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Abstract: Deep convolutional neural networks (CNN) are favored methods widely used in medical

image processing due to their assured shown performance. Recently, the emergence of new lung

diseases and the possibility of early detection of their symptoms has attracted many researchers to

classify diseases by training deep CNNs on lung CT images. The trained networks are expected

to distinguish between lung indications in different diseases, especially at the early stages of them.

With the hope of achieving this purpose, we proposed an efficient deep CNN called AFEX-Net with

adaptive feature extraction layers that successfully extract distinguishing features and classify chest

CT images. The efficiency of the proposed network has two aspects: it is a lightweight network with

low number of parameters and fast training and it has adaptive pooling layers and adaptive activation

functions to increase its level of compatibility to the input data. The proposed network has been

evaluated on a dataset with more than 10K chest CT slices, while an efficient pre-processing method

is developed to remove any bias from the images. Additionally, we evaluated the performance of the

proposed model on the public COVID-CTset dataset to prove the generalisability of our model. The

obtained results confirm the competence of the proposed network in confronting medical images,

where prompt and accurate learning is required.

Keywords: convolutional neural network; chest CT images; classification; adaptive feature extraction

1. Introduction

Nowadays, medical image processing is an essential component in many medical research fields.

From different types of medical images, computerized tomography (CT) is widely used in medical

diagnosis and prognosis, as it provides valuable medical supplementary information with inexpensive

and popular nature. It is an imaging method that uses x-rays to create cross-sectional pictures (slices)

of a body organ and its structure. CT imaging has the advantage of eliminating overlapping structures

and making the internal anatomy more apparent. Therefore, it can be used to identify disease or

injury within various regions of the body. For example, brain CT images can be used to locate injuries,

tumors, hemorrhage, and other conditions in head, while lungs CT images reveal the presence of

tumors, pulmonary embolisms (blood clots), excess fluid, and other conditions such as emphysema or

pneumonia in lungs.

In this paper, we do a focus on lungs CT images, with the aim to classify different diseases in

them. This will be done via one of the most powerful tools in deep learning, known as convolutional

neural network (CNN). Noticing the developments in CT and many other medical Imaging techniques,
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using convolutional neural networks for medical image classification is a very interesting research

topic.

On the other hand, the 2019 novel coronavirus which was first recognized in Wuhan city of Hubei

province of China and spread quickly and exponentially beyond the Chinese borders [1], has some

common symptoms such as cough, shortness of breath, chest pain, and diarrhea [2]. Due to the vital

circumstance related to the coronavirus pandemic, it is essential to recognize early differentiation

between patients with and without the disease [3]. Currently, reverse-transcription polymerase chain

reaction (RT-PCR) is the standard and straightforward test for diagnosis of covid-19 infection [4]. In

practice, it may take more than 24 hours to achieve a test result [5].

Computed tomography (CT) is a widely suggested tool to be combined as a clinical test besides

PCR test [6] for diagnosing the existence and severity of coronavirus symptoms [7]. Although X-ray

images can also be used as the second imaging tool in COVID-19 diagnosis (such as studies done in

[8–12]), using CT besides the RT-PCR test has many advantages. For example, peripheral areas of

ground glass which are a hallmark of early COVID-19 can be detected in CT images while can easily

be missed in chest X-rays [13].

After CT scanning, the chest CT image should be interpreted by a radiologist to detect the

symptoms. This might be a boring action if several patients are available and may cause unintentional

mistakes. Here, machine learning systems trained based on these images can be a great help to ease

medical decisions and save time. Currently, there are many successful deep models developed to

perform classification and segmentation tasks on CT images and can diagnose the abnormalities in

images without radiologist intervention.

As an example, [14] designed an optimized convolutional neural network to classify patients

into the infected and non-infected categories based on CT images. In another attempt, [15] proposed

a novel deep convolutional algorithm based on multi-objective differential evolution (MODE) to

classify COVID-19 infected patients from non-infected ones. Also, authors of [16] proposed an

architecture based on the DenseNet model to classify lung CT images into COVID-19 and health

classes where misclassification cases in the test dataset were assessed by a radiologist. Despite

the excellent performance of these models in classifying lung CT images and detecting COVID-19

symptoms in patients, they give no information about other abnormalities that can be diagnosed using

these images.

In a different research done in [17], a fully automatic deep learning system with transfer learning

approach was proposed for diagnosing and prognosis of COVID-19 disease. This deep model was

first trained using CT images with lung cancer, then, COVID-19 patients were enrolled to re-train the

network. The trained network get externally validated on 4 large multi-regional COVID-19 datasets.

Although this research has achieved interesting results, its training has not done using COVID-19 CT

images.

There are some successful researches that have tried to distinguish between COVID-19 and other

lung diseases. The work done in [18] used patients with positive RT-PCR tests as samples from the

COVID-19 class and patients with community-acquired pneumonia (CAP) as samples of the other class

and proposed a 3D convolutional model to classify these two classes. Also, Xu et al. [19] proposed a

deep learning system to screen CT images in three steps. First, abnormal regions were segmented using

a 3D deep learning model, then, the segmented images were categorized into the three COVID-19,

Influenza-A viral pneumonia, and healthy classes by the ResNet model. Finally, the infection type and

total confidence score of each CT image were calculated with Noisy-or Bayesian function.

In a more general and interesting research, Abbasian et al. in [20] used ten different deep

CNNs to classify chest CT slides of patients into three classes.Their research aimed to compare the

capabilities of different deep networks in confronting pulmonary infections. Their study showed

that the ResNet-101 and Xception networks achieved the best performance; both had an AUC of

0.994 with a sensitivity of 100% and 98.04%, respectively, while the performance of radiologists was

moderate with an AUC of 0.873 and sensitivity of 89.21%. The authors concluded that deep CNNs
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can be considered a high-performance technique in diagnosing lung infections and can be used as

a collaborator in hospitals. This was an expected conclusion as deep networks have proved their

proficiency in many learning areas, and our proposed network in this research is a step towards this

direction.

Here, it worth mentioning that although the diagnosis of COVID-19 is very critical, the importance

of identifying other lung diseases such as lung cancer should not be ignored. Based on the WHO

reporting, lung cancer was the prominent reason of death worldwide in recent years [21]. Even though

the risk of other infections in patients who have lung cancer is still to be determined [22], due to

inherent characteristics and care needs, these patients are more vulnerable to other infections than

others. In addition, ground-glass opacities or patchy consolidations, which are the most frequent

indications of COVID-19 in chest CT images [23] may also appear in the early stages of radiotherapy

pneumonitis (RP) of patients with lung cancer and are not easily distinguishable from each other.

The research done in [24] was the first study that used multi-classification deep learning model

for diagnosing COVID-19, pneumonia, and lung cancer diseases. In this research, the authors had no

access to a dataset that included images from these classes, and CT images of different classes were

collected from different public sources. They considered five deep architectures to classify these public

chest X-ray and CT datasets, and based on their experiments; the VGG19+CNN model achieved the best

result. Although their work was a pioneer and valuable one, it is doubtful whether images collected

from different sources and imaging devices can form a compatible and reliable dataset together. In

other words, images collected from each medical imaging device comprise some characteristics related

to that device that might interfere with learning algorithms. Due to the experiments done in [25], even

a single-source dataset seems to have a solid build-in bias. Also, based on the research done in [26],

in case there is any bias in the collected images such as corner labels and typical characteristics of a

medical device, the classification model might easily learn to recognize these biases in different classes

rather than focusing on the main features separating the different classes.

Therefore, based on all mentioned above, in this paper, we aim to tackle the worldwide challenge

of classifying chest CT images using a lightweight and fast deep CNN-based architecture trained on

an unbiased dataset. The proposed CNN architecture is an adaptive version of the one developed

in [27] for classifying CT brain images. To the best of our knowledge, our proposed method (shown

generally in Figure 1) is the second supervised deep learning model in the area of multi-class CT chest

images classification (after the work done in [24]) where COVID-19, lung cancer, and normal images

are included (see samples in Figure 2). However, one of the important points about our work is that all

the 10715 chest CT images were collected from one imaging device with same device configuration to

limit the risk of bias in images and achieve a reliable dataset.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 June 2023                   doi:10.20944/preprints202306.0755.v1

https://doi.org/10.20944/preprints202306.0755.v1


4 of 21

Figure 1. Overview of the framework of the proposed method. It has been investigated on two different

datasets, the first one (which is a collected dataset by authors) has three COVID-19, Cancer and Normal

classes while the the second one has only two COVID-19 and Normal classes.

(a)

COVID-19
(b) Cancer (c) Normal

Figure 2. The example of CT chest images from subjects showing (a) COVID-19, (b) Cancer and (c)

Normal images.

In short, the main contributions of this work are as follows

1. A novel lightweight CNN-based model with Adaptive Feature EXtraction layers (AFEX-Net) is

suggested for the classification of chest CT images into three classes.
2. The proposed network has an adaptive pooling strategy with adaptive activation functions,

increasing model robustness.
3. The proposed network has few parameters compared to other CNN models used in this area (e.g.

ResNet50 and VGG16) with faster training while preserving the accuracy. The low computational

time of the proposed model makes it highly attractive in the clinic.
4. The proposed model has been evaluated on collected chest CT images from one origin to limit

the learning risk of bias.

Hence, three significant properties of the proposed network (low number of parameters,

adaptivity, and robustness) make it an easy to train and efficient network to be used with clinical data.

The rest of this article is organized as follows: In section 2, we have explained a) the preprocessing

step used to make an unbiased dataset (Subsection 2.1), and b) the proposed deep CNN network
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in details (Subsection 2.2). Section 3 provides the obtained results from the proposed network and

discusses its performance compared to other efficient networks. Finally, conclusion is presented in

Section 4.

2. AFEX-Net: The Proposed Deep Model

This section will focus on the proposed model and its characteristics. Based on Figure 1, there

are two major steps in the proposed approach: 1) preparing the chest CT images by removing the

background and probable biases and enhancing the dataset reliability, and 2) applying and evaluating

the proposed AFEX-Net on the dataset. These two steps are explained in 2.1 and 2.2 subsections

meticulously.

2.1. Image preparation

Deep CNN networks consist of many layers with vast amounts of neurons that can automatically

extract valuable features in images. These extracted features are then used for abnormality detection

or classification of medical images by the network [28]. Although there is a belief that CNNs are

powerful feature extractors, the bias in the input images can impress their outcome by perverting the

network’s attention to worthless features. According to Figure 2, each slice of the CT image contains

useless curves and noises outside the chest region, which can lead to biases during the learning process.

Therefore, this study tries to do a background subtraction by eliminating the out-of-chest region to

prevent undesirable biases.

An interesting work done by authors of [29] suggests a robust algorithm for removing the

non-brain tissues in MR images. Here, the idea of the mentioned algorithm is used and modified to be

suitable for preparing the chest CT images (see Figure 3).

Figure 3. Preprocessing steps done on CT images.

The proposed algorithm has four basic steps as follows

• applying an irrational mask based on the Gregory-Leibniz infinite series on the input image.
• applying an image binarization method on the previously filtered image using a proper and

adapted binarization threshold.
• eliminating the undesired tissues from the binary image using morphological operations (using

proper and adaptive disc size) and applying the flood-fill algorithm to fill holes in the image.
• cropping the final images (removing the black background) and resizing the resulted images to a

unique size containing only the chest area.

Figure 3 shows a chest CT image with the removed background. According to these modifications,

all chest CT images were placed in an unbiased condition to be used by the proposed CNN. In this way,

network training is done with no concern about network deviation due to focusing on unnecessary

elements in the background.

2.2. Proposed Deep CNN for Chest CT images Classification

Deep convolution neural networks are well-known supervised methods that have proved their

efficiency in many areas, including classification and segmentation tasks on medical images. Here, we

have proposed an adaptive deep CNN, where its architecture is inspired by the one developed in [27].

Our proposed network is an adaptive and more general one, bringing adaptation to the network to

make it be applicable in different situations.
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Obviously, hyperparameter tuning is essential to adapt a previously developed network for a

different purpose and to get the most out of it. CNN’s have many hyperparameters that can affect the

network performance, such as number of convolution layers ([30], [31]), pooling layer ([32], [33]), size

of mini-batches ([34]), neurons’ activation function ([19], [35]), etc. There are many researches devoted

to investigate the influence of these parameters. This paper focuses on the role of pooling operation

and activation functions in a deep CNN to make them adaptive, because they introduce non-linearity

in the network and boost its performance in confronting complex data.

There are some traditional activation functions used in networks, such as sigmoid, tanh, and

ReLU family, which the last one is the most popular. Nonetheless, using adaptive activation functions

seems a better idea because they have higher learning capabilities than the traditional ones and can

adapt themselves to the training data. Also, they improve the convergence rate, especially at early

stages in training, as well as the network accuracy [36]. Using adaptive activation functions, it is

possible to have smaller networks with fewer number of parameters while the efficiency and accuracy

of the network get positively affected [37] and this seems very interesting.

Based on the explanations mentioned above, in this paper, we have developed a CNN with an

"Adaptive Feature EXtraction" box called AFEX that consists adaptive activation function and adaptive

pooling layer.

• Adaptive activation function Here, the gated adaptive activation function in [38] is employed

which is formulated as follows

fgate(x) = σ(ωx) f1(x) + (1 − σ(ωx)) f2(x)

σ(ωx) =
1

(1 + exp(−ωx))

(1)

where, ω is a learnable controlling parameter and f1(x) and f2(x) are the LeakyReLU and PReLU

activation functions, respectively. The aim of using gated function is to combine basic activation

function in non-linear structure that is the most suitable one for a special data.
• Adaptive pooling layer based on the proposed adaptive pooling in [39], this layer is a

combination of max pooling ( fmax) and average pooling ( favg) layer,

fmix(x) = alrc. fmax(x) + (1 − alrc). favg(x) (2)

where the combination coefficient alrc ∈ [0, 1] is a scalar parameter that is learned during network

training (abbreviation lrc stands for per layer/region/channel combination). Using this layer,

the pooling operation is also influenced by the learning process and the input data.

The adaptation parameters should be learned, therefore, they participate in the back-propagation

algorithm and get tuned during the learning process.

The proposed AFEX-Net consists of 21 different layers including input layer, feature extraction

layers (convolution layers (Conv), adaptive activation function (AAF) and, adaptive pooling layers

(A-Pool)), and classification layers (flatten layer (F), fully connected layer (FC), and softmax function

(S)) that are arranged as illustrated in Figure 4.
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Figure 4. Framework of AFEX-Net for classification between COVID-19, Cancer and Normal CT

lung images (BN:Batch Normalization, Conv:Convolution layer, A-Pool:Adaptive Pooling layer,

AAF:Adaptive Activation Function, D:dropout, F:flatten, FC:Fully Connected layer, S:Softmax

classifier).

In this figure, batches of input images of size 200 × 200 are fed to the model during network

training. The most common type of normalisation, called batch normalisation, is applied to the input

images to transfer the input range to a proper range. As pooling layers change the distribution of their

input data, batch normalization is also used after the three adaptive pooling layers of the proposed

model for the same purpose.

The essential feature extraction stage is associated with the convolution layer that extracts the

most related features of each image. The proposed network is based on six convolution layers; the first

four are followed by three adaptive activation function layers, while the last two utilize Rectified linear

unit (RELU) activation functions. Each adaptive activation function layer is followed by an adaptive

pooling layer itself.

The classification part of the proposed network starts with a flatten layer (convert the last 2-D

convolution layer into the one-dimensional vector), then a fully connected layer and softmax layer

are used. The softmax function calculates the likelihood of each class for a given input image and

classifies the input image into the three alternative classes. Furthermore, we used two dropout layers

as a regularization method after the two last convolution layers to prevent the over-fitting problem.

Details of all the layers used in the proposed CNN and related parameters are summarized in Table 1.

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 12 June 2023                   doi:10.20944/preprints202306.0755.v1

https://doi.org/10.20944/preprints202306.0755.v1


8 of 21

Table 1. CNN Architecture Used in AFEX-Net (BN: Batch Normalization, Conv: Convolution layer,

A-Pool: Adaptive Pooling layer, AAF: Adaptive Activation Function, FC: Fully Connected layer).

Layer Type Filter-sizeStrides Filter Output Shape Parameters

1 BN - - - ( 200, 200, 1) 4
2 Conv 11 ×

11
(4,4) 9̧6 ( 48, 48, 96) 11712

3 AAF - - - ( 48,48, 96) 221184
4 A-pool 3 × 3 (3,3) - ( 16,16, 96) 24576
5 BN - - - ( 16,16, 96) 384
6 Conv 5 × 5 (2,2) 256 (8,8, 256) 614656
7 AAF - - - ( 8, 8, 256) 16384
8 A-pool 3 × 3 (3,3) - ( 8, 8, 256) 2304
9 BN - - - ( 4, 4, 256) 1024
10 Conv. 3 × 3 (3,3) 384 ( 4, 4, 384) 885120
11 Conv 3 × 3 (2,2) 256 (2, 2, 256) 884992
12 AAF - - - ( 2,2, 256) 1024
13 A-pool 3 × 3 (3,3) - (1, 1, 256) 256
14 BN - - - ( 1, 1, 256) 1024
15 Conv 6 × 6 (2,2) 192 (1, 1, 192) 1769664
16 dropout 1, 1, 192 0
17 Conv 1 × 1 (2,2) 96 (1, 1, 96) 18528
18 dropout (1, 1, 96) 0
19 Flatten (96) 0
20 FC - - - (3) 291
21 Softmax - - - (3) 0

Total params: 4,453,127; Trainable params:4,451,909; Non-trainable params: 1,218.

Just for the aim of comparison and to show the efficiency of the proposed model, the well-known

VGG16 [40], and ResNet50 [41] deep models were selected, because they are known to be powerful

feature extractors. The VGG16 is a CNN with 23 layers and 107,008,707 total trainable parameters. The

ResNet50 is also a CNN uses 50 layers to extract features from images with 23,587,587 parameters

including 23,534,467 trainable and 53,120 non-trainable parameters. Therefore, we have the proposed

AFEX-Net, VGG16, and ResNet50 models to be trained using the chest CT images. Table 2 briefly

provides the comparison between these three CNN models based on the number of network parameters

and the elapsed time for training these networks. As the table presents, AFEX-Net has almost five times

fewer parameters than ResNet and 24 times fewer parameters than the VGG16 network. Comparing

these three networks, one can easily infer that AFEX-Net is a fast and lightweight network that can be

tuned for different medical image classification purposes. These networks will be compared in more

detail in the next section.

Table 2. Comparing the three AFEX-Net, ResNet50 and VGG16 convolutional networks based on the

number of parameters and training time.

Model trainable non-trainable Total Training Time Epochs

AFEX-Net 4,451,909 1,218 4,453,127 45m 100
ResNet50 23,534,467 53,120 23,587,587 1h:47m 100
VGG16 107,008,707 0 107,008,707 2h:16m 100

3. Evaluation

In this section, we describe the collected chest CT images used as the dataset, the conducted

experiments on the dataset using the three AFEX-Net, VGG16 and ResNet50 models, and discuss the

obtained results.
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3.1. Dataset

3.1.1. COVID-Cancer-set (CC)

The CT images were collected from the radiology section of Afzalipour hospital in Kerman,

Iran. This hospital is the biggest in southeast of Iran and has been the primary academic and health

department for COVID-19 since the pandemic outbreak in the mentioned area. The collected dataset

that we called COVID-Cancer-set (CCs) includes 10715 2D chest CT images from 46 patients, divided

into 4883 slices of COVID-19 and 3047 slices of lung cancer, and 2785 slices of Normal images. We

should mention that the images with closed-lung mode were excluded from the dataset, and those

COVID-19 slices without any lung infections. All processes were monitored by a medical expert. The

images were randomly divided into training and test sets, 6719 2D slices were used for training, and

the remaining 3996 slices (including 1954, 1067, and 975 2D slices of COVID-19, lung cancer, and

normal, respectively) were reserved for the test set.

3.1.2. COVID-CTset

COVID-CTset is a publicly available dataset obtained from [42], which contains 2282 COVID-19

images from 95 patients and 9776 normal images from 282 persons with TIFF format and 512×512

pixels resolution (For more information refer to the original paper). Alternatively, we randomly divided

the dataset into the 7462 CT images for training (including 1597 and 5865 CT slices of COVID-19 and

normal, respectively) and 4596 CT images for the test set (685 slices of COVID-19 and 3911 slices of

normal).

Thus, to be fair about the results, all three networks were evaluated using the same data, while test

set images were never seen in the training phase. As pre-processing, all images were cropped (as

explained in subsection 2.1) and resized into 200 × 200 pixels for COVID-Cancer-set and 256 × 256

pixels for COVID-CTset, and no data augmentation was used.

3.2. Experimental Setup

To use adaptive activation function mentioned in relation 1, ω was initialized from a uniform

distribution U(−1,+1) and the initial value for the hyper-parameter α in PReLU was set to 0.1. Table 3

shows the number of epochs and learning rate of the three networks described in subsection 2.2 for the

CCs dataset. All three models were trained and validated using Adam optimizer [43] and a batch size

of 32. For COVID-CTset dataset, the number of epochs and learning rate are 500 and 1e−6, respectively.

Table 3. Models’ training parameters for CC dataset.

Model Optimizer Learning rate Epochs

AFEX-Net Adam 1e−6 100
ResNet50 Adam 1e−6 100
VGG16 Adam 1e−7 100

The initial value for neurons weight was sampled from a truncated normal distribution

N (0,
√

2/ν) where ν is the number of input units in the weight tensor. Also, the dropout ratio

was set to 0.4.

The three models were implemented using Python 3 and the Keras [44] with TensorFlow [45]

backend as the deep learning framework and were run on Google Colab [46] with 358.27 GB storage,

12 GB RAM, and an NVIDIA Tesla K80 GPU processor.
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3.3. Performance Metrics

The performance of the three models was evaluated based on accuracy, sensitivity, specificity, and

precision metrics that are formulated as follows

Accuracy =
tp + tn

tp + tn + f p + f n
(3)

Sensitivity =
tp

tp + f n
(4)

Specificity =
tn

tn + f p
(5)

Precision =
tp

tp + f p
(6)

where tp, tn, f p and f n stand for the true positive, true negative, false positive and false negative

measures, respectively. Sensitivity or recall evaluates a model’s ability to correctly predict positive

samples for each available category of data or determine images with a specific disease. In contrast,

specificity evaluates a model’s ability to correctly exclude negative samples that do not have a given

disease. Also, precision is used to be more confident about the predicted positive samples by preventing

the occurrence of false negatives.

To complete the evaluation criteria, categorical cross entropy loss function was also calculated on

the three mentioned models which is given as

Loss = −(yi log(ŷi) + (1 − yi) log(1 − ŷi)) (7)

where yi is the actual label or ground truth of the input image and ŷi is the predicted label or class for

that.

Moreover, a confusion matrix is presented for each model to better visualize the performance of

that model in confronting chest images from the three available classes.

3.4. Results & Discussion

3.4.1. CCs dataset

Using the evaluation metrics mentioned in subsection 3.3, this subsection provides the obtained

results from VGG16, ResNet50, and the proposed AFEX-Net models. However, to show the efficiency

of the proposed network architecture, we also use the AFEX-Net* model in comparisons, which uses

the AFEX-Net architecture without applying the adaptive layers. This allows for a fairer comparison

among the architecture of these models, where the lightweight AFEX-Net competes for the big networks

such as VGG16 and ResNet50, and no adaptation was used.

All these networks have been trained and evaluated several times, using the random division

of images as described in subsection 3.1. The results reported in the following figures and tables are

based on the average of each network performance in these runs.

Figure 5 illustrates the accuracy and loss charts obtained during the network training of the four

AFEX-Net, AFEX-Net*, VGG16, and ResNet50 models. As can be seen in this figure, the models seem

similar in training, and there is no meaningful difference among their final results; all get converged

in 100 epochs to very near accuracy and loss values. However, taking a closer look at this figure,

AFEX-Net has performed better than other networks in terms of accuracy, as was expected from its

adaptive characteristics.Also, ResNet50 has achieved higher accuracy and less loss than other models in

lower epochs, which might be because of using residual blocks in its heavy architecture. Nevertheless,

it is worth mentioning again that based on table 2, the training time for the proposed architecture in

AFEX-Net and AFEX-Net* is much lower than the training time for the two other models. This should
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be considered a privilege for the proposed architecture, making this architecture suitable to be used in

systems with limited hardware facilities or an embedded network in the medical platforms.

;

;

Figure 5. The training accuracy (left) and training loss (right) comparison in the four utilized models

on the CCs dataset. The horizontal axis shows the number of epochs while the vertical axis shows the

model accuracy and loss in left and right plots, respectively.

Although network behavior in the training phase is essential, the network efficiency in confronting

unseen samples plays a prominent role in judging its capabilities. Table 4 presents the average of

obtained results from evaluating the mentioned four models on test data (for a visualized comparison

among obtained results, see Figure 6). In this table, each model’s sensitivity, specificity, and precision

measures were calculated for the COVID-19, cancer, and normal classes. Also, each model’s overall

loss and accuracy were assessed by averaging the three classes.
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Table 4. Average of the obtained results from the four models on test data of CCs dataset.

Model Class Sensitivity Specificity Precision Overall loss Overall Accuracy

AFEX-Net
COVID-19 99.89 99.80 99.79

1.04 ± 0.18 99.71 ± 0.05Cancer 99.53 99.93 99.81
Normal 100 99.96 99.96

Cancer 98.78 99.76 99.34
Normal 99.89 100 100

ResNet50
COVID-19 88.65 97.45 97.59

24.31 ± 2.62 92.81 ± 0.75Cancer 94.2 91.39 74.6
Normal 96 99.49 98.46

VGG16
COVID-19 99.74 99.65 99.64

2.6 ± 0.18 99.50 ± 0.05Cancer 99.25 100 100
Normal 99.89 99.76 99.28

[*]

without adaptive layers.

Figure 6. Visual comparison among the average performance of four models on the test set of CCs

dataset.

As can be seen in Table 4, the proposed AFEX-Net averagely has the highest accuracy and the

lowest loss on test data compared to the other three networks. AFEX-Net* and VGG16 networks

are very similar to AFEX-Net in terms of overall accuracy, while they have higher losses than that.

Also, this table reveals a fantastic finding on the performance of the ResNet50 network; although the

behavior of this network was hopeful during the training phase (see Figure 5), its performance on

test data is not remarkable. In fact, it has lower accuracy and much higher loss than the other three

evaluated networks; its accuracy is about 7% lower than the proposed AFEX-Net, while its loss is about

20 times higher than it. Also, noticing the higher variance of overall loss and accuracy in this model

than in others leaves doubt about the proper training or overfit of this heavy network on training data.

Figure 6 clearly visualizes how the performance of AFEX-Net architecture in terms of sensitivity,

specificity, precision, and accuracy was the highest compared to the other networks. Again, this figure
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emphasizes that the ResNet50 network is not successful in distinguishing the COVID-19 and cancer

images because the precision of this network is much lower than its specificity, especially in cancer

images (see the ResNet50 row in Table 4 for details). Totally, based on the obtained results from CCs

dataset during training and test of these models, it is evident that AFEX-Net, with its lightweight

architecture and fewer parameters, was able to provide the most remarkable results compared to

already existing and successful models. The proposed AFEX-Net performance in all terms of the

evaluation metrics was effective and superior. It achieved 99.71% accuracy and 1.04% loss rate on test

data, the best result among other state-of-the-art networks. The second-best results in Table 4 belong

to VGG16, which has about 25 times more parameters and requires three times more training time

than AFEX-Net (refer to Table 2). Moreover, in terms of loss of test data, the AFEX-Net performance

is much better than the VGG16 network, which indicates the accurate classification by the proposed

model. It should also be mentioned that the AFEX-Net* architecture without the adaptive layers had

only 0.3% less accuracy than the VGG16, with remarkably fewer parameters and less training time.

3.4.2. COVID-CTset

As a second analysis, we apply our proposed model to the COVID-CTset dataset and benchmark it

against the other state-of-the-art models. Figure 7 shows a bright comparison between the accuracy and

loss curves of AFEX-Net and AFEX-Net* in the COVID-CTset dataset. In stark contrast, the adaptive

layers present better results, particularly at the primary epochs, when there is no yet information for

learning. Thus, it is evident that although our proposed models obtain similar convergence results at

the end of learning, the adaptive version performs much better on the unseen data, as it is provided in

the Table 5. This table depicts the averaged values of obtained results on the test set from the proposed

models compared to the models in [42], and [47], which trained their models on this dataset.

; ;

Figure 7. The training accuracy (left) and training loss (right) comparison of AFEX-Net and AFEX-Net*

on the COVID-CTset dataset. The horizontal axis shows the number of epochs while the vertical axis

shows the model accuracy and loss in left and right plots, respectively.

Table 5. Average of the obtained results from the six models on test data of COVID-CTset dataset.

Model Overall Accuracy Sensitivity Specificity Precision

AFEX-Net 99.25 97.69 99.79 98.83
AFEX-Net* 98.95 96.50 99.43 96.78

ResNet50V2 97.52 69.44 99.87 97.98
Xception 96.55 61.71 99.88 98.02

[42] 98.49 80.91 99.69 94.77
[47] 85.4 86.49 84.36 83.9

{ without adaptive layers.
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The visual comparison of our proposed models along with the other four models is presented in

Figure 8. AFEX-Net achieved the best sensitivity, precision, and accuracy results and the second-best

result for specificity.

In Table 5, we can see that AFEX-Net performs noticeably on the COVID-CTset dataset in terms of

both accuracy and sensitivity of the COVID-19 category, where it obtains 0.76% and 0.71% improvement

compared to the second-best model proposed in [42].

;

Figure 8. Visual comparison among the average performance of six models on the test set of

COVID-CTset dataset.

The confusion matrices for maximum accuracy obtained from the four models on the CCs dataset

and the two versions of AFEX-Net on the COVID-CTset dataset are presented in Figure 9 and Figure

10, respectively, to have more scrutiny look at classification results by these trained networks.
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(b) Confusion matrix for the proposed AFEX-Net*

Figure 9. Cont.
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(c) Confusion matrix for the ResNet50
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(d) Confusion matrix for the proposed VGG16

Figure 9. Confusion matrices for the four trained networks on the CCs dataset.
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Figure 10. Confusion matrices for the two trained networks on the COVID-CTset dataset.

Based on Figure 9a, one can infer that there were rare COVID-19 samples (just four among 1954

images) that were misclassified as cancer and normal in the proposed AFEX-Net model. Just two

cancer images were classified as COVID-19, and just one sample of normal images was not correctly

predicted. Therefore, AFEX-Net can be considered a perfect network for this classification. To see

the impact of adaptive layers used in AFEX-Net on network performance, we have to compare the

AFEX-Net confusion matrix with the one resulting from AFEX-Net* and shown in Figure 9b. Here, 13

COVID-19 samples got the wrong cancer label, while seven cancer samples were wrongly considered

as COVID-19. Although these differences are numerically subtle, they are important due to the

consequences of misdiagnoses in medicine. Undoubtedly, these differences mirror the role of adaptive

pooling layers and adaptive non-linear activation functions used in AFEX-Net.

Figure 9c demonstrates the ResNet50 model confusion matrix, where 57 COVID-19 samples (3%

of COVID-19 class) and 54 cancer samples (5% of cancer class) were misclassified in the best case of

this network. Comparing this confusion matrix with the two previous matrices resulting from the

proposed AFEX-Net and AFEX-Net* shows how superior the proposed network is.

Finally, the confusion matrix of the VGG16 model is shown in Figure 9d. As was mentioned

before (due to Table 4), this network achieved the second-best result in COVID-19, cancer, and normal

image classification. Also, VGG16 achieved the best classification in the cancer category with no

misclassification. Although VGG16 performance for the aim of lung images classification is reasonable,

it is worth mentioning again that it is a massive network with many parameters, and accordingly, it

requires a long training time and equipped hardware. Regarding the confusion matrix obtained from

the COVID-CTset (see Figure 10), it is evident that the AFEX-Net classified both classes robustly, even

in the presence of imbalance in data.

The proposed AFEX-Net can be considered a small, lightweight CNN with adaptive feature

extraction layers to classify lung CT images to COVID-19, cancer, and normal images. Furthermore,

the AFEX-Net parameters are reasonably good (almost 4.5 thousand) to be employed in the medical

clinics. There is a hope that this developed network can be re-tuned to be applied successfully in

similar applications.

4. Conclusion

This work presented a rapid lightweight CNN with adaptive feature extraction layers, called

AFEX-Net, to classify the lung CT images. To get sure about the fairness and unbiasedness of images,

a robust preprocessing step was applied to the lung CT images to remove any noise and unrelated

background. Then the proposed AFEX-Net was trained, which included adaptive pooling layers and
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adaptive nonlinear activation functions. The role of adaptive layers is to help the network adapt its

configuration to the input data and learn the required features faster and more accurately.

Two datasets were utilized to investigate the performance of the proposed model. The CC

dataset is a non-public one containing three classes of COVID-19, lung cancer, and Normal images.

Concerning the importance of distinguishing between COVID-19 and cancer from CT images, this

study was the first attempt to collect the COVID-19 and lung cancer images from one origin to

eliminate probable biases in images and the obtained results. The COVID-CTset dataset is a public

dataset containing two CONID-19 and normal classes. According to the two utilized datasets,

the proposed model was then benchmarked against three networks: the non-adaptive version of

AFEX-Net and the two state-of-the-art ResNet50 and VGG16 networks for the CC dataset and five

networks, the non-adaptive version of AFEX-Net and other four state-of-the-art models in [42,47]

for CODID-CTset. Considering several evaluation metrics, AFEX-Net achieved higher results than

the its non-adaptive version and all the other models, regarding the influence of adaptive layers

and feature extraction. Although the performance of the VGG16 network was very similar to the

proposed adaptive AFEX-Net in terms of evaluation metrics, the privilege of our proposed model

relies upon having much fewer parameters (almost 24 times fewer parameters) and low computational

complexity (3 times faster training). Hence, being lightweight, accurate, and fast make AFEX-Net

a unique method for diagnosing the abnormalities in chest CT images. Also, it can be successfully

re-tuned to get applied in similar applications.
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