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ABSTRACT 

 

Billabongs in tropical northern Australia are under increasing pressure from 

environmental stressors. There is a need for methods to monitor the water-quality 

dynamics of these often remote ecosystems. This study assessed the capacity of 

ultra-high resolution Remotely Piloted Aircraft System (RPAS) imagery and remote 

sensing methods to quantify the water turbidity. I investigated water quality 

calibration algorithms under turbid inland water conditions and developed a 

reflectance-based approach to map billabong turbidity. Five bands of hyper spectral 

digital data were collected from sensors on board RPAS and the observations of 

turbidity values were obtained near-simultaneously using turbidity sensors on a 

radio controlled boat. The relationships between reflectance and water turbidity were 

assessed using single-band reflectance, band ratios, and water-related indices. 

Results show the Normalised Difference Water Index (NDWI) is a good indicator for 

water turbidity. Its linear model had a coefficient of determination of 0.7231. This 

study developed a new method to process multi-spectral RPAS imagery for turbidity 

monitoring in inland water bodies.  
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1 Introduction 

1.1 Project definition 

This study presents the development and implementation of a new method for 

collecting reflectance spectra through remotely piloted aircraft systems (RPAS), also 

known as unmanned aircraft systems (UAS) and mapping water turbidity of tropical 

billabongs in the Alligator Rivers Region (ARR).  

This study was initiated to assess the use of ultra-high spatial resolution digital 

imagery from RPAS and evaluate remote sensing technologies for mapping turbidity 

of inland waters in a complex environment.  

The aims of this project are: 

1. To collect spectral imagery and turbidity data from RPAS and Autonomous 

Surface Vehicle (ASV) platforms respectively; 

2. To develop a method to model turbidity from ultra-high resolution RPAS data;  

3. To produce high resolution water turbidity maps of the tropical billabongs. 

The outcomes of this project are: 

 A turbidity map of the Coonjimba billabong for April 2016; 

 The development of a methodology capable of producing water turbidity 

maps of tropical billabongs using multispectral imagery. 

 

1.2  Project focus 

The geographical focus of this project is the Magela Creek floodplain (Fig. 1) located 

in the Alligators Rivers Region (ARR) of the Northern Territory of Australia. Magela 

Creek billabongs are classified into three types based on late dry season 

characteristics: channel, backflow and floodplain (Walker and Tyler, 1979). The 

waters in and the turbidity level can be very much greater than 100 Nephelometric 

Turbidity Units (NTU) in backflow and floodplain billabongs (Walker and Tyler, 1979). 

The floodplain is a downstream receiving environment for the Ranger Uranium Mine 

so that the changes in turbidity levels in floodplain billabongs can be used as an 

environmental indicator for monitoring potential mine impacts to the environment 

(Bartolo et al., 2013a). 
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Figure 1. Location of Magela Creek floodplain, the study area for this project. 

The research focus of this project is to use RPAS carried multispectral sensors to 

measure water turbidity in floodplain billabongs. The primary focus is assessing the 

utility of ultra-high spatial resolution RPAS imagery for billabong environments. The 

MicaSense RedEdge sensor provides high spatial resolution data from five narrow 

spectral bands in the blue, green, red, red edge and NIR regions. Secondly the 

project is focussed on the relationship between surface water reflectance and water 

turbidity values for a range from less than 10 to greater than 100 NTU. The results 

from RPAS imagery data and field turbidity data provide a basis for a cost-effective 

way of near real-time water turbidity monitoring by quantitatively describing the 

coupling between band data and water turbidity levels.  

This baseline will assist with the improvement in the data processing method for the 

RPAS imagery and provide a better understanding of the potential downstream 

impacts on billabongs. Billabong turbidity mapping will also inform ecological risk 

assessment through providing a tool for environmental monitoring in the 
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rehabilitation and closure phases of Ranger uranium mine. The research undertaken 

for this project will also provide a valuable method to evaluate water quality of other 

inland waters across tropical northern Australia. 

1.3 Background concepts 

1.3.1 Optical properties of turbid waters 

Water quality has become an issue of concern due to its influence on human and 

environmental health (Fewtrell and Bartram, 2013). Water quality monitoring and 

measurements are important in observing and controlling the quality of natural 

aquatic ecosystems in northern Australia. The Alligator Rivers Region (ARR) in 

northern Australia is an area of high cultural, natural heritage, and conservation 

values(Ferguson and Mudd, 2011). There are numerous indigenous communities 

living in the ARR and the floodplains and wetlands provide important refuges and 

feeding grounds for many Australian waterbirds and saltwater crocodiles (Pettit et al., 

2011). A rigorous water monitoring program is required to understand the 

limnological changes and detect any deleterious environmental effects (Bayliss et al., 

2012, Hart and McGregor, 1982). Methods for measuring, monitoring, and modelling 

water turbidity changes are applied in the assessment of freshwater quality and 

surrounding ecosystem health (Dash et al., 2015). 

Pure distilled water is transparent to light penetration and its turbidity is close to 0 

NTU (Wilson, 2010). The higher concentrations of particles remain suspended in the 

water, the murkier it appears and the shorter way light can penetrate through the 

water (Fig. 2). The turbidity level is usually ranging from 1 to 20 NTU in lakes and 

from 10 to 4000 NTU in rivers (Crittenden et al., 2012). 

 

Figure 2. Water samples with turbidity values varied between 0.1 and 7500 NTU (Swinburne, 

2016) . 
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Water turbidity results from high concentrations in phytoplankton, the amount of 

nutrients, or total suspended solids (Miller and McKee, 2004, Roland et al., 1999, 

Walker and Tyler, 1982, Walker and Tyler, 1983). Particles in surface waters are 

divided into three classes based on their origin, including inorganic materials, living 

or dead organic matters, and biotic materials (Leopold and Freese, 2009). Biotic 

materials such as viruses and bacteria are the most abundant and dynamic 

components of the aquatic microbial community with small particle sizes ranging 

from 0.01 micrometer (Clingenpeel et al., 2011, Gao et al., 2011). The main 

contaminants of concern are organic and inorganic particles, which vary with particle 

size as groups of suspended and dissolved solids (Shrivastava, 2014). Water 

turbidity values are largely determined by suspended solids because high 

concentrations of these suspended sediments decrease the passage of light through 

water (Boman et al., 2002). Total suspended solids (TSS) are particles with an 

average particle diameter of at least 2 micrometer in the water column while total 

dissolved solids (TDS) are particles smaller than 2 micrometer in diameter (Saravia 

et al., 2005). Suspended solids have a significant impact on light absorption and 

scattering, decreasing the amount that will penetrate deep into a water body (Wilson, 

2010). Turbidity values and the suspended solids are well correlated so that turbidity 

modelling can be established according to the TSS concentrations (Al-Yaseri et al., 

2012, Daphne et al., 2011).  

In addition, coloured components absorb light energy and reflect back certain 

wavelengths of light out of the water, controlling the optical properties of a water 

body (Phinn et al., 2004). The contributions to backscatter and absorption from 

particles result from a variety of sources including natural metallic ions such as iron 

and manganese and project a reddish-brown colour to water (Wilson, 2010).  

1.3.2 Environmental effects 

Water turbidity is one of the most visible environmental indicators of water clarity 

and plays an important role in the protection of aquatic ecosystem health (Dash et 

al., 2015). A low turbidity value is used to define the turbidity standard of healthy 

water while a high turbid water with excessive suspended solids indicates low water 

quality and (Mallin, 2000). Excessive suspended solids (SS) are a critical factor in 

water quality deterioration and could lead to a decline in aquatic communities and 

serious ecological degradation of aquatic environments (Bilotta and Brazier, 2008). 

Particles in the water can directly affect physical properties and characteristics of 

water such as density, viscosity, and thermal capacity. Solids such as fine sediment 



Monitoring tropical billabong water turbidity using Remotely Piloted Aircraft System (RPAS) derived imagery 

 Page 13 

carried in suspension will increase water density and results in a high viscosity 

(Rossi et al., 2013). A large quantity of sediments carried by the flow can be 

transported to the billabongs and easily form a thick sub layer near the bed 

(Lajeunesse et al., 2010). The high sediment concentrations in the water and thick 

river bed not only increase the flooding risk but also serve as sources and sinks of 

phosphorus and result in high eutrophication risk (Jarvie et al., 2005). High turbid 

water has a higher thermal capacity because suspended solids absorb heat from 

solar radiation, increase water temperature and decrease dissolved oxygen (DO) 

levels (Petrović and Marković, 2016). The changes in surface temperature were 

strongly related to the distribution and diversity of aquatic communities in lakes and 

rivers while the increased rate of microorganisms could accelerate the water quality 

deterioration rate (Bilotta and Brazier, 2008, Lindström et al., 2005).  

Suspended solids can inhibit photosynthesis by blocking sunlight from reaching 

submerged plants since less light penetrates the water. These suspended solids 

reduce visual range in water and light availability for photosynthesis (Davies‐Colley 

and Smith, 2007). As the turbidity level increases, a water body begins to lose its 

ability to support a diversity of aquatic life due to halted or reduced photosynthesis 

(Petrović and Marković, 2016). High turbid water with a high level of suspended 

solids also prevents light penetration and may cause the deterioration of water 

quality by facilitating bacterial regrowth (Helali et al., 2014). 

Suspended solids can carry pathogens and other contaminants into a water body 

and form a major contributor to water pollutions (Lai et al., 2013). Inorganic 

suspended solids, such as heavy metals, can be very toxic when they present in 

high concentrations in the water (Förstner and Prosi, 2013). Acid mine treatment 

has become a major concern in environmental protection because the acidic nature 

of the solution allows heavy metals to be transported in their most soluble form 

(Sheoran and Sheoran, 2006). The creek and billabongs downstream of the Ranger 

uranium mine have the potential to be impacted by metal sulphide minerals such as 

Magnesium sulfate (MgSO4) which have been a major constituent in the waste 

waters (McCullough, 2006). Evaluated nitrate and phosphate concentrations in 

water are also associated with sewage contamination and encourage the growth of 

algal blooms (Delpla et al., 2009). 

Highly turbid water is correlated with high sediment levels and indicates potential 

heavy metal and chemical pollution to both aquatic organisms and fresh water 

systems for human beings, which remain dissolved or suspended in water(Di Blasi 
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et al., 2013). Highly turbid water leads to a degradation of drinking water quality as 

well as an increase of risk related to ecosystem health. 

1.3.3 Water turbidity monitoring in ARR 

Water turbidity monitoring plays an essential role in monitoring off-site water bodies 

for the potential impacts of mining activities in the decommissioning, stabilisation 

and monitoring, and post-closure phases (Bartolo et al., 2013b). Water turbidity 

measurements of the optical attributes of suspended matter were included in the 

Australia’s National Water Quality Assessment (NWQA) 2011 and the National 

water quality monitoring data has covered 49% of river basins from 2010 to 2012 

(Dekker and Hestir, 2012).  

Turbidity is an optical effect caused by the light scattering of suspended particles 

(Austin, 1974). Water turbidity is one of the key variables for assessing the 

protection of aquatic ecosystems from toxicant impacts, which has been adopted in 

the primary water quality monitoring undertaken by the Supervising Scientist Branch 

(SSB) of the Australian Government (Sinclair et al., 2014). The continuous 

monitoring data of water turbidity provides a means to quantify annual loads of 

solutes and sediment in the creek system and to evaluate the performance of the 

mine’s water management system (Frostick et al., 2012). Lower Magela Creek 

wetlands trap about 90.5% of the total sediment load input, where backflow 

billabongs, channel billabongs and floodplain billabongs have a high sediment trap 

efficiency (Erskine et al., 2015). A significant relationship between the concentration 

of silt and clay and turbidity was established using data collected from Magela Creek 

and Gulungul Creek (Erskine et al., 2015, Moliere et al., 2008).  

Systematic water turbidity monitoring can contribute to the improvement of an early 

warning system to ensure the protection of aquatic ecosystems downstream of the 

Ranger Uranium Mine (Van Dam et al., 2002). However, traditional water sampling 

methods are time-consuming and expensive. They are also restricted to discrete 

sampling points and limited sample sizes for the creek system (Yang et al., 1999). 

As such, it is important to develop cost effective and spatially contiguous monitoring 

tools. 

1.4 Research objectives and approach 

This study is designed to address the following research questions: 

1. Are RPAS platforms capable of field data collection in a cost-effective and 

efficient way for use in remote areas? 
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2. What pre-processing methods are necessary to obtain high quality water 

surface reflectance data? 

3. How does spectral response of the imagery relate to changes in turbidity 

levels? 

This project implemented a RPAS to collect reflectance data over the water surface 

and a radio controlled boat to collect field turbidity data. The relationship between 

spectral and turbidity data was assessed to provide a basis for a cost-effective way 

to measure, map, and better understand water turbidity in inland water systems. 

The project design was conducted with the following objectives: 

• Conduct remotely sensed data collection through RPAS platforms 

• Develop new methods to collect field reference surface water 

measurements; 

• Develop appropriate pre-processing methods to  geo-reference RPAS 

remote sensing data; 

• Develop appropriate pre-processing methods to  geo-reference surface 

water turbidity measurements; 

• Develop methods to model reference and remotely sensed data;  

• Use reference data to calibrate and validate models to classify and 

produce water turbidity maps. 

 

1.5 Problem Formulation and Outline of Thesis 

This study concentrated on the relationship between spectral data and water 

turbidity data collected using RPAS platforms and assumed that suspended 

sediment was the dominant and significant constituent of billabong waters that 

changed surface reflection. 

The problems are formulated by considering the following factors: 1) spectral data 

and water turbidity data collected using different moving platforms; 2) the calibration 

of the reflectance data derived from RPAS-acquired multispectral imagery to provide 

accurate estimates of ground objects.  

Spatial data accuracy is a first concern with geospatial data derived from GPS-

based devices (Cetateanu et al., 2016). Both GPS data embedded in the ultra-high 
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resolution data and water turbidity data compound spatial error so that point value of 

the imagery according to ASV recorded GPS coordinates hardly represents the 

reflectance value from the sampling point. A proper size of the Gaussian filtered 

window on the imagery was the result of the compromise between the probability of 

having the ASV sampling point and the data volume in pixels. Mean value was then 

calculated as a measured value that is close to the true value and linked ASV 

recorded GPS coordinates. 

The problem addressed second was to extract reflectance information from pixel 

values. The wavelength-resolved reflectance is represented by the spatially varying 

bidirectional reflectance distribution function (BRDF) from the target and the 

transformation of pixel values incorporates the influence of the illumination and the 

sensor (Lombardi and Nishino, 2016). A radiometric calibration target reflects the 

light equally in each direction and is measured as reflectance ―truth‖ (Meola et al., 

2013). A conversion ratio for each band was calculated from the radiometric 

calibration target and applied to RPAS imagery. 

This section (section 1) of the report has provided the definition, focus, aims and 

objectives of the report as well as background information regarding the application 

of remote sensing in aquatic environments. Section 2 describes the application of 

remote sensing technologies in past studies regarding suspended solids and turbid 

water environments. Section 3 of this report describes the methods including the 

data sets used and their acquisition, the pre-processing methods, and the data 

analysis model to assess the relationship between spectral and turbidity data. 

Section 4 describes the results of the analysis including the water turbidity map in 

the study area as well as the results of the accuracy assessment of the classification. 

Section 5 is a discussion of the results, limitations and the uncertainty based on the 

data, processing methods and applied environments. Section 6 provides the 

conclusion and recommendations for future research work in turbid water 

environments. 
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2 Literature review 

2.1 Introduction 

2.1.1 Inland water quality monitoring with satellite remote sensing 

Remote sensing technologies have been widely employed in environmental studies 

because they offer cost effective solutions and synoptic coverage in a timely manner 

(Barrett, 2013). Satellite data are especially useful in monitoring inland water quality 

changes over a broad area with improved geographic and temporal coverage and 

accessibility compared with data collected from traditional water quality monitoring 

programs (Dekker and Hestir, 2012). Satellite data are classified into three levels 

based on spatial and temporal resolutions. Low spatial and high temporal resolution 

data are suitable for large water body monitoring in Australia, covering 2,300 water 

bodies and 11% of the total inland water surface area (Dekker and Hestir, 2012). 

Medium spatial and temporal resolution data with pixel sizes of 10 to 30 m are 

sufficient for regional, state and river basin reporting with an increased number of 

water bodies, which represent 32% of the inland water surface area in Australia 

(Caballero et al., 2014, Malthus et al., 2012). High spatial resolution data with pixel 

sizes of 2 to 10 m provide great detail for small water body mapping and significantly 

improve the resolution of the large-scale model (Whiteside and Bartolo, 2014).  

Turbidity is one of the water quality variables that have been reported by the 

Australia’s National Water Quality Assessment (NWQA) and the National water 

quality monitoring data covered turbidity measurements in 49% of river basins from 

2010 to 2012 (Dekker and Hestir, 2012). The reflected light from a water body is 

detected by satellite sensors and used to detect optically active water quality 

variables including chlorophyll, organic and inorganic sediments and dissolved 

organic matter through unique algorithms (Malthus et al., 2012). The combination of 

visible and near-infrared (NIR) bands strongly relate to water turbidity parameters 

with R2 > 0.6 and allows historical reconstruction of turbidity patterns using the 

satellite images time series (Bustamante et al., 2009, Sudduth et al., 2005). Thus, 

satellite imagery, coupled with calibration sampling, can be used to estimate water 

turbidity differences in spatially distributed water bodies in a large area. For instance, 

the normalized difference surface water index (NDSWI) has been established for 

rapid flood inundation mapping and detecting flood water turbidity values using the 

strong spectral absorbance in the NIR region and the poor spectral absorbance in 

the blue region (Goswami et al., 2011). This index has the potential to explain 
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billabong water turbidity due to the similar water characteristics between regularly 

and irregularly flooded pools (Ho et al., 2013, Maclean et al., 2012).  

2.1.2 Inland water quality monitoring with RPAS data 

In recent years, remotely piloted aircraft systems (RPAS) technology have opened 

up new horizons for scale-appropriate measurements of ecological phenomena and 

provided promising characteristics such as various flight duration (one hour to two 

days), improved mission safety, flight repeatability through radio control, and 

reduced operational costs (Watts et al., 2012). While satellite data with spatial 

resolutions of 100 m to 1 km cannot be used in small inland water bodies, a 

conventional digital camera from a RPAS platform offers an alternative low-cost 

technique to monitor surface water quality because of its fine resolution (Goddijn-

Murphy et al., 2009). 

RPAS, also known as an unmanned aerial vehicle (UAV) or an unmanned aircraft 

system (UAS), consist of an aircraft component, controllers, command and control 

links, ground support equipment, and a ground control station, which can deliver 

images at fine spatial resolution (1 - 10 cm) and very high temporal resolutions 

(Anderson and Gaston, 2013, Homainejad and Rizos, 2015). RPAS platforms for 

remote sensing research vary in sizes, ranging from palm size units of less than 1 

kg up to standard sized aircraft exceeding 12.5 tons (Horcher and Visser, 2004). 

The Civil Aviation Safety Authority (CASA) has also classified RPA based on their 

gross weight into micro RPA (up to 100 grams), small RPA (100 grams to 2 kg), 

medium RPA (2 to 150 kg), and large RPA (greater than 150kg) (Homainejad and 

Rizos, 2015).  

RAPS have provided a low cost photogrammetric remote sensing platform to 

complement satellite and aerial remote sensing systems with the compromise 

between costs, spatial, radiometric and spectral resolutions (Ezequiel et al., 2014). 

Satellite images with low and medium spatial resolution are available at no or low 

cost but their pixel sizes are larger than 10 m and preclude the use in the 

investigation of small features such as billabongs on the ground (Ridder, 2007). 

High spatial sensors from satellite or airborne platforms can provide meter-level 

resolution imagery, however, the high data acquisition cost impedes their 

widespread use (Lamb, 2000). LASE (Low Altitude, Short Endurance) is the low cost 

category of RPA capable of carrying a multispectral sensor and capturing images 

with a ground resolution up to 10 cm and swath of 1 km (Homainejad and Rizos, 

2015). Airborne imaging from airplanes or RPAS have very high temporal 
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resolutions and their flight paths are amenable to user-defined visitations for real-

time monitoring or management purposes while typical commercial satellites have 

low temporal resolutions and their orbits are usually fixed (Hall et al., 2002). 

Although RPAS provide a rapid and cost effective deployment platform to collect 

real-time data in coastal water resource management (Turner et al., 2016), literature 

gaps remain in the development of RPAS based methods in the monitoring of inland 

water quality. Small RPA are light and unstable in windy weather (Horcher and 

Visser, 2004). The low cost solution implies the limitation in the choice of sensors 

and data storage while the radiometric resolution and number of spectral bands is 

relatively low with commercial cameras. However, RPAS are still a suitable data 

acquisition platform for water quality studies with ultra-high image resolution, 

adaptability to fly at different altitudes and ability to access remote and dangerous 

environments (Matese et al., 2015, Hall et al., 2002). 
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Table 1. Comparison of RPAS, aerial and satellite remote sensing data.  

 RPAS Satellite remote sensing 
Aerial remote 

sensing 

Platforms 
LASE (low altitude short 

endurance.) 

Landsat, MODIS or 

SPOT 
IKONOS Manned airplane 

Sensors MicaSense multispectral    

Altitude / Orbit 

height 
Up to 450 m ~ 700 km and above 681 km up to 3 km  

Spatial resolution 1 cm to 10 cm 10 m to 1 km 1 m to 10 m 1 m to 2 m 

Cost 

Low (the most cost 

effective way for small 

areas) 

Free or low cost High Very high 

Image swaths Up to 1 km 16 km to 2,200 km 11.3 km 1 km  

Temporal 

resolution 

Very high Low Medium High 

Time scales 45 minutes to 2 hours from days to near 

monthly 

3 days Hours 

Radiometric 

resolution 

12 bits 8 to 16 bits 11 bits  8 to 16 bits 

Image Bands 
Blue, Green, Red, Red 

Edge, Near-Infrared 

Multispectral (3 to 10 

bands);  

Hyperspectral (>100 

narrow bands) 

Panchromatic, 

Blue, Green, 

Red, Infrared 

Multispectral (3 to 10 

bands);  

Hyperspectral (>100 

narrow bands) 

Data archives N/A Available back to 1984 N/A 

 

Limitations    

 
Unstable, especially 

in windy weather 
Weather dependency 

Lack of a quantitative 

data acquisition 

capability 

 

Lack of robust 

algorithms for water 

quality 

measurements 

Potential temporal bias 
Risk with a manned 

flight 
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2.2 Theoretical Background 

2.2.1 Diffuse reflectance 

Remote sensing technologies have been employed to study the shallow-water 

optical properties of the water column through the observation of the spectrum of 

water leaving radiation (Lee et al., 1998). The reflectance for each band measures 

above surface values and accounts for bottom effects, water-column absorption and 

backscatter (Stumpf et al., 2003). 

The above surface values Rrs and the below surface values rrs are strongly related 

so that remote sensing data can reflect changes in the water column (Mobley, 1994). 

Rrs =  Lw  =      t- t+        R            ,                   (1)  

                                 Ed+               n
2     Q(1 – γR) 

and 

 

rrs =      Lu- =     R    ,                                       (2) 

    Ed-        Q
   

where t- is the radiance transmittance from below to above the surface, t+ is the 

irradiance transmittance from above to below the surface, n is the refractive index of 

water, R is the subsurface irradiance reflectance, γ is the water-to-air internal 

reflection coefficient, and Q is the ratio of Eu- to Lu-. 

From (1) and (2),  

 

Rrs =      Lw   =    t- t+          R/Q     =     t- t+ rrs       ,                     (3)  

  Ed+             n
2      1 – γR/Q        n2 (1 – γrrs) 

 

By comparing the Hydrolight-generated Rrs and rrs values, the relationship between 

the above surface and the below surface values takes the specific form as below 

(Gordon et al., 1988). 

Rrs =         0.518 rrs        ,                         (4)  

  1 -1.562 rrs 

For perfectly clear water, its below surface values rrs = 0.31 sr-1 and its calculated 

above surface values Rrs = 0.31 sr-1 from equation 4, where steradians (sr) is a unit 

of solid angle (Lee et al., 1998). 
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2.2.2 The absorption and scattering effects 

Measuring water turbidity using remote sensing methods is based on evaluating the 

surface reflection effects through the percentage between the light sources and the 

scattered light that received by the detector (Doxaran et al., 2004). The loss of 

photons between the lighting source and detector is the result of the absorption and 

scattering effects in the water (Doxaran et al., 2016). Pure water is optically 

transparent with the turbidity value of 0 NTU and has very small absorption 

coefficients (0.001 m-1) in the visible region of the spectrum (Morel et al., 2007). By 

subtracting the known contribution of pure water, the reflectance difference 

demonstrates the effects of turbidity on light penetration in the water due to the 

concentration and composition of suspended solids (Fig. 3).  

 

Figure 3. Illustration of the effect of turbidity on how light travelling through water is scattered 

in the presence of turbidity and prevented from penetrating deep into a water body (Wilson, 

2010). 

Scattering and absorption are two main contributors in the changes of reflectance 

and explain how light interacts with water (Pegau et al., 1997). Pure water only 

contains water molecules and scattering in the backward direction is numerically 

equal to scattering in the forward direction (Bukata et al., 1995). The total absorption 

coefficient for pure water exhibits a minimum of 0.0006 m-1 around 420 nm and 

25 °C (Sogandares and Fry, 1997). The light absorption is attributed to a sequence 

of overtone and combination bands and the absorption coefficient increases as the 

wavelength increases from 420 nm (Fig. 4). The rate of light absorption by pure 

water increases dramatically above 600 nm and light toward long wavelength end of 

the spectrum is very strongly absorbed (Mertes et al., 1993). The attenuation of light 

of wavelengths smaller than 520 nm becomes a consequences of both molecular 
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absorption and scattering while the absorption effect is dominant to scattering for 

wavelength greater than 520 nm (Bukata et al., 1995). 

 

Figure 4. Absorption coefficient of pure water (Chaplin, 2016). 

Suspended solids change the inherent optical properties of water and contribute to 

the increase in total internal reflection of the water column (Moore et al., 2013). A 

progressive increase in reflectance is the consequence of changes in the interaction 

between photons absorbed and scattered by the bottom and by the water column 

(Davies‐Colley and Smith, 2007). The relationship between water turbidity and 

irradiance reflectance in surface waters can be established through single-band 

reflectance and reflectance ratios (Binding et al., 2005). 

2.2.3 Band reflectance  

Turbidity is an easily-measurable proxy for total suspended solid (TSS) 

concentration and a strong correlation between turbidity and spectral bands in the 

spectral region from 400 and 1000 nm has been found regarding the retrieval of 

TSS concentration (Gippel, 1995, Mertes et al., 1993). The turbidity value ranging 

between 0 and 1000 NTU can be calculated from TSS base on the power 

relationship (equation 5):  

TSS = 1.09 Turbidity 1.0774    ,                     (5) 

(Ellison et al., 2010). 
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Suspended solids including suspended sediment, algae and coloured dissolved 

organic matter (CDOM) can affect the intensity and spectral characteristics of water 

bodies (Brezonik et al., 2005). Suspended inorganic sediments in reservoirs and 

lakes come from soil erosion and increase brightness in the spectral region from 400 

to 900 nm with the turbidity increase from 10 to 600 NTU (Bhatti et al., 2007). The 

algae concentrations also had strongly positive correlations with turbidity (all r2 > 

0.95) and cause an increase in the brightness for visible and NIR bands despite 

strong absorbance by chlorophyll a in the red bands (Brezonik et al., 2005). On the 

other side, CDOM can affect the spectral characteristics of upward radiance and 

mainly reduce response in blue and green bands (Vanhellemont and Ruddick, 2014).  

Organic acids in the water change the spectral variation of irradiance reflectance 

and result in high absorption coefficient at the shorter wavelength in the visible 

region (Mertes et al., 1993). A progressive increase in reflectance can be found at 

all wavelengths in the visible region with increasing suspended solid concentration 

until the concentration approached 600 mg/l (Lodhi et al., 1998). The irradiance 

reflectance is more sensitive for waters with high suspended sediment 

concentrations compared to water with low suspend sediment concentrations (Fig. 

5). CDOM-related colour plays a more important role in the band response increase 

in low turbid waters while the turbidity values are dominated by suspend sediment 

conditions in high turbid waters. 

 

Figure 5. Spectral variation in the reflectance characteristics of turbid water according to the 

content of suspended solids(Farooq, 2016)  

The remote sensing reflectance signal is expected to increase with increasing 

suspended sediment concentrations and algal abundance but the reflectance at 



Monitoring tropical billabong water turbidity using Remotely Piloted Aircraft System (RPAS) derived imagery 

 Page 25 

different wavelengths will saturate and become less sensitive to high TSS 

concentrations (Ody et al., 2016). The saturation first occurs at in the blue and green 

region where the reflectance around 555 nm is sensitive with TSS concentrations 

lower than about 10 mg·l-1 due to the minimal absorption of phytoplankton and the 

particle backscattering (Ouillon et al., 2008). The saturation around 645 nm in the 

red region is more sensitive for TSS at 50 mg·l-1 due to minimum absorption and 

high backscattering (Yang et al., 2014). Reflectance in the near-infrared region 

demonstrated extensive variability with extremely high TSS concentrations (Ody et 

al., 2016). 

Remote sensing applications have been developed using single-band and two-band 

algorithms. Landsat band 3 (630–690 nm) and the ratio of Band 1 (450-

515nm)/band 3 (630–690 nm) were used as the best predictor on Secchi disk 

transparency (SDT) estimation to map water turbidity in a reservoir (Petrović and 

Marković, 2016). Bustamante, Pacios, Diaz-Delgado, and Aragonés found a good 

correlation between Landsat band 3 and turbidity in the range of 1.5 – 8 NTU in 

Guadalquivir River, Spain (Bustamante et al., 2009). Reflectance in the MODIS 250-

m resolution band at 645 nm is linearly with turbidity with R2= 0.73 in the range of 

0.9 – 8 NTU in the Tampa Bay, USA (Chen et al., 2007). The MERIS 681 nm band 

showed the best fit for turbidity values varied between 0.2 and 25 Formazin 

Nephelometric Unit (FNU, 1 FNU ≈ 1 NTU) in the southwest lagoon of New 

Caledonia, the Cienfuegos Bay in Cuba, and the Suva Harbour and Laucala Bay in 

Fiji (Ouillon et al., 2008). McCullough developed the algorithm for MODIS-Aqua 500-

m red band to map Secchi Disk Depth (SDD) varied between 1 and 12 m in the 

Adour River turbid plume (Bay of Biscay, France), where field turbidity values varied 

between 0.5 and 70 NTU (McCullough et al., 2012).  

The near-infrared bands with sufficiently high pure water absorption are used to 

avoid the saturation phenomenon in sediment-dominated waters, where the 

backscatter to absorption ratio and the reflectance are not determined by TSS 

concentrations (Nechad et al., 2010). The red and NIR bands from Chinese high-

resolution GF-1 Wide Field Imager (WFI) was found with much higher sensitivity to 

suspended solids than the blue to green bands in the Poyang Lake, China (Li et al., 

2015). The near-infrared reflectance signal increases were associated with TSS 

increase from 100 mg·l-1 to 500 mg mg·l-1 and tended to saturate above this 

concentration (Doxaran et al., 2003). A strong linear correlation (R2= 0.89, p = 0.001) 

between the MODIS 250-m resolution NIR band and turbidity was observed in the 

range of 60–150 NTU in Lake Tana, Ethiopia (Kaba et al., 2014). 
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A reflectance model with appropriate reflectance ratios between near-infrared and 

visible bands can also be established to reduce influence from variations of 

sediment (Doxaran et al., 2003). A multiple linear regression analysis was 

developed using Landsat red (630–690 nm) and near-infrared (750–900 nm) bands 

to predict turbidity in a glacial lake in Alaska, USA, where turbidity varied between 2 

– 997 NTU (Liversedge, 2007). Furthermore, Short Wave Infra-Red (SWIR) spectral 

bands between 1000 and 1300 nm were employed in extremely turbid to waters and 

showed a linear relationship to TSS concentrations up to 1400 mg L−1 (Knaeps et al., 

2015). 

 

3 Materials and Methods 

3.1 Approach – conceptual overview 

The study was conducted over Coonjimba billabong from August 2015 to April 2016. 

Both the image data and water turbidity data for the billabong were collected through 

remotely operated platforms. Image data were calibrated to represent true 

reflectance properties from the surface water. A list of sampling points was 

determined by the GPS coordinates from the autonomous surface vehicle (ASV), 

where turbidity data were linked to sampling points according to the recorded time. 

The reflectance data and water turbidity data were processed through linear and 

logarithmic models and the best model with highest coefficient of determination was 

used to generate a water turbidity map over the billabong (Fig. 6).  
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Figure 6. Project approach 

3.2 Study Area  

The Alligator Rivers Region (ARR) is located to the west of the Arnhem Land 

plateau and comprises an area of almost 30,000 km2 (Jones and Webb 2010). The 

seasonal rainfall variations of the wet–dry tropical climate derived from the 

equatorial southern monsoon, with > 80% of the annual rainfall occurring between 

October and April (Liu et al., 2004). High annual evapotranspiration and 

disconnection from the river easily results in water deficits across the billabongs 

(Hancock et al., 2015).  

Magela Creek is a tropical seasonally-flowing stream of the East Alligator River with 

a series of billabongs in its catchment (Fig. 1a). These billabongs form an important 
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physical element of ARR and reflect the strong seasonality in precipitation in the arid 

Australian climate (Finlayson et al., 1989). They are expanding with high river flows 

during the wet season, followed by the reduction of stream flow and water body 

contraction during the dry season (Crittenden et al., 2012). The major aspects of the 

seasonal isolation and desiccation of water bodies are the loss of water and the 

increase of contaminant concentration, which greatly affect the water quality (Bond 

et al., 2008).  

A billabong is a relatively small body of water adjacent to a river or creek and 

undergoes seasonal inundation changes in the floodplain (Pidgeon et al., 2002, 

Schooler et al., 2011). There are a number of billabongs close to Ranger Uranium 

Mine, receiving water from surrounding creeks during the wet season (Pidgeon et al., 

2002). The billabongs’ waters are likely to have low conductivity and turbidity with 

pH values of 6.4 - 7.0 during the wet season while the water turbidity is increasing. 

pH values vary between 5.8 and 7.1 during the dry season (Walker and Tyler, 1982).  

The study was conducted in Coonjimba billabongs (Fig. 7) from August 2015 to April 

2016. This billabong has a maximum width of 100 m, with length varying depending 

upon the amount of water. 

(a) 

 

(b) 

 

(c) 

 

Figure 7. (a) Map showing the location of Magela Creek and the billabongs selected for this 

study (Fig 1. of Marchant, 1982 p. 39); (b) Coonjimba billabong next to the Range mine(Google 

Earth – image date 13 May 2016) ; (c) a photograph of the Coonjimba billabong on 12 November 

2015.  
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3.3 Description of data 

3.3.1 RPAS platform and sensors 

A remotely piloted aircraft system (RPAS) is a system where a human on the ground 

is involved in the loop, control and oversight of the aircraft. It is often referred to as 

an unmanned aerial vehicle (UAV) or an unmanned aircraft system (UAS) 

(Jonassen et al., 2015). The RPAS includes the aircraft, remote pilot, pilot stations, 

command and control links, components specified in the type design, ground 

support equipment, and other personnel associated with the operation of the RPAS 

(CASA 2016). 

The 3DR-X8 is an octocopter platform developed by 3D Robotics as a small RPA 

with dimensions of 35 cm x 51 cm x 20 cm (Fig. 8a). ). It has a payload capacity of 

800g to carry a MicaSense RedEdge multispectral sensor (Fig. 8b) equipped with 

Red, Green, Blue (RGB), Red Edge, and NIR spectral regions. The RPAS has a 15 

minute flight endurance for a range of 300 m from launch point (3DRobotics, 2016). 

The RPAS was flown over the billabongs, following a flight plan using predetermined 

waypoints (Fig. 9). The imagery from the MicaSense RedEdge provided multiband 

data for the investigation of the aquatic environment with high data accuracy and 

necessary spatial coverage (Zang et al., 2012). 

a) 

 

(b)

 

c) 

 

Figure 8. (a) The ERISS 3DR-X8 used as RPA in this study (3DRobotics, 2016); (b) MicaSense 

RedEdge sensors for RGB, Red edge and NIR bands (c) Sample RAW Image Files for 5 bands 

from the billabong. 
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Two field surveys were conducted on 1 December 2015 and 14 April 2016, across 

the 2015-16 dry and wet seasons in Coonjimba billabong. RPAS data captured with 

MicaSense RedEdge simultaneously captures five discrete spectral bands and 

Downwelling Light Sensor (DLS) enables measurement of ambient light conditions 

during flight for more accurate data in varying light conditions (Fig. 8c). During the 

campaign, the operational altitude of Micasense Edge was approximately 60 m 

above ground level (AGL), which gave a spatial resolution of approximately 0.04 m 

at nadir. The captured imagery had an across-track sampling of 1280 x 960 pixels, 

which gave a swath of approximately 48.6 x 36.5 m.  

(a)

 

(b)

 
Figure 9. (a) Predetermined waypoints over the billabongs; (b) RGB imagery from MicaSense 

RedEdge camera. 

3.3.2 In-situ turbidity measurements  

Field turbidity sampling was conducted over billabongs through the ASV 

immediately after the RPA flight (Fig. 10a). The water turbidity data (in NTU) were 

recorded by the Analite 390 turbidity sensor with GPS locations and reflected water 

conditions in Coonjimba billabong. For each field reference point, additional 

information such as time was recorded.  

 

Figure 10. (a) Radio controlled boat (ASV); (b)Data logger with radio telemetry – CR211X; (c) 

Turbidity sensors - Analite 390. 
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The Analite 390 probes use 90° optics and 3 points calibration provides a high 

accuracy of ± 0.2 NTU for the turbidity level up to 100 NTU (Observator 2016). The 

probes measured turbidity every second (Fig. 10c). The data logger CR211X (Fig. 

10b) logged the data at 5 second intervals and transferred using SDI12 interface to 

onshore laptop (Fig. 11). Turbidity readings were linked via time stamp to GPS 

coordinates of boats position at time of measurement. 

 

Figure 11. ASV data flow diagram. 

A total of 113 reference points were collected at Coonjimba billabong (Fig. 12). 

These reference points were established to sample the full range of water turbidity 

conditions from shallow inshore areas into deeper mid-billabong water.  
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Figure 12. Water sampling location of Coonjimba billabong. 

3.3.3 TSS Analysis  

The optically-complex water conditions can produce large errors in the derived 

reflectance measurements while five types of waters are defined for analysis based 

on the relative increase or decrease of the chlorophyll and suspended sediment (SS) 

levels (Dev and Shanmugam, 2014). Waters below 10 NTU appears fairly clear for 

inland waters and Waters higher than 50 NTU appear relatively turbid (Boyd, 2015, 

James and Harrison, 2016). Concentrations of chlorophyll in Type II relatively clear 

waters are below 5 mg m-3 while they can be as high as 18 mg m-3 in Type III 

relatively turbid waters (Dev and Shanmugam, 2014). High turbid waters are 

classified into Type IV turbid waters or Type V eutrophic waters where SS levels are 

very high (Dev and Shanmugam, 2014).  

The spectral response functions of the sensors measure the relevant spectra 

between 480 and 840 nm (Fig. 13). Among the water data from the study area, the 

relationship between spectral response, turbidity and TSS levels can be very difficult 

to quantify due to the variations in sediment type, water flow and weather events 

(James and Harrison, 2016).  
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Figure 13. Spectral response for the bands of the MicaSense RedEdge (MicaSense, 2016). 

3.4 Data processing  

3.4.1 Pre-processing 

3.4.1.1 Image alignment 

The five imagers and lenses of RedEdge are not aligned mechanically (Fig. 14a) 

while the stability of small RPAS platforms is relatively low and leads to vibration or 

handling of the camera (Benito et al., 2014). Band misalignment is very noticeable in 

the output images and strongly affects spectral image analysis results so that a 

multispectral image stack requires necessary alignment between images captured 

by the different sensors (Fig. 15).  

(a)

 

(b)

 

Figure 14. (a) Schematic of MicaSense RedEdge (MicaSense, 2016); (b) sensor offset from 

Pix4D settings. 
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Figure 15. Noticeable image shifts by pixels in x and y axis between the Blue (Left) and Green 

(Green) bands of the MicaSense RedEdge. 

The band-to-band registration is a crucial step in image pre-processing and applies 

information about the translation, rotation, and scaling between the master and 

slave cameras. The green channel is defined as the master sensor to closely match 

the GPS module data while all other four channels serve as slave cameras, which 

extract translation information that are specified in default sensor configurations (Fig. 

14b).  

The translation in the image was calculated by measuring the X, Y positions for a 

single line between two target points on each respective master/slave band 

combination. The method resulted in relatively fair alignment at the centre of the 

image, but poor alignment at the edges, most likely due to lens distortion and 

variability in alignment between the individual lenses and their sensors. The 

translation in pixels was then applied to all images with the optimal offset values to 

match the borders of small objects subtending a few pixels (Table 2). 

Table 2. Offsets in pixels to align Blue, Red, NIR and RedEdge bands with Green band. 

 Wavelength (nm) 
Offsets in X axis 

(pixel) 

Offsets in Y axis 

(pixel) 

Blue 480 -7 -33 

Green (master camera) 560 0 0 

Red 670 49 -90 

Red Edge 720 -21 -33 

Near-infrared 840 -50 -65 
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3.4.1.2 Radiometric calibration 

The raw images from digital cameras contain noises from various sources including 

read-out noise, dark current, flat-field noise, and hot pixels (Schröder et al., 2013). 

The raw data recorded by Charge Coupled Device (CCD) consist of a three 

dimensional matrix where two dimensions represent the spatial extent of the FOV 

and the third dimension represents the pixel value in the corresponding band. The 

pixel value is created by the electronic charge transferred across the CCD where 

incident photons are toggling the voltage on groups of electrodes (Mackay et al., 

2012). However, the digital number (DN) values recorded do not necessarily 

represent the amount of light reflected or emitted by the objects within the sensor’s 

FOV due to internal and external noises (Madden et al., 2014). The corrections are 

always required to remove added noise from the signal and provide a "clean" image 

for scientific use (Mancini et al., 2014).  

A CCD is highly temperature dependent because intrinsic charge is generated due 

to thermal motion of Si atoms (Widenhorn et al., 2002). The average dark current 

increased slowly as a function of exposure time and a few pixels appeared to be 

much higher dark current than the average at long exposures (Shields et al., 2003). 

The dark current calibration is applied to remove the noise and ideally the removal 

can correct the image DN values to zero under perfectly dark conditions. Uneven 

illumination is another major concern as the illumination across a field of cells isn’t 

uniform and directly affects DN values recorded by CCD. This is mainly caused by 

imperfections such as slight misalignments, dust, and additional physical properties 

contributed by each optical element within a light path between CCD and objectives 

(Wang et al., 2004). Flat Field Correction is a commonly used approach to identify 

the illumination difference between the centre and corner of the image. A two 

dimensional table is constructed to measure pixel-size variations and applied with 

raw images to recalculate DN values proportionally (Okura et al., 2016). 

The dark-current and flat-field calibration images at MicaSense RedEdge’s five 

bands were collected before the radiometric calibration. The dark-current calibration 

images were created five times using the exact same exposure time as the raw 

image in the dark environment, ensuring these images taken at the same detector 

temperature as the raw image (Lu et al., 2016). For each band, the dark-current 

calibration image was calculated using an average of all of the band-based dark-

current images. The flat-field calibration was necessary to correct uneven 

illumination problems (Singh et al., 2014). To improve noise reduction, flat-field 

images were taken of a 25 x 25 cm Spectralon® 99% reflectance white spectral 
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reference panel under diffuse multiple quartz-tungsten-halogen lamplight in a 

darkroom. For each band, the average of seven flat field images was calculated to 

improve correspondence between the averaged noise component within the dark 

offset imagery and flat field imagery for each band. Each averaged flat-field 

calibration images need to be corrected through dark offset subtraction and 

vignetting correction was applied to each band (Kelcey and Lucieer, 2012). 

The two main calibration stages were then applied to calibrate gray-scale images, 

including subtraction of the dark-current data and division by the flat-field data (Fig. 

16). 

 

Figure 16. Correction for uneven illumination using dark-current and flat-field calibration 

images.  

3.4.1.3 Geometric correction  

The images captured from RPAS-based imaging systems need calibrations in terms 

of geometric distortion that come from aircraft motion variation and inconsistent 

overlaps between images (Song et al., 2016). 247 images and 157 images were 

collected for Coonjimba billabong during two flights and these images were 

combined to generate band-based mosaic images. 

Image mosaicking is the technique for image stitching and combines multiple 

overlapped images into single image covering a large area (Kia and Dockstader, 

2013). The OpenCV programming interface was tested in Java environment and 

worked as a simple image stitching by finding feature, extracting the feature points, 

and performing the combination of two adjacent images (Rublee et al., 2011). 
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However, the feature-based image stitching method is not accurate enough to 

generate reliable mosaicking results due to the lack of geographical information 

while Pix4Dmapper is a software package that provides high accuracy for the geo-

referenced imagery (Song et al., 2016). In addition, the number of images is large 

and Pix4Dmapper saves a lot of processing time. 

3.4.1.4 Sunglint removal 

Water surface reflected glint is a concern for remote sensing methods from above-

water platforms. Sun glitter is caused by solar reflection or backscatter from wind-

induced surface waves and particularly apparent over deep water and in long 

wavelengths (Joyce, 2004). The severity of the glint and subsequent need for 

removal is high for higher spatial resolution data because the effect becomes 

apparent when the image pixel size is smaller than the period of the waves 

(Gardashov and Barla, 2001). 

Solar glint on the image often appears as random noise and obscures submerged 

features and the calibration of sun glint removal is necessary before extracting 

spectral information (Garaba and Zielinski, 2013). This deglinting method is using 

DN values from a NIR band (ideally a wavelength longer than 740nm) to correct for 

surface speckle from white caps as well as remove the effects of surface waves 

(Joyce, 2004). The assumption is that upwelling radiance from deep water should be 

close to zero in the NIR band (Kutser et al., 2009). The correction (ycorr) for visible 

bands is then applied using the following algorithm (equation 6): 

ycorr = y – m(x - xmin)                (6) 

 where y is the radiance value to be corrected; x is the radiance in the NIR band; m 

is the slope of the line between the target band and the NIR band in a subset over 

deep water by minimizing the chi-square error statistic; Xmin is the radiance in the 

NIR band from the subset. 

3.4.1.5 Relative reflectance calibration 

The output of the MicaSense RedEdge multispectral data is a set of RAW images in 

five discrete bands where each pixel is recorded as a 10 bit Digital Number (DN) 

and equal to the percent reflectance of light for that particular wavelength. Each 

pixel represents the raw at-sensor data but a combination of effects including solar 

glint, surface conditions, atmospheric effects, topographic effects and sensor 
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characteristics diminish the capacity to extract the true surface reflectance 

properties (Casa et al., 2013). 

The white reference board provided a standard to extract spatially consistent 

surface reflectance values from the raw data, which was used as ground truth in 

absolute normalization (Clemens, 2012) . A 40 x 40 pixel window were picked from 

the white reference board in two images before and after the flight and the results 

were used to calculate absolute surface reflectance values for each image during 

the flight. 

Table 3. Average DN values in Blue, Red, NIR and RedEdge bands as absolute surface 

reflectance values. 

 Before flight After flight Calibration Coefficient 

Ratio 

Image Number 016 242  

Image Time (14/04/2016) 11:32 AM 

 

11:38 AM  

The zenith angle (Z) 22.6° 22.82°  

Blue 55929 55082 1.2 

Green (master camera) 53873 57735 1.7 

Red 57978 47089 1.4 

Red Edge 53441 52880 1.1 

Near-infrared 62071 51172 1.0 

 

The average pixel values from a 40x40 pixel window in mosaic images were 

measured as the target spectrum while their values in related images were 

measured as the corresponding relative reference spectrum in terms of 100% 

absolute surface reflectance values in each image. The assumption is that a linear 

relationship between DN values in RAW images and a combination of effects from 

environmental parameters and sensor characteristics could be preserved during the 

flight. The Calibration Coefficient Ratio in each band was thus calculated to improve 

the results that directly retrieved from software processed mosaic images (Table 3). 

3.4.2 Band reflectance measurements 

3.4.2.1 Single band reflectance 

The MicaSense RedEdge is an advanced multispectral sensor with five imagers and 

each imager captures a precise set of light in a narrow range of wavelength. Water 

surface and suspended solids absorb and reflect light differently depending on the 
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wavelength so that the reflectance difference enables identification of water 

conditions by measuring the reflectance at different wavelengths. 

Single waveband reflectance algorithms utilise single-band reflectance from visible 

region or NIR region for estimating suspended sediment concentrations in the 

waters (Binding et al., 2005). The latitudes and longitudes from boat GPS were used 

to locate sampling points and DN values from mosaic images were written into a text 

file (Fig. 12). Two files were generated to record pixel based value (parameter:1) 

and average pixel value from 49 x 49 window (parameter:49). 

 

Figure 17. DNs were located according to ASV GPS coordinates. 

After calibration, the reflectance dataset of 113 sampling points were aligned with 

the corresponding turbidity measurements with a range between 4.1 NTU and 

262.65 NTU. However, it is known that the accuracy of boat GPS is not enough to 

match the image pixel at cm-levels and consequently may introduce significant 

errors in reflectance measurements. There were 15 sample points with DN values 

larger than 20,000 in NIR or Red regions and they appeared to be reflectance from 

a mixing of surface water and ground features. Besides that, 6 groups of 19 points 

were found with a distance of 25 pixels (in a 49 x 49 pixel window) and 13 sample 

points were removed from the dataset. 

Simple regressions of single band reflectance data in five discrete bands were then 

calculated against water turbidity data. The spectral band with high sensitivity to 

turbidity data may be adopted to establish linear models as function of reflectance.  

ASV GPS 

Coordinates 

Parameter 

window 
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3.4.2.2 Band ratios 

The variability in single band reflectance could be strongly influenced by variations 

in particle characteristics, sensor characteristics and light conditions which may be 

improved by using reflectance ratios (Doxaran et al., 2002). Reflectance ratios 

incorporating NIR band work well in extremely turbid environments with TSS up to 

1000 mg l-1 as there is sufficient scattering to overcome the strong absorption by 

water in NIR region (Liversedge, 2007). However, NIR reflectance could be close to 

zero for TSS below 50 mg l-1 so that band ratios in the visible regions would be more 

applicable for less turbid waters (Petrović and Marković, 2016).  

Three band ratios as Red/NIR, Green/NIR, Red edge/NIR and Blue/Green were 

correlated to water turbidity data and their relationships were derived as the linear 

functions for quantitative analysis. The function with highest correlation coefficients 

may be adopted to establish linear models as function of band ratios.  

3.4.2.3 Band indices 

Two band indices in water regions including normalized difference vegetation index 

(NDVI) and Normalized Difference Water Index (NDWI) were investigated to extract 

water information and determine turbidity distributions (Table 4). 

The normalized difference vegetation index (NDVI) as an indicator of red and NIR 

band reflectance (equation 9) was calculated to provide a measure of vegetation 

condition and delineate water features with high scattering effects: 

NDVI = (NIR – RED)/(RED + NIR) ,                     (7) 

Where RED and NIR are the surface reflectance of the RED and NIR bands(Rouse 

Jr et al., 1974).   

The normalized difference water index (NDWI) is a method that has been used to 

delineate open water features (equation 10): 

NDWI = (GREEN – NIR)/(GREEN + NIR) ,                   (8) 

Where GREEN and NIR are the surface reflectance of the green and NIR bands 

(McFeeters, 1996). 
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4 Results and discussion 

4.1 Turbidity data  

Turbidity data (reported in NTU) were obtained from the Analite 390 turbidity 

sensors, covering approximately the northern segment of the billabong. The optical 

characteristics of the water column are affected by contents such as suspended 

particles, CDOM and chlorophyll concentrations. The turbidity levels of 98 samples 

ranged from 4.1 NTU to 262.7 NTU with a mean value of 11.1 ± 2.82 NTU and the 

majority fell into ranges of 0 - 15 NTU. A histogram over all sampling locations 

showed that 62.2% of the turbidity reading was within the range of 5 to 10 NTU and 

94.9% of the turbidity reading was within the range of 0 to 15 NTU. Only 3% of the 

turbidity reading samples were collected in high turbid water area, which was higher 

than 50 NTU. The turbidity data showed the billabong was overall a low turbid water 

area at the end of the wet season. 

4.2 The relationship between turbidity values and single 

band reflectance 

The coefficient of determination of 0.0885 and 0.1981 from green and red edge 

bands indicated a very weak correlation between the band reflectance and turbidity 

values while the correlation coefficients of 0.3451 and 0.4749 from blue and red 

bands indicated a relatively strong negative correlation coefficient of -0.59 and -0.69 

(Fig. 18). The relatively high coefficient of determination from NIR band showed that 

the variance in turbidity values could be better explained by variation in NIR band 

reflectance than the other four bands reflectance and the correlation coefficient of 

0.81 showed a strong postive corrleation between NIR reflectance and turbidity 

values.  
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a) 

 

b) 

 

c)

 

d)

 
e) 

 

 

 

Figure 18. Relationships between single band reflectance and turbidity values.  

The coefficient of determination from blue, green, red, red edge and NIR bands for 

low turbid waters were significantly weaker than those for high turbid waters, which 

were 0.0033, 0.0022, 0.0246, 0.0083 and 0.0533 respectively(Fig. 19). Therefore, 

single band reflectance from MicaSense RedEdge is not very useful as a surrogate 

for turbidity estimation in low turbid waters.   
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a) 

 

b) 

 
c)

 

d)

 
e)

 

 

Figure 19 Relationships between single band reflectance and turbidity values for low turbid 

waters. 

The NIR band provided relatively higher correlation coefficients than all other four 

bands in both low and high turbid waters and it worked well in high turbid waters as 

the increase in NIR reflectance rate is dramatically driven by suspended particle 

concentrations (Mertes et al., 1993).  

4.3 The relationship between turbidity values and band 

ratios  

The combination of effects from concentrations of chlorophyll and suspended 

particles contributed to the turbidity variations in low and high turbid waters. Optical 

backscattering is strongly influenced by suspended particles where a high level of 

turbidity (often > 20NTU) exists (Dev and Shanmugam, 2014). In addition, the blue 
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and green bands were used to estimate chlorophyll in clear waters while the red or 

near-infrared band became an alternative for estimating chlorophyll in turbid waters 

(Matsushita et al., 2015). 

The coefficient of determination from ratio of blue and green bands, ratio of red and 

NIR bands, and ratio of green and NIR bands were 0.2807, 0.2446 and 0.3047, 

showing a moderately negative correlation with turbidity varations (Fig. 20). The 

relatively high correlation coefficient from Green/NIR demonstrated the effects from 

suspended particles may suppress the spectral changes caused by chlorophyll in 

these area. Comparatively, the ratio of Red edge and NIR bands showed a higher 

coefficient of determination of 0.4802 with turbidity values than other combinations 

and indicated a strong negative correlation between the ratio of Red edge/NIR and 

turbidity values.  

(a)

 

(b)

 
(c)

 

(d)

 
Figure 20 . Relationships between band ratios and turbidity values. 

4.4 The relationship between turbidity values and band 

indices  

Two band indices were used in the linear model to monitor changes related to water 

content and turbidity variations. NDVI and NDWI were found to be able to increase 

the coefficient of determination to 0.61 and 0.5414 respectively, indicating a high 

proportion of the variance in the reflectance was caused by changes in water 
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turbidity conditions (Fig. 21a and 21b). The correlation coefficient of 0.78 and -0.73 

also indicated a strong correlation between band indices and turbidity values.  

(a)

 

(b)

 

Figure 21. Linear relationships between band indices and turbidity values.  

The accuracy limitations of the GPS data from both the RPAS and ASV platforms 

means that precise sampling locations were not adequately recorded for pixels from 

geo-referencing images (Fraser, 1998). An effective way to improve the data quality 

was to examine the ratio between the point value at (x, y) and the mean value from 

a 49 x 49 pixel window with the centre pixel at same (x, y) in NIR band. The centre 

pixel value with ±10% from the mean value was used as the threshold value and 

indicated that the mean reflectance value within one meter distance from the 

sampling GPS location could represent spectral features of the sampling point.  

(a)

 

(b)

 

(c)

 

(d)

 
Figure 22. Linear (a,b) and logarithmic (c,d) relationships between two band indices (NDVI and 

NDWI) and turbidity values at sampling points where the central pixel value is close to the mean 

value.    
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As a result, the coefficient of determination for NDVI and NDWI in the linear models 

increased to 0.6653 and 0.6008, both are significant with p < 0.05 (n = 60) at the 95% 

confidence interval. NDVI showed a strong positive relationship with the correlation 

coefficient of 0.82 and NDWI showed a strong negative relationship with the 

correlation coefficient of -0.81 (Fig. 22).  

Furthermore, the logarithmic model was found to better explain the reflectance 

changes in low turbid areas and significantly increased the coefficient of 

determination to 0.7652 and 0.7532 for NDVI and NDWI. 

Reflectance data for turbidity values ranging from 0 to 50 NTU were further 

investigated to minimize the effects from sampling points with turbidity values higher 

than 50 NTU. The turbidity readings were restricted to the accuracy of turbidity 

sensor (Thompson et al., 2014). A unit of 0.2 NTU could be used to group the 

turbidity data and corresponding reflectance data and the average values for every 

0.2 NTU range were calculated for NDWI and NDVI against the turbidity reading at 

the high end of the range.  

The coefficient of determination for NDWI increased to 0.7231 for the linear model 

and was higher than that for NDVI. The result is significant with p < 0.0001 (n = 24) 

at the 95% confidence interval. The correlation coefficient of -0.85 and 0.77 for 

NDWI and NDVIC indicated a strong correlation with turbidity values and NDWI 

could be a better indicator than NDVI in turbidity estimates (Fig. 23). 

 

Figure 23. Relationships between indices (NDVI and NDWI) and turbidity values in the range of 0 

- 50 NTU.   
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4.5 Relationship in very low turbid waters 

 

Figure 24. Relationships between band indices and turbidity values in water with very low 

turbidity (< 12 NTU). 

The coefficients of determination for NDVI and NDWI for very low turbid waters are 

as low as 0.1121 and 0.0733 (Fig. 24), where both indices showed a very weak 

linear relationship with the turbidity changes. However, the Pearson correlation 

coefficient of -0.3303 for NDWI in this range still suggests a medium strong 

correlation between NDWI and turbidity values. 

4.6 Spectral mapping over the billabongs 

The simple linear regression analysis for the turbidity data were summarised from 

regressions at the 95% confidence interval. Figure 25 displays the linear regression 

result for the NDWI and the upper and lower 95% confidence limits for the model.  

(a)

 

(b)

 

Figure 25. a) Linear regression results for NDWI and turbidity in the range of 0 - 50 NTU; b) 

NDWI vs turbidity model and 95% confidence limits. 

The regression equations for the turbidity predictive model and limits are as follows: 
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Model:  

y = -0.009x+ 0.6469,                                            (9) 

Lower 95% Confidence Limit:  

y = -0.011x+ 0.6224,                                         (10) 

Upper 95% Confidence Limit:  

y = -0.007x+ 0.6713,                                         (11) 

Where y is NDWI value and x is turbidity estimates in NTU. 

The model based on the linear equation is restricted to low and medium turbid 

waters as the intercept on x axis is 71.9 NTU. The model (equation 12) for turbidity 

estimates from equation 9 is expressed as: 

Water Turbidity (in NTU) = (NDWI-0.6469)/ -0.009,             (12)  

The map generated from this linear equation thus has a limit of 71.9 NTU for the 

prediction results (Fig. 26). 
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 Figure 26. Water turbidity distribution map of Coonjimba billabong using linear model. 

On the other hand, the logarithmic model was found to better explain the reflectance 

changes in medium to high turbid areas and the results avoid the measurement 

limits in high turbid waters. The logarithmic equation based on NDWI and 

reflectance (equation 13) was also examined as a predictive model for water 

turbidity: 

Water Turbidity (in NTU) =e (NDWI-0.8056)/-0.113 = e ((Green-NIR)/(Green+NIR)-0.8056)/-0.113 ,    (13)   

Where Green and NIR are reflectance values from the Green and NIR bands.  

The results below are the turbidity map of Coonjimba billabong in April using the 

logarithmic model (Fig. 27). In the future, this algorithm can be used for both 
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spatially or temporally based maps, taking advantage of new RPAS data inputs. All 

that is required for the algorithm is the turbidity data with GPS coordinates and the 

RPAS imagery data for the area of interest. The algorithm is specifically for use in 

billabongs, but it may have broader applicability to other inland waters such as rivers 

and lakes within the Northern Australia. 

 

Figure 27. Water turbidity distribution map of Coonjimba billabong using the logarithmic model. 
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4.7 Model validation 

The accuracy of the results was examined by calculated turbidity values in the range 

of 0 - 20 NTU and ±2 NTU was used as the threshold value (Fig. 28). It was found 

that 57.9% calculated turbidity values illustrated a difference of less than 2 NTU 

from the measured values. Since the 49 x 49 window only provides a probability of 

50% to match the sampling point, the predicate model demonstrated an acceptable 

tool to estimate the turbidity values with an accuracy of 2 NTU even in relatively low 

turbid waters. 

 

Figure 28. Relationships between band indices and turbidity values in very low turbid waters.   

The use of the empirical line method to calibrate remotely sensed data assumes a 

linear relationship between DNs and at-sensor radiance. However, the relationship 

between DNs and mean reflectance values for each RPAS sensor has been found 

to be exponential (Wang et al., 2015). The calculated results from the linear model 

are less accurate in the higher turbidity zones. 

5 Limitations 

5.1 GPS accuracy limitations 

The discrepancy between precise sampling locations and image pixel size becomes 

a matter of significance with RPAS imagery of ultra-high spatial resolution at several 

centimetres while GPS data only provide accuracy up to 1 - 2 m (Fraser, 1998). This 
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is usually not a major concern for satellite imagery or high resolution airborne data 

with spatial resolution above 4 m because each pixel represents an area more than 

4 m x 4 m on the ground and easily contains the sampling point with the recorded 

GPS coordinates (Sobrino et al., 2012).  

Because the pixel-based reflectance data from the imagery can be as far as 1 or 2 

m from the actual position, the reflectance data retrieved from image recorded GPS 

coordinates may not properly represent the true reflectance from the sampling point 

location. A properly estimation was applied to pick up sampling points where the 

centre pixel value is close to the mean pixel value so that the data discrepancy 

effect can be minimized. 

The GPS positional error distribution is commonly assumed as normally distributed 

and the mean error for the general accuracy was 0.02 m with standard deviation of 

1.42 m for both x coordinates and y coordinates (Zandbergen, 2008). Micasense 

provides a GPS module with an accuracy of 2.5 m and its standard deviation is 1.25 

m considering 2.5 m equals 2 standard deviations at 95% confidence (Bupe et al., 

2015). The u-blox 6 based LEA-6 series of GPS modules used by 3DR-X8 also 

provide a position accuracy of 2.5 m (Hosseini et al., 2014) In this study, the GPS 

receiver on the ASV provides an accuracy of 1.6 m and its standard deviation is 0.8 

m at 95% confidence. A simplified model thus assumed the GPS data X from the 

receiver on boat follows a normal distribution with mean 0 m and standard deviation 

0.8 m and the sensor integrated GPS data Y follows a normal distribution with mean 

0 m and standard deviation 1.25 m. The location difference between these two data 

would also follow a normal distribution with mean of 0 m and standard deviation 1.48 

m = √0.82+1.252 (Sedarsky et al., 2016). An expected level of the distance ∆ is to 

achieve a radius of a circle about the image pixel location estimate which has a 50% 

probability of containing the water sampling locations (equation 14). 

Because 50% of the distribution lies within 0.67448 standard deviations of the mean; 

p(Z>(∆-0)/1.48)= p(Z> 0.67448)=0.25 ,                        (14) 

  ∆= 0.67448*1.48 ≈ 1.0 (m). 

Therefore, a 50 X 50 pixel window is an expected window size to calculate the 

averaged reflectance value, which ensures a radius of 1.0m from the water sampling 

point to achieve the 50% probability. 
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The location data accuracy could be improved using an enhancement geometry 

system such as Differential Global Positioning System (DGPS) and its nominal GPS 

accuracy to about 0.1 m could significantly improve the data quality from RPAS 

platforms (Aris et al., 2015). The location difference between boat and imagery data 

would then follow a normal distribution with mean of 0 m and standard deviation 

0.07 m = √0.052+0.052 assuming 0.1 m equals 2 standard deviations at 95% 

confidence. A 7 x 7 pixel window then achieves an expected level of the distance of 

0.14 m and ensures a 95 % probability of containing the water sampling locations. 

5.2 The availability of remote sensing data  

Spectral band abundance is concern in relation to investigating high turbid water 

conditions. Short-wave Infrared (SWIR) is a highly sensitive band to water contents 

and more effective than NIR in the presence of turbid water while it is available in 

many satellite image products such as Landsat and MODIS (Amarnath, 2014). It 

was also used in the normalized difference surface water index (NDSWI) which can 

be used to monitor spatial and temporal patterns of surface hydrology (Goswami et 

al., 2011). However, SWIR bands are not applicable in this study as the data 

collected using MicaSense only provides five spectral bands in the visible and near 

infrared regions. 

The temporal pattern of abundance is a another concern in relation to investigating 

environmental disturbance and thus any study of disturbance requires temporally 

hierarchical sampling scheme to provide information before and after the 

disturbance (Underwood, 1991). Despite only being from a single date, the data that 

had been collected and analysed for this study demonstrated strong spatial 

variability but were obviously quite weak in explaining any temporal variability of 

seasonal changes.  

Furthermore, this study has the focus on the methods to identify spectral changes in 

terms of sediment changes. Turbidity usually plays as a surrogate measure of 

sediment concentrations but turbidity readings are influenced by the particle size 

and shape, the presence of phytoplankton, the presence of CDOM and dissolved 

mineral substances (Bilotta and Brazier, 2008). The predictive model thus lacks the 

consideration of the full impacts such as colour changes from the water column on 

the turbidity values.  
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5.3 Data calibration 

The multispectral sensors record number of photons in discrete bands and each 

band captures the reflectance at a given wavelength of an object, which can be vary 

in response to factors such as the illumination condition, the reflectivity of the object, 

and sensor characteristics (Bigas et al., 2006). In addition, the sensor is carried by a 

moving RPAS platform so that vibration or angle changes during the flight can easily 

shift sensors and lead to noticeable parallax issues in the output imagery. As a 

result, there is a noticeable response change for a given sensor before and after the 

flight. 

A white Tyvek ® target was used as the white reference with the average 

reflectance of 0.95 across visible region while its reflectance ratio was as low as 

0.85 in NIR region (Canham et al., 2013). The reflectance values from the white 

reference were used to calibrate the multispectral images and produce the 

reflectance map with the compensation for sun illumination (equation 2) with 

following steps: 

(1) Calculate the corrected brightness value (CBV) for each spectral band of the 

white reflectance panel; 

(2) Calculate the reflectance factors for each spectral band for the reflectance panel; 

(3) Calculate the reflectance images for individual bands from the captured images 

through: 

Reflectance = Image / (Sensor * Illumination)= Image * (Reflectance factor/CBV 

white reference)                                                                                                 (15)  

(Clemens, 2012). 

Image pixel values were multiplied a conversion ratio to compensate the illumination 

and sensor temperature changes. Band ratios or band indices were applied to 

derive normalized water-leaving reflectance and minimise the distortion from low 

signal-to-noise ratios in a single band (Olmanson et al., 2013).  

Besides that, a dark reference board is recommended to improve the calibration 

results with the white reference board so that a linear regression between two target 

reflectance values and the pixels values from calibration targets (Del Pozo et al., 

2014). The NIR reflectance values from white and dark reference boards before and 

after the flight provide a basis to calculate the corrected NIR reflectance in individual 
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images and thus detect deep water areas with lowest NIR values. The correction in 

NIR values can significantly improve the results from the sunglint removal function. 

5.4 Remote sensing methods 

Most remote sensing methods are developed using spectral data from satellite 

products and the process results are affected by the difference in pixel size, spectral 

information, and geographical location between RPAS and satellite data (Lomax et 

al., 2005). 

Satellite images require effective removal of the contribution of the atmosphere to 

the signal while the RPAS flight path at a low altitude can minimise atmospheric 

effects (Goyens et al., 2013).  

The RPAS data also has a much smaller pixel size of 0.04 m than satellite data. 

Even the airborne hyperspectral AVIRIS data only provides spatial resolution of 20 

m (Kruse, 2002). The different pixel size could affect the processing methods in 

mosaicking process. The geo-referenced images were processed to create a full 

size image of billabong but the average RMS error in the geo-referencing was 

controlled by pixel size. The final outputs were assembled as a new image while the 

RPAS pixel-based reflectance data would require a higher accuracy of GPS 

coordinates than the Satellite data. 

5.5 Turbid water environment 

Billabongs are optically complex bodies of water while the shallow water and turbid 

water can easily result in feature delineation errors for water pixels (Amarnath, 

2014). The sunglint removal method assumes the deep water area would have the 

lowest NIR reflectance across the study area. However, the shallower the water, the 

more the contribution of the bottom to the water surface reflectance (McKinna et al., 

2015). The corrected images may take use of overstated NIR reflectance and lead 

to reflectance data errors in other bands. 

Turbid waters have different optical properties from clear water and result in the 

spectral response changes in relation to suspended sediment, chlorophyll, and 

turbidity readings (Doxaran et al., 2003). The data and processing method 

developed from clear or low turbid waters may not be suit able for very high turbid 

waters without the requirement for reparameterisation. The new band data or 

different processing algorithms are then required to provide an operational tool for 
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effectively linking reflectance spectral to turbidity readings with an acceptable 

accuracy. 

 

6 Conclusion and recommendations for future 

work 

6.1 Conclusion 

This study proposes a near real-time monitoring tool to utilise RPAS data and 

significantly improve the ability to respond to urgent situations or significant events 

for creeks and billabongs in ARR. The proposed system makes use of a small 

RPAS platform with a multispectral sensor to provide high spatial resolution data of 

0.04 m as well as a remotely operated boat to collect turbidity data through turbidity 

sensors. Although the data collected are restricted to Coonjimba billabong, the 

method is capable of distinguishing high and low turbid waters and generating a 

predictive model to map water turbidity distribution for other billabongs in the 

catchment. 

The RPAS data provided many different benefits to this study. First, the RPAS data 

provided very high spatial resolution imagery with embedded GPS coordinates. The 

latitude and longitude coordinates were used in the image mosaicking process and 

ensured a single geo-referenced image generated from multiple input images. 

Second, the RPAS data provided overlapped images for many data points and 

contributed to a good estimation of the real three-dimensional (3D) positions (Ruiz et 

al., 2013). The overlap between consecutive images also extract spectral 

information over same ground points, which can improve the accuracy in matching 

object and textural features (Gonçalves and Henriques, 2015). Third, sampling 

points were hardly located within one pixel but the mean value from a 49 x 49 

window provided a reasonable estimation of the reflectance data and a high 

correlation efficient was found between the turbidity data and NDWI values in both 

linear and logarithmic models. 

The turbidity map of Coonjimba billabong provided the spatial distribution of turbidity 

across the water area. The high turbid waters were very likely to contain high 

sediment concentrations and provided information about the potential hydrologic 

status of the creek system. The analysis at turbidity levels ranging from 4 to 50 NTU 

showed that: 
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1) NIR band provides the best result in the single band algorism while reflectance 

values in all five bands increase with the increase of turbidity values; 

2) NDWI and NDVI are useful in minimising the impact of variations in absolution 

image pixel values and show a strong relationship with high correlation coefficients 

of -0.85 and 0.77 with turbidity values, respectively; 

3) NDWI appears to be a better indicator for water turbidity > 6 NTU; 

4) Turbidity values can be calculated through a NDWI based linear model and NDWI 

values from 0 to 1 indicate water areas. The higher NDWI values, the clearer the 

water is.  

5) NDWI and reflectance data are less sensitive in very low turbidity waters (<6 NTU) 

than moderate and high turbidity waters so that the accuracy of this model in low 

turbidity waters is questionable. 

The potential application of RPAS data for water turbidity monitoring was examined 

in this study. Pix4D was used to process hundreds of images collected from 

multispectral sensors and construct a 4-cm resolution orthmosaic image of the 

billabong. IDL (Interactive Data Language) based routines in ENVI were created to 

batch process flat field and dark current images, remove the sunglint radiance 

component from imagery, and compare the average values from the white reference 

board before and after the flight. A Java application was built to automate the 

spectral data extraction through ArcObjects interface, which retrieved point and 

mean values from Gaussian filtered window according to ASV recorded GPS 

coordinates. A NDWI-based turbidity map was created through ArcMap, using 

classification based on the calculated turbidity values from the predictive model. 

The use of band ratios or band indices is more suitable than absolute values of 

radiance due to a wide range of temporal and spatial variations in the concentration 

of water constituents (Koponen et al., 2002). RPAS has proved to be a new low cost 

and operational tool to collect continuous water quality data (in this case, turbidity) in 

spatially distributed water bodies. Therefore this study highlights the usefulness of 

high resolution RPAS imagery for seasonal monitoring and turbidity mapping.  

6.2 Recommendations for future work  

The variations in turbidity values are caused by turbid media including organic and 

inorganic contents in the water column (Conti et al., 2015). This study measured the 

relationship between reflectance and turbidity values but was lacking in detailed 
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water column information, which precluded further analysis into the effects from 

organic and inorganic contents. The different effects on water colour and diffuse 

scattering from organic and inorganic contents may provide improved algorithms in 

low turbid waters. Further research highlights the importance of examining the 

effects of suspended sediment at different levels of organic matter in inland waters 

and explains the variation of spectral reflectance against organic contents with 

different optical characteristics (Cherukuru et al., 2016). 

The accuracy of the predictive model is limited in very low turbid waters and not 

examined against very high turbid waters. Although the Micasense Edge provides 

spectral information in the visible and NIR region, shortwave infrared (SWIR) bands 

are preferable for analysing highly turbid water bodies (Wang and Shi, 2007). A 

hyperspectral sensor with additional bands in SWIR region would not only provide a 

relatively better option to monitor very high turbid inland waters than Micasense 

Edge but also improve the specific coefficients of the predictive model against 

sediment contents in water column (Wu et al., 2014).  

The bottom effects in shallow water bodies can be another concern in remote 

sensing based water monitoring applications (Lee et al., 2001). Because the NIR 

reflectance from a deep water section is applied in the sunglint removal method, 

there are significant improvements in water colour mapping and the effectiveness of 

sunglint removal processing by using SWIR corrections instead of NIR (Wang and 

Shi, 2007). Further research undertaken over billabongs, reservoirs, lakes or rivers 

with water depth from 0.5 to 10 m will enhance the usefulness and strength of the 

predictive model between turbidity levels and reflectance over different types of 

inland waters. 
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