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Abstract 

Mpox skin lesions may exhibit visual similarities with other infectious skin conditions, particularly chickenpox and measles, 

making reliable image-based differentiation challenging. This study presents an LBP InceptionV3 hybrid approach for Mpox 

detection using skin lesion images. The proposed framework combines high level visual representations extracted using 

pretrained InceptionV3 with complementary local texture information generated using Local Binary Pattern (LBP). The 

secondary dataset comprised 228 original images. 102 images belong to Mpox class, while 126 images belong to the others class 

(chickenpox and measles). The images were expanded through augmentation to 3,192 images comprising 1,428 Mpox and 1,764 

Other images. Images were standardized to 224 × 224 pixels and divided into training, validation, and testing sets using a 

70:15:15 ratio. InceptionV3 generated a 2,048-dimensional deep feature representation, while LBP texture maps were processed 

through a shallow convolutional network to obtain 512 texture features. The resulting 2,560-dimensional representation was 

fused for classification. The proposed model achieved 94.15% accuracy, 94.16% precision, 94.15% recall, 94.16% F1 score, and 

an AUC of 0.99. On the 479 image test set, 451 images were correctly classified, including 202 Mpox and 249 Other images. 

The ablation study demonstrated that incorporating LBP improved accuracy from 88.72% for InceptionV3 alone to 94.15%, 

representing a 5.43 percentage point improvement, while AUC increased from 0.95 to 0.99. In addition, clinically sourced images 

from Owerri General Hospital were used to provide an independent assessment of the model on previously unseen skin lesion 

samples. The findings demonstrate that combining deep visual and local texture representations provides an effective approach 

for Mpox skin lesion classification. 
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1. Introduction 

Infectious viral diseases that produce visible skin lesions re-

main an important public health concern, particularly when 

different diseases produce similar dermatological features. 

Mpox, chickenpox, and measles can all present with rashes, 

vesicles, papules, or other skin eruptions, making visual dif-
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ferentiation difficult, especially during the early stages of in-

fection [1]. 

Mpox has become particularly important because its clini-

cal presentation can overlap with other infectious diseases. 

Mpox was traditionally found mainly in parts of West and 

Central Africa, but recent outbreaks have shown that the dis-

ease can spread beyond these regions. Chickenpox and mea-

sles, in comparison, occur worldwide. Although vaccination 

programmes have greatly reduced the number of cases in 

many areas, outbreaks can still occur, especially where vac-

cination coverage is low [13, 14]. 

Mpox can spread through close physical contact, respira-

tory droplets, and, in some outbreaks, intimate or sexual con-

tact [5]. Chickenpox and measles are more easily transmitted, 

spreading mainly through airborne respiratory droplets and di-

rect contact with an infected person [15, 16]. 

The lesions associated with Mpox commonly progress 

through stages that include macules, papules, vesicles, pus-

tules, and scabs, while chickenpox and measles have their own 

characteristic patterns of lesion development and distribution. 

These differences provide useful visual information, but the 

similarities can still make reliable classification difficult when 

assessment depends mainly on visual inspection. [1, 6]. Table 

1 outlined the key clinical and rash differences among Mpox, 

chickenpox, and measles, while Figure 1 depicts the visual 

similarities and differences among Mpox, chickenpox, and 

measles skin lesions. 

Table 1. Key Clinical and Rash Differences Among Chickenpox, Monkeypox, and Measles. 

Feature Chickenpox Monkeypox Measles 

Causative Virus Varicella-zoster virus Monkeypox virus Measles virus 

Contagiousness Highly contagious Less contagious Highly contagious 

Initial Symptoms Fever, headache, fatigue Flu-like symptoms High fever, cough, red eyes 

Rash Appearance Itchy, “dew drops on rose petals” 
Macules → papules → vesicles → 

pustules → scabs 
Red blotchy patches, often merged 

Rash Distribution Chest, back, face Face → body Face → chest/back/limbs 

Distinctive Features Itchy blisters Lymphadenopathy Koplik spots in mouth 

Recovery 1–2 weeks, mild cases 2–4 weeks, variable severity ~2 weeks 

Vaccination Varicella vaccine Smallpox vaccine MMR vaccine 

 
Figure 1. Visual similarities and differences among Mpox, chickenpox, and measles skin lesions. (a) Sample Image of Mpox skin lesion (b) 

Sample Image of Chickenpox skin lesion (c) Sample image of a Measles skin lesion. 
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Laboratory confirmation remains important for accurate 

Mpox diagnosis, but methods such as polymerase chain reac-

tion can be costly, time consuming, and difficult to access in 

resource constrained settings, motivating the use of AI based 

image analysis for rapid decision support [1]. Ahsan et al. [2] 

reported 97% accuracy and 98% precision using modified 

VGG16, while Alrusaini [3] achieved 96% accuracy with 

VGG16. Islam et al. [4] reported 83% accuracy with VGG16 

and 79% with InceptionV3. Despite these promising results, 

small datasets, web sourced images, limited clinical validation, 

and restricted demographic diversity may affect generaliza-

tion [2-4]. In the present study, InceptionV3 achieved 88.72% 

accuracy in baseline testing [5]. To enhance its representation, 

Local Binary Pattern (LBP) was incorporated to capture fine 

local texture characteristics. The resulting hybrid approach 

combines InceptionV3’s high level visual features with LBP 

based texture information to improve discrimination of Mpox 

from chickenpox and measles lesions. 

2. Related Works 

This section reviews existing studies on artificial intelli-

gence based Mpox skin lesion classification, with emphasis 

on deep learning, hybrid architectures, attention mechanisms, 

and local texture representation. It examines the approaches, 

datasets, and reported performance of previous studies and 

highlights their key limitations. Particular attention is given to 

the challenges associated with limited datasets, image aug-

mentation, restricted diversity, and inadequate external clini-

cal validation. The section also establishes the motivation for 

combining InceptionV3 with Local Binary Pattern (LBP) to 

integrate high level visual features with complementary local 

texture information. 

2.1. Deep Learning for Mpox Skin Lesion 

Detection 

The application of artificial intelligence to infectious skin 

disease detection has expanded with the availability of digital 

skin lesion datasets and pretrained deep learning architectures. 

Early studies largely adopted transfer learning because of the 

limited availability of Mpox images [2-4]. 

Ahsan et al. [2] used a modified VGG16 model on 97 im-

ages and achieved 97% accuracy and 98% precision, although 

the small online dataset limits generalizability. Alrusaini [3] 

evaluated several pretrained architectures using 302 Google-

sourced images, with VGG16 achieving 96% accuracy and a 

92% F1-score. Islam et al. [4] developed an 804-image dataset 

covering several related conditions; VGG16, ResNet50, and 

InceptionV3 achieved 83%, 82%, and 79% accuracy, respec-

tively. These studies demonstrate the potential of deep learn-

ing while highlighting the influence of dataset size, image 

source, and quality. They also suggest that backbone selection 

alone may be insufficient for capturing fine visual differences 

among related viral skin lesions. 

2.2. Hybrid Approaches for Mpox Detection 

Recent studies have increasingly explored hybrid architec-

tures that combine multiple computational techniques for 

Mpox detection. Mandina and Murali [6] developed a Resid-

ual Attention U-Net with transfer learning and attention mech-

anisms, achieving 98% accuracy, although the study relied on 

augmented images and lacked real-time clinical evaluation. 

Shateri et al. [7] combined Xception, PCA, Natural Gradient 

Boosting, the African Vultures Optimization Algorithm, and 

LIME, achieving 92.6% accuracy, but was limited by a small 

dataset, augmentation dependence, and limited ethnic diver-

sity. Devarajan et al. [8] combined a modified Restricted 

Boltzmann Machine, Equilibrium Optimizer, and CBAM, 

achieving 98.63% accuracy using an augmented 228-image 

dataset. However, external validation was not performed. 

These studies demonstrate the potential of hybrid approaches 

while highlighting a gap in combining handcrafted texture fea-

tures with deep visual representations. 

2.3. Attention-Based Deep Learning 

Attention mechanisms have also been investigated as a 

means of improving the representation of relevant lesion char-

acteristics. Haque et al. [5] combined transfer learning with 

CBAM and evaluated VGG16, ResNet50, and MobileNetV2 

using a dataset containing 1,428 images. Their VGG16 model 

with attention achieved 84% accuracy and an F1-score of 83%. 

The study demonstrated that attention can improve feature dis-

crimination, but it also reported limited diversity in skin tones 

and comparatively moderate performance. 

The role of attention is different from that of texture repre-

sentation. Attention mechanisms help a model emphasize in-

formative feature channels or regions, whereas LBP explicitly 

represents local intensity relationships. The uploaded pro-

posed architecture therefore treats these techniques as comple-

mentary rather than interchangeable. 

2.4. Recent Deep and Hybrid Models 

Recent research has produced increasingly high classifica-

tion results. Saleh et al. [9] proposed a Swin Transformer, Par-

ticle Swarm Optimization, and SVM framework using 2,142 

images obtained from open repositories. The system achieved 

99.1% accuracy and 99.4% precision. The high results is 

based on the over reliance on web-scraped images and rela-

tively high computational complexity, which may also affect 

practical deployment. 

Kundu et al. [10] investigated federated deep learning using 

VGG16, ResNet50, and InceptionV3 together with Cy-

cleGAN-based synthetic image generation. Their VGG16-

based federated model achieved 98.42% accuracy and 98.71% 

precision. The approach offers a privacy-preserving direction, 
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but the uploaded review identifies heavy reliance on synthetic 

data as well as possible communication and latency problems 

during deployment. 

Waqar et al. [11] evaluated fine-tuned ConvNeXt architec-

tures using an augmented dataset and reported 98.7% accu-

racy and a 98.6% F1-score for ConvNeXt Large. Vandana et 

al. [12] subsequently developed MRpoxNet using a modified 

ResNet50 and reported 98.1% accuracy. Both studies 

achieved strong results, but their dependence on augmented 

datasets and limited evaluation across different skin tones or 

lesion stages remain important concerns. 

2.5. InceptionV3 and Local Texture 

Representation 

Literature also showed that InceptionV3 has been used in 

previous Mpox classification studies, although it was not al-

ways the strongest-performing architecture. Islam et al. re-

ported 79% accuracy for InceptionV3 [4]. 

The proposed use of LBP is motivated by the observation 

that skin lesions contain fine surface characteristics that com-

plement global color, shape, and structural information. The 

LBP is applied to grayscale versions of the lesion images us-

ing 16 neighboring points and a radius of 2. The resulting 

maps are passed through a shallow CNN to learn discrimina-

tive texture representations. 

2.6. Dataset Limitations and Generalization 

A recurring issue across the reviewed studies is the lim-

ited size and diversity of original Mpox image datasets. 

Several investigations relied on fewer than 300 original 

images and subsequently increased the dataset through 

augmentation. The uploaded review notes that augmenta-

tion can increase the volume of training data but cannot 

fully reproduce real-world differences in skin tone, lesion 

stage, lighting, image quality, and clinical acquisition 

conditions. 

The secondary dataset used in the uploaded study con-

tains 228 original images, comprising 102 Mpox images 

and 126 images in the Other class, consisting of chicken-

pox and measles. An augmented version contains 3,192 

images, comprising 1,428 Mpox images and 1,764 Other 

images. The images were standardized to 224 × 224 pixels 

for compatibility with the InceptionV3 architecture.  

The study also includes an independent clinical dataset 

obtained from the Disease Surveillance Unit of Owerri 

General Hospital, Umuguma. It contains 15 Mpox images, 

23 chickenpox images, and 22 measles images. These 

clinically sourced images were used to assess the model 

on previously unseen samples and provide an additional 

basis for examining practical generalization. 

2.7. Research Gap and Positioning of the 

Present Study 

The reviewed literature reveals five closely related gaps. 

First, many studies depend on small original datasets. Second, 

augmentation and synthetic data are frequently used to com-

pensate for limited image availability. Third, several datasets 

are obtained from online sources without sufficient clinical 

standardization. Fourth, most existing systems emphasize 

deep feature learning without explicitly incorporating hand-

crafted texture descriptors. Finally, external validation using 

independent clinical images remains limited. 

The present study addresses the fourth gap directly by com-

bining InceptionV3 with LBP. InceptionV3 provides high-

level semantic information concerning lesion structure, color 

distribution, and shape, while LBP provides a complementary 

representation of local texture. The two feature streams are 

processed separately and then fused before classification. 

The empirical results support this design choice. The Incep-

tionV3 + LBP configuration improved accuracy from 88.72% 

to 94.15%, showing that the addition of local texture represen-

tation produced a meaningful improvement over the single In-

ceptionV3 model [5]. 

3. Materials and Methods 

This section presents the materials and methods used in this 

study. 

3.1. Materials 

This subsection presents the various materials used, which 

includes the primary and secondary datasets, hardware as well 

as software specifications. 

3.1.1. Dataset Source and Description 

The section discusses the datasets used in this study as sum-

marized in Tables 2 and 3. 

Tables 2 and 3 present the sources, composition, and char-

acteristics of the datasets used in this study. Table 2 shows that 

the primary dataset was obtained from the Disease Surveil-

lance Unit of Owerri General Hospital, Umuguma, and con-

tains 60 JPEG images across three classes: 15 Monkeypox, 23 

Chickenpox, and 22 Measles images. Table 3 describes the 

secondary dataset obtained from Kaggle. It comprises 228 

original images, including 102 Monkeypox and 126 Chicken-

pox and Measles images. The dataset was further expanded 

through augmentation to 3,192 images, consisting of 1,428 

Monkeypox and 1,764 Other images. All secondary dataset 

images were standardized to 224 × 224 pixels to support the 

InceptionV3-based classification process. Together, the two 

datasets provided the basis for model development and vali-

dation. 
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Table 2. Source and Description of the Primary Dataset used in this study. 

Item Description 

Original Primary Dataset Source 
Owerri General Hospital, Umuguma 

(Disease Surveillance Unit) Owerri West, Imo State 

Class 3 (Monkeypox, Chicken pox and Measles) 

Samples in Monkeypox Class 15 Images 

Samples in Chicken pox Class 23 Images 

Samples in Measles Class 22 Images 

Image Type JPEG 

Table 3. Source and Description of the Secondary Dataset Used in the Study. 

Item Description 

Dataset Source (original images) 
https://www.kaggle.com/code/mdismielhossenabir/monkeypox-skin-

lesion/input?select=Original+Images 

Dataset Source (Augmented Images) 
https://www.kaggle.com/code/mdismielhossenabir/monkeypox-skin-lesion/input?select=Aug-

mented+Images 

Purpose of Dataset 
Designed for classification of infectious viral skin lesions, with emphasis on Monkeypox and 

visually similar diseases such as Chickenpox and Measles 

Dataset Composition 
Consists of both original images and augmented images to improve model training and generali-

zation 

Total Dataset Size Approximately 48.16 MB 

Image Format JPEG 

Image Resolution Standardized to 224 × 224 pixels to ensure compatibility with the InceptionV3 architecture 

Number of Classes Two classes: Monkeypox and Others (Chickenpox and Measles) 

Original Dataset Size 228 clinically relevant skin lesion images 

Monkeypox Images (Original) 102 images 

Others Images (Original) 126 images consisting of Chickenpox and Measles 

Purpose of Original Dataset 
To provide real clinical visual patterns used as foundational data for model learning and valida-

tion 

Augmented Dataset Size 3,192 images generated to increase dataset volume and diversity 

Monkeypox Images (Augmented) 1,428 images 

Other Images (Augmented) 1,764 images consisting of Chickenpox and Measles 

Purpose of Augmented Dataset 
Increased dataset variability in order to enhance the model’s ability to learn robust and general-

ized feature representations 

 

3.1.2. Experimental Setup 

The section discusses the experimental setup used in this 

study. 

Tables 4 and 5 present the hardware and software resources 

used to develop and implement the proposed system. Table 4 

shows that the experiments were conducted on a Dell laptop 

with an Intel Xeon E3-1535M v6 processor running at 3.10 

GHz, supported by 32 GB RAM and an NVIDIA GPU with 6 

GB dedicated memory. The 1 TB HDD provided adequate 

storage for the datasets, models, and project files. Table 5 pre-

sents the software environment, which included Windows 11 
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(64-bit), Python 3.9.10, and Jupyter Notebook. Key libraries, 

including NumPy, Scikit-learn, TensorFlow, Matplotlib, Sea-

born, and Flask, supported data processing, model develop-

ment, evaluation, visualization, and system deployment. To-

gether, these resources provided a suitable environment for 

implementing the proposed approach. 

Table 4. Hardware Specification. 

Component Specification 

Computer System Dell Laptop 

Processor Intel Xeon E3-1535M v6 

Processor Speed 3.10 GHz 

Graphics Processing Unit (GPU) NVIDIA GPU 

GPU Memory 6 GB dedicated memory 

RAM 32 GB 

Storage 1 TB Hard Disk Drive (HDD) 

Operating System Windows 11, 64-bit 

Processor Architecture x64-based 

Table 5. Software Specification. 

Software /Tool Version/Specification 

Operating System Windows 11, 64-bit 

Programming Language Python 3.9.10 

Development Environment Jupyter Notebook 

Libraries NumPy, Scikit-learn, TensorFlow, Matplotlib, Seaborn, Flask 

 

3.2. Methods 

This section presents the methods and procedures adopted 

to achieve the objective of the study. It describes the major 

stages involved in the development of the proposed LBP-In-

ceptionV3 hybrid approach, including dataset preparation, im-

age preprocessing, deep feature extraction using InceptionV3, 

texture feature extraction using Local Binary Pattern (LBP), 

feature fusion, model training, validation, and final perfor-

mance evaluation. The section also explains how the extracted 

deep and texture features are combined and used for the clas-

sification of skin lesion images into Mpox and other visually 

similar viral skin conditions. 

3.2.1. Proposed LBP-Inception V3 Framework 

The section presents the proposed framework for detecting 

Mpox as illustrated in Figure 2. 

 

http://www.sciencepg.com/journal/ajnna


American Journal of Neural Networks and Applications http://www.sciencepg.com/journal/ajnna 

 

63 

 
Figure 2. Proposed LBP-InceptionV3 Hybrid Framework. 

Figure 2 presents the proposed framework for detecting 

Mpox from skin lesion images by combining deep visual fea-

tures from InceptionV3 with texture features obtained using 

Local Binary Pattern (LBP). The framework begins with an 

RGB skin lesion image, which undergoes preprocessing in-

volving resizing to 224 × 224 pixels, denoising with a bilateral 

filter, intensity normalization to the range of 0–1, and data 

augmentation through flipping, rotation, zooming, and shift-

ing. 

The preprocessed image is then processed through two par-

allel feature extraction branches. The first branch uses the pre-

trained InceptionV3 network as a deep feature extractor and 

produces a 2,048-dimensional deep feature vector. The second 

branch converts the image to grayscale and applies the LBP 

operator with 𝑃 = 16 and 𝑅 = 2 using a uniform pattern. 

The resulting texture map is normalized and passed through a 

shallow Texture CNN to generate a 512-dimensional texture 

feature vector. 

The two feature vectors are subsequently concatenated to 

form a 2,560-dimensional fused feature vector. This combined 

representation is passed to the classification head, which con-

sists of fully connected layers with 512 and 128 neurons, 

ReLU activation, and dropout of 0.5. A final fully connected 

layer with two outputs and softmax activation produces the 

classification probabilities for Mpox or Others (Chicken-

pox/Measles). For model development, the available data are 

divided into 70% training, 15% validation, and 15% testing. 

During training, the model performs forward propagation, loss 

computation, backpropagation, and parameter updating re-

peatedly across multiple epochs. The validation set is used to 

monitor performance, support hyperparameter tuning, early 

stopping, and model checkpointing. After training is com-

pleted, the unseen 15% test set is used for final evaluation us-

ing accuracy, precision, recall, F1-score, AUC, confusion ma-

trix, and ROC curve. The trained model can subsequently be 

used to predict whether a new skin lesion image represents 

Mpox or another similar viral skin condition. The training pa-

rameters and hyperparameters are summarized in Table 6. 

Table 6. Training Parameters and Hyperparameters. 

Parameter / Hyperparameter Value 

Input image size 224 × 224 pixels 

RGB input channels 3 

LBP input channels 1 

LBP number of sampling points (P) 16 
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Parameter / Hyperparameter Value 

LBP radius (R) 2 

LBP method Uniform 

Batch size 16 

Number of epochs 50 

Learning rate 0.0001 (1 × 10⁻⁴) 

Optimizer Adam 

Loss function Binary Cross-Entropy 

InceptionV3 pretrained weights ImageNet 

InceptionV3 include top FALSE 

InceptionV3 trainable No (frozen) 

RGB feature pooling Global Average Pooling 

LBP CNN Conv2D filters 32, 64 

LBP CNN kernel size 3 × 3 

LBP CNN activation ReLU 

LBP CNN padding (first Conv2D) Same 

LBP CNN pooling MaxPooling2D 

LBP CNN final feature pooling Global Average Pooling 

Fusion method Concatenation 

Fusion dense layer 256 neurons 

Dense-layer activation ReLU 

Dropout rate 0.5 

Output layer 1 neuron 

Output activation Sigmoid 

Dataset split 70:15:15 

Random state 42 

RGB image normalization Pixel values divided by 255.0 

Evaluation metrics during training Accuracy, AUC 

 

3.2.2. Mathematical Formulation of the Proposed 

LBP-InceptionV3 Hybrid Framework 

The proposed framework combines deep visual features ex-

tracted by InceptionV3 with texture features generated using 

Local Binary Pattern (LBP). The two feature representations 

are fused and passed to a fully connected classification net-

work for binary classification of skin lesion images into Mpox 

and Others (Chickenpox/Measles). The mathematical formu-

lation of the framework is presented below. 

1) Image Preprocessing 

Let the original RGB skin lesion image be represented by 

𝐼. Each image is first resized to 224 × 224pixels to match the 

input requirement of the InceptionV3 network: 

𝐼𝑟 = Resize(𝐼, 224, 224)             (1) 

The resized image is then denoised using a bilateral filter. 

The filtered image can be expressed as: 

𝐼𝑑(𝑥) =
1

𝑊𝑥
∑ 𝐺𝑠𝑦∈Ω (∥ 𝑥 − 𝑦 ∥)𝐺𝑟(∣ 𝐼𝑟(𝑥) − 𝐼𝑟(𝑦) ∣)𝐼𝑟(𝑦)     (2) 

where 𝐺𝑠 is the spatial Gaussian function, 𝐺𝑟  is the range 

Gaussian function, Ω represents the local neighborhood, and 

𝑊𝑥  is the normalization factor. 

Intensity normalization is subsequently applied to scale 
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pixel values to the range [0, 1]: 

𝐼𝑛 =
𝐼𝑑−𝐼min

𝐼max−𝐼min
                 (3) 

Data augmentation, including flipping, rotation, zooming, 

and shifting, is then applied to increase the variation of the 

training samples. 

2) Deep Feature Extraction Using InceptionV3 

The normalized RGB image is supplied to the pretrained 

InceptionV3 network. The network acts as a feature extractor 

rather than the final classifier. The resulting deep representa-

tion is expressed as: 

𝐹𝐷 = 𝑓IncV3(𝐼𝑛; 𝜃𝐷)               (4) 

where 𝑓IncV3represents the pretrained InceptionV3 feature ex-

traction function and 𝜃𝐷 denotes its parameters. The result-

ing global deep feature vector has 2,048 dimensions: 

𝐹𝐷 ∈ ℝ2048 

3) Texture Feature Extraction Using LBP 

For the texture branch, the normalized image is converted 

to grayscale. For a central pixel 𝑔𝑐, the LBP value is calcu-

lated by comparing it with 𝑃neighbouring pixels 𝑔𝑝at radius 

𝑅: 

𝐿𝐵𝑃𝑃,𝑅 = ∑ 𝑠𝑃−1
𝑝=0 (𝑔𝑝 − 𝑔𝑐)2𝑝         (5) 

where 

𝑠(𝑧) = {
1, 𝑧 ≥ 0
0, 𝑧 < 0

  

In the proposed framework, 𝑃 = 16 and 𝑅 = 2. The re-

sulting LBP texture map is normalized before being supplied 

to the shallow Texture CNN. 

4) Texture Feature Extraction 

The normalized LBP texture map is processed by the shal-

low convolutional network to obtain a compact texture repre-

sentation: 

𝐹𝑇 = 𝑓CNN(𝐿; 𝐵𝑃16,2𝜃𝑇)             (6) 

where 𝑓CNN represents the Texture CNN and 𝜃𝑇 denotes its 

trainable parameters. The resulting texture feature vector con-

tains 512 features: 

𝐹𝑇 ∈ ℝ512 

5) Feature Fusion 

The deep and texture feature vectors are combined through 

feature concatenation: 

𝐹𝐹 = [𝐹𝐷; 𝐹𝑇]                 (7) 

Therefore, 

𝐹𝐹 ∈ ℝ2560 

since the fused representation contains 2,048 deep features 

and 512 texture features: 

2048 + 512 = 2560 

This fused representation allows the model to use both 

high-level visual information and local texture characteristics 

of the skin lesions. 

6) Classification Head 

The fused feature vector is passed to the first fully con-

nected layer with 512 neurons and ReLU activation: 

𝐻1 = ReLU (𝑊1𝐹𝐹 + 𝑏1)             (8) 

where 𝑊1and 𝑏1are the weights and bias of the first fully con-

nected layer. 

Dropout with a rate of 0.5 is applied during training to re-

duce overfitting: 

𝐻1 = 𝑀1 ⊙ 𝐻1                  (9) 

where 𝑀1is a randomly generated dropout mask and ⊙  de-

notes element-wise multiplication. 

The resulting representation is passed to the second fully 

connected layer: 

𝐻2 = ReLU (𝑊2𝐻1 + 𝑏2)            (10) 

A second dropout operation with a rate of 0.5 is then applied: 

𝐻2 = 𝑀2 ⊙ 𝐻2                (11) 

7) Softmax Prediction 

The final fully connected layer contains two output neurons 

corresponding to Mpox and Others. The output logits are 

given by: 

𝑍 = 𝑊3𝐻2 + 𝑏3               (12) 

The softmax function converts these logits into class prob-

abilities: 

𝑃(𝑦 = 𝑘 ∣ 𝑋) =
𝑒𝑍𝑘

∑ 𝑒
𝑍𝑗

2

𝑗=1

            (13) 

where 𝑘 ∈ {Mpox, Others}. The predicted class is the class 

having the highest probability: 

𝑦̂ = arg max
𝑘

𝑃(𝑦 = 𝑘 ∣ 𝑋)           (14) 

Thus, the model produces either Mpox (0) or Others (1) as 
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specified in the proposed architecture. 

8) Loss Computation 

For binary classification, the cross-entropy loss is used to 

measure the difference between the predicted probability and 

the actual class label: 

ℒ = −
1

𝑁
∑ ∑ 𝑦𝑖𝑘

2
𝑘=1

𝑁

𝑖=1
log(𝑦̂𝑖𝑘)        (15) 

where 𝑁 is the number of training samples, 𝑦𝑖𝑘  is the actual 

class label, and 𝑦̂𝑖𝑘is the predicted probability for class 𝑘. 

9) Backpropagation and Parameter Updating 

The model parameters are updated by minimizing the loss 

through backpropagation. The general parameter update rule 

is: 

𝜃(𝑡+1) = 𝜃(𝑡) − 𝜂∇𝜃ℒ               (16) 

where 𝜃represents the trainable model parameters, 𝜂 is the 

learning rate, and ∇𝜃ℒrepresents the gradient of the loss with 

respect to the parameters. 

This process is repeated over multiple training epochs using 

the 70% training data, while the 15% validation data are used 

to monitor model performance during training. 

10) Model Evaluation 

After training, the final 15% unseen test data are used to 

assess the model. Accuracy is calculated as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
           (17) 

Precision is given by: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
             (18) 

Recall is calculated as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                (19) 

and the F1-score is: 

𝐹1 = 2 (
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
)            (20) 

where 𝑇𝑃, 𝑇𝑁, 𝐹𝑃, and 𝐹𝑁denote true positives, true nega-

tives, false positives, and false negatives, respectively. 

The model is further assessed using AUC, confusion matrix, 

and ROC curve to provide a broader assessment of its ability 

to distinguish Mpox lesions from Chickenpox and Measles le-

sions. 

3.3. Proposed Algorithm 

This section presents the computational steps of the pro-

posed LBP-InceptionV3 hybrid algorithm, covering image 

preprocessing, parallel feature extraction, feature fusion, clas-

sification, training, validation, and testing for Mpox detection. 

Algorithm 1: Proposed LBP-InceptionV3 Hybrid Framework for Mpox Detection 

Input: Skin lesion image dataset 𝐷 

Output: Trained hybrid model 𝑀, predicted class 𝑦, and evaluation results 𝑅 

𝐷𝑝 ← 𝒫(𝐷) 

where 𝒫represents image resizing to 224 × 224, bilateral filtering, normalization, and data augmentation. 

(𝐷𝑡𝑟
, 𝐷𝑣𝑎𝑙

, 𝐷𝑡𝑒) ← Split (𝐷𝑝
, 0.70, 0.15, 0.15). 

For each image 𝑥 ∈ 𝐷𝑝 do 

𝐹𝐷 ← 𝑓IncV3(𝑥). 

𝑥𝑔 ← Grayscale (𝑥). 

𝐿𝑥 ← LBP (𝑥𝑔; 𝑃; = 16𝑅 = 2). 

𝐿𝑛 ← Normalize (𝐿𝑥). 

𝐹𝑇 ← 𝑓TCNN(𝐿𝑛). 

𝐹𝐹 ← [𝐹𝐷; 𝐹𝑇]. 

End For 

𝜃 ← Initialize ( ). 

For 𝑒 = 1, … , 𝐸 do 

𝑧 ← 𝑓Cls(𝐹𝐹; 𝜃). 

𝑃 ← Softmax (𝑧). 

ℒ ← Loss (𝑦, 𝑃). 

𝑔 ← ∇𝜃ℒ. 

𝜃 ← Update (𝜃, 𝑔). 

𝑉𝑒 ← Evaluate (𝐷𝑣𝑎𝑙). 

If 𝑉𝑒improves then 

𝑀 ← SaveModel (𝜃). 

http://www.sciencepg.com/journal/ajnna


American Journal of Neural Networks and Applications http://www.sciencepg.com/journal/ajnna 

 

67 

End If 

End For 

𝑃𝑡𝑒 ← 𝑀(𝐷𝑡𝑒). 

𝑅 ← Evaluate (𝑃𝑡𝑒
, 𝐷𝑡𝑒). 

For each new image 𝑥𝑛𝑒𝑤  do 

𝑥𝑝 ← 𝒫(𝑥𝑛𝑒𝑤). 

𝐹𝐷 ← 𝑓IncV3(𝑥𝑝). 

𝐹𝑇 ← 𝑓TCNN (LBP (𝑥𝑝; 16; 2)). 

𝐹𝐹 ← [𝐹𝐷; 𝐹𝑇]. 

𝑃 ← 𝑀(𝐹𝐹). 

𝑦 ← arg max𝑘 𝑃𝑘. 

End For 

Return 𝑀, 𝑦, 𝑅. 

 

4. Results 

This section presents the results obtained from the imple-

mentation and evaluation of the proposed LBP-InceptionV3 

hybrid approach for Mpox detection. It describes the gener-

ated LBP texture images and the key results obtained during 

the different stages of the study. 

4.1. Image Generated by the LBP Method 

This subsection presents the texture images generated using 

the Local Binary Pattern (LBP) method. The generated images 

highlight local texture patterns in the skin lesions and provide 

additional texture information for the proposed hybrid model 

represented in Figure 3. 

 
Figure 3. Sample texturized Images generated by the LBP method. 

Figure 3 depicts the output of the Local Binary Pattern 

(LBP) feature extraction process, which converts skin lesion 

images into texture maps. The LBP method removes color in-

formation and focuses on local pixel intensity patterns, 

thereby highlighting fine texture details that may not be easily 

visible in the original RGB images. The generated texturized 

images capture important surface patterns, including fine-

grained and structural features around the lesions. A total of 

2,713 LBP-texturized images, representing 85% of the aug-

mented dataset, were generated. These texture features com-

plement the broader visual features extracted by InceptionV3, 

providing additional information that helps the hybrid model 

distinguish Mpox from visually similar skin conditions. 
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4.2. Training Results 

This subsection presents the training results of the proposed 

LBP-InceptionV3 hybrid model. The results show the changes 

in training and validation accuracy and loss during model 

training as depicted in Figures 4 and 5. The ROC curve is also 

presented to assess the model’s ability to distinguish between 

Mpox and the other skin conditions as depicted in Figure 6. 

 
Figure 4. Training/Validation Accuracy Curve. 

Figure 4 shows the training and validation accuracy of the 

proposed model over 50 epochs. The training accuracy in-

creased steadily from approximately 73.5% in the first epoch 

to about 99.8%–100% by the final epochs. The validation ac-

curacy also improved from about 84.0% initially, reaching ap-

proximately 92% around the sixth epoch and gradually stabi-

lizing between 93% and 95% in the later epochs. At the end 

of training, the validation accuracy was approximately 94.5%, 

while the training accuracy was about 100%. The relatively 

stable validation performance indicates that the model learned 

useful patterns from the data, although the gap of about 5.5 

percentage points between training and validation accuracy 

suggests some degree of overfitting. 

 
Figure 5. Training/Validation Loss Curve. 

Figure 5 shows the training and validation loss of the pro-

posed model over 50 epochs. The training loss decreased con-

sistently from approximately 0.53 at the beginning of training 

to about 0.01 by the final epoch, indicating that the model pro-

gressively learned the patterns in the training data. The vali-

dation loss also decreased from about 0.38 to approximately 

0.17 during the early stages of training. It reached its lowest 

value of around 0.16 between epochs 25 and 35, after which 

it showed small fluctuations and increased slightly to about 

0.18 by the final epoch. The increasing gap between the train-

ing and validation losses in the later epochs suggests some de-

gree of overfitting, while the relatively stable validation loss 

indicates that the model maintained reasonable performance 

on unseen data. 

 
Figure 6. ROC Curve. 

Figure 6 presents the Receiver Operating Characteristic 

(ROC) curve of the proposed model. The curve rises sharply 

toward the upper left corner, indicating a strong ability to dis-

tinguish between Mpox and the other skin lesion classes. The 

model achieved an Area Under the Curve (AUC) of 0.9902, 

which is very close to the maximum value of 1.0. This result 

shows that the proposed LBP-InceptionV3 hybrid approach 

has excellent classification capability, with a high true posi-

tive rate achieved at relatively low false positive rates. The 

ROC curve remains close to the top-left region before gradu-

ally reaching a true positive rate of 1.00, demonstrating the 

model’s strong discriminative performance. 

4.3. Confusion Matrix 

This subsection presents the confusion matrix results of the 

proposed LBP-InceptionV3 model on the test dataset. The ma-

trix shows the number of correctly and incorrectly classified 

images for Mpox and Others (Chickenpox and Measles), 

providing a clear view of the model’s classification perfor-

mance as depicted in Figure 7. 
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Figure 7. LBP-Inception v3 Confusion Matrix. 

Figure 7 presents the confusion matrix of the proposed 

LBP-InceptionV3 model on the test dataset. The model cor-

rectly classified 202 Mpox images and 249 Others images, 

giving 451 correct predictions out of 479 test images. It incor-

rectly classified 13 Mpox images as Others and 15 Others im-

ages as Mpox. This corresponds to a classification accuracy of 

approximately 94.15%. For the Mpox class, the model 

achieved a precision of 93.09% and recall of 93.99%, while 

the F1-score was approximately 93.54%. The relatively small 

number of misclsassified images indicates that the proposed 

model was able to distinguish Mpox from Chickenpox and 

Measles effectively. 

4.4. Classification Results of the Baseline and 

Proposed LBP-InceptionV3 Hybrid Deep 

Learning Model 

This subsection presents the classification results obtained 

from the selected baseline model and the proposed LBP-In-

ceptionV3 hybrid model. The results are compared using key 

performance measures to assess the effectiveness of combin-

ing deep visual features from InceptionV3 with texture fea-

tures extracted using LBP as summarized in Table 7. 

Table 7 presents the classification results of the selected 

baseline models using the augmented skin lesion dataset. The 

results show clear differences in performance among the mod-

els. The conventional CNN recorded the lowest performance, 

with an accuracy of 45.05%, precision of 54.60%, recall of 

45.05%, and F1-score of 29.14%. ResNet50 performed better, 

achieving 55.42% accuracy, while VGG-16 recorded 70.64% 

accuracy and an F1-score of 69.83%. InceptionV3 showed a 

substantial improvement, achieving 88.72% accuracy, 88.73% 

precision, 88.72% recall, and 88.70% F1-score. The proposed 

InceptionV3 + LBP combination produced the best results, 

achieving 94.15% accuracy, 94.16% precision, 94.15% recall, 

and 94.16% F1-score. These results indicate that adding LBP 

texture features to InceptionV3 improved classification per-

formance compared with the baseline InceptionV3 model. 

Table 7. Classification Results of the Selected Baseline Model on the Augmented Skin Lesion Dataset. 

Model Accuracy Precision Recall F1-Score 

CNN 45.05 54.60 45.05 29.14 

ResNet50 55.42 56.29 55.42 55.51 

VGG-16 70.64 71.12 70.64 69.83 

Inception v3 88.72 88.73 88.72 88.70 

Inception v3 + LBP 94.15 94.16 94.15 94.16 

 

4.5. Ablation Study 

This subsection presents the ablation study conducted to ex-

amine the contribution of LBP to the performance of the In-

ceptionV3 based model. The results compare the baseline In-

ceptionV3 model with the LBP InceptionV3 model using ac-

curacy, precision, recall, F1 score, and AUC as summarized 

in Table 8. 

Table 8 shows that adding LBP features substantially im-

proved the performance of the InceptionV3 model. The base-

line InceptionV3 achieved an accuracy of 88.72%, precision 

of 88.73%, recall of 88.72%, F1 score of 88.70%, and AUC 

of 0.95. After incorporating LBP, the LBP InceptionV3 model 

achieved 94.15% accuracy, 94.16% precision, 94.15% recall, 

94.16% F1 score, and an AUC of 0.99. This represents an ac-

curacy improvement of 5.43 percentage points and an AUC 

increase of 0.04. The results indicate that the addition of LBP 

provided useful texture information that strengthened the clas-

sification capability of the InceptionV3 based model. 
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Table 8. Ablation Study Results Showing the Impact of LBP on the Performance of InceptionV3-Based Model. 

Model Accuracy Precision Recall F1-Score AUC 

Inception v3 88.72 88.73 88.72 88.70 0.95 

LBP-Inceptionv3 94.15 94.16 94.15 94.16 0.99 

 

4.6. Comparison of Performance Evaluation 

with Previous Studies 

This subsection compares the proposed LBP-InceptionV3 

model with previous Mpox skin lesion classification studies, 

focusing on performance metrics and the contribution of com-

bining deep visual features with LBP-based local texture rep-

resentation. 

 
Figure 8. Comparison evaluation with Previous Studies. 

Figure 8 presents a comparison of the proposed model with se-

lected previous studies based on classification accuracy. The 

VGG16 model [4] achieved an accuracy of 83%, while VGG16 

with CBAM [5] recorded 84%. The Xception + PCA + NGBoost 

+ AVO + LIME approach [7] achieved a higher accuracy of 

92.6%. In comparison, the proposed LBP-InceptionV3 model 

achieved 94.15% accuracy. The proposed model therefore out-

performed VGG16 [4] by 11.15 percentage points, VGG16 + 

CBAM [5] by 10.15 percentage points, and the Xception-based 

approach [7] by 1.55 percentage points. These results indicate 

that the proposed integration of InceptionV3 deep features with 

LBP-based texture features provides better classification perfor-

mance than the compared previous approaches. The result also 

shows that incorporating local texture information can improve 

the ability of the model to distinguish Mpox lesions from visually 

similar skin conditions. 

4.7. Developed & Deployment of Web-based 

Prototype 

A web-based prototype was developed using the proposed 

LBP-InceptionV3 model and Flask framework. The platform 

enables users to upload skin lesion images and obtain auto-

mated classification results for Mpox, chickenpox, and mea-

sles. The input and output interfaces are presented in Figures 

9–11. 

 
Figure 9. Developed Web-Based Input Interface for Skin Lesion Im-

age Upload and Diagnostic Analysis. 

Figure 9 illustrates the developed Web-Based Input Inter-

face for Skin Lesion Image Upload and Diagnostic Analysis. 

The interface is accessed through the local host address 

127.0.0.1:5000, indicating that the prototype is running on a 

local development server. The interface provides a “Skin Le-

sion Image Capture Interface” with a file-selection field for 

uploading a skin lesion image. After image selection, the “An-

alyze Image” button initiates the diagnostic analysis. The in-

terface also provides an instruction indicating that the user 

should upload a clear image of the skin lesion for accurate pre-

diction. The displayed screen therefore demonstrates the ini-

tial stage of the developed prototype, covering image selection 

and submission for automated analysis. No diagnostic classi-

fication result is displayed in Figure 9 because an image has 

not yet been selected and analyzed.
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Figure 10. Developed Web-Based Output Interface Displaying Di-

agnostic Prediction Result for Non-Mpox Skin Lesion. 

Figure 10 depicts the developed web-based output Interface 

displaying diagnostic prediction result for Non-Mpox Skin 

Lesion. The interface displays the predicted result as “Others”, 

indicating that the uploaded skin lesion image was classified 

as a non-Mpox case. The displayed image provides the visual 

input used for the automated analysis, while the reported con-

fidence level of 100.0% indicates that the model assigned 

complete confidence to the predicted Others class for this par-

ticular sample. The “Analyze Another Image” button provides 

an option to submit a different skin lesion image for further 

analysis. The result demonstrates the prototype’s ability to 

present the model’s classification outcome and corresponding 

confidence value through a simple web-based interface. 

 
Figure 11. Developed Web-Based Output Interface Displaying Di-

agnostic Prediction Result for Mpox Skin Lesion. 

Figure 11 depicts the developed web-based output interface 

for displaying diagnostic prediction result for Mpox Skin Le-

sion. The interface presents the uploaded skin lesion image 

with the predicted result identified as “Mpox.” The model re-

ports a confidence level of 100.0%, indicating complete con-

fidence in assigning the displayed image to the Mpox class. 

The interface also provides an “Analyze Another Image” but-

ton, allowing users to submit additional images for automated 

classification. The result demonstrates the prototype’s ability 

to display the predicted disease class together with its corre-

sponding confidence value in a simple web-based format. Un-

like Figure 10, where the prediction was “Others” with 100.0% 

confidence, Figure 11 demonstrates successful identification 

of an Mpox lesion with the same 100.0% confidence level, il-

lustrating the prototype’s ability to provide outputs for both 

classification categories. 

4.8. Validation on Clinically Certified Images 

This subsection evaluates the proposed hybrid model using 

unseen, clinically certified skin lesion images to assess its gen-

eralization beyond the experimental dataset. Table 9 presents 

36 selected primary data images, comprising 12 each for 

Mpox, chickenpox, and measles, with ✓ indicating correct and 

✗ indicating incorrect classification. The model correctly 

classified 9 of 12 Mpox images (75.00%), 8 of 12 chickenpox 

images (66.67%), and 11 of 12 measles images (91.67%), giv-

ing an overall classification rate of 77.78% (28/36). The re-

sults demonstrate the model’s ability to recognize clinically 

obtained images, particularly measles, although misclassifica-

tions occurred between visually similar conditions, especially 

Mpox and chickenpox. 

Compared with the 94.15% accuracy achieved on the ex-

perimental test set, the lower performance on clinical images 

highlights the importance of independent clinical validation. 

These findings provide preliminary evidence of practical po-

tential but also indicate the need for larger and more diverse 

clinically certified datasets before stronger claims regarding 

clinical reliability or deployment can be made. 

Table 9. Web-based Hybrid Model integration for evaluation of primary data. 

Sample Images Mpox Chickenpox Measles 

Image-1 ✓ ✗ ✓ 

Image-2 ✓ ✓ ✓ 

Image-3 ✓ ✓ ✓ 
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Sample Images Mpox Chickenpox Measles 

Image-4 ✓ ✗ ✗ 

Image-5 ✓ ✓ ✓ 

Image-6 ✗ ✓ ✓ 

Image-7 ✓ ✓ ✓ 

Image-8 ✓ ✓ ✓ 

Image-9 ✗ ✓ ✓ 

Image-10 ✓ ✓ ✓ 

Image-11 ✗ ✗ ✓ 

Image-12 ✓ ✗ ✓ 

* Legend: ✓ = Correctly classified; ✗ = Wrongly classified. 

5. Discussion 

This study investigated the effectiveness of combining deep 

visual features extracted using InceptionV3 with local texture 

information obtained through Local Binary Pattern (LBP) for 

Mpox skin lesion classification. The findings demonstrate that 

the proposed hybrid representation improved the performance 

of the standalone InceptionV3 model and achieved stronger 

performance than the baseline architectures evaluated on the 

same dataset. More importantly, the results provide experi-

mental evidence supporting the central premise of the study: 

high level visual representations and local texture representa-

tions can provide complementary information for distinguish-

ing Mpox lesions from visually similar chickenpox and mea-

sles lesions. 

5.1. Principal Findings and Significance of the 

Proposed Approach 

The proposed LBP InceptionV3 model demonstrated strong 

performance in distinguishing Mpox lesions from chickenpox 

and measles, achieving 94.15% accuracy, 94.16% precision, 

94.15% recall, 94.16% F1 score, and 0.99 AUC. Of the 479 

test images, 451 were correctly classified, including 202 

Mpox and 249 Other images. Only 13 Mpox and 15 Other im-

ages were misclassified. The strength of the approach lies in 

combining complementary representations: InceptionV3 cap-

tures high level features such as lesion structure, color, and 

shape, while LBP captures fine local texture characteristics. 

Their fusion enhances the representation of discriminative le-

sion features. Compared with Islam et al. [4], where Incep-

tionV3 achieved 79% accuracy, and the 88.72% baseline In-

ceptionV3 result in this study, the improved performance 

demonstrates the value of incorporating LBP rather than rely-

ing solely on deep features. 

 

5.2. Performance Improvement over Baseline 

Deep Learning Models 

The baseline comparison demonstrates a clear improvement 

in classification performance. CNN, ResNet50, VGG16, and 

InceptionV3 achieved accuracies of 45.05%, 55.42%, 70.64%, 

and 88.72%, respectively, while the proposed InceptionV3 + 

LBP model achieved 94.15%, with 94.16% precision and F1-

score and 94.15% recall. The strong performance of Incep-

tionV3 is consistent with previous studies demonstrating the 

effectiveness of pretrained architectures for Mpox lesion clas-

sification. However, it differs from Islam et al. [4], who re-

ported 79% accuracy for InceptionV3, and Alrusaini [3], 

where VGG16 achieved 96%. These variations highlight the 

influence of dataset characteristics, experimental conditions, 

and feature representation. The findings therefore suggest that, 

beyond backbone selection, enriching deep features with com-

plementary texture information can further improve classifi-

cation performance. 

5.3. Contribution of LBP: Evidence from the 

Ablation Study 

The ablation study provides clear evidence of the contribu-

tion of local texture information. InceptionV3 alone achieved 

88.72% accuracy, 88.73% precision, 88.72% recall, 88.70% 

F1-score, and 0.95 AUC, while incorporating LBP increased 

these values to 94.15%, 94.16%, 94.15%, 94.16%, and 0.99, 

respectively. This represents a 5.43 percentage point improve-

ment in accuracy and a 0.04 increase in AUC. The findings 

indicate that LBP complements InceptionV3 by capturing lo-

cal intensity variations and fine texture patterns that may not 
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be fully represented by high-level deep features. This distin-

guishes the proposed approach from Shateri et al. [7], who 

combined Xception features with PCA, NGBoost, the African 

Vultures Optimization Algorithm, and LIME but did not in-

corporate handcrafted texture features, highlighting the value 

of complementary feature representation. 

5.4. Comparison with Earlier Deep Learning 

Studies 

The proposed model should be considered within the pro-

gression of earlier deep learning studies on Mpox detection. 

Ahsan et al. [2] reported 97% accuracy and 98% precision us-

ing a modified VGG16 model on 97 online images, while Al-

rusaini [3] achieved 96% accuracy using VGG16 on 302 dig-

ital images. In contrast, Islam et al. [4] reported 83% with 

VGG16, 82% with ResNet50, and 79% with InceptionV3 us-

ing an 804-image web-scraped dataset. The proposed 94.15% 

accuracy is lower than the results of Ahsan et al. [2] and Al-

rusaini [3], but higher than those of Islam et al. [4]. These dif-

ferences should be interpreted cautiously, as dataset size, im-

age source, quality, diversity, and clinical representativeness 

can substantially influence performance, particularly across 

varying skin tones, lesion stages, lighting, and acquisition 

conditions. 

5.5. Comparison with Attention and More 

Complex Hybrid Approaches 

Attention-based approaches provide a useful comparison. 

Haque et al. [5] combined transfer learning with CBAM and 

achieved 84% accuracy and 83% F1 score using VGG16. The 

proposed LBP InceptionV3 model therefore demonstrated 

higher performance, while employing a different feature en-

hancement strategy. Whereas CBAM emphasizes informative 

channels or regions, LBP explicitly captures local intensity re-

lationships and texture patterns. 

More complex hybrid approaches reported higher accura-

cies, including 98% by Mandina and Murali [6], 98.63% by 

Devarajan et al. [8], 99.1% by Saleh et al. [9], 98.42% by 

Kundu et al. [10], 98.7% by Waqar et al. [11], and 98.1% by 

Vandana et al. [12]. However, several relied on augmented or 

synthetic datasets and greater computational complexity. The 

proposed approach instead focuses on complementary texture 

representation, with the ablation study demonstrating a 5.43 

percentage point accuracy improvement. 

5.6. Comparison with the Xception Based 

Hybrid Approach 

Shateri et al. [7] provides a relevant comparison because 

both studies employ hybrid strategies. Their approach com-

bined Xception features with PCA, NGBoost, the African 

Vultures Optimization Algorithm, and LIME, achieving 92.6% 

accuracy on the 228 image Monkeypox Skin Lesion Dataset. 

In comparison, the proposed LBP InceptionV3 model 

achieved 94.15%, representing a 1.55 percentage point im-

provement. While the Xception based approach integrates di-

mensionality reduction, optimization, boosting, and explaina-

bility, the proposed model focuses on complementing deep 

visual features with local texture information. This finding 

suggests that meaningful performance gains can be achieved 

through feature complementarity without relying on highly 

complex hybrid configurations. However, the limitations 

noted by Shateri et al. [7], including small datasets, depend-

ence on augmentation, and limited ethnic diversity, remain 

important considerations when interpreting Mpox classifica-

tion performance. 

5.7. Dataset Size, Augmentation and 

Generalization 

Dataset size and augmentation are important considerations 

when interpreting the reported results. The secondary dataset 

contained 228 original images, comprising 102 Mpox and 126 

Other images, and was expanded through augmentation to 

3,192 images. While augmentation increased sample diversity, 

it cannot fully reproduce real-world variations in skin tone, le-

sion stage, lighting, image quality, and clinical acquisition 

conditions. Similar limitations were reported by Ahsan et al. 

[2], Alrusaini [3], Shateri et al. [7], Devarajan et al. [8], Waqar 

et al. [11], and Vandana et al. [12]. A key strength of the pre-

sent study is the inclusion of previously unseen clinical im-

ages from Owerri General Hospital, comprising Mpox, chick-

enpox, and measles cases. However, the limited clinical sam-

ple size means that broader external validation is still required 

before general clinical validity can be established across di-

verse populations and imaging environments. 

5.8. Clinical Relevance of the Findings 

The ability to distinguish Mpox from chickenpox and mea-

sles is clinically important because these conditions may ex-

hibit visually similar skin manifestations. The proposed model 

achieved 93.99% recall for Mpox, indicating that most Mpox 

images were correctly identified. However, the 13 false nega-

tive predictions demonstrate that misclassification remains 

possible. Therefore, the model should be considered a poten-

tial decision support tool rather than a replacement for labor-

atory confirmation. Image based AI could support rapid as-

sessment, particularly where laboratory testing is costly, time 

consuming, or difficult to access. 

5.9. Strengths, Limitations and Future 

Research 

A major strength of the proposed approach is the clear con-

tribution demonstrated through the ablation experiment. The 

improvement from 88.72% to 94.15% accuracy and from 0.95 

to 0.99 AUC provides direct evidence that LBP contributed 

http://www.sciencepg.com/journal/ajnna
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useful information to the InceptionV3 representation. The use 

of both an augmented dataset and clinically sourced images 

also provides a stronger experimental basis than relying ex-

clusively on a single source of online images. 

However, the study shares some of the challenges identified 

in previous research. The number of original Mpox images re-

mains limited, and augmentation cannot completely reproduce 

the diversity encountered in real clinical environments. The 

training behavior also indicates a degree of separation be-

tween training and validation performance at later stages, sug-

gesting that the possibility of overfitting should be considered 

when interpreting the results. 

Future work should therefore emphasize larger and more 

diverse clinically sourced datasets and stronger external vali-

dation. Particular attention should be given to variations in 

skin tone, lesion stage, lighting, image quality, and clinical ac-

quisition conditions, which are repeatedly identified as im-

portant factors affecting the generalization of Mpox image 

classification systems. 

6. Conclusions 

This study developed and evaluated an LBP InceptionV3 

hybrid framework for automated Mpox detection from skin 

lesion images. The model combines InceptionV3 for high 

level visual features with Local Binary Pattern (LBP) for local 

texture representation, providing complementary information 

for distinguishing Mpox from chickenpox and measles. The 

proposed model achieved 94.15% accuracy, 94.16% precision, 

94.15% recall, 94.16% F1 score, and 0.99 AUC. On the 479 

image test set, 451 images were correctly classified, including 

202 Mpox and 249 Other images. The ablation study further 

demonstrated the contribution of LBP, with accuracy increas-

ing from 88.72% for InceptionV3 alone to 94.15% after incor-

porating LBP, representing a 5.43 percentage point improve-

ment. 

Although the model outperformed the baseline CNN, Res-

Net50, VGG16, and standalone InceptionV3 models, compar-

isons with previous studies should consider differences in da-

tasets, image sources, augmentation, architecture, and evalua-

tion conditions. Importantly, evaluation on clinically sourced 

images produced a lower classification rate of 77.78%, high-

lighting the gap between experimental and real world perfor-

mance. 

The findings demonstrate the potential of the proposed 

framework as a supportive tool for Mpox assessment. How-

ever, it should not replace laboratory confirmation. Larger and 

more diverse clinically sourced datasets, independent external 

validation, and evaluation across different skin tones, lesion 

stages, lighting conditions, and imaging environments are rec-

ommended to establish broader generalizability and clinical 

applicability. 
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