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The Lung disorders, encompassing conditions such as pneumonia
and COVID-19, represent significant challenges to global health,
impacting millions annually. This study investigates the application
of advanced deep learning architectures, specifically AlexNet and
SqueezeNet, for the automated classification of chest X-ray (CXR)
images from patients diagnosed with pneumonia, COVID-19, and
healthy individuals. We achieved an impressive accuracy of 99.85%
in binary classification tasks with SqueezeNet and 97.72% for
multi-class classification. The results indicate that SqueezeNet
outperformed AlexNet in sensitivity, specificity, and accuracy,
particularly in distinguishing between COVID-19 and pneumonia.
This highlights SqueezeNet's computational efficiency and
effectiveness in rapid diagnostic applications. Our findings
underscore the importance of timely diagnosis in improving
outcomes, especially in resource-limited settings. The use of
computer-aided diagnosis (CAD) technologies can aid in early
detection and appropriate treatment. Future work will explore deep
neural network models on heterogeneous and unbalanced datasets
and apply these methods to CT images to enhance generalizability.
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Zatiirre ve COVID-19 gibi hastaliklari igeren akciger bozukluklari,
her yil milyonlarca insani etkileyerek kiiresel saglik i¢in dnemli
zorluklar olusturmaktadir. Bu c¢alisma, zatiirre, COVID-19 ve
saglikli bireylerden elde edilen gogilis rontgeni goriintiilerinin
otomatik siniflandirilmasi igin Ozellikle AlexNet ve SqueezeNet
gibi gelismis derin O6grenme mimarilerinin uygulanmasini
incelemektedir. SqueezeNet ile ikili smiflandirma gorevlerinde
9%99.85 gibi etkileyici bir dogruluk, ¢ok sinifli siniflandirma igin ise
%97.72 dogruluk elde edilmistir. Sonuglar, 6zellikle COVID-19 ile
zatlirreyi ayirt etmede, SqueezeNet’in duyarlilik, 6zgillik ve
dogruluk acisindan AlexNet’ten daha iyi performans gosterdigini
ortaya koymaktadir. Bu durum, SqueezeNet’in hizli tani
uygulamalarindaki  hesaplama  verimliligini ve etkinligini
vurgulamaktadir. Bulgularimiz, 6zellikle kaynaklarin kisitli oldugu
ortamlarda, zamaninda taninin hasta sonuglarmi iyilestirmedeki
Onemini ortaya koymaktadir. Bilgisayar destekli tam1 (CAD)
teknolojilerinin erken tespit ve uygun tedaviye katki saglayabilecegi
degerlendirilmektedir. Gelecek caligmalar, heterojen ve dengesiz
veri kiimeleri iizerinde derin sinir ag1 modellerini arastiracak ve bu
yontemleri BT goériintiilerine uygulayarak genellenebilirligi
artirmay1 hedefleyecektir.
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1. INTRODUCTION

Lung disorders include a wide range of problems that affect the lungs and respiratory system, resulting in
reduced lung function and breathing. A variety of viral, bacterial or fungal illnesses can cause them.
Environmental variables have been related to lung disorders including asthma, mesothelioma, and cancer.
They also impact respiratory health, including chronic obstructive pulmonary disease (COPD) and
infections like tuberculosis, pneumonia and influenza [1,2]. Pneumonia affects one or both lungs and causes
inflammation of the lung parenchyma, which is the part of the lung tissue responsible for gas exchange,
including the pulmonary alveoli. Inflammation causes the lung's alveoli to fill up with mucus or liquid,
leading in symptoms such as shortness of breath, cough, chest discomfort, fever, and so on. Coronaviruses,
commonly known as Severe Acute Respiratory Syndrome Coronavirus (SARS-CoV-2), are a group of
viruses that may damage the whole human population [3]. Coronavirus illness, frequently referred to as
'COVID-19', was first found in December 2019. Pneumonia remains a serious global health challenge,
contributing to high death rates worldwide. It is a leading cause of mortality among children under five
years old in developing nations and among the elderly (over 65 years old) in developed countries [4,5]. The
SARS-CoV-2 virus has further exacerbated this situation, causing widespread disruption. Globally, up to
the present day, there have been over 702 million confirmed cases of COVID-19, resulting in approximately
6.9 million deaths [6]. In many instances, COVID-19 can lead to pneumonia, often necessitating the
hospitalization of those affected [7]. However, the two differ in several key aspects: pneumonia can be
caused by various pathogens (bacteria, viruses, or fungi), while COVID-19 is specifically caused by the
SARS-CoV-2 virus. Additionally, pneumonia is primarily treated based on its underlying cause
(e.g., antibiotics for bacterial pneumonia), whereas COVID-19 treatments focus on antiviral therapies and
supportive care. Moreover, vaccines exist for both, but they target different pathogens: pneumococcal
vaccines for bacterial pneumonia and COVID-19 vaccines for SARS-CoV-2 [4,8].

The accurate diagnosis of both pneumonia and COVID-19 is crucial for effective treatment and patient
outcomes. Early detection allows healthcare providers to determine the underlying cause, whether bacterial,
viral, or fungal, and apply the appropriate treatment, such as antibiotics for bacterial pneumonia or antiviral
care for COVID-19. Misdiagnosis or delayed diagnosis can lead to complications, prolonged illness, and
increased mortality, particularly in vulnerable populations like children, the elderly, and those with
weakened immune systems. Identifying the right disease ensures timely intervention and can significantly
reduce the severity and spread of these infections [9,10].

In diagnosing both COVID-19 and pneumonia, several imaging tools are employed, each with distinct
advantages and limitations. Chest X-rays (CXRs) are the most commonly used method due to their
accessibility, affordability, and quick results, making them a valuable first-line diagnostic tool. However,
they have lower sensitivity compared to computed tomography (CT) scans or magnetic resonance imaging
(MRI). CT scans provide higher-resolution images, allowing for more detailed assessments of lung
conditions but involve significantly higher radiation exposure and cost [5,11]. MRIs, while effective, are
less frequently used for lung diseases due to longer scanning times and higher costs. CXRs, despite their
limitations, remain crucial during COVID-19 surges as they enable rapid triaging alongside slower, gold-
standard tests like reverse transcription-polymerase chain reaction (RT-PCR). The widespread use of CXRs
also helps in resource-limited settings, although their lower resolution increases the risk of
misinterpretation, particularly in areas lacking trained radiologists [5,11]. Computer-aided diagnosis (CAD)
technologies can assist medical workers, including radiologists and physicians, in diagnosing pneumonia
and COVID-19. Deep learning (DL) has been thoroughly explored as a CAD technique for diagnosing
pneumonia [12-15] and COVID-19 [16-21]. For more detailed information, review studies (in 2024) on the
use of deep learning methods in pneumonia diagnosis [22] and COVID-19 diagnosis [23] can be consulted.

According to data from Johns Hopkins University (latest update as of March 10, 2023), Turkey has recorded
17,042,722 COVID-19 cases and 101,492 deaths, indicating a significant mortality rate associated with this
disease. We utilized chest X-ray (CXR) images from patients diagnosed with pneumonia, COVID-19, and
healthy individuals to ensure automated diagnosis of these diseases through binary and multi-class
classification using some deep learning architectures. Notably, our research distinguishes itself from
previous works by not relying on custom models, ensuring a balanced dataset across the groups, and
employing SqueezeNet for the first time in such comparisons. Additionally, we achieved a pioneering
classification of pneumonia versus normal and COVID-19 versus pneumonia within this dataset,
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underscoring the significance of our contributions to the field of medical imaging and disease diagnosis.
Figure 1 illustrates the workflow of the study.

The original contributions of this study differ from existing approaches in the literature in several important
ways. First, it addresses two specific binary classification scenarios not found in most similar studies: the
distinction between COVID-19 and pneumonia, and the classification of normal and pneumonia. These
additional classification tasks enable a more comprehensive evaluation of the differential diagnosis process,
which is particularly critical from a clinical perspective. Second, the study used a larger and more balanced
CXR dataset than many literature studies, thereby increasing the generalizability of the models. Third, the
use of lightweight deep learning architectures such as AlexNet and SqueezeNet provides a significant
advantage in terms of evaluating the applicability of these models in real-time and resource-limited clinical
settings due to their low hardware requirements. Finally, model performance was reported as the mean
+ standard deviation across multiple runs, rather than based on a single run, thus emphasizing model
stability. In this respect, the study draws attention to consistency assessment, which is often overlooked in
the literature.
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Figure 1. Flowchart of the study

2. MATERIAL AND METHOD

In this section, the dataset used, Convolutional Neural Network (CNN) architectures, and classification
results were explained.

2.1. Data Description

The dataset consists of chest CXR images organized into three distinct categories: COVID-19, normal, and
pneumonia. It includes a total of 1626 COVID-19 images, 1802 normal images, and 1800 pneumonia
images. All images have been preprocessed and resized to 256x256 pixels in PNG format, ensuring
uniformity for  analysis [24]. This dataset, available as open access at
“https://data.mendeley.com/datasets/dvntn9yhd2/1”, serves as a valuable resource for researchers and the
medical community, facilitating the development of deep learning models for the automatic detection and
classification of COVID-19 and pneumonia from CXR images. Figure 2 depicts the distribution of images
used in the multi-class and binary classification tasks. In the multi-class setting, the dataset is balanced
across the three categories, with 31% COVID-19, 34% pneumonia, and 35% normal images. For the binary
task (COVID-19 vs. normal), the distribution is also balanced, consisting of 47% COVID-19 and 53%
normal CXR images. In the other binary task (pneumonia vs. normal), the dataset is perfectly balanced,
with each class representing 50% of the images. This balanced distribution promotes accurate model
training and reduces class bias during evaluation. Figure 3 depicts some images from the dataset.
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Figure 2. Visualization of data distribution for binary and multi-class tasks
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2.2. CNN Architectures

In this study, AlexNet and SqueezeNet deep learning architectures were used to classify images. AlexNet
was introduced by Krizhevsky et al. [25] in the year 2012. Later on, it won the ImageNet Large Scale Visual
Recognition Challenge (ILSVRC) of the same year. This architecture is mainly composed of several layers:
five convolutional layers, three fully connected layers, five max-pooling layers, and a final SoftMax layer.
It also incorporates ReLU activations and dropout mechanisms to make the model even stronger. This
neural network requires input dimensions of 227x227x3. In convolutional layers, features from the input
are extracted; a key feature of convolution is that filters (often referred to as kernels) are applied and moved
over the input to produce feature maps. Furthermore, pooling layers serve to decrease both the
dimensionality and the complication of data in order to enhance efficiency in computational terms through
downsampling to retain only the most significant features. Pooling layers normally come after
convolutional or fully connected layers. The fully connected layers flatten the 2D feature maps to a one-
dimensional matrix-a pathway to data classification.

SqueezeNet is a small deep model trained to provide state-of-the-art performance with many fewer
parameters than the larger models like AlexNet. Iandola and his team, in the year 2016, came up with
SqueezeNet [26]. The main idea behind SqueezeNet was making it compact and efficient without affecting
the accuracies, which really helps the systems with low computational resources. The core idea behind
SqueezeNet involves something called the "fire module," a building block that greatly reduces network
complexity. In its approach, it first uses a "squeeze" layer with 1x1 filters to reduce the amount of data in
the flow, then an "expand" layer which combines both 1x1 and 3x3 filters in order to recover the information
at a more detailed level. This method greatly reduces the number of parameters while still being able to
find important features within images. The model also replaces the fully connected layers with global
average pooling, which again increases its space efficiency. Despite its very compact design, the
SqueezeNet demonstrates remarkable performance in image classification tasks and hence should be among
the top candidates for resource-constrained platforms such as mobile devices and embedded systems.
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AlexNet and SqueezeNet have huge differences in regard to size and efficiency of operation. While AlexNet
has around 60 million parameters and requires about 240 MB of memory, SqueezeNet presents a much
smaller framework with only 1.2 million parameters and 5 MB for the model size [27]. Such high reduction
is possible by using 1x1 convolutions and introducing the "fire module," which includes 1x1 and 3x3
convolutions to keep the effectiveness of feature extraction high. Besides that, Sreplaces fully connected
layers with global average pooling, reduces over-fitting, and further reduces the size of the model. While
AlexNet is optimized for high accuracy on larger datasets, SqueezeNet is optimized for memory-
constrained environments and therefore is very well-suited for mobile and embedded devices [27].

To train the model, we employ deep learning methods with a batch size of 16 using categorical cross-
entropy as the loss function. A validation set is used during training to improve accuracy by fine-tuning
model parameters. The dataset was trained for 12 epochs, as preliminary experiments showed that accuracy
improved and both training and validation losses reached a saturation point within this range, enabling
efficient training and high predictive performance without overfitting.

Table 1. The fundamental parameters of AlexNet and SqueezeNet

Parameter AlexNet SqueezeNet

Number of layers 8 18

Connected layers 3 fully connected layers 1 global average pooling layer
Activation function ReLU ReLU

Optimizer Adam Adam

Learning rate 0.0001 0.0001

Dropout 0.5 0.5

Batch size 128 128

Loss function Cross-entropy Cross-entropy

2.3. Model Comparison Metrics

5-fold cross-validation was used for training and testing the data. The evaluation of network performance
was carried out using several key metrics: accuracy, sensitivity, specificity, precision, and F-score. These
metrics were derived from the confusion matrix, illustrated in Table 2. TP designates images correctly
classified as COVID-19, FP shows the number of images incorrectly categorized as COVID-19, TN
includes images correctly classified as healthy and pneumonia, and FN gives the number of images that
were incorrectly categorized as COVID-19 but were, in fact, healthy and pneumonia. All metric
calculations were given in Equations (1)-(5). The experiments were performed on a laptop equipped with
an Intel Core i15-9300H 8-core CPU running at 2.4 GHz, 16 GB of RAM, and a 4 GB Nvidia GeForce GTX
1650 graphics card.

Table 2. Confusion matrix for COVID-19 class (multi-class classification)
Predicted class

Normal COVID-19 Pneumonia
Normal TN FP TN
Actual class COVID-19 FN TP FN
Pneumonia TN FP TN
Sensitivity = TPIFN (1)
o TN
Specificity = CTN+FD) (2)
Precision = — 3
TP+FP
F — Score = —— 4)
2TP+FP+FN
Accuracy = (TP+TN) %)

(all predictions)
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3. RESULTS

In this section, binary classification and multi-class classification results performed with AlexNet and
SqueezeNet were given. Table 3 presents the performance metrics for three different binary classifications:
Covid-Normal, Covid-Pneumonia, and Normal-Pneumonia, using AlexNet and SqueezeNet. The
performance metrics include sensitivity, specificity, precision, F-score, and accuracy. For the Covid-
Normal classification, AlexNet achieved an accuracy of 99.42%, while SqueezeNet outperformed it with
an accuracy of 99.85%. In the Covid-Pneumonia classification, AlexNet produced an accuracy of 98.51%,
whereas SqueezeNet again demonstrated superior performance with 99.85% accuracy. Finally, for the
Normal-Pneumonia classification, AlexNet reached an accuracy of 96.25%, while SqueezeNet
outperformed it with 98.08%.

Table 3. Binary classification results (%)

binary classification Method sensitivity  specificity precision F-score accuracy
Covid-normal AlexNet 99.69 99.18 99.08 99.38 99.42
SqueezeNet 99.82 99.89 99.88 99.85 99.85
Covid-pneumonia AlexNet 98.53 98.58 98.40 98.44 98.51
SqueezeNet 99.88 99.83 99.82 99.85 99.85
Normal-pneumonia AlexNet 96.18 96.55 96.45 96.26 96.25
SqueezeNet 97.82 98.40 98.39 98.09 98.08

SqueezeNet consistently achieved higher results across all classification tasks compared to AlexNet,
particularly in the Covid-Normal and Covid-Pneumonia categories, where it excelled with accuracy levels
of 99.85% in both cases. The difference is most notable in the Normal-Pneumonia classification, where
SqueezeNet achieved 98.08% accuracy, outperforming AlexNet’s 96.25%. These results indicate that
SqueezeNet is more efficient for binary classification in this context, with a smaller network that offers
faster computations without compromising on classification performance. In Figures 4 and 5, confusion
matrices for each fold of the Covid-Normal binary classification were given.
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Figure 4. Confusion matrices for each fold (a—e) of the 5-fold cross-validation in COVID-Normal
classification using SqueezeNet
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Figure 5. Confusion matrices for each fold (a—e) of the 5-fold cross-validation in COVID-Normal
classification using AlexNet

Figure 6 shows the visualization of the standard deviation of the results obtained 5-fold in binary
classification. The standard deviation values for each metric (sensitivity, specificity, precision, F-score, and
accuracy) show considerable variation across the models and tasks. Higher standard deviation values
suggest more variation in model performance over folds. For example, AlexNet's sensitivity for the
COVID-Pneumonia and Normal-Pneumonia tasks varies significantly, implying that its predictions for
these classes may be unstable. In contrast, SqueezeNet performs better consistently, particularly for
COVID-Normal classification.

Standard Deviations

3,5000
3,0000
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2,0000
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0.5000 I II I

0,0000
AlexNet  SqueezeNet  AlexNet  SqueezeNet  AlexNet  SqueezeNet

Covid-Normal Covid-Pneumonia Normal-Pneumonia

W sensitivity M specificity Mprecision MF-score Maccuracy

Figure 6. Standard deviations of classification performance metrics across each fold for each binary
classification task (COVID-Normal, COVID-Pneumonia, and Normal-Pneumonia) using AlexNet and
SqueezeNet models
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To explain in more detail, for Covid-Normal classification, AlexNet demonstrated a sensitivity standard
deviation of 0.0025, indicating stable sensitivity, but had a higher standard deviation for specificity
(0.7740), precision (0.8688), F-score (0.4387), and accuracy (0.4126), suggesting more fluctuations in these
areas. SqueezeNet, on the other hand, showed much larger variability, especially in sensitivity (0.1680) and
specificity (0.1517), indicating a less stable performance. In the Covid-Pneumonia classification, AlexNet
showed relatively higher standard deviations across all metrics, with sensitivity at 2.4800 and specificity at
1.2440, indicating significant fluctuations. SqueezeNet also exhibited lower stability, with sensitivity at
0.1683 and specificity at 0.2473.

Finally, for Normal-Pneumonia classification, AlexNet again showed large standard deviations, with
sensitivity at 2.9364 and specificity at 3.1238, reflecting substantial variance in model performance.
SqueezeNet showed slightly less variability but still had high standard deviations for metrics like sensitivity
(1.3493) and specificity (0.8998). The results indicate that AlexNet generally exhibits more variance in
performance, particularly in sensitivity and specificity across all binary classification tasks. SqueezeNet
shows slightly better stability in comparison, but still has relatively high standard deviations, especially for
precision and F-scores. These findings suggest that while both models can achieve high accuracy, their
performance may vary significantly, especially under different test conditions, making it crucial to interpret
results with consideration of these variations. Figure 7 shows the confusion matrices for each fold of
SqueezeNet, whose average accuracy for multiple classification is 97.72%.

Table 4. Multi-class classification results (%)

Multi-class classification  Method sensitivity specificity precision F-score accuracy
Covid-normal-pneumonia AlexNet 97.44 98.68 97.37 97.39 97.36
P SqueezeNet 97.88 98.88 97.78 97.78 97.72
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Figure 7. Confusion matrices for each fold (a—e) of the 5-fold cross-validation in COVID-Normal-
Pneumonia (multi-class) classification using SqueezeNet
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Figure 8. SqueezeNet training process in Covid-Normal classification

Table 4 presents the performance of AlexNet and SqueezeNet in a multi-class classification task involving
Covid-Normal-Pneumonia. AlexNet achieved an accuracy of 97.36%, with a sensitivity of 97.44%,
specificity of 98.68%, precision of 97.37%, and an F-score of 97.39%. On the other hand, SqueezeNet
slightly outperformed AlexNet, achieving an accuracy of 97.72%, with a sensitivity of 97.88%, specificity
of 98.88%, precision of 97.78%, and an F-score of 97.78%.

In summary, while both models performed exceptionally well, SqueezeNet showed marginally better results
in all evaluation metrics. This demonstrates that SqueezeNet not only maintains high levels of accuracy in
multi-class classification but also offers slightly improved sensitivity and specificity compared to AlexNet.
These results highlight the potential of SqueezeNet for more accurate classification in complex tasks such
as detecting COVID-19, normal, and pneumonia cases simultaneously.
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Figure 9. Standard deviations of performance metrics across each fold in the multi-class classification
task

Figure 8 depicts how SqueezeNet quickly achieves excellent accuracy at low epoch values. Figure 9
displays the standard deviations of five key performance metrics—sensitivity, specificity, precision, F-
score, and accuracy—obtained from 5-fold cross-validation for the multi-class classification task using
AlexNet and SqueezeNet models. Each bar in the graph reflects the degree of variability in a particular
metric between folds. The standard deviation values reflect the consistency of each model’s performance
during cross-validation. Lower standard deviations indicate more stable and reliable classification results,
while higher values suggest greater fluctuation in the model's predictions. AlexNet has significant
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variability across measurements, with the maximum standard deviation in precision and accuracy being
about 0.8-0.85. However, SqueezeNet exhibits slightly higher variability, particularly in precision and F-
score, with deviations greater than 1.0, indicating more irregularity in its predictions and overall
performance. Both models exhibit performance swings, with SqueezeNet having a somewhat larger
variance across most metrics than AlexNet. SqueezeNet's greater standard deviations in precision, F-score,
and accuracy suggest that its multi-class classification performance is less stable. In contrast, AlexNet is
slightly more stable, but still has substantial variability. These variances show the significance of take
standard deviation into account when evaluating model performance, as high accuracy alone may not
produce consistent results across different data subsets.

The standard deviation analysis reveals that while both models can effectively classify chest X-ray images,
AlexNet offers more reliable performance with less fluctuation across validation folds. In contrast,
SqueezeNet’s higher variation suggests it may be more sensitive to changes in the dataset, which could
affect its generalization capabilities in real-world applications.

4. DISCUSSION

CT scans and CXR images are appropriate for identifying lung problems in many countries because patients
may receive them promptly and at a low cost. Many studies have employed chest radiographs to detect
COVID-19 or pneumonia. Tuncer et al. [28] proposed an intelligent computer vision method for automatic
COVID-19 detection from X-ray images, using a novel Residual Exemplar Local Binary Pattern
(ResEXLBP) for feature extraction and iterative ReliefF for feature selection. The method achieved 100%
accuracy with the SVM classifier using 10-fold cross-validation, demonstrating its high effectiveness in
Covid-19 diagnosis. However, since 87 Covid-19 CXR images and 234 healthy CXR images were used in
this study, there is data imbalance and image scarcity. Khalifa et al. [29] proposed a pneumonia detection
method from CXR using generative adversarial networks (GAN) combined with fine-tuned deep transfer
learning models. By using GAN to augment the dataset, the model avoided overfitting and generated
additional training images, allowing the use of only 10% of the original dataset. ResNetl8, AlexNet,
GoogLeNet, and SqueezeNet were selected for their lower complexity, with ResNet18 achieving the best
performance, including 99% accuracy, precision, recall, and F1 score. The study outperformed related work
despite using a smaller portion of the dataset for training. Alshmrani et al. [30] proposed a deep learning
architecture for multi-class classification of lung diseases, including COVID-19, pneumonia, lung cancer,
tuberculosis (TB), and lung opacity, using CXR images. The model utilized a pre-trained VGG19 combined
with three blocks of CNN for feature extraction and classification. The model achieved remarkable
performance with 96.48% accuracy, 93.75% recall, 97.56% precision, 95.62% F1 score, and 99.82% AUC.
Li et al. [31] proposed a hybrid deep neural network, COVID19-ResCapsNet, for the detection of COVID-
19 from chest X-ray images. The model combines an improved Residual feature extraction network and
Capsule Networks to classify COVID-19 and non-COVID-19 cases. Evaluated on two datasets (4236 and
2250 images), COVID19-ResCapsNet achieved impressive classification accuracies of 99.88% and
99.33%, respectively. The study also explored the impact of different optimizers and batch sizes,
demonstrating the model's effectiveness as a supplementary diagnostic tool in clinical settings.
Additionally, in the second dataset containing 750 pneumonia, 750 non-COVID and 750 COVID-19 CXR
images, 99.11% accuracy was achieved with COVID19-ResCapsNet and 98.19% accuracy was achieved
with ResNet-101 in multi-class classification.

Ali et al. [32] explored the application of deep learning algorithms in medical imaging, particularly using
X-rays for diagnosing conditions like lung cancer, bone fractures, COVID-19, and pneumonia. Their
custom deep learning model achieved 97.96% accuracy in classifying the dataset equally among healthy,
COVID, and pneumonia patients. Also, they conducted experiments using pre-trained DenseNet201,
XceptionNet, and MobileNet models for classifying medical conditions from CXR images. The
XceptionNet model showed a validation accuracy of 95.53% and a test accuracy of 92.90%. The
classification results were reported across training, testing, and validation phases, demonstrating the
robustness of the model for medical image analysis. Kumar et al. [33] propose a deep neural network-based
model called "LiteCovidNet" for detecting COVID-19 and pneumonia cases using CXR images. The model
performs both binary classification (COVID-19 vs. Normal) and multi-class classification (COVID-19,
Normal, Pneumonia). It achieves an impressive accuracy of 100% for binary classification and 98.82% for
multi-class classification, demonstrating competitive performance compared to other recent studies. Shastri
et al. [34] introduced the CheXImageNet model for detecting COVID-19 from digital chest X-ray images
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using an open-access dataset. The study achieved a remarkable 100% accuracy for both binary classification
(COVID-19 vs. normal X-ray) and multi-class classification (COVID-19, normal X-ray, and pneumonia).
While these results are promising, the authors acknowledge that further work is required to enhance the
model’s robustness. They aim to expand the dataset with more COVID-19 cases and extend their method
to digital CT images. Additionally, future work will focus on developing automated tools or software using
multi-modality deep learning models, including CT scans and X-rays, for more accurate detection in noisier
environments. The authors also plan to explore deeper neural networks to handle larger datasets and
improve classification performance. While the study reports 100% accuracy in both binary and multi-class
classification, there are some aspects that warrant further discussion. The custom model’s validity, when
compared to well-established architectures like AlexNet, may be questioned due to the lack of extensive
testing on larger datasets. Additionally, the study does not provide details about the training time or
computational cost of the algorithm, which are crucial factors in assessing its practical applicability.
Therefore, while the results are promising, the generalizability and efficiency of the model need to be
further evaluated. Also, The CheXImageNet architecture, with its 27 layers, may introduce a computational
load, particularly depending on the available hardware resources like the GPU or CPU. Layers such as
convolutional layers with larger filters (32, 64, 256 filters) and activation functions like LeakyReLU can
increase the number of trainable parameters, thus adding to the complexity. The input image size also plays
a role in determining the overall load. While 27 layers are moderate in size for deep learning models,
modern hardware and optimized implementations can manage this efficiently, though it may still impact
performance on less powerful systems. Marques et al. [35] proposed an automated diagnosis system for
COVID-19 using the EfficientNet model on CXR images. The study employed a 10-fold cross-validation
approach and conducted both binary and multi-class classification. In the multi-class task (COVID-19,
Pneumonia, Normal), the model achieved an accuracy of 96.70%, while in binary classification (COVID-
19 vs. Normal), it achieved 99.62% accuracy. However, the dataset used in this study was relatively small,
which may limit the generalizability and robustness of the results. The model showed reasonable
performance, but the work did not evaluate other diagnostic challenges, such as distinguishing COVID-19
from pneumonia. Ebenezer et al. [36] investigated the effect of image transformation techniques on
EfficientNet performance for classifying COVID-19 from CT scan images. The study achieved an accuracy
of 94.56% for binary classification. Although it demonstrated that pre-processing improves performance,
it focused solely on CT data and did not evaluate chest X-rays or explore the classification between
pneumonia and other conditions. Sharma and Sharma [37] presented a binary classification method for
identifying COVID-19 from CT scan images using the EfficientNet model. The study reported a training
accuracy of 99.54% and a test accuracy of 98.24%, indicating strong performance in distinguishing
COVID-19 from non-COVID cases. However, the study did not include multi-class classification and
focused exclusively on CT images without evaluating performance on CXR images or considering
lightweight architectures. In comparison, our study used a larger and balanced dataset, achieving 99.85%
accuracy in binary classification (COVID-19 vs. Normal) and 97.72% accuracy in multi-class classification
using the lightweight SqueezeNet model.

According to binary classification, SqueezeNet consistently delivered higher results in all categories
compared to AlexNet. It achieved notably better sensitivity, specificity, and accuracy, especially in the
Covid-Normal and Covid-Pneumonia classifications. SqueezeNet's performance highlights its efficiency in
binary classification tasks, with a smaller model architecture that offers computational advantages without
sacrificing accuracy. This makes it a more suitable option for rapid and accurate diagnostic applications.
SqueezeNet is suitable for portable X-ray and low-end environments, enabling fast inference on mobile and
embedded clinical devices thanks to its low number of parameters (~1.2M) and small model size (~5MB).
AlexNet, on the other hand, is preferred as a reference model in clinical research requiring high accuracy
due to its larger capacity and powerful transfer learning capability [26].

In our study, instead of using a custom model, AlexNet and SqueezeNet were employed, achieving an
accuracy of 99.85% for binary classification (Covid-Normal, Covid-Pneumonia) using SqueezeNet and an
accuracy of 97.72% for multi-class classification using SqueezeNet. This result demonstrates the
effectiveness of these well-established deep learning architectures in the detection of COVID-19, offering
a competitive performance compared to other models such as "LiteCovidNet" and similar studies that report
100% accuracy. However, a key distinction in our research lies in the unique binary classifications
performed: pneumonia vs. COVID-19 and pneumonia vs. healthy. These additional classification tasks, not
present in many other studies, further showcase the versatility and robustness of the proposed approach in
distinguishing between complex conditions, potentially enhancing diagnostic precision for healthcare
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professionals. Table 5 presents representative deep learning—based studies that report binary and multi-
class classification results for COVID-19 and pneumonia using CXR datasets of comparable scale,
highlighting studies that are widely referenced in the literature. In the study conducted by Ucar [38] and
Chowdhury [39], AlexNet was not implemented; instead, data augmentation was employed to increase the
image count and achieve class balance. Although Karakanis's study [40] attained high accuracy in multi-
class classification, its dataset was balanced but relatively small. Our study, on the other hand, benefits
from a larger and balanced dataset, enhancing the robustness of the findings. Furthermore, a unique
contribution of this work is the inclusion of specific binary classification tasks (COVID-19 vs. pneumonia
and normal vs. pneumonia), which, combined with multi-class classification, yielded high accuracy. These
distinctions underscore the efficacy and comprehensive nature of our approach compared to existing
studies. Our findings were also compared with the recent study by Singh et al. [41], which used the same
dataset. Unlike their Deep CP-CXR model, which is computationally heavier and limited to a single binary
task (COVID-19 vs. pneumonia), our approach employs lightweight architectures, performs multiple binary
and multi-class classifications, and reports results with stability analysis. These aspects make our method
more efficient, broader in scope, and more suitable for real-time clinical applications.

Table 5. Comparison with other studies

Binary classification Multi-class

Author Data Method results classification
results
1475 normal, 1480
Kumar et al. [33] pneumonia and 1281 gl(l)sgglnrllgnll\g (COVID-19 and normal) 98.82% accurac
’ COVID-19 CXR LiteCovidNet 100% accuracy e y
images
358 normal, 340
Shastri et al. [34] pneumonia and 347 gl(l)sgglnrllgnll\g (COVID-19 and normal) 100% accurac
’ COVID-19 CXR CheXImageNet 100% accuracy ° y
images
1583 normal, 4290
Ucar et al. [38] P (r:lgil;}gilla 933()1(;6 Sqll?sz;;_\fe " NA 98.3% accuracy
images
5 -
(COVID-19 and normal) 97.94% weighted
1579 normal, 1485 o . accuracy using
Chowdhury et al pneumonia and 423 DenseNet201 99.70% weighted accuracy DenseNet201 and
[39]  COVID-19CXR and using DenseNet201 and 95.10% weighted
imaoes SqueezeNet %99.40 weighted accuracy a.ccur;c u§in
& using SqueezeNet SqueezeNetg
275 normal, 275
Karakanis and pneumonia and 275 Custom CNN (COVID-19 and normal) 98.3% accurac
Leontidis [40] COVID-19 CXR model 98.7% accuracy =70 Y
images
Apostolopoulos 504 normal, 714
. pneumonia and 224 . (COVID-19 and normal) o
and I\[/ipzeimana COVID-19 CXR MobileNetv2 96.78% accuracy 94.72% accuracy
images
Aljuaidetal, 2513 CXRimagesfor o ooy 97% accuracy using
each class (COVID-19, NA
[43] normal and pneumonia) models VGG-19
1802 normal, 1800
L Deep CP-CXR
. pneumonia, and 1626 ’ 100% accuracy (COVID- o
Singh et al. [41] COVID-19 CXR Cusltl(i(r::lgNN 19 and normal) 98.57% accuracy
images
. 5017 CXR images for
Randfzzl] ctal each class (COVID-19, Cusrt;m:i(iNN NA 97.48% accuracy
normal and pneumonia) ode
COVID-19 and normal
0, -
75, (WD
Pr d stud pneumonia, and 1626 AlexNet rp Normal 'n d ®  97.72% accuracy using
oposed study COVID-19 CXR SqueezeNet accuracy, fforma a SqueezeNet

images

pneumonia 98.08%
accuracy using
SqueezeNet
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5. CONCLUSIONS

This work highlights the effectiveness of AlexNet and SqueezeNet in automatically classifying chest X-ray
images into COVID-19, pneumonia, and healthy categories, achieving a maximum binary classification
accuracy of 99.85%. While AlexNet provided consistent performance across all metrics, SqueezeNet,
though accurate on average, displayed greater variation in precision and F-score. The study employed a
rigorous 5-fold cross-validation framework for the three-class problem, including per-fold confusion
matrices and stability analyses, ensuring a thorough assessment of model reliability. These results
demonstrate the practical potential of automated diagnostic tools, especially in settings with limited clinical
resources. Although the dataset was balanced across groups and larger than those in many previous studies,
it was obtained from a single source, which may limit generalizability. Future studies will focus on applying
these models to heterogenecous datasets, including CT images, to further evaluate generalizability and
enhance diagnostic support for respiratory conditions.

6. DATA AVAILABILITY

The X-Ray images used in this study are openly available at Mendeley data repository
[https://data.mendeley.com/datasets/dvntn9yhd2/1]
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