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Article 
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Abstract: Current research indicates that for the identification of lung disorders, comprising 

pneumonia and COVID-19, structural distortions of bronchi and arteries (BA) should be taken into 

account. CT scans are an effective modality to detect lung anomalies. However, anomalies in 

bronchi and arteries can be difficult to detect. Therefore, in this study, alterations of bronchi and 

arteries are considered in the classification of lung diseases. Four approaches to highlight these are 

introduced: (a) a Hessian-based approach, (b) a region-growing algorithm, (c) a clustering-based 

approach, and (d) a color-coding-based approach. Prior to this, the lungs are segmented, employing 

several image preprocessing algorithms. The utilized COVID-19 Lung CT scan dataset contains 

three classes named Non-COVID, COVID, and community-acquired pneumonia, having 6983, 7593, 

and 2618 samples, respectively. To classify the CT scans into three classes, two deep learning 

architectures, (a) a convolutional neural network (CNN) and (b) a CNN with long short-term 

memory (LSTM) and an attention mechanism, are considered. Both these models are trained with 

the four datasets achieved from the four approaches. Results show that the CNN model achieved 

test accuracies of 88.52%, 87.14%, 92.36%, and 95.84% for the Hessian, the region-growing, the color-

coding, and the clustering-based approaches, respectively. The CNN with LSTM and an attention 

mechanism model results in an increase in overall accuracy for all approaches with an 89.61%, 

88.28%, 94.61%, and 97.12% test accuracy for the Hessian, region-growing, color-coding, and 

clustering-based approaches, respectively. To assess overfitting, the accuracy and loss curves and 

k-fold cross-validation technique are employed. The Hessian-based and region-growing algorithm-

based approaches produced nearly equivalent outcomes. Our proposed method outperforms state-

of-the-art studies, indicating that it may be worthwhile to pay more attention to BA features in lung 

disease classification based on CT images. 

Keywords: COVID-19; chest CT scan; lung segmentation; image preprocessing; CNN; LSTM; 

attention mechanism 

 

1. Introduction 

Computed tomography (CT) is commonly used for the interpretation of lung 

diseases as the modality can provide indispensable information regarding airways as well 

as the blood vessels [1]. Changes in broncho-arterial pairs (BA), such as abnormal 

bronchial dilatation compared to the adjacent artery, distortion of the bronchial tree, lack 

of tapering, mucus plugging, air bronchogram, and airway wall thickening, are associated 

with the progression of lung disorders [2]. These deviations and features can be subtle 

and difficult to perceive with the human eye. Deep learning techniques might lead to 
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improved results if these BA features are enhanced and highlighted. Therefore, changes 

in BA in terms of structure or features should be taken into account in the diagnosis of 

lung abnormalities. Several lung disease detection and classification studies have been 

conducted over the years. In many cases, lung segmentation, image preprocessing, feature 

extraction, deep learning, or machine learning methods have been applied [3]. However, 

selection bias, prospective blinding concerns, and the confounding presence of different 

lung diseases in the same chest CT scan [4] limit their usefulness. In lung diseases such as 

bronchiectasis and airway inflammation [5], the quantitative measurement of the BA ratio 

using the long-axis diameter and short-axis diameter of the bronchus and artery [6] is used 

as a severity score which is an indication of disease progression. For the diagnosis of cystic 

fibrosis (CF), asthma and smoking-related lung disorders, and pediatric diffuse lung 

disorders, BA ratio measurements and airway wall thickening are also analyzed [7–9]. For 

other lung diseases, BA feature alteration can also be considered an important factor. 

Structural distortion of BA, the BA ratio, the thickness of the airway wall, and mucus 

plugging should be examined in severe stages of COVID-19 and pneumonia [10]. 

Automated detection of BA deviations in CT scans might be useful in the classification of 

lung disorders. In this research, we therefore focus on the enhancement of BA and 

highlighting of BA irregularities using different computer vision techniques. A CT Scan 

dataset of three classes, named Non-COVID, COVID, and CAP (community-acquired 

pneumonia), containing 17,104 images, is used. The dataset is preprocessed, and the lungs 

are segmented from the CT scan images. BA information is enhanced and highlighted 

using four approaches: Hessian-based approach, region-growing algorithm-based 

approach, clustering approach, and color-coding approach. Hence, four new datasets are 

generated. To find the optimal approach, diseases are classified using two deep learning 

mechanisms: (a) a convolutional neural network (CNN) and (b) a CNN with long short-

term memory (LSTM) and an attention mechanism, employing the four processed 

datasets. During the implementation stage of this study, lung segmentation and 

enhancement are carried out to ensure maximal visibility of bronchi and arteries, as this 

may increase the performance of the classification model. In the segmentation phase, the 

region of the lungs is selected as this is the important region of the CT scan. Accurate lung 

segmentation for all images is quite challenging due to different intensity levels. We 

address this using different algorithms and a dynamic thresholding approach. It is 

challenging to enhance the BA pairs while keeping other information about the lungs 

intact. Therefore, four approaches are explored. The Hessian and region-growing-based 

algorithms are applied in such a way that all the bright regions that contain arteries and 

potential bronchi are emphasized. The color-coding and clustering approaches ensure 

that the output enhanced images contain as many relevant details as possible. Another 

challenge is to develop a shallow model while maximizing the performance. Various 

ablation studies are done in developing the architecture to achieve the best possible 

configuration for this classification problem and obtain the maximal accuracy. The model 

is compact, containing as few layers as possible to minimize the number of parameters 

and reduce the complexity. 

2. Materials and Method 

2.1. Prior Work 

In a study of bronchiectasis in children [11], the BA ratio of progenies was compared 

with the radiologic BA ratio criteria of adults using high-resolution CT (HRCT) images. 

The BA ratio was measured for both the upper and the lower lobe, and the mean value 

was calculated to determine the correlation with age. In a similar study [12], the authors 

suggested a threshold value; > 0.8 should be used to conclude bronchiectasis, whereas the 

adolescent cut-off is >1–1.5. Here, the value for the BA ratio is determined by measuring 

the central diameter of each of the bronchus and the external diameter of the 

accompanying artery. In order to diagnose coronary artery disease (CAD), Zhao et al. [13] 
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segmented coronary arteries using a multi-input multi-scale U-Net model along with 

different preprocessing strategies and computed the diameter of the vessels. Chang et al. 

[14] presented an HRCT scoring system to diagnose cystic fibrosis (CF) bronchiectasis 

following three different schemes for children of different ages. Among the cases they 

investigated, a former history of pneumonia was found for all children where an 

abnormality was detected. To define the diagnostic criteria of pediatric bronchiectasis, Wu 

et al. [6] obtained the BA ratio from CT scans using three techniques: bronchial internal 

short axis (ISA), outer short axis (OSA), internal long axis (ILA), outer long axis (OLA), 

arterial long-axis (ALA) and arterial short axis (ASA). Several statistical metrics, including 

intraclass correlation (ICC), mean, skewness, kurtosis, and Pearson’s correlation, were 

evaluated. In order to develop a CT grading system for the diagnosis of cystic fibrosis 

(CF), Bhalia et al. [15] considered several pathologic deviations, such as bronchiectasis, 

peribronchial condensing, mucus plugging, luminal dimensions, and thickness of 

bronchial walls. In another study [16], the radiologically indexed CT Score was 

determined using HRCT for the severity of bronchiectasis depending on a multi-variable 

Bhalla score, and its suitability for medical practice was discussed. The Bhalla score was 

related to the severity indicators, including dilation of bronchi and quantity of bronco-

pulmonary fragments with emphysema, in a multiple logistic regression network. Using 

HRCT, an automated broncho-vascular pair (BV pairs) system was presented by Prasad 

et al. [17], who explored several techniques, including multiview learning adjoined with 

active learning, feature extraction, and a decision tree algorithm. The authors first detected 

all the BV pairs, then extracted only the discrete pairs and identified abnormal pairs and 

the degree of severity. 

Several studies have described changes in BA features related to COVID-19 and 

pneumonia. In the study of [18], seven patients having both COVID-19 and bronchial 

artery embolization (BAE) were investigated. Three patients were reported with bronchial 

artery enlargement, and three patients had consolidation. To categorize vessels into veins 

and arteries using CT mages, Nardelli et al. [19] introduced several automated deep 

learning techniques, including 2D and 3D CNNs. A graph-cut-based approach recorded 

the highest accuracy of 94%, outperforming CNN and random forest methods. An 

automated pulmonary vessel segmentation from CT images approach was presented by 

Zhou et al. [20]. Several algorithms were carried out consecutively, including the 3D 

multiscale filtering technique, eigenvalues of the Hessian matrix, expectation-

maximization (EM 3 ) estimation, and connected-component analysis to extract and 

reconstruct the vascular structures. They achieved the highest accuracy of 97% in 

segmentation and reported that in many cases (>96%), arteries overlap with vessels. 

Ambrosetti et al. [10] investigated two COVID-19 cases in order to find whether 

bronchiectasis (bronchial dilation) is a potential imaging feature of COVID-19. In both 

cases, they found dilatation and irregular walls of the bronchi leading to bronchiectasis. 

Hence, their suggestion is to take bronchial features into account in the interpretation of 

COVID-19 and pneumonia CT scans. Examining CT scans of COVID-19-positive cases, 

Hefeda et al. [21] found several structural distortions associated with bronchi and arteries. 

Anomalies include air bronchogram, vascular dilatation, bronchial wall thickening, and 

bronchial obstruction. Gu et al. [22] reported that several structural and functional 

alterations, such as distortion of the main bronchial tree, reduction of the bronchial cross-

sectional region, and airflow obstruction, can occur due to lung cancer. 

It can be concluded that an association between BA and lung disorders such as 

COVID-19 and pneumonia has been reported and that broncho-arterial pair detection 

may be relevant for these diseases. Nevertheless, to the best of our knowledge, there has 

been no research describing an automated system to detect anatomical and structural 

distortions of BA due to COVID-19 or pneumonia. 

  



Biomedicines 2022, 10, x FOR PEER REVIEW 4 of 31 
 

 

2.2. Research Contribution 

• The anomalies and alteration of BA information in a chest CT scan dataset, such as 

abnormal bronchial dilatation, distortion of the bronchial tree, lack of tapering, 

mucus plugging, air bronchogram, and airway wall thickening, are briefly explained 

with respect to the different lung diseases. 

• Several image preprocessing and lung segmentation steps, including total variation 

denoising, dynamic intensity adjustment, Otsu thresholding, largest contour 

detection, inverting image, flood fill operation, inner hole filling, and bitwise_AND, 

are introduced. 

• In the segmented lung regions, BA information is enhanced and highlighted using 

four approaches: Hessian-based approach, region-growing algorithm-based 

approach, clustering approach, and color-coding approach. 

• Lung diseases are classified for the four processed datasets (Hessian, region growing, 

clustering, and color) using two deep learning models. The first is a CNN model 

having 14 layers, and the second is a CNN-based model with LSTM and an attention 

mechanism, having 16 layers. 

2.3. Dataset 

A total of 17,104 lung CT scan images provided by Kaggle were analyzed for this 

research [23]. The dataset was divided into three classes named Non-COVID, COVID, and 

CAP, where 6983 lung CT images are Non-COVID, 7593 images are COVID, and 2618 are 

CAP. The images have a 512 × 512 pixel size. A description of the dataset is given in Table 

1. 

Table 1. Description of dataset. 

Name Description 

Total amount of CT scans 17,104 

Dimension 512 × 512 

Images type CT scan 

Colour Grading Gray scale 

Non-COVID 6983 

COVID 7593 

CAP 2618 

A sample image of each corresponding class is illustrated in Figure 1. 

 

Figure 1. CT images of the three classes of the dataset. 

2.4. Anatomical Features of Lung CT Scans 

A CT scan contains information regarding the airways and blood vessels which can 

yield essential information for diagnosis, e.g., the diameter of arteries and bronchi and the 
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extent of wall thickening. For an automated and reliable measurement system of these 

changes, knowledge regarding the anatomical structures visible in a CT scan is crucial. 

Prior studies have not taken bronchi-artery alterations into account. As this research 

attempts to consider these alterations in classifying lung diseases, it is important to 

understand the anatomical features of lung CT scans. Figure 2 shows the anatomical 

structures of a lung CT scan. 

 

Figure 2. Anatomical structures in a lung CT scan. 

The human body has two lungs, with the mediastinum between them. These can be 

seen in a CT scan. Both lungs contain veins, arteries, and BA pairs. The lungs are 

subdivided into lobes, where the left lung comprises two distinct lobes, the upper and the 

lower lobes, and the right lung part has three lobes, the upper, middle, and lower lobes. 

The airway tree is called the bronchial tree. The starting point or first branch of the tree is 

the trachea. The trachea is divided into two prominent bronchi leading to the left lung and 

the right lung. These two main bronchi are then subdivided into several smaller bronchi. 

The airways comprise lumen and airway walls where the lumen is normally filled with 

air. Moreover, two vascular trees are found, the arterial and venous tree, where the arterial 

tree is responsible for supplying blood to the lungs, and the veins are responsible for 

draining blood from the lungs. The veins and arteries have similar intensity levels in CT 

images. One important aspect is that arteries are usually observed to be adjacent to the 

bronchi, whereas the veins typically do not run alongside the bronchi. 

2.4.1. Anomalies Related to Lung Disease 

Lung abnormalities include abnormal bronchial dilatation, distortion of the bronchial 

tree, lack of tapering, mucus plugging, and airway wall thickening. These are associated 

with lung disorders. This section explains these abnormalities and changes. 

Bronchial Dilatation 

In healthy lungs, the diameter of a bronchus is either equal to or slightly smaller than 

the diameter of its neighboring artery. When the bronchus is considerably larger than the 

size of the accompanying artery, this is called bronchial dilation, and BA pairs can look 

like a signet ring [17]. Figure 3 illustrates the bronchial dilation. 
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Figure 3. Bronchial dilation showed in a CT scan. 

If Figure 3 is carefully observed, it can be seen that the BA ratio (ratio of the diameter 

of the bronchus to its accompanying artery) is increased, and the BA pair can be perceived 

as a signet ring sign. The challenge is the detection of discrete BA pairs having a signet 

ring shape. In many cases, a bronchus is close to multiple arteries, or several bronchi may 

appear together, which complicates the matter. Bronchial dilation has also been detected 

in some COVID-19 cases, with a BA ratio that was almost doubled [10]. In the case of 

pneumonia, dilatations occur along with the destruction of bronchi. 

Distortion of the Bronchial Tree 

Distortion of the bronchial tree occurs in several forms, such as a decline of the angle 

between the trachea and the left major bronchus, a sigmoidal deformation of a major 

bronchus, and stenosis of the lower lobar bronchus can be found after lobotomy due to 

lung cancer [22]. 

Lack of Bronchial Tapering 

Lack of tapering refers to a lack of change in the airway diameter by 2 cm [24]. This 

results in an increased BA ratio. Figure 4 illustrates a lack of tapering. 

 

Figure 4. Lack of bronchial tapering. 
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Airway Wall Thickening 

Bronchial wall thickening, which can result in airflow blockage, is another indicator 

of lung abnormalities [25]. Airway wall thickening generally occurs in inflammation of 

the airways. Figure 5 shows airway wall thickening. 

 

Figure 5. Airway wall thickening. 

Two pathological mechanisms, bronchial obstruction and airway wall inflammatory 

destruction, result in damage to bronchial wall structures [26]. Bronchial wall thickening 

is also associated with severe cases of COVID-19. 

Air Bronchogram 

An air bronchogram refers to a bronchus that is excessively filled with air. This 

feature is an indication of advanced disease [21]. Figure 6 shows air bronchogram regions 

of an abnormal lung. 

 

Figure 6. Air bronchogram. 

An air bronchogram can be an indication of lung disorders like tuberculosis and 

pneumonia [27]. In classifying lung cancer, air bronchogram can also be important. An 

effective process of highlighting these anomalies should be considered. 
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Mucus Plugging 

The previously stated word ‘air bronchogram’ is sometimes regarded as incorrect as 

the bronchi are sometimes full of plugs of mucus, not with the air [28]. Mucus plugs in the 

bronchi cause a decrease in the bronchial diameter, impeding airflow [29]. Figure 7 

illustrates mucus plugging. 

 

Figure 7. Mucus plugging as seen in a CT scan. 

Mucus that builds up in the lungs might plug up, or decrease airflow in, the greater 

or lesser airways. As the airways become smaller due to mucus plugs, it causes distorted 

alveoli. When a considerable number of alveoli are blocked, oxygen levels will decrease. 

Thick mucus in the bronchi may cause symptoms like a dry cough in patients having 

COVID-19 [30]. 

2.5. Methodology 

This research is conducted in six phases: (a) segmentation of the lung area from the 

CT scan; (b) enhancement of BA pairs in the segmented lungs using a Hessian-based 

approach; (c) enhancement of BA pairs using a region-growing algorithm-based 

approach; (d) enhancement of BA pairs using a clustering approach; (e) enhancement of 

BA pairs using a color-coding approach; and (f) classification of lung diseases using the 

four processed datasets. Figure 8 depicts the workflow of this research. 
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Figure 8. Flow diagram of the approach of this paper. 

All the experiments of this study are conducted using a CT scan dataset which has 

three classes: COVID, Non-COVID, and CAP. Several image preprocessing algorithms, 

such as the total variation denoising method [31], dynamic intensity adjustment, Otsu 

thresholding [32], largest contour detection [33,34], inverting image color, flood fill 

operation [35], inner hole filling, and bitwise_AND operation are applied to segment the 

lungs. After segmenting the lung regions successfully, the BA pairs are highlighted and 

extracted using four approaches: a Hessian-based algorithm [36], region-growing 

algorithm [37], clustering-based [38], and color-coding-based. Prior to this, adjacent 

borders of the segmented images and noise are removed. In the classification phase, two 

deep learning approaches are adopted: CNN [39] based classification and CNN with 

LSTM and attention mechanism-based classification. All four processed datasets are 

employed to train the networks. To assess the performance and stability, a number of 

performance metrics and statistical metrics, single class classification results and 

overfitting analysis, and k-fold cross-validation of these two models are evaluated. 

2.5.1. Lung Segmentation 

To identify abnormalities, the first stage should be to identify and extract the lung 

portion of the CT scans. This is the region of interest (ROI) for this research. For the 

computerized interpretation of medical images, segmentation is usually considered 

imperative [40]. The raw CT scan images are denoised employing the total variation 

denoising method, which eliminates noise, focusing on edge details. The circular shaped 

background is then eliminated using brightness and contrast enhancement. After 

removing the artifacts, the image is binarized using the Otsu thresholding algorithm, 

which highlights the lung region of the image. As some artifacts still remain, the largest 

contour detection algorithm is applied, and the output images are inverted. Utilizing the 

flood fill operation, the pixel value of the entire image except the two lung regions is set 

to 0 (black). After that, to get a binary mask containing only two lung-shaped white 

contours, the inner areas of the lung are filled with white, using the reconstruction 

function of skimage. Thus, a targeted binary mask is achieved. The lung portion of the 

image is extracted from the Raw CT scan, utilizing the Bitwise_AND function of OpenCV 

with the mask. Figure 9 illustrates the entire process along with the output. 
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Figure 9. Lung segmentation process. 

Total Variation Denoising Method 

The key purpose of the total variation denoising method is to reduce the total 

variation of the pixels of a targeted image while not blurring the edges [41]. It is a noise 

removal process that works best with images that have a large variation in details. This 

technique outperforms traditional noise removal methods, such as instance linear 

smoothing or median filtering, which decrease noise but simultaneously smooth away 

relevant edges. The total variation denoising algorithm is very effective in terms of 

preserving edges while smoothing out the tiny noises. The outcome of the method is 

depicted in Figure 10. 

 

Figure 10. Output of TV denoising algorithm. 

Figure 10 shows that the output image has been denoised without losing significant 

information. 

Dynamic Brightness and Contrast Adjustment 

After denoising the images, the circular-shaped background is minimized by 

adjusting brightness and contrast, employing a dynamic threshold-based approach based 

on the intensity level. Brightness refers to the total lightness or darkness of an image. 

Contrast represents the intensity difference between the ROI and the background pixels 

of an image. The equation of altering brightness is: 

𝑔(𝑥) = 𝑠(𝑥) + 𝛽 (1) 
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In this equation, s(x) is the input picture and g(x) is the output, after increasing or 

reducing the brightness by changing the value of β. This value will add to or deduct from 

every pixel a constant level of brightness. 

To adjust the contrast of an image, the difference in brightness level is increased by a 

multiple: 

𝑔(𝑥) = 𝛼 × 𝑠(𝑥) (2) 

Here, s(x) is the source picture and g(x) is the resultant pixel value when changing 

contrast by adjusting the parameter value of 𝛼. 

In most cases, not all images in a dataset have similar intensity levels. Therefore, a 

constant value for adjusting brightness and contrast might not work optimally for all the 

images and might not remove the artifacts successfully. For this reason, the mean pixel 

intensity of each CT scan is calculated. Depending on the value, alpha and beta are 

allocated so that the intensity level of all the images is adjusted and the circular-shaped 

background can be eliminated without losing significant details. After experimentation, a 

total of seven brightness contrast enhancement thresholds are derived from the mean 

pixel intensity values. After applying the enhancement, corresponding to the respective 

mean value range of that image, the circular background of the images faded (Figure 11), 

and further segmentation becomes easier. 

 

Figure 11. Enhanced CT scan with defocused circular background. 

It can be observed from Figure 11 that the intensity of the circular shaped background 

surrounding the lungs is diminished in the output image. The custom algorithm adjusts 

the brightness and contrasts, resulting in a defined pixel intensity in the output image. 

Otsu Threshold Algorithm 

The Otsu thresholding algorithm is widely used to convert an image from grayscale 

into a binary format, employing a non-linear operation [42]. The algorithm changes an 

image to binary format according to the intensity level of the input image based on the 

following conditions: 

If intensity [pixel] > particular threshold, the resultant pixel = 1 (white) 

Else if intensity [pixel] <= particular threshold, the equivalent output pixel = 0 (black) 

Following this technique, the method finds an ideal threshold value by lessening or 

maximizing the within-class difference (σ2) of the foreground and background pixels. The 

within-class variance equations are: 

𝜎2(𝑡) = 𝑤0(𝑡)𝑤1(𝑡)[𝜇1(𝑡)  −  𝜇2(𝑡)]2 (3) 
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𝜎2(𝑡) = 𝑤0(𝑡) [ − 𝑤0(𝑡) [
𝜇 − 𝜇1(𝑡)

1 −  𝑤0(𝑡)
 −  

𝜇(𝑡)

𝑤0(𝑡)
]] (4) 

𝑤0(𝑡) = ∑  

𝑛

𝑁

𝑤1(𝑡) = 1 −  𝑤0(𝑡), 𝜇(𝑡) = ∑𝑡
𝑛

𝑁
 (5) 

where σ2 (t) refers to the within-class variance, w indicates the weight, μ is the mutual 

mean value, and t refers to the threshold value. Here, 𝑤0 , μ1  denote the weight and 

average value of the background pixels, respectively, and 𝑤1, μ2 correspondingly denote 

the weight and average value of the foreground pixels. 

The aim of applying Otsu thresholding, to make the image binary, has been 

successfully achieved, as can be seen in Figure 12. 

 

Figure 12. Output of Otsu thresholding. 

Largest Contour Detection 

As can be observed from Fig 3-D, thin curved lines are seen at the bottom of the lung 

portions. To remove the curved lines along with other artifacts (if they exist) the largest 

contour detection approach is adopted. In this method, the biggest contour in the image, 

the two lungs and the surrounding white region, is extracted. This contour is identified 

utilizing the findContours () and max () functions of OpenCV. The findContours () 

function takes the binarized CT scan of the previous step as input, calculates all possible 

contours present in the image, and stores the coordinates of the contours in memory. The 

largest contour in terms of area is then identified with the max () function. The 

RETR_EXTERNAL argument of the find Contour () function is able to retrieve the largest 

contour’s coordinates and, with the CHAIN_APPROX_SIMPLE argument, the edge 

coordinates of the largest object are retained. Finally, with the drawContours () function, 

an outline of this largest object is found utilizing the edge information provided by 

findContours () function. After completion of the process, a binary mask containing only 

the largest blob is achieved. 

After detecting the largest contour, the curved lines, along with other artifacts, have 

been removed, as can be seen from the output image in Figure 13. 
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Figure 13. Curved line removal with largest contour detection. 

Inverting the Image 

After removing the artifacts successfully, the images are inverted. In this way, the 

white pixels become black, and all the black pixels become white. 

The background and the lungs are turned white (Figure 14). 

 

Figure 14. Output after inverting image. 

Flood Fill Operation 

After inverting the images, it is found that there is a circular-shaped border 

surrounding the lungs. This can be removed using the flood fill operation. In this 

algorithm, the starting point is specified, and the color of neighboring pixels of a particular 

boundary is changed from that point. The algorithm uses the following equation: 

𝑋𝑘 = (𝑋𝑘 − 1 ⊗ 𝐵) ∩ 𝐴𝑐 (6) 

where B refers to the structuring element, k is the pixel index of the input picture which 

will be transformed or filled, and k-1 specifies the adjacent pixels. A represents the set 

comprehending a subset. This algorithm is applied to the four corners of the image. 

Suppose the images are of ‘h’ height and ‘w’ width. Thus, the coordinates of the four 

corners are the upper left corner (0, 0), upper right corner (0, w), downward left corner 

(h,0), and downward right corner (h, w). The flood fill algorithm is applied from these 

four corners coordinates of the images. After applying the algorithm, the surrounding 

circular-shaped object is filled with a pixel value of 0, and the lung regions are white. 

Figure 15 shows that, due to flood filling, only the lung portions remain white. 



Biomedicines 2022, 10, x FOR PEER REVIEW 14 of 31 
 

 

 

Figure 15. Making a binary mask containing the lung area using floodfill algorithm. 

Inner Hole Filling 

The lungs contain bronchi, arteries, and other vessels. To achieve a clean binary mask, 

these should be removed. Therefore, the flood fill operation is again used to fill the inner 

holes of the lungs, using a pixel value of 1. 

Finally, a binary mask of just the two lungs is obtained, as shown in Figure 16. 

 

Figure 16. Filling inner holes of the binary mask. 

Extracting Lung 

The segmented binary mask is fused with the source image employing a 

bitwise_AND operation (Figure 17). Thus, the lungs are segmented without losing any 

details. 
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Figure 17. Extracted lungs from Raw CT scan using lung binary mask. 

Figure 17 illustrates that, after merging the binary mask with the raw CT image, the 

output contains only the lungs. 

Examples of lung segmentation on various CT scans are presented in Figure 18. 

 

Figure 18. Example outcomes of the lung segmentation process. 

2.5.2. Detection of BA from the Lungs 

To highlight BA pairs from the segmented lungs, four approaches are adopted: (a) 

the Hessian-based method, (b) the region-growing algorithm, (c) the clustering-based 

method, and (d) the color-coding-based method. The motivation for considering four 

approaches is to compare their effectiveness in terms of disease classification performance 

using deep learning techniques. 
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The segmented images are first preprocessed by eroding the adjacent thin border 

surrounding the lungs and eliminating tiny noises within the lungs with morphological 

erosion and median filtering, respectively. This helps to distinguish the arteries more 

clearly from the dark regions of the lungs. Figure 19 shows the output images after 

applying these two methods sequentially. 

 

Figure 19. Preprocessing of segmented lung images. 

Hessian-Based Method 

The Hessian matrix-based ridge detection algorithm is applied to the preprocessed 

images, delivering local minimum ridges information [43]. The arteries appear darker, 

and everything else is lightened. This is a multiscale segmentation method that utilizes 

the central medialness adaptive principle. Depending on the eigenvalues of the Hessian 

matrix of the image intensities, the ridges of the image are highlighted. Figure 20 shows 

the output of the Hessian-based approach after experimenting with different sigma 

values. A sigma value of 2.5 gave the best results. 

 

Figure 20. Hessian-based segmentation process. 

The Hessian minima ridges algorithm is applied to the denoised image, enhancing 

the vessels. The output from the Hessian algorithm is then subtracted from the denoised 

image to boost the intensity level of the arteries in a light background. Finally, the 

subtracted image is divided by the denoised image resulting in a grayscale image with 

improved intensity levels. 

Region-Growing Method 

The region-growing algorithm is explored as the second BA detection approach in 

this study. This method is a region or pixel-based segmentation approach which works 

by selecting initial seed points. The algorithm studies adjacent pixels of the primary seed 

points in an iterative manner to determine whether the neighboring pixel can be added to 

the area based on intensity similarity [44]. The process follows an iterative method, 

accumulating pixels into greater regions depending on pre-initialized seed pixels and 

growing conditions. The middle pixel of both lungs is calculated and fed to the region-

growing algorithm as the start pixel. From these seed points and according to predefined 
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threshold conditions, the regions start growing. Figure 21 represents the output image 

after the completion of the process. 

 

Figure 21. Region-growing-based segmentation process. 

The intensity level of the denoised images is scaled so that the lowest value is 0 and 

highest intensity value is 255. In this way the arteries become more visible. The region-

growing algorithm is applied to the enhanced image, see Figure 21. After 

experimentation, the intensity thresholds for region-growing algorithm are set to 220–255. 

Examples of the outcomes utilizing the masks generated from the Hessian and 

region-growing-based methods are presented in Figure 22. 

 

Figure 22. Segmented arteries from CT scans using region-growing and Hessian methods. 
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Clustering Approach 

In this method, the raw segmented image is first color-coded using ImageJ [45] 

software’s ‘Fire filter, which enhances the BA pairs. Afterward, a K-means clustering 

algorithm [46] is applied to the color-coded image with a K value of 3. This is an 

unsupervised algorithm that is used to segment the ROI from the background K-

centroids. Figure 23 depicts the output of the approach. 

 

Figure 23. Segmentation of BA from the lung portions using clustering approach. 

Some outputs achieved from this approach are shown in Figure 24. 

 

Figure 24. Sample outputs of clustering approach. 

Color-Coding Approach 

First, the segmented lung image is enhanced using alpha-beta correction. Employing 

a dynamic thresholding algorithm, the bright pixels, which can be considered as potential 

arteries, are assigned a red color pixel value. Then, again using dynamic thresholding, the 

pixels less than the mean pixel values are made 0. Finally, all the red objects are detected 

and marked with green lines using contour detection and contour drawing methods. 

Figure 25 depicts the process. 
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Figure 25. Segmentation of BA from the lungs using the color-coding method. 

Figure 26 shows some sample outputs obtained with this approach. 

 

Figure 26. Sample outputs obtained with the color-coding-based approach. 

2.6. Classification Using Deep Learning 

Four BA datasets are obtained from the four approaches. Two deep learning 

networks, (a) a CNN and (b) a CNN with LSTM combined with an attention mechanism, 

are applied to classify the images of these datasets into three classes. In order to develop 

a model with the best possible performance, an ablation study using the segmented raw 

lung dataset is conducted on the CNN architecture to optimize the hyper-parameters. 

LSTM and attention mechanism layers are added to the CNN architecture achieved after 

conducting the ablation study. 
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2.6.1. CNN-Based Classification 

As deep learning models require extensive computational resources and training 

time, we try to keep the architecture of the model as shallow as possible to minimize time 

and computational complexity [47]. The proposed CNN architecture has different 

components and layers, such as the input layer, convolutional, pooling, fully connected, 

dense, dropout, and a final output dense layer. Figure 27 illustrates the architecture of the 

network after the ablation study. 

 

Figure 27. Proposed CNN model. 

The proposed network contains 14 layers containing five convolutional layers, three 

max-pooling, three dropout layers having factor 0.5, one dense layer having factor 128, 

and a final dense layer for classification. A Flatten layer is added prior to the final 

classification dense layer. All the convolution layers have the same 3 × 3 kernel size, and 

the PReLU activation function is added to introduce non-linearity. The kernel size for the 

max-pooling layer is set to 2 × 2. As can be seen from Figure 27, the architecture has three 

blocks. In block-1, the input layer is connected to the first Conv2D layer, which contains 

32 kernels and 788,992 trainable parameters, and the dimensions of the input image size 

are 224 × 224 × 3. The first Conv2D layer is followed by a maxpool layer, scaling down the 

feature maps attained from the first Conv2D layer into half of its preceding size (from 222 

× 222 to 111 × 111). Block-2 and -3 have the same configuration, except for the number of 

kernels in the Conv2D layers. In each block, two Conv2D layers having the same 

configuration are added. The kernel number is 64 for the Conv2D layers of the second 

block and 128 for the Conv2D layers of the third block. These two convolution layers are 

again followed by a max-pool layer which reduces the size of the resultant feature maps 

from 107 × 107 to 53 × 53 for the first block and from 49 × 49 to 24 × 24 for the second block. 

A dropout layer with a factor of 0.5 is added after the max-pooling for both blocks. Block-

2 and block-3 represent 384,832 and 95,776 trainable parameters, respectively. A Flatten 

layer outputs the feature maps generated from block-3 into a 1D vector. A dense layer, 

comprising 128 neurons equipped with PReLU activation function, is added after the 

Flatten layer. Another dropout layer with a value of 0.5 is attached afterward. As the 

dataset has three classes, the classification dense layer, which is also known as the fully 

connected layer (FC), contains three neurons and is equipped with the Softmax activation 

function. 

2.6.2. CNN + LSTM + Attention Mechanism-Based Classification 

To further improve the base CNN model, experimentation with LSTM [48,49] and 

attention mechanism [50] is carried out. The attention mechanism is an innovative method 
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to apprehend long-range feature interactions, resulting in improved interpretation 

capability of CNNs. This mechanism concentrates the decoder’s attention on the most 

significant features, employing a weighted sum of all preceding hidden states [51]. The 

internal memory of the LSTM layer makes it possible to learn from experiences regarding 

long-term states [52]. Here, the nodes between the layers from a directed graph are 

associated with a chronological order that is considered an input. CNN combined with 

the LSTM layer may improve the classification performance significantly [49]. Therefore, 

in the second proposed model, two additional layers, LSTM, and attention mechanism, 

have been added to the previously described CNN network. Figure 28 illustrates the 

network architecture of the CNN with LSTM and attention mechanism-based model. 

 

Figure 28. Proposed CNN model modified with attention mechanism and LSTM. 

To integrate this functionality into our CNN model, an attention layer is added 

between the third block and the Flatten layer. In addition, an LSTM layer is added after 

the Flatten layer. While implementing LSTM, the Flatten layer is modified with a time-

distributed function to make the flattened output compatible with the newly added LSTM 

layer. The LSTM layer is equipped with 256 neurons and an additional dropout of 0.5 to 

prevent over-fitting of the model. The output of the LSTM layer is fed to the previously 

existing dense layer. Every other aspect of the CNN model remains unchanged. 

2.6.3. Dataset Split and Training Strategy 

Datasets acquired from the four approaches are split into training, validation, and 

testing datasets utilizing a 70:20:10 ratio [53]. ‘Categorical cross-entropy’ is employed as 

the loss function of the proposed model. The formula for the categorical cross-entropy loss 

function is as follows [54]: 

Loss (𝑑, 𝑣) = − ∑  

𝑚

𝑗=0

∑  

𝑛

𝑖=0

(𝑑𝑖𝑗 ∗ log (�̂�𝑖𝑗)) (7) 

where true label and predicted labels are represented by d and v, respectively. In addition, 

m denotes the batch size, and n denotes the total number of classes. The probability 

predicted by the model is �̂�𝑖𝑗  for the ith observation of the jth category. The Nadam 

optimizer with a learning rate of 0.0008 and a batch size of 64 is utilized [55]. Two 

computers were used for this research. They are equipped with NVidia GeForce GTX 1660 

GPU, Intel Core i5-8400 Processor, 256 GB DDR4 SSD for storage, and 16 GB of Memory. 

3. Results 
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In this section, the performance of our four approaches is analyzed using several 

evaluation metrics. Results of both deep learning models for the four approaches are 

discussed. 

3.1. Developing the CNN Model Employing Ablation Study 

A total of six ablation case studies are carried out using the raw segmented dataset 

to acquire the optimal configuration of the model by altering different hyper-parameters. 

The results are shown in Table 2. 

Table 2. Result of ablation studies. 

Ablation Study 1: Changing Kernel Size 

Configuration Kernel Size Epoch × Training Time Test Accuracy Finding  

1 4 100 × 161 s 81.25% Previous accuracy 

2 3 100 × 135 s 83.68% Highest accuracy 

3 2 100 × 135 s 78.54% Accuracy dropped 

4 5 100 × 170 s 80.71% Accuracy dropped 

Ablation Study 2: Changing the Loss Function 

Configuration Loss Function Epoch × Training Time Test Accuracy Finding  

1 
Categorical Cross-

entropy 
100 × 135 s 83.68% Highest accuracy 

2 Mean Squared Error 100 × 135 s 78.15% Accuracy dropped 

3 Mean absolute error 100 × 135 s 79.55% Accuracy dropped 

Ablation Study 3: Changing the Type of Pooling Layer 

Configuration Type of Pooling Layer Epochs × Training Time Test Accuracy  Findings 

1 Max  100 × 135 s 83.83% Highest accuracy 

2 Average 100 × 135 s 83.68% Previous accuracy 

Ablation Study 4: Changing the Activation Function 

Configuration Activation Function Epochs × Training Time Test Accuracy Findings  

1 Tanh  100 × 135 s 79.74% Accuracy dropped 

2 ReLU 100 × 135 s 83.83% Previous accuracy 

3 PReLU 100 × 135 s 84.52% Highest accuracy 

4 Leaky ReLU 100 × 135 s 83.33% Improved accuracy 

Ablation Study 5: Changing Optimizer 

Configuration  Optimizer Epochs × Training Time Test Accuracy  Findings 

1 Adam 100 × 135 s 84.52% Previous accuracy 

2 Nadam 100 × 135 s 85.28% Highest dropped 

3 SGD 100 × 135 s 79.28% Accuracy dropped 

4 Adamax 100 × 135 s 84.27% Accuracy dropped 

5 RMSprop 100 × 135 s 83.95% Accuracy dropped 

Ablation Study 6: Learning Rate 

Configuration  Learning Rate Epochs × Training Time Test Accuracy  Findings  

1 0.0001 100 × 135 s 85.42% Improved accuracy 

2 0.001 100 × 135 s 85.28% Previous accuracy 

3 0.008 100 × 135 s 84.85% Accuracy dropped 

4 0.0008 100 × 135 s 85.69% Highest accuracy 

Ablation Study 1: Kernel size. 

Various convolutional layer kernel sizes have been investigated in this study. Four 

kernel sizes (2, 3, 4, and 5) are trialed. A kernel of size 3 obtained the maximum accuracy, 
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of 83.68%, with a low per epoch training time of 135 s (Table 2). So, a kernel size of 3 is 

used in the CNN model. 

Ablation Study 2: Loss function 

To achieve peak results, various loss functions are evaluated: categorical cross-

entropy, mean absolute error, and mean squared error. The model achieved the highest 

test accuracy of 83.68% (Table 2) with the categorical cross-entropy loss function. 

Therefore, this loss function is utilized in the final model. 

Ablation Study 3: Pooling layer 

Experimentation with both maxpooling and average pooling layers demonstrates 

that the highest performance is achieved with the maxpooling layer resulting in an 

accuracy of 83.83%. Hence maxpooling layers are utilized in the final CNN model. 

Ablation Study 4: Activation function 

Various activation functions, Exponential Linear Units (ELU), Tanh, ReLU, SoftPlus, 

and SoftSign, are tested with the CNN model in order to find the best suited for our model 

(Table 2). Results show that PReLU performed the best, with an accuracy of 84.52%. 

PReLU is selected for further ablation studies. 

Ablation Study 5: Optimizer 

Five distinct optimizers are used in the experiments: Adam, Nadam, SGD, Adamax, 

and RMSprop. Learning rates for all the optimizers are set to 0.001. The highest test 

accuracy, 85.28%, was achieved with the Nadam optimizer (Table 2). The Nadam 

optimizer is chosen for the final CNN model. 

Ablation Study 6: Learning rate 

Table 2 displays the results of evaluating the Nadam optimizer at various learning 

rates: 0.01, 0.008, 0.001, and 0.0008. The best results are obtained with a learning rate of 

0.0006, which results in a test accuracy of 85.69% while maintaining a per-epoch training 

duration of 135 s. Thus, the Nadam optimizer with a learning rate of 0.0008 is selected. 

The gradual increase oin accuracy through ablation case studies is shown in Figure 

29. 

 

Figure 29. Gradual increase of test accuracy in various ablation studies. 

3.2. Classification Performance of CNN Model 

The developed CNN network is trained using the four datasets generated with the 

Hessian, region-growing, color-coding, and clustering methods. The training accuracy, 

validation accuracy, test accuracy, recall, specificity, precision, and F1 score [56] are 

derived for every individual dataset. Table 3 depicts the classification results acquired 

from the four datasets for the CNN model. 
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Table 3. Evaluation metrics of all methods with CNN. 

Measure Hessian Region Growing Color-Coding Clustering 

Training accuracy 94.65% 92.57% 95.41% 97.76% 

Validation accuracy 88.52% 86.82% 94.85% 96.12% 

Test accuracy 88.78% 87.14% 92.36% 95.84% 

Recall 89.68% 89.87% 94.72% 97.15% 

Specificity 93.37% 91.31% 97.18% 98.88% 

Precision 87.79% 86.79% 90.66% 94.79% 

F1 score  88.71% 86.83% 92.75% 96.06% 

It can be observed from Table 3 that in all cases the model yields satisfactory training 

accuracies of 94.65%, 92.57%, 95.41%, and 97.76% for the Hessian, region-growing 

algorithm, color-coding, and clustering-based segmented datasets, respectively. 

However, for the Hessian and region-growing algorithm-based datasets, the validation 

and test accuracies drop significantly, to 88.52% and 88.78%, respectively, for the Hessian 

dataset and to 86.82% and 87.14%, respectively, for the region-growing algorithm. This is 

a clear identification of overfitting. For other metrics, the results were below 90% as well, 

except for specificity. A specificity of 93.37% and 91.31% is achieved for the Hessian and 

region-growing algorithm, respectively. In contrast, the color-coding and clustering-

based approaches provide promising outcomes, yielding validation accuracies of 94.85% 

and 96.12% and test accuracies of 92.36% and 95.84%, respectively. Looking at the other 

metrics, it is found that all the values are satisfactory for these approaches (>90%), though 

the clustering-based approach outperforms the others with a recall of 97.15%, a precision 

of 94.79%, a specificity of 98.88%, and an F1 score of 96.06%. However, for the color-

coding-based approach, a satisfactory recall of 94.72%, a specificity of 97.18%, a precision 

of 90.66%, and an F1 score of 92.75% were also achieved. 

We have also derived test accuracies for all four approaches for individual classes. 

Table 4 lists the classification results for individual classes of the four datasets. 

Table 4. Class-based accuracy of all methods with CNN. 

Class Hessian Region Growing Color-Coding Clustering  

Non-COVID 85.37% 86.87% 91.86% 94.61% 

COVID 87.61% 86.15% 92.14% 95.34% 

CAP 89.38% 88.87% 93.27% 96.38% 

Overall accuracy 88.78% 87.14% 92.36% 95.84% 

It can be seen that the best performance is achieved with the color-coding and 

clustering-based approaches for distinct classes as well. No significantly lower accuracy 

is observed for any individual class, which validates the robustness of these two 

approaches. For the clustering-based method, test accuracies of 94.61%, 95.34%, and 

96.38% are achieved for Non-COVID, COVID, and CAP, respectively. Likewise, for the 

color-coding approach, test accuracies of 91.86%, 92.14, and 93.27% are achieved for Non-

COVID, COVID, and CAP, respectively. The Hessian and region-growing algorithms 

resulted in comparatively poor outcomes for all classes, yielding test accuracies below 

90%. 

3.3. Classification Performance of CNN with LSTM and Attention Mechanism Model 

The proposed CNN with LSTM and Attention mechanism model is trained with four 

datasets, produced with the Hessian, region-growing, color-coding, and clustering-based 

approaches. For each of the approaches, the training accuracy, validation accuracy, test 

accuracy, recall, specificity, precision, and F1 scores are calculated. Table 4 shows the 
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classification results acquired with the four datasets for the CNN with LSTM and attention 

mechanism model. 

From Table 5 it can be seen that, like the CNN model, occurrence of over-fitting is 

observed for both the Hessian and region growing algorithms, yielding training 

accuracies 95.90% and 93.21% and validation accuracies 88.95% and 87.58%, respectively. 

However, with this model, the test accuracy increases slightly, by approximately 1%, for 

both methods. For color-coding and clustering, the test accuracy improves by around 2% 

in both cases. With the clustering approach, a training accuracy of 98.68%, validation 

accuracy of 96.83%, test accuracy of 97.12%, recall of 98.26%, specificity of 99.02%, 

precision of 99.02%, and F1 score of 97.57% are achieved. Though the clustering-based 

approach outperforms the other three techniques, a promising performance is also 

acquired with the color-coding-based approach. In this case, a training accuracy of 97.52%, 

validation accuracy of 96.47%, test accuracy of 94.61%, recall of 96.44%, precision of 

92.22%, specificity of 98.73%, and an F1 score of 94.97% are obtained. 

Table 5. Evaluation metrics of all methods with CNN modified with attention mechanism and 

LSTM. 

Measure Hessian Region Growing Color-Coding Clustering 

Training accuracy 95.90% 93.21% 97.52% 98.68% 

Validation accuracy 88.95% 87.58% 96.47% 96.83% 

Test accuracy 89.61% 88.28% 94.61% 97.12% 

Recall 91.46% 90.32% 96.44% 98.26% 

Specificity 94.88% 92.68% 98.73% 99.02% 

Precision 88.92% 87.85% 92.22% 99.02% 

F1 score (F1) 89.58% 88.43% 94.97% 97.57% 

In addition, the test accuracy for individual classes was derived for all four 

approaches. Table 6 lists the test accuracies acquired for individual classes of the four 

datasets. 

Table 6. Per-class accuracy of all methods with CNN modified with attention mechanism and 

LSTM. 

Class Hessian Region Growing Color-Coding Clustering  

Non-COVID 88.67% 87.43% 93.86% 96.61% 

COVID 88.24% 86.54% 94.62% 97.09 % 

CAP 90.27% 89.51% 95.71% 99.23% 

Over all accuracy 89.56% 88.28% 94.61% 97.12% 

Table 6 shows that for distinct classes, the best performance is attained with the color-

coding and clustering-based approaches. The model shows no bias to any of the classes, 

validating the robustness of our proposed network with these two approaches. In the 

color-coding-based method, for Non-COVID, COVID, and CAP, test accuracies of 93.86%, 

94.62%, and 95.71% are acquired, respectively. Likewise, for the clustering approach, for 

Non-COVID, COVID, and CAP, test accuracies of 96.61%, 97.09%, and 99.23% are 

achieved. In contrast, both the Hessian and region-growing algorithms yielded relatively 

poor results for all classes, with test accuracies below 90%. 

For the highest performing clustering-based approach trained on the CNN with 

LSTM and attention mechanism model, a confusion matrix and training curves were 

derived. They are presented in Figures 30 and 31, respectively. 
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Figure 30. Confusion matrix generated for the CNN with LSTM and attention mechanism-based 

model for the clustering-based approach. 

In the confusion matrix (Figure 30), true labels of the images are indicated by the row 

values, and the values predicted by the model are given by the column values. Diagonal 

values indicate correct predictions. The highest proportion of correct predictions is 

observed for CAP, with only two misclassifications. The model performed quite well in 

predicting the other two classes as well, with misclassifications below 25. This shows that 

the network is not biased to any specific class and yields good classification accuracies 

across all classes. 

 

Figure 31. Accuracy and loss curves for CNN with LSTM and attention mechanism model trained 

on the clustering-based approach dataset. 

Based on the accuracy curves (Figure 31), there is no evidence of overfitting while 

training the model, as both the training and validation curves are seen to be smoothly 

converging, having a minimal gap between them. Moreover, the loss curves are steadily 

decreasing from the first to the last epoch, with a small gap between them. No indication 

of overfitting and underfitting is noticed during the training phase of the model. 

3.4. Performance Comparison of the CNN + LSTM + Attention Mechanism Model with the 

Segmented CT Scan and Highlighted CT Scan 

To assess the significance of considering BA alterations in COVID-19 and pneumonia 

diagnosis, a performance comparison is presented based on test accuracies for the four 

approaches. Table 7 shows the results. 
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Table 7. Performance of proposed model on segmented CT scan dataset, color-coding-based 

approach, and clustering-based approach. 

Measure Segmented Lung CT Scan Color-Coding Clustering 

Training accuracy 92.45% 97.52% 98.68% 

Validation accuracy 89.39% 96.47% 96.83% 

Test accuracy 87.69% 94.61% 97.12% 

Recall 89.44% 96.44% 98.26% 

Specificity 93.73% 98.73% 99.02% 

Precision 83.09% 92.22% 99.02% 

F1 score (F1) 87.83% 94.97% 97.57% 

It can be observed from Table 7 that both the color-coding and the clustering-based 

approaches had better results than the proposed model with segmented lung images. In 

terms of test accuracies, a 5–8 % increase is observed, along with a 5–8% boost in F1 score 

for the color-coding and clustering-based approaches compared to the segmented lung 

CT scans. This is the consequence of enhancing the CT scans, which visually emphasizes 

characteristics of the CT scans which help to distinguish the different classes. The 

performance boost in the color-coding and clustering-based approaches justify the 

approach taken in this research. The CNN with LSTM and attention mechanism model is 

a robust classification model. 

3.5. Stability Analysis of the Proposed CNN + LSTM + Attention Mechanism Model in Terms  

of Complexity 

CNN with LSTM and attention mechanism model has proven to be quite effective in 

accurately classifying CT scans into three classes with a high accuracy of 97.12% on a 

clustering-based dataset and 94.61% on a color-coding-based dataset (Table 7). The model 

is trained multiple times with clustering-based and color-coding-based datasets utilizing 

various K-fold configurations to measure the performance consistency of the model. A 

total of 8 k fold configurations are experimented with where the K value ranges from 3 to 

20 (Table 8). The proposed model is also evaluated in terms of complexity and training 

time for the two best datasets (color coding and clustering). 

Table 8. Stability of the proposed model in terms of complexity. 

Dataset 
K-Fold 

Configurations 
Accuracy (%) 

Per Epoch Training 

Time (second) 

Total Training Time 

(hour) 
RAM Usage 

Color coding 

3 fold 94.48 130–135  3.5–3.75 62% 

5 fold 94.55 130–135  3.5–3.75 61% 

7 fold 94.51 130–135  3.5–3.75 62% 

10 fold 94.59 130–135  3.5–3.75 63% 

13 fold 94.63 130–135  3.5–3.75 62% 

15 fold 94.65 130–135  3.5–3.75 62% 

17 fold 94.58 130–135  3.5–3.75 61% 

20 fold 94.63 130–135  3.5–3.75 63% 

Clustering 

3 fold 96.95 130–135  3.5–3.75 63% 

5 fold 97.04 130–135  3.5–3.75 64% 

7 fold 97.02 130–135  3.5–3.75 63% 

10 fold 97.18 130–135  3.5–3.75 65% 

13 fold 97.20 130–135  3.5–3.75 64% 

15 fold 96.98 130–135  3.5–3.75 63% 

17 fold 97.06 130–135  3.5–3.75 63% 

20 fold 97.11 130–135  3.5–3.75 65% 
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It can be observed from Table 8 that the model yields accuracies close to the highest 

accuracy in every fold for both the color-coding and clustering datasets while maintaining 

identical training periods. The results of K-fold cross-validations indicate that consistent 

performance is achieved across all configurations. The accuracy is in the range of 96.95–

97.20% for the clustering-based dataset and in the range of 94.40–94.65% for the color-

coding-based dataset. Furthermore, a stable per epoch training time of 130–135 s and total 

training time of 3.5–3.75 s is recorded across all k-fold configurations for both datasets. A 

similar RAM usage of 61–63% is recorded for both datasets over all k-folds, where the 

total usable RAM is 12 GB. This demonstrates the stability of the model in terms of 

complexity while trained with two different preprocessed datasets. Furthermore, no 

significant drop in performance could be observed for any k-fold configuration, which 

further validates the consistency of the performance. 

3.6. Discussion 

Based on previous literature, features such as bronchi, arteries, and blood vessels can 

have an impact in distinguishing lung disease classes from CT scans. In recent times, 

COVID-19 and pneumonia have been getting researchers’ attention. Several state-of-the-

art automated methods have been developed for classifying diseases. BA distortions are 

also considered important indicators of lung disease severity. In COVID-19 research, this 

should be taken into account. In this study, classification is performed using different 

methods to highlight BA pairs. Based on the high classification accuracies obtained with 

the color-coding and clustering-based approaches, it can be stated that the BA pairs were 

successfully highlighted. For the other two approaches, the Hessian and the region-

growing algorithms, it could be observed that several important regions, especially 

bronchi, were eliminated. This may be the cause of the comparatively poor classification 

outcomes. The possible reason for the high classification accuracy while applying color-

coding and clustering-based methods can be that no relevant information about the lungs 

is eliminated. The BA pairs are highlighted while other information is preserved. In 

clinical appliances, the experts look for different alterations of the lung information to 

identify the disorder. Our approach may assist clinicians in diagnosing lung disorders 

more accurately as no relevant information is lost from the image, but the important 

features are highlighted by the proposed approach. 

4. Conclusions 

In this research, a robust automated framework is introduced, combined with the 

segmentation of lungs, detection of BA changes, and categorization of lung disorders 

introducing deep learning techniques. To detect the BA structural distortions, the lungs 

are first segmented from the CT scans utilizing several image preprocessing algorithms. 

We applied four automated approaches to the segmented dataset to detect BA structural 

alterations associated with lung disorders. Two different deep learning architectures: (a) 

a CNN and (b) a CNN with LSTM and an attention mechanism, are employed to classify 

lung diseases using the datasets acquired from the four approaches, and the performance 

is compared. CNN with LSTM and an attention mechanism outperforms CNN, yielding 

a test accuracy of 97.12% when applied to the dataset achieved from the clustering-based 

detection method. CNN achieved a test accuracy of 95.84%. Similarly, for the other 

approaches, a 1–2% accuracy gain is observed with the improved model. The accuracy 

and loss curves and the outcomes achieved from the k-fold cross-validation confirm the 

robustness of the approach with no indication of overfitting. 
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