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 Convolutional Neural Networks (CNN) are recognized for their high accuracy in 

image classification, but large-scale datasets and significant computer resources are 

needed to train them from scratch, though. Transfer learning offers a practical 

solution by leveraging pre-trained models to accelerate training even when data is 

limited. Although CNNs have been widely applied to skin disease classification, 

specific evaluations of architectures such as ResNet50V2, ResNet152V2, and 
MobileNetV2 for monkeypox image classification remain scarce. Therefore, this 

study aims to comprehensively compare the effectiveness and trade-offs of these 

architectures in detecting monkeypox through transfer learning. The evaluation 

focuses on balancing accuracy and computational efficiency across stages, including 

data collection, preprocessing, model design, training, and testing. The dataset, 

obtained from Kaggle, consists of 2,310 images across four classes: monkeypox, 

chickenpox, measles, and normal. Transfer learning was implemented using fine-

tuned weights from ImageNet. According to the results, ResNet152V2 needed the 

most training time but had the lowest loss and the greatest validation accuracy 

(98.28%). ResNet50V2 maintained a good compromise between accuracy (97.84%) 

and training efficiency, while MobileNetV2 yielded the best overall classification 
metrics (97.86% for accuracy, precision, recall, and F1-score), indicating strong 

generalization. These findings highlight the distinct strengths of each model, offering 

insights into architecture selection based on specific operational constraints and 

goals. 
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I. INTRODUCTION 

Monkeypox cases in 2022 emerged as a new global health 

concern while the world was still recovering from the impact 

of the COVID-19 pandemic that began in 2020 [1]. 
Monkeypox is an infectious illness caused by a virus 

belonging to the Orthopoxvirus category. This virus was 

initially discovered in 1958 from blister-like lesions observed 

in monkeys that were isolated in Copenhagen [2]. The only 

way for the virus to spread is through physical contact with 

infected individuals, animals, or other things. The routes of 

transmission are respiratory droplets, nasal secretions, or 

saliva [3]. The monkeypox virus, which causes monkeypox, 

was first discovered to infect people in the Congo in 1970. On 

August 19, 2022, a 27-year-old man in Jakarta was found to 

be the first instance in Indonesia. There were two suspected 

cases and 63 cases that tested negative as of September 15, 

2022. Ten Indonesian provinces made up the distribution of 

the 63 negative instances [4]. This fact indicates the potential 

for the disease to spread more widely, making early detection 

an important step in supporting the overall effectiveness of 

prevention and infection control efforts. 

Convolutional Neural Networks (CNNs) are among the 

most promising techniques for image processing, 

demonstrating high accuracy and practical performance 
across various classification and recognition tasks [5]. In 

1998, the first CNN architecture, LeNet, was introduced. 

However, due to technological limitations, limited data, and 

errors in the use of non-linear functions, this method did not 

receive much attention at the time [7]. Convolutional Neural 
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Networks (CNN) are increasingly used in image classification 

due to their high accuracy. However, training them from 

scratch demands large amounts of data and substantial 

computational resources. This challenge can be mitigated 

through transfer learning, which leverages pre-trained 

networks and enables faster, more efficient training by fine-

tuning on smaller datasets [8]. 

Several previous studies have explored the use of deep 
learning for monkeypox classification, producing promising 

results while indicating opportunities for further improvement 

and investigation. For example, Islam at al uses a variety of 

CNN training models, including VGG19, VGG16, ResNet50, 

MobileNetV2, AlexNet, InceptionV3, and DenseNet121, and 

achieves a high accuracy of 99.52% through ensemble 

modeling and comparison with machine learning algorithms, 

such as Random Forest, Decision Tree, and K-Nearest 

Neighbors. However, even if the results are encouraging, this 

study focuses more on accuracy without providing any 

explanations on computer efficiency or the ability to change 
models in environments with changing daylight levels [9]. 

Other research by Fransisca compares the performance of 

Adam and RMSprop and uses MobileNetV2 with transfer 

learning to detect monkeypox. Although the Adam optimizer 

resulted in higher loss values, this study does not examine the 

generalizability of the model to various skin conditions [10]. 

The study conducted by Saputra using ResNet50 shows a 

range of accuracy across scenarios, with the highest accuracy 

in the uji data being 76.10 percent, indicating a lack of control 

in performance [11]. Conversely, Prasetyo and Ichwan 

evaluated the ekstraksi feature and classification using 

ResNet50 and ResNet152 on X-ray lung images, and they 
concluded that ResNet152 had better performance. However, 

they did not focus their research on monkeypox, and they also 

noted that the quantity and composition of the dataset 

significantly impacted the results [12]. All things considered, 

these investigations demonstrate that CNN architecture varies 

for monkeypox classification, especially with regard to 

accuracy, efficiency in computation, and practical use in the 

afflicted area. 

Research that precisely examines the performance of CNN 

designs like ResNet50V2, ResNet152V2, and MobileNetV2 

in monkeypox picture classification is still scarce, even 
though several studies have successfully used CNN for skin 

disease image classification. Thus, the purpose of this study 

is to assess the efficacy of these three designs by taking into 

account the trade-off between computing efficiency and 

accuracy. The findings of this study are expected to support 

the development of more accurate and computationally 

efficient image-based monkeypox detection systems. 

 

 

 

 

 
 

II. RESEARCH METHODS 

The study technique encompasses the following phases: 
data collection, data preprocessing, model architecture 

design, model training, and model evaluation. Figure 1 

illustrates the research methodology’s flow. 

 

Figure 1. Research methods 

A. Data Collection 

The dataset used in this study was acquired via Kaggle 

[13]. The dataset contains 2,310 images that have been 

augmented and is divided into four classes: monkeypox (837 

images), chickenpox (321 images), measles (273 images), and 

normal (879 images). All images are in PNG format with a 
resolution of 224x224 pixels. A comprehensive breakdown of 

data for each grade may be seen in TABLE I. Figure 2 

displays sample data from each class in this dataset. 

 
Figure 2. Image Dataset 



               e-ISSN: 2548-6861  

JAIC Vol. 9, No. 4, August 2025:  1326 – 1331 

1328 

B. Preprocessing Data 

Data preparation encompasses all the steps done before 
the start of the real data analysis process. To make learning 

easier and more applicable in real-world situations, data 

preparation enables users to choose how to convey the 

analytic findings, what concepts will be learnt, and how to 

format the data [14]. With an 80:10:10 ratio, three categories 

are created from the data: test, validation, and training. The 

amount of data used after preprocessing is shown in TABLE 

I. 

TABLE I 

DATA SPLITTING 

Class Training Validation Test 

Monkeypox 669 84 84 

Chickenpox 256 32 33 

Measles 218 27 28 

Normal 701 89 89 

Total 
1844 232 234 

2.310 

C. Architectural Design Model 

At this point, a transfer learning methodology was utilized 

to construct the model architecture. Using initial weights pre-

trained on the ImageNet dataset, three convolutional neural 

network (CNN) architectures, ResNet50V2, ResNet152V2, 

and MobileNetV2, were employed as base models. 

The three CNN architectures evaluated in this study, 

ResNet50V2, ResNet152V2, and MobileNetV2, exemplify 

different design principles to optimize performance and 

computational efficiency. An improvement on the 50-layer 

Residual Network (ResNet) model, the ResNet50V2 

architecture uses residual learning to solve the vanishing 

gradient issue in deep networks. This model uses pre-

activation residual blocks, where batch normalization and the 

ReLU activation function are placed before the convolutional 

layers, thereby improving gradient flow during training [15], 
[16]. With 152 layers, ResNet152V2 is a deeper version of 

ResNet that makes it possible to extract more intricate and 

representative characteristics. It also applies pre-activation 

residual blocks, similar to ResNet50V2, to maintain training 

stability in very deep networks [17]. MobileNetV2 is 

designed as a lightweight and efficient CNN architecture that 

minimizes computational complexity and memory usage, 

making it suitable for environments with constrained 

resources. Inverted residual blocks with bottlenecks and 

depthwise separable convolutions are used in this model to 

considerably cut down on parameters and processing 

demands without compromising accuracy [15], [18]. 

The top levels of each model were swapped out with 

custom layers that were determined by the number of classes 

in the target dataset. These additional layers included a 

GlobalAveragePooling2D layer to flatten the spatial features, 
a BatchNormalization layer to accelerate and stabilize the 

training process, a Dense layer with 128 neurons using the 

ReLU activation function, a Dropout layer with a rate of 0.5 

to reduce the risk of overfitting, and an output layer with a 

softmax activation function to enable multi-class 

classification. During the initial training phase, all weights of 

the base models were frozen to retain the pre-trained weights, 

allowing fine-tuning to be applied solely to the newly added 

layers. 

D. Model Training 

The experimental process in this study was conducted 

using Google Colab with a T4 GPU runtime to facilitate 

efficient training and execution of the models. At this stage, 

each architecture, ResNet50V2, ResNet152V2, and 

MobileNetV2, was compiled using the Adam optimizer. This 

optimizer was chosen based on previous studies indicating its 

superior performance in monkeypox image classification 

tasks [10]. Using categorical cross-entropy as the loss 
function, accuracy served as the assessment metric. A 

learning rate of 0.0001 was applied, and the training process 

was carried out for a maximum of 50 epochs. Two callbacks 

were used to improve the training procedure and avoid 

overfitting. 

The first was called EarlyStopping, which immediately 

stops training after five consecutive epochs if the validation 

loss does not improve. This helps avoid overfitting and 

ensures efficient use of computational resources. 

Additionally, the restore_best_weights=True option was 

enabled to automatically revert the model to the best-

performing weights based on validation loss. The second 

callback was ReduceLROnPlateau, which lowers the learning 

rate if validation loss does not improve over three consecutive 
epochs, enabling more stable learning during the later phases 

of training. Each of the three architectures was trained 

separately using the same dataset and hyperparameters, 

ensuring a fair and consistent comparison of model 

performance. 

E. Model Evaluation 

The confusion matrix was used for model assessment in 

order to evaluate multi-class classification performance in a 

comprehensive manner. A binary matrix known as the 
confusion matrix illustrates the classification model's 

performance and how well it predicts outcomes [19]. By 

utilizing the Confusion Matrix, we can analyze and calculate 

evaluation metrics such as Accuracy, Precision, Recall, and 

F1-score to comprehensively assess the model’s performance 

[20], [21]. These evaluation results serve as the basis for 

determining the most optimal model architecture for 

accurately and efficiently classifying monkeypox images.  

Weighted averaging is used to determine class imbalance 

in the dataset, and metrics such as accuracy, precision, recall, 

and F1-score can be used to evaluate a classification model's 
performance. Based on the Confusion Matrix, the four metrics 

were computed using the following equations: 
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1) Accuracy 

Accuracy is defined as the proportion of correct model 
predictions over all tested data. To put it another way, 

accuracy quantifies the proportion of accurate predictions the 

model makes, whether for the positive or negative class. 

Equation (1) presents the formula used to calculate accuracy. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
TP+TN

TP+FP+FN+TN
  (1) 

2) Precision 

Precision indicates how accurately the model identifies 

positive cases. Equation (2) illustrates the percentage of 

accurately predicted positives among all positive forecasts. 

 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
TP

TP+FP
  (2) 

3) Recall 

Recall, sometimes referred to as sensitivity, gauges how well 

the model can recognize all positive data. This measure shows 

the percentage of real positive cases that the model accurately 
detects. The equation demonstrates the recall formula (3). 

𝑅𝑒𝑐𝑎𝑙𝑙 =
TP

TP+FN
   (3) 

4) F1-Score 

F1-score is the mean of precision and recall. This metric is 

used to achieve a balance between the two, especially when 

there is a trade-off between precision and recall. The formula 

for the F1-score can be seen in Equation (4). 

𝐹1 𝑆𝑐𝑜𝑟𝑒 = 2 x
Precision∗Recall

Precission+Recall
 (4) 

 

Information: 

True Positive (TP): Accurately predicting a positive outcome 

True Negative (TN): Accurately predicting a negative 

outcome 

False Positive (FP): An inaccurate, optimistic forecast 

False Negative (FN): An inaccurate, negative prediction 

 

III. RESULTS AND DISCUSSION 

A. Model Training Results 

Here, the discussion focuses on the training results of the 

ResNet50V2, ResNet152V2, and MobileNetV2 models in 

detail according to evaluation measures, including train 

accuracy, loss accuracy, validation accuracy, validation loss, 
and epoch time. Per-epoch time is useful for measuring the 

efficiency of each training iteration and helps identify whether 

the training process is running smoothly or facing 

computational bottlenecks. For example, the VGG16 CNN 

model requires approximately 29 seconds per epoch, while 

ResNet50 takes around 16 seconds per epoch [22], [23]. 

Epoch time also helps determine the ideal number of epochs 

to prevent overfitting and ensuring that training doesn't take 

too long. This comparison uses the training and validation 

datasets. Such a discussion is important to justify which 

model is the most optimal to be used for image classification 

in this study. The results of comparing the three CNN 

architectures can be observed in TABLE II. 

TABLE II 

TRAINING AND VALIDATION RESULTS  

Model Train 

Acc 

Train 

Loss 

Val 

Acc 

Val 

Loss 

Epoch 

Time 

ResNet50V2 0.9931 0.0352 0.9784 0.0633 12-21s 

ResNet152V2 0.9960 0.0364 0.9828 0.0456 14-21s 

MobileNetV2 0.9917 0.0445 0.9741 0.0881 11-21s 

B. Confusion Matrix 

This part thoroughly assesses the model's performance by 

examining and calculating evaluation metrics like accuracy, 

precision, recall, and F1-score. These metrics are crucial for 

understanding the model's overall accuracy as well as its 

capacity to accurately identify each class, particularly in 
situations involving multi-class classification or unbalanced 

data. All evaluation results are calculated based on the 

formulas presented in the research methodology section.  

This matrix displays the number of true positives, false 

positives, true negatives, and false negatives for each class, 

providing insight into the model's performance and any 
issues. Weighted averaging was used to compute evaluation 

measures, including precision, recall, and F1-score, to correct 

for class imbalance in the dataset and avoid the metrics being 

disproportionately affected by the majority class alone. The 

confusion matrix results for the ResNet50V2, ResNet152V2, 

and MobileNetV2 architectures can be seen in Figure 3, 

Figure 4, and Figure 5.  

  

Figure 3 Confusion Matrix ResNet50V2 
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Figure 4 Confusion Matrix ResNet152V2 

 

 

Figure 5 Confusion Matrix MobileNetV2 

 

In TABLE III, the model demonstrates strong 

categorization capabilities, as reflected by the Confusion 

Matrix. This table shows the number of accurate and 

inaccurate predictions for each class and was produced using 
the confusion matrix computation. It serves as the foundation 

for computing crucial evaluation metrics, such as accuracy, 

precision, recall, and F1-score, to fully analyze the model's 

overall performance. 

 

 

 

TABLE III 

CONFUSION MATRIX RESNET50V2, RESNET152V2 DAN MOBILENETV2 

Model Accuracy 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

ResNet50V2 96.58 96.65 96.58 96.56 

ResNet152V2 96.15 96.15 96.15 96.13 

MobileNetV2 97.86 97.86 97.86 97.84 

C. Discussion 

The ResNet152V2 model, which had more parameters, 

had the best training accuracy (99.60%) and validation 

accuracy (98.28%). The training loss and validation loss were 
also lower compared to the other models (0.0364 and 0.0456, 

respectively). However, the training time per epoch was 

longer, ranging from 14 to 21 seconds. Based on the 

classification evaluation, this model achieved an accuracy of 

96.15%, precision of 96.15%, recall of 96.15%, and F1-score 

of 96.13%. These results support ResNet152V2 superiority 

and are in line with those of Merlina et al., who demonstrated 

that the residual architecture of this model enables it to 

perform very well in challenging classification tasks [24].  

The ResNet50V2 model demonstrated solid performance 

with a training accuracy of 99.31% and a validation accuracy 
of 97.84%. The training and validation losses were relatively 

low, at 0.0352 and 0.0633, respectively. The training time per 

epoch ranged from 12 to 21 seconds. From the confusion 

matrix evaluation, this model achieved an accuracy of 

96.58%, a precision of 96.65%, a recall of 96.58%, and an F1-

score of 96.56%. These findings show consistent performance 

on both training and validation data, with a good trade-off 

between computational efficiency and accuracy [25]. 

The MobileNetV2 model, designed for efficiency, showed 

a training accuracy of 99.17% and a validation accuracy of 

97.41%. It recorded a training loss of 0.0445 and a validation 

loss of 0.0881, with the shortest epoch training time (11–21 
seconds). With the greatest evaluation metrics accuracy, 

precision, recall, and F1-score all at 97.86%, this model beat 

the others based on the confusion matrix, demonstrating its 

high efficiency and dependability, and making it particularly 

appropriate for deployment on devices with limited resources 

[26]. 

Overall, each model exhibits different performance 

characteristics: ResNet152V2 excels in achieving the highest 

validation accuracy, ResNet50V2 offers shorter training time 

with solid performance, while MobileNetV2 stands out for its 

efficiency and superior classification results. The best model 
selection depends on the application context, whether 

prioritizing accuracy, computational efficiency, or a balanced 

trade-off between both. 
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IV. CONCLUSION 

This study compared the performance of three CNN 
models, ResNet152V2, ResNet50V2, and MobileNetV2, for 

classifying monkeypox images. Each model demonstrated 

specific strengths. The best accuracy was attained by 

ResNet152V2, which makes it appropriate for applications 

that need the highest level of precision, even with prolonged 

training periods. For systems with limited resources, 

ResNet50V2 provided a fair compromise between 

computational efficiency and accuracy. MobileNetV2 

excelled in speed and efficiency, making it appropriate for 

devices with limited processing power. With proper dataset 

optimization, all three models show strong potential for use in 

image-based disease detection systems, depending on the 
application’s specific needs and constraints. 
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