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Abstract  

 The accurate diagnosis of pneumonia, tuberculosis, and COVID-19 using computed tomography (CT) 

images is critical for radiologists. Artificial intelligence (AI) has been introduced as a tool to aid in rapid 

diagnosis. In this study, we evaluated 4 deep learning models, including AlexNet, GoogleNet, ResNet, and 

deep convolutional neural network (DCNN), to classify CT images of tuberculosis, pneumonia, and 

COVID-19. We collected 2,134 normal images, 943 images of tuberculosis, 2,041 images of pneumonia, 

and 3,917 images of COVID-19 from online datasets. To assess the efficiency of the models, we measured 

their image classification performance such as accuracy, F1 score, and area under the curve. Our 

performance evaluation indicated that ResNet was the highest-performing model, with the best accuracy, 

F1 score, and area under the curve (0.966, 0.931, 0.954, respectively). The second-best performing model 

was DCNN, while AlexNet and GoogleNet had the next-best performance, respectively. The deep learning 

models exhibit a capability that could be viewed as a substitute for predicting lung diseases and could be 

employed to support radiologists in CT image screening. 
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Introduction 

The modern medical imaging modality plays a crucial role in helping doctors diagnose various 

abnormalities in patients. One of the most commonly used imaging modalities is computed tomography 

(CT), which creates 3-dimensional images of organs and presents more details than traditional X-ray 

radiography [1,2]. 

The COVID-19 epidemic continues to be pervasive around the world. In April 2022, the World Health 

Organization (WHO) reported more than 6 million attributable deaths in addition to over 500 million 

confirmed cases of infection [3]. X-ray radiography and CT imaging are interesting options to diagnose 

COVID-19. However, lesions of COVID-19 in chest X-ray radiography and CT imaging have similar 

characteristics to pneumonia and tuberculosis lesions, such as ground-glass opacity, fibrosis, and 

consolidation [4,5], which the specialist radiologist is required to classify. As mentioned, these infections 

can cause similar symptoms and can be difficult to distinguish from one another based on CT images alone. 

In chest CT images, one of the most difficult things to classify is distinguishing between different 

types of lung disease, such as those caused by tuberculosis, pneumonia, and COVID-19. CT images of 

patients with tuberculosis typically show diffuse or patchy areas of lung infiltration, often with a nodular 

or reticulonodular pattern [6]. Pneumonia caused by bacterial or viral infections can appear on CT images 

as patchy areas of lung infiltration, typically with a more homogeneous appearance than tuberculosis. 

Ground-glass opacity, which are hazy areas of lung tissue that appear darker than normal [7,8]. CT images 

of COVID-19 often show diffuse or patchy areas of lung infiltration, with a ground-glass opacity 

appearance being the most common pattern. Consolidation, which are denser areas of lung tissue that appear 

white on CT images [9-11]. 

There is significant overlap in the imaging features of these 3 diseases, and the final diagnosis is often 

based on a combination of clinical, laboratory, and imaging findings. Additionally, the imaging features 

can vary depending on the stage of the disease and the individual patient. The characteristic features of 

these infections on CT images are often subtle and can overlap, making it difficult for radiologists. 

A previous study reported that a lack of expert radiologists may affect the screening and interpretation 

of lung diseases and COVID-19 [12]. Therefore, the diagnosis of lung diseases and COVID-19 is a 
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challenge in the field of medicine. Automatic programming called computer-aided diagnosis (CAD) is a 

system that can help radiologists decide and analyze abnormalities in radiographs [13]. 

Despite the progress made in this field, there are still concerns when it comes to classifying lung 

diseases from CT images, such as high variability in imaging features, overlap in imaging features, limited 

dataset, data bias, limited interpretability, and limited performance in low-resource settings [14,15]. 

Computer-aided diagnosis is an efficient and high-performance technology that uses Artificial 

Intelligence (AI) to detect and classify specific diseases [16]. Machine learning and deep learning are 

methods that enable the learning and classification of information from image data and feature extraction 

of images [17]. Deep learning generates high-performance models that are used to predict and classify 

diseases [18]. The accuracy of diagnostics is necessary. Therefore, deep learning can help correct the 

problems according to the similar lesions on chest radiographs. 

The deep learning architecture is designed with complex layers of a neural network to increase the 

efficacy of learning and identify different structures in images. Radiology uses deep learning to classify 

breast lesions [19], brain lesions [20], lung diseases [21-23], etc. The different neural network layers of the 

model are referred to in the performance of deep learning. 

Deep learning is a form of artificial intelligence used to learn features and then classify groups of 

images. Several studies have reported on the classification of multi-diseases such as cancer, pneumonia, 

tuberculosis, and COVID-19 in CT images using deep learning [24,25]. 

In recent years, deep learning has become the conventional technique for lung disease detection in 

CT images. Two processes, lung segmentation and lung disease classification, are recommended for 

detecting different diseases. In Du et al. [26], researchers proposed an image segmentation architecture in 

order to prepare the lung region image using an encoder-decoder architecture. The encoder-decoder 

structure is widely used in deep learning and consists of 2 components: An encoder part and a decoder part. 

An encoder takes variable-length sequences as input images, and a decoder acts as a conditional model, 

taking in the encoder input, and then leftward context the target sequence before predicting the subsequent 

image in the output process [27]. SegNet is one encoder-decoder model proposed by researchers [28] for 

semantic pixel-wise segmentation. U-Net [29] and W-Net [30] are development models of encoder-decoder 

architecture for image segmentation. [31] proposed U-Net for lung image segmentation on chest X-ray and 

reached a Dice coefficient of 0.9860, while [32,33] proposed U-Net for lung CT image segmentation with 

a Dice coefficient of 0.9502 and an accuracy of 0.95, respectively. Park et al. [34] introduced W-Net for 

cervix region segmentation, obtaining a result with a Dice coefficient of 0.71, while [35] proposed W-Net 

for Organs at Risk (OAR) segmentation on chest CT images, achieving an average dice similarity 

coefficient of 80.6 to 93.4 % and a Harsdorf distance of 0.5905 to 0.8961. 

Regarding image classification of CT images, Alshazly et al. [36] studied COVID-19 and non-

COVID-19 image classification using ResNet50 and obtained an accuracy of 0.81, sensitivity of 0.79, 

specificity of 0.90, and F1 score of 0.78. Yang et al. [37] adapted Fast ResNet50 and Fast ResNet152 to 

enable an accuracy of 0.963 and 0.962, respectively. The accuracy of ResNet152V2+GRU by Ibrahim et 

al. [38] was 0.961. 

In the tuberculosis study, Lakhani and Sundaram [39] examined the use of AlexNet-TA and 

GoogleNet-TA for predicting tuberculosis, with an accuracy of 0.933 for AlexNet-TA and 0.953 for 

GoogleNet-TA. In the pneumonia study, Tan et al. [40] used VGG to predict pneumonia with an accuracy 

of 0.979. [41] used DRE-Net to extract pneumonia and normal chest CT images, achieving an accuracy of 

0.94. 

For multiclass image classification, Xu et al. [42] proposed a 3D convolutional neural network based 

on ResNet for classifying COVID-19, pneumonia, and normal, with an overall accuracy of 86.7 %. Nair et 

al. [43] compared 6 deep learning models, including AlexNet, VGG-16, SqueezeNet, VGG-19, ResNet-50, 

and CORNet to classify the COVID-19, pneumonia, and normal, CORNet is the highest performance with 

94 % sensitivity, 96 % specificity, and 0.96 AUC. [44] presented CCSHNet for classifying 284 COVID-

19, 281 pneumonia, 293 tuberculosis, and 306 normal CT images. The model achieved F1 scores of 96.46, 

96.33, 97.64 and 97.62 % for the 4 classes, respectively. 

The research process involves 3 main steps: lung segmentation, image classification, and result 

evaluation. The encoder-decoder model is used for lung segmentation, while the 4 models are applied to 

image classification. The performance of the models is evaluated using a multi-confusion matrix. 

The process begins with lung segmentation, where the encoder-decoder model segments the lungs in 

chest CT images. The segmented images are then classified into 4 categories: Normal, pneumonia, 

tuberculosis, and COVID-19, using the 4 neural networks. 

The objective of this study is to compare the performance of 4 models (AlexNet, GoogleNet, ResNet, 

and deep convolutional neural network (DCNN)) in classifying images of pneumonia, tuberculosis, 
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COVID-19, and normal lungs, taking into account the aforementioned difficulties and concerns associated 

with this task. 

 

Materials and methods 

This study consists of 2 parts: Lung segmentation and lung disease and COVID-19 classification. 

 

Dataset preparation  

This section explains the datasets used in the study. The datasets were divided into 2 parts for lung 

segmentation and lung disease classification. 

 

Segmentation dataset   

A total of 267 chest computed tomography (CT) images, consisting of chest CT images and mask 

images, were collected from Kaggle [45]. The images were in Portable Network Graphics (PNG) format 

with 8 bits, and the size of each image was converted to 256×256 pixels. 

 

Lung disease classification dataset  

The chest (CT) images used in this study were collected from 4 databases: Kaggle [45], Github [46], 

Radiopedia [47], and The National Genomics Data Center, Mendeley Data [48]. The images for 

classification consisted of 9,035 chest CT images, including 2,134 normal chests, 2,041 with pneumonia, 

943 with tuberculosis, and 3,917 with COVID-19. The images were divided into 3 sets: 70.0 % for the 

training set, 20.0 % for the validation set, and 10.0 % for the test set. All images were converted to Portable 

Network Graphics (PNG) format with 256×256 pixels and 8 bits. 

 

Methods 

Figure1 show the diagram of this study, consists of 2 parts: Image segmentation and image 

classification. The model architecture of the image segmentation was an encoder-decoder model, and 4 

models (AlexNet, GoogleNet, ResNet, and DCNN) were used for the classification. Both sections were 

processed using a graphic processing unit (GPU: Tesla P100-PCIE) of Google Colab Pro [49]. 

 

 
Figure 1 Diagram of this study. 
 
 

Training for lung segmentation 

Chest CT images were segmented using the encoder-decoder model [50]. The architecture of the 

model is shown in Table 1 and Figure 2. The 267 chest CT images were converted to 256×256×1 pixel. 

The images were processed by 3 layers of convolutional (3×3) with the rectified linear activation function 

(Relu) followed by max pooling (2×2). Before the decoder process, the images were transferred from the 

encoder to the decoder by a dense (128) layer with the Relu function. The transfer image was processed by 

3 upsampling (2×2) layers and followed by convolutional (3×3) with the sigmoid function. Finally, the 

output error was evaluated by binary cross-entropy loss and accuracy. The image segmentation model was 

trained using a learning rate of 0.2 with a lower bound on a learning rate of 0.00001. The network training 

was set to a batch size of 32 for 100 epochs. The trained model was used to segment the lung region of the 

initial image in the image classification section. 
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Table 1 Encoder - decoder model to segment the initial computed tomography image [50]. 

Convolutional Encoder Convolutional Decoder 

Input, 256×256×1 Output, loss + Accuracy 

Conv2D (3×3, 32) + Relu 

MaxPooling 2×2 

UpSampling 2×2 

Conv2D (3×3, 1) + Sigmoid 

Conv2D (3×3, 64) + Relu 

MaxPooling 2×2 

UpSampling 2×2 

Conv2D (3×3, 64) + Sigmoid 

Conv2D (3×3, 128) + Relu 

MaxPooling 2×2 

UpSampling 2×2 

Conv2D (3×3, 128) + Sigmoid 

Dense 128 + Relu 

(Encoder transfer to Decoder) 

 

 

 
Figure 2 The encoder - decoder model. 

 

 

Structure of 4 models  

This study introduces 4 models, including AlexNet, GoogleNet, ResNet, and DCNN, for comparing 

the performance of lung CT image classification for 4 classes (tuberculosis, pneumonia, COVID-19, and 

normal). Table 2 and Figure 3 show the different structures of the 4 models. Each model consists of 5 

blocks. The first input layer of the 4 models was similar at 256×256×1. The first to fifth blocks were varied 

by each architecture, and the output layer of the 4 models was a dense layer with Softmax (4 classes of 

tuberculosis, pneumonia, COVID-19, and normal). 
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Figure 3 The structure of 4 models (a) AlexNet, (b) GoogleNet, (c) ResNet, and (d) DCNN. 

 
Training for lung disease classification 

To train the model, all 9,035 Chest CT Images in the classification dataset were segmented in the lung 

region using the segmentation method trained by the encoder-decoder model. Subsequently, the segmented 

images in the training (70 %) and validation (20 %) sets were processed by 4 models (AlexNet, GoogleNet, 

ResNet, and DCNN) for training and verification. The training parameters consisted of a batch size of 32 

for 60 epochs. The optimizer used was the Adam method, and the loss function used was cross-entropy. 

The accuracy was evaluated. The test set (10 % of chest CT images) was evaluated by the 4 models, and 

their performance was compared. The accuracy of the training phases for AlexNet was 0.998 with a loss of 

0.00058, while the accuracy of GoogleNet was 0.991 with a loss of 0.0354, the accuracy of ResNet was 

0.999 with a loss of 0.0025, and the accuracy of DCNN was 1.000 with a loss of 7.8e-08. 

 
Table 2 The structure of 4 models (AlexNet, GoogleNet, ResNet, and DCNN model). 

Model AlexNet GoogleNet 
Residual Network 

(ResNet) 

Deep convolutional 

neural network (DCNN) 

Input layer 256×256×1 256×256×1 256×256×1 256×256×1 

1st Blocks 

A Conv + Relu +  

a batch normalization + 

a MaxPooling 

A Conv + Relu 

+ a MaxPooling 

A Conv + a batch 

normalization + Relu + 

a MaxPooling 

Two Conv + Relu 

+ a MaxPooling 

2nd Block 

A Conv + Relu 

+ a batch normalization 

+ a MaxPooling 

Two Conv+ Relu + a 

MaxPooling 

 

A ResNet block+ 

GlobalAvePooling 

Two Conv + Relu 

+ a MaxPooling 

3rd Block A Conv + Relu 
Two inceptions + 

MaxPooling 

A ResNet block+ 

GlobalAvePooling 

Three Conv + Relu 

+ a MaxPooling 

4th Block A Conv + Relu 
Five inceptions + 

MaxPooling 

A ResNet block+ 

GlobalAvePooling 

Three Conv + Relu 

+ a MaxPooling 

5th Block 

A Conv + Relu 

+ a batch normalization 

+ a MaxPooling 

Two inceptions + 

AvePooling  

(0.4 dropout) 

A ResNet block + 

GlobalAvePooling 

Three Conv + Relu 

+ a MaxPooling 

Output layer 

A flattened layer 

Two dense layers + 

Relu, the second dense 

layer (0.5 dropout) 

+ Softmax (4 class) 

A flattened layer 

Two dense layers + 

Softmax (4 class) 

A dense + 

Softmax (4 class) 

A flattened layer 

Two dense layers (0.2 

dropout) + Softmax (4 

class) 

Conv = Convolutional, Relu = Rectified linear unit 
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Performance evaluation 

The performance of the 4 models (AlexNet, GoogleNet, ResNet, and DCNN) was evaluated using a 

multi-confusion matrix that classified 4 types of chest CT images (normal, pneumonia, tuberculosis, and 

COVID-19). The matrix describes the performance of the classifier in 4 terms: 

True Positives (TP): Model detects correctly classified normal, pneumonia, tuberculosis, and COVID-

19 images.  

True Negatives (TN): Model cannot detect lesions on non-lesion images.  

False Positives (FP): Model detects a lesion on a non-lesion or incorrect lesion.  

False Negatives (FN): Model cannot detect lesions on an image with a lesion. 

The accuracy, sensitivity (recall, true positive rate (TPR)), specificity, positive predictive value (PPV, 

precision), negative predictive value (NPV), F1 score, false positive rate (FPR), true negative rate (TNR), 

false negative rate (FNR), area under curve (AUC) [51], positive likelihood ratio (LR+), and negative 

likelihood ratio (LR-) were calculated using Eqs. (1) - (12) to evaluate the performance of the 4 models on 

the multi-confusion matrix.  

 

Accuracy =
TP+TN

TP+TN + FP+FN
                 (1) 

 

Sensitivity (recall, TPR) = 
TP

TP + FN
                (2) 

 

Specificity =
TN

TN + FP
                (3) 

 

Positive predictive value(precision) = 
TP

TP + FP
            (4) 

 

Negative predictive value =  
TP

TP + FP
             (5) 

 

F1- score = 2×
precision×recall

prescision+recall
               (6) 

 

False positive rate (FPR) =
FP

TN+FP
              (7) 

 

True negative rate (TNR) =
TN

TN+FP
               (8) 

 

False negative rate (FNR) =
FN

TP+FN
               (9) 

 

Area under curve(AUC) =
1

2
(

TP

TP+FN
+

TN

TN+FP
)                   (10) 

 

Positive likelihood ratio (LR+) = 
sensitivity

1-specificity
                                                              (11) 

 

Negative likelihood ratio (LR-) = 
1-sensitivity

specificity
                     (12) 

 

Eq. (1) was used to evaluate the ability of the models to correctly label the 4-class data inputs. Eqs. 

(2) and (3) were used to determine the positive and negative examples of images, while Eqs. (4) and (5) 

were used to assess the accuracy of the model's predictions for positive and negative image examples. Eqs. 

(7) - (9) were used to measure the frequency of the model’s predictions for positive and negative image 

examples. Eqs. (6), (10) - (12) were employed to evaluate the model’s ability to distinguish between positive 

and negative image examples. 

 

Results 

In this study, 9,035 chest CT images obtained from 4 online datasets were segmented using an 

encoder-decoder model to isolate the lung region. Figure 4 depicts the initial chest CT image, the ground 

truth masks, the masks generated by the encoder-decoder model, and the area of the generated mask on the 

chest CT images, demonstrating the high performance of the lung segmentation model. The segmented 
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shape of the lungs and the ground truth masks were closely related, with the lung segmented area completely 

covering the lung region. 

 

 

Figure 4 The result of lung segmentation images (a) Initial images, (b) Marks, (c) Segmentation predicted, 

and (d) lung segmentation area. 

 

The lung segmented CT test image group was classified using 4 classification model architectures: 

AlexNet, GoogleNet, ResNet, and DCNN. The confusion matrix of the 4 models is shown in Figure 5. All 

4 models demonstrated high-performance decision for image classification. The matrix is crucial, and the 

true positive value indicates that the 4 models can classify pneumonia, tuberculosis, COVID-19, and normal 

CT images. 

Figure 6 shows the accuracy values closely. The accuracy of both ResNet and GoogleNet models for 

normal images was 0.931, DCNN was 0.917, and AlexNet was 0.915. The accuracy for pneumonia was 

highest in ResNet (0.997), followed by DCNN (0.980), AlexNet (0.973), and GoogleNet (0.956). The 

accuracy for tuberculosis was highest in AlexNet (1.000), followed closely by ResNet (0.999), DCNN 

(0.994), and GoogleNet (0.978). The accuracy for COVID-19 was highest in ResNet (0.936), followed by 

DCNN (0.912), GoogleNet (0.901), and AlexNet (0.899). 

The sensitivity and negative predictive value were trending like the accuracy. The ResNet model had 

the highest sensitivity for normal and pneumonia, with 0.994 and 0.990, respectively. Except for 

tuberculosis, where AlexNet (1.000) was higher than ResNet (0.999), and in the case of COVID-19, where 

DCNN (0.967) was higher than ResNet (0.887). The negative predictive value of ResNet for normal and 

pneumonia was 0.999 and 0.997, respectively. AlexNet (1.000) had the highest negative predictive value 

for tuberculosis, while for COVID-19, DCNN was the highest with 0.979. 

The specificity and positive predictive value of DCNN were the highest for normal and pneumonia. 

The specificity was 0.970, 0.967, and the positive predictive value was 0.907, 1.000, respectively. In the 

case of COVID-19, ResNet (1.000) was the highest, and in the case of tuberculosis, ResNet, DCNN, and 

AlexNet had higher specificity and positive predictive values than GoogleNet (0.996 and 0.968, 

respectively). 

ResNet was the highest in F1 score for pneumonia and COVID-19 (0.993 and 0.931, respectively). 

For tuberculosis, AlexNet (1.000) remained the highest, and in the case of normal, DCNN (0.838) was the 

highest, followed by GoogleNet (0.836), ResNet (0.832), and AlexNet (0.815). 
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Figure 5 The confusion matrix of (a) AlexNet, (b) GoogleNet, (c) ResNet, and (d) DCNN. 

 

 

 
 

Figure 6 The performance for model correctly label data, ability of model determines, and accuracy predicts 

the positive and negative images of 4 model (a) AlexNet, (b) GoogleNet, (c) ResNet, and (d) DCNN. 
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Table 3 The result of evaluation of ability of model prediction for frequently the accuracy of the model’s 

predictions for positive and negative image, and evaluate the model's ability to distinguish between positive 

and negative image of the 4 models (AlexNet, GoogleNet, ResNet, and DCNN) for each image group. 

  TPR TNR FPR FNR AUC LR+ LR- 

N
o

rm
al

 AlexNet 0.837 0.937 0.063 0.163 0.887 13.361 0.173 

GoogleNet 0.963 0.924 0.076 0.037 0.944 12.748 0.040 

ResNet 0.994 0.919 0.081 0.006 0.956 12.232 0.007 

DCNN 0.779 0.970 0.030 0.221 0.874 25.555 0.228 

P
n

eu
m

o
n

ia
 AlexNet 0.898 0.999 0.001 0.102 0.948 609.898 0.102 

GoogleNet 0.845 0.996 0.004 0.155 0.920 187.769 0.156 

ResNet 0.990 0.999 0.001 0.010 0.994 693.171 0.010 

DCNN 0.919 1.000 0.000 0.081 0.959 inf 0.081 

T
u

b
er

cu
lo

si
s AlexNet 1.000 1.000 0.000 0.000 1.000 inf 0.000 

GoogleNet 0.844 0.996 0.004 0.156 0.920 223.951 0.157 

ResNet 0.990 1.000 0.000 0.010 0.995 inf 0.010 

DCNN 0.950 1.000 0.000 0.050 0.975 inf 0.050 

C
O

V
ID

-1
9

 AlexNet 0.895 0.903 0.097 0.105 0.899 9.196 0.116 

GoogleNet 0.883 0.914 0.086 0.117 0.899 10.258 0.128 

ResNet 0.871 1.000 0.000 0.129 0.936 inf 0.129 

DCNN 0.967 0.879 0.121 0.033 0.923 8.003 0.037 

TPR =True positive rate / TNR = True negative rate / FPR = False positive rate / FNR = False negative 

rate/ AUC =Area under curve / LR+ =Positive likelihood ratio / LR- =Negative likelihood ratio/ inf = 

infinity value 

 

Table 3 shows the results of evaluating the models’ ability to predict positive and negative images, 

and their ability to distinguish between the 2. The AUC indicates the model's ability to distinguish between 

positive and negative images, calculated using Eq. (10) which represents the AUC originated from the true 

positive rate and true negative rate. ResNet had the highest AUC for normal, pneumonia, and COVID-19 

(0.956, 0.994, and 0.936, respectively), while AlexNet was highest for tuberculosis (1.0). 

LR+ represents the probability of a positive prediction from the model, and ResNet had the highest 

LR+ value for pneumonia, while it was infinity for tuberculosis and COVID-19. DCNN had the highest 

LR+ for normal images. The infinity value occurred because of the equation of LR+ which is equal to 

sensitivity/(1-specificity), and the specificity value being equal to 1.0. The LR+ of DCNN for pneumonia, 

AlexNet, ResNet, and DCNN for tuberculosis, and ResNet for COVID-19 were infinity (inf) values. 

LR- represents the probability of a negative prediction from the model, and ResNet had the highest 

LR- value for normal and pneumonia. AlexNet remained the best model for tuberculosis, and DCNN was 

the best model for COVID-19. 

 

Table 4 The result of overall performance of the model's ability to distinguish between positive and 

negative image of the 4 models (AlexNet, GoogleNet, ResNet, and DCNN). 

 accuracy sensitivity specificity F1 score AUC LR+ LR- 

AlexNet 0.947 0.894 0.965 0.894 0.929 25.281 0.110 

GoogleNet 0.941 0.883 0.961 0.883 0.922 22.613 0.122 

ResNet 0.966 0.931 0.977 0.931 0.954 40.790 0.070 

DCNN 0.951 0.902 0.967 0.902 0.934 27.506 0.102 

AUC =Area under curve / LR+ =Positive likelihood ratio / LR- =Negative likelihood ratio 

 

Table 4 confirm that the ResNet is the best model for classification the 4 lung lesions (pneumonia, 

tuberculosis, COVID-19, and normal) of CT images. Secord is DCNN, third is AlexNet, and then 

GoogleNet, respectively.  
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Discussion 

In this study, we compared 4 models (AlexNet, GoogleNet, ResNet, and DCNN) for classifying 4 

types of lung lesions (pneumonia, tuberculosis, COVID-19, and normal) in CT images. The input image 

was a 256×256×1 matrix size lung segmentation, saved as an 8-bit PNG file format. We used 4 different 

input image datasets without any preprocessing for training, validation, and testing. During training, the 

AlexNet, GoogleNet, ResNet, and DCNN models were trained using a batch size of 32 for 60 epochs, with 

the Adam optimizer, binary cross-entropy loss, and accuracy metric. Results were compared using multiple 

confusion metrics, and the ResNet model performed the best in terms of accuracy of model prediction, 

correctly predicting the labels for all 4 classes of input data (tuberculosis, pneumonia, COVID-19, and 

normal). 

The F1 score indicates the recall or sensitivity and precision of the model. Recall and precision are 

common metrics that take into account class imbalance. The F1 score is an average of both values and 

weights the recall and precision, showing the model’s overall performance. In this work, we found that the 

ResNet model had the highest F1 score. 

Moreover, the AUC, LR+, and LR- can describe the ability of the model to distinguish between 

positive and negative images. The AUC in this study was calculated using the influence of true positive 

rate and true negative rate, indicating the model's ability for positive and negative results of model 

prediction [51]. To test the clinical viewpoint of the model, we calculated the likelihood ratio for positive 

and negative test results to confirm the F1 score and AUC. The positive likelihood ratio (LR+) tests the 

probability of a positive image, given the image has no positive result. Conversely, the negative likelihood 

ratio (LR-) tests the probability of a negative image, given the image has no negative result [52,53]. Results 

show that the AUC, LR+, and LR- of the ResNet model were the best for distinguishing between positive 

and negative images. 

Table 5 shows a comparison between previous studies and our own. Chuansheng Zheng et al. [54] 

used a dataset from Union Hospital, Tongji Medical College, Huazhong University of Science and 

Technology, China, which consisted of 540 patients, including 313 COVID-19 and 229 other images. The 

U-Net architecture was used for lung segmentation, and DeCovNet classified the image class. DeCovNet 

was divided into 3 stages: The first was a convolution layer, the second had 2 ResNet blocks, and the third 

was a progressive classification layer with softmax. The accuracy was 90.1 %, AUC was 0.95, sensitivity 

was 90.7 %, and specificity was 90.11 %. However, the imperfect ground-truth mask affected the lung 

segmentation, and a dataset and cross-center validation were not performed. 

Li et al. [55] collected 4,536 chest CT images from 3,506 patients at 6 medical centers, including 

1,296 COVID-19, 1,735 pneumonia, and 1,325 normal images. The U-Net architecture was used for lung 

segmentation, and the CovNet consisted of a ResNet50 backbone for image classification. The AUC was 

0.96 %, sensitivity was 90.0 %, and specificity was 96.0 %. 

S Walvekar and S Shinde [56] collected 359 images of COVID-19, pneumonia, and normal images 

from Joseph Paul Cohen, Paul Morrison, and Lan Dao’s collection. The images were augmented by vertical 

flip only to increase the dataset size. There was no lung segmentation step, and the augmented images were 

classified by ResNet50 with an input image size of 224×224×3. The accuracy was 96.23 %, F1 score was 

0.963, sensitivity was 97.15 %, and precision was 95.60 %. 

Lahsaini et al. [57] collected 4,986 CT images of 177 patients, including 1,868 COVID-19 and 3,118 

other diseases, from the University Hospital of Tlemcen, Algeria. The images were augmented by rotation, 

width shift, height, rescale, shear range, zoom range, horizontal flip, and vertical flip. The input image size 

was 128×128×3, and the Densenet201 base was used for classification. The accuracy was 98.8 %, AUC 

was 0.98, sensitivity was 98.54 %, and specificity was 99.22 %. 

Zhang et al. [58] collected 29,278 images (9,420 COVID-19, 9,858 pneumonia, and 10,000 normal) 

with a 32×32 image size from 2019nCoVR.  SegNet-Lung model with a U-net architecture was use for lung 

segmentation. The CapsNet was used for classification, and the accuracy was 84.29 %. 

The objective of image segmentation is to select the structures in medical images. Due to the high 

efficiency and accuracy of model learning, segmentation of the initial image can help improve classification 

[59]. Previous studies indicate that segmentation techniques for lung segmentation improve the 

performance of image classification [60]. The U-Net architecture is a commonly used technique for 

segmentation in medical images [61,62]. Other techniques include convolutional neural networks (CNNs), 

recurrent neural networks (RNNs) and long short-term memory (LSTM), encoder-decoders, and generative 

adversarial networks (GANs) [63]. The evaluation of segmentation performance can be analyzed by dice 

score, volume overlap error, and relative volume difference for region quality analysis; average symmetric 

surface distance, and maximum symmetric surface distance for surface distance quality analysis [59]. High-
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quality segmentation improves the learning of the model. In this work, we use an encoder-decoder model 

with a similar architecture to U-Net, but without the contracted path that concatenates the layers of 

downsampling and upsampling steps. The results of our work show that the predicted lung area completely 

superimposes on the ground truth marks. 

The input image size of this study was 256×256×1, which is larger than other works. For instance, 

[57] used a 128×128×3 matrix size, while [54] used a 32×32 matrix size. The image size influences the 

learning of the model, with larger sizes being more prone to overfitting than smaller sizes [64]. However, 

high image resolution can improve the performance of image classification [65,66]. In addition to the 

complexity of the model, dropout techniques, image augmentation, and the number of epochs can also 

affect overfitting [67]. 

 

 

Table 5 The comparative analysis of previous publications. 

Author Dataset 
Lung segmentation 

methods 

Classification 

Images methods 
Result 

Zheng et al. [54] 
313 COVID-19, 

229 others images 
U-Net DeCovNet 

Accuracy: 90.1 % 
AUC: 0.95 

Li et al. [55] 

1296 COVID-19, 

1735 pneumonia, 
1325 normal 

U-net CoVNet 

Sensitivity: 90.0 % 

Specificity: 96.0 % 
AUC: 0.96 

Walvekar and Shinde [56] 
359 images 

(COVID-19, pneumonia, normal) 
- ResNet50 

Accuracy: 96.23 % 

F1 score: 0.96 

Lahsaini et al. [57] 
1,868 COVID-19, 

3,118 normal and other 
- DenseNet201 

Accuracy: 98.8 % 

AUC: 0.98 

Zhang et al. [58] 
 

9,858 pnuemonia, 9,420 COVID-
19, 10,000 normal 

SegNet-Lung CapsNet Accuracy: 84.29 % 

This study 

 

2,041 pneumonia, 943 

tuberculosis, 3,917 COVID-19, 
2,134 normal 

Encoder - decoder 

model 
ResNet 

Accuracy: 96.66 % 

AUC: 0.95 % 

 

 

The limitations of this study can be attributed to 2 reasons that may improve the performance of 

classification. Firstly, the number of images used for this study. A total of 9,035 Chest CT Images (2,041 

pneumonia, 943 tuberculosis, 3,917 COVID-19, and 2,134 normal) were used, which is a small dataset that 

may have contributed to the decline in the performance of image classification. Image augmentation [68] 

is a procedure that can increase the number of images, and there are several methods, such as rotation, 

flipping the image angle, translation, shifting to move the image, zooming, etc. Augmentation can increase 

the image dataset and possibly improve the performance. However, image augmentation may reduce the 

performance of classification in the case of the specific shape of the organ, such as the chest X-ray [69]. 

Therefore, it is important to choose suitable methods of augmentation. To improve the performance of the 

model, increasing the number of images to create a large dataset is indeed a requirement. Kieu et al. [70] 

published a survey of image datasets for lung disease detection on chest X-ray and CT images, such as 

ImageCLEF2018, ImageCLEF2019 for tuberculosis, and COVID-CT dataset for COVID-19. 

Secondly, the use of several dataset sources. In this study, images were collected from 4 datasets 

(Kaggle, Github, Radiopedia, and the National Genomics Data Center, Mendeley Data). The different file 

types and image sizes of the 4 image datasets were converted to PNG filename and 256×256 matrix size. 

The difference in image quality of the initial image may affect the process of image classification. In this 

study, image quality was not adjusted before training of image classification. In the case of using multiple 

datasets, it is necessary to adjust the details of the image in the pre-processing procedure to avoid errors in 

the different image information [71,72], such as image contrast enhancement [73], and image noise 

reduction [71]. The adaptive histogram equalization method [73] is generally used to improve the contrast 

of images [74]. High-contrast images are significantly easier to detect the details of different tissues on lung 

CT images. Additional techniques, such as contrast-limited adaptive histogram [74], bilateral histogram 

equalization, and recursive mean separate histogram equalization [75], may also be used. 
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Conclusions 

In conclusion, this research introduces 4 models (AlexNet, GoogleNet, ResNet, and DCNN) and 

compares their performance in terms of their ability to distinguish between positive and negative images of 

4 chest CT images (tuberculosis, pneumonia, COVID-19, and normal). According to the carried-out exams, 

the ResNet model shows the highest performance for classifying the 4 classes (tuberculosis, pneumonia, 

COVID-19, and normal) on chest CT images. The deep learning models demonstrate an ability that can be 

considered an alternative for predicting lung diseases and can be used to assist radiologists in screening CT 

images. In future work, we will develop a convolutional neural network to classify lung lesions such as 

ground-glass opacity, fibrosis, and consolidation to improve the performance of predicting lung diseases. 

Additionally, the techniques of image augmentation and pre-processing will vary to find the suitable 

procedure for lung CT image classification. 
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