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Abstract

:

With the widespread of Monkeypox and increase in the weekly reported number of cases, it is observed that this outbreak continues to put the human beings in risk. The early detection and reporting of this disease will help monitoring and controlling the spread of it and hence, supporting international coordination for the same. For this purpose, the aim of this paper is to classify three diseases viz. Monkeypox, Chikenpox and Measles based on provided image dataset using trained standalone DL models (InceptionV3, EfficientNet, VGG16) and Squeeze and Excitation Network (SENet) Attention model. The first step to implement this approach is to search, collect and aggregate (if require) verified existing dataset(s). To the best of our knowledge, this is the first paper which has proposed the use of SENet based attention models in the classification task of Monkeypox and also targets to aggregate two different datasets from distinct sources in order to improve the performance parameters. The unexplored SENet attention architecture is incorporated with the trunk branch of InceptionV3 (SENet+InceptionV3), EfficientNet (SENet+EfficientNet) and VGG16 (SENet+VGG16) and these architectures improve the accuracy of the Monkeypox classification task significantly. Comprehensive experiments on three datasets depict that the proposed work achieves considerably high results with regard to accuracy, precision, recall and F1-score and hence, improving the overall performance of classification. Thus, the proposed research work is advantageous in enhanced diagnosis and classification of Monkeypox that can be utilized further by healthcare experts and researchers to confront its outspread.






Keywords:


Monkeypox Disease Classification; deep learning; Convolutional Neural Networks; endemic; skin disease; attention models












1. Introduction


The world has yet not fully recovered from the Coronavirus disease (COVID-19) and one more infectious virus Monkeypox is spreading swiftly over the world. It is a zoonosis disease originated by the Monkeypox virus that is a representative of the Orthopoxvirus genus in the ancestry Poxviridae, with symptoms similar to smallpox. It was first detected in the Democratic Republic of Congo and later on increasingly spread in urban areas of southern Africa [1]. But, after May 2022, non-endemic countries viz. Spain, France, Germany, Europe, and North America have reported Monkeypox cases. It is the first time that many clusters of Monkeypox cases have been reported concurrently in geographically separated non-endemic and endemic countries. Currently, studies are underway to identify the sources of infection, way of transmission, and epidemiology [2,3].



Symptoms of Monkeypox are skin lesions, rashes, fever, chill, and headache. Skin lesions and rashes are the prime visible symptoms, caused by Monkeypox infection, often similar to Chickenpox and Cowpox. The diagnosis of Monkeypox becomes difficult for healthcare professionals/doctors due to (i) the visible and clinical similarity of the symptoms with the existing diseases and (ii) Monkeypox infections in the human locality are new and rare [4]. The Polymerase Chain Reaction (PCR) test was observed/used as the most accurate tool for the diagnosis of infection. However, doctors perform the diagnosis by visual observation of the skin rashes and lesions. The severity and mortality rate of the Monkeypox disease is less but not negligible. Occasionally, the faulty classification of the disease into Chickenpox or Measles is done due to the similarity of symptoms. Moreover, the mortality rate during the Monkeypox outbreak has traditionally varied from 1 percent to 10 percent. As per the report (in 2022) of World Health Organization (WHO), there is an increase of about 2.8% in total cases of Monkeypox, and as per their latest report (of March 2023), a total of 86,516 are confirmed registered cases in over 113 countries [5]. Hence, by looking at the global importance of public health, controlling the spread of the disease is mandatory. The early diagnosis of the disease may help in tracing of spread and patient isolation [3].



Currently, there are many medical limitations in many rural and underdeveloped countryside places around the globe. A lack of healthcare professionals and an improper healthcare system may escalate the spread of such an infectious virus. Moreover, in the existing medical system, there is a likelihood of incomplete and erroneous disease reports and delays. In all such scenarios, Artificial Intelligence (AI), Machine Learning (ML), and Deep Learning (DL) based techniques could help to detect the virus through appropriate image processing and analysis. With the ongoing research in the field of AI, many AI models are implemented for various virus detection, disease detection, and health detection for humans, animals, and plants [6,7,8,9,10]. Particularly, DL -a subset of ML, gained a lot of popularity in the field of medical science with image processing due to their excellent learning capability [11]. Recurrent Neural Network (RNN) ([12]), Convolutional Neural Network (CNN) ([13]), Denoising Auto Encoder (DAE) ([14]), Deep Belief Networks (DBNs) ([15]), Long Short-Term Memory (LSTM) ([16]) are popular and widely accepted for numerous applications. Among all, CNN is the most popular and known DL architecture used for image processing applications [11]. Moreover, it plays a vital role in computer vision applications like segmentation and localization, video, text and speech recognition as well as analysis, and many more. It has three types of layers i) convolutional layer, ii) pooling layer, and iii) fully connected layers [17,18]. Apart from that, the core three facilities/functionality are sparse interaction, parameter sharing, and equivariant representation. The most popular and commonly used CNN architectures are ZFNet [19], GoogLeNet [20], VGG16 [21], AlexNet [22], ResNet [23], InceptionV3 [24], Xception [25] and EfficientNet [26].



Thus, the current state-of-an-art for diagnosis & its classification of Monkeypox and the other relevant diseases explore pre-trained DL models on the existing datasets [4,27,28,29,30]. On the other side, the attention mechanisms are also getting trained to allow the focus on definite portion of the input [31]. The attempts are also made to create authenticated image datasets from the existing resources (websites, newspapers, other articles) [28,32,33]. However, the existing literature suffers from the research gaps as follows:




	
The research study and experimentation are carried out on a small and limited dataset or on imbalanced dataset [27,28,29,30,34,35,36].



	
Comparative analysis with the existing literature based on the pre-trained DL models may not be discussed in detail [28,29,30].



	
There is a possibility of improving accuracy by fine-tuning DL models with the appropriate tuning of parameters [4,27,28,34,37,38].



	
To the best of our knowledge, the attention model of Squeeze and Excitation Network (SENet) is not yet explored for the classification of Monkeypox.








Considering the limitations of the existing scenarios and the current state-of-an-art of DL models, particularly for Monkeypox diagnosis and classification, the main contributions in this paper are as follows:




	
The images of skin diseases are classified as per the class labels based on three diseases viz. Monkeypox, Measles, and Chickenpox.



	
The size of dataset (number of images) required for the experimentation is increased by aggregating individual existing datasets.



	
The training of efficient DL models (InceptionV3, EfficientNet, VGG16) is improved and evaluated as compared to the existing approaches.



	
Not only that, a novel and unexplored DL attention model Squeeze and Excitation Network (SENet) is explored and it is added to these trained architectures. To the best of our knowledge, this is the first attempt of applying the attention model SENet to classify multiple classes of skin diseases, specifically Monkeypox.



	
Excessive improvement in the accuracy is achieved by exploring combination of SENet with the improved trained models as compared to existing implemented models for the same.



	
The modified DL models are compared with the state-of-the-art architectures on this aggregated and scaled dataset.








Thus, VGG16 [39], EfficientNet [26] and InceptionNet [24] models of CNN are explored in this paper with the aim to detect and classify the Monkeypox disease efficiently. The SE-block of an unexplored SENet architecture [40] is combined with these models that achieves remarkable improvement in the accuracy of classification.



The remaining paper is organized as follows: Section 2 explores current state-of-the-art for the defined problem, followed by an in-depth explanation of the methodology covering the dataset, implementation details with DL models and learning parameters and results & discussion in Section 3, while Section 4 summarizes overall study with the conclusion and possible future research directions.




2. Related Work


As stated earlier, after COVID19, AI, ML and DL are proven successful in diagnosis and severity categorization from the high quality images of medical field (chest X-ray and chest ultrasound, Computed Tomography (CT)). Hence, the researchers and scientific communities are motivated in applying AI, ML and DL approaches for the diagnosis or classification of Monkeypox disease from the digital images of the infected patients’ skin. However, the adequate amount of image datasets (clinically verified) are difficult to collect due to the recent development of this disease. The existing literature on the Monkeypox disease is also contemporary with the other related works in the similar fields.



The first verified Monkeypox dataset- the “Monkeypox Skin Lesion Dataset (MSLD)” is introduced in [28] after collecting the images from news portals, websites, and case reports available publicly. The pre-trained deep learning models viz. VGG-16, ResNet50, and InceptionV3 and an ensemble approach are explored for binary classification of Monkeypox and other diseases. A three-fold cross-validation experiments are carried out and for the experimental setup, the original image dataset is divided into training set, validation set and testing set (70:10:20 proportion). The highest accuracy of approximately 82.96% is achieved with ResNet50 model and hence, it is utilized for the web-app that gives initial analysis of Monkeypox from the uploaded image. However, the research can further be extended for sufficient sizes of training and testing dataset to improve the accuracy.



The major existing research exploration focus on diagnosis of Monkeypox along with the classification between different diseases. The automatic diagnosis of Monkeypox lesions by means of machine learning and deep learning techniques is very useful for monitoring and expeditious identification of suspected cases from the areas where confirmatory PCR tests are not feasible. Based on that, the features of three deep CNN models (AlexNet, GoogleNet and VGG16Net) are explored and analyzed with different ML classifiers to diagnose Monkeypox disease in [29] using the “Monkeypox Skin Lesion Dataset (MSLD)”. Additionally, five ML algorithms viz. Support Vector Machine (SVM), k-Nearest Neighbors (KNN), Decision Tree, Naive Bayes and Random Forest are used for classification. Augmented images are used for the training purpose and real images are used for the testing purpose. It is concluded that the highest accuracy of 91.11% is achieved by the Naive Bayes classifier with VGG16Net features. However, they experimented with a small dataset that needs to be explored on a large scale.



A modified VGG16 model to diagnose Monkeypox and for its classification with others is proposed in [27]. The model is evaluated with two distinct studies. For this purpose, the first important step towards the study of Monkeypox - digital image data collection “Monkeypox 2022” is generated by collecting numerous images from different open-sources (news, media, websites) and online portals under the tag commercial and other licenses [32]. Initially, a modified VGG16 model (consisting of sixteen CNN layers, having different size of filters and stride values) that has three necessary elements (pre-trained architecture, an updated layer, a prediction class) is selected for experimentation. The three hyper parameters viz. batch size, number of epochs and learning rate are tuned for initial experimentation with an aim to enhance the performance of the proposed model. In addition, their findings/results are validated through visual description of post-image analysis using Local Interpretable Model-agnostic explanations (LIME). The experimentation followed two studies- study one with original images and study two with the augmented images of Monkeypox and others. They achieve accuracy of 83% with study one, however, the accuracy is reduced to 78% in the second study using augmented images. Also, the larger, updated and balanced dataset is required to be experimented with their model to improve accuracy.



Another approach for classification of 5 diseases Monkeypox, Chickenpox, Smallpox, Cowpox, and Measles is proposed in [4] with an aim to classify more diseases as compared to three diseases considered in [27,28]. In addition, improved dataset is created and utilized in this research work as compared to the earlier approaches. Not only that, seven DL models viz. ResNet50, DenseNet121, Inception-V3, SqueezeNet, MnasNet-A1, MobileNet-V2, and ShuffleNet-V2 are tested with 5-fold cross validation for the classification of images. The ShuffleNet-V2 model attained the peak accuracy (79%). Thus, there is a scope of improvement in this accuracy by utilizing DL models with appropriate tuning of parameters.



Next, a balanced dataset of Monkeypox, Healthy and Other Diseases-”Monkeypox Skin Dataset” based on three parameters viz. classes, types and sizes of images is created in [33]. The proposed work and created dataset are compared with the previous two datasets-”Monkeypox 2022” ([27]) and “Monkeypox Skin Lesion Dataset (MSLD)” ([28]) in terms of class labels and balanced number of images per class. The CNN classifiers viz. VGG-16, VGG-19, ResNet50, EfficientNet-B0, MobileNet-V2 and Ensemble classifiers (VGG-16+VGG-19+ResNet50, VGG-16+ResNet50+EfficientNet-B0, ResNet50+EfficientNet-B0+MobileNet-V2) are evaluated with their own balanced dataset and highest 95% accuracy is achieved through ResNet50 classifiers. Apart from that, the accuracy is improved to 98.33% by an ensemble approach (ResNet50+EfficientNet-B0+MobileNet-V2). However, the increased dataset size may further improve the accuracy.



Recently, the 5-fold cross validation experimental study with 13 pre-trained DL models (VGG, ResNet, Inception-V3, InceptionResNet, Xception, MobileNet, DenseNet, EfficientNet, Ensemble approach (Xception and DenseNet-169)) to detect and classify four different classes (Monkeypox, Chickenpox, Measles, Normal) is carried out in [30]. The experiments are performed on well-known “Monkeypox 2022” dataset [27,32] and two models Xception and DenseNet-169 are identified as best performing models from the 13 DL models. The probability values from these two models are considered for the ensemble approach and the accuracy is increased up to 87.13%. Grad-CAM and LIME are used for the visualization of the same. Again, the performance could be improved with an addition of more data. Also, the lightweight DL models are preferable for the memory-constrained environments as compared to the pre-trained DL models.



A deep hybrid CNN model named as MonkeypoxHybridNet is proposed in [34] to detect four different classes (Monkeypox, Chickenpox, Measles, Normal). The structure of this hybrid model combines three DL models ResNet50,VGG19, and InceptionV3. The evaluation is carried out with popular “Monkeypox 2022” dataset [27,32] and images are given parallel to all three models in first step. Next, flattened output of these models are collected and fed to the dense layer and a dropout layer respectively for classification. The experimental results show the highest accuracy of 84.2% obtained using the proposed MonkeypoxHybridNet model.



The transfer-learning-based models (VGG19, DenseNet121, Xception, EfficientNetB3 and MobileNetV2) combined with the Convolutional Block Attention Module (CBAM) attention model are presented in [37] to classify MonkeyPox with the other skin diseases. The experiments are carried out on “Monkeypox Skin Lesion Dataset (MSLD)” [28]. The highest accuracy achieved is 83.89% using Xception-CBAM-Dense model. Another research work for classification of Monkeypox vs. non-Monkeypox images of dataset “Monkeypox Skin Lesion Dataset (MSLD)” [28] based on pre-trained DL networks ResNet18, GoogleNet, EfficientNetb0, NasnetMobile, ShuffleNet and MobileNetv2 is proposed in [38]. In addition, mobile application to detect human Monkeypox is also developed to provide the prediction results based on the best performing model MobileNetv2 (accuracy 91.11%) to the end users.



Detection of Monkeypox skin lesion and its classification is performed based on pre-trained CNN models MobileNetV2, VGG16, and VGG19 in [35] using the Monkeypox Skin Image Dataset. The highest performance is achieved using MobileNetV2, with 91.37% accuracy, 90.5% precision, 86.75% recall and 88.25% F1 score. Another approach to classify Monkeypox based on MiniGoogleNet architecture is proposed in [36] using “Monkeypox Skin Lesion Dataset (MSLD)” [28] and the highest accuracy achieved is 97.08%.



Lastly, classification between Monkeypox and normal skin images is carried out in [41] using ten CNN models VGG16, ResNet50, ResNet101, Xception, EfficientNetB0, EfficientNetB7, NasNetLarge, EfficientNetV2M, ResNet152V2, EfficientNetV2L. Two studies of binary classification and third study for multiclass classification (Monkeypox, Chickenpox, Measles, Normal) is explored with accuracy ranging from 84% to 99% using ResNet101. In addition, the Generalization and Regularization Approaches (GRA) are implemented to show computational efficiency of transfer learning models. The model’s prediction is explained and validated through the LIME.



Apart from the above approaches, the improved Deep CNN models developed on the Al-Biruni Earth Radius Optimization Algorithm and transfer learning for classification of Monkeypox images are proposed in [42,43]. Similarly, DL based Monkeypox diagnosis using another optimizer algorithm- Metaheuristic Harris Hawks is conducted in [44].



Thus, the existing research to classify Monkeypox based on trained DL models suffer from the major limitation of smaller dataset. Hence, there is a scope of improvement in accuracy by retraining the DL models with an increased size of dataset. For this purpose, different available datasets as shown in Table 1 are collected from the existing authors/resources.



The review of the existing literature based on the above discussion, DL architectures used and the existing datasets is summarized in Table 2.



The methodology and implementation details of the proposed work are discussed in detail in next section.




3. Methodology


In order to explore the research work as described, various datasets (individual or combined) used for training and testing purpose and implementation details using proposed DL models are presented in this section.



3.1. Dataset


The datasets used for experimentation are collected from multiple different sources. The details of the datasets used in this paper for experimentation are stated in Table 3. Here, the dataset from [32] is termed as Dataset-1. This dataset consists of several manipulations on original dataset such as conversion into gray scale, augmentation on original images and grey scale images. Dataset source available in [45], here referred to as Dataset-2, is the second unexplored and unutilized dataset used during training for the same classification task.



The third dataset utilized during training, is an aggregation of two individual datasets from [28,32]. Dataset in [28] consists images for binary classification task of Monkeypox skin lesions. Hence, the images of Monkeypox patients are collected from it and combined with Dataset-1 to make a qualitative and quantitative dataset to improve the training by deep learning models. The proposed aggregated dataset is named here as Dataset-3.



The images in Dataset-1, Dataset-2, Dataset-3 are having variable size of resolution. Hence, the images of all 3 datasets are resized to 224x224 before feeding the dataset in the DL architecture of EfficientNet, VGG16, SENet+EfficientNet and SENet+VGG16 for training. While, the images are resized to 299x299 before passing it to training in the DL model of InceptionV3 and SENet+InceptionV3.




3.2. Implementation Details


The details of three DL models used (VGG16, InceptionV3 & EfficientNet) and attention model (Squeeze and Excitation Network), tuning of hyper parameters and evaluation parameters followed by results and discussion are explored in this section.



3.2.1. Deep Learning Models


VGG16: The architecture proposed by [39] is having 16 layers emphasizing on increasing the depth of the network. This architecture uses reduced size of receptive field or the kernel size along with the smaller size of strides. Hence, this model is capable of capturing local features also. As the architecture has high depth, the number of parameters to be trained are large, thus increasing the computational cost. For the proposed work, fine tuned of VGG16 model is used while removing the last layer and adding a fully connected layer with 3 units in its architecture as shown in Figure 1.



InceptionV3: The main concept behind the architecture of InceptionV3 is to make the network wider rather than making it deeper. This model achieves lesser number of trainable parameters as compared to VGG16. This reduces the computation cost of the model. The four parallel convolution layers with various kernel sizes that make up the Inception network architecture are used to extract input image features at various scales and then it is passed to the upcoming next layer. The architecture used here has 42 layers in total. It uses Label Smoothing, Factorized 7 × 7 convolutions, and the inclusion of an auxiliary classifier to convey label information to later part of the network, among other advances (along with the use of batch normalisation for layers in the auxiliary learners) [24]. To explore the proposed work, this architecture is minutely modified by eliminating the last layer and adding a new dense layer with 3 units at the end of the architecture. This pretrained architecture (Figure 2) is implemented on the above discussed datasets.



EfficientNet: This architecture emphasizes on systematic scaling (also known as compound scaling) along the width, depth and resolution dimensions by using predetermined scaling coefficients. With significantly less number of parameters and FLOPs, the model leads to less computational cost. Here, the last layer of the model is modified by 3 softmax units, targeting to find out the probability for each class label, as depicted in the Figure 3. During experimentation of the proposed approaches, except the last 2 layers, all other layers are freezed and pretrained weights are used for the same.



Squeeze and Excitation Network (SENet): Input image is provided into a core trunk CNN architecture which extracts the features. These feature maps are passed on through Global Average Pooling (GAP) thereby shrinking the spatial dimensionality to one value for every feature map. Fully connected layer is incorporated for the excitation of the previously fetched features to capture the interrelationship among channels as shown in Figure 4 [40]. With essentially low additional computational cost, Squeeze and Excitation Network provides CNNs with a construction block that enhances channel interrelation [46]. To reduce the number of parameters, the traditional 3 × 3 filters were replaced with 1x1 filters. The architecture has the ability to adaptively adjust feature maps at various network levels, enabling the model to concentrate on more relevant channel characteristics while ignoring less significant ones [47].



Hyper Parameters Tuning: The above discussed Deep architectures viz. VGG16, EfficientNet, InceptionV3, SENet+VGG16, SENet+InceptionV3 and SENet+EfficientNet are trained on the same hyperparameter settings. The learning rate used to train the models is 0.0001(1.0000 × 10    − 4   ) along with the Adam Optimizer for optimizing the training process. For deciding number of epochs, 2 callbacks are used to converge the model, namely ReduceLROnPlateau and Early Stopping. Firstly, ReduceLROnPlateau callback is set with patience = 20, factor to reduce the LR is set to 0.1 while monitoring validation loss of the model. Secondly, Early Stopping callback is set to monitor the validation accuracy with patience = 20 to stop the training, if model is converged before specified number of epochs.



Thus, the complete work flow of explored deep learning architectures in this paper is depicted in Figure 5.




3.2.2. Evaluation Parameters


The performance of the DL models on selected datasets (dataset-1, 2 and 3) is evaluated by the parameters as follows:




	1.

	
Accuracy: The overall number of successfully identified instances across all cases. It can be determined using Equation (1):


  A c c u r a c y =    T p  +  T n     T p  +  T n  +  F p  +  F n     



(1)








	2.

	
Precision: The ratio of correctly classified positive samples (True Positive) to a total number of classified positive samples (either correctly or incorrectly) (Equation (2)). It helps us to visualize the reliability of the machine learning model in classifying the model as positive.


  P r e c i s i o n =   T p    T p  +  F p     



(2)








	3.

	
Recall: The ratio between the numbers of positive samples correctly classified as positive to the total number of positive samples (Equation (3)). The recall measures the model’s ability to detect positive samples.


  R e c a l   l =   T p    T p  +  F n     



(3)








	4.

	
F1 Score: The harmonic mean of precision and recall (Equation (4)). The maximum possible F1 score is 1, which indicates perfect recall and precision.


  F 1 = 2 *   P r e c i s i o n * R e c a l l   P r e c i s i o n + R e c a l l    



(4)













where   T p   = True Positive   T n   = True Negative



  F p   = False Positive   F n   = False Negative





3.3. Results and Discussion


The experiments are carried out by training pre-trained InceptionV3, EfficientNet, and fine tuned VGG16 models on the above stated datasets, viz. Dataset-1, Dataset-2 and Dataset-3. In addition, these three models are combined with SENet attention model (SENet+InceptionV3, SENet+EfficientNet, SENet-VGG16) and results are tested on Dataset-3. The observations from the experimental results are discussed by comparison between the DL models used in this work as well as collation of the results with the other DL approaches in the existing literature.



3.3.1. Discussion and Observations in the Proposed Work


Discussion-1: The analysis of validation and test accuracy as well as validation and test loss of each of the above discussed three models when implemented on the three selected datasets in turn is highlighted in Table 4. Not only that, the comparison of test accuracy fetched by the above discussed models, when implemented on the three datasets individually, are depicted in graphs as shown in Figure 6a–c. Based on the experimental results and plots, it is observed that:




	
The InceptionV3 model proves to fetch better results in all three datasets as compared to other two experimented models, viz. EfficientNet and VGG16 (Table 4).



	
Also, it is depicted from the plots that InceptionV3 outperforms the other two deep learning models in terms of accuracy.








Discussion-2: Furthermore, the comparison of performance measures viz. Precision, Recall, F-Score, and test accuracy of the discussed architectures on the selected datasets is shown in Table 5. Based on the results achieved, it is observed that InceptionV3 solves the issue of vanishing gradients upto certain extent in comparison to other two models. This is due to the use of auxiliary classifiers other than the trunk classifier. In addition, the cost of computation is also decreased as its architecture has less numbers of parameters to learn as compared to VGG16 architecture. Therefore, InceptionV3 can be ensembled with the other DL models or can be incorporated with attention models as per the observations depicted in Table 5.




3.3.2. Comparative Analysis with the Existing Approaches


Discussion-3: The experimental results of the proposed work on the popular Dataset-1 (“Monkeypox 2022” [27,32]) are analyzed and compared with the experimental results on the same dataset applied in the existing approaches [27,30,34] as shown in Table 6. From the results, it is observed that as compared to the results fetched in [27], there is a rise in test accuracy of about 13.82%, 9.51% and 2.71% using InceptionV3, EfficientNet, and VGG16 models respectively on the same Dataset-1. Further observation is the accuracy achieved using the DL models implemented in this paper, viz. InceptionV3, EfficientNet and VGG16, as compared to the same DL models applied in [30]. In [30], the test accuracy of 84.53%, 83.96% and 82.22% are achieved using these models respectively, whereas the test accuracy in the proposed work on the same models are 96.82%, 92.51% and 85.71% respectively. Thus, there is an approximate rise of 12%, 8.55% and 3% in the test accuracy of InceptionV3, EfficientNet and VGG16 models respectively in the proposed work as compared to [30]. Lastly, the InceptionV3 model in the proposed work has an approximate rise of 16% in the test accuracy as compared to the same model experimented in [34]. Hence, the discussed work here achieved better results in terms of accuracy while using InceptionV3 and EfficientNet as a standalone deep architectures on the well-known dataset “Monkeypox 2022” presented here as Dataset-1.



Discussion-4: For the said classification problem, all three models trained on larger Dataset-3 especially InceptionV3, show a hike in the performance. To observe the same, the test accuracy of the best performing models in the existing literature and in the proposed work is compared and discussed as shown in Table 7. It is observed that the InceptionV3 model in the proposed work outperforms all the existing DL models with test accuracy 97.6% when used as a standalone architecture. Not only that, it outperforms the existing ensemble approaches also even though selected as a standalone trained DL model. Hence, InceptionV3 is proven to be the best trained DL model not only for Dataset-3, but also for the other selected datasets (Dataset-1 and Dataset-2) in the proposed work. Further, based on the accuracy achieved for all three DL models (Table 4), quantitative Dataset-3 is proven to be qualitative dataset for classifying the 3 diseases viz. Monkeypox, Measles, and Chickenpox.



Discussion-5: As per the comparative analysis of results shown in Table 5, Squeeze and Excitation Network attention module gives better performance along with the trunk modules viz. InceptionV3, EfficientNet and VGG16 as compared to the respective standalone DL architectures. The confusion matrix for attention models viz. SENet+InceptionV3, SENet+EfficientNet and SENet+VGG16 is depicted in Figure 7a–c respectively. It can be clearly seen with the hike in the performance measures of all 3 discussed architectures of DL with SENet amalgamation, that SENet attention surely outperforms other individual deep learning architectures, when implemented on Dataset-3. Not only the results derived from discussion 1 & discussion 4 stats InceptionV3 as the best performing model, but InceptionV3 also fetches the peak accuracy of 98% when used as a trunk branch incorporation with attention of SENet block on the top of it.



The comparison of accuracies attained by SENet+InceptionV3, SENet+EfficientNet and SENet+VGG16 can be seen in Figure 8. Individual DL architecture of InceptionV3, EfficientNet and VGG16 attained the accuracy of 97.6%, 94.8% & 95.99% while SENet+InceptionV3, SENet+EfficientNet and SENet+VGG16 manages to achieve the accuracy of 98%, 97.6% & 96% respectively, hence, making the statistics of accuracy better. The attention module on top of above mentioned three DL models, succeeds to reach improved level of precision, recall and F1-Score with an approximate average hike of 20% as compared to individual models. Moreover, the attention architecture implemented in this research work performs better than ensemble technique in [30] by the increase in accuracy of about 11%. Also, the proposed technique (SENet+InceptionV3) succeeds to match the accuracy of 98% achieved by ensemble technique in the paper [33]. Hence, overall it can be observed that attention model do have significant results alike ensemble technique.






4. Conclusions


The aim of this paper is to classify the three diseases viz. Monkeypox, Chickenpox and Measles from the given input image. To achieve the same, experiments on three datasets are carried out in order to fetch the generalized results. From the experiments and results, first conclusion is that InceptionV3 deep architecture gives better and considerably significant accuracy (96.82%, 93.75% and 97.6% for Dataset-1, Dataset-2 and Dataset-3 respectively) for this classification problem when compared with EfficientNet (92.51%, 88.54% and 94.8% for the respective datasets) and VGG16 (85.71%, 77.08% and 95.99% for the respective datasets) models. The results of the other evaluation parameters (precision, recall and F1-score) also support this observation. Next, the trained DL models in this work outperform on popular “Monkeypox 2022” dataset (selected as Dataset-1 here) as compared to the other approaches utilizing the same dataset. Lastly, the best performing DL model- InceptionV3 in the proposed work remarkably enhances the test accuracy (97.6%) of this classification as compared to the other approaches explored in the current state-of-the-art. Furthermore, the classification of Monkeypox and the other diseases is carried out on the aggregated dataset collected from two different sources (Dataset-3) and it is concluded that this quantitative dataset helps in enhancing the overall accuracy.



In addition to it, implementation results of an attention model, Squeeze and Excitation Network along with InceptionV3 architecture as base model outperforms all state of art DL models discussed in this paper. Not only that, SENet+InceptionV3 peaks the accuracy of 98% as compared to SENet+EfficientNet & SENet+VGG16 which achieved the accuracy of 97.6% & 96% respectively. It also succeeds to achieve the precision, recall and F1-score of 98.06%, 97.97% and 98.02%, higher than achieved by SENet+EfficientNet & SENet+VGG16 as well as the ensemble approaches proposed in the current state-of-the-art. Further, various deep learning architecture with attention modelss and ensemble models for this classification problem can be explored in future. Secondly, there is still a lack of sufficient dataset. Therefore, several other augmentation techniques can be explored to elevate the size of dataset, till new datasets in this field are generated.







Author Contributions


S.S., conceptualization, data curation, methodology, software, validation; H.T., visualization, methodology, software, writing-original draft; B.S., conceptualization, data curation, validation, visualization, writing-original draft; C.B., conceptualization, supervision, project administration, writing-review and editing; C.M.T.-G., funding acquisition, supervision, writing-review and editing. All authors have read and agreed to the published version of the manuscript.




Funding


This research received no external funding.




Institutional Review Board Statement


Not applicaple.




Informed Consent Statement


Not applicaple.




Data Availability Statement


Not applicaple.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Nolen, L.D.; Osadebe, L.; Katomba, J.; Likofata, J.; Mukadi, D.; Monroe, B.; Doty, J.; Hughes, C.M.; Kabamba, J.; Malekani, J.; et al. Extended human-to-human transmission during a monkeypox outbreak in the Democratic Republic of the Congo. Emerg. Infect. Dis. 2016, 22, 1014. [Google Scholar] [CrossRef]

	



Andrea, M.; McCollum, I.K.D. Human Monkeypox. Clin. Infect. Dis. 2014, 58, 260–267. [Google Scholar]

	



Mpox (Monkeypox) Outbreak. 2022. Available online: https://www.who.int/emergencies/situations/monkeypox-oubreak-2022 (accessed on 1 September 2022).

	



Islam, T.; Hussain, M.A.; Chowdhury, F.U.H.; Islam, B.R. Can artificial intelligence detect Monkeypox from digital skin images? bioRxiv 2022. [Google Scholar] [CrossRef]

	



WHO. Multi-Country Outbreak of Monkeypox. 2022. Available online: https://www.who.int/publications/m/item/multi-country-outbreak-of-monkeypox--external-situation-report--10---16-november-2022 (accessed on 1 November 2022).

	



Bhargavi, K. Zonotic Diseases Detection Using Ensemble Machine Learning Algorithms. In Fundamentals and Methods of Machine and Deep Learning: Algorithms, Tools and Applications; Wiley Online Library: Hoboken, NJ, USA, 2022; pp. 17–32. [Google Scholar]

	



Khan, R.U.; Khan, K.; Albattah, W.; Qamar, A.M. Image-based detection of plant diseases: From classical machine learning to deep learning journey. Wirel. Commun. Mob. Comput. 2021, 2021, 5541859. [Google Scholar] [CrossRef]

	



Chowdhury, M.E.; Rahman, T.; Khandakar, A.; Ayari, M.A.; Khan, A.U.; Khan, M.S.; Al-Emadi, N.; Reaz, M.B.I.; Islam, M.T.; Ali, S.H.M. Automatic and reliable leaf disease detection using deep learning techniques. AgriEngineering 2021, 3, 294–312. [Google Scholar] [CrossRef]

	



Liakos, K.G.; Busato, P.; Moshou, D.; Pearson, S.; Bochtis, D. Machine learning in agriculture: A review. Sensors 2018, 18, 2674. [Google Scholar] [CrossRef]

	



Toğaçar, M.; Ergen, B.; Cömert, Z. COVID-19 detection using deep learning models to exploit Social Mimic Optimization and structured chest X-ray images using fuzzy color and stacking approaches. Comput. Biol. Med. 2020, 121, 103805. [Google Scholar] [CrossRef] [PubMed]

	



Mosavi, A.; Ardabili, S.; Varkonyi Koczy, A.R. List of deep learning models. In Proceedings of the International Conference on Global Research and Education; Springer: Berlin/Heidelberg, Germany, 2019; pp. 202–214. [Google Scholar]

	



Medsker, L.R.; Jain, L. Recurrent neural networks. Des. Appl. 2001, 5, 64–67. [Google Scholar]

	



Albawi, S.; Mohammed, T.A.; Al-Zawi, S. Understanding of a convolutional neural network. In Proceedings of the 2017 international conference on engineering and technology (ICET), Antalya, Turkey, 21–23 August 2017; pp. 1–6. [Google Scholar]

	



Ferles, C.; Papanikolaou, Y.; Naidoo, K.J. Denoising autoencoder self-organizing map (DASOM). Neural Netw. 2018, 105, 112–131. [Google Scholar] [CrossRef] [PubMed]

	



Lopes, N.; Ribeiro, B.; Lopes, N.; Ribeiro, B. Deep belief networks (DBNs). In Machine Learning for Adaptive Many–Core Machines-A Practical Approach; Springer: Cham, Switzerland, 2015; pp. 155–186. [Google Scholar]

	



Graves, A.; Graves, A. Long short-term memory. In Supervised Sequence Labelling with Recurrent Neural Networks; Springer: Berlin/Heidelberg, Germany, 2012; pp. 37–45. [Google Scholar]

	



Goodfellow, I.; Bengio, Y.; Courville, A. Deep Learning; MIT Press: Cambridge, MA, USA, 2016. [Google Scholar]

	



Le, J. Convolutional Neural Networks: The Biologically-Inspired Model. 2018. Available online: https://www.codementor.io/@james_aka_yale/convolutional-neural-networks-the-biologically-inspired-model-iq6s48zms (accessed on 1 October 2022).

	



Wani, M.A.; Bhat, F.A.; Afzal, S.; Khan, A.I. Advances in Deep Learning; Springer: Berlin, Germany, 2020. [Google Scholar]

	



Al-Qizwini, M.; Barjasteh, I.; Al-Qassab, H.; Radha, H. Deep learning algorithm for autonomous driving using googlenet. In Proceedings of the 2017 IEEE Intelligent Vehicles Symposium (IV), Los Angeles, CA, USA, 11–14 June 2017; pp. 89–96. [Google Scholar]

	



Hammad, I.; El-Sankary, K. Impact of approximate multipliers on VGG deep learning network. IEEE Access 2018, 6, 60438–60444. [Google Scholar] [CrossRef]

	



Alom, M.Z.; Taha, T.M.; Yakopcic, C.; Westberg, S.; Sidike, P.; Nasrin, M.S.; Van Esesn, B.C.; Awwal, A.A.S.; Asari, V.K. The history began from alexnet: A comprehensive survey on deep learning approaches. arXiv 2018, arXiv:1803.01164. [Google Scholar]

	



Serte, S.; Serener, A.; Al-Turjman, F. Deep learning in medical imaging: A brief review. Trans. Emerg. Telecommun. Technol. 2020, 10, e4080. [Google Scholar] [CrossRef]

	



Szegedy, C.; Vanhoucke, V.; Ioffe, S.; Shlens, J.; Wojna, Z. Rethinking the Inception Architecture for Computer Vision. In Proceedings of the Proceedings of the IEEE Computer Society Conference on Computer Vision and Pattern Recognition, San Juan, PR, USA, 17–19 June 1997; IEEE: Las Vegas, NV, USA, 2016; pp. 2818–2826. [Google Scholar] [CrossRef]

	



Alam, M.S.; Rashid, M.M.; Roy, R.; Faizabadi, A.R.; Gupta, K.D.; Ahsan, M.M. Empirical Study of Autism Spectrum Disorder Diagnosis Using Facial Images by Improved Transfer Learning Approach. Bioengineering 2022, 9, 710. [Google Scholar] [CrossRef]

	



Tan, M.; Le, Q. Efficientnet: Rethinking model scaling for convolutional neural networks. In Proceedings of the International Conference on Machine Learning, Long Beach, CA, USA, 9–15 June 2019; pp. 6105–6114. [Google Scholar]

	



Ahsan, M.M.; Uddin, M.R.; Farjana, M.; Sakib, A.N.; Momin, K.A.; Luna, S.A. Image Data collection and implementation of deep learning-based model in detecting Monkeypox disease using modified VGG16. arXiv 2022, arXiv:2206.01862. [Google Scholar]

	



Ali, S.N.; Ahmed, M.; Paul, J.; Jahan, T.; Sani, S.; Noor, N.; Hasan, T. Monkeypox skin lesion detection using deep learning models: A feasibility study. arXiv 2022, arXiv:2207.03342. [Google Scholar]

	



KUMAR, V. Analysis of CNN features with multiple machine learning classifiers in diagnosis of monkepox from digital skin images. medRxiv 2022. [Google Scholar] [CrossRef]

	



Sitaula, C.; Shahi, T.B. Monkeypox Virus Detection Using Pre-trained Deep Learning-based Approaches. J. Med Syst. 2022, 46, 78. [Google Scholar] [CrossRef]

	



Li, A.; Xiao, F.; Zhang, C.; Fan, C. Attention-based interpretable neural network for building cooling load prediction. Appl. Energy 2021, 299, 117238. [Google Scholar] [CrossRef]

	



Ahsan, M.M.; Uddin, M.R.; Luna, S.A. Monkeypox Image Data Collection. arXiv 2022, arXiv:2206.01774. [Google Scholar] [CrossRef]

	



Muñoz-Saavedra, L.; Escobar-Linero, E.; Civit-Masot, J.; Luna-Perejón, F.; Civit, A.; Domínguez-Morales, M. Monkeypox Diagnostic-Aid System with Skin Images Using Convolutional Neural Networks. 2022. Available online: https://papers.ssrn.com/sol3/papers.cfm?abstract_id=4186534 (accessed on 1 October 2022).

	



Gülmez, B. MonkeypoxHybridNet: A hybrid deep convolutional neural network model for monkeypox disease detection. Int. Res. Eng. Sci. 2022, 3, 49–64. [Google Scholar]

	



Irmak, M.C.; Aydin, T.; Yaanolu, M. Monkeypox Skin Lesion Detection with MobileNetV2 and VGGNet Models. In Proceedings of the 2022 Medical Technologies Congress (TIPTEKNO), Antalya, Turkey, 31 October–2 November 2022; pp. 1–4. [Google Scholar] [CrossRef]

	



Alcalá-Rmz, V.; Villagrana-Bañuelos, K.E.; Celaya-Padilla, J.M.; Galván-Tejada, J.I.; Gamboa-Rosales, H.; Galván-Tejada, C.E. Convolutional Neural Network for Monkeypox Detection. In Proceedings of the International Conference on Ubiquitous Computing & Ambient Intelligence (UCAmI 2022), Cordoba, Spain, 30 November – 2 December 2022; Bravo, J., Ochoa, S., Favela, J., Eds.; Springer: Cham, Switzerland, 2023; pp. 89–100. [Google Scholar]

	



Haque, M.; Ahmed, M.; Nila, R.S.; Islam, S. Classification of human monkeypox disease using deep learning models and attention mechanisms. arXiv 2022, arXiv:2211.15459. [Google Scholar]

	



Sahin, V.H.; Oztel, I.; Yolcu Oztel, G. Human monkeypox classification from skin lesion images with deep pre-trained network using mobile application. J. Med Syst. 2022, 46, 79. [Google Scholar] [CrossRef] [PubMed]

	



Simonyan, K.; Zisserman, A. Very deep convolutional networks for large-scale image recognition. In Proceedings of the 3rd International Conference on Learning Representations, ICLR 2015-Conference Track Proceedings, San Diego, CA, USA, 7–9 May 2015; pp. 1–14. [Google Scholar] [CrossRef]

	



Hu, J.; Shen, L.; Albanie, S.; Sun, G.; Wu, E. Squeeze-and-Excitation Networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Salt Lake City, UT, USA, 18–22 May 2018; pp. 7132–7141. [Google Scholar]

	



Ahsan, M.M.; Uddin, M.R.; Ali, M.S.; Islam, M.K.; Farjana, M.; Sakib, A.N.; Al Momin, K.; Luna, S.A. Deep transfer learning approaches for Monkeypox disease diagnosis. Expert Syst. Appl. 2023, 216, 119483. [Google Scholar] [CrossRef]

	



Abdelhamid, A.A.; El-Kenawy, E.S.M.; Khodadadi, N.; Mirjalili, S.; Khafaga, D.S.; Alharbi, A.H.; Ibrahim, A.; Eid, M.M.; Saber, M. Classification of monkeypox images based on transfer learning and the Al-Biruni Earth Radius Optimization algorithm. Mathematics 2022, 10, 3614. [Google Scholar] [CrossRef]

	



Khafaga, D.S.; Ibrahim, A.; El-Kenawy, E.S.M.; Abdelhamid, A.A.; Karim, F.K.; Mirjalili, S.; Khodadadi, N.; Lim, W.H.; Eid, M.M.; Ghoneim, M.E. An Al-Biruni Earth Radius Optimization-Based Deep Convolutional Neural Network for Classifying Monkeypox Disease. Diagnostics 2022, 12, 2892. [Google Scholar] [CrossRef]

	



Almutairi, S.A. DL-MDF-OH2: Optimized Deep Learning-Based Monkeypox Diagnostic Framework Using the Metaheuristic Harris Hawks Optimizer Algorithm. Electronics 2022, 11, 4077. [Google Scholar] [CrossRef]

	



Bala, D. Monkeypox Skin Images Dataset (MSID). 2022. Available online: https://data.mendeley.com/datasets/r9bfpnvyxr (accessed on 1 February 2023).

	



Qiu, C.; Zhang, S.; Wang, C.; Yu, Z.; Zheng, H.; Zheng, B. Improving transfer learning and squeeze-and-excitation networks for small-scale fine-grained fish image classification. IEEE Access 2018, 6, 78503–78512. [Google Scholar] [CrossRef]

	



Chen, J.; Zhang, D.; Suzauddola, M.; Nanehkaran, Y.A.; Sun, Y. Identification of plant disease images via a squeeze-and-excitation MobileNet model and twice transfer learning. IET Image Process. 2021, 15, 1115–1127. [Google Scholar] [CrossRef]








[image: Mti 07 00075 g001 550] 





Figure 1. VGG16 architecture [39]. 
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Figure 2. InceptionV3 architecture [24]. 
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Figure 3. EfficientNet architecture [26]. 
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Figure 4. SENet architecture with pre-trained models. 
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Figure 5. Work flow of explored DL architectures. 
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Figure 6. Comparison of accuracy on different Datasets. 
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Figure 7. Confusion matrix of results obtained from SENet attention model. 
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Figure 8. Comparison of three SENet architectures on Dataset-3. 
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Table 1. The details of existing datasets.
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Dataset

	
No of Classes

	
Class Labels

	
NoI 1

	
NoCL1 2

	
NoCL2 3

	
NoCL3 4

	
NoCL4 5






	
“Monkeypox2022” [27]

	
Study one-2

	
1. Monkeypox, 2. Chickenpox

	
90

	
43

	
47

	
-

	
-




	
Study two-2

	
1. Monkeypox, 2. Others

	
1754

	
587

	
1167

	
-

	
-




	
“Monkeypox Skin Lesion Dataset (MSLD)” [28]

	
2

	
1. Monkeypox, 2. Others

	
Original- 228

Augmented- 3192

	
Original- 102

Augmented- 1428

	
Original- 126

Augmented- 1764

	
-

	
-




	
“Monkeypox Skin Images Dataset (MSID)” [45]

	
4

	
1. Monkeypox, 2. Chickenpox, 3. Measles, 4. Normal

	
770

	
279

	
107

	
91

	
293




	
“Monkeypox Skin Dataset” [33]

	
3

	
1. Monkeypox, 2. Healthy (Normal), 3. Other skin diseases

	
300

	
100

	
100

	
100

	








1 NoI: Total no of Images; 2 NoCL1: No of Images for Class Label 1; 3 NoCL2: No of Images for Class Label 2; 4 NoCL3: No of Images for Class Label 3; 5 NoCL4: No of Images for Class Label 4.













[image: Table] 





Table 2. The Review of Current State-of-the-art.
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	Existing Work
	Trained DL Architectures
	Dataset Used
	Output/ Classification
	Best Performance Measure with Evaluation Parameters
	Analysis Tool
	Additional Contribution
	Attention Model Applied?





	[28]
	VGG-16, ResNet50, InceptionV3 and ensemble
	Self created- “Monkeypox Skin Lesion Dataset (MSLD)”
	Classification between Monkeypox and other diseases
	ResNet50- accuracy: 82.96 ± 4.57%, Precision: 0.87 ± 0.07, Recall: 0.83 ± 0.02, F1-score: 0.84 ± 0.03
	-
	Self created dataset
	No



	[29]
	Three Deep CNN models (AlexNet, GoogleNet and VGG16Net) with Five Machine Learning algorithms (SVM, KNN, Decision Tree, Naïve Bayes and Random Forest)
	“Monkeypox Skin Lesion Dataset (MSLD)” [28]
	Diagnosis of Monkeypox
	With VGG16Net features, Naïve Bayes classifier- accuracy: 91.11%"
	-
	-
	No



	[27]
	Modified VGG16
	Self created “Monkeypox 2022” dataset [32]
	Diagnosis of Monkeypox
	Modified VGG- Accuracy: 0.83 ± 0.085, Precision: 0.88 ± 0.072, Recall: 0.83 ± 0.085, F1-score: 0.83 ± 0.85 on test dataset
	Local Interpretable Model-agonistic Explanations (LIME)
	Newly created dataset
	No



	[4]
	Seven DL models viz. ResNet50, DenseNet121, Inception-V3, SqueezeNet, MnasNet-A1, MobileNet-V2, and ShuffleNet-V2 and ensemble approach
	Self created and “Monkeypox Skin Image Dataset 2022”
	Classification of 5 diseases Monkeypox, Chickenpox, Smallpox, Cowpox, and Measles
	Ensemble approach- Mean precision:0.85, Mean recall: 0.61, Mean F1-score: 0.71, Mean accuracy:0.83
	-
	Self created dataset
	No



	[33]
	VGG-16, VGG-19, ResNet50, EfficientNet-B0, MobileNet-V2 and Ensemble classifiers (VGG-16+VGG-19+ResNet, VGG-16+ResNet+EfficientNet, ResNet+EfficientNet+MobileNet)
	Self created small balanced dataset and “Monkeypox Skin Dataset”
	Classification between Monkeypox, Healthy and Other Diseases
	Individual- ResNet50- Accuracy:95%, Specificity: 97.75%, Precision:95%, Sensitivity: 95%, F1-score: 95% Ensemble (ResNet50+ EfficientNet-B0+MobileNet-V2)- Accuracy:98.33%, Specificity: 99.17%, Precision:98.33%, Sensitivity: 98.33%, F1-score: 98.33%
	-
	Self created small balanced dataset and multiple ensemble approaches
	No



	[30]
	13 pre-trained DL models (VGG, ResNet, Inception-V3, InceptionResNet, Xception, MobileNet, DenseNet, EfficientNet and Ensemble approach (Xception and DenseNet-169))
	”Monkeypox 2022” dataset [32]
	Classification between four different classes -Monkeypox, Chickenpox, Measles, Normal
	Individual-Xception- Precision: 85.01%, Recall: 85.14%, F1-score: 85.02%, and Accuracy: 86.51% Ensemble (Xception, M2 DenseNet-169)- Precision: 85.44%, Recall: 85.47%, F1-score: 85.40%, and Accuracy: 87.13%
	Gradient-weighted Class Activation Mapping (Grad-CAM) and Local Interpretable Model-agonistic Explanations (LIME)
	Multiple ensemble approaches
	No



	[34]
	Three DL models ResNet50,VGG19, InceptionV3 and proposed MonkeypoxHybridNet
	“Monkeypox 2022” dataset [32]
	Detecttion of four different classes -Monkeypox, Chickenpox, Measles, Normal
	MonkeypoxHybridNet- Accuracy: 0.842, Precision: 0.862, F1 score:0.842
	-
	Hybrid model based on combination of existing DL models
	No



	[37]
	Five DL models VGG19, DenseNet121, Xception, EfficientNetB3 and MobileNetV2 combined with attention model Convolutional Block Attention Module (CBAM)
	“Monkeypox Skin Lesion Dataset (MSLD)” [28]
	Classification between Monkeypox and other diseases
	Xception-CBAM-Dense- Accuracy: 83.89%, Precision: 90.70%, Recall: 89.10%, F1-score:90.11%
	-
	Exploration of attention model CBAM
	Yes, CBAM



	[38]
	Six DL models ResNet18, GoogleNet, EfficientNetb0, NasnetMobile, ShuffleNet and MobileNetv2
	“Monkeypox Skin Lesion Dataset (MSLD)” [28]
	Detection of human monkeypox skin lesions
	MobileNetv2- Precision:0.90, Sensitivity: 0.90, F1-score: 0.90, Accuracy: 91.11%
	-
	Development of an Android mobile application
	No



	[35]
	Three CNN networks MobileNetV2, VGG16, and VGG19
	“Monkeypox Skin Image Dataset”
	Monkeypox skin lesion detection
	MobileNetV2- Accuracy: 91.37%, Precision: 90.50%, Recall: 86.75%, F1-score: 88.25%
	-
	-
	No



	[36]
	DL architecture MiniGoogleNet
	”Monkeypox Skin Lesion Dataset (MSLD)” [28]
	Classification of Monkeypox
	Accuracy: 0.9708
	-
	-
	No



	[41]
	Ten CNN models VGG16, ResNet50, ResNet101, Xception, EfficientNetB0, EfficientNetB7, NasNetLarge, EfficientNetV2M, ResNet152V2, EfficientNetV2L
	”Monkeypox 2022” dataset [32] and “Monkeypox Skin Images Dataset (MSID)” [45]
	Study three-Detection of four different classes -Monkeypox, Chickenpox, Measles, Normal
	Study three-ResNet101- Accuracy: 84% to 99%
	Local Interpretable Model-agonistic Explanations (LIME)
	Implementation of Generalization and Regularization Approaches (GRA)
	No
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Table 3. The details of datasets used in the proposed work.
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	Dataset Labels
	Dataset Used
	No of Classes
	Class Labels
	NoI 1
	NoMP 2
	NoC 3
	NoM 4





	Dataset-1
	“Monkeypox2022” [27]
	3
	1.Monkeypox, 2.Chickenpox, 3. Measles
	871
	186
	325
	360



	Dataset-2
	“Monkeypox Skin Images Dataset (MSID)” [45]
	3
	1.Monkeypox, 2.Chickenpox, 3. Measles
	477
	279
	107
	91



	Dataset-3
	“Monkeypox2022” [27] + “Monkeypox Skin Lesion Dataset (MSLD)” [28]
	3
	1.Monkeypox, 2.Chickenpox, 3. Measles
	975
	290
	325
	360







1 NoI: Total no of Images; 2 NoMP: No of Images for Monkeypox; 3 NoC : No of Images for Chickenpox; 4 NoM : No of Images for Measles.
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Table 4. Comparative analysis of Accuracy and Loss of DL models.
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Name of Datase

	
Model

	
LOSS

	
ACCURACY

	
Learning Rate

	
Epochs




	
Validation

	
Test

	
Validation

	
Test






	
Dataset 1

	
InceptionV3

	
0.89

	
0.82

	
0.9355

	
0.9682

	
0.01

	
45




	
EfficientNet

	
1.08

	
1.01

	
0.8925

	
0.9251

	
0.1

	
61




	
VGG16

	
0.91

	
0.85

	
0.8817

	
0.85714

	
0.01

	
56




	
Dataset 2

	
InceptionV3

	
0.82

	
0.99

	
0.8889

	
0.9375

	
0.001

	
53




	
EfficientNet

	
1.5

	
1.11

	
0.873

	
0.8854

	
0.01

	
81




	
VGG16

	
0.82

	
1.12

	
0.8042

	
0.7708

	
0.1

	
43




	
Dataset 3

	
InceptionV3

	
0.76

	
0.66

	
0.9756

	
0.976

	
0.01

	
56




	
EfficientNet

	
1.23

	
0.93

	
0.9533

	
0.948

	
0.0001

	
51




	
VGG16

	
1.2

	
1.26

	
0.9512

	
0.9599

	
0.1

	
59




	
SENet + InceptionV3

	
0.54

	
0.67

	
0.978

	
0.98

	
0.01

	
60




	
SENet + EfficientNet

	
0.77

	
0.766

	
0.959

	
0.976

	
0.1

	
65




	
SENet + VGG16

	
0.82

	
0.9

	
0.9522

	
0.96

	
0.01

	
78
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Table 5. Comparative analysis of DL models based on evaluation parameters.
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Dataset

	
Model

	
Precision(%)

	
Recall(%)

	
F1-Score(%)

	
Test Accuracy






	
Dataset 1

	
InceptionV3

	
73

	
75

	
74

	
96.82




	
EfficientNet

	
75

	
78

	
76

	
92.51




	
VGG16

	
70

	
69

	
70

	
85.71




	
Dataset 2

	
InceptionV3

	
72

	
70

	
69

	
93.75




	
EfficientNet

	
72

	
69

	
70

	
88.54




	
VGG16

	
67

	
68

	
67

	
77.08




	
Dataset 3

	
InceptionV3

	
80

	
81

	
79

	
97.6




	
EfficientNet

	
78

	
76

	
74

	
94.8




	
VGG16

	
72

	
70

	
69

	
95.99




	
SENet+InceptionV3

	
98.06

	
97.97

	
98.02

	
98




	
SENet+EfficientNet

	
97.59

	
97.59

	
98

	
97.6




	
SENet+VGG16

	
96.01

	
96

	
96

	
96
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Table 6. Comparative analysis of accuracy achieved in popular Dataset-1.






Table 6. Comparative analysis of accuracy achieved in popular Dataset-1.





	
Work

	
Comparative Model as Selected in Proposed Work

	
Test Accuracy Achieved (%)

	
Best Performing Model

	
Test Accuracy Achieved (%)






	
[27]

	
Modified VGG16

	
Study-1:83

	
-

	
-




	
Study-2: 78




	
[30]

	
InceptionV3

	
84.53

	
Ensemble approach

	
87.13




	
EfficientNet-B0

	
83.96




	
VGG16

	
82.22




	
[34]

	
ResNet50

	
59.5

	
MonkeypoxHybridNet

	
87.13




	
VGG19

	
70.5




	
InceptionV3

	
80.5




	
MonkeypoxHybridNet

	
84.2




	
Proposed work

	
InceptionV3

	
96.82

	
InceptionV3

	
96.82




	
EfficientNet

	
92.51




	
VGG16

	
85.71
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Table 7. Comparative analysis with best performing models in the existing literature.






Table 7. Comparative analysis with best performing models in the existing literature.





	
Work

	
Dataset Used

	
Class Labels

	
Best Performing Model

	
Test Accuracy Achieved (%)






	
[28]

	
“Monkeypox Skin Lesion Dataset (MSLD)”(Own)

	
Monkeypox, Others

	
ResNet50

	
82.96




	
[29]

	
“Monkeypox Skin Lesion Dataset (MSLD)” [28]

	
Monkeypox, Others

	
Naive Bayes classifier with VGG16Net features

	
91.11




	
[27]

	
“Monkeypox 2022” (Own)

	
Study one-Monkeypox, Chickenpox

	
VGG16

	
83




	
Study Two- Monkeypox, Others

	
VGG16

	
78




	
[4]

	
Own

	
Monkeypox, Chickenpox, Smallpox, Cowpox, Measles, Healthy

	
Standalone-ShuffleNet-V2

	
79




	
Ensemble approach

	
83




	
[33]

	
“Monkeypox Skin Dataset” (Own)

	
Monkeypox, Healthy, others

	
Standalone-ResNet50

	
95




	
Ensemble approach

	
98




	
[30]

	
“Monkeypox 2022” [27]

	
Monkeypox, Chickenpox, Measles, Normal

	
Standalone-Xception

	
86.51




	
Ensemble approach

	
87.13




	
[34]

	
“Monkeypox 2022” [27]

	
Monkeypox, Chickenpox, Measles, Normal

	
Monkeypox-HybridNet

	
84.2




	
[37]

	
“Monkeypox Skin Lesion Dataset (MSLD)” [28]

	
Monkeypox, Others

	
Xception-CBAM-Dense

	
83.89




	
[38]

	
“Monkeypox Skin Lesion Dataset (MSLD)” [28]

	
Monkeypox skin lesions, Others

	
MobileNetv2

	
91.11




	
[35]

	
“Monkeypox Skin Image Dataset”

	
Monkeypox skin lesions, Others

	
MobileNetv2

	
91.37




	
[36]

	
“Monkeypox Skin Lesion Dataset (MSLD)” [28]

	
Monkeypox, Others

	
MiniGoogleNet

	
97.08




	
[41]

	
“Monkeypox 2022” dataset [32] and “Monkeypox Skin Images Dataset (MSID)” [45]

	
Study Three-Monkeypox, Chickenpox, Measles, Normal

	
Study three-ResNet101

	
84 to 99




	
Proposed Work

	
Dataset-3 (“Monkeypox 2022” [27] + “Monkeypox Skin Lesion Dataset (MSLD)” [28])

	
Monkeypox, Chickenpox, Measles

	
Standalone-InceptionV3

	
97.6




	
Attention Model

	
98
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