dataset through selecting infrared wavelengths containing the most 

valuable information for cluster analysis. 

Abbreviations 

2D, two dimensional; ASA, a lead azide, lead styphnate and aluminium mix; EMSC, 

extended multiplicative signal correction; FTIR, Fourier Transform Infrared; IED, Improvised 

Explosive Device; HDBSCAN, hierarchical density based clustering amongst noise; HMTD, 

hexamethylene triperoxide diamine; NIR, near infrared; OPTICS, ordering points to identify 

the clustering structure; PC, potassium chlorate; PC1, principal component 1; PCA, principal 

component analysis; PETN, pentaerythritol tetranitrate; PPC, potassium perchlorate. 
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Chapter 4: Clustering Algorithm Selection 

Chapter 4 addresses the problem of how to select an appropriate clustering algorithm 

for the given analytical purposes. Unlike most current literature which focuses on 

characterizing the clustering algorithm itself, we present a wider holistic approach, with a 

focus on the user’s needs, the data’s characteristics and the characteristics of the clusters it 

may contain. To demonstrate our analysis framework for selecting clustering algorithms, we 

applied it to two differing types of spectroscopy data: the three datasets of homemade 

explosives spectroscopy, and eight datasets of publicly available spectroscopy data covering 

food and biomedical applications. For each application, the recommended clustering 

algorithms were confirmed to contain the top performing algorithms through quantitative 

performance indices. 

The following work is formatted as published in PLOS ONE journal on 31 March 2022. 

 

Crase S, Thennadil SN (2022) An analysis framework for clustering algorithm selection with 
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Abstract— Cluster analysis is a valuable unsupervised machine learning technique that is applied in a multitude 

of domains to identify similarities or clusters in unlabeled data. However, its performance is dependent of the 

characteristics of the data it is being applied to. There is no universally best clustering algorithm, and hence, there 

are numerous clustering algorithms available with different performance characteristics. This raises the problem of 

how to select an appropriate clustering algorithm for the given analytical purposes. We present and demonstrate an 

analysis framework to address this problem. Unlike most current literature which focuses on characterizing the 

clustering algorithm itself, we present a wider holistic approach, with a focus on the user’s needs, the data’s 

characteristics and the characteristics of the clusters it may contain. Due to the breadth of this, we utilize a softer 

qualitative approach to identify appropriate characteristics for consideration when matching clustering algorithms 

to the intended application. These are used to generate a subset of suitable clustering algorithms whose performance 

are then evaluated utilizing quantitative cluster validity indices. 

To demonstrate our analysis framework for selecting clustering algorithms, we applied it to two differing types 

of spectroscopy data: three datasets of homemade explosives spectroscopy, and eight datasets of publicly available 

spectroscopy data covering food and biomedical applications. While the general characteristics of these 

spectroscopy datasets are similar, there are discernible differences in the composition of the data and the context 

within which they are used. Our analysis framework, when applied to each of these challenges, recommended 

differing subsets of clustering algorithms for final quantitative performance evaluation. For each application, the 

recommended clustering algorithms were confirmed to contain the top performing algorithms through quantitative 

performance indices. 

Index Terms—clustering algorithms, cluster analysis, analysis framework, algorithm selection, 

unsupervised learning, spectroscopy, explosives.  
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4.1 INTRODUCTION  

Cluster analysis is an unsupervised machine learning technique aimed at generating 

knowledge from unlabelled data [1]. This is achieved through grouping data points in a 

multidimensional space based on a similarity metric. The desired result is that data points in a 

grouping or cluster have a natural relationship to one another and a dissimilarity to data points 

in other clusters. 

There are many aspects of cluster analysis that are challenging for practitioners. 

Clustering is very much a human construct; hence, mathematical definitions are challenging. 

Even the definition of good clustering is subjective [2]. Numerous clustering algorithms have 

been proposed in literature with new clustering algorithms continuing to appear. Despite this 

ongoing effort from the research community, there is no clear best clustering algorithm. 

Kleinberg [3] goes as far as proposing clustering as a “basic impossibility theorem” through 

demonstrating no clustering function can satisfy all of a set of three simple properties (scale-

variance, richness, and consistency). Thus, trade-offs are inherent in the clustering problem. 

To make these trade-offs in selecting appropriate clustering algorithms, there needs to be 

understanding and consideration of the intended application for the analysis. In our previous 

works, which surveyed cluster analysis in spectroscopy, we found little consistency, evaluation 

or even justification in the selection of clustering algorithms [4]. This highlighted the need for 

better practices. 

In reviewing literature aimed at assisting in selecting appropriate clustering algorithms, 

we have observed that there is a significant focus on the characteristics of the clustering 

algorithms, but limited consideration is given to the user’s goals of the cluster analysis and the 

characteristics of the target dataset and the clusters it may contain. While it may be assumed 

or implied that a reader may consider these aspects themselves, this presents a potential point 

of failure if this is not done with sufficient rigor. 
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4.1.1 Related Works 

Despite cluster analysis being such a widely used technique, the efforts in developing 

an approach or framework for selecting appropriate clustering algorithms have been somewhat 

limited. As observed in related works, the majority of the focus has been on characterizing and 

classifying the algorithms themselves and demonstrating their performance for a given 

application. 

Early work by Dubes and Jain [5] in “Clustering techniques: the user’s dilemma” 

present a foundation to consideration of user’s needs, highlighting that “looking for an 

optimum clustering algorithm is contrary to the nature of the problem” as it ignores the 

application and implementation aspects. They present several aspects or characteristics for 

consideration including user options (algorithm parameters), computational cost, and the type 

of output. They also highlight the shortcomings of comparing algorithms against a single 

performance criteria as: 1) it cannot capture all the information that can be gleaned from 

clustering (e.g. the value of a hierarchical output), 2) comparisons are typically made on well-

behaved curated datasets, which may not show an algorithm’s abilities on application data, 

and 3) it ignores practical implementation aspect such as parameter selection, run time, and 

storage requirements. They also highlight that many new algorithms are presented and 

evaluated against data and applications where that algorithm performs best. Even with a 

similar mindset to our thinking, Jain and Dubes’ focus is still on characterizing the clustering 

algorithms and how to compare them. The gap still exists in how to capture the user’s needs 

against which the algorithms can be compared. 

Despite that early focus on user’s needs, subsequent work has primarily focused on 

characterization, classification, and comparison of the algorithms themselves. This algorithm 

centric focus largely highlights the nature of the research domain and its outputs through 

publications. Many criteria or taxonomies for classifying clustering algorithms have been 

developed and refined, often starting from Fisher and Ness’s “Admissible Clustering 

Procedures” [6]. Ackerman, Ben-David and Loker have made significant efforts towards 

mathematical algorithm characterization and classification with rigorous but narrow 



 

Chapter 4: Clustering Algorithm Selection 105 

contributions focusing on linkage based clustering algorithms [7-9] and randomized clustering 

algorithms [7]. This classification of algorithms is important as it has been shown that 

clustering algorithms that follow the same clustering strategy or mechanism tend to result in 

similar clustering, despite minor variations in the parameters or the objective functions 

involved [10]. This can assist with reducing the number of individual clustering algorithms to 

be evaluated.  

In addition to these works capturing the characteristics of clustering algorithms and 

classifying them, there is a suite of studies comparing and evaluating algorithms against real 

world and synthetic datasets [11-18]. Aldenderfer and Blashfield [19] highlight that the results 

of these are difficult to compare because each study has evaluated different combinations of 

data structures and algorithms. They did however identify four data characteristics that 

appeared to influence performance of the algorithms: the elements of the cluster structure 

(cluster shape, size, size difference between cluster, and the number of clusters), the presence 

of outliers, the degree of cluster overlap, and the choice of similarity measure. This highlights 

the importance of the characteristic of the clusters in the data. Recently, Rodriguez et al. [20] 

conducted a comprehensive study comparing a variety of clustering algorithms against 

synthetics datasets with varying parameters to understand how algorithms are affected by those 

characteristics. Despite being comprehensive and valuable, they used equal number of objects 

per cluster, and maximum number of features was 200. As we will show later, these fall outside 

the characteristics of most of the datasets we will evaluate. This demonstrates the challenge in 

generating a universally applicable comparison. Hence, there is a requirement to consider the 

specific user’s need and to conduct comparisons for their applications. Our proposed 

methodology assists in achieving this.  

4.1.2 Contribution 

Our primary contribution is an analysis framework to evaluate the clustering algorithms 

against the purpose of the analysis (the user’s needs) and select appropriate clustering 

algorithms for that application. This differs from existing literature which focuses on 

characterizing and classifying the clustering algorithms, or produce purely quantitative 



 

106 Chapter 4: Clustering Algorithm Selection 

performance-based comparisons. In our paper, we present a wider holistic approach to the 

challenge of selecting a clustering algorithm, with a focus on the user’s needs, the data’s 

characteristics and the characteristics of the clusters it may contain. Our analysis framework 

utilizes a softer qualitative approach in an analysis framework, drawing on soft systems 

thinking to identify appropriate characteristics for consideration when matching clustering 

algorithms to the intended application. Jain [5, 21, 22] has repeatedly emphasized the 

importance of incorporating domain knowledge into the selection process. We present a 

practical way to achieve this and add rigor to this selection process.  

In addition to the analysis framework itself, we validate our analysis framework through 

application to four different types of datasets (fifteen datasets in total) with differing analytical 

purposes. Through this, we identify a collection of selection criteria relevant for those 

applications and conclude with recommending the clustering algorithms best suited for the 

cluster analysis of homemade explosives spectroscopy datasets, public spectroscopy datasets, 

gene expression datasets and the classic machine learning datasets. Our primary focus for this 

research is for the application to spectroscopy (which form the majority of the validation 

datasets). However, our successful evaluation and validation of our analysis framework on the 

gene expression dataset and the classic machine learning datasets indicate it may have wider 

applicability beyond spectroscopy. 

4.2 AN ANALYSIS FRAMEWORK FOR CLUSTERING 
ALGORITHM SELECTION 

Quantitatively evaluating a large variety of clustering algorithms can be arduous, and 

as we have shown, quantitative evaluation alone ignores many of the aspects that influence 

how well an algorithm meets the user’s need for cluster analysis. Our proposed analysis 

framework aims to narrow down a potentially large and overwhelming set of candidate 

clustering algorithms to a small subset of algorithms with characteristics that align with the 

user’s needs. These are then evaluated using quantitative cluster validation metrics to ensure 

the final selected algorithm achieves good clustering performance outcomes.  
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The general workflow consists of generating a set of potentially useful characteristics 

for consideration (Stage 1). These are then filtered based on the intended application of the 

cluster analysis (Stage 2). This could be considered the user’s needs and includes the specific 

characteristics of the data being analysed. These filtered characteristics can then be used to 

evaluate the range of candidate clustering algorithms and select a subset of algorithms that is 

likely to satisfy the purpose of the cluster analysis and the user’s needs (Stage 3). Finally, these 

algorithms are applied to the intended dataset and a final clustering algorithm is selected based 

on quantitative performance measured against cluster validation indices (Stage 4). This 

process is summarized in Figure 4.1. Analysis framework for clustering algorithm selection 

and the detailed steps of each stage are described as follows. 

 
Figure 4.1. Analysis framework for clustering algorithm selection 

4.2.1 Stage 1 - Evaluation characteristics identification 

The first step in our analysis framework for selecting cluster algorithms is to identify 

important characteristics to assess how well a clustering algorithm is likely to meet the needs 

of the analysis. They may relate to the expected performance outcomes (how well the 

algorithm can correctly cluster the data), or practical considerations such as the ease of 
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implementation or if the output format of the algorithm meets the purpose of the clustering 

analysis.  

While previous work in developing cluster analysis classification criteria has focused 

on mathematically definable criteria such as outer or inner consistent, order invariant, and k-

rich [7], these appear at odds with the common language terms that are used to describe the 

characteristics of the datasets and clustering algorithms. We have identified three sources of 

these evaluation characteristics: the characteristics of the subject data, the characteristics of 

the clusters contained within the data, and the characteristics of the clustering algorithms. 

While it may be tempting to assume a generic or universal list of characteristics could be used, 

we believe these would miss characteristics specific to the user’s application. Hence, 

generation of these characteristics is an important task in delivering results tailored to the 

intended analysis application. Our three proposed sources of characteristics are described as 

follows. 

Dataset characteristics 

Dataset characteristics refers to the characteristic of the subject datasets (without 

specific consideration for the clusters it contains). These characteristics are largely dependent 

on the source of the data. There are numerous frameworks available for data characterization 

[23] with potential characteristics including the size of the dataset, the number of dimensions 

(or features), the nature of the data (such as whether it is continuous, nominal, purely 

numerical, uniformly scaled, or contains missing values), and the presence of labels.  

Cluster characteristics 

Cluster characteristics refers to the characteristics of the clusters present in the dataset 

(the cluster structure [19]). Understanding these characteristics typically requires access to 

labelled data to observe the clusters. This may not always be available, as the typical 

application of cluster analysis is to cluster unlabelled data. However, there are practical 

approaches to achieve this if labels are unavailable. These include assessing alternative 

datasets of a similar type where labels are available or by applying common clustering 
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algorithms to the data itself. Characteristics can also be inferred from the intent of the cluster 

analysis (e.g., for identification of cancer cells, it can be assumed that there will only be two 

clusters of interest: cancerous and non-cancerous).  

To identify these cluster characteristics, it is helpful to visualize the data and the clusters. 

We utilize principal component analysis (PCA), an unsupervised dimension reduction 

technique to reduce the data into its principal components and to visualize the data in two 

dimensions. An alternative technique is t-distribution stochastic neighbour embedding (t-SNE) 

[24]. From this two-dimensional visualization of the labelled data, potential observable 

characteristics include the number of clusters, whether the clusters are non-spherical, varying 

in density, if there is the presence of noise or outliers, and if the number of points in each 

cluster is equal (balanced).  

Clustering algorithm characteristics 

The clustering algorithms characteristics are what are typically discussed when 

clustering algorithms are compared. These may include characteristics we have already 

covered under dataset characteristics and cluster characteristics. However, addressing those 

separately does sometimes elicit characteristics not often discussed when considering the 

general characteristics of clustering algorithms. 

Beyond the dataset characteristics and cluster characteristics, additional clustering 

algorithm characteristics often relate to the way the algorithm works, implementation 

considerations, and the specifics of its output. The clustering algorithm characteristics can 

typically be identified through reviewing the literature associated with the candidate clustering 

algorithms that are being considered for the analysis.  

4.2.2 Stage 2 - Matching characteristics to user’s needs 

A significant focus for our analysis framework, and deviation from other literature, is 

the explicit inclusion of the user’s needs or application needs of the cluster analysis. While 

this may be implicit in other studies, it will often garner insufficient attention unless it is made 
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explicit. Having the evaluation characteristics that we have previously identified enables rigor 

to be applied to this process.  

The general aim of this stage of the analysis framework is to narrow down the set of 

evaluation characteristics that we have already identified to a set of those that matter for our 

specific application. While some of this may have already been done intuitively when selecting 

the datasets characteristics, cluster characteristics and clustering algorithm characteristics, 

there are likely some that need further consideration. As an example, computational 

complexity is often highlighted as an algorithm characteristic. However, it is not a relevant 

consideration for small datasets where computation times are short. To include the 

computational complexity characteristic in the selection criteria for those applications may 

skew the results away from those best suited to this specific application. Hence, the need to 

match characteristics to the specific user’s needs. 

In terms of the practical task of matching a set of evaluation characteristics to the 

specific needs of the user, this can be as simple as reviewing all the characteristics that have 

been generated and, with a strong focus on the intended application of the analysis, eliminating 

those that are not of significant importance. If more rigor or fidelity is required in the 

application of our analysis framework, weightings could be generated for each evaluation 

characteristic through techniques such as the analytical hierarchy process (AHP) [25] which 

utilizes pairwise comparisons. 

4.2.3  Stage 3 - Qualitative evaluation of candidate algorithms 

Once a set of refined characteristics has been selected based on the needs of the 

application, these can be used to evaluate a set of candidate clustering algorithms as to how 

well they suit the intended application. At the simplest level, this can take the form of a 

comparative matrix where candidate clustering algorithms are compared and assessed against 

the desired characteristics. A simple yes/no evaluation against each category can then be used 

to guide the analyst to down-select appropriate algorithms.  

If further sophistication is desired, a multi-criteria decision making (MCDM) process 

could be used where weightings are applied to each criteria based on the application needs of 
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the cluster analysis and scores can be given as to how well each candidate algorithm meets 

each criteria. However, in practical terms, a simple matrix representation of the capabilities 

against the selection criteria should enable the analyst to down-select a subset of several 

candidate clustering algorithms for final quantitative performance evaluation. 

4.2.4 Stage 4 - Quantitative evaluation of selected algorithms 

Once a reduced subset of the candidate clustering algorithms has been selected, they 

can be evaluated using quantitative clustering performance metrics. The use of these 

quantitative performance metrics enables the final selection of a high performing clustering 

algorithm that is well suited to the user’s needs. The results of the quantitative evaluation may 

show that there are several algorithms that perform well. Then, the user can review the 

algorithm characteristics to determine if they have a preference between the algorithms. 

Alternatively, cluster ensemble techniques [26, 27] can be used to merge the results of multiple 

suitable clustering algorithms. 

The output of the above-described analysis framework is identification of a cluster 

analysis algorithm (or several algorithms) that perform well and have characteristics that are 

well suited to the intended application of the cluster analysis.  

4.3 MATERIALS AND METHODS 

To validate our analysis framework for cluster analysis algorithm selection, we apply it 

to four types of datasets with differing characteristics and an associated scenario to add context 

to the analysis. The primary focus of the analysis is for application to spectroscopy, but 

additional types of data have been evaluated to indicate the extensibility of our analysis 

framework. The intent is that the analysis framework will highlight suitable algorithms that 

meet the needs of each application. 

4.3.1 Datasets and context 

A range of datasets have been selected with distinct and differing characteristics and 

applications. Details are as follows: 
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Homemade detonators explosives spectroscopy datasets 

The explosives samples used in this study are representative samples of the homemade 

explosive detonators used in improvised explosive devices (IED) in the Middle East. 

Detonators are a small explosive device used to detonate the larger main explosive charge in 

an IED. The homemade detonators used in this study consist of three stages of explosives of 

varying chemistries, from which Fourier transform infrared (FTIR) spectroscopy 

measurements were taken. Thus presenting three spectroscopy data sets for comparison [28]: 

the Output Energetic dataset, the Transition Energetic dataset, and the First Fire Energetic 

dataset. The real-world nature of these datasets present unique characteristics for evaluation 

and differentiation of clustering algorithms. The context of this analysis is to identify 

relationships between the explosives samples that can infer relationships between the 

bombmakers that made them. 

Public spectroscopy datasets 

 The publicly available spectroscopy datasets utilized in our study include mid-infrared 

(MIR), near-infrared (NIR), and Fourier transform infrared (FTIR) spectroscopy and are 

described as follows: The Coffee datasets [29, 30] from two different species, the Fruit dataset 

[30, 31] from adulterated and non-adulterated strawberry purees, the Liver datasets [32] 

annotated according to the majority presence of collagen, glycogen, lipids, or DNA in the cell, 

the Mangos datasets [33, 34] of four different mango cultivars, the Marzipan datasets [35, 36] 

of nine marzipan types, the Meats dataset [30, 37] from chicken, pork and turkey mince, the 

Olive Oil dataset [30, 38] of olive oils from four geographic regions, and the Wine (FTIR 

spectroscopy) dataset [36, 39] of wine from four geographic regions. These represent the 

typical spectroscopy datasets used in laboratory studies where the context is to demonstrate a 

spectroscopic testing technique can differentiate different materials or families of materials 

[4]. 

Gene expression dataset 

The gene expression dataset is part of the RNA-Seq (HiSeq) PANCAN dataset from the 

cancer genome atlas pan-cancer analysis project [40]. It contains a random extraction of gene 
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expressions of patients having different types of tumour [41]. This represents the typical high 

dimensional datasets from aspects of biomedical research. 

Classic machine learning (ML) datasets 

The classic machine learning datasets are a group of multivariate datasets commonly 

used within the machine learning community. The Wine (multivariate) dataset is used to 

recognize the wine class given the features like the amount of alcohol, magnesium, phenol, 

colour intensity, etc. [42]. The Iris dataset contains sepal and petal lengths and widths for three 

classes of plants [42]. The Breast Cancer dataset contains ten features extracted from images 

of benign or malignant breast mass samples [43]. The context of their use (for our 

demonstration and validation) is for a data scientist learning classification and cluster analysis 

techniques. 

4.3.2 Clustering algorithms and their implementation 

To validate our analysis framework, we have selected a range of candidate algorithms 

for the analysis framework to choose from. There are multiple taxonomies or structures for 

classifying clustering algorithms [7, 10, 20, 44]. We have broken the domain into hierarchical, 

partition based, density based, graph theoretic and spectral clustering, and model-based 

clustering algorithms and have ensured we evaluate at least one candidate clustering algorithm 

from each class. Where possible, we have also deliberately selected algorithms with quite 

differing characteristics to highlight how these may result in differing analysis outcomes, e.g., 

the selection of Ward’s method and single linkage variants of agglomerative hierarchical 

clustering. While Ward’s method favours spherical clusters, the single linkage method has a 

tendency to chain datapoints, or form long, elongated clusters [21]. Hence, both techniques 

are evaluated in our study to identify if our analysis framework can exploit these differences. 

The fourteen chosen algorithms for consideration (and their implementations) are as 

follows: Hierarchical (Ward’s) [19, 45], Hierarchical (Single Link) [19], BIRCH (Balanced 

Iterative Reducing and Clustering) [46, 47], k-means [48-50], k-means minibatch [49, 51], 

Partitioning around Medoids (PAM) [52], DBSCAN (Density-based Spatial Clustering of 
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Applications with Noise) [49, 53], OPTICS (Ordering Points to Identify Clustering Structure) 

[49, 54], Mean Shift [49, 55], Spectral Clustering [49, 56, 57], Affinity Propagation [49, 57, 

58], and Gaussian Mixture Model [57, 59] were implemented using the scikit-learn Python 

package. Fuzzy C-Means [60, 61] was implemented using the Fuzzy C-Means Python package 

[62]. HDBSCAN (Hierarchical DBSCAN) [63, 64] was implemented using the hdbscan 

Python package [64]. The associated references contain information about the function of the 

algorithms and their associated characteristics which are later used in our evaluation process. 

 Predicting the number of clusters k is a significant challenge for cluster analysis. 

Potential techniques for predicting k include the “elbow” method [65], the gap statistic [65], 

and peak silhouette score [66]. As this is not the focus of this study, the number of clusters k 

was specified from a priori knowledge to achieve comparable results across all algorithms. 

Algorithms were run using their default parameters, except when the algorithm had to be tuned 

to produce the same number of clusters as other algorithms. The detailed configuration and 

hyperparameter selections are included in the S1 Table.  

4.3.3 Data pre-processing 

Before the clustering performance of the algorithms is tested, the raw spectra and 

multivariate data were pre-processed. We utilized extended multiplicative signal correction 

(EMSC) [67] for spectral data pre-processing which corrects for additive baseline effects, 

multiplicative scaling effects, and interference effects. The EMSC was implemented for our 

analysis using Orange3 data mining toolbox in Python [68]. For the multivariate datasets, the 

data was scaled and centred.  

4.3.4 Quantitative evaluation 

For the quantitative evaluation of the subset of clustering algorithms, we utilize an 

external cluster validity index in the form of the V-measure [69]. This assumes data 

classification labels are available for this evaluation. If data labels are not available, internal 

cluster validation indices are used such as the silhouette index [66], the Davies-Bouldin index 
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[70], and the Dunn index [71]. Arbelaitz et al. present an extensive comparative study of 

cluster validity indices [72].  

The V-measure external index uses the harmonic mean between the homogeneity (h) 

and completeness (c) of clusters. i.e.  

𝑉 =
( )∗ ∗

( ∗ )
.     (4.1) 

The formulations of h and c are well described by described by Rosenberg and 

Hirschberg [69]. We use a 𝛽 value of 1 to place equal importance on homogeneity and 

completeness. The result is a V-measure (VM) score between 0.0 and 1.0, where 1.0 represents 

perfectly correct labelling. The V-measure was calculated in this analysis using the scikit-learn 

Python package [73]. 

4.4 RESULTS  

As a means of validating our analysis framework for identifying suitable clustering 

algorithms, we apply it to four differing kinds of datasets and evaluate whether the 

recommended clustering algorithms suit the intended analytical application (user’s needs). 

4.4.1  Stage 1 – Evaluation characteristics identification 

The first stage of our analytical framework identifies a set of characteristics from which sub-

sets can be selected for the differing applications. These characteristics are drawn from the 

datasets, the clusters which they contain and the candidate clustering algorithms. 

Observed dataset characteristics 

As a starting point for characterization, we consider the general characteristics of the 

four types of evaluation datasets. For our subject datasets (as summarised in Table 4.1), the 

dominant characteristics that were identified as worthy of consideration were the size of the 

dataset (number of samples) and the dimensionality. 
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Table 4.1 Characteristics of the Validation Datasets. 

Dataset Name and Type No. of Samples No. of Features No. of Classes 

Output Energetic – FTIR 73 3350 5 
Transition Energetic – FTIR 69 3350 8 
First Fire Energetic – FTIR 53 3350 7 

Coffee – MID-DRIFT 56 286 2 
Fruit – FTIR  983 234 2 
Liver – FTIR 731 234 4 
Mangos – NIR 186 1157 4 
Marzipan – FTIR 32 1557 9 
Meats – FTIR 120 448 3 
Olive Oil – FTIR 120 570 4 
Wine – FTIR 44 842 4 

Gene – RNA-Seq 801 20531 5 

Iris – Multivariate 150 4 3 
Wine – Multivariate 178 13 3 
Breast Cancer - Multivariate 569 30 2 

 
Dataset size is one of the data’s most fundamental characteristics against which 

clustering algorithms are often compared. Spectroscopy is typically used in laboratories or in 

process plants where collecting and processing samples can be an expensive process from the 

perspective of cost, time, and expertise. Hence, the typical number of samples is small and 

may require specific consideration for suitable algorithm selection. This was observed in the 

explosives spectroscopy and public spectroscopy datasets.  

High dimensionality is another strong trait of spectroscopic data. A large number of 

measurements are taken at intervals across a spectrum for each sample. Elsewhere, 50 

dimensions is referred to as high dimension data for cluster analysis [74]. However, the 

number of dimensions (features) for spectroscopy is typically in the hundreds or thousands for 

each sample. The number of variables or features within the gene expression RNA-sequence 

dataset is an order of magnitude larger again.  

Hence, the characteristics we will carry forward for use in our analysis framework are 

small datasets and high dimensionality.  

Observed cluster characteristics 

As with most aspects of machine learning, an algorithm’s success is often dependent on 

how well suited it is to the characteristics of specific datasets. For clustering algorithms, this 

includes the characteristics of the clusters contained with the dataset. To understand these 
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cluster characteristics, principal component analysis (PCA) was applied, and the first two 

principal components were plotted to enable a two-dimensional visualization of the data. True 

labels of the class of each sample were then applied to see the underlying clusters for each 

dataset (as shown in Figures 4.2-4.5). We acknowledge that these class labels are often not 

available in applications of cluster analysis (unsupervised learning), and we have included 

suggestions of alternative methods to infer these characters in section 4.2.1. 

The three homemade explosives (energetics) datasets (Figure 4.2) had noticeably 

different cluster characteristics to the public spectroscopy datasets (Figure 4.3) reviewed in 

our study. These differences likely stemmed from the different purpose of the data samples. 

As these explosives spectroscopy samples represent real world collections of explosives, they 

are uneven (unbalanced) in the number of samples of each type of explosive in a dataset. This 

distribution represents the variation in the explosives encountered in real life, including the 

possibility of a single sample of one type of explosive being encountered which results in a 

single sample cluster (or a single point cluster). It was also observed that there is a varying 

density within certain clusters of homemade explosives, including the possibility of outliers. 

This may be due to the homemade nature of the explosives where ingredients and conditions 

may vary from batch to batch and result in inconsistencies.  

 
Figure 4.2 PC1 vs PC2 PCA score plots of the clusters present in the explosives spectroscopy 

datasets. A: Output Energetic; B: Transition Energetic; C: First Fire Energetic. The percentage of 
original information contained in each principal component is shown on each axis. 

In comparison to the homemade explosives spectroscopy datasets, the public 

spectroscopy datasets (Figure 4.3) appear less disparate in the subject matter they are 

comparing, resulting in less separation between the majority of clusters. The number of 

datapoints in each cluster appear similar (balanced) with no single point clusters. These 
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characteristics likely stem from the purpose of the testing in the public datasets, i.e. a deliberate 

chemical testing process for research purposes. The number of clusters or classes within each 

dataset was relatively small, with Marzipan containing the most at nine clusters. The density 

of clusters does vary in many of the datasets, both within a cluster and between clusters, and 

there are some non-spherical clusters. There does not appear to be as many outliers in the 

public spectroscopy datasets when compared to the homemade explosives dataset, but noise 

can be observed in the form of scattering or spread in some of the data points.  

 
Figure 4.3 PC1 vs PC2 PCA score plots of the clusters present in the public spectroscopy datasets. 

A: Coffee; B: Fruit; C: Liver; D: Mangos; E: Marzipan; F: Meats; G: Olive Oil; H: Wine. The 
percentage of original information contained in each principal component is shown on each axis. 

The gene expression dataset shown in Figure 4.4 does not present any strong 

characteristics within the clusters with mostly spherical clusters of equal size (balanced) and 

minor variations in density and outliers. 

 
Figure 4.4 PC1 vs PC2 PCA score plots of the clusters present in the gene expression dataset. The 
percentage of original information contained in each principal component is shown on each axis. 
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The classic ML datasets shown in Figure 4.5 do not present many strong characteristics 

within the balanced clusters. The Iris dataset does present elliptical clusters and the breast 

cancer dataset presents minor variations in density. 

 
Figure 4.5 PC1 vs PC2 PCA score plots of the clusters present in the classic ML datasets. A: Iris; B: 

Wine; C: Breast Cancer. The percentage of original information contained in each principal 
component is shown on each axis. 

In discussing the cluster characteristics of the multiple types of datasets, there were 

common characteristics that were repeatedly observed, namely non-spherical clusters, varying 

density within clusters¸ unbalanced clusters, single point clusters, and noise and outliers. 

These are the characteristics that we will use in our implementation of our analysis framework 

for selecting clustering algorithms for the datasets considered here.  

Clustering algorithm characteristics 

In this section we review the candidate algorithms and capture characteristics for use in 

our evaluation. Clustering algorithms all generally work to minimize the within-cluster 

distances or maximize the between-cluster distances. Each clustering algorithm has a 

mechanism through which the clusters are generated. These mechanisms impart characteristics 

on the algorithm as to how well it will work on data with varying characteristics.  

In reviewing the candidate clustering algorithms listed in the Materials and method 

section and their characteristics in the associated references, commonly reoccurring 

characteristics have been identified. These include high dimensional data, non-spherical 

shaped clusters, variable cluster density, robustness to outliers and noise, multi-

modal/hierarchical outputs, the number of parameters or hyperparameters, deterministic, and 

its time complexity or efficiency. Many of these have been already identified when considering 

the dataset characteristics and the cluster characteristics. The additional remaining 
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characteristics that have been captured are now described, including how they can influence 

algorithm selection. 

Multi-modal refers to whether the output of the clustering algorithm produces multiple 

sets of clusterings (multi-modal) or whether it produces a single set of clustering. Multi-modal 

algorithms can typically generate a hierarchical output. 

The number of parameters or hyperparameters required for implementing an algorithm 

is of practical consideration. The simples and most common parameter is the number of 

clusters (k) for an algorithm to generate. Other common parameters for clustering algorithms 

include the minimum number of points in a cluster (which often influences outlier removal), 

or hyperparameters relating to minimum densities, distances, or bandwidths. These then 

influence the resulting number of clusters. When the algorithm is intended for use in an 

automated process or minimal time is available for implementing hyperparameter tuning, then 

algorithms with fewest parameters may be preferred due to its ease of implementation. 

Deterministic refers to whether the results of each execution of a clustering algorithm 

are always the same (deterministic) or if a random factor can cause variations in the outcomes 

and can occasionally deliver poor results. This may require manual intervention or re-running 

of the algorithm. 

Often referred to as time complexity [22], the efficiency of an algorithm affects how 

long an algorithm takes to execute and the computational and memory requirements. These 

computational complexities are typically described using the ‘Big O’ notation which captures 

the order of magnitude in the number of steps to complete the clustering. 

Through consideration of the characteristics of the datasets, the clusters that they 

contain, and the clustering algorithms themselves, we have now developed a set of 

characteristics for down-selection and use in our evaluation. 

4.4.2 Stage 2 – Selection of evaluation characteristics for each application 

From the characteristics that we have identified in Stage 1, we will now select those that 

are most relevant for our specific applications. This is where the differences in the user’s needs 

and desirable characteristics between each of our four cluster analysis applications will be 
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captured and then, subsequently, used in assessing the candidate clustering algorithms in Stage 

3. The characteristics we identified for consideration from the dataset characteristics were 

small datasets, and high dimensionality. The characteristics we identified for consideration 

from the cluster characteristics were non-spherical clusters, varying density within clusters¸ 

uneven cluster sizes, single point clusters, and noise and outliers. The additional 

characteristics we identified for consideration from the clustering algorithms multi-

modal/hierarchical outputs, the number of parameters, deterministic, and efficiency. We now 

consider the context of use and expand on the application scenarios to assist in deciding which 

of these are relevant for each application. 

Matching desirable characteristics for homemade explosives spectroscopy analysis 

Our analysis of homemade explosive samples utilises spectroscopy data containing real-

world influences. These impart unique characteristics onto the dataset and the requirements 

for the analysis. 

From reviewing the general characteristics of the homemade explosives spectroscopy 

data, small sample size and high dimensionality are clearly relevant. 

From reviewing the labelled clusters evident in the homemade explosives spectroscopy 

datasets, key characteristics were non-spherical clusters (ellipsoidal) of varying cluster 

density, uneven cluster size, single point clusters, and occasional outliers. Single point clusters 

are important for this application for when new explosive types are encountered as 

bombmakers recipes evolve over time. This is somewhat challenging as these points may be 

considered outliers or noise by some algorithms. Hence, robust to noise and outliers can no 

longer be a consideration if single point clusters are to be included. 

Having a multi-modal (hierarchical) output is especially important for the application 

of matching homemade explosive samples as the hierarchical output may be used to infer 

commonalities between bombmakers and potential linkages within a bombmaker network.  

A secondary consideration is a desire to create an automated process to regularly 

reanalyse datasets as more homemade explosive samples are obtained. For this, having 
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deterministic results is attractive as an analysts would not be available to observe intermediate 

results and manually detect if the random starting points of an algorithm lead to a clear non-

optimal local minima and poor results. Additionally, having consistent results between 

applications would be desirable. Similarly, the use of a minimal number of hyperparameters 

is desirable if the process is to be automated.  

The computational efficiency of an algorithm is less of a concern as these are relatively 

small datasets, so computation time is short. 

From this review, the important characteristics to be used in the evaluation are small 

datasets, high dimensions, non-spherical clusters, variable cluster density, single point 

clusters, uneven cluster size, and multi-modal output, with minor consideration given to the 

number of parameters and deterministic characteristics. 

Matching desirable characteristics for public dataset spectroscopy analysis 

Cluster analysis of spectroscopy (as seen in the public spectroscopy datasets we 

evaluate) is often applied in controlled laboratory setting for food, agriculture and biomedical 

studies [4]. We now consider the characteristics that are important for this application and the 

associated user’s needs. 

From reviewing the general characteristics of the public spectroscopy datasets, small 

sample size and high dimensionality were clearly evident (Table 4.1). 

From reviewing the labelled clusters evident in the public spectroscopy datasets, key 

characteristics were non-spherical clusters of varying cluster density, and occasional outliers 

and noise. Due to the controlled nature of these experimental datasets, they typically contain 

equal sized clusters with no single point clusters. 

Considering the purpose of the analysis and the user’s needs, the multi-modal 

(hierarchical) cluster analysis capability is important as it enables the results to be related back 

to the hierarchical nature of the samples (e.g. biological species, genus and family) [4]. 

However, the number of parameters and the deterministic characteristics of the algorithms are 

typically not as important as they are unlikely to be performed as part of an automated process. 
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They are more likely to be performed by a researcher or analyst who can tune the parameters, 

observe the results and mitigate against poor results due to random starting points for non-

deterministic algorithms. Once again, the size of the typical spectroscopy datasets mean 

computation time is low, hence, computational efficiency is not an important consideration. 

From this review, the important characteristics to be used in the evaluation are small 

datasets, high dimensions, non-spherical clusters, variable cluster density, and multi-modal 

output. 

Matching desirable characteristics for gene expression dataset analysis 

Cluster analysis of gene expression datasets presented two core, interrelated 

characteristics that stem from the nature of the data. The data is extremely high dimensional. 

This means that algorithms specifically designed for high dimensional data may be attractive. 

An outcome of this high dimensional data is that the volume of data needing to be processed 

is large. Hence, efficient algorithms will be attractive to enable analysis within an acceptable 

computation time without the need for specialist hardware or supercomputer capabilities. The 

nature of the clusters did not present any strong characteristics as the clusters are balanced, 

spherical, and of similar density with minimal noise or outliers. The analysis is likely to be 

performed by a researcher or experienced analyst, so the number of parameters and a 

deterministic nature are less of a concern. A hierarchical output may be of value depending on 

the nature of the genomic research being conducted. 

From this review, the important characteristics to be used in the evaluation are high 

dimensions and efficiency. 

Matching desirable characteristics for classic ML dataset analysis 

The classic ML datasets present an interesting case. For researchers and practitioners to 

acquire skills in machine learning, datasets are required for learning to work with data, 

implement code and algorithms, and understand the mathematics and associated phenomena 

behind it. These classic ML datasets have rose to prominence for this application due to their 

well-behaved and somewhat simplistic nature and general lack of strong characteristics. I.e., 
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they are of moderate size and low dimensionality which makes them easy to apply and they 

are typically well curated, so they lack noise, outliers, and contain balanced clusters. They are 

well-sized, well-balanced, and easily understood datasets. 

While the datasets and associated clusters may lack strong characteristics, there are 

some characteristics that can be implied from how or who is using these datasets. Given that 

these are datasets are used as a learning and demonstration tool, a primary focus is that they 

are easy to implement. Hence, a desirable characteristic is that they contain a low number of 

hyperparameters to tune (preferably only requiring k). 

The characteristics that we have extracted from the four datasets and their scenarios are 

summarised in Table 4.2. 

Table 4.2 Characteristics applicable to the validation datasets. 
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Explosives Spectroscopy Datasets X X X X X X  X X X  

General Spectroscopy Datasets X X X X   X X    

Gene Expression Dataset  X         X 

Classic ML Datasets         X   

 

4.4.3 Stage 3 – Qualitative evaluation of candidate clustering algorithms for 
each application 

We now utilise the characteristics we have identified (stage 1) and selected (stage 2) in 

our analysis framework to evaluate which of the candidate clustering algorithms suits our 

needs. This is effectively a qualitative process to reduce the large list of candidate clustering 

algorithms to a select few that are most likely to suit our needs (prior to final evaluation of 

those selected clustering algorithms based on quantitative clustering performance metrics). 

Our approach uses a simple comparative matrix where candidate clustering algorithms 

are compared and assessed against the desired characteristics. A simple yes/no evaluation 

against each category can then be used to guide the analyst to down-select appropriate 

algorithms. 
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As a starting point for this evaluation, a comparative matrix has been generated for the 

evaluation characteristics we had previously identified, and the literature associated with the 

candidate clustering algorithms. This is shown in Table 4.3. This does not yet take into account 

the needs of our specific application. Note that there are some gaps in the information 

available for certain algorithms against some criteria. If this missing information was 

considered essential in the decision-making process, further research could be conducted to 

assess those algorithms. 

Table 4.3. Comparative matrix of identified characteristics vs. candidate clustering algorithms. 
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Hierarchical (Ward’s) [19, 45] Y N N Y Y Y Y Y k Y n2log n 

Hierarchical (Single Link) [19] Y N Y N Y Y N Y k Y n2log n 

BIRCH [46, 47] Y Y N  Y Y Y Y k+2  n 

k-means [48-50] Y N N N Y N N N k N nkdi 

k-means minibatch [51] [49] N Y N N Y N N N k+1 N <nkdi 

PAM [52] Y N N N Y Y Y N k N n2k2 

Fuzzy C-Means [60, 61] Y N N  Y N N N k N nk2di 

DBSCAN [49, 53] Y N Y N Y# Y Y N 2 Y* n log n 

HDBSCAN [63, 64] Y N Y Y Y#  Y Y+ 2 Y n2 

OPTICS [49, 54] Y N Y Y N Y Y Y+ 2 Y* n 

Mean Shift [49, 55] Y N Y N Y Y Y Y+ 1  n2 

Spectral Clustering [49, 56, 57] N Y Y  Y N N N k+1 N n3 

Affinity Propagation [49, 57, 58] Y Y Y N Y Y N Y+ 2  n2i 

Gaussian Mixture Model [57, 59] Y N Y Y Y Y Y N k N nkd3 

n = the number of objects to be clustered 
k = the number of clusters 
d = the number of dimensions 
i = the number of iterations to convergence 
*Results can change based on the order the data is provided 
+Produces an object such as a minimum spanning tree from which hierarchy can be inferred 
#Enabling single point clustering removes outlier/noise detection capabilities 

 
This information can now be used for evaluation in matching algorithms to the 

characteristic needed of each type of dataset and scenario. 
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Matching desirable characteristics for homemade explosives spectroscopy analysis 

The characteristics identified for the evaluation of the homemade explosives (Table 4.2) 

are now compared against the candidate clustering algorithms characteristics (Table 4.3) to 

enable down-selection of clustering algorithms that best meet the desired characteristics. There 

was no universal match found against all characteristics, hence, options that meet the majority 

of characteristic were selected. The clustering techniques down-selected for quantitative 

performance evaluation on our explosives spectroscopy datasets were hierarchical (Ward’s), 

hierarchical (single link), HDBSCAN, and affinity propagation. 

The hierarchical clustering algorithms appear well suited to this application due to their 

ability to work with small datasets, single point clusters, uneven cluster size, and produce the 

hierarchical output that is important for our application. Potential shortcoming could eventuate 

from the Ward’s methods limited ability to model arbitrary shaped clusters and the Single Link 

methods limitations on varying density clusters. 

HDBSCAN assess well on non-spherical clusters of variable density and can produce a 

hierarchical output, although it has a limitation of not producing single point clusters and 

information about its performance on uneven cluster sizes was not readily available.  

Affinity propagation clustering is the only selected algorithm explicitly well suited to 

high dimensional data. However, it is not suited to clusters of varying density and having 

multiple parameters to tune may make its implementation challenging. 

All of the selected algorithms include potential shortcoming for application to the 

explosives datasets. Hence quantitative clustering performance metrics will be used for final 

selection of algorithms from this subset (Stage 4). 

Matching desirable characteristics for public dataset spectroscopy analysis 

The characteristics identified for the evaluation of for the public spectroscopy datasets 

(Table 4.2) are now compared against the candidate clustering algorithm characteristics in 

(Table 4.3) to enable down-selection of clustering algorithms that best meet the desired 

characteristics. 
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In reviewing these characteristics against the clustering algorithm characteristics, the 

clustering techniques down-selected for quantitative performance evaluation on our public 

spectroscopy datasets were hierarchical (Ward’s), HDBSCAN, OPTICS, and gaussian mixture 

model clustering. 

The hierarchical (Ward’s) clustering algorithm appear well suited due to their ability to 

work with small datasets, varying density cluster, is robust to outliers, and produces the 

hierarchical output that is important for our application. HDBSCAN and OPTICS also assess 

well against these criteria, plus they are well suited to non-spherical shaped clusters and can 

produce a hierarchical output.  

Finally, the gaussian mixture model presents many attractive characteristics. However, 

it lacks the important ability to create a hierarchical output. Hence, it would require exceptional 

quantitative clustering performance to offset that limitation. This quantitative clustering 

performance is evaluated in Stage 4. 

Matching desirable characteristics for gene expression dataset analysis 

The characteristics identified for the evaluation of for the gene expression dataset (Table 

4.2) are now compared against the candidate clustering algorithm characteristics in (Table 4.3) 

to enable down-selection of clustering algorithms that best meet the desired characteristics. 

In reviewing these characteristics against the clustering algorithm characteristics, there 

were four algorithms noted as suitable for high dimension data. However, of those, spectral 

clustering and affinity propagation were noted for high computational complexity (efficiency 

(O) above n2) and would be unsuitable for our application to the large RNA sequence datasets. 

Hence, the BIRCH and k-means minibatch were selected as they are suited to high dimensional 

data and very efficient. 

Matching desirable characteristics for classic ML dataset analysis 

The important characteristics to be used in the evaluation of algorithms for the classic 

ML datasets was simply minimizing number of parameters (Table 4.2). This is compared 
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against the candidate clustering algorithm characteristics in (Table 4.3) to enable down-

selection of clustering algorithms that best meet the desired characteristics. 

Limiting the selection to the simplest parameter selection (k) results in the hierarchical 

(Ward’s and single link), k-means, PAM, fuzzy c-means and gaussian mixture model being 

selected. 

4.4.4 Stage 4 – Quantitative evaluation of clustering algorithms 

We have so far highlighted characteristics of clustering algorithms that may make them 

attractive to the user’s needs and used these characteristics to down-select a subset of 

clustering algorithms that are well suited to the needs of the analysis. In this section, we 

quantify the performance of these algorithms on the application datasets. Once the 

performance of the algorithms is understood, trade-offs can be considered if needed between 

attractive characteristics and outright performance of the algorithms for our considered 

application. 

In order to validate of our analysis framework, we also perform quantitative evaluation 

on all of the non-selected candidate clustering algorithms. This will enable comparison 

between the subset of algorithms that were down-selected as well suited to our application, 

against those that were not selected. When our analysis framework is being applied in other 

situations, the intention is to only evaluate the performance of the selected algorithms, hence 

removing the need for arduous evaluation of a wide range of algorithms.  

The clustering algorithms were applied to the four types of datasets (fifteen datasets 

total) and the results were evaluated using the V-measure external cluster validation index. 

The results are shown in Table 4.4, with a total score for each type of dataset presented in bold 

to enable easier comparisons. The highlighting shows the subset of clustering algorithms 

down-selected through the qualitative evaluation process (Stage 3). 
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Table 4.4 V-measure scores for all algorithms and datasets. The highlighted algorithms are those 

suggested through our analysis framework. The cumulative total score for each type of dataset is 

shown in the bold columns. 
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Hierarchical (Ward’s) 1.00 0.71 0.68 2.39 0.70 0.08 0.79 0.41 0.81 0.65 0.73 0.37 4.55 0.98 0.79 0.77 0.46 2.02 

Hierarchical (Single) 1.00 0.65 0.68 2.33 0.03 0.00 0.01 0.10 0.72 0.07 0.22 0.11 1.28 0.01 0.03 0.72 0.01 0.76 

BIRCH 1.00 0.71 0.68 2.39 0.70 0.08 0.57 0.08 0.81 0.65 0.73 0.37 3.99 0.98 0.79 0.77 0.46 2.02 

k-means 1.00 0.71 0.73 2.44 0.54 0.15 0.75 0.40 0.81 0.81 0.67 0.33 4.46 0.98 0.89 0.76 0.53 2.18 

k -means minibatch 1.00 0.69 0.74 2.43 0.54 0.15 0.75 0.29 0.83 0.67 0.69 0.33 4.25 0.97 0.86 0.76 0.58 2.2 

PAM 1.00 0.73 0.73 2.46 0.59 0.15 0.73 0.39 0.81 0.58 0.67 0.28 4.21 0.95 0.78 0.79 0.49 2.06 

Fuzzy C-Means 1.00 0.63 0.70 2.33 0.54 0.12 0.74 0.37 0.84 0.80 0.62 0.33 4.35 0.53 0.88 0.75 0.56 2.19 

DBSCAN 1.00 0.65 0.68 2.33 082 0.10 0.46 0.54 0.72 0.45 0.56 0.12 3.68 0.75 0.52 0.66 0.04 1.22 

HDBSCAN 0.95 0.74^ 0.77 2.47 0.78 0.18 0.58 0.68 0.84^ 0.67 0.49# 0.27 4.49 0.73 0.50 0.73^ 0.21 1.44 

OPTICS 0.36 0.62 0.44 1.41 0.69 0.03 0.59 0.56 0.80 0.50 0.53 0.30 4.00 0.77 0.55 0.63 0.20 1.38 

Mean Shift 1.00 0.63 0.68 2.31 0.06 0.16 0.59 0.20 0.77 0.60 0.50 0.18 3.06 0.04 0.04 0.77 0.02 0.83 

Spectral Clustering 0.06* 0.15* 0.13* 0.34 0.09 0.12 0.79 0.18 0.86 0.63 0.73 0.29 3.69 0.01* 0.66 0.77 0.01* 1.34 

Affinity Propagation 0.64 0.55 0.50 1.68 0.57 0.15 0.72 0.07 0.75 0.35 0.62^ 0.21 3.44 0.93 0.56 0.73 0.50 1.89 

Gaussian Mixture Model 1.00 0.74 0.68 2.42 0.65 0.14 0.74 0.36 0.83 0.54 0.67 0.26 4.20 0.82 0.88 0.90 0.66 2.44 

#large number of noise 
^could not generate specified k number of clusters. 
* could not generate a complete graph from the similarity matrix, which resulted in incorrect clustering 

4.4.5 Evaluation of the framework for clustering algorithm selection 

We now consider the success of the analysis framework in selecting suitable algorithms 

that are high performing and meet the needs of the analysis for each of the datasets. 

Homemade explosives spectroscopy datasets results 

The results (highlighted in green in Table 4.4) for the three explosives spectroscopy 

datasets show that we had correctly selected multiple high performing algorithms with the 

Affinity Propagation algorithms performance being the only exception. Hierarchical (Ward’s) 

produced the best results from the Ward’s and Single link hierarchical clustering algorithms. 

HDBSCAN produced the best overall clustering performance but is unable to model single 

point clusters. Thus, depending on priorities, Hierarchical (Ward’s) or HDBSCAN algorithms 

are recommended for cluster analysis of homemade explosives spectroscopy. 

There were other algorithms such as k-means, PAM, BIRCH and gaussian mixture 

model deliver strong clustering results that were not chosen by our analysis framework. These 
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were not selected due to their mismatch to the user’s needs of the cluster analysis. I.e. the k-

means variants, PAM and gaussian mixture model lack a hierarchical output (which is 

important for our application), and the higher number of parameters required for the BIRCH 

algorithm that would make future automated implementations challenging. This highlights the 

value of our analysis framework for algorithm selection when compared to selection 

algorithms purely based on quantitative performance-based metrics.  

Public spectroscopy datasets results 

The results (highlighted in yellow in Table 4.4) for the eight public spectroscopy 

datasets show that we had correctly selected multiple high performing algorithms. Hierarchical 

(Ward’s), HDBSCAN, OPTICS and gaussian mixture model all performed well. Given the 

highest performance of hierarchical (Ward’s) and the hierarchical output that is well matched 

to the typical user’s needs when clustering spectroscopy datasets, hierarchical clustering using 

Ward’s method is our recommended clustering algorithm. 

One observation of note is that unlike for the homemade explosives spectroscopy 

dataset, our analysis framework did not down-select the hierarchical single-linkage method 

for the public spectroscopy datasets.. This choice was vindicated by the poor resulting 

clustering performance of Hierarchical (Single) algorithm as shown in Table 4.4. This is likely 

due to the lack of the elongated chain like clusters that single link hierarchical clustering is 

best suited to. This indicates correct function of our analysis framework, and that the approach 

used in our analysis framework is suitable for identifying likely high performing clustering 

algorithms given a specific user’s scenario. 

A second observation of note was that while k-means clustering algorithm was the 

second-best performing algorithm for each set of spectroscopy data, it was not recommended 

by the analysis framework. This is primarily due to its lack of a hierarchical output, and hence, 

does not match the typical user’s needs where the public spectroscopy datasets commonly 

analyse biological materials that contain a taxonomical hierarchy [4]. 
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Gene expression dataset results 

The results (highlighted in salmon colour in Table 4.4) for the gene expression dataset 

show that we had correctly selected two high performing algorithms for analysis of the gene 

expression data. BIRCH and k-means minibatch both delivered very high v-measure scores 

and were very fast to compute. The alternative techniques suited to high dimensional data 

(affinity propagation and spectral clustering) were computationally and memory intensive and 

hence, were unsuited to this application. Hence, the fact that they were not selected contributes 

to the validation of our analysis framework. 

Classic ML datasets results 

Despite having limited guiding characteristics for selecting algorithms for the classic 

ML datasets, the results (highlighted in blue in Table 4.4) show that multiple high performing 

algorithms were selected, including the highest performing gaussian mixture model algorithm. 

The only selected algorithm to perform poorly was the single link method of hierarchical 

clustering. This algorithm is best suited to elongated chain like clusters which were not 

predominant within these datasets. 

4.5 CONCLUSIONS 

We address the challenging task of selecting a clustering algorithm from the many 

options available. To achieve this, we have presented an analysis framework for selecting 

appropriate clustering algorithms for specific use cases, where consideration can be made for 

the intended application of the analysis and the associated desirable characteristics. In contrast 

to other literature which predominantly focuses on the characteristics of the algorithm, our 

process considers the characteristics of the data, the characteristics of the clusters it contains, 

and the characteristics of the clustering algorithm and compares these with the needs of the 

user (the purpose of the cluster analysis). 

To validate our analysis framework for selecting clustering algorithms, we applied it to 

four different types of datasets with four differing analytical applications. Our analysis 

framework, when applied to each of these challenges, recommended differing subsets of 
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clustering algorithms for final quantitative performance evaluation. The recommended 

clustering algorithms were confirmed to contain the top performing algorithms through 

quantitative performance indices and the algorithms characteristics were well suited the 

intended context of the analysis (the user’s needs). 

For cluster analysis of homemade explosives spectroscopy datasets, we considered the 

characteristics of small datasets, high dimensions, non-spherical clusters, variable cluster 

density, single point clusters, uneven cluster size, and multi-modal (hierarchical) output, with 

minor consideration given to the number of parameters and deterministic characteristics for if 

the analysis process was to be automated. This resulted in the agglomerative hierarchical 

clustering (Ward’s method) and HDBSCAN (Hierarchical Density-based Spatial Clustering 

of Applications with Noise) being assessed as the most suitable clustering algorithms for 

homemade explosives spectroscopy datasets by delivering high clustering performance while 

meeting the user’s needs of the cluster analysis. 

For cluster analysis of the public spectroscopy datasets, we considered the 

characteristics of small datasets, high dimensions, non-spherical clusters, variable cluster 

density, robust to noise and outliers, and multi-modal (hierarchical) output. This resulted in 

the agglomerative hierarchical clustering (Ward’s method) being assessed as the most suitable 

clustering algorithms for public spectroscopy datasets by delivering high clustering 

performance while meeting the user’s needs of the cluster analysis. 

For the gene expression dataset, we considered the characteristics of high 

dimensionality and efficiency in selection of suitable clustering algorithms. Our analysis 

framework recommended the BIRCH and k-means minibatch algorithms which resulted in fast 

computation on the huge dataset (meeting the user’s needs) and highly accurate clustering 

outcomes.  

For cluster analysis of the classic machine learning datasets, we considered the 

characteristic of the number of parameters/hyperparameters. This resulted in a selection of 

multiple high performing algorithms that require the value of k (number of clusters) as their 

only parameter, hence meeting the example user’s needs of simple to implement algorithms. 
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Cumulatively, these findings indicate that our analysis framework is a valid means of 

selecting clustering algorithms that are well suited to the user’s needs of cluster analysis. The 

primary focus in development and evaluation of the analysis framework has been for 

applications to spectroscopy. The validation of the methodology against eleven varying 

spectroscopy datasets demonstrates its suitability for this application. However, the successful 

evaluation of additional types of data (gene expression data and classic machine learning 

datasets) indicates the analysis framework may be extensible to other clustering applications. 
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Hierarchical (Ward’s) - k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

Hierarchical (Single) - k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

BIRCH - k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

BIRCH – branching_factor 50 50 50 50 50 50 50 50 50 50 50 50 50 50 50 

BIRCH – threshold 0.5 0.00049 0.005 0.5 0.0005 0.5 0.5 0.0005 0.01 0.0005 0.0005 0.5 0.0005 0.0005 0.0005 

k-means - k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

k -means minibatch - k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

k -means minibatch – batch-size 200 200 200 200 200 200 200 200 200 200 200 200 200 200 200 

PAM - k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

Fuzzy C-Means – k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

DBSCAN - eps 450 300 150 12 0.003 0.12 0.25 0.362 0.06 0.04 0.08789 180 2.3 0.5 3.5 

DBSCAN – min_samples 1 1 1 5 11 5 5 1 5 3 2 40 11 11 2 

HDBSCAN – min_clust_size 2 3 2 3 24 2 10 1 3 3 2 20 7 3 25 

HDBSCAN – min_samples 2 2 3 None None 10 None None None 20 3 10 1 None 1 

OPTICS - xi 0.2 0.27 0.34 0.05 0.3 0.046 0.05 0.05 0.005 0.05 0.05 0.005 0.003 0.01 0.0001 

OPTICS - min_samples 2 2 2 10 5 11 13 2 17 6 3 40 10 15 17 

Mean Shift - bandwidth 400 380 200 13 0.0093 0.5 0.829 0.38 0.15 0.055 0.095 238 3.9 0.85 10.5 

Spectral Clustering – k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

Spectral Clustering – random_state 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

Affinity Propagation – preference -12616 -50000 -10000 -5000 -0.015 -7.6219 -0.15 0.08 -0.0051743 
-

0.0070415
7 

-0.008 -800000 -148 -0.35 -2000 

Affinity Propagation – damping 0.95 0.95 0.95 0.95 0.95 0.96 0.95 0.95 0.95 0.96 0.95 0.95 0.95 0.95 0.95 

Gaussian Mixture Model – k 5 8 7 2 2 4 4 9 3 4 4 5 3 3 2 

All other parameters were the default within the cited implementations. 
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Chapter 5: Preprocessing Techniques for 
Cluster Analysis of IR 
Spectroscopy 

Chapter 5 aims to identify appropriate data preprocessing techniques to improve 

cluster analysis of IR spectroscopy. We investigate the effect that fourteen common spectral 

preprocessing techniques have on cluster analysis outcomes. These preprocessing techniques 

are applied to the three homemade explosive spectroscopy datasets and seven spectroscopy 

datasets from the food science and biomedical domains. We present an effective visualization 

technique for understanding the effect each preprocessing technique is having on the clusters 

contained within the data. An ensemble of clustering algorithms is applied (to remove any bias 

from a single algorithm) and quantified clustering metrics are used to compare the clustering 

outcomes from each preprocessing technique. The analysis demonstrates that preprocessing 

provides significant benefits and can be essential in achieving meaningful outcomes from 

cluster analysis. 
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Abstract— Cluster analysis is an unsupervised machine learning technique where algorithms work to 

identify similarities between datapoints, which can subsequently be grouped into clusters. This is a challenging task 

where the quality of the input data can significantly affect the results. When applied to the high dimensional data 

from IR spectroscopy sensors, there is the potential for unwanted variations from instrumental and experimental 

artefacts to negatively impact clustering outcomes. Hence, data preprocessing to reduce these unwanted signals can 

be of critical importance to analytical success. We investigate the effect fourteen common spectral preprocessing 

techniques have on cluster analysis outcomes. These preprocessing techniques are applied to three homemade 

explosive spectroscopy datasets and seven spectroscopy datasets from the food science and biomedical domains. 

We present an effective visualization technique for understanding the effect each preprocessing technique is having 

on the clusters contained within the data. An ensemble of clustering algorithms is applied (to remove any bias from 

a single algorithm) and quantified clustering metrics are used to compare the clustering outcomes from each 

preprocessing technique. The analysis demonstrates that preprocessing provides significant benefits and can be 

essential in achieving meaningful outcomes from cluster analysis. Our investigation concludes that preprocessing 

techniques must address multiple aspect of the variations in signals (e.g. baseline offset or variations in scale) to 

significantly improve clustering outcomes and the extended multiplicative signal correction (EMSC) preprocessing 

technique resulted in the greatest increase in clustering quality. 

Index Terms—Cluster analysis, data preprocessing, FTIR Fourier transform infrared 

spectroscopy, near infrared spectroscopy, unsupervised machine learning 
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5.1 INTRODUCTION 

Cluster analysis is an unsupervised machine learning technique that is applied in 

numerous diverse application domains. It is aimed at generating knowledge from unlabeled 

data [1]. Cluster analysis works to identify similarities between datapoints, which can 

subsequently be grouped into clusters. While cluster analysis is commonly used for data 

exploration, there are other circumstances where it is valuable. These include applications 

when the class structure of the data is known to vary with time, or the cost of acquiring 

classified (labelled) samples might be too great [2]. The latter is often the case for data from 

spectroscopic chemical analysis. Cluster analysis is also commonly used for demonstrating a 

sensor or chemical testing technique can achieve the desired sensing and separation of samples 

[3].  

Spectroscopy is the study of interaction between matter (the material being analyzed) 

and electromagnetic radiation. Spectroscopy sensors are widely used in chemical analysis and 

chemometrics. While the supervised learning techniques of classification and regression are 

established techniques for analysis of spectroscopy, cluster analysis has not reached the same 

level of maturity in its application to this domain [2]. 

Spectral data preprocessing is a critical first step that directly influences the follow-on 

analysis in the workflow [4]. Data preprocessing can help in removing or reducing unwanted 

signals from data such as instrumental and experimental artefacts prior to cluster analysis. The 

importance of this is demonstrated in our previous work where correct clustering could not be 

obtained until preprocessing was applied [5]. 

Given the widespread use of preprocessing in most chemometric analysis of 

spectroscopy, there are surprisingly few substantive reviews and comparisons of preprocessing 

techniques [6-8]. Additionally, these are predominantly for the supervised learning 

applications of classification and regression, such as for the purposes of calibration. Cluster 

analysis is not addressed. One might assume that this lack of literature is due to the prominence 

of a demonstrated dominant preprocessing technique. However, this is not the case, with a 
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variety of techniques or a combination of preprocessing techniques commonly used. Our 

previous survey of cluster analysis of IR spectroscopy observed standardization, baseline 

correction, vector normalization, Savitzky-Golay smoothing (with or without derivatives), and 

various forms of multiplicative scatter correction were commonly applied [3]. However, there 

was no one technique that was applied to more than half the papers surveyed. We observed 

that it was rare to include the evaluation of multiple preprocessing techniques, include a reason 

for application of a particular technique, or even the justification for the use of one technique 

over another. 

 Lee, Liong and Jemain [9], in their review of contemporary data preprocessing practice 

for ATR-FTIR spectra, suggest that careful justified selection of preprocessing practices is 

often ignored and hypothesize that users tend to follow conventional choices in literature or 

practices they are familiar with without supporting evidence. With this practice, researchers 

could potentially miss the most appropriate preprocessing methods for their specific data. 

Given this context, we investigate preprocessing techniques for IR (vibrational) 

spectroscopy for the application of cluster analysis. This addresses a current gap in 

spectroscopy literature. In doing so, we present a data visualization technique that allows 

insight into the effect of the preprocessing techniques on the data and its ability to be clustered. 

We utilize cluster validity indices to then quantify the effects of fourteen spectral data 

preprocessing techniques have on clustering outcomes. We conclude by presenting the 

dominant characteristics that preprocessing needs to correct for, and the preprocessing 

techniques that were most effective in achieving this. 

5.2 MATERIALS AND METHODS 

The overall aim of this study is to identify appropriate IR spectroscopy data 

preprocessing techniques for the application of cluster analysis and to demonstrate the benefit 

preprocessing can have. Our specific research interest is cluster analysis of homemade 

explosives spectroscopy samples. However, there is value in understanding the wider 

suitability of preprocessing techniques to other datasets. Hence, we evaluate an additional 
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group of ‘public’ spectroscopy datasets collected from publicly available sources. These 

datasets are now described, followed by the analytical process used in this study. 

5.2.1 Datasets 

The explosives samples used in this study are representative samples of the homemade 

explosive detonators. These detonators consist of three stages of explosives of varying 

chemistries, hence presenting three data sets for comparison. Measurements of each explosives 

component were taken using attenuated total reflectance (ATR) Fourier transform infrared 

(FTIR) spectroscopy over the infrared frequency range of 650 - 4000 cm-1 in laboratory 

conditions. The resulting datasets [10] can be described as follows: 

 The DETS1 dataset is a collection of 72 FTIR samples of five different explosive types.  

 The DETS2 dataset is a collection of 69 FTIR samples of eight different explosive types.  

 The DETS3 dataset is a collection of 53 FTIR samples of seven different explosive types.  

 The publicly available spectroscopy datasets utilized in our study cover the food 

chemistry and biomedical domains. These include mid-infrared (MIR), near-infrared 

(NIR), and Fourier transform infrared (FTIR) spectroscopy and are described as follows: 

 The Coffee dataset is a collection of 56 mid infrared diffuse reflectance (MIR-DRIFT) 

spectroscopy spectra of lyophilized coffee produced from two species: arabica and 

canephora var. robusta [11, 12].  

 The Liver dataset is a collection of 731 FTIR spectroscopy spectra from liver and 

annotated according to the majority presence of a chemical compound (collagen, 

glycogen, lipids, or DNA) in that part of the cell [13].  

 The Mangos dataset is a collection of 186 NIR spectroscopy spectra from intact mango 

fruits from 4 different cultivars [14, 15].  

 The Marzipan dataset is a collection of 32 FTIR spectroscopy spectra from nine marzipan 

types [16, 17].  

 The Meats dataset is a collection of 120 FTIR spectroscopy spectra from fresh minced 

meats – chicken, pork and turkey [12, 18].  
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 The Olive Oil dataset is a collection of 120 FTIR spectroscopy spectra from 60 different 

authenticated extra virgin olive oils from four geographic regions [12, 19].  

 The Wine dataset is a collection of 44 FTIR spectroscopy spectra from wine from four 

geographic regions [17, 20].  

For all of the above datasets, classification labels are available for each spectra. While 

cluster analysis is typically applied to unlabeled datasets, the labels will assist in our study for 

the purposes of data visualization and evaluation of the results. Unlike supervised learning 

techniques, the labels are not used as part of the unsupervised cluster analysis. 

5.2.2 Analysis Process 

The overall analysis process applied in this study consists of four main stages. The first 

stage is the collecting the IR spectroscopy datasets. These are detailed above. Secondly, a 

range of common preprocessing techniques are applied to the spectra. Next, an ensemble of 

cluster analysis algorithms is applied to the unprocessed and preprocessed spectra. Multiple 

clustering algorithms are used to mitigate any bias associated with a single algorithm. Finally, 

the clustering outcomes are quantified using an external cluster validation index, and fused to 

understand the impact that the preprocessing techniques are having on the analysis cluster 

outcomes. This process is visualized in Figure 5.1and details of these stages are included where 

they are applied in subsequent sections.  
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Figure 5.1 Analysis workflow for comparing data preprocessing techniques for cluster analysis 

5.3 CLUSTER ANALYSIS 

Before we discuss the data preprocessing techniques, we will focus on the process of 

cluster analysis to understand how the algorithms work and how they may be affected by data 

preprocessing.  

Cluster analysis is an unsupervised machine learning technique that generates 

knowledge from unlabeled data through grouping data points in a multidimensional space 

based on a similarity metric. The desired result is that data points in a grouping or cluster have 

a natural relationship to one another and a dissimilarity to data points in other clusters. Cluster 

analysis algorithms utilize optimization techniques to identify the best groupings of the 

datapoints (clusters) through objectives such as minimizing the sum of squared error in the 

resulting clustering [21]. 

The most common metric for similarity in cluster analysis of spectroscopy is the 

Euclidian distance metric [3]. As IR spectroscopy typically includes measurements across a 

large number of wavenumbers (or wavelengths) per sample, this results in high dimensional 

data. When calculating the Euclidian distance between samples, the cumulative difference 
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across these high dimensions can become substantial. Hence, cluster analysis of spectroscopy 

may be highly susceptible to these measurement variations. The efforts of preprocessing to 

remove any erroneous offset or differences between measurements is expected to be highly 

beneficial for cluster analysis. 

Numerous clustering algorithms have been proposed in literature with new clustering 

algorithms continuing to appear. Despite this ongoing effort from the research community, 

there is no clear best clustering algorithm. More so, there are differences in the way clustering 

algorithms perform against different datasets due to the characteristics of those datasets. 

Algorithms may differ in their abilities against factors such as hyper-spherical, ellipsoidal or 

convex clusters; the presence of noise, scattering or outliers; clusters of varying density; and 

uneven or unbalanced numbers of datapoints across clusters. 

Since the focus of our study is on the preprocessing techniques, we wish to minimize 

the effects that the characteristics or biases of an individual clustering algorithm could have 

on the overall outcomes. To achieve this, we use an ensemble of common clustering algorithms 

with somewhat differing characteristics. The algorithms we have chosen are Ward’s method 

of agglomerative hierarchical clustering, k-means clustering, HDBSCAN clustering, and 

gaussian mixture model clustering. 

5.3.1 Agglomerative Hierarchical Clustering – Ward’s Method 

Clustering algorithms are commonly divided into two forms; hierarchical and partitional 

[22]. While partitional methods are more common for other applications [23], hierarchical 

clustering is more common for spectroscopy [3]. Agglomerative hierarchical clustering is a 

bottom-up approach where each object is initially considered as an individual cluster. A 

hierarchy is generated as the closest clusters are successively merged based on a distance 

metric (Euclidean distance). The hierarchy can then be divided at varying points to generate 

the desired number of clusters. 

Variants of agglomerative hierarchical clustering algorithms are differentiated by the 

rules used for iteratively linking the datapoints and clusters. Four of the most popular 

approaches are single link, complete link, average link and Ward’s method [24]. Ward’s 
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method has been demonstrated as the most effective linkage type of agglomerative hierarchical 

clustering in several spectroscopy applications so has been included for evaluation in our study 

[25-27]. When joining points or clusters, Ward’s method [28] minimizes the sum of squared 

differences within all clusters. Ward’s method tends to result in hyper-spherical clusters of 

relatively equal sizes [24]. The hierarchical (Ward) clustering algorithm was implemented for 

this analysis using the scikit-learn Python package [29]. 

5.3.2 K-means Clustering 

K-means clustering is the most widely used clustering algorithm in general practice due 

to its ease of implementation, speed, simplicity and empirical success [23]. Starting from 

randomly located cluster centroids, it operates to iteratively update partitions to minimize the 

within-cluster variances. When used with Euclidean distances, k-means clustering typically 

results in the hyper-spherical shaped clusters [23]. K-means clustering outcomes are 

negatively affected when clusters have varying sizes, different densities, or non-spherical 

shapes [30]. The k-means algorithm is also sensitive to noisy data and outliers, as a single 

outlier can increase the squared error dramatically [31]. The K-Means algorithm was 

implemented for this analysis using the scikit-learn Python package [29]. 

5.3.3 HDBSCAN Density Based Clustering 

Density based clustering works on the principle that clusters comprise of high density 

regions and are separated by low density regions in the feature space [23]. Algorithms that 

work on this principle generate clusters by searching for connected dense regions in the feature 

space with algorithms differing in how connectedness is calculated. DBSCAN (Density-based 

Spatial Clustering of Applications with Noise) [32] is one of the most common density based 

clustering algorithms. Working on the two parameters of the maximum distance to 

neighboring points within a cluster and the minimum number of points within a cluster, the 

algorithm searches for connected dense regions of datapoints. Points that do not get clustered 

are then labeled as noise. 
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DBSCAN can deal with clusters of arbitrary shapes and is robust to outliers. However, 

if the density across a cluster varies, objects from the lower density regions may be removed 

from the cluster or labelled as noise. Hierarchical DBSCAN [33] performs DBSCAN over 

varying distances to neighboring points and integrates the results to find a clustering that give 

the best stability. This allows HDBSCAN to work over varying density clusters [34] and 

introduces other beneficial characteristics such as being able to generate a hierarchical output. 

HDBSCAN was implemented for this analysis using the hdbscan Python package[34]. 

5.3.4 Gaussian Mixture Model Clustering 

Gaussian mixture model clustering [35] is similar to k-means but uses the expectation-

maximization (EM) algorithm with the assumption that the clustered points have a Gaussian 

distribution. The model calculates the probability that a data point belongs to a specific 

Gaussian distribution and that's the cluster it belongs to. Compared to k-means clustering, the 

use of the Gaussian mixture model allows elliptical shaped clusters with each cluster able to 

have a different ellipsoidal shape, size, density and orientation [36]. The Gaussian mixture 

model clustering was implemented for this analysis using the scikit-learn Python package [29] 

with a Monte-Carlo simulation run to mitigate the non-deterministic nature of the algorithm. 

5.3.5 Key Clustering Characteristics 

As identified in the discussion of the clustering algorithm mechanisms, there are some 

key clustering characteristics that can impact the success of the clustering algorithms. These 

include the extent of non-spherical shape of the clusters, their orientation, variations in 

datapoint density, and the presence of noise and outliers. With an understanding of how 

clustering algorithms work and the Euclidean distance metric we are using, we will now 

consider the data preprocessing techniques and how they could affect clustering outcomes. 

5.4 PREPROCESSING TECHNIQUES AND THEIR EFFECTS 

Data preprocessing is an important part of the analysis of IR spectroscopy which aims 

to remove unwanted variation in instrument and sensor responses, hence focusing on the 

variation of interest and improving analytical outcomes. 
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There are a range of common preprocessing techniques used in chemical analysis and 

spectroscopy. However, the terminology and taxonomy used is somewhat inconsistent and 

depending on the application domain. Rinnan, van den Berg and Engelsen [8] state 

preprocessing techniques can be divided into two broad classes: scatter-correction methods 

and spectral derivatives. Engel et al. [4] characterize preprocessing as corrections for noise; 

baseline offset and slope; light scatter; temporal and spectral misalignment; and normalization, 

scaling and element-wise transformations. Lasch [37] uses the taxonomy of normalization, 

filtering, detrending, and transformations.  

To cover the most common preprocessing techniques for IR spectroscopy, we have 

selected common preprocessing techniques within the categories of (1) baseline correction, 

(2) scaling, centering and normalization, (3) scatter correction, and (4) spectral filtering with 

derivatives.  

To understand the effects of the candidate preprocessing techniques, two data 

visualization approaches are used. Firstly, the un-processed and preprocessed spectra are 

plotted in a traditional spectral plot where the shape and separation of the spectra can be 

observed. Then, to view the data from a cluster analysis perspective, a two-dimensional scatter 

plot is generated. Spectral data consists of a large number of measurements taken across 

varying wavelengths (or wavenumbers). From a machine learning or pattern recognition 

perspective, these measurements are referred to as dimensions. To generate a two-dimensional 

representation of the high-dimensional spectral data, a dimension reduction technique is 

required. We use principal component analysis (PCA) [38], an unsupervised machine learning 

technique to reduce the data into its principal components. The first two principal components, 

which contain the most representative information from the original spectra can then be used 

to visualize a two-dimensional approximation of the data. 

Data labels (in the form of line or point colors) are then applied to both the spectral plots 

and the two-dimensional scatter plots. These can be considered the goals for the clustering 

algorithms in terms of separation of the datapoints into the correct clusters.  
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We have chosen to visualize the effects of preprocessing for the DETS1 detonators 

dataset. This dataset is the easiest to cluster of the ten datasets we evaluate and contains 

somewhat well separated spectra of five disparate types of explosives. However, previous 

analysis had demonstrated that data preprocessing was still necessary to enable completely 

correct clustering of the DETS1 data [5].  

The unprocessed spectra and two dimensional PCA scatter plot for the DETS1 dataset 

are shown in Figure 5.2. Colors are used to indicate the different labels for each spectrum. 

Note that the two-dimensional PCA scatter plot only presents 81% of the total information 

available (60% in principal component 1 and 21% in principal component 2). While it cannot 

be shown in the two-dimensional scatter plot, the remaining 19% of the available information 

will be included for utilization by the clustering algorithms which are applied to the dataset 

with no dimension reduction (no PCA). 

 
Figure 5.2 DETS1 labelled dataset spectra (left) and PCA score plot (right) with no preprocessing. 

Without preprocessing, there is significant scattering of the points within each cluster and the 
separated green datapoint in the top right of the PCA scatter plot presents a challenge for clustering 

algorithms. 

This visualization of the data with no preprocessing can now be used as a reference 

point for comparison of preprocessing techniques applied to the same DETS1 dataset. All 

preprocessing techniques were implemented for our analysis using the Orange3 data mining 

toolbox and the Orange-Spectroscopy Add-on in Python [39] 

5.4.1 Baseline Correction 

In spectroscopy, variations in spectral baselines can occur as a result of scattering, 

absorption by the supporting substrate, changing conditions during data collection, or 

instrumental factors [37]. These can result in offsets, slope or curvature in the baseline of the 

spectra [9]. Baseline correction aims to mitigate these irrelevant baseline variations. 
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One of the simplest forms of baseline correction is a linear baseline correction or offset 

correction. A point is selected where all spectra will be corrected to, preferably in reproducibly 

flat parts of the absorption line [40]. Then a straight horizontal baseline is subtracted from the 

spectrum. A wavenumber of 2500cm-1 was used for the correction in our analysis. The effects 

of this can be seen in Figure 5.3.  

 
Figure 5.3 DETS1 labelled dataset spectra (left) and PCA score plot (right) with linear baseline 
correction preprocessing. The result is closer groupings of each material on the PCA score plot. 

However, there remains some non-spherical elongation of the clusters which may be challenging for 
clustering algorithms. 

5.4.2 Scaling, Centering and Normalization 

Differences in thickness or concentration between samples can sometimes be the most 

prominent source of spectral variation between samples, often masking the chemical 

differences of interest [41]. Scaling, centering and normalization are a group of transforms that 

aim to bring consistency to the data and to allow comparison of the samples.  

Unit Scaling 

Scaling works to equalize the variance in each spectra. This can remove the effects of 

dilution of a sample to allow direct comparison of the chemical composition and the associated 

spectral peaks by the clustering algorithm [4]. However, it can amplify the effects of noise in 

a spectra that initially contains low variance. Additionally, as can be seen in Figure 5.4, scaling 

can leave offsets in the data which can require centering or baseline correction. 
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Figure 5.4 DETS1 labelled dataset spectra (left) and PCA score plot (right) with unit scaling 
preprocessing. It can be seen that the spectra are now at differing baselines which results in 

elongated clusters in the PCA score plot. 

Mean Centering 

Mean centering subtracts column (or wavenumber) means, so that the measured spectra 

xij is transformed into (𝑥 − �̅� ) where 𝑥  is the column mean of variable j [42]. This has the 

effect of removing the baseline offset and centering the spectra (Figure 5.5). 

 
Figure 5.5 DETS1 labelled dataset spectra (above) and PCA score plot (right) with mean centering 

preprocessing. There remains some non-spherical elongation of the clusters, similar to that for 
baseline correction, which may be challenging for clustering algorithms. 

Standardization , Autoscaling, or Scale and Center 

Standardization, autoscaling, scale and centering, or (ambiguously) normalization, are 

terms all used for the process of mean centering the dataset and then dividing the individual 

variables by their standard deviation to scale the data so that xij is transformed into (𝑥 −

�̅� )/𝑠  where 𝑠  is the standard deviation of variable j [42, 43]. After autoscaling, all spectra 

are centered and have a standard deviation of one (Figure 5.6). 
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Figure 5.6 DETS1 labelled dataset spectra (left) and PCA score plot (right) with standardization 
preprocessing. The combination of scaling and centering has resulted in tighter, more spherical 

clusters, without the elongation observed from baseline correction or mean centering alone. 

Min–Max Normalization  

Min–Max normalization first offsets a minimum intensity of the whole spectrum to zero. 

Spectra are then scaled with the maximum intensity value equaling one [37]. As can be seen 

in Figure 5.7, Orange 3 spectroscopy toolbox used for the pre-processing can leave an offset 

in much of the spectra. Hence, we have applied baseline correction in combination with min-

max normalization (Figure 5.8). 

 
Figure 5.7 DETS1 labelled dataset spectra (left) and PCA score plot (right) with min-max 

normalization preprocessing. Our implementation of min-max normalization results in significant 
baseline variation between the samples and inseparable elongated clusters. 

 

 
Figure 5.8 DETS1 labelled dataset spectra (left) and PCA score plot (right) with min-max 

normalization + baseline correction preprocessing. It is observed that the baseline correction has 
removed the majority of the elongation within the clusters. 
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Vector Normalization 

Vector normalization, also called 2-norm, effectively considers each spectrum a vector 

where each wavenumber represents one dimension. Vector normalization normalizes the 

spectra to a constant vector length [44]. To achieve this, mean-centered spectra are divided by 

the square root of the sum of the mean-centered intensities squared [37]. In this way a spectrum 

is obtained in which the sum of all intensity values squared equals one (Figure 5.9).  

 
Figure 5.9 DETS1 labelled dataset spectra (left) and PCA score plot (right) with vector normalization 

preprocessing. The resulting clusters contain moderate elongation and scattering which may 
negatively impact clustering outcomes. 

Standard Normal Variate (SNV) Normalization 

SNV preprocessing is one of the most commonly applied method for scatter correction 

[37]. SNV normalization is achieved by dividing mean-centered spectra by the standard 

deviation of each spectrum. This gives the resulting spectra a unit standard deviation of one 

[45] (Figure 5.10). 

 
Figure 5.10 DETS1 labelled dataset spectra (left) and PCA score plot (right) with SNV 

preprocessing. The result is tight, well separated, near spherical clusters with the single separated 
green datapoint presenting the main challenge to clustering algorithms. 

5.4.3 Scatter Correction Methods 

Scatter correction preprocessing methods aim to address the variation generated through 

the limitations of measurement instruments, such as low signal intensity or scattering [8]. 

Typically, scatter correction techniques include multiple corrective operations as part of their 
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transformation such as scaling and correction for background effects [9] and often utilize 

reference spectra [37]. 

Multiplicative signal correction  

 Multiplicative Signal (or Scatter) Correction (MSC) [46, 47] and its variations are 

probably the most widely used preprocessing technique for near infra-red spectra [8]. The 

basic MSC model [48] is 

𝐴(𝜈) =  𝑎 + �̅�(𝜈) · 𝑏 + 𝑒(𝜈)    (5.1) 

where 𝐴(𝜈) is the measured spectrum, �̅� is the reference spectrum, and once the additive 

and multiplicative parameters a and b respectively are estimated, the residual 𝑒(𝜈) contains 

the chemical difference between the samples [48]. Typically, the average spectrum of the 

calibration set is used as the reference spectrum. Once parameters a and b are estimated, the 

signal can be corrected as: 

𝐴 (𝜈) =  (𝐴(𝜈) − 𝑎) 𝑏⁄     (5.2) 

Application of MSC is shown in Figure 5.11. 

 
Figure 5.11 DETS1 labelled dataset spectra (left) and PCA score plot (right) with MSC 

preprocessing. The result is tight, well separated, near spherical clusters with the single separated 
green datapoint presenting the main challenge to clustering algorithms. 

EMSC 

Extended multiplicative signal correction is an expansion on MSC through polynomial 

extensions. EMSC has been shown to be a reliable tool, often demonstrated giving superior 

results to other preprocessing techniques [6, 49, 50]. EMSC includes calculations and 

corrections for constant offset, the gradient of the sloping baseline, interference effects, and a 

multiplicative scaling factor from a reference signal to correct for variations in optical path 

length [48, 50]. The complete EMSC model is: 
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𝐴(𝜈) =  𝑎 + �̅�(𝜈) · 𝑏 + 𝑑 𝜈 + 𝑑 𝜈 + ⋯ + 𝑑 𝜈 + 𝑒(𝜈)    (5.3) 

where 𝐴(𝜈) is the measured spectrum, �̅� is the reference spectrum, a and b are the 

additive and multiplicative parameters, d1..n are the polynomial corrections, and the residual 

𝑒(𝜈) contains the chemical difference between the samples [48]. In practice, typically only the 

second-order polynomial is used [8].  

In our study, the mean of all the spectra within a dataset was taken as the reference 

signal. The results are shown in Figure 5.12. 

 
Figure 5.12 DETS1 labelled dataset spectra (left) and PCA score plot (right) with EMSC 

preprocessing. The result is tight, well separated, near spherical clusters with less separation of the 
single separated green datapoint compared to the MSC and SNV preprocessing. 

5.4.4 Spectral Filtering and Derivatives Techniques 

Spectral filtering techniques for de-noising and smoothing spectra are commonly 

employed in chemometrics, often in combination with derivatives as a means to enhance the 

resolution of infrared spectra. The first derivative removes baseline offsets and the second 

derivative can remove slopes from the spectra. However, derivative spectroscopy requires a 

high signal to noise ratio, hence their use in combination with smoothing filters to minimize 

noise [8, 9]. 

PCA Noise Reduction 

When principal component analysis (PCA) is conducted, the resulting principal 

components describe the variance between the spectra and are ordered by the amount of 

variance they explain. i.e. PCA reorders data in decreasing order of variance with the first 

principal component containing the most data and higher order PCs contain mostly 

unexplained variance and noise. PCA noise reduction removes these high-order PCs before 
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reconstructing the data from the remaining low-order principal components [37]. The results 

of this are shown in Figure 5.13. 

 
Figure 5.13 DETS1 labelled dataset spectra (left) and PCA score plot (right) with PCA Noise 

Reduction preprocessing. The noise reduction does not appear to have had a significant effect on the 
PCA score plot with similar results seen to as the plots of the un-processed data (Figure 5.2). 

Savitzky-Golay Polynomial Derivative Filter  

The Savitzky-Golay Polynomial Derivative Filter [51] is another one of the most 

common preprocessing techniques for infrared spectroscopy. The Savitzky-Golay algorithm 

is based on fitting polynomials to many small data windows as a smoothing step. As part of 

this process, a derivative can also be calculated [8, 37]. We used a window of 15 variables and 

a polynomial order of 2 for the Savitzky-Golay smoothing. We have implemented Savitzky 

Golay filter with no derivative (Figure 5.14), a first derivative (Figure 5.15), and a second 

derivative (Figure 5.16).  

 
Figure 5.14 DETS1 labelled dataset spectra (left) and PCA score plot (right) with Savitzky-Golay 

smoothing with no derivative. The noise reduction does not appear to have had a significant effect on 
the PCA score plot with similar results seen to as the plots of the un-processed data (Figure 5.2). 
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Figure 5.15 DETS1 labelled dataset spectra (left) and PCA score plot (right) with Savitzky-Golay 

smoothing with first derivative. The inclusion of the derivative results in elongated clusters radiating 
from the center of the PCA score plot.  

 
Figure 5.16 DETS1 labelled dataset spectra (left) and PCA score plot (right) with Savitzky Golay 

smoothing with second derivative. The inclusion of the second derivative does not result in a 
significant change from the first derivative other than some additional scattering of points. This is 

likely due to increased noise as the reduced signal to noise ratio decreases with the additional 
derivative. 

5.4.5 Observations  

In reviewing the effect the various preprocessing techniques had on the spectra and 

clusters, it was observed that baseline correction and unit scaling had somewhat similar effect 

on the PCA score plot of tightening the clustering in a single direction. This resulted in 

elongated clusters. It was not until two preprocessing mechanisms such as scaling and 

centering (or baseline correction) were combined that the tightening was applied in two 

dimensions. This resulted in overall tighter, more compact clusters. This was seen in 

standardization (scale and center), SNV, and MSC preprocessing which all had similar effects 

and outcomes. EMSC extended this observed effect further by providing even tighter clusters. 

The PCA score plots of the smoothing techniques of PCA Noise Reduction and 

Savitzky-Golay smoothing appeared similar to the unprocessed spectra, indicating these 

implementations of smoothing have minimal effect on the clustering outcomes. Once 

derivatives were applied (which effectively remove the baseline offset), the dispersion 

tightened significantly but only in one (radial) dimension, resulting in elongated clusters. 
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We will now apply cluster analysis to all the datasets and quantify the results to see if 

the quantified clustering outcomes align with the effects we observed and whether these 

outcomes are consistent across all ten datasets. 

5.5 QUANTITATIVE EVALUATION OF PREPROCESSING 
TECHNIQUES FOR CLUSTER ANALYSIS 

It is surprisingly rare in the field of spectroscopy for quantified metrics to be used in the 

evaluation of cluster analysis [3]. Visual inspection is more prominent for evaluating results. 

This manual evaluation is typically in the form of cluster plots for visual comparison against 

true labels or dendrogram comparison against true labels [3]. While this may be suitable for 

evaluating simple datasets such as the DETS1 datasets, evaluation of more challenging 

datasets and comparison of outcomes from multiple preprocessing techniques requires a 

quantified clustering evaluation metric.  

 While classification labels are available for evaluation clustering results, cluster 

analysis evaluation differs from supervised learning evaluation (i.e. classification) where 

metrics such as accuracy (percentage correct) can be used. In cluster analysis, samples are 

assigned to clusters rather than classes. The cluster labeling is symbolic (based on similarity) 

and may not directly align with the classes (classifications) of the data’s true labels. Hence, to 

evaluate the performance of the clustering algorithm, external cluster validation indices that 

compare the cluster labels to the true labels employ notions such as homogeneity, 

completeness, purity and alike for the clusters. One of the most common external indices is 

the V-measure [52] which is applied in our analysis. V-measure is the harmonic mean between 

the homogeneity (h) and completeness (c) of clusters. i.e.  

𝑉 =
( )∗ ∗

( ∗ )
     (5.4) 

where a 𝛽 value of 1 is used to place equal importance on homogeneity and 

completeness. The result is a V-measure (VM) score between 0.0 and 1.0, where 1.0 represents 

perfectly correct labeling.  
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As described by Rosenberg and Hirschberg [52], homogeneity (h) and completeness (c) 

are calculated as follows:  

Assume a data set comprising N data points, and two partitions of these: a set of classes, 

C = {ci |i = 1, . . . , n} and a set of clusters, K = {ki |1, . . . , m}. Let A be the contingency table 

produced by the clustering algorithm representing the clustering solution, such that A = {aij} 

where aij is the number of data points that are members of class ci and elements of cluster kj. 

Homogeneity (h) and completeness (c) are defined as  

ℎ =  
  1                               𝑖𝑓 𝐻(𝐶, 𝐾) = 0

  1 −
( | )

( )
             𝑒𝑙𝑠𝑒                      

     (5.5) 

𝑐 =
  1                                𝑖𝑓 𝐻(𝐾, 𝐶) = 0

  1 −
( | )

( )
              𝑒𝑙𝑠𝑒                      

    (5.6) 

where the entropies H(C) and H(K), and the conditional entropies H(C|K) and H(K|C) 

are  

𝐻(𝐶) = − ∑
∑

| |

𝑙𝑜𝑔
∑

| |
| |     (5.7) 

𝐻(𝐾) = − ∑
∑

| |

𝑙𝑜𝑔
∑

| |
| |     (5.8) 

 

𝐻(𝐶|𝐾) = − ∑ ∑| |
𝑙𝑜𝑔

∑
| |

| |     (5.9) 

𝐻(𝐾|𝐶) = − ∑ ∑| |
𝑙𝑜𝑔

∑
| |

| |                            (5.10) 

The V-measure was calculated in our analysis using the scikit-learn Python package 

[29] and applied to all preprocessing techniques for the 10 spectroscopy datasets. The resulting 

v-measure scores for each preprocessing technique and the average change compared to using 

no preprocessing are shown in Table 5.1 for the three homemade detonators spectroscopy 

datasets and in Table 5.2 for the seven public spectroscopy datasets. The final column shows 

the average change in V-Measure score due to the effects of the pre-processing technique.  

  



 

Chapter 5: Preprocessing Techniques for Cluster Analysis of IR Spectroscopy 161 

Table 5.1 V-Measure Score for the Homemade Detonators Datasets for each preprocessing technique 
 

V-Measure Score 

Preprocessing Technique D
E

T
S

1 

D
E

T
S

2 

D
E

T
S

3 

A
ve

ra
ge

 
C

h
an

ge
 

No Preprocessing 0.86 0.54 0.57 0.00 

Baseline Correction (Linear) 0.86 0.69 0.66 0.08 

Scaling 0.27 0.34 0.28 0.03 

Mean Centre 0.82 0.64 0.59 0.02 

Standardization 0.96 0.80 0.64 0.14 

Min-Max Normalization 0.39 0.43 0.35 -0.27 

Min-Max Normalization + Baseline Correction 1.00 0.72 0.67 0.14 

Vector Normalization 0.82 0.65 0.58 0.03 

SNV Normalization 0.96 0.80 0.65 0.14 

MSC 1.00 0.75 0.66 0.14 

EMSC 0.99 0.72 0.68 0.14 

PCA De-Noising 0.82 0.48 0.56 -0.04 

Savitzky-Golay Smoothing, No Derivative 0.88 0.54 0.57 0.00 

Savitzky-Golay Smoothing, 1st Derivative 0.92 0.72 0.70 0.12 

Savitzky-Golay Smoothing, 2nd Derivative 0.91 0.73 0.67 0.11 

 

As shown in Table 5.1, Standardization (Scale and Center), Min-Max Normalization 

(with baseline correction), SNV Normalization, MSC, and EMSC were the best performing 

techniques for the homemade detonators spectroscopy datasets, with Savitzky-Golay 

smoothing with a first derivative also providing significant improvements. 

Table 5.2 V-Measure Score for the Public Spectroscopy Datasets for each preprocessing technique 

 V-Measure Score 

Preprocessing Technique C
of

fe
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L
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er
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ts
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C
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No Preprocessing 0.06 0.63 0.29 0.77 0.55 0.46 0.15 0.00 
Baseline Correction (Linear) 0.09 0.72 0.42 0.78 0.58 0.50 0.18 0.05 
Scaling 0.13 0.64 0.47 0.83 0.46 0.38 0.16 0.02 
Mean Centre 0.10 0.65 0.43 0.77 0.56 0.48 0.18 0.04 
Standardization 0.53 0.63 0.45 0.83 0.57 0.53 0.26 0.13 
Min-Max Normalization 0.11 0.68 0.41 0.76 0.53 0.36 0.15 0.01 
Min-Max Normalization + Baseline Correction 0.41 0.71 0.44 0.77 0.65 0.44 0.26 0.11 
Vector Normalization 0.21 0.71 0.55 0.83 0.53 0.40 0.24 0.08 
SNV Normalization 0.62 0.63 0.45 0.83 0.58 0.53 0.25 0.14 
MSC 0.58 0.67 0.44 0.84 0.58 0.53 0.26 0.14 
EMSC 0.63 0.73 0.42 0.82 0.70 0.55 0.31 0.18 
PCA De-Noising 0.18 0.65 0.33 0.76 0.63 0.47 0.15 0.04 
Savitzky-Golay Smoothing, No Derivative 0.05 0.65 0.29 0.77 0.54 0.47 0.15 0.00 
Savitzky-Golay Smoothing, 1st Derivative 0.31 0.73 0.51 0.85 0.68 0.57 0.20 0.13 
Savitzky-Golay Smoothing, 2nd Derivative 0.42 0.73 0.54 0.88 0.21 0.16 0.22 0.03 
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For the public spectroscopy datasets (Table 5.2), Standardization (Scale and Centre), 

SNV Normalization, MSC, and Savitzky-Golay smoothing with a first derivative 

preprocessing provided significant improvements with the EMSC preprocessing technique 

providing the best results with an average v-measure improvement of 0.18 across the datasets. 

This amount of increase in v-measure is enough to have a significant effect on the value and 

usefulness of clustering outcomes. This is highlighted by the Coffee dataset which has an 

extremely poor v-measure score of 0.06 without preprocessing and the clustering outcomes 

would be unusable (Figure 5.17). With EMSC processing, the v-measure is increased to 0.63 

where the results become more meaningful (Figure 5.18). 

 
Figure 5.17 Coffee labelled dataset spectra PCA score plot with no preprocessing. The overlapping 
labels are extremely challenging for the ensemble of clustering algorithms and resulted in a mean v-

measure score of 0.06.  

 
Figure 5.18 Coffee labelled dataset spectra PCA score plot with EMSC preprocessing. There is now 
minimal overlap between the labeled classes and the ensemble of clustering algorithms were able to 

achieve a significantly improved mean v-measure score of 0.63. 

As we observed earlier from the visualization of the preprocessing effects via the PCA 

score plots, the techniques that used a single mechanism such as scaling or offset correction 

(via mean centering or baseline correction) provided limited improvement in clustering 

outcomes. It was only techniques that included both these mechanisms (standardization, min-

max normalization + baseline correction, SNV, MSC and EMSC) that provided significant 
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improvements in clustering outcomes. This indicates that baseline offset and variations in scale 

(magnitude) are prominent in our spectroscopy datasets and both must be corrected to achieve 

significant improvements in clustering outcomes via data preprocessing. 

EMSC proved the best preprocessing technique and provided the most improvement on 

the public data spectroscopy datasets. The polynomial extension of EMSC and the benefits it 

provided over MSC for the public spectroscopy datasets indicate they may have contained 

more non-linear baseline offsets that required correction. 

The spectral derivative based techniques provided improved results, primarily through 

the effect of the derivative on baseline correction. However, this single mechanism did not 

improve clustering outcomes as much as the techniques that corrected for offset and scale 

variations. 

5.6 CONCLUSION 

The nature of cluster analysis and its associated algorithm mechanisms, when applied 

to the high dimensional data from IR spectroscopy, make it susceptible to measurement 

variations such as baseline offsets or variations in scale. Hence, spectral data preprocessing 

was expected to be important for effective clustering. 

To understand the benefits of data preprocessing on cluster analysis of spectroscopy, 

we evaluated fourteen common spectral preprocessing techniques on ten IR spectroscopy 

datasets. 

We used the combination of data labels, spectral plots and two-dimensional 

visualization of the data clusters to gain understanding of the effects the preprocessing 

techniques were having. An ensemble of clustering algorithms and an external cluster validity 

index allowed us to quantify and compare the improvements achieve for each preprocessing 

technique. 

Overall, the improvements achieved through preprocessing, when compared to the 

unprocessed datasets, where significant. Some of the datasets were transformed from what 
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could be described as ‘unclusterable’ to being able to deliver meaningful clustering outcomes 

as a result of effective preprocessing.  

In comparing the different preprocessing techniques, the results showed that 

preprocessing techniques that only addressed one aspect of the variations in signals (e.g. 

baseline offset or variations in scale) achieved limited improvement in clustering outcomes. 

In the PCA score plots, it was observed that these only reduced the dispersion of datapoints in 

one dimension. This resulted in elongated clusters which are typically challenging for 

clustering algorithms to cluster correctly. Only preprocessing techniques that addressed both 

scale and offset resulted in clusters tightening in two dimensions. This resulted in clusters of 

more spherical nature which are preferred by typical clustering algorithms. These 

preprocessing techniques included Standardization (Scale and Center), Min-Max 

Normalization (with baseline correction), SNV Normalization, and MSC.  

Overall, extended multiplicative signal correction (EMSC), which builds upon the 

capabilities of MSC through polynomials to correct for non-linear baselines, was shown to 

provide the greatest improvement in clustering outcomes across the ten spectroscopy datasets.  
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Chapter 6: Feature Selection for Cluster 
Analysis in Spectroscopy 

Chapter 6 focuses on feature selection techniques to remove redundant or irrelevant 

features and reduce the dimensionality in order to improve cluster analysis outcomes. We 

present a novel feature selection technique for cluster analysis, utilizing clusterability metrics 

to remove features that least contribute to a dataset’s tendency to cluster. Two versions are 

presented and evaluated: The Hopkins clusterability filter which utilizes the Hopkins statistic 

to test for spatial randomness and the Dip clusterability filter which utilizes the Dip test for 

unimodality. These new techniques, along with a range of existing filter and wrapper feature 

selection techniques were evaluated on eleven real-world spectroscopy datasets using internal 

and external clustering indices.  

The following work is formatted as published in Computers, Materials and Continua: 

Crase, S., Hall, B., Thennadil, S. N. (2022). Feature Selection for Cluster Analysis in 

Spectroscopy. CMC-Computers, Materials & Continua, 71(2), 2435–2458. 

  



 

170 Chapter 6: Feature Selection for Cluster Analysis in Spectroscopy 

Feature Selection for Cluster Analysis in Spectroscopy 

Simon Crase1,2, Benjamin Hall2, and Suresh N. Thennadil*3 

1College of Engineering, IT & Environment, Charles Darwin University, Casuarina, NT 0909, Australia 
2Defence Science and Technology Group, Edinburgh 5111, Australia 

3 Energy and Resources Institute, Charles Darwin University, Casuarina, NT 0909, Australia 
*Corresponding Author: Suresh N. Thennadil. Email: suresh.thennadil@cdu.edu.au 

Received: 7 Aug 2021; Accepted: 7 Sept 2021  
 
 

Abstract: Cluster analysis in spectroscopy resents some unique challenges due to the specific 

data characteristics in spectroscopy, namely, high dimensionality and small sample size. In order to 

improve cluster analysis outcomes, feature selection can be used to remove redundant or irrelevant 

features and reduce the dimensionality. However, for cluster analysis, this must be done in an 

unsupervised manner without the benefit of data labels. This paper presents a novel feature selection 

approach for cluster analysis, utilizing clusterability metrics to remove features that least contribute to 

a dataset’s tendency to cluster. Two versions are presented and evaluated: The Hopkins clusterability 

filter which utilizes the Hopkins test for spatial randomness and the Dip clusterability filter which 

utilizes the Dip test for unimodality. These new techniques, along with a range of existing filter and 

wrapper feature selection techniques were evaluated on eleven real-world spectroscopy datasets using 

internal and external clustering indices. Our newly proposed Hopkins clusterability filter performed the 

best of the six filter techniques evaluated. However, it was observed that results varied greatly for 

different techniques depending on the specifics of the dataset and the number of features selected, with 

significant instability observed for most techniques at low numbers of features. It was identified that the 

genetic algorithm wrapper technique avoided this instability, performed consistently across all datasets 

and resulted in better results on average than utilizing the all the features in the spectra. 

Keywords: Cluster analysis; spectroscopy; unsupervised learning; feature selection; 

wavenumber selection 
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6.1 INTRODUCTION 

6.1.1 Cluster Analysis in Spectroscopy 

Cluster analysis is an unsupervised machine learning technique aimed at generating 

knowledge from unlabeled data [1]. While cluster analysis is a well-established domain, it is 

a highly subjective field with many potential techniques whose success will vary depending 

on the characteristics of the data and the purpose of the analysis. Clustering is very much a 

human construct, hence, mathematical definitions are challenging and even the definition of 

good clustering is subjective [2].  

While cluster analysis is commonly used for data exploration, there are other 

circumstances where it is valuable such as when the class structure is known to vary with time, 

or the cost of acquiring classified (labeled) samples might be too great [3]. The latter is often 

the case for data from spectroscopic chemical analysis. 

Spectroscopy is the study of interaction between matter (the material being analyzed) 

and electromagnetic radiation, as a function of the wavelength or frequency of the 

electromagnetic radiation. The transmission or absorption of the electromagnetic radiation 

through a given material varies by wavelength, producing a characteristic spectrum for that 

material. It is these resultant spectra that are the subject of our analysis. Examples of forms of 

spectroscopy include Fourier transform infrared (FTIR), UV-vis, mid infrared (Mid-IR), near 

infrared (NIR), and Raman spectroscopy. While the physical mechanisms for obtaining 

measurements differ between the various forms of spectroscopy, the general data 

characteristics are similar.  

Spectroscopy data is typically of high dimensionality. A large number of measurements 

are taken at intervals across a spectrum for each sample. Depending on the type of 

spectroscopy and the specifics of the instrumentation, the number of features is typically in 

the hundreds or thousands for each sample. In other cluster analysis literature [4], 50 

dimensions is referred to as high dimension data, yet spectroscopy data is typically 

significantly higher dimension than that. Hence, this high dimensionality needs special 

consideration in determining analytical approaches. 
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Spectroscopy data typically contains a relatively low number of samples or datapoints. 

Spectroscopy is usually used in laboratory or in process plants where collecting and processing 

samples can be an expensive process from the perspective of cost, time, and expertise. Hence, 

typically the number of samples is small, particularly from a machine learning perspective 

where big data has become a dominant focus.  

These characteristics present unique challenges that focus and somewhat limit the 

techniques suitable for analysis of spectroscopy data and are a driver for the use of cluster 

analysis. Unsupervised learning techniques are well suited to chemical analysis applications 

where obtaining the large data sets and the associated labeling of data required for some 

supervised learning techniques is often infeasible [5].  

Hence, this paper presents a novel perspective specific to the needs of cluster analysis 

in spectroscopy, namely, feature selection techniques to address the challenge of high 

dimensionality in spectroscopy data. 

6.1.2 Feature Selection for Cluster Analysis in Spectroscopy 

To improve the outcomes of cluster analysis in spectroscopy, data pre-processing and 

feature selection are often employed. Both work to improve the quality of data for cluster 

analysis by removing unwanted noise, anomalies, and irrelevant information to focus the 

cluster analysis on the information of interest within a dataset. While data pre-processing is 

important in improving clustering results, this is addressed elsewhere in literature from the 

chemometric community where effective techniques have been developed for pre-processing 

spectroscopy data. However, the literature and application examples for feature selection 

techniques for cluster analysis of spectroscopy is limited [6], hence why it is the focus of our 

paper. 

Unsupervised feature selection can provide benefits through higher clustering accuracy, 

lower computational costs, and easier interpretability. Feature selection may also be referred 

to as feature mining, attribute selection, variable subset selection, variable reduction, 

wavelength selection, or wavenumber selection depending on the preferred terminology in a 

subject area. 
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6.1.3 Contribution 

This paper presents our novel feature selection approach, focused on applications for 

cluster analysis. Specifically, it is an unsupervised filter technique utilizing clusterability 

metrics to remove features that least contribute to a dataset’s tendency to cluster. Two versions 

are presented and evaluated: The Hopkins clusterability filter which utilizes the Hopkins test 

for spatial randomness and the Dip clusterability filter which utilizes the Dip test for 

unimodality. 

Associated with this is a wider evaluation of feature selection techniques for cluster 

analysis of spectroscopy data. While each of these aspects in isolation are widely addressed 

elsewhere, there has not been a combination of these specific focuses of research. Hence, this 

paper presents techniques and real-world evaluation results of value for researchers (such as 

chemometricians) looking to improve spectroscopy-based cluster analysis results through 

feature selection.  

Finally, an evaluation and visualization technique is presented and utilized to provide 

confidence that the feature selection techniques will lead to improved clustering outcomes 

when applied to unlabeled datasets (as per the typical application of unsupervised learning). 

6.2 BACKGROUND 

Feature selection for cluster analysis in spectroscopy presents some unique challenges. 

For example, the nature of typical spectroscopy data (very high dimensionality, low sample 

size) preclude the application of many cutting-edge techniques where cluster analysis research 

is currently focused. E.g. cluster analysis with deep learning [7].  

Similarly, the vast majority of the feature selection literature from the machine learning 

domain focuses on applications where targets (labels) exists. i.e. supervised learning. These 

supervised learning approaches to feature selection are not valid for the application of cluster 

analysis unless they can be adapted to work with unlabeled datasets. Much of the feature 

selection literature from the chemometric domain also focuses on applications of classification 

and regression and the associated calibration using well proven techniques such as partial least 
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squares (PLS) and principal component regression (PCR) [8-10]. It has not been demonstrated 

if feature selection methods associated with these techniques are applicable for cluster 

analysis. 

There is literature focused on feature selection for cluster analysis [11-16], and in recent 

years, unsupervised feature selection methods have raised considerable interest in many 

research areas. Recently, Solorio-Fernández, Carrasco-Ochoa, and Martínez-Trinidad 

presented a substantial review and evaluation of many unsupervised feature selection 

techniques [17]. However, these studies do not address the characteristics of spectroscopy data 

and either demonstrate techniques on relatively low dimensionality datasets [11, 17], or are 

focused on domains such as social media data where large sample sizes are common [18]. This 

means some of these techniques are mis-matched for the small sample sizes that are typical in 

spectroscopy. 

Given the lack of literature addressing our application for feature selection for cluster 

analysis of spectroscopy, we now consider the available techniques and their suitability. 

Feature selection techniques can generally be broken down into the categories of manual 

selection, filter methods, wrapper methods, hybrid methods and embedded methods. 

Manual feature selection techniques, also referred to as knowledge based selection, 

utilize a priori knowledge of the subject material of interest and the testing method employed 

[8]. These methods are common in the chemical analysis domains, as employed by 

chemometricians. Examples of this include removing regions where instruments are known to 

be insensitive such as the higher and lower regions of the spectra, or regions where there is a 

low signal-to-noise ratio. Additionally, the expertise of analytical chemists may be utilized to 

select spectral peaks that enable differentiation of known chemical components. Drawbacks 

of these approaches include the requirement for subject matter expertise in the spectroscopy 

technique. Additionally, there is a potential for mismatch between the manual “human feature 

selection” process and the machine learning cluster analysis. The intrinsic non-linearity of 

spectroscopy and its relationship to the analytical parameters contribute to this [19]. Removal 

of information that appears non-optimal to the human may contain valuable information for 
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the machine learning model [8]. These manual feature selection methods will not be addressed 

in this paper as our focus is on automated methods without the need for a priori knowledge or 

subject matter expertise. 

Filter methods evaluate the relevance of a feature by studying its characteristics using 

certain statistical criteria. They are independent of the clustering algorithm and are typically 

fast to execute. In application, filter models are the most popular, especially for problems with 

large datasets [16]. While there are many filter methods available, most are focused on 

supervised learning where target values (labeled data) are available and used as part of the 

statistical criteria, most commonly assessing correlation between features and the class labels 

[20]. For unsupervised learning and cluster analysis, these labels are typically not available, 

hence a subset of techniques suitable for unsupervised learning are evaluated in this paper. 

There are also multiple techniques developed specifically for cluster analysis or unsupervised 

feature selection, as summarized in reviews by Alelyani, et al. [16] and Solorio-Fernández, et 

al. [17]. Later, we also present our novel filter method targeted at cluster analysis. 

Wrapper methods of feature selection utilize a learning algorithm and the resulting 

outcomes as a selection criterion. For cluster analysis, this is the selected clustering algorithm. 

Since the full clustering algorithm is executed on the candidate feature sets, wrapper methods 

are typically computationally expensive [17]. Evaluating all possible subsets of features is near 

impossible in high-dimensional datasets. Therefore, a heuristic search strategy is adopted to 

reduce the search space. Wrapper method feature selection may be biased to the chosen 

‘classifier’ (clustering algorithm) [16] and lack robustness across different cluster algorithms 

[15]. However, it is often the preferred method when accuracy is important [15].  

Embedded methods performs feature selection as part of the learning or clustering 

algorithm itself [16]. We will not explore embedded methods in this paper as techniques 

evaluated are those that are applicable to multiple clustering algorithms. 

Hybrid methods were proposed to bridge the gap between the filter and wrapper models. 

First, they use the statistical criteria of a filter method to select several candidate features 

subsets with a given cardinality. Then, apply the clustering algorithm and assessment metric 
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to identify the subset which results in the highest clustering accuracy (as per a wrapper 

method). Thus, the hybrid model usually achieves both near comparable accuracy to the 

wrapper and near comparable efficiency to the filter model. 

A selection of the above feature selection techniques will now be evaluated for our 

application in spectroscopy. 

6.3 MATERIALS AND METHODS 

6.3.1 Datasets and Characteristics 

As with most aspects of cluster analysis, a technique’s success is often dependent on 

how well suited it is to the characteristics of specific datasets. Our specific research interest is 

in cluster analysis of homemade explosive samples, so feature selection techniques are 

evaluated against three datasets of homemade explosives. However, there is an interest in 

understanding how widely applicable these techniques are to other datasets. Hence, the 

techniques are also applied to cluster analysis of eight additional publicly available real-world 

spectroscopy datasets covering food chemistry, industrial production and biomedical domains. 

The explosives samples used in this study are representative samples of homemade 

explosive detonators used in the Middle East in improvised explosive devices (IED). 

Detonators are a small explosive device used to detonate the larger bulk explosive main charge 

in an IED. The function of a detonator is to accept a command impulse (e.g. electrical current) 

and progressively amplify this into an explosive shock delivered to the larger main explosive 

charge. Detonators typically uses several different energetic materials in a sequence that 

imparts a different output as the shock wave passes along the device. The detonators used in 

this study consist of three stages of explosives of varying chemistries. This generates three 

data sets for comparison and are labeled: the First Fire Energetic, the Transition Energetic, and 

the Output Energetic. Fourier Transform Infrared (FTIR) spectroscopy data from each of the 

three stages of the detonators has been collected using an attenuated total reflectance (ATR) 

configuration. A scan of the sample is taken covering the infrared frequency range of 650 - 
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4000 cm-1. This results in measurement of 3350 variables per sample (features) and the datasets 

consisted of 53, 69 and 73 explosive samples each. 

To explore the wider applicability of feature selection techniques for clustering of 

spectroscopy data, additional publicly available spectroscopy datasets were analyzed. These 

include mid-infrared, near infrared (NIR), and Fourier transform infrared (FTIR) spectroscopy 

and are described as follows and summarized in Table 6.1. 

 A collection of 56 mid infrared diffuse reflectance (MIR-DRIFT) spectroscopy spectra of 

lyophilized coffee produced from two species: arabica and canephora var. robusta [21]. 

 A collection of 983 FTIR spectroscopy spectra from different authenticated fruit purees in 

one of two classes: "Strawberry" and "Non-Strawberry" (strawberry adulterated with other 

fruits and sugar solutions) [22]. 

 A collection of 731 FTIR spectroscopy spectra from liver and annotated according to the 

majority presence of a chemical compound (collagen, glycogen, lipids, or DNA) in that 

part of the cell [23]. 

 A collection of 186 NIR spectroscopy spectra from intact mango fruits from 4 different 

cultivars [24]. 

 A collection of 32 FTIR spectroscopy spectra from nine marzipan types [25]. 

 A collection of 120 FTIR spectroscopy spectra from fresh minced meats – chicken, pork 

and turkey [26]. 

 A collection of 120 FTIR spectroscopy spectra from 60 different authenticated extra virgin 

olive oils from four geographic regions [27]. 

 A collection of 44 FTIR spectroscopy spectra (with the ‘water-band’ removed) from wine 

from four geographic regions [28]. 
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Table 6.1 Characteristics of the evaluated real-world datasets. 

Dataset and Spectroscopy 
Type 

No. of 
Classes 

No. of 
Samples 

No. of Features 

Output Energetic – FTIR 5 53 3350 
Transition Energetic – FTIR 8 69 3350 
First Fire Energetic – FTIR 7 73 3350 
Coffee – MID-DRIFT 2 56 286 
Fruit – FTIR  2 983 234 
Liver – FTIR 4 731 234 
Mangos – NIR 4 186 1157 
Marzipan – FTIR 9 32 1557 
Meats – FTIR 3 120 448 
Olive Oil – FTIR 4 120 570 
Wine – FTIR 4 44 842 

 

6.3.2 Data Pre-processing 

Initial spectral data pre-processing can directly influence the outcomes when analyzing 

spectroscopy data [29]. Spectral pre-processing prior to cluster analysis can help in removing 

or reducing unwanted signals from data such as experimental and instrumental artefacts.  

In our analysis, extended multiplicative signal correction (EMSC) [30] was selected for 

application to all spectroscopy datasets. EMSC includes corrections for constant offset, the 

gradient of the sloping baseline, interference effects, and a multiplicative scaling factor from 

reference signal and has regularly been demonstrated to give superior results to other pre-

processing techniques for spectroscopy [31, 32]. The EMSC was implemented for our analysis 

using Orange3 data mining toolbox in Python [33]. 

6.3.3 Cluster Analysis Algorithm Selection 

For the cluster analysis conducted within our study, agglomerative hierarchical 

clustering was chosen as the hierarchical output aspect may be useful for identifying group or 

source attribution of bomb-makers from our homemade explosives datasets. Variants of 

hierarchical clustering algorithms are differentiated by the rules they use to form the links 

between datapoints and hence, the clusters. Examples include single link, complete link, 

average link and Ward’s method [34]. Ward’s method has been demonstrated as the most 

effective in several spectroscopy applications [35, 36] and, hence, was selected for our analysis 
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and Euclidean distance was used as the similarity measure for our cluster analysis of the 

spectroscopy data. 

Predicting the number of clusters within a dataset is also a significant challenge for 

cluster analysis. However, that is not the focus of this study. Since labeled datasets are being 

used in the evaluation of the feature selection techniques, the number of clusters are known. 

This a priori knowledge is used to set the number of clusters for the hierarchical clustering. If 

this information was not available, techniques such as the “elbow” method [37], the gap 

statistic [37], and peak silhouette score [38] could be used for predicting the number of 

clusters. 

6.3.4 Feature Selection Techniques: Filter Methods 

The categories of filter methods and the specific feature selection techniques used in 

this paper are now presented, including our novel “clusterability filter” methods. While many 

more potential techniques exist within each category, this subset has been selected as 

representative examples of commonly applied techniques suitable for application to cluster 

analysis of spectroscopy (while limiting the study to a manageable size).  

Filter methods for feature selection evaluate the relevance of a feature or a subset of 

features by studying its characteristics using statistical criteria. Since no data labels are 

available for this calculation, the independent statistical tests that we have utilized are as 

follows:  

 Variance, which is one of the simplest metrics for evaluation of features [20].  

 Dispersion, which is the arithmetic mean divided by the geometric mean. Higher 

dispersion may correspond to more relevant features. 

 Mean Absolute Deviation, which is a robust measure of variability computed as the 

mean absolute deviation from the mean value. 

These statistical measures are computed for each feature and the top ranked features are 

selected. It should be noted that although criteria such as the Variance find features that 

maximize representation of the dataset, these may not necessarily relate to clustering and being 
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able to discriminate between data from different clusters. These are generic information-based 

filters, not specifically tuned for cluster analysis. They are low-complexity in nature making 

them fast and well suited for application to large datasets or as a precursor to computationally 

intensive operations. However, they are univariate in nature and do not consider possible 

correlation between different features [17]. 

Multi-Cluster Feature Selection (MCFS), developed by Cai, Zhang, and He [14] has 

been selected as a representative of filter techniques specifically developed specifically for 

cluster analysis. It utilizes a k-NN graph of samples in the dataset and Spectral Graph Theory 

to find the most explaining features. This process effectively generates pseudo labels and 

transforms the unsupervised feature selection into a supervised context for feature selection. 

The FCFS was implemented for our analysis using scikit-feature Python package [39]. 

6.3.5 New Clusterability Filter Methods 

Here we present our novel filter method approach targeted at cluster analysis, which we 

have termed Clusterability filters. Our goal was to develop a filter method that uses a statistical 

criterion that is specific to cluster analysis, hence resulting in improved clustering but retaining 

the advantages of filter methods over wrapper methods i.e. they are independent of the 

clustering algorithm and are typically fast to execute.  

Clusterability, or the data’s tendency to cluster, is a study of whether a dataset possesses 

an inherent clustered structure. It is an integral part of cluster analysis to ensure the target 

dataset does have a tendency to cluster and it is appropriate to apply cluster analysis. Otherwise 

any results obtained from any subsequent cluster analysis will be arbitrary and potentially 

misleading [4]. Hence, clusterability tests are applied before any clustering algorithms are 

applied.  

In considering the problem of feature selection for clustering, it was identified that 

selecting features that have a high tendency to cluster or clusterability measure and removing 

features that have a poor clusterability may result in improved overall clustering. This is the 

premise for our proposed class of filter methods for feature selection for cluster analysis. 
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Two common approaches for assessing clusterability are clusterability via 

multimodality and clusterability via spatial randomness. Classic modality tests include the 

Hartigan Dip-test of Unimodality [40] and the Silverman test [41]. The Hopkins statistic [42] 

is a classic test for clusterability via spatial randomness. 

Each of these tests could be used for selecting features that have a high tendency to 

cluster (or clusterability). We have selected the Dip test and the Hopkins statistic for evaluation 

as representatives from each clusterability test approach as these tests are well suited to the 

small clusters present in spectroscopic data [4]. We have termed these the Dip Clusterability 

Filter and the Hopkins Clusterability Filter.  

We are proposing these filters are applied in a univariate approach where the Dip test 

or Hopkins statistic are applied to all the features individually within the feature set and then 

the results are ranked. This maintains the typical speed advantage of filter method feature 

selection techniques. The clusterability filters could also be applied in a multivariate method 

to combinations of variables within the feature set. However, due to the typical high 

dimensionality of spectroscopy data, this becomes combinatorially challenging and requires a 

search strategy such as forward selection, backwards elimination, bidirectional selection or a 

heuristic feature subset selection technique such as genetic algorithms.  

Dip Clusterability Filter 

Our proposed Dip Clusterability Filter for feature selection utilizes the Hartigan Dip-

test of Unimodality, applied in a univariate fashion to each of the features within the dataset 

Clusterability via modality employs a unimodal null hypothesis on a dimensionally 

reduced dataset. i.e. if the null hypothesis cannot be disproven, then the data is unimodal 

without evidence of a clear cluster structure and should not be clustered. As described by 

Hartigan and Hartigan [40], “The dip test measures multimodality in a sample by the maximum 

difference, over all sample points, between the empirical distribution function, and the 

unimodal distribution function that minimizes that maximum difference. The uniform 

distribution is the asymptotically least favorable unimodal distribution, and the distribution of 



 

182 Chapter 6: Feature Selection for Cluster Analysis in Spectroscopy 

the test statistic is determined asymptotically and empirically when sampling from the 

uniform.”.  

The empirical distribution function (also referred to as the empirical cumulative 

distribution function) for our datapoints (x1,…,xn) at each feature is defined as: 

𝐹 (𝑥) = ∑ 1                    (6.1) 

 Hartigan and Hartigan’s paper includes the algorithm for generating the curves and 

calculating the Dip, which is the maximum distance between the empirical distribution and the 

best fitting unimodal distribution.  

Our filter applies the Dip test to each feature within our feature set individually, i.e. in 

a univariate manner, thus generating a Dip test score for each feature. This then allows the 

features to be ranked on their clusterability according to the Dip test. Then the approaches we 

describe in section 6.3.7 Selecting the Number of Features can then be used to select the 

desired number of features that most contribute to the dataset’s tendency to cluster and to 

remove features that least contribute to a dataset’s tendency to cluster. 

Note that Hartigan and Hartigan [40] subsequently converting the Dip value into a 

probability of non-unimodal distribution per given sample size. For our application this is not 

necessary as the Dip value is being used to directly compare individual features to each other. 

Hence, a ranking can be achieved without this additional conversion. The dip test was 

implemented for our analysis using the UniDip python package [43].  

Hopkins Clusterability Filter 

Our proposed Hopkins Clusterability Filter for feature selection utilizes the Hopkins 

test for clusterability via spatial randomness. The Hopkins test works by comparing the 

distance between a sample of datapoints and their nearest neighbors to the distances from a 

sample of randomly distributed pseudo points and their nearest neighbors [42]. 

The Hopkins statistic, as formulated by Banerjee and Dave [44] is as follows: 

Let X = {xi | i = l to n} be the set of n datapoints in a d dimensional space such that xi = {xi1, 

xi2, …, xid}.  
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Also, let Y = {yj | j = l to m} be m randomly distributed new datapoints in the d dimensioned 

sampling window, m < n.  

Two distances are defined: 

uj, as the minimum distance from yj to its nearest real datapoint in X, and  

wj as the minimum distance from a randomly selected real datapoint in X to its nearest neighbor 

(m out of the available n datapoints are marked at random for this purpose). 

The Hopkins statistic in d dimensions is then defined as, 

𝐻 =
∑

∑ ∑
               (6.2) 

To use the Hopkins statistic as a feature selection filter, it is repeatedly applied to each 

feature within our feature set individually, i.e. in a univariate manner where d=1. Thus, 

generating a Hopkins statistics for each feature, indicating the data’s tendency to cluster or 

clusterability for that feature. This then allows the features to be ranked on their clusterability 

according to the Hopkins statistic. Then the approaches we describe in section 6.3.7 Selecting 

the Number of Features, can then be used to select the desired number of features that most 

contribute to the dataset’s tendency to cluster and to remove features that least contribute to a 

dataset’s tendency to cluster. 

The Hopkins Statistic was implemented for our analysis using the pyclustertend python 

package [45]. Note that since this is a stochastic process, 1000 Monte Carlo simulations were 

run to ensure a stable Hopkins statistic score for comparison of each feature. 

6.3.6 Feature Selection Techniques: Wrapper Methods 

Wrapper methods utilize a learning algorithm, and the results that generates, to evaluate 

features. Hence, they “wrap” the selection process around the learning algorithm [20]. I.e., for 

cluster analysis, the selected clustering algorithm and an appropriate evaluation metric to 

measure the clustering outcomes are used to evaluate candidate feature sets.  

As previously noted, agglomerative hierarchical clustering was chosen for our 

application and was implemented as the learning algorithm within the wrapper feature 

selection methods.  
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Since cluster analysis is an unsupervised learning task, it is necessary to find a way to evaluate 

and validate the goodness of the clustering for comparison clustering results for each feature 

subset [46]. This is achieved without labeled data using internal clustering validation indices 

which measure some form of goodness of clustering. Since the goal of clustering is to 

differentiate objects within different clusters, most internal validation indices use the criteria 

of compactness and separation in assessing the goodness of clustering. However, there are 

many ways of calculating these characteristics. The technique that we have chosen is the 

Silhouette index [38] as it is a known high performing technique [47-49]. The Silhouette score 

for a sample i is  

𝑠(𝑖) =
( ) ( )

 { ( ), ( )}
                 (6.3) 

where a(i) is the average distance from the i-th point to all others in its own cluster, and b(i) is 

the average distance from the i-th point to all other points assigned to the nearest neighboring 

cluster. The overall Silhouette index score for a set of i samples is then the mean of the 

individual silhouette scores. The agglomerative hierarchical clustering and the Silhouette 

index were implemented for this analysis using the scikit-learn Python package [50]. 

The greedy search strategies of sequential forward selection (SFS) and sequential 

backward selection (SBS) are two of the simplest wrapper techniques. These are deterministic, 

single solution methods. These techniques are fast (for wrapper methods) but are low in 

performance, only typically yielding locally optimal solutions [51, 52]. Due to the large 

number of features to explore within spectroscopy datasets, this sacrifice in performance needs 

to be considered against computation within an acceptable time. Hence, these methods are 

implemented in our study for comparison to understand their performance in this context.  

Genetic algorithms (GAs) are an optimization approach, with the goal of simulating of 

natural evolution and use random steps to converge to a non-random optimal solution [53]. 

Introduced for feature selection by Siedlecki and Sklansky [54], genetic algorithms are a 

stochastic multiple-solution method. They are commonly applied within chemometrics for 

variable selection in modeling and calibration [55]. When applied to feature selection for 
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cluster analysis, the clustering algorithm and the associated internal clustering index are used 

for the objective function. Genetic algorithms utilize a chromosome (a binary string) to 

represent all the available features. An initial population of chromosomes is generated through 

a random process and evaluated using the clustering process. The best chromosomes are 

selected to survive and used to breed the next generation. New chromosomes are generated 

through the processes of crossover or mutation. Crossover is where parts of two different 

parent chromosomes are combined to generate a new child. Mutation is where the binary string 

of a single parent chromosome is perturbed to create a child. This process is repeated for many 

generations with the best chromosomes from each generation progressing to future 

generations. The process is repeated multiple generations until there is no further improvement 

in the objective function (internal index score). The genetic algorithm was implemented for 

our analysis using the pyeasyga Python package [56]. 

In summary, the feature selection techniques we are evaluating for cluster analysis of 

spectroscopy are: 

1 Variance Filter 

2 Mean Absolute Deviation Filter 

3 Dispersion Filter 

4 Hopkins Clusterability Filter 

5 Dip Clusterability Filter 

6 Multi-Cluster Feature Selection Filter 

7 Sequential Forward Selection Wrapper 

8 Sequential Backward Selection Wrapper 

9 Genetic Algorithm Wrapper 

6.3.7 Selecting the Number of Features 

Alelyani, et al. [16], in the conclusion of their review of Feature selection for clustering 

highlighted the challenge of choosing the number of features to include as an open problem. 

Feature selection methods that provide feature ranking as an output (or methods that require 

an input parameter that affects the number of features) present the problem of how to select an 
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appropriate number of features. This was the case for almost all the techniques evaluated in 

our study.  

One approach, as implemented by Anzanello, et al. [57] is to select the number of top 

ranked features that, when cluster analysis is applied, maximizes the internal indices score in 

the cluster analysis evaluation. Effectively, this is achieved by iteratively adding features in 

descending ranked order from the ranked list to a feature subset, applying clustering to the 

resulting dataset, and calculating the Silhouette index to identify the number of features that 

maximizes the Silhouette index score. As in our analysis, Anzanello, et al. [57] use the 

Silhouette index as their internal index. 

An alternative, employed by Solorio-Fernández, et al. [17] in their comprehensive 

review and evaluation of unsupervised feature selection techniques was to pick a fixed 

percentage of the total features. They selected the best results from 40%, 50% or 60% of the 

total or ranked features. Of note is that their highest dimension dataset contained 60 features. 

For application to spectroscopy, where total features are in the hundreds or thousands, a 

smaller percentage may be more appropriate such as 10%. As there has been no clear preferred 

option presented in existing literature, all of these approaches are evaluated in our analysis.  

Within our study, genetic algorithms were the exception to the above cases where a 

specific number of features did not need to be specified. When running the genetic algorithms, 

as the number of generations that the algorithm was run for increased, there eventually reached 

a point where there were no longer changes in the number of features being selected without 

being detrimental to the algorithm’s goals. Hence, a natural minimum number of features was 

reached. This was used as the number of features for all of our analysis. 

6.3.8 Evaluation Methodology 

Evaluation of feature selection method performance is not straight forward in that it is 

an unsupervised method where classification labels are typically not available. Other studies 

have utilized cluster analysis internal indices such as the Silhouette index as a metric for 

evaluating how good the outcomes are (and for selecting the number of features that 

maximizes the internal indices) [57]. As used as the objective function in our wrapper filter 
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selection techniques, the Silhouette index (SI) score is calculated using the mean intra-cluster 

distance and the mean nearest-cluster distance for each sample [38]. This method was initially 

used to evaluate the feature selection performance, where an improved SI score over the 

baseline of including all features indicates an expected improvement in clustering outcomes. 

However, our further investigation of the feature selection results using external 

clustering indices and data labels showed some potential shortcomings with using internal 

indices alone. For evaluation of the proposed feature selection techniques, true labels are 

available for the explosives data sets and public datasets. Hence, these can be used with 

external evaluation measures to compare the true labels to those generated through the cluster 

analysis to evaluate whether the feature selection techniques improved the clustering 

outcomes. If the feature selection technique can be demonstrated to work successfully on the 

labeled spectroscopy datasets, then it can be applied in an automated manner to future 

unlabeled spectroscopy datasets. 

Cluster analysis evaluation differs from supervised learning evaluation (i.e. 

classification) where metrics such as accuracy (percentage correct) can be used. This accuracy 

notion does not directly match the concept of clustering and cluster validation where samples 

are assigned to clusters rather than classes. The cluster labeling is symbolic (based on 

similarity) and may not directly align with the classes (classifications) of the data’s true labels. 

Hence, external cluster validation indices that compare the cluster labels to the true labels 

employ notions such as homogeneity, completeness, purity and alike for the resulting clusters. 

One of the most common indices is the V-measure [58] which is applied in our analysis. V-

measure is the harmonic mean between the homogeneity (h) and completeness (c) of clusters. 

i.e.  

𝑉 =
( )∗ ∗

( ∗ )
                    (6.4) 

where a 𝛽 value of 1 is used to place equal importance on homogeneity and completeness. The 

result is a V-measure (VM) score between 0.0 and 1.0, where 1.0 represents perfectly correct 

labeling.  
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As described by Rosenberg and Hirschberg [58], homogeneity (h) and completeness (c) 

are calculated as follows:  

Assume a data set comprising n data points, and two partitions of these: a set of classes, C = 

{ci |i = 1, . . . , n} and a set of clusters, K = {ki |1, . . . , m}. Let A be the contingency table 

produced by the clustering algorithm representing the clustering solution, such that A = {aij} 

where aij is the number of data points that are members of class ci and elements of cluster kj. 

Homogeneity (h) and completeness (c) are defined as  

ℎ =  
  1                               𝑖𝑓 𝐻(𝐶, 𝐾) = 0

  1 −
( | )

( )
             𝑒𝑙𝑠𝑒                      

                (6.5) 

𝑐 =
  1                                𝑖𝑓 𝐻(𝐾, 𝐶) = 0

  1 −
( | )

( )
              𝑒𝑙𝑠𝑒                      

               (6.6) 

where the entropies H(C) and H(K), and the conditional entropies H(C|K) and H(K|C) are  

𝐻(𝐶) = − ∑
∑

| |

𝑙𝑜𝑔
∑

| |
| |                 (6.7) 

𝐻(𝐾) = − ∑
∑

| |

𝑙𝑜𝑔
∑

| |
| |                  (6.8) 

𝐻(𝐶|𝐾) = − ∑ ∑| |
𝑙𝑜𝑔

∑
| |

| |                 (6.9) 

𝐻(𝐾|𝐶) = − ∑ ∑| |
𝑙𝑜𝑔

∑
| |

| |               (6.10) 

The V-measure was calculated in our analysis using the scikit-learn Python package [50]. 

Finally, visualization plots of the internal index (SI) and external index (VM) were 

plotted against the number of selected features to observe where the peak index scores occur 

and whether there is correlation between the indices. 

6.4 RESULTS AND DISCUSSION 

6.4.1 Clustering Results Based on Internal Indices 

The feature selection techniques from the filter methods, wrapper methods, and the 

newly proposed clusterability filter methods were applied to the explosives spectroscopy 

datasets and the public spectroscopy datasets. The agglomerative hierarchical clustering 

technique was applied to the resulting feature subsets from each feature selection technique. 
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As a starting point for evaluation of the techniques, the internal index scores in the form 

of the Silhouette index (SI) scores were explored. This has been used in other published studies 

[57], and for our datasets, all feature selection techniques improved the SI scores for almost 

all datasets. As expected, maximum SI values were achieved when the number of features was 

selected using the SI maximization technique when compared to selecting 10%, 40%, 50% or 

60% of the features. This SI maximization technique typically resulted in a small number of 

features (between 1 and 20) being selected. These results are summarized in Table 6.2 where 

the change in SI score due to the feature selection technique is presented. A positive score 

showed that the feature selection technique resulted in an improved SI score compared to 

applying no feature selection. As a means of assessing the feature selection techniques across 

the 11 spectroscopy datasets, the change in SI scores were summed for each of the datasets 

and presented in the final column of Table 6.2. Hence a larger (positive) Total SI Change 

indicates the technique resulted in a better overall performance across the 11 datasets when 

measured with the Silhouette Index (SI) than a technique with a lower score.  

Table 6.2 Change in SI internal index score through feature selection when the SI maximization 

technique was used to select the number of features.  
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Variance Filter +0.03 +0.26 +0.20 +0.30 +0.37 +0.21 +0.26 +0.10 +0.15 +0.27 +0.35 +2.50 

Mean Absolute Deviation 
Filter 

+0.05 +0.20 +0.18 +0.31 +0.37 +0.21 +0.26 +0.10 +0.15 +0.26 +0.35 +2.46 

Dispersion Filter +0.04 +0.18 +0.20 +0.37 +0.37 +0.21 +0.24 +0.21 +0.15 +0.24 +0.36 +2.60 

Hopkins Clusterability 
Filter 

+0.01 +0.22 +0.10 +0.27 +0.31 +0.12 +0.27 +0.22 +0.17 +0.13 +0.29 +2.10 

Dip Clusterability Filter +0.00 +0.19 +0.15 +0.37 +0.37 +0.13 +0.22 +0.23 +0.16 +0.18 +0.33 +2.33 

Multi-Cluster Feature 
Selection Filter 

+0.00 -0.39 +0.21 +0.30 +0.33 +0.16 +0.22 +0.16 +0.09 +0.14 +0.31 +1.54 

Sequential Forward 
Selection Wrapper 

+0.07 +0.24 +0.28 +0.36 +0.40 +0.23 +0.26 +0.23 +0.20 +0.28 +0.31 +2.86 

Sequential Backward 
Selection Wrapper 

+0.07 +0.29 +0.22 +0.31 +0.36 +0.22 +0.24 +0.25 +0.20 +0.24 +0.33 +2.75 

Genetic Algorithm 
Wrapper 

+0.07 +0.26 +0.30 +0.30 +0.31 +0.22 +0.23 +0.25 +0.21 +0.18 +0.22 +2.54 
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As expected, the wrapper methods resulted in the greatest increase in clustering quality 

when measured using the internal index, although this did come at the expense of computation 

time. The faster filter techniques all improved the SI scores with slight variations in 

performance dependent on the specific dataset. This included the newly proposed clusterability 

filter techniques. These results appear positive and suggest feature selection for cluster 

analysis in spectroscopy is likely to be beneficial in delivering improved clustering outcomes. 

However, inclusion of the external indices in the form of the V-measure and comparison 

against true labels reveal that the results are not clear or conclusive. 

6.4.2 Clustering Results Based on External Indices 

As per the internal indices clustering results, clustering was applied post feature 

selection using agglomerative hierarchical clustering. The results were then evaluated using 

the labels for the data sets and the V-measure (VM) external index. For comparison to the 

internal indices results (Table 6.2), the external index results are initially presented for the 

number of features selected using the same SI maximization technique from Section 6.4.1. The 

change in VM score due to the feature selection technique is presented in Table 6.3. A positive 

score showed that the feature selection technique resulted in an improved VM score compared 

to applying no feature selection, whereas a negative score indicates a worse clustering outcome 

(when assessed using the V-measure and data labels). As a means of assessing the feature 

selection techniques across the eleven spectroscopy datasets, the change in VM scores were 

summed for each of the datasets and presented in the final column of Table 6.3.  
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Table 6.3 Change in VM external index score through feature selection when the SI maximization 

technique was used to select the number of features. 
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Variance Filter -0.04 -0.24 +0.00 -0.22 -0.01 +0.04 -0.09 -0.21 -0.03 -0.22 -0.26 -1.29 

Mean Absolute 
Deviation Filter 

0.00 -0.16 -0.16 -0.20 -0.01 +0.04 -0.09 -0.01 -0.03 -0.23 -0.26 -1.10 

Dispersion Filter 0.00 -0.16 -0.04 -0.67 -0.01 +0.04 +0.01 -0.12 -0.03 -0.14 -0.19 -1.31 

Hopkins Clusterability 
Filter 

0.00 -0.17 -0.36 -0.69 -0.01 -0.11 -0.03 -0.27 -0.56 -0.52 -0.27 -2.98 

Dip Clusterability Filter 0.00 -0.12 -0.31 -0.67 -0.02 -0.06 -0.18 -0.16 -0.11 -0.40 -0.10 -2.14 

Multi-Cluster Feature 
Selection Filter 

0.00 -0.28 -0.29 -0.06 -0.01 -0.10 -0.02 -0.15 -0.35 -0.60 -0.11 -1.97 

Sequential Forward 
Selection Wrapper 

0.00 +0.05 +0.06 -0.67 -0.06 -0.27 +0.02 -0.16 +0.03 -0.22 -0.21 -1.43 

Sequential Backward 
Selection Wrapper 

0.00 -0.00 -0.04 0.00 +0.04 +0.02 +0.01 -0.01 +0.00 -0.14 -0.19 -0.32 

Genetic Algorithm 
Wrapper 

0.00 -0.00 +0.07 +0.05 +0.01 +0.04 +0.03 -0.01 +0.04 -0.01 0.00 +0.22 

 

As shown in Table 6.3, when evaluated using labeled data using an external index, the 

results showed that almost all feature selection techniques were detrimental to cluster analysis 

outcomes when compared to selecting the full data set with no feature selection applied. The 

exception was the genetic algorithm wrapper technique which does not use the SI 

maximization technique to select the number of features and resulted in, on average, a small 

improvement in clustering outcomes. The reason for these very poor outcomes requires further 

investigation and is addressed in Section 6.4.3. 

External indices scores were also generated when values of 10%, 40%, 50% and 60% 

were used to select the number of features. This resulted in somewhat improved results with 

the outcomes using 60% of the features resulting in the best V-measures. However, as shown 

in Table 6.4, the results were still largely detrimental to clustering performance for 

spectroscopy data when evaluated against the data labels using the V-measure external index. 

The genetic algorithm wrapper method provided the only overall positive outcomes. The 

reason for these poor outcomes requires further investigation and is addressed in Section 6.4.3. 
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Of our newly proposed Clusterability filter techniques, the Hopkins clusterability filter 

performing the best of the six filter techniques evaluated with an overall Total VM Change of 

-0.01 when summed across all the eleven spectroscopy datasets. The Dip clusterability resulted 

in the most improvement for of all feature selection techniques for the Fruit spectroscopy 

dataset but performed the worst for the First Fire Energetic, Liver, and Wine spectroscopy 

datasets. Hence, the Dip clusterability filter may be a more inconsistent technique, where its 

performance varies based on the specific characteristics of a dataset. 

Table 6.4 Change in VM external index score through feature selection when the best 60% of features 

were selected. 

 Spectroscopy Dataset  

Feature Selection 
Technique O

ut
pu

t 
E

ne
rg

et
ic

 

T
ra

ns
iti

on
 

E
ne

rg
et

ic
 

Fi
rs

t F
ir

e 
E

ne
rg

et
ic

 

C
of

fe
e 

Fr
ui

t 

L
iv

er
 

M
an

go
s 

M
ar

zi
pa

n 

M
ea

ts
 

O
li

ve
 O

il 

W
in

e 

T
ot

al
 S

I 
C

h
an

ge
 

Variance Filter 0.00 0.00 0.00 +0.00 +0.04 -0.03 -0.01 +0.00 +0.11 +0.00 -0.13 -0.02 

Mean Absolute Deviation 
Filter 

0.00 0.00 0.00 +0.00 +0.04 -0.02 -0.25 +0.00 +0.11 +0.00 -0.13 -0.24 

Dispersion Filter 0.00 +0.01 0.00 +0.00 +0.04 -0.03 -0.01 +0.00 0.00 +0.00 -0.13 -0.12 

Hopkins Clusterability 
Filter 

-0.04 +0.10 0.00 +0.00 -0.01 +0.07 0.00 +0.00 +0.02 -0.11 -0.02 -0.01 

Dip Clusterability Filter -0.04 +0.10 -0.14 +0.00 +0.05 -0.32 -0.11 -0.10 0.00 +0.00 -0.16 -0.73 

Multi-Cluster Feature 
Selection Filter 

0.00 +0.04 +0.04 -0.44 +0.03 +0.00 +0.01 -0.00 +0.15 +0.02 -0.11 -0.25 

Sequential Forward 
Selection Wrapper 

0.00 +0.08 +0.01 -0.13 +0.04 +0.04 +0.03 -0.01 -0.00 -0.20 -0.15 -0.28 

Sequential Backward 
Selection Wrapper 

0.00 0.00 +0.02 +0.00 +0.02 +0.06 -0.01 -0.01 0.00 -0.01 -0.07 +0.00 

Genetic Algorithm 
Wrapper 

0.00 0.00 +0.07 +0.05 +0.01 +0.04 +0.03 -0.01 +0.04 -0.01 0.00 +0.22 

 

6.4.3 Investigation of the Internal Index to External Index Relationship 

These differences in feature selection technique performance when measured using 

internal and external clustering indices prompted further investigation. This is with the goal 

of understanding this phenomenon and identifying approaches which we can have confidence 

in when applied to future unlabeled datasets. 

Visualization plots were generated of the internal index (SI) and external index (VM) 

against the number of selected features. From the 99 plots generated from our study, a 
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representative sample of 4 plots are presented in Figure 6.1(a)-(d). These plots revealed that 

the SI and VM scores did not always correlate, particularly at a very low number of features. 

Here, at the left hand of the plots where the SI was often at its maximum, the VM typically 

dropped well below the baseline value obtained when no feature selection was applied (and 

all features were used). We have explicitly highlighted this on the left of Figure 6.1(a) where 

we have circled the peak SI and the corresponding low VM. These plots reveal what may be 

considered a region of instability at very low numbers of features where the relationship 

between the internal and external indices scores breaks down and is inconsistent. This typically 

improved once the number of features increased and later secondary peaks of SI scores often 

correlated with increased VM. However, this was not always the case, as shown in Figure 

6.1(c). 

 
Figure 6.1 (a)-(d): Exemplar plots of the internal index score (Silhouette Index) and external index 

score (V-measure) vs. the number of included features. The dashed lines represent the baseline scores 
where all features are included, i.e. no feature selection. 

This presents a problem for selecting the number of features based on when the 

maximum SI is achieved. Often the maximum SI occurs when the number of features is very 

Peak SI 
Low VM 

Low VM at 
60% of features 
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low. Selecting features based on peak SI alone will likely result in worse real-world clustering 

performance when assessed using labeled data and an external clustering index such as VM. 

Selection based on peak VM is a better approach since this represents the most correct 

clustering based on the labelled data. However, this is not realistic as the prime application of 

cluster analysis (unsupervised learning) is when labeled data is not available. Without labels, 

a VM cannot be calculated. 

The approach utilized by Solorio-Fernández, Carrasco-Ochoa and Martínez-Trinidad 

[17] where 40%, 50% or 60% of the features is now considered, along with an adjusted version 

where 10% is chosen due to the very high number of features in spectroscopic data. All 

techniques did result in improved VM scores at some point in the plots. However, due to the 

inconsistent nature of the results as seen in these plots, it was not possible to choose a 

percentage value that lead to consistently improved results. Of the options evaluated, selecting 

the nominal value of 60% did lead to the best results. However, as shown in Table 6.4, the 

results were on average still worse than doing no feature selection. An explicit example of this 

poor outcome is circled in Figure 6.1(a). 

To investigate whether this phenomenon is specific to the internal and external indices 

chosen for this study, evaluations were done using alternative indices. Specifically, the Davies-

Bouldin [59] and Calinski-Harabasz [60] internal indices were evaluated as alternatives to the 

Silhouette index, and the Adjusted Rand [61] and Adjusted Mutual Information [62] external 

indices were evaluated as alternatives to the V-measure. All resulted in similar outcomes with 

instability and poor external index scores at very low number of features, and inconsistent 

internal and external index scores across the range of features that make it difficult to select a 

consistently beneficial number of features.  

As previously noted, the genetic algorithm was the exception to the inconsistent results 

from other techniques, delivering an on average positive effect on the clustering outcomes 

when measured using both an internal index, and an external index with labeled data. To 

investigate this further, the plots generated by the genetic algorithms were examined. 

Representative examples of these are shown in Figure 6.2 (a)-(d). 
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Figure 6.2 (a)-(d): Genetic Algorithm feature selection plots of the internal index score (Silhouette 
Index) and external index score (V-measure) vs. the number of included features. The dashed lines 

represent the baseline scores where all features are included, i.e. no feature selection. 

One significant difference observed was the stability in the internal and external indices 

as the genetic algorithms progressed. As the internal index score (SI) was maximized through 

generations of the genetic algorithm and as the number of features reduced, the relationship 

between the internal and external indices remained consistent, including at low numbers of 

features. This was in stark contrast to the other techniques where a high SI score at a low 

number of features often resulted in very poor V-measure scores. It was also noted0 that while 

there were detrimental or negative outcomes from the genetic algorithms on two of the eleven 

data sets (Olive Oil and Marzipan), the negative changes were quite small (as seen in Figure 

6.2(d)). 

Another attractive attribute of the genetic algorithms was that they will run until no 

further improvement in SI can be achieved. This natural stopping point typically achieved low 

numbers of features and an increase in VM was observed to occurring towards the lower 
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number of features. This removes the need to explicitly choose the number of features for 

genetic algorithms, with the natural end point of the genetic algorithm likely to result in the 

best results. 

Overall, the stability and on average positive results that come from the application of 

genetic algorithms indicate that genetic algorithms are the most suitable feature selection 

technique of those we have evaluated for cluster analysis of spectroscopy. 

6.5 CONCLUSIONS AND FUTURE WORK 

Feature selection presents an opportunity for improved cluster analysis results in 

spectroscopy. However, significant challenges were observed: 

 The unlabeled data, typically high dimensionality, and low sample sizes associated with 

spectroscopy limit the suitability of many techniques. 

 Due to the unsupervised nature of cluster analysis where it is applied to unlabeled data, 

evaluating and having confidence in the results when applied to unlabeled spectroscopy 

datasets is also challenging. This was apparent in our findings.  

 And finally, determining a practical approach for selecting the number of features to 

choose for unlabeled datasets was a challenge for many techniques we evaluated. 

In our evaluation, wrapper techniques performed better than filter techniques in feature 

selection for cluster analysis of our spectroscopy datasets. However, wrapper techniques are 

typically computationally intensive which does not match well with the high dimensionality 

of spectroscopy data and can lead to excessive execution time. Overall, genetic algorithms 

were found to be the most effective from the nine techniques evaluated. Their stable and 

reliable nature made them particularly attractive for our application in cluster analysis of 

spectroscopy. 

We also proposed a new approach of Clusterability filters for feature selection in cluster 

analysis. Based on clusterability measures, two versions of this were implemented for 

evaluation; the Dip clusterability filter and the Hopkins clusterability filter. The Hopkins 

clusterability filter was found to be the best performing filter technique in our analysis, 
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including better than the well-recognized Multi-Cluster Feature Selection (MCFS) technique 

from Cai, Zhang, and He [14]. While this is a positive result for a new technique, some 

challenging datasets meant none of the filter techniques evaluated were consistently beneficial 

when averaged across the eleven spectroscopy datasets in our evaluation. It was also observed 

that results varied greatly for different techniques depending on the specifics of the dataset and 

the number of features selected. Only the genetic algorithm resulted in better results on average 

than utilizing the whole spectroscopy spectra and performed consistently across all datasets. 

These positive outcomes for the genetic algorithm wrapper method came at the expense of 

significant computation time. 

It is also acknowledged that there are many other unsupervised feature selection 

techniques that have not been evaluated for our application of cluster analysis in spectroscopy. 

As identified in our research, it is difficult to predict which feature selection techniques will 

work well for specific datasets and applications without evaluation. This is true for many 

aspects of cluster analysis, including clustering algorithms and pre-processing techniques.  

Similarly, our proposed Clusterability filters for unsupervised feature selection warrant 

further evaluation. We have seen that cluster analysis of spectroscopy is a challenging domain 

for feature selection to deliver improved results. However, cluster analysis is a widely utilized 

technique across a broad range of domains beyond spectroscopy and chemometrics. Here, 

Clusterability filters may prove to result in more significant improvements in cluster analysis 

outcomes. Consideration could also be given for creating a hybrid method combining the 

Hopkins clusterability filter (the best filter technique evaluated) with the genetic algorithm 

wrapper method (best wrapper technique evaluated). Using the Hopkins clusterability filter 

could produce a feature subset for further refinement by the genetic algorithm, reducing the 

execution time of the genetic algorithm while potentially still obtaining favorable results. 
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Chapter 7: Hierarchical Exploration of the 
Detonator FTIR Spectroscopy 
Datasets 

7.1 INTRODUCTION 

In this chapter we explore the hierarchy of the detonator FTIR spectroscopy datasets 

and assess the capabilities of the agglomerative hierarchical clustering algorithm at each level 

of the hierarchy. This can build our understanding of what level of chemical differentiation is 

achievable through the combination of FTIR spectroscopy and cluster analysis. 

As highlighted in Chapter 1, the overall goal of our research is to identify relationships 

between homemade explosive samples that may enable relationships to be inferred about the 

bombmakers that made the detonators. It was proposed that this may mean, at the lowest 

hierarchical level, confidently identifying samples that are of identical composition that can 

be confirmed to be made by the same bombmaker, using the same recipe, technique and 

materials. At a higher hierarchical level, this may mean identifying a group of samples that 

have a similar composition or recipe (supercluster) but there are discernible subclusters. This 

may imply that the subclusters are made by different bombmakers but there are potential links 

between those bombmakers through sharing of recipes or being trained in the same 

bombmaking techniques. 

When the FTIR spectroscopy was conducted to generate the detonator datasets, an 

experienced analytical chemist (specialising in energetic materials) manually analysed the 

spectra in an attempt to identify the chemical composition of the samples (and to generate 

labels) to the most detailed level that can be differentiated from the FTIR spectra. These labels 

are what has been used in the cluster analysis in previous thesis chapters. 

In addition to the FTIR spectroscopy testing and analysis, multiple other chemical 

analysis techniques were applied to the same detonator datasets. Some of these were able to 

differentiate further differences within the detonator samples than could not be identified in 
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the chemist’s analysis of the FTIR spectra. Many of these tests are more sophisticated than 

FTIR spectroscopy, and hence require more specialised equipment and are often only 

applicable to specific types of energetic materials. Hence, they are not as suitable for our 

conceptualised homemade explosives analysis process (Chapter 1). However, these advanced 

testing results can be utilised in our current research for evaluating the performance of cluster 

analysis of FTIR spectroscopy at the more detailed subcluster level. This may include being 

able to differentiate samples of FTIR spectroscopy via unsupervised machine learning (cluster 

analysis) beyond that achievable by the chemist’s analysis of the FTIR spectra. Alternatively, 

noting from chapter 3 that supervised machine learning techniques were more accurate than 

unsupervised techniques, we may find the unsupervised machine learning of cluster analysis 

cannot confidently match that of the human chemist’s analysis of FTIR spectra. That is what 

will be explored in this chapter. 

7.2 MATERIALS AND METHODS 

7.2.1 Hierarchical cluster analysis 

For this analysis, we apply the quantitative cluster analysis approach we defined in 

Chapter 3. This workflow consists of spectral data preprocessing, testing for the data’s 

tendency to cluster, feature selection, attempting to predict the number of clusters, using a 

clustering algorithm that meets our needs of hierarchical output, and quantification of the 

clustering outcomes. Visualisation is achieved through two-dimensional principal component 

analysis (PCA) score plots, and through the dendrogram produced by the hierarchical 

clustering process. These analysis and visualisation steps are now briefly explained. 

Data preprocessing 

Extended multiplicative signal correction (EMSC) with a second order polynomial was 

applied as the data preprocessing technique. As demonstrated in Chapter 5, this technique 

resulted in the greatest improvements in cluster analysis outcomes for the evaluated IR 

spectroscopy datasets. EMSC preprocessing was implemented in our analysis using the 

Orange 3 python data mining toolbox [1] and the Orange-Spectroscopy Add-on [2]. 
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Clusterability testing 

Cluster analysis is only appropriate when inherent cluster structure is present in the data. 

Otherwise, the results of any clustering algorithm become arbitrary and potentially misleading 

[3]. To understand the tendency to cluster or clusterability of the datasets, we utilise the 

Hopkins statistic [4]. This was calculated using the pyclustertend Python package [5]. For the 

Hopkins statistic, a score of 0.0 represents uniform distribution and no clustering, 0.5 

represents random distribution with no inherent clustering, and approaching 1.0 represents 

very well-defined clustered data. 

Feature selection 

As detailed in Chapter 6, feature selection can be used to improve clustering outcomes 

through selection of the features (wavenumbers in FTIR spectra) that contain variance most 

valuable to cluster analysis, and discarding those that may contain noise or unwanted 

information. In our analysis of the subclusters of the datasets, feature selection was applied 

using the genetic algorithm wrapper technique [6, 7]. As seen in Chapter 6, the genetic 

algorithm wrapper method proved the most beneficial (of those we evaluated) over the eleven 

detonator and public spectroscopy datasets. However, specifically for the three detonator 

datasets, it showed no benefit for DETS1 and DETS2 and minor benefit on DETS3. When we 

applied this technique to the subclusters of the detonator datasets in our analysis below, the 

feature selection showed negligible benefit and did not justify the multiple days of 

computational processing time for the genetic algorithm (on a circa 2020 desktop computer). 

Hence, the results presented below are without feature selection applied.  

Hierarchical cluster analysis algorithm and visualisation 

We will continue to use agglomerative hierarchical cluster analysis with Ward’s method 

[8] as, as shown in Chapter 4, it is well suited to the needs of our analysis and delivers strong 

cluster analysis outcomes on our detonators datasets. Agglomerative hierarchical clustering 

utilising Ward’s method was applied to the FTIR data using the scikit-learn Python package 

[9]. 
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The dendrogram visualisation that can be produced by the hierarchical clustering 

algorithm will assist in visually exploring and understanding the clustering outcomes. A 

dendrogram is a tree like diagram that shows the hierarchical relationship between objects. 

The height of each node or branching point in the plot is based on the value of the intergroup 

dissimilarity between its two daughter branches. Cutting the dendrogram horizontally at 

various ‘heights’ can be used to produce the clustering outcomes for varying number of 

clusters. 

Predicting the correct number of clusters 

Cluster number prediction is achieved by iteratively varying parameters within the 

clustering algorithms to produce different numbers of clusters. Internal cluster validation 

indices are then used to calculate the goodness of each resulting clustering. The best internal 

cluster validation index value then indicates the predicted correct number of clusters [10].  

The internal cluster validation index that we have chosen is the Silhouette index as it 

has been demonstrated to be a high performing technique [11-13]. The Silhouette Index was 

implemented for this analysis using the scikit-learn Python package [9]. 

While the number of clusters for our datasets is known from the true labels provided by 

the chemist’s spectra analysis, the goal is to develop a method that is automated and applicable 

to unlabelled data. Hence, we will compare clustering outcomes from the known number of 

clusters to those of the predicted number of clusters. 

Quantification of clustering outcomes 

The clustering outcomes are quantitively evaluated using the V-measure external 

clustering validity index [14], where the clustering outcomes are assessed against the labels 

generated from the chemists analysis of the FTIR samples. The V-measure is calculated using 

the scikit-learn Python package [9]. V-measure scores range between 0.0 and 1.0, where 1.0 

represents perfectly complete labelling. 
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7.2.2 Chemical testing 

The FTIR spectra from the three detonator datasets, and the associated labelling 

generated from the chemist’s analysis of the FTIR spectra are the core focus of our study. The 

“cluster”, “subcluster” and “supercluster” terminology has been adopted to refer to differing 

levels within the hierarchy of the labels of the chemical samples. 

To gain further insight into the composition of the energetic materials contained within 

the homemade detonators, several additional chemical tests were applied to the samples. These 

tests often utilised more specialised or sophisticated techniques than the FTIR spectroscopy. 

The outcomes from these advanced testing techniques were used to confirm the classification 

labels from the FTIR spectroscopy analysis and to provide additional labelled beyond what 

could be generated from the chemist’s analysis of the FTIR spectra. I.e. labelling for the sub-

clusters within a single type of explosive. These tests are now briefly described. 

Isotope ratio mass spectrometry 

Isotope ratio mass spectrometry (IRMS) uses a specialised mass spectrometer that 

produces precise and accurate measurements of the variations in the natural isotopic 

abundance of light stable isotopes. Isotopes are atoms of the same chemical element that have 

different atomic mass. This difference arises from the number of neutrons present within the 

nucleus. Most elements have a single dominant isotope, with one or more heavier isotopes that 

have abundances of less than a few percent. The applications of IRMS in forensic science 

utilises the exploitation of the ratios of these isotopes in order to infer the source of a trace 

[15]. Variations in these isotope ratios can be used to differentiate between samples and may 

be used to identify origins, manufacturers or batches of materials. 

Water extraction and separation 

A method to determine the percentage compositions in oxidiser/fuel mixtures is by 

water or solvent extraction. This technique relies on the different components having different 

solubilities in a range of solvents. The extractives are then analysed using further techniques 

such as ion chromatography, high performance liquid chromatography (HPLC), and liquid 
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chromatography mass spectrometry (LC-MS). This was effective for potassium chlorate (PC) 

and sugars samples. The remaining insoluble component is dried and the resulting mass 

recorded. The insoluble species are then imaged under a microscope or chemically analysed 

such as via an electron scanning microscope. 

High performance liquid chromatography 

High performance liquid chromatography (HPLC) is a process to separate, identify and 

quantify each component in a mixture. HPLC was used to analyse the aqueous extract for 

samples that were found to contain soluble materials and such as samples that the FTIR 

spectroscopy identified as possibly containing sugar.  

Liquid chromatography-mass spectrometry 

Liquid chromatography-mass spectrometry (LC-MS) combines the physical separation 

process of liquid chromatography (or HPLC) with the mass analysis process of mass 

spectrometry to provide greater identification capabilities for the separated components. 

 

Utilising the cluster analysis workflow described above and the labelling generated from 

the various chemical testing techniques, we will now analyse the clustering, superclustering 

and subclustering outcomes of each detonator dataset. 

7.3 OUTPUT ENERGETIC (DETS1) DATASET HIERARCHY 

The output energetic samples (as contained in the DETS1 dataset) are typically made 

up of secondary explosives that, once initiated, produce a large enough shockwave to detonate 

a main charge of an improvised explosive device (IED). These explosives are typically 

commercial in nature and incorporated into the detonator either through use of a commercial 

blasting cap as part of the improvised detonator, or through utilising material recovered from 

an existing explosive device such as unexploded military ordinance. Due to this commercial 

nature of the output energetic materials, there is minimal variation between samples of the 

same type (class) and no subclasses were detected when the chemists analysed the FTIR 

spectra for the dataset. As we have seen in our earlier analysis, these clearly defined samples 
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allowed the clustering algorithms to 100% correctly cluster the DETS1 dataset (after spectral 

preprocessing was applied). These clearly separated clusters can be seen in the two-

dimensional PCA score plot in Figure 7.1. The clear separation of these sample also allows 

the number of clusters to be correctly predicted as five (using the silhouette index technique). 

The lack of any subcategories or variants in the labelling due to any included secondary fuels 

mean these could be considered supercluster within our naming convention. For consistency, 

we will use this supercluster terminology when comparing this DETS1 dataset to the DETS2 

and DETS3 datasets which do contain variants and subcategories in their labelling. 

 
Figure 7.1 PCA score plot of the labelled DETS1 output energetic FTIR dataset. 

We will now explore each of the clusters to see if they can be broken into subclusters 

via cluster analysis of the FTIR data and contrast that with any subclassing that can be achieved 

through advanced forms of chemical analysis. 

7.3.1 PETN subcluster analysis 

The PETN samples with the DET1 dataset were recovered from detonators that utilised 

components from commercial detonators or blasting caps in their output energetic stage. 

Hence, the PETN samples were all from commercial sources. In analysing the PETN FTIR 

spectra, the chemists did not observe any visible differentiation between the sample’s spectra. 

In reviewing the PCA score plot of EMSC preprocessed PETN FTIR spectra (Figure 7.2), 

there do not appear to be any obvious (separated) visual clusters. 
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Figure 7.2 PCA score plot of the preprocessed FTIR spectra from the PETN samples. 

When IRMS was applied to the PETN samples, three distinct values for the carbon 13 

ratios (δ13C) were observed. There was a large group of samples with an δ13C ratio of 

approximately -40, there was a smaller group of 8 samples with a δ13C ratio of approximately 

-31, and there was a single sample with a δ13C ratio of -25.6. The clear separation of these 

samples via IRMS indicate there are likely to be 3 distinct manufacturers or sources of the 

PETN. These classes are applied as labels to the PCA score plot of the FTIR spectroscopy data 

(Figure 7.3). 

 
Figure 7.3 IRMS class labels applied to the PCA score plot FTIR spectra from the PETN samples. 

It visually does not appear that these clusters can be separated in the FTIR spectroscopy 

data. To confirm this, we apply the quantitative cluster analysis approach we defined in 

Chapter 3. 

The Hopkins statistic was calculated to understand the tendency to cluster or 

clusterability of the PETN FTIR spectra. The data received a Hopkins statistic score of 0.73. 

While a high Hopkins score in the range of 0.7 to 0.99 indicates that clusters exist in the data 

[16], our calculated Hopkins score is towards the lower end of that range indicating that 
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clustering this data is likely to be challenging. Our previous experience (Chapter 3) showed 

that a very high Hopkins score over 0.95 may be required for 100% correct clustering. 

The IRMS testing indicated there were three classes of PETN within the DETS1 dataset. 

However, one of these (Group 2 in Figure 7.3) was a single datapoint. To predict the number 

of clusters (k), the Silhouette score technique was used. The Silhouette score is calculated for 

varying numbers of clusters k and the k with the highest silhouette score is selected. The 

silhouette scores are shown in Figure 7.4. 

 
Figure 7.4 Silhouette scores for varying number of hierarchical clustering of the PETN FTIR data 

While IRMS indicated 3 classes exist, the silhouette score indicates best clustering will 

be achieved for k=2 clusters. The clustering outcomes for 2 and 3 clusters are shown in Fig 

5(a) and (b). 

      
Figure 7.5 Hierarchical clustering of the PETN FTIR spectra for (a) k=2 clusters and (b) k=3 clusters 

The clustering outcomes are quantitively evaluated using the V-measure external 

clustering validity index. V-measure scores range between 0.0 and 1.0, where 1.0 represents 

perfectly complete labelling. The result is a V-measure score of 0.12 for 2 clusters and 0.24 

for 3 clusters. Feature selection using genetic algorithms was applied to the dataset, but this 

did not result in improvements in the clustering outcomes.  

(a) (b) 
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The low V-measure scores indicate that clustering of the PETN FTIR spectra cannot 

reliably match the labels generated from the IRMS analysis. Exploring a dendrogram of the 

PETN FTIR spectra hierarchical clusters in Figure 7.6 shows that the ‘3’ labels from the 

‘Group 3’ in the IRMS analysis are not consistently grouped together in the hierarchy. 

 
Figure 7.6 Dendrogram of hierarchical clustering of the PETN FTIR spectra against the class 

labelled generated from IRMS analysis of the PETN samples (x-axis labels). 

The overall conclusion from this analysis is that while the IRMS advanced testing 

technique can identify differences in the PETN samples within the dataset, this differentiation 

is not present in the FTIR spectroscopy data. Differences in the PETN samples could not be 

identified through the chemist’s analysis of the FTIR spectra, through PCA 2D visualisation 

of the FTIR spectra, or through quantified cluster analysis of the FTIR spectra. Hence, this is 

likely a limitation of the FTIR spectroscopy chemical testing. 

7.3.2 RDX subcluster analysis 

The RDX samples with the DET1 dataset were recovered from fully improvised 

(homemade) detonators that did not utilise components from commercial detonators or 

blasting caps. RDX is commonly used in explosive ordnance and thus, may be available within 

a conflict zone where ordnance or unexploded ordinance are common. It can then be extracted 

from these ordnances for use in detonators.  
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As seen in Figure 7.1, the RDX samples display the most variation or dispersion of the 

five materials present in the DETS1 dataset. When IRMS was applied to the RDX samples, 

variation was observed but there was no distinct separation or consistent grouping of the 

samples. It was suggested that this seemingly random variation is likely due to RDX being 

obtained from whatever sources of RDX were available to the bombmaker at the time of 

construction of the detonators. The age, source, and manufacturer of warzone ordnance is 

likely to vary between each ordinance so there is likely to be similar variations in the materials 

transferred into homemade detonators. 

In analysing the RDX FTIR spectra, the chemists did not observe any consistent 

differentiation between the sample’s FTIR spectra. In reviewing the PCA score plot of EMSC 

preprocessed RDX FTIR spectra (Figure 7.7), there do not appear to be any clear visual 

clusters. To confirm this, we apply the quantitative cluster analysis approach we defined in 

Chapter 3. 

 
Figure 7.7 PCA score plot of the preprocessed FTIR spectra from the RDX samples. 

Applying the Hopkins statistic to the RDX data resulted in a low Hopkins score of 0.65. 

This is approaching the score of 0.5 which represents a random distribution, and as suggested 

by Banerjee and Dave [16], is outside of the range of 0.7 to 0.99 which indicates that clusters 

exist in the data. At this point, it is diligent to stop further cluster analysis of the RDX data as 

any outcomes are likely to be the outcome of random coincidence. 

7.3.3 Picric acid subcluster analysis 

IRMS analysis of the picric acid samples indicated that the samples were identical 

(isotopically indistinguishable). The preprocessed FTIR spectra of the picric acid (Figure 7.8) 
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all contained peaks at identical wavenumbers and the chemist’s analysis indicated that the 

samples were identical. Hence, no confident subclustering of the picric acid dataset was 

expected. 

 
Figure 7.8 Preprocessed FTIR spectra of the preprocessed of the picric acid samples. 

Hopkins clusterability testing of the picric acid FTIR spectroscopy data resulted in a 

Hopkins score of 0.615. This is approaching the 0.5 score of a purely random distribution of 

points, and any the outcomes of any cluster analysis conducted on the dataset are likely to be 

the result of random data groupings. 

7.3.4 Tetryl subcluster analysis 

 Two detonators were found to contain Tetryl. Upon IRMS analysis, the samples were 

found to be isotopically indistinguishable, so no further analysis was conducted. 

7.3.5 Conclusions from the Output energetic (DETS1) dataset hierarchical 
exploration 

The output energetics dataset contained clearly separated samples of distinct chemical 

composition. In exploring the hierarchy of this dataset and any subclusters present, only the 

PETN samples were found to contain any consistently distinguishable features. Notably, this 

distinction was only achievable through the more advanced chemical analysis technique of 

isotope ratio mass spectrometry. This separation into subclusters could not be observed in the 

FTIR spectra.  
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7.4 TRANSITION ENERGETIC (DETS2) DATASET 
HIERARCHY 

We now consider the Transition Energetic DETS2 dataset and the associated FTIR 

spectroscopy. The chemist’s analysis of the FTIR spectra identified eight distinct materials as 

labelled in Figure 7.9. When preprocessed with EMSC, this dataset has a Hopkins score of 

0.92 so contains strong evidence of clusters, and agglomerative hierarchical clustering using 

Ward’s method for 8 clusters achieves a V-measure score of 0.71. Comparing Figure 7.9(a) to 

Figure 7.9(b), the hierarchical clustering algorithm struggles to separate the three components 

(ASA, dextrinited lead azide, and lead azide) that are present in the central grouping of 

datapoints. Instead, it groups them into two components. Note that ASA and dextrinited lead 

azide are variants of lead azide so this may indicate that FTIR spectroscopy combined with 

cluster analysis may not be effective in differentiating between lead azide and its variants. 

      
Figure 7.9 PCA score plot of (a) the labelled DETS2 transition energetic FTIR dataset, and (b) 

hierarchical clustering of the DETS2 transition energetic FTIR dataset 

A plot of the silhouette score for varying numbers of cluster (as shown in Figure 7.10) 

shows the predicted number of clusters is five. However, this is not a clear prediction of the 

number of clusters, as there is minimal variation in silhouette scores from three to six clusters. 

This is less than the initial designation of eight clusters and suggests that combining of some 

cluster labels may be appropriate. (Note that the high score for two clusters is dismissed as 

visual inspection of the dataset in Figure 7.9 indicates the presence of more clusters. This 

anomaly in this testing technique often occurs at very low or high numbers of clusters). 

(a) (b) 
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Figure 7.10 A silhouette score plot of the silhouette score and corresponding v-measure for varying 

numbers of clusters. The predicted number of clusters from the highest silhouette score is five. 

7.4.1 Supercluster analysis of the DETS2 dataset 

Given that lead azide, ASA, and dextrinited lead azide are all variants of lead azide. It 

could be considered that these are from the same family of materials and some sub-clustering 

has already been applied in separating these into three separate classes. Exploring a 

dendrogram of the DETS2 FTIR spectra hierarchical clusters in Figure 7.11 shows that the 

three lead azide variants appear almost exclusively in the same ‘branch’ of the dendrogram (as 

shown in red colour).  

 
Figure 7.11 Dendrogram of hierarchical clustering of the DETS2 FTIR spectra against the class 

labelled generated from chemist’s analysis of the FTIR spectra. 
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The lead azide variants are now combined into a ‘super-cluster’ to understand clustering 

performance when they are not broken down into the sub-cluster labels. The RDX and 

RDX+PC/S were also combined as they were two single samples with the RDX component in 

common. The new combined labels from the chemist’s analysis of the FTIR spectra is shown 

in Figure 7.12(a), and agglomerative hierarchical clustering using Ward’s method for five 

clusters is shown in Figure 7.12(b). This is the number of clusters predicted earlier in the 

silhouette test (Figure 7.10). For these combined labels, the V-measure score from the cluster 

analysis increases from 0.71 for the eight original clusters to 0.84 for the five combined 

clusters where only 4 points are incorrectly clustered. This increase in clustering outcomes is 

somewhat expected due to the simpler, lower fidelity classification of the chemical samples 

into more general classes such as ‘lead azide variants’. 

      
Figure 7.12 PCA score plot of (a) the combined labels of the DETS2 transition energetic FTIR 

dataset, and (b) hierarchical clustering of the DETS2 transition energetic FTIR dataset for 5 clusters. 

7.4.2 Sub-clustering of lead azide variants 

Given the improved cluster analysis outcomes when the lead azide variants were 

combined into a single class, it raises the question of how well the lead azide variants can be 

separated via cluster analysis of the FTIR spectroscopy data. Is there a limitation in ability of 

the cluster analysis to separate the FTIR spectroscopy of each lead azide variant? 

Outliers and labelling error correction 

The FTIR spectra for the lead azide variants are now separated from the DETS2 dataset. 

The labels from the chemist’s analysis of the EMSC preprocessed FTIR spectra is shown in 

Figure 7.13(a) and agglomerative hierarchical clustering using Ward’s method for 3 clusters 

is shown in Figure 7.13(b). The Hopkins score for this dataset is a high 0.91. However, 

(a) (b) 
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exploring the PCA score plot, it is evident that there are 3 outliers in the lead azide data that 

would make it appear that there are clearly separated clusters and high clusterability. When 

agglomerative hierarchical clustering with Ward’s method is applied to the data for k=3, the 

outlier results in the lead azide variants not being separated (Figure 7.13(b)) and a very low 

V-measure score of 0.08. 

      
Figure 7.13 PCA score plot of (a) the labelled FTIR spectroscopy of the lead azide variants, and (b) 

hierarchical clustering of the lead azide variants for 3 clusters. 

To understand why these datapoints were outliers, we reviewed the chemical testing 

results and chemists associated commentary. It was identified that one sample was labelled as 

Lead Azide (undetermined type) and noted traces of PC/S/Charcoal from the first fire energetic 

and traces of PETN from the output energetic stage. Another outlier sample was labelled as 

Lead Azide (undetermined type) and was noted to contain traces of PC/S/Charcoal from the 

first fire energetic stage. The final outlier sample was labelled as Lead Azide (undetermined 

type) and was noted to contain traces of PC/S/Charcoal from the first fire energetic stage and 

RDX from the output energetic stage. These contaminations are a result of either the detonator 

construction process or the detonator deconstruction and analysis process where the explosive 

from neighbouring stages become mixed. 

It was also observed that there was one lead azide sample located amongst the 

dextrinited lead azide points in the PCA score plots. This prompted further investigation as to 

why this datapoint was in that location. Review of the labelling noted this datapoint was 

actually labelled “Lead Azide (undetermined type)”, which then got labelled as simply lead 

azide in our analysis. Given its location amongst the dextrinited lead azide points and its 

designation as “undetermined type”, it could be assumed that the chemist analysing the FTIR 

(a) (b) 
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spectra could not determine the variant of lead azide but based on the cluster analysis, the 

correct designation should be dextrinited lead azide. This datapoint label will now be adjusted 

to reflect this designation. 

The three outlying datapoints are now removed, the undetermined datapoint is 

relabelled, and the data for the lead azide variants is now analysed. The Hopkins score is now 

0.77 and the data is not as obviously clusterable. The adjusted labels from the chemist’s 

analysis of the EMSC preprocessed FTIR spectra is shown in Figure 7.14(a) and agglomerative 

hierarchical clustering using Ward’s method for 3 clusters is shown in Figure 7.14(b). The 

result of the cluster analysis is an improved V-measure of 0.70 where 5 of the 47 datapoints 

are miss clustered. In reviewing the Figure 7.14(a) and (b) plots, it is observed that there are 

some ASA samples amongst the dextrinited lead azide that cannot be separated through cluster 

analysis of the FTIR spectroscopy data. However, the majority of the points can be correctly 

clustered. 

      
Figure 7.14 PCA score plot of (a) the labelled FTIR spectroscopy of the lead azide variants with the 

outliers removed, and (b) the hierarchical clustering for 3 clusters. 

Feature selection via generic algorithms was applied to see if improved clustering could 

be achieved on a reduced dimensionality dataset. However, the results were not improved. 

Lower level hierarchical matching 

In reviewing the dendrogram of the hierarchical clustering of lead azide variants (Figure 

7.15), it was noted that the misclustered samples (circled) were typically in a single branch or 

had a high branch height compared to their neighbouring points. This indicating the similarity 

between those samples within the cluster was less than the similarity of the matched samples 

that were linked with lower height branches.  

(a) (b) 
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Figure 7.15 Dendrogram of hierarchical clustering of the lead azide variants FTIR spectra against 
the class labelled generated from chemist’s analysis of the FTIR spectra (misclustered points are 

circled). 

Given that one of the goals of the cluster analysis is to confidently identify identical 

samples (i.e. to infer they are made by the same bombmaker), consideration is now given to 

increasing the number of clusters chosen for the cluster analysis. This effectively lowers the 

height within the dendrogram at which the samples are divided into different clusters. As 

shown in Figure 7.16, significantly increasing the number of clusters has resulted in no 

datapoints with differing labels being clustered together (clusters are shown by the coloured 

arches). As shown in Figure 7.17, all datapoints are clustered with identical labels, or in a 

single point cluster. 
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Figure 7.16 Dendrogram of hierarchical clustering of the lead azide variants FTIR spectra for a 

higher number of clusters. 

 
Figure 7.17 PCA score plot of hierarchical clustering of the lead azide variants for a high number of 

clusters (16 clusters). 

In increasing the number of clusters to gain confidence in direct matching of samples 

within the same cluster, we are effectively focusing on homogeneity within the clustering, and 

less so on completeness in the clustering. This trade-off can also be made in the calculation of 

the v-measure. The V-measure [14] is the harmonic mean between the homogeneity (h) and 

completeness (c) of clusters. i.e.  

𝑉 =
( )∗ ∗

( ∗ )
    (7.1) 
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To date, we have used a 𝛽 value of 1 to place equal importance on homogeneity and 

completeness and cluster analysis of the three lead azide variants resulted in a V-measure of 

0.70, where 5 of the 47 datapoints were misclustered. If the number of clusters is increased to 

16 (as shown in Figure 7.17) this results in a decrease in V-measure score to 0.58 due to the 

reduction in completeness of the clusters (all datapoints of each class are within a single 

cluster). If we adjust 𝛽 to reduce the importance of completeness, the resulting V-measure 

trends towards 1.0, indicating that the homogeneity within the 16 clusters is 100% correct. 

This may be a valuable technique for confidently identifying identical matches. 

7.4.3 HMTD subcluster analysis 

It is now considered whether any subclusters exist within the eleven HMTD samples. 

Applying the Hopkins statistic to the HMTD preprocessed data resulted in a low Hopkins score 

of 0.71. Banerjee and Dave [16] propose the range of 0.7 to 0.99 which indicates that clusters 

exist in the data and from our previous experience (Chapter 3), a high Hopkins score is required 

for accurate clustering outcomes. Given the Hopkins score for the HMTD of 0.71 is at the low 

end of the range of clusters existing, it is difficult to determine if clustering should proceed 

and whether there can be confidence in the results.  

In reviewing the results of other chemical testing techniques on the HMTD samples, it 

was concluded that all samples were identical and no subclusters exist.  

7.4.4 Conclusions from the transition energetic (DETS2) dataset hierarchical 
exploration 

The transition energetics dataset contained samples that were initially clustered with a 

V-measure score of 0.71. The dataset benefited from the removal of outliers (contaminated 

samples) and the correction of a mislabelled sample. This resulted in improved clustering 

outcomes and a v-measure score of 0.78. The main challenge identified was separating the 

lead azide variants. When these were combined into a single class as per the supercluster 

analysis, the result was a v-measure score of 0.84 for the five combined clusters where only 4 

points are incorrectly clustered 
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Subcluster analysis of the lead azide variants was fairly successful in separating the lead 

azide, dextrinited lead azide and ASA into three separate clusters. The outcome was a V-

measure score of 0.70 where 5 of the 47 datapoints are miss clustered.  

The HMTD samples could not be separated into subclusters via the FTIR spectra, as 

confirmed by the low Hopkins clusterability score. This lack of HMTD subclusters was 

confirmed through the other chemical testing techniques.  

7.5 FIRST FIRE ENERGETIC (DETS3) DATASET HIERARCHY 

We now consider the first fire energetic DETS3 dataset and the associated FTIR 

spectroscopy. The first fire energetics are primarily made from homemade materials. This can 

create challenges when identifying the energetic materials and the wide variety of potential 

‘fuels’ that are combined with them.  

The chemist’s analysis of the FTIR spectra identified seven distinct materials as labelled in 

Figure 7.18. When preprocessed with EMSC, this dataset has a Hopkins score of 0.91 so 

contains strong evidence of clusters, and agglomerative hierarchical clustering using Ward’s 

method for seven clusters achieves a V-measure score of 0.68. Comparing Figure 7.18(a) to 

Figure 7.18(b), the hierarchical clustering algorithm struggles to correctly separate the three 

potassium chlorate (PC) variants that are present in the central grouping of datapoints.  

      
Figure 7.18 PCA score plot of (a) the labelled DETS3 first fire energetic FTIR dataset, and (b) 

hierarchical clustering of the DETS3 first fire energetic FTIR dataset. 

7.5.1 Labelling error correction 

In reviewing the outcomes of the initial clustering analysis and the associated 

dendrogram, several labels were identified that prompted further investigation. Two of the 

very low height ‘bridges’ between a pair of PC samples in the dendrogram (which indicates a 

(a) (b) 
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very high level of similarity between the samples) had differing labels related to the type of 

fuel they were believed to contain. These could also be seen in the PCA score plots where a 

single datapoint would be labelled differently to the other points within a tight cluster. E.g. 

One of the PC+Unknown Fuel B datapoints was also observed to be clustered among the 

PC+Unknown Fuel A datapoints. In reviewing the original spectra and the associated 

analytical chemistry report containing the labels, it was identified that minor errors were made 

in either classifying the sample based on the spectra, or when transferring the labels into the 

report. Similar discrepancies were identified in the PPC samples where some of the initial 

reporting did not note the presence of the ‘Unknown Fuel C’ for two samples while later 

reporting classified all PPC samples as ‘PPC + Unknown Fuel C’. Hence, the two misnamed 

variants of PPC are now combined into a class named ‘PPC’ with the assumption that they all 

contain the same unknown fuel. These new labels are shown in the Figure 7.19 dendrogram. 

 
Figure 7.19 Dendrogram of hierarchical clustering of the DETS3 FTIR spectra against the corrected 

class labelled generated from chemist’s analysis of the FTIR spectra. 

The revised dataset and associated labels are presented below in Figure 7.20(a). 

Hierarchical clustering for six cluster (based on the new number of labels) is presented below 



 

Chapter 7: Hierarchical Exploration of the Detonator FTIR Spectroscopy Datasets 225 

in Figure 7.20(b). The resulting V-measure score has increased from 0.72 for the original data 

labels to 0.83 for the revised data labels. 

      
Figure 7.20 PCA score plot of (a) the revised labels of the DETS3 first fire energetic FTIR dataset, 

and (b) the associated hierarchical clustering for six clusters. 

7.5.2 Supercluster analysis of the DETS3 dataset 

It was noted that there were three variants of potassium chlorate (PC) and two variants 

of potassium perchlorate (PPC) in the dataset (prior to correction). It could be considered that 

these are from the same family of materials and some sub-clustering has already been applied 

in separating these into three separate classes. Exploring a dendrogram of the DETS3 FTIR 

spectra hierarchical clusters in Figure 7.21 shows that the three PC variants appear exclusively 

in the same ‘branch’ of the dendrogram (as shown in red colour) and the PPC variants (prior 

to correction) are in another separate branch (as shown in green colour).  

(a) (b) 
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Figure 7.21 Dendrogram of hierarchical clustering of the DETS3 FTIR spectra against the class 

labelled generated from chemist’s analysis of the FTIR spectra. 

The PC and PPC variants are now combined into ‘super-clusters’ to understand 

clustering performance when they are not broken down into the sub-clusters. The new 

combined labels from the chemist’s analysis of the FTIR spectra is shown in Figure 7.22(a), 

and agglomerative hierarchical clustering using Ward’s method for 5 clusters is shown in 

Figure 7.22(b). For these combined labels, the V-measure score from the cluster analysis 

increases from 0.72 for the seven original sub-cluster to 1.0 for the four combined clusters 

where perfect clustering is obtained. This was expected as the dendrogram showed the variants 

of PC and PPC only under their own branches (red and green respectively in Figure 7.21).  
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Figure 7.22 PCA score plot of (a) the combined labels of the DETS3 first fire energetic FTIR dataset, 

and (b) the hierarchical clustering for four clusters. 

7.5.3 PC Subclasses 

Given the improved cluster analysis outcomes when the potassium chlorate variants 

were combined into a single class, it raises the question of how well the potassium chlorate 

variants can be separated via cluster analysis of the FTIR spectroscopy data.  

The FTIR spectra for the potassium chlorate variants are now separated from the DETS3 

dataset. The labels from the chemist’s analysis of the EMSC preprocessed FTIR spectra is 

shown in Figure 7.23(a) and agglomerative hierarchical clustering using Ward’s method for 3 

clusters is shown in Figure 7.23(b). The Hopkins score for this dataset is a moderate 0.79. In 

reviewing the labelled datapoints in Figure 7.23(a), the potassium chlorate variants are fairly 

well separated in the FTIR spectra, particularly along the PC1 axis. When agglomerative 

hierarchical clustering with Ward’s method is applied to the data for k=3 (Figure 7.23(b)), the 

clustering algorithm does not correctly separate the clusters and results in a moderate V-

measure score of 0.43 and most of the “PC+Unknown Fuel B” datapoints incorrectly clustered. 

This poor outcome is due to the specific characteristics and dispersion of the dataset where a 

large distance between points in the middle of the “PC+Unknown Fuel B” data results in it 

being split into other clusters. I.e. this is not a shortcoming of the FTIR spectroscopy test itself 

as the labelled datapoints do show separation in Figure 7.23(a). 

(a) (b) 
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Figure 7.23 PCA score plot of (a) the labelled FTIR spectroscopy of the potassium chlorate variants, 

and (b) the hierarchical clustering for three clusters. 

7.5.4 Further PC subclasses 

While the FTIR spectroscopy was able to identify and differentiate the potassium 

chlorate samples into three subclasses, other forms of chemical analysis were able to identify 

additional subclasses within the potassium chlorate samples. 

PC/sulphur/aluminium (PC/S/Al) compositions were identified through water 

extraction of the potassium chlorate and analysis of the remaining solid particles. These 

samples appeared purely as potassium chlorate in the FTIR spectroscopy as both aluminium 

flake and sulphur are not infrared active. 

PC/sulfuric/charcoal (PC/S/Charcoal) samples were also identified through water 

extraction of the potassium chlorate and analysis of the remaining solid particles with a 

microscope. These sampled appeared purely as potassium chlorate in the FTIR spectroscopy 

and produce a relatively featureless IR spectra due to the opaque nature of charcoal (carbon) 

to infrared due to the absorption of laser energy. Additionally, charcoal/carbon has a high 

reflective index that is close to that of diamond, which negates the attenuated total reflection 

(ATR) effect [17] used in our FTIR spectroscopy.  

PC/sugar samples were identified through water extraction and HPLC or LC/MS 

analysis of the aqueous extract. While sugar (sucrose) does have an infrared signature, it is 

difficult to detect from analysis of the FTIR spectra amongst the other ingredients in 

homemade explosives that can dominate the spectra. It could not be detected with a handheld 

FTIR sensor. Some samples containing sugar were detected with the Perkins-Elmer laboratory 

grade FTIR sensor, but some samples (with lower % of sugar) required LC/MS. Due to this 

(a) (b) 



 

Chapter 7: Hierarchical Exploration of the Detonator FTIR Spectroscopy Datasets 229 

inconsistency, the PC/Sugar samples were labelled as PC in the initial analysis. LC/MS 

investigation indicated sugar needs to be present in percentages greater than 20% in order to 

be detected by IR spectroscopy amongst the other ingredients in homemade explosives that 

can dominate the spectra. 

Two samples were observed to contain potassium chlorate, sulphur and some form of 

grit. This indicated that the materials were likely from the head of a match head. 

These additional labels were added to the potassium chlorate variants labels (Figure 

7.24(a)) and the dataset was reanalysed to see if hierarchical cluster analysis of FTIR 

spectroscopy (Figure 7.24(b)) could separate these materials. The result was a V-measure 

score of 0.53 when 6 clusters were selected. 

      
Figure 7.24 PCA score plot of (a) the potassium chlorate subclusters with labels generated from the 

advanced chemical testing techniques, and (b) the hierarchical clustering for six clusters on the FTIR 
spectra. 

This clustering is explored further in the dendrogram. As can be seen in Figure 7.25, 

there was a mixing of the PC/S/Al and PC/S/Charcoal. This was expected as the sulphur, 

aluminium and charcoal ‘fuel’ component both PC variants are not infrared active. Of more 

interest was that most of the other samples are correctly paired or grouped with identically 

labelled samples: e.g. the two PC Matchhead points are paired together, and all the 

PC/Unknown Fuel A are grouped together. However, there are often groups of different labels 

within the same cluster: e.g. the PC/Unknown Fuel A and most of the PC/Unknown Fuel B 

being clustered together. This impacts the homogeneity within a cluster and reduces the V-

measure score (the V-measure is the harmonic mean of homogeneity and completeness).  

If the number of clusters is increased, many of the clusters are split into cluster 

containing only one label (increasing homogeneity). However, samples of a single class are 

(a) (b) 



 

230 Chapter 7: Hierarchical Exploration of the Detonator FTIR Spectroscopy Datasets 

now often spread across multiple clusters, reducing the completeness of a cluster. In viewing 

the silhouette score plot in Figure 7.26, it can be seen that this trade-off does result in an overall 

improved V-measure above 0.7. For the overall purpose of our analysis in identifying 

subclusters where we are confident of matching samples made by the same bombmaker, this 

prioritisation of homogeneity over completeness is an appropriate approach. 

 
Figure 7.25 Dendrogram of hierarchical clustering of the potassium chlorate FTIR spectra against 

the corrected class labelled generated from the advanced chemical testing techniques. 

 
Figure 7.26 A silhouette score plot of the silhouette score and corresponding v-measure for varying 
numbers of clusters. The predicted number of clusters from the silhouette score is seven. However, 
this is not a clear prediction of the number of clusters, as there is minimal variation in silhouette 

scores from two to eight clusters. 
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As shown in Figure 7.27, as the number of clusters is increased, the groupings within 

each coloured cluster are now largely correct, with the exception of PC/S/Al and 

PC/S/Charcoal which the FTIR sensor cannot differentiate. This focussing on smaller 

homogenous clusters may be a valuable approach for trying to identify samples which can be 

confidently matched. 

 
Figure 7.27 Dendrogram of hierarchical clustering of the potassium chlorate FTIR spectra for a 

higher number of clusters. 

7.5.5 Conclusions from the first fire energetic (DETS3) dataset hierarchical 
exploration 

The first fire energetics dataset contained samples that were initially clustered with a v-

measure score of 0.68. The dataset benefited significantly from the correction of mislabelled 

or inconsistently labelled samples. This resulted in improved clustering outcomes and a v-

measure score of 0.83. The main challenge identified was separating the differing fuels that 

were combined with the potassium chlorate samples. When these were combined into a single 

class as per the supercluster analysis, the result in 100% clustering and a v-measure score of 1 

for the four superclusters. 
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Subcluster analysis of the potassium chlorate variants was moderately successful but 

somewhat limited by the FTIR testing techniques inability to differentiate the charcoal and 

aluminium fuel components. The outcome was a V-measure score of 0.53. Increasing the 

number of clusters allowed matching samples to be correctly clustered together at the 

subcluster level (excluding PC/S/Charcoal and PC/S/Al).  

7.6 FINDINGS 

7.6.1 Hierarchical clustering outcomes 

The quantified cluster analysis outcomes are summarised in Table 7.1 for each detonator 

dataset and each level of the hierarchy.  

Table 7.1 Quantified clustering outcomes for the detonator datasets at each hierarchical level 

 V-measure score per hierarchical level of clustering 

Dataset Super-cluster 
Original 
cluster 

Label 
corrected 
original 
cluster Sub-cluster 

DETS1 1.0 1 1 0.24 
DETS2 0.84 0.71 0.78 0.70 
DETS3 1.0 0.68 0.83 0.53 

 

The super-cluster level represents clustering at the level where the types of energetic 

materials (explosives) are labelled at the highest categorical level, ignoring (combining) any 

variations in the subclass of energetic material or the fuels combined with them. At the 

supercluster level, the clustering algorithm could perfectly or near perfectly cluster the 

datapoints to match the labelling generated from the FTIR analysis. 

The original cluster level represented clustering at the level where the chemists could 

confidently observe differences in the samples through analysis of the FTIR spectra. For the 

DETS2 dataset, this included variants of the lead azide and for the DETS3 dataset, this 

included some variants of the fuels combined with the potassium chlorate (excluding sugar). 

At this level, hierarchical clustering analysis could achieve a v-measure score of 

approximately 0.7 for the DETS2 and DETS3 datasets and this increased to approximately 0.8 
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once contaminated samples were removed and corrections to the labelling were made. This v-

measure score of 0.8 represents approximately 10% of the samples being incorrectly clustered. 

The subcluster level represents clustering within the major clusters of samples within 

each dataset. To generate labels for the subcluster analysis, advanced testing techniques 

(beyond FTIR spectroscopy) were often required. In analysing these subclusters, the Hopkins 

statistic showed that subclusters did not exist in the FTIR spectra of many of the major clusters 

and cluster analysis should not be applied. E.g. for the PETN cluster within DETS1, 

differences could not be detected within the FTIR spectra and when clustering was applied, it 

resulted in a low v-measure score of 0.24 when compared to labels generated from the more 

sophisticated IRMS chemical testing technique. Where subclusters could be detected, cluster 

analysis resulted in a v-measure score of 0.70 for the lead azide variants in the DETS2 dataset 

and 0.53 for the fuel variations in the potassium chlorate samples within the DETS3 dataset 

(due to FTIR spectroscopy being unable to identify and differentiate aluminium and charcoal). 

While these clustering outcomes are mostly correct, this is now reaching the point where it is 

difficult to have confidence in the outcomes. 

7.6.2 Homogeneity and completeness trade-offs and their implications on 
understanding bombmaker networks 

Given the limitations in cluster analysis of the subclusters to a high degree of accuracy, 

the observation was made that increasing the number of clusters (effectively reducing the size 

of the clusters) resulted in the cluster analysis correctly grouping matching samples together. 

This effectively increases the level of homogeneity within the clusters, at the expense of 

completeness (grouping all points of one classification into a single cluster). Since one of the 

goals of the cluster analysis, as presented in Chapter 1, was to confidently identify identical 

samples that could be attributed to a single bombmaker, this may be a valuable approach.  

One of the other goals of the cluster analysis was to identify bombmakers who are using 

similar recipes or materials, and hence, inferring relationships between those bombmakers 

through sharing of knowledge, materials, or being trained together. This is achieved through 

identifying superclusters or major clusters (a common recipe or technique) and then 
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identifying sub-clusters within them (variations from the individual bombmakers). While we 

have achieved this to some extent, the need to artificially increase the number of clusters to 

achieve a high level of confidence in the detailed matching of samples somewhat removes the 

ability to identify or predict the number of subclusters present and hence, the number of 

individual bombmakers within a group that is using a common recipe (within a cluster or 

supercluster).  

To overcome this limitation, alternative forms of information are likely to be required 

than what can be achieved from FTIR analysis alone. This may be through the work of 

traditional intelligence analysis where the supercluster, cluster and subcluster matching can 

supplement their other forms of information relating to bombmakers and the relationships 

between them. Alternatively, additional chemical testing techniques may be required to 

increase the accuracy of cluster analysis and confidence in matching samples at the subcluster 

level. This is the focus of Chapter 8. 

7.6.3 Clusterability testing 

In conducting the above analysis, some additional valuable observations and insights 

were made. One of these was the value of the Hopkins statistic to test for clusterability. The 

Hopkins statistic that was used to test for data clusterability proved a valuable tool for 

determining when subclusters may exist or when further clustering should not be applied. 

Given that the intent of cluster analysis is to be used on unlabelled datasets, it can be 

challenging to know if clusters actually exist at the subcluster level, if cluster analysis should 

be applied and whether the cluster analysis will deliver any meaningful results. As we saw for 

the lead azide variants (a DETS2 subcluster) and potassium chlorate variants (a DETS3 

subcluster), a moderate Hopkins score confirmed that some moderately successful clustering 

could be achieved at the subcluster level. For the PETN, RDX and picric acid subcluster 

datasets within DETS1 and the HMTD within DETS2, low Hopkins scores confirmed that 

subclusters could not be distinguished within the FTIR data. If the cluster analysis had been 

applied to these subcluster datasets without the labels generated from the advanced chemical 
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testing, we would have no way of determining if the clustering outcomes were meaningful 

without a clusterability test such as using the Hopkins statistic. 

7.6.4 Error correction 

A final insight was the value of cluster analysis for anomaly detection, outlier detection 

or error correction. Several errors were detected in the labelling (in the form of ambiguities, 

inconsistencies, or an error in the labelling) and several samples were detected that contained 

contaminants that limited their analytical value. This should not be a surprise as one of the 

applications of cluster analysis within data science is as an unsupervised anomaly detection or 

outlier detection technique [18].  

The experience in adjusting the labels and the datasets highlighted multiple perspectives 

on the data cleaning and labelling problem. These include the value of the data driven approach 

of machine learning in avoiding human errors, the challenge presented to human chemical 

analysts in consistently correctly identifying samples, and the challenges in labelling datasets 

when dealing with the ambiguities that come from analysing non-ideal real-world chemical 

samples. 
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Chapter 8: Multi-Sensor Data Fusion for 
Cluster Analysis of Spectroscopy  

In this thesis to date, we have evaluated the performance of cluster analysis of the 

detonator datasets, and then researched and refined techniques to improve the clustering 

outcomes and the knowledge that can be extracted from the data. These include algorithm 

selection, pre-processing, feature selection, and analysis of the hierarchy of the dataset. We 

have reached the point where further progress is likely to be limited. Hence, to continue to 

improve the outcomes of cluster analysis of the detonator datasets and alike, we consider the 

use of additional sources of data beyond the FTIR data.  

The use of additional testing equipment and processes offers the potential to include 

information that cannot be generated from FTIR spectroscopy alone. This could include 

alternative spectroscopy, spectrometry, colorimetry, or physical measurements. For our study, 

due to the availability of data from the same explosive samples, we have limited our research 

to the inclusion of alternative spectroscopy measurements. Specifically, Raman spectroscopy. 

To enable inclusion of this additional data, data fusion techniques must be utilised. 

Hence, in the following paper, we investigate multi-sensor data fusion for the specific 

application of cluster analysis of spectroscopy.  
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Abstract: Multi-sensor data fusion is often used in spectroscopy and chemometrics to fuse data 

from multiple different sensors. This has the potential to improve analytical outcomes through 

exploiting the synergetic and complementary information provided by different instruments and, thus, 

can generate better insights than a single sensor technique. We consider the application of data fusion 

of spectroscopy specifically for cluster analysis as cluster analysis is well suited to the analysis of 

unlabeled spectroscopy datasets. Within chemometrics, a three-level model of data fusion is commonly 

utilized. We found that while low-level and mid-level fusion models could easily be applied to cluster 

analysis, the high-level data fusion model presents some unique challenges for cluster analysis. This is 

due to the symbolic or notional nature of the labels generated in cluster analysis resulting in a 

correspondence problem. We identify that this can be overcome through the application of cluster 

ensemble methods which directly or indirectly solve this correspondence problem between the datasets 

from the different sensors. We then evaluate the performance of the three clustering models on 

spectroscopy datasets from samples of homemade explosive and samples of marzipan confectionary. 

The results demonstrate differing ways where data fusion can be beneficial, provide a unique 

comparison of clustering performance between the three data fusion models and ultimately demonstrate 

that data fusion can improve clustering outcomes. 

Keywords: Cluster analysis; spectroscopy; unsupervised learning; data fusion, multi-block, 

PCA, principal component analysis. 
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8.1 INTRODUCTION 

8.1.1 Cluster Analysis in Spectroscopy 

Cluster analysis is an unsupervised machine learning or pattern recognition technique 

whose aim is to identify clusters or groups within an unlabeled data set. This is achieved 

through grouping data points in a multidimensional space based on a similarity metric. This 

results in data points within each cluster having a higher level of similarity to each other than 

they do to points in other clusters [1]. Cluster analysis is most commonly used for data 

exploration. However, there are other applications where it is valued such as when the data set 

is known to change over time or when generating labels is infeasible [2].  

Spectroscopy is the study of interaction between matter (the material being analyzed) 

and electromagnetic radiation. Examples include Fourier transform infrared (FTIR), UV-vis, 

mid infrared (Mid-IR), near infrared (NIR), and Raman spectroscopy [3]. While the physical 

mechanisms for obtaining measurements differ between the various forms of spectroscopy, 

the general data characteristics are similar. It is noted that unsupervised learning techniques 

are well suited to chemical analysis applications where obtaining the large data sets and the 

associated labeling of data required for some supervised learning techniques is often 

challenging or infeasible [4, 5].  

8.1.2 Data Fusion in Spectroscopy 

The various forms of spectroscopy differ in the physical mechanisms they use to capture 

information about chemical composition of a material. These have associated strengths and 

weaknesses, depending on the material they are measuring. Data fusion can be used to combine 

the outputs of multiple instrumental sources, exploit the synergetic and complementary 

information provided by different instruments and generate better insights than from a single 

technique [3, 6, 7]. Potential benefits include more consistent, more accurate and more 

dependable analytical conclusions.  

Multi-sensor data fusion is not a new application within spectroscopy and 

chemometrics. Multi-block fusion techniques are regularly applied to spectroscopy for 

classification and regression applications such as calibration of equipment or authentication of 
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substances within the food and agriculture industries [3, 8]. However, these applications are 

supervised learning techniques which utilize labelled data. Application to the unsupervised 

technique of cluster analysis is much more limited, particularly when applied in a quantified 

comparative manner. In Borras, et al. [3] 2015 review of data fusion methodologies for food 

and beverage authentication and quality assessment, only five examples of cluster analysis 

[9-13] were found within the 77 surveyed papers and none of these utilized quantified cluster 

validation indices or widely compared multiple fusion techniques for cluster analysis. Cluster 

analysis was not even mentioned in Zhou, et al. [14] 2020 survey of Information fusion of 

emerging non-destructive analytical techniques for food quality authentication. Hence, this 

lack of existing research is a driver for our investigation.  

It should also be noted that multi-sensor data fusion of spectroscopy does not always 

lead to improved outcomes when compared to non-fusion based methods [14, 15]. Data fusion 

is a challenging task due to issues in the data being fused, differences in the sensor 

technologies, and the specifics of the application domain [7]. Data fusion techniques are 

widely used, but due to these challenges, they typically lack generality. It is difficult to design 

systems which are capable of analyzing different types of sensor data [16]. Hence, we aim to 

further understand these challenges, particularly for the application of cluster analysis. 

8.1.3 Contribution 

Our paper presents a unique investigation into multi-sensor data fusion for cluster 

analysis of spectroscopy. This is not discussed in contemporary reviews of multi-block data 

fusion techniques in chemometrics and spectroscopy [14, 15].  

Within chemometric analysis of spectroscopy, a three-level approach is commonly used 

for classifying data fusion techniques. We investigate how each of these levels can be applied 

to cluster analysis and present an equivalent three-level model specific for cluster analysis of 

spectroscopy. We identify the advantages, disadvantages and aspects for consideration in 

applying the three different levels of data fusion to cluster analysis of spectroscopy.  

In defining this three-level model for cluster analysis, we also identify a unique 

challenge for high-level data fusion when applied to cluster analysis. Specifically, the 
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correspondence problem that must be solved before cluster analysis results can be fused. We 

propose the use of cluster ensemble approaches to overcome this problems. This is a novel 

application of cluster ensembles that is typically not highlighted in existing cluster ensembles 

literature [17-19].  

Finally, we demonstrate our data fusion model for cluster analysis on several datasets 

containing spectroscopy data of varying quality. This highlights the benefits of data fusion in 

each application, provide a unique comparison of clustering performance between the three 

levels of the data fusion model, and ultimately shows multi-sensor data fusion of spectroscopy 

can improve cluster analysis outcomes. 

8.2 DATA FUSION APPROACHES 

Within the chemical analysis and chemometrics domain, data fusion techniques are 

commonly categorized (as proposed by Steinmetz [20]) into three levels: low-level, mid-level, 

and high-level data fusion [3, 7, 8, 14, 20-22]. At each of these three levels, the type, shape, 

and form of data being fused can vary with the data becoming more processed as we move to 

the higher levels. For the specific application of cluster analysis, the equivalent three levels of 

fusion are illustrated schematically in Figure 8.1. 

Sensor 1

Samples

Sensor 2 Sensor n

Pre-processing Pre-processingPre-processing

Low-Level
Data Fusion

Cluster
Analysis

Fused Measurements Datablock Cluster
Analysis
Outcome

Feature 
Extraction

Feature 
Extraction

Feature 
Extraction

Measurements Measurements Measurements

Mid-Level
Data Fusion

Cluster
Analysis

Fused Features Datablock Cluster
Analysis
Outcome

Cluster
Analysis

Cluster
Analysis

High-Level
Data Fusion

Clustering Ensemble Cluster
Analysis
Outcome

Cluster
Analysis

Partitioning Partitioning Partitioning 

Features Features Features

...

...

...

...

 
Figure 8.1. A three-level model of data fusion for cluster analysis. The information flows from the 

samples and measurement from multiple sensors, through various forms of processing and fusion to 
produce an overall clustering outcome. 

Each of these three levels are now explored with a focus on their application to cluster analysis. 
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8.2.1 The Low-Level Data Fusion Model 

In low-level data fusion (or measurement level data fusion), data integration occurs at 

the bottom of the data analytical flow. In this strategy, the pre-processed spectral data from all 

the samples tested by a sensor form a data block. These data blocks from each spectroscopic 

sensor are then concatenated to form a single data block which is then analyzed by the desired 

chemometric technique, i.e. cluster analysis [21][25]. As the fusion occurs at the lowest level 

using the original data blocks from the spectroscopic testing, the resulting concatenated data 

block will normally contain a very high number of variables (dimensions). 

The advantage of low-level fusion is that it is a simple process and all the original 

information is intact. However, the resulting high dimensionality of the concatenated data 

blocks may be challenging to analyze [21, 22] and there is the potential for the contribution of 

the multiple data sources to be imbalanced [3, 22]. Low-level data fusion also makes no 

consideration for redundant or repeated information generated from the multiple types of 

testing. In cluster analysis, this repeated information can dilute the influence of the unique but 

potentially valuable information from one of the sensors [21]. Regardless of these limitations, 

low-level data fusion has been demonstrated to be effective in multiple spectroscopy analysis 

applications [3]. 

8.2.2 The Mid-Level Data Fusion Model 

In mid-level data fusion (also referred to as feature level data fusion), features extracted 

from the different data blocks are concatenated into a single array for analysis [3, 21, 23]. 

These features can either be original variables identified as relevant (feature selection), or 

latent variables that are generated (feature extraction). These latent variables are typically the 

principal component analysis (PCA) scores or partial least squares discriminant analysis (PLS-

DA) scores that are used to describe the significant variation in the different blocks [3, 21]. 

Cluster analysis can then by applied to the dataset of concatenated features. While PCA 

(commonly referred to as multiblock PCA) is the most common unsupervised method [14], 

there are other methods such as generalized canonical correlation analysis (GCCA) and 

hierarchical principal components analysis (H-PCA) [24]. For spectroscopy applications, this 
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dataset of extracted features is of significantly lower dimensions than the original data, which 

may ease the computational burden on later analysis. 

It is said that “when compared with low-level fusion, mid-level fusion is usually more 

effective, because this strategy minimizes the data content and presents an opportunity to 

maximize relevant information in the input matrices” [8]. However, this is dependent on the 

feature extraction technique being effective at extracting relevant information for the 

subsequent analysis. Smilde, et al. [25] investigate multiple techniques for identifying 

common and distinct components in data fusion that could minimize the duplication of 

uninformative data and enhance the prominence of data relating to the desired analytical 

outcomes. 

8.2.3 The High-Level Data Fusion Model 

In high-level data fusion (or decision level fusion), the results of the selected analysis 

models (i.e. cluster analysis) are fused to obtain an ensemble decision [3]. The simplest way 

of doing this is through majority voting where the most frequently modelled outcome is 

selected [21]. High-level fusion can also utilize more complex combinatorial methods such as 

Bayesian statistics [26], fuzzy set theory [16], Dempster–Shafer evidence theory [7, 16, 27], 

support vector machine (SVM) [8], and neural networks [11]. 

In general, high-level data fusion is not as commonly explored as mid and low-level 

fusion (only 10% of applications in Borras, et al. [3] survey) and is predominantly applied to 

classification problems. In the cases where the three fusion levels have been compared, high-

level fusion often gave worse results than low and mid-levels of fusion [3]. However, high-

level data fusion can have advantages. It avoids the problems of balancing the influence of the 

data blocks and scaling between the data blocks. New data blocks (from new test techniques) 

can also be added to the decision fusion when a new type of data becomes available without 

requiring reprocessing of all other sensor data [3, 11, 17].  
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8.2.4 The Cluster Ensemble Problem 

The high-level data fusion model for cluster analysis presents a unique challenge. When 

cluster analysis is applied to each dataset prior to fusion, it generates partitionings from each 

data block. These are also referred to as clusterings or labelings in some literature [17, 28]. 

Strehl and Ghosh [19] define the cluster ensemble problem as the task of combining these 

multiple partitionings of a set of objects into a single consolidated clustering without accessing 

the features or algorithms that determined these partitionings.  

While this may sound like a simple task, it is unfortunately far from trivial [29]. This is 

particularly challenging in complicated situations with high numbers of variables, significance 

variance between partitionings, and potentially differing numbers of clusters. Part of challenge 

stems from the fact that being an unsupervised learning task, the clusters do not carry 

classification labels as per supervised learning. The labeling of the clusters or partitions are 

notional or symbolic and do not identify the material itself. The result is that there is no direct 

linkage between the labels generated for the multiple partitionings or clusterings from each 

data source (sensor). This can be seen in our results in section 8.4.9 Marzipan Dataset High-

Level Fusion. This correspondence problem (or assignment problem) must be solved to enable 

fusion of corresponding clusters. Then, an appropriate method for fusing the results of the 

cluster analysis outcomes needs to be applied. This in itself can be challenging due to the lack 

of access to the algorithms that formed the partitions. These two components of solving the 

correspondence problem and fusing the resulting partitionings form the cluster ensemble 

problem. These components may be solved independently, or as part of a single function (e.g. 

co-association methods [17, 30]). 

Cluster ensembles is an active field of research as cluster ensembles present significant 

potential benefits. A typical application is fusing the results of a variety of clustering 

algorithms to mitigate against an unknowingly poor choice of algorithm. Another challenge in 

cluster analysis is predicting the number of clusters (k) that should be generated by an 

algorithm. Hence, clustering ensembles can be used to fuse the results of a clustering algorithm 

applied with varying values of k. A similar approach can be applied for any other algorithm 
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parameter. The above examples are the common cluster ensemble applications which generate 

multiple partitionings from a single dataset. Note that this is different to our application where 

multiple sensors generate multiple source datasets for fusion. Hence, ours is a novel 

application of cluster ensembles that is not typically highlighted in cluster ensembles literature 

[18, 19].  

8.3 MATERIALS AND METHODS 

To understand the challenges and potential benefits in applying these three levels of 

data fusion to cluster analysis of spectroscopy. We select one typical technique from each level 

of the data fusion model for implementation. We then evaluate several multi-sensor 

spectroscopy datasets. Each of these datasets possess different characteristics from which we 

may obtain different insights. 

8.3.1 Datasets and Characteristics 

Homemade Explosive Detonators Datasets 

Three datasets are analyzed of representative chemical samples of homemade explosive 

detonators from the Middle East [31]. Explosive detonators consist of multiple stages of 

varying explosives which can amplify an initiation signal to detonate a main explosive charge. 

The three stages of the detonators in our set generate the three separate datasets (labeled 

DETS1, DETS2 and DETS3). Fourier transform infrared (FTIR) spectroscopy and Raman 

spectroscopy measurements are generated for each of the samples in the datasets. The three 

detonator datasets present differing levels of challenges for cluster analysis. The DETS1 

dataset is primarily composed of well-defined commercial explosive materials that can be 

differentiated relatively easily when analyzed. The DETS2 and DETS3 detonator datasets 

predominantly consist of homemade explosives which vary in quality and composition. This 

results in wider spread clusters or overlapping clusters which can be very challenging to 

separate via cluster analysis. 

The FTIR measurements were acquired using a laboratory grade Perkin Elmer Spectrum 

400 Fourier Transform-Infrared (FTIR) spectrometer utilizing an attenuated total reflectance 
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(ATR) configuration. The equipment conducts four scans of a sample, the background is 

automatically subtracted and the spectrum displayed. This covers the infrared frequency range 

of 650-4000cm-1 at a resolution of 2 cm-1. This results in 3350 variables per sample (features) 

and the datasets consisted of 73, 69 and 53 explosive samples each. 

The Raman measurements were collected utilizing a portable handheld Thermo 

Scientific Ahura First Defender which compares samples to its onboard spectra library and 

identifies potential matches. It outputs a spectra in PDF format which we then digitized 

utilizing WebPlotDigitizer [32] to produce a spectra of 2626 measurements over a wavelength 

range of 250-2875nm. Raman testing resulted in 73, 47, and 34 measurements for the DETS1, 

DETS2, and DETS3 datasets respectively. This is less than for the FTIR samples due to some 

of the explosive samples fluorescing excessively or detonating during the Raman testing. 

The FTIR and Raman datasets differ in the style or grade of equipment. i.e. the FTIR 

spectrometer is a large laboratory-based system whereas the Raman spectrometer is a portable 

handheld system. This will give us the opportunity to explore the differences in clustering 

outcomes from the different styles of sensors and what effect the three levels of data fusion 

can have on the outcomes. 

Marzipan Dataset 

The marzipan dataset is a publicly available dataset [33, 34] where Near infrared (NIR) 

and infrared (IR) spectroscopy was applied to 32 marzipan confectionary samples from nine 

different recipes. We analyze results from five different NIR systems and one IR system which 

differ in wavelength ranges, optical principles, and sampling methods (Table 8.1).   
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Table 8.1 Spectroscopic instrument configurations for the marzipan datasets. 

Dataset 
Label 

Instrument Type Spectral Range Variables per 
sample 

Bomem MB160 Diffusir FT Interferometer 833–2500nm 664 
Infraprover Infraprover II FT Interferometer 1000–2222nm 406 

IR PerkinElmer System 2000 FT Interferometer 6500–650cm–1 950 
NIR1 NIRSystems 6500 Dispersive Scanning 400–2500nm 1000 
NIR2 NIRSystems 6500 Dispersive Scanning 800–2100nm 600 

Infratec Infratec 1255 Dispersive Scanning 850–1050nm 100 

8.3.2 Spectral Data Pre-processing 

Spectral pre-processing is an important first step in the analysis workflow that aims to 

remove or reduce unwanted signals from instrumental and experimental artefacts [35]. 

For our application, extended multiplicative signal correction (EMSC) [36] was selected 

for application to all spectroscopy datasets. EMSC has been shown to be a reliable tool to 

correct for additive baseline effects, multiplicative scaling effects, and interference effects 

[37], often giving superior results to other spectral pre-processing techniques [37-39]. In our 

study, EMSC with a second order polynomial was applied to the FTIR, NIR and Raman 

datasets. The mean of the spectra within a dataset was taken as the reference signal. The EMSC 

was implemented using the Orange3 data mining toolbox in Python [40].  

8.3.3 Feature Extraction 

Feature extraction is used to generate the data blocks for mid-level fusion. As our 

application of cluster analysis is an unsupervised technique, an unsupervised feature extraction 

technique is required. We use PCA which is the most prominent unsupervised feature 

extraction technique. PCA reduces the data into latent variable (principal components) whose 

values represent the original dataset. 

PCA is also a valuable tool for two-dimensional visualization of data distribution [41]. 

In our analysis, PCA score plots of the first two principal components (PC1 and PC2) are used 

for visualization of the cluster analysis. 

8.3.4 Cluster Analysis Algorithm Selection 

For the cluster analysis conducted within our study, agglomerative hierarchical 

clustering was chosen for the clustering algorithm as the hierarchical aspect is of interest to us 

in understanding hierarchical relationships between the bomb-makers from our homemade 
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explosives datasets. Ward’s method was used to generate the hierarchical links as it has 

repeatedly been demonstrated as an effective method when analyzing spectroscopy [42-44]. 

Predicting the number of clusters within a dataset is a significant challenge in cluster 

analysis. However, that is not the focus of this study. Labeled datasets are being used in our 

evaluation of the data fusion models (to identify suitable models for future application to 

unlabeled datasets). These labels (a priori knowledge) are used to set the number of clusters 

for the hierarchical clustering to ensure consistency across our analysis. 

8.3.5 Quantifying Cluster Analysis Outcomes 

For technique evaluation applications like ours where labelled data is available, external 

cluster validation indices can be used to quantify the clustering outcome. External cluster 

validation indices employ metrics such as homogeneity, completeness, and purity to compare 

the generated partitionings against the true labels. We utilize the V-measure [45] in our 

analysis which is a common external cluster validation metric. The V-measure is the harmonic 

mean between the homogeneity (h) and completeness (c) of clusters:  

    𝑉 =
( )∗ ∗

( ∗ )
               (8.1) 

and our 𝛽 value of 1 results in completeness and homogeneity being of equal importance. 

Rosenberg and Hirschberg [45] provide details of how homogeneity (h) and completeness (c) 

can be calculated. The result is a V-measure score between 0.0 and 1.0, where 1.0 represents 

perfectly correct labeling. The V-measure was calculated in our analysis using the scikit-learn 

Python package [46]. 

8.3.6 Implemented Data Fusion Techniques 

Within each level of the three-level data fusion model, there are multiple techniques that 

could be implemented. We implement three of the most common approaches as representative 

techniques from each level. 

Low-Level Data Fusion 

Our application of low-level data fusion for the spectroscopy data is a simple 

concatenation of the pre-processed spectra. As part of the EMSC spectral pre-processing, each 
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measurement is already normalized or ‘corrected’ within the spectral data blocks. However, 

as the magnitude of measurements from the various instruments can vary, scaling is also 

required between the multiple data blocks before concatenation [47]. The standard deviation 

within each block was used to proportionally scale the multiple data blocks. These were then 

concatenated into a single data block and the cluster analysis algorithm was applied. 

Mid-Level Data Fusion 

Our application of mid-level data fusion used PCA for feature extraction from the 

spectral datasets. The first twenty principal components were selected to form the data blocks 

to ensure a detailed representation of the original data was analyzed. These equally sized data 

blocks (of twenty principal components each) were then scaled (based on the standard 

deviation within each block) and concatenated into a single data block. The cluster analysis 

algorithm was applied. 

High-Level Data Fusion 

To enable our initial investigation into the value of high-level data fusion, cluster 

analysis was applied independently to each of the data blocks from each sensor, which 

generated a set of labeled partitionings. These are then fused utilizing the clustering ensemble 

approach. Firstly, the correspondence problem was solved utilizing the “Hungarian method” 

or Kuhn-Munkres algorithm [48] (implemented using the Munkres implementation for python 

[49]). Once the correspondence problems were solved, consensus voting was then used as the 

data fusion to assign each sample to a cluster. 

8.4 RESULTS 

8.4.1 Detonator Datasets without Fusion 

To generate a baseline for comparison, cluster analysis is first applied to the datasets 

without data fusion. The pre-processed FTIR and Raman spectra for DETS1 is shown in Figure 

8.2(a) and Figure 8.2(b) as representative spectra of the detonators datasets. PCA score plots 

are used to visualize the spectroscopy datapoints in two dimensions and labels (colors) are 

applied to show the outcomes of applying hierarchical cluster analysis to the datasets (Figure 
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8.2(c) and Figure 8.2(d)). These can then be compared to the true labels (Figure 8.2(e) and 

Figure 8.2 (f)) and V-measure scores can be generated. 

 
Figure 8.2. Pre-processed FTIR spectra (a) and Raman spectra (b) for the DETS1 dataset and 

respective PCA score plots of their associated color labels from applying hierarchical cluster analysis 
(c) and (d), and known true labels for evaluation (e) and (f) 

As can be seen in Figure 8.2(c), the FTIR data results in tightly clustered datapoints 

indicating that the data is of high quality and the FTIR measurement equipment is well suited 

to characterizing the explosive samples. The hierarchical cluster algorithm correctly clusters 

all the data points (when compared to the true labels in Figure 8.2(e)) which results in a V-

measure score of 1.0.  

The Raman spectra for DETS1 does not present as tightly clustered datapoints when 

visualized in the two-dimensional PCA score plot. When hierarchical cluster analysis is 

applied (Figure 8.2(d)) the hierarchical cluster algorithm incorrectly clusters some of the data 

(a) (b)

(c) (d)

(e) (f)

FTIR Raman
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points when compared to the true labels shown in Figure 8.2(f). This resulting in a lower V-

measure score of 0.69. This may be due to the differences between the capabilities of FTIR 

and Raman for explosive samples or, more likely, due to the capability differences between 

laboratory grade test equipment (FTIR) and portable handheld equipment (Raman). 

Similar differences were found between cluster analysis of the FTIR and Raman spectra 

for the DETS2 and DETS3 datasets. The chemical composition of the DETS2 and DETS3 

datasets were significantly more challenging to cluster than the relatively easily separable 

DETS1 dataset. For the DETS2 dataset, this resulted in a V-measure scores of 0.869 for 

clustering of the FTIR spectra and 0.626 for clustering of the Raman spectra. For the DETS3 

dataset, this resulted in a V-measure scores of 0.937 for clustering of the FTIR spectra and 

significantly worse 0.351 for clustering of the Raman spectra. These V-measure scores form 

a baseline for comparison to the upcoming data fusion scores. 

8.4.2 Detonator Datasets Low-Level Data Fusion  

Low-level data fusion was now performed by scaling and concatenating the FTIR and 

Raman spectra. As shown in Figure 8.3(a), the FTIR spectra forms a slightly larger component 

of the fused spectra due to it containing a larger number of measurements (variables). 

  
Figure 8.3. The concatenated DETS1 FTIR and Raman spectra for low-level fusion (a) and the 

associated PCA score plot with color labels from applying hierarchical cluster analysis (b) 

The resultant two-dimensional PCA score plot in Figure 8.3(b) shows that the fused 

spectra present a significantly tighter clustering of datapoints when compared to the Raman 

spectra alone (Figure 8.2(d)). This results in the clustering algorithm being able to correctly 

cluster all datapoints (V-measure of 1.0). As shown later in Table 8.2, the clustering outcomes 

for the DETS2 and DETS3 datasets with low-level fusion resulted in an improvement from 

(a) (b)
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the Raman spectra alone, but it did not produce as good an outcome as cluster analysis of the 

FTIR spectra alone. 

8.4.3 Detonator Datasets Mid-Level Fusion 

Mid-level data fusion was now performed by scaling and concatenating the top 20 

principal component from the FTIR and Raman spectra. As shown in Figure 8.4(a), both the 

FTIR and Raman components have equal influence in the resultant spectra due to the equal 

number of principal components. 

 
Figure 8.4. The concatenated top 20 principal components from the DETS1 FTIR and Raman spectra 

for low-level fusion (a) and the associated PCA score plot with color labels from applying 
hierarchical cluster analysis (b) 

The resultant two-dimensional PCA score plot in Figure 8.4 shows that the combined 

spectra from mid-level fusion result in tighter clustering of points, when compared to the 

Raman spectra alone (Figure 8.2(d)). This results in the clustering algorithm being able to 

correctly cluster all datapoints (V-measure of 1.0). As shown in Table 8.2, the clustering 

outcomes for the DETS2 and DETS3 datasets with mid-level fusion resulted in an 

improvement from the Raman spectra alone, but did not improve on cluster analysis of the 

FTIR spectra alone.  

8.4.4 Detonator Datasets High-Level Data Fusion 

For the high-level data fusion, we were using the simple approach of using the Kuhn-

Munkres algorithm to solve the correspondence problem and then majority voting to achieve 

a consensus for the clustering ensemble. We found we were unable to apply this to the 

partitionings resulting from hierarchical clustering of the pre-processed FTIR and Raman 

(a) (b)
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spectra, due to only having two inputs for the majority voting. I.e. we were unable to obtain a 

consensus outcome from the two votes for many of the samples. 

In other applications of clustering ensembles, typically a larger number of clustering are 

performed using differing clustering algorithms, differing numbers of k (clusters), or other 

parameters. This larger number of voters makes distinct outcomes easier to achieve. 

Alternatively, other cluster ensemble methods are used that do not suffer from this problem. 

These may be explored in our future work.  

8.4.5 Detonator Datasets Results Summary 

The summary of the clustering outcomes is presented in Table 8.2. for the individual 

and fused spectra.  

Table 8.2 V-measure scores for the individual spectra and fused spectra for the three detonator 

datasets. 

 Individual Spectra With Data Fusion 
Dataset FTIR Raman Low-Level Mid-Level High-Level 
DETS1 1 0.797 1 1 - 

DETS2 0.869 0.626 0.800 0.771 - 

DETS3 0.936 0.351 0.782 0.657 - 

- indicates where data fusion could not be completed. 
 

The clustering outcomes of the individual spectra differed significantly between the 

FTIR spectra and Raman spectra. The Raman spectra performed significantly worse. This is 

likely due to the nature of the equipment and its intended purpose. I.e. a fast, portable test 

equipment designed for use by first responders in emergency situations. While it may be well 

suited for that purpose, for our application and method of obtaining spectra, it performs worse 

than the laboratory based FTIR system.  

When data fusion was applied to the two spectra, the low-level and mid-level data fusion 

provided a significant improvement when compared to clustering the Raman dataset alone and 

enabled 100% correct clustering of DETS1 (V-measure of 1.0). However, neither fusion 

approach improved upon the clustering of the FTIR datasets. 
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The mid-level data fusion results were also slightly worse than those of the low-level 

fusion outcomes. This is likely due to the increased (now equal) influence of the ‘poor’ quality 

Raman dataset through the use of mid-level fusion. 

While data fusion has not provided an overall benefit or improvement on using the FTIR 

spectra alone of the detonator datasets, this does not mean that data fusion would not be 

valuable in this application. In true unsupervised applications were data labels were not known 

and the quality of the cluster analysis could not be externally validated, data fusion may be a 

useful technique for mitigating against unknowingly poor outcomes from a single test type. 

Here, the fusion of multiple tests returns a result that is better than the mean V-measure score 

of the individual tests. 

8.4.6 Marzipan Dataset without Fusion 

The pre-processed marzipan spectra from six different sensors (Figure 8.5) are now 

analyzed. 

 

 
Figure 8.5. Spectra from the marzipan samples from the (a) Bomem, (b) Infraprover, (c) IR, (d) NIR1, 

(e) NIR2, (f) Infratec test instruments (sensors). 

When cluster analysis was applied to the six spectra, the V-measure scores for the clustering 
outcomes are shown in Table 8.3. 

Table 8.3 V-measure scores from cluster analysis of the NIR and FTIR spectra from the marzipan 

samples 

Instrument Clustering V-measure Score 
Bomem 0.829 
Infraprover 0.858 
IR 0.814 
NIR1 0.823 
NIR2 0.839 
Infratec 0.867 

(b)

(f)(e)(d)

(c)(a)
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8.4.7 Marzipan Dataset Low-Level Fusion 

Low-level data fusion was now performed by scaling and concatenating the spectra 

from the six sensors. As shown in Figure 8.6, some spectra form a larger component of the 

fused spectra due to them containing a larger number of measurements (variables). 

 
Figure 8.6. The concatenated spectra for low-level fusion of the six spectroscopy tests of marzipan  

The resultant two-dimensional PCA score plot in Figure 8.7(a) shows that the labelling 

of the data points from application of hierarchical cluster analysis. When compared to the true 

labels of the marzipan samples (Figure 8.7(b)) the result was a high V-measure score of 0.898. 

Thus, low-level data fusion improved the overall outcome of the cluster analysis when 

compared to cluster analysis of any of the individual samples. 

 
Figure 8.7. PCA score plots of hierarchical cluster analysis (a) applied to the low-level fusion of the 

marzipan spectra and with known labels (colors) applied for evaluation (b) 

8.4.8 Marzipan Dataset Mid-Level Fusion 

Mid-level data fusion was now performed by scaling and concatenating the top 20 

principal component from the six tests. As shown in Figure 8.8, the six components have equal 

influence in the resultant spectra due to the equal number of principal components. 

 
 

(a) (b)
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Figure 8.8. The concatenated top 20 principal components from the six tests on the marzipan samples 

The resultant two-dimensional PCA score plot in Figure 8.9(a) shows that the labelling 

of the data points from application of hierarchical cluster analysis to the mid-level fusion 

spectra. When compared to the true labels of the marzipan samples (Figure 8.9(b)) the result 

was a high V-measure score of 0.871. Thus, mid-level data fusion improved the overall 

outcome of the cluster analysis when compared to cluster analysis of any of the individual 

samples. 

 
Figure 8.9. PCA score plots of hierarchical cluster analysis (a) applied to the mid-level fusion of the 

marzipan spectra and with known labels (colors) applied for evaluation (b)) 

8.4.9 Marzipan Dataset High-Level Fusion 

High-level data fusion is now applied. The original partitionings from applying 

hierarchical clustering to the 32 samples within six marzipan datasets are as follows:  

  

(a) (b)
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[2, 2, 2, 2, 2, 5, 2, 2, 2, 1, 1, 1, 1, 3, 4, 4, 4, 8, 8, 8, 6, 7, 7, 3, 5, 0, 0, 0, 6, 6, 7, 7] 

[2, 2, 0, 2, 8, 0, 0, 0, 0, 5, 5, 5, 5, 3, 6, 6, 6, 4, 4, 4, 1, 1, 1, 3, 2, 7, 7, 7, 1, 1, 1, 1] 

[0, 0, 0, 0, 0, 0, 0, 0, 0, 5, 5, 2, 5, 6, 6, 2, 2, 1, 1, 1, 8, 8, 7, 6, 6, 3, 3, 3, 7, 4, 8, 4] 

[3, 3, 3, 3, 2, 2, 3, 2, 3, 7, 7, 7, 7, 6, 5, 5, 5, 6, 6, 6, 0, 0, 0, 6, 2, 1, 1, 1, 4, 4, 8, 8] 

[8, 5, 7, 5, 8, 5, 5, 5, 5, 6, 6, 6, 6, 3, 2, 2, 2, 3, 1, 3, 0, 0, 0, 1, 1, 4, 4, 4, 0, 0, 0, 0] 

[2, 3, 2, 2, 2, 2, 2, 2, 3, 0, 0, 0, 0, 7, 1, 1, 1, 8, 8, 8, 5, 5, 5, 6, 6, 4, 4, 4, 5, 5, 5, 5] 

 
To address the correspondence problem, the Kuhn-Munkres algorithm is applied 

resulting in the following partitionings: 

[1, 1, 1, 1, 1, 2, 1, 1, 1, 3, 3, 3, 3, 7, 4, 4, 4, 5, 5, 5, 9, 6, 6, 7, 2, 8, 8, 8, 9, 9, 6, 6] 

[1, 1, 2, 1, 6, 2, 2, 2, 2, 3, 3, 3, 3, 7, 4, 4, 4, 5, 5, 5, 9, 9, 9, 7, 1, 8, 8, 8, 9, 9, 9, 9] 

[1, 1, 1, 1, 1, 1, 1, 1, 1, 3, 3, 4, 3, 7, 7, 4, 4, 5, 5, 5, 6, 6, 2, 7, 7, 8, 8, 8, 2, 9, 6, 9] 

[1, 1, 1, 1, 2, 2, 1, 2, 1, 3, 3, 3, 3, 5, 4, 4, 4, 5, 5, 5, 6, 6, 6, 5, 2, 8, 8, 8, 7, 7, 9, 9] 

[1, 2, 6, 2, 1, 2, 2, 2, 2, 3, 3, 3, 3, 5, 4, 4, 4, 5, 7, 5, 9, 9, 9, 7, 7, 8, 8, 8, 9, 9, 9, 9] 

[1, 2, 1, 1, 1, 1, 1, 1, 2, 3, 3, 3, 3, 6, 4, 4, 4, 5, 5, 5, 9, 9, 9, 7, 7, 8, 8, 8, 9, 9, 9, 9] 

Consensus voting was then applied. However, due to the even number of test and 

datasets, there were three samples were a clear consensus could not be achieved (highlighted 

above). In order to deliver a useful result to enable understanding of the potential value of 

high-level data fusion, all eight potential combinations of these outcomes are evaluated. These 

combinations resulted in V-measure scores ranging from 0.870 to 0.896. These were all 

improvements on the V-measure scores from clustering the individual spectra. 

8.4.10 Marzipan Dataset Results Summary 

The summary of the clustering outcomes is presented in Table 8.4 for the six individual 
spectra and three levels of data fusion. 

Table 8.4 V-measure scores for the individual spectra and fused spectra for the three detonator 

datasets. 

 Individual Spectra Data Fusion 
V-Measure Bomem Infraprov IR NIR1 NIR2 Infratec Low-Level Mid-Level High-Level 

Marzipan 0.829 0.858 0.814 0.823 0.839 0.867 0.898 0.871 0.870-0.896 
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The clustering outcomes of the individual spectra were all quite accurate with V-

measure scores above 0.8. However, all forms of data fusion were able to improve on these 

results. This indicates that data fusion is a valuable technique for cluster analysis of 

spectroscopy. The low-level data fusion provided the best results overall. 

8.5 CONCLUSIONS AND FUTURE WORK 

We investigated the commonly used three-level model for data fusion of spectroscopy 

and adapted it for the specific application of cluster analysis. For low-level and mid-level data 

fusion models, their traditional method of implementation was not changed for application to 

cluster analysis. However, high-level data fusion for cluster analysis encountered the 

correspondence problem. Hence, clustering ensemble techniques were proposed as an 

approach to enable high-level data fusion. While this is not the typical application of cluster 

ensembles, we have identified it as a suitable solution to our challenge.  

The varying spectroscopy datasets that we evaluated presented several insights. The 

detonator datasets evaluated clustering of samples from test equipment that varied 

significantly in its purpose, and hence, data quality. Fusing of the two datasets using any of 

the data fusion models did not provide better overall results than the results from the higher 

quality test instrument alone. However, the results were better than the average clustering V-

measure scores of the two datasets. This indicates that if the quality and suitability of the test 

equipment to a specific set of chemical samples was unknown, then data fusion may present a 

way of mitigating against the potential poor results from a single, unknowingly unsuitable 

instrument. 

The marzipan dataset included data from six spectroscopy instruments. Individually, the 

data from each instrument resulted in quite accurate cluster analysis and high V-measure 

scores. When the three data fusion models were applied, the data fusion resulted in improved 

cluster analysis outcomes and V-measure scores for all three data fusion models. This 

demonstrated that data fusion can deliver improved cluster analysis outcomes when compared 

to cluster analysis of the individual datasets. 
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When comparing the performance of the three data fusion models, the low-level data 

fusion delivered the best clustering outcomes followed by the mid-level fusion. High-level 

fusion was not successfully applied on the detonators dataset and for the marzipan, depending 

on the outcomes of the tied consensus voting, it performed slightly better or slight worse than 

the mid-level fusion results. Overall, the difference between the results for the different fusion 

models was quite small and within the variation often seen within cluster analysis due to minor 

data variations. Low-level fusion is generally considered to have the disadvantage of not 

compensating for differing numbers of variables between the datasets. However, for 

spectroscopy, this appeared to be only a minor limitation as the number of variables 

(measurements) between differing test types is typically of the same magnitude. If other forms 

of low dimensional data were to be fused with the high-dimensional spectroscopy data, this 

limitation of low-level fusion could have a significant impact.  

For comparison, other studies have shown low-level data fusion of electronic nose and 

tongue sensors can improve clustering outcomes in identifying olive oil [12], wine 

deterioration [9] and fruit juice samples [10]. Evaluation of low-level and mid-level fusion of 

electronic nose, electronic tongue and Vis-IR sensors for samples of honey resulted in poor 

clustering results for low-level fusion but improved clustering results for multi-way PCA 

techniques (mid-level fusion) [13]. Our analysis showed clustering improvements for all three 

levels of the data fusion model for the marzipan dataset and, unlike other studies, we provide 

a comparison of outcomes for all three levels of the common data fusion model. 

Finally, we acknowledge that for the exploratory purposes of this study, common 

techniques were chosen for implementation within each data fusion model. Exploration of 

more sophisticated techniques may present further benefits beyond what we have identified in 

our study. For the mid-level fusion model, these include the use of techniques that identify and 

utilize weightings that reflect each blocks importance [15, 50], or methods that extract the 

common and distinct information between the data blocks [25]. For the high-level fusion 

model, this includes cluster ensemble techniques that extend beyond the direct approach of 

simple consensus voting to identify implementations suitable for small numbers of datasets 
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(sensors) and even numbers of datasets. This could include utilizing feature-based approaches, 

pair-wise similarity-based approaches or graph-based approaches [51]. 
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Chapter 9: Conclusions and Future Work 

In Chapter 1, we started with the core research questions: 

What are the best clustering techniques (identified or developed) for identifying matching 

samples from explosives spectroscopy data? 

Can these techniques be incorporated into a usable analysis process that can adapt to future 

threat evolution? 

In conducting our research to answer the above questions, knowledge has been 

generated towards addressing the applied problem of matching homemade explosive samples, 

but equally importantly, it has addressed many gaps in current practice in the wider context of 

cluster analysis of spectroscopy. 

9.1 CLUSTER ANALYSIS OF SPECTROSCOPY 

Cluster analysis is widely used across diverse disciplines. From a human perspective, it 

may appear simple, and indeed, the task of a human dividing samples into clusters can be 

simple. However, once we move beyond this human view of clustering, mathematical 

definitions become challenging and even the definition of good clustering is subjective [1]. 

Because of this, quantification of cluster analysis is challenging. The unsupervised nature of 

cluster analysis also presents many challenges (and somewhat limits suitable approaches when 

compared to supervised learning techniques). A series of fundamental challenges for cluster 

analysis were highlighted by Jain and Dubes [2] in 1988 and these still hold true today:  

(1) What features should be used for clustering? 

(2) How is similarity defined and measured? 

(3) How many clusters are present? 

(4) Which clustering algorithms should be used? 

(5) Does the data actually have any clustering tendency? 

(6) Are the discovered clusters valid? 
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Through this research in quantified cluster analysis techniques for spectroscopy, we have 

addressed most aspects of these questions for our application. After identifying in the literature 

review (Chapter 2) that current practices in cluster analysis of spectroscopy typically lack the 

use of quantified techniques and validation, we presented (Chapter 2) and applied (Chapter 3) 

a quantified cluster analysis workflow for spectroscopy based on practices more common in 

the machine learning literature [2-12]. This includes confirming the data’s tendency to cluster, 

predicting the number of clusters, and validated the results in a quantified manner.  

In Chapter 4, we have then presented and validated an approach for selecting appropriate 

cluster analysis algorithms based on the intended application of the analysis (user’s needs). 

For our application, this included consideration of the real-world nature of our datasets, the 

high dimensionality and relatively small sample size of the datasets, and the desirability of a 

hierarchical output for assisting in understanding bombmaker networks. 

In Chapter 5, we investigated spectral data preprocessing techniques to ensure the data 

is in a form that is conducive to cluster analysis. Our visualization technique for evaluating 

the effects of various preprocessing techniques on the clusters proved unique insight into the 

effects of the individual components in preprocessing. This demonstrated the importance of 

multi-component preprocessing techniques and identified that EMSC was most appropriate 

for our spectroscopy datasets.  

In Chapter 6, we turn our attention to what features should be used for clustering and 

the challenges of feature selection for cluster analysis in spectroscopy. We present a novel 

class of filter methods for feature selection, based on clusterability metrics. In our evaluation, 

the Hopkins variant of this filter method performed the best of the evaluated filter methods. 

However, it was identified that getting consistent clustering outcome improvements across the 

variety of spectroscopy datasets through feature selection was a very challenging task. We also 

identified limitations in the methods commonly used for selecting an appropriate number of 

features to retain. As a mitigation against this, we found genetic algorithms were a means to 

reliable improvements in outcomes without the instability of other methods. 
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Given our work to date to improve clustering outcomes, we then turned our attention in 

Chapter 7 to exploring the hierarchical aspects of the clustering to gain further insights from 

the cluster analysis. Through this, we identified an approach for gaining confidence in the 

matching of samples through adjusting the balance between homogeneity and completeness 

in the V-measure. Clusterability metrics (such as the Hopkins statistic) were shown to be 

highly valuable in confirming whether further subdividing clusters is appropriate. And finally, 

the hierarchical cluster exploration proved valuable in identifying potentially mislabelled 

samples. 

Now that our research was reaching the limit of what could be achieved through 

clustering of the FTIR data of the detonator dataset, we turned our attention to multi-sensor 

data fusion for cluster analysis of spectroscopy (Chapter 8) to further our cluster analysis 

outcomes. In adapting the common three-level model of chemometric data fusion [13] to 

cluster analysis applications, we identified the correspondence problem that occurs for high-

level data fusion of cluster analysis. We identified that this can be overcome through the use 

of cluster ensemble techniques, and demonstrate the value of low-level, mid-level, and high-

level data fusion models for cluster analysis of spectroscopy. 

Overall, the above research has provided insights, techniques and solutions for applying 

cluster analysis to spectroscopy in a quantified manner. To the best of our knowledge, ours is 

a unique perspective that is not widely addressed elsewhere in current literature. 

9.2 ANALYSIS OF HOMEMADE EXPLOSIVES 

In terms of addressing the applied problem of matching characteristics of IED 

components to identify links between bombmakers, this research has demonstrated that cluster 

analysis of spectroscopy of the explosives component is a feasible approach. In chapter 3, we 

demonstrated that cluster analysis can achieve useful outcomes across a variety of explosives 

datasets. This presented a baseline, which we improved on through the techniques we 

developed and refined through later chapters. 
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Cluster analysis was chosen as it was well suited to our problem. As an unsupervised 

technique, it does not require the (preferably large) training sets of labelled data. These labelled 

datasets somewhat are hard to obtain for homemade explosive samples due to the extensive 

laboratory chemical analysis work required to identify the samples and the limited availability 

of samples. Another significant driver is that the composition of samples can change over time 

as bombmakers come and go or new recipes are used. Due to the widely varied nature of the 

(potentially distinguishing) secondary ingredients in homemade explosives, it would be very 

challenging to develop a comprehensive library of potential homemade explosives to cover all 

future possibilities. These challenges can be overcome through cluster analysis as the process 

directly compares samples to each other, without the need for sample labels or training data. 

This enables the analysis technique to be applied on an ongoing basis, despite the possibility 

of recipes and compositions changing in the future. It is noted that this adaptability and 

flexibility of cluster analysis does not come without cost. As we saw in Chapter 3, supervised 

learning techniques can deliver better outright results. However, supervised learning 

techniques have their own limitations due to the requirement to retrain the models as 

homemade explosives vary in the future, and the limited confidence that can be gained from 

training on the small datasets available in our application. 

The use of the homemade detonator datasets proved a valuable choice for our research. 

The three different stages of the detonators presented three different challenges for the cluster 

analysis. It also demonstrated cluster analysis across quite a range of explosives types where 

it was shown to be highly effective on the easily separable commercial explosives used in the 

output energetic stage of the homemade detonators, while still being sufficiently effective on 

the more inconsistent first fire and transition energetics which utilize more homemade or 

improvised ingredients. Another distinguishing feature of the datasets that lead to useful 

insight was that they were representative of those encountered in real world applications. In 

comparison to typical laboratory-based datasets that we saw widely studied in our literature 

review (Chapter 2), the real-world nature of the detonator dataset meant the clusters were 

unbalanced (not an equal number of samples in each cluster) and even included the possibility 
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of single type samples (as would occur when a new homemade explosives recipe was 

encountered). This introduces challenges as these single samples cannot be removed as outlier, 

as would typically occur (other than those with obviously false measurements as identified 

from reviewing the spectra). These aspects of real-world data became prominent in our process 

for selecting algorithms that best suit the needs of the analysis (Chapter 4). Our process 

enabled these aspects to be included as part of the decision process to identify appropriate 

clustering algorithms. 

The identification of differing levels of clustering within the datasets remains a 

challenging task. The intention is that, at the lowest level, directly matching samples would be 

those made by the same individual bombmaker, potential linking a single bombmaker to 

multiple IEDs. At the higher level, a cluster may contain samples containing the same core 

type of explosive but there may be differences in the secondary materials used. This may 

indicate there are multiple bombmakers but there may be a relationship between them through 

shared recipes, common training or common supplier of materials. This aspect was explored 

in Chapter 7 using the super-clusters, cluster and sub-cluster hierarchy of the datasets. Several 

of the main clusters were able to be broken down further into sub-clusters that could be 

assumed to be made by the same bombmaker. We identified that increasing the number of 

clusters, and hence reducing the size of each cluster provided increased confidence that the 

samples were within a single cluster were a match. This technique increases the homogeneity 

within a cluster, and can be implemented by adjusting the weighting between homogeneity and 

completeness (β) in the V-measure index. This effectively sacrifices completeness and results 

in it being difficult to know how many bombmakers there are within a datasets. We feel that 

providing the higher confidence of matches achieved through this higher homogeneity would 

be the most valuable outcome for intelligence purposes. 

There were also several clusters that could not be broken down further based on the 

information contained within the FTIR data. The use of tests for the data’s tendency to cluster 

(such as use of the Hopkins statistic) proved invaluable in providing confidence when sub-

clusters did exist and that the resultant cluster analysis would be valid. As identified in Chapter 
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2, the use of clusterability metrics appear to be underappreciated and underutilized in current 

practices for cluster analysis of spectroscopy [14]. 

A final factor complicating the above findings is the limitations of the FTIR testing 

technique itself. As discussed in Chapter 7, there are some substances that are difficult to 

identify through FTIR testing (e.g. charcoal, sulfur, sugar at lower percentage composition) 

(Chapter 7) and the distinguishing information may not be present in the data, regardless of 

what data science technique is utilized. Hence, the level of separation into sub-clusters and the 

associated implication about bombmakers can only be made in the context of what is separable 

by that specific chemical testing type. 

Reaching the limits of what can be identified within the FITR data was a driver for us 

to explore data fusion of multiple types of test data (Chapter 8). Our implementation of three 

levels of data fusion proved effective and beneficial on publicly available spectroscopy data. 

However, the Raman data available for the detonator datasets from a portable handheld 

instrument proved insufficient to boost the results from the FTIR data alone. Hence, higher 

quality is likely to be required for this technique to be effective for the application of matching 

homemade explosive samples. 

9.3 FUTURE WORK 

As with any broad study where many aspects of a problem are covered, judgement is 

used in terms of what is and is not investigated to ensure the overall goals of the research are 

achieved. This judgement and pragmatism were discussed in relation to our proposed analysis 

model and workflow (for quantified cluster analysis of spectroscopy) in Chapter 2. Examples 

where this was exercised within our study include: 

 Euclidean distance was utilised as the distance metric for our implementations of cluster 

analysis. Euclidean distance was the most common metric from our survey of cluster 

analysis of spectroscopy [14]. However, other metrics such as the Pearson correlation 

coefficient were occasionally used and may warrant further evaluation. 
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 The V-measure external clustering index was used throughout our analysis. In early 

unpublished aspects of our analysis, values for numerous external and internal cluster 

validation indices were generated and considered. We found that the trends in results were 

consistent between the various external indices and hence, the V-measure was selected as 

a representative modern external index. 

 We utilised the approach of validating our techniques on known labelled datasets (utilising 

external indices) with the assumption that these proven techniques will continue to be 

valid on future unlabelled datasets. Internal indices could assist in validating this, although 

our experience showed that internal indices appeared better for direct comparison between 

techniques on a single dataset than for validating clustering outcomes overall. 

We consider the above choices to be reasonable examples of pragmatism and judgement 

that did not warrant deeper investigation and additional chapters within this thesis (at the 

expense of some of the existing valuable findings). However, there were some aspects that we 

believe are more fitting of further investigation due to their potential benefits for our 

application or to the cluster analysis community. 

9.3.1 Clusterability Filters for Feature Selection 

Of the topics that do warrant further investigation, firstly, we consider the clusterability 

class of feature selection filters that we proposed in Chapter 6. We demonstrated that our 

Hopkins clusterability filter variant was the most effective filter technique evaluated on the 

homemade explosive’s datasets and public spectroscopy datasets. However, feature selection 

for cluster analysis of spectroscopy was shown to be a very challenging task. Most feature 

selection techniques were shown to only be effective on certain datasets and the genetic 

algorithms wrapper technique was the only technique to provide an average benefit across our 

challenging spectroscopy datasets. However, this was very computationally intensive when 

compared to the filter techniques. Given that our proposed Hopkins clusterability filter proved 

to be the best of the filter techniques evaluated, we believe this warrants further investigation 
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and evaluation on cluster analysis applications beyond spectroscopy. Here, it could prove more 

beneficial. 

9.3.2 Cluster Ensembles 

We believe that cluster ensemble techniques warrant further investigation for 

application to cluster analysis of spectroscopy and for the matching of explosive samples 

problem. While we briefly investigated cluster ensembles in Chapter 8 as a solution to 

implementing high-level multi-sensor data fusion for cluster analysis. However, the traditional 

usage of cluster ensembles could also be valuable.  

Predicting the correct number of clusters k within a dataset can be challenging when 

executing cluster analysis. While techniques are available (such our use of the Silhouette 

score), their effectiveness and outcomes can vary based on the nuances of the data being 

analysed. Hence, we often utilised a priori knowledge of the number of clusters to ensure 

comparable outcomes. In future applications of our analysis process on unlabelled datasets, 

the use of cluster ensembles to fuse the results from varying numbers of k can somewhat 

mitigate against wayward results from data variations and incorrectly predicting k. 

Similarly, selecting the most appropriate clustering algorithm can be challenging (as we 

addressed in Chapter 4). Ghosh and Acharya [15] suggest that when a variety of clustering 

algorithms (unsupervised learning) are applied to a specific dataset, the variations in clustering 

outcomes tends to be more than the typical variation in accuracies returned by a collection of 

reasonable classifiers (supervised learning). Hence, the use of cluster ensembles to fuse results 

from variety of algorithms could mitigate against this variation. The algorithm selection 

process we proposed in Chapter 4 tends to highlight multiple suitable algorithms. These could 

be implemented in a clustering ensemble which may result in a more reliable clustering 

outcome that is still tailored to meets the needs of the analysis.  

For the analysis of samples of homemade explosives, a desirable feature would be to 

have a largely automated analysis process that can be regularly applied as new samples are 

acquired is desirable. Despite the availability of processes for predicting the number of clusters 

such as the “elbow” method [16], the gap statistic [16], and peak silhouette score [17], these 
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are often difficult to apply utilising purely mathematical principles. Some human judgement 

is often required to identify the location of the elbow or dismiss erroneous peak scores at very 

low or high values of k in the other test. Similarly, human judgement may be required for 

identifying when a clustering algorithm is poorly suited to the dataset. These somewhat limit 

the ability to fully automate the analysis workflow. The use of cluster ensembles enables 

inclusion of results from a range of algorithm parameters (such as k) or multiple algorithms, 

hence, mitigating against these specific obstacles where human judgement may be required. 

9.3.3 Fusion of Alternative Datasets 

The final suggestion for future work is focused on outcomes for the analysis of IEDs to 

identify links in threat networks. Our research has been deliberately constrained to analysis 

techniques for cluster analysis of spectroscopy. However, as identified in Chapter 1, there are 

many other potential sources of “identifying” information such as the physical components of 

the IED, the electronic aspects, characteristics of the way it was to be utilised, and the 

spatiotemporal data about where the device was recovered. For national security purposes, 

some of this information may be classified and unavailable for public research. However, 

many of the techniques we have presented will still be applicable to these alternative forms of 

IED data. These datasets could be analysed individually through cluster analysis, or via data 

fusion. 

To fuse spectroscopy data with data from these alternative sources, the main challenge 

for data fusion will likely be the large difference in dimensionality when compared to the high 

dimensionality of spectroscopy data. In consideration of the techniques we proposed in 

Chapter 8 for data fusion for cluster analysis, the low-level techniques are unlikely to be able 

to balance the influence between the datasets of differing dimensionality. Mid-level fusion 

may be feasible, and high-level fusion could be applied through the use of cluster ensembles 

(assuming cluster analysis can be applied first to each of the individual datasets). This presents 

an opportunity to exploit the potentially unique information within each dataset for improved 

cluster analysis outcomes and valued insights into the relationships between the tested IEDs. 
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