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1. Introduction 

Skin cancer, which results from damage to the skin's cells 
and layers, is broadly classified into melanoma and non-
melanoma types. Melanoma, the deadliest, has a survival rate 
of 20% if spread [1]. Skin cancer can appear as abnormal 
growths or new moles with irregular shape, colour or size. It 
can affect various anatomical areas, including the skin, eyes, 
face and nerve centres [2].  

In the diagnostic process, the most commonly used 
technique is biopsy to identify malignancy, by taking a sample 
for analysis. However, this approach is laborious, time-
consuming, and frequently uncomfortable [3]. Conversely, 
computer-based technology offers a faster, more practical, and 
more affordable diagnostic option, particularly for melanoma 
detection Researchers look into non-invasive ways to detect the 
symptoms of skin cancer using advance deep learning models. 
Techniques like Deep Neural Network (DNN), Convolutional 
Neural Network (CNN), Long Short-Term Memory (LSTM), 
and Recurrent Neural Network (RNN) have shown promising 
results in detecting and classifying cancer cells [4]. 

AI based algorithms have been developed to detect and 
classify lesions as benign or skin cancer [5]. Traditional 
machine learning techniques usually entail first extracting 
features from disease images and classifying them. The 
Asymmetry, Border, Colour, Diameter (ABCD) Rule, and the 
7-Point Checklist are efficient techniques for identifying 
different characteristics of skin cancer [6]. Deep learning 
algorithms have been utilized extensively for skin cancer 
classification in recent years since they do not require domain 

expertise or feature extraction [7]. They can examine large-scale 
datasets more quickly and accurately than typical machine 
learning techniques, which enables them to successfully extract 
pertinent properties.  
Contributions 
 Input skin image from Society for Imaging Informatics in 

Medicine (SIIM)- International Standard Industrial 
Classification (ISIC) Melanoma Classification and ISIC 
Challenge Data Set. 

 Pre-processing using Gaussian Filter and (RoI) extraction 
 Segment the skin lesion from the surrounding skin using 

(MSRFNet). 
 Apply Image Augmentation using Geometric 

Transformation and Color Space Transformation to 
increase the diversity of the training data. 

 Extract features from the segmented skin lesion using 
statistical features and Local Vector Pattern (LVP) 

 Classification of skin lesions using the proposed hybrid 
DBNE-AlexNet-BiLSTM model. 

The structure of the paper is as follows: Section 2 presents the 
literature survey and challenges. Section 3 presents proposed 
methodology. Section 4 presents results and discussion. Section 5 
presents the conclusion and future work.   
2. Literature Survey 

Atheer bassel et al., [8] suggested a three-fold classifier 
stacking approach for the classification of benign skin tumors and 
melanoma combining deep learning, Support Vector Machine 
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(SVM), Radio Frequency (RF), Neural Network (NN), K-
Nearest Neighbour algorithm (KNN) and logistic regression 
methods. This approach outperformed the ResNet50 and VGG 
16 methods. It requires sizable training dataset, which may be 
challenging to obtain or resource- intensive to process, 
potentially limiting its practical applications. P. Jayakanth et al., 
[9] Implemented an Efficient Skin Disease Classification 
Framework Using Res-SENet with Hybrid Attention to 
Analyze Dermatological Images, Chao Xin , Zhifang Liu c et 
al.,[10] deployed skin trans model using Vision 
Transformers(ViT) for skin cancer classification. Scalability 
and robustness was the advantage though it has not been 
validated in clinical trials and struggles with processing high-
resolution images efficiently. A. Magdy et al., [11] created 
KNN-Public Data Network (PDN) approach using Machine 
Learning (ML) and Deep Learning (DL) model to maximize 
accuracy and minimize errors. It may struggle with scalability 
and efficiency.  
2.1. Problem Statement 

The drawbacks of the existing methods include the need for 
large datasets, inadequate accuracy in CNN-SVM models, and 
challenges in processing high-resolution images and improving 

accuracy through parameter changes. To address these defaults, 
we propose a distinct method called “Hybrid DbneAlexNet and 
Bi-LSTM model for automated skin cancer classification" that 
uses a Gaussian filter to smooth high resolution images, 
enhancing feature extraction for greater accuracy[12]. By 
enhancing texture representation, it uses (LVP) for improve 
classification performance. Additionally, the proposed approach 
enhances feature learning with DenseNet-based designs 
improving gradient flow and efficiency.  
3. Proposed Methodology 

The proposed methodology for automated skin cancer 
classification uses the random image, which is extracted from 
ISIC and SIIM-ISIC datasets. Figure 1 represents the overall 
proposed methodology which includes the five stages: Retrieval 
of images from the dataset, pre-processing using Gaussian filter 
and RoI extraction followed by the skin lesion segmentation using 
MSRF Net followed by image augmentation. Feature extraction 
is done by statistical features and LVP and then the image is 
classified by the proposed method (hybrid DbneAlexNet and Bi-
LSTM). 
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Fig.1. Schematic representation of overall proposed methodology 

3.1. Dataset Description 
The ISIC Challenge dataset [13] and the SIIM-ISIC [14] 

melanoma classification dataset are crucial tools for creating 
and analysing deep learning methods for skin cancer 
classification. Streams of labelled dermoscopic images of skin 
cancer compose these datasets which are serve primarily to 
detect melanoma. It includes distinct group of people to make 
the dataset diverse, containing images from a range of 
demographics and skin types. 
3.2. Pre-processing using Gaussian Filter and Region 

of Interest (RoI) extraction 
 Enhancing the quality of medical images (dermoscopic 

images) by reducing noise and blurring while retaining 
significant features like edges and textures is the key to use 
Gaussian filter for skin cancer detection and classification is the 
first pre-processing procedure. In the context of skin cancer 
detection, the mathematical concepts underlying the Gaussian 
filter required to identify anomalies such as skin lesions or 
cancer [15].  

𝑝𝑝(𝑢𝑢,𝑣𝑣) = 𝑗𝑗(𝑢𝑢, 𝑣𝑣) + 𝑞𝑞(𝑢𝑢 ,𝑣𝑣) (1) 
Where j (u, v) is the original image, q(u, v) is the added 

noise, and p(u, v) is the final image. By using Gaussian filter it 
reduces noise, smoothen the image, and enhances the visibility 
of skin lesions.  

RoI is the second procedure of pre-processing the image. It 
focuses on particular region of an image, such as skin lesions, 
to enhance analysis accuracy[15]. By suppressing unnecessary 

region, it enhances the algorithm’s efficiency and minimizes the 
computational complexity [16]. It maximizes classification 
accuracy by eliminating noise from background. 
3.3. Skin Lesion Segmentation using MSRFNet 

Skin lesion segmentation is the focus of the MSRF-Net, an 
advanced deep learning technology designed for bio medical 
image segmentation. The architecture uses a multi scale technique 
to extract global context and smooth features from images of skin 
lesions. MSRF-Net efficiently integrates data from many scales 
through residual fusion, enhancing the ability of technology to 
detect lesions of various sizes and complexity [17]. The network 
performs well at handling the challenges associated with skin 
lesion segmentation, including in lesion size, shape and texture.  
3.4. Image Augmentation using Geometric 

Transformation and Colour Space 
Transformation 

Geometric transformations [18] and colour space 
transformations are the image augmentation technique used to 
enhance model generalization by diversifying the dataset. These 
modifications help the algorithm adapt to different lesion 
orientations, lighting conditions and noise levels [19]. By 
enhancing dataset variability, the model becomes more reliable 
and capable of accurately classifying new skin cancer images.  
3.5. Feature Extraction using Statistical Features and 

LVP 
Feature extraction using statistical features is essential for 

classifying skin cancer as variants in skin lesion colour can 



Kolukula et al.  JCBCM Vol, 1, No.01, pp.10-15  June. 2026 
 

 

12  

provide significant details about possible malignancy. The 
colour channels are utilized to extract several statistical 
parameters including mean, variance and standard deviation. 
These parameters help in differentiating between benign and 
malignant skin lesions by measuring the texture and intensity 
shifts inside the lesion [20]. LVP technique can be used to 
enhance texture analysis in dermoscopy images for skin cancer 
detection. The vector pool methodology collects local features 
while retaining the spatial distribution of skin surface points, In 
contrast to conventional pooling methods that ignore spatial 
correlations. This makes it possible to record small textural 
patterns like uneven borders or asymmetry more accurately, 
which are important markers of malignant cancer. Furthermore, 
it minimizes the cost of computing by avoiding resource 
intensive processes like set abstraction. The final outcome is 

more effective and efficient way to identify skin cancer by 
evaluating complex skin textures [21]. 
3.6. Skin Cancer Classification using Proposed Hybrid 

DbneAlexNet and Bi-LSTM 
DbneAlexNet is a deep learning-based feature extractor that 

uses DenseNet architecture. The following layers contribute the 
DenseNet architecture for classify skin cancer [22]. Convolution 
2D layer is to acquire data from the input image and extracts 
spatial features using multiple convolutional layers. Maxpooling 
is applied in the Convolution 2D layer to reduce dimensionality 
to obtained features and save the most significant data.   Dense 
layer is entirely interconnected layer for learning complex 
patterns of skin cancer groups. 
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Fig.2. Schematic representation of Hybrid DbneAlexNet and Bi-LSTM 

The DBNeAlexNet, a deep learning model, may also be 
employed to skin cancer classification by leveraging its 
specialized layer called Exponential Linear Unit (eLU). The 
eLU activation layer enhances the performance by enabling 
negative values to push the activations closer to zero and 
accelerating the training process [23]. Through enhanced 
feature extraction and classification performance, our method 
enables more efficient and accurate skin cancer detection. 

𝑎𝑎𝑧𝑧 = 𝜎𝜎(𝑋𝑋𝑜𝑜
𝑔𝑔𝑢𝑢𝑢𝑢 + 𝑈𝑈𝑜𝑜

𝑔𝑔𝑎𝑎𝑧𝑧−1
𝑔𝑔 + 𝑑𝑑𝑜𝑜

𝑔𝑔)Θ 𝑡𝑡𝑡𝑡𝑡𝑡 ⥂ ℎ(𝐺𝐺𝑧𝑧
𝑔𝑔Θ𝐶𝐶𝑧𝑧−1

𝑔𝑔

+ 𝑗𝑗𝑧𝑧
𝑔𝑔Θ𝐶𝐶𝑧𝑧

𝑔𝑔 ⊕ 
𝜎𝜎 (𝑋𝑋𝑜𝑜𝑑𝑑𝑢𝑢𝑢𝑢 + 𝑈𝑈𝑜𝑜𝑑𝑑𝑎𝑎𝑧𝑧+1𝑑𝑑 + 𝑑𝑑𝑜𝑜𝑑𝑑)Θ 𝑡𝑡𝑡𝑡𝑡𝑡 ⥂ ℎ(𝐺𝐺𝑧𝑧

𝑔𝑔Θ𝐶𝐶𝑧𝑧+1𝑑𝑑 + 𝑗𝑗𝑧𝑧𝑑𝑑Θ𝐶𝐶𝑧𝑧𝑑𝑑     
(2) 

Here, 𝑎𝑎𝑧𝑧is the final Bi-LSTM , 𝜎𝜎 is the sigmoid function 
itself, tan h introduces non linearity, X, U, d are weight metrics 
and bias term. 𝐺𝐺𝑧𝑧, 𝑗𝑗, 𝐶𝐶𝑧𝑧  are forget gate, cell state, input gate 
respectively and ⊕represents concatenation of forward and 
backward states. The Bi-LSTM [24] technique can be 
successfully used to sequential data, by utilizing its ability to 
detect both past and future correlations in the data such as skin 
cancer classification. Bi-LSTM can enhance classification 
accuracy in the context of skin cancer by analysing series or 
sequential images such as changes in lesion. The stacked layer 
[25] and Softmax of architecture, enable the algorithm to 
identify complex linkages and patterns in the sequential data, 
which results it appropriate for identifying minute changes in 
skin lesions. This method makes optimal use of series or 
sequential image data to provide reliable, effective, and precise 
skin cancer detection. 
4. Results and Discussion 

To evaluate the dominance of the created method, Hybrid 
DbneAlexNet and Bi-LSTM is analysed using an array of 

metrics and compared with different existing approaches. The 
following section covers the techniques and metrics used, as well 
as the analysis of the Hybrid DbneAlexNet and Bi-LSTM. 
4.1. Experimental Design 

Table 1 shows the experimental requirements for 
implementing skin cancer classification. The setup includes 
python 3.12.7 with visual studio code and jupyter Notebook for 
coding and execution. NumPy and Pandas handle data 
manipulation, while Matplotlib and seaborn are used for 
visualizing results. OpenCV is employed for image processing, 
and albumentations enhances image augmentation. Tensorflow 
and keras facilitate deep learning model training, scikit-learn 
supporting data pre-processing and evaluation. The MSRFNet 
implementation utilizes pre-trained models or custom 
architectures for improved performance. 

Table 1. Software requirements 
Tool/Library Version / Notes 

Python Python 3.12.7. 
IDE Visual Studio Code with Jupyter 

Notebook kernel. 
NumPy, Pandas for data manipulation. 
Matplotlib/Seaborn For visualization of results 
OpenCV For Image Processing 
Tensor-Flow for model training 
Keras Integrated with Tensor-Flow 
scikit-learn for data pre-processing and 

evaluation. 
Albumentations For image augmentation 
MSRFNet 
Implementation 

Use pre-trained models or 
custom implementation 

4.2. Evaluation Metrics 
Accuracy measures the proportion of correctly classified skin 

lesions. Precision evaluates the proportion of predicted positives 
are actually positives. Recall measures the proportion of true 



Kolukula et al.  JCBCM Vol, 1, No.01, pp.10-15  June. 2026 
 

 

13  

positives among all actual positive cases. The F1 score is the 
harmonic mean of precision and recall with a range from 
0(worst) to 1(best). The AUC-ROC (Area under the Operating 
characteristic curve) measure’s a model’s ability to distinguish 
between classes, with a higher AUC indicating better 
performance on the positive class, with 1 being and 0.5 being 
random guessing.  
4.3. Experimental Outcomes Using Data Set 1(ISIC) 

and Data Set 2(SIIM-ISIC) 
Figure 3 displays the experimental outcomes which contains 

input images in (A) , pre-processed images in (B), ground truth 
segmented images in (C) with predicted segmented images in (D), 
augmented images in (E) and output images in (F). the output 
represents the Benign, malignant and melanoma. The inputs are 
extracted from the dataset ISIC and SIIM-ISIC.  

 

ISIC dataset 
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Malignant 

SIIM-ISIC 
dataset 

      
Melanoma 

 (A) Input Image (B) Pre-processed 
Image (C) Ground Truth (D) Predicted 

Image 
(E) Augmented 

Images 
(F) Output 

Image 
Fig. 3. Experimental outcomes using Dataset 1 and Dataset 2 (ISIC and SIIM-ISIC). 

 

4.4. Graphical representation Using Data Set 1(ISIC)  
and data Set (SIIM-ISIC) 

Figure 4 and 5 displays the testing and validation through 
accuracy values across epochs in (i). It illustrates how well the 

model is learning and loss should decrease over time if training is 
effective in (ii), a 2D matrix where the darker colors indicate 
higher values, in (iii), a curve closer to the top left corner indicated 
a better model ROC in (iv).  

 
(i)Accuracy 

 
(ii)loss 

 
(iii)Confusion matrix 

 
(iv)ROC curve 

Fig. 4. Graphical representation using dataset 1(ISIC) 
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(i)Accuracy 

 
(ii)loss 

 
(iii)Confusion matrix 
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Fig. 5.Graphical representation using dataset 2(SIIM-ISIC) 
4.5. Comparative Assessment 

Figure 6 displays the comparison chart using the metrics 
like accuracy, precision, recall, and F1-score with existing 
methods which includes SCV[8], CNN[9], VT technique[10] 

and KNN-PDN[11] with the proposed technique hybrid 
DbneAlexNet and Bi-LSTM  using dataset ISIC, SIIM-ISIC. The 
proposed model DbneAlexNet and Bi-LSTM consistently 
performs better, as indicated by larger segments in both charts. 

  
6(a) ISIC dataset comparison 6(b)SIIM-ISIC dataset comparison 

Fig. 6. Comparison assessment with existing methods 
Table 2 displays the comparative analysis of the proposed 

model that reveals the greatest values across all measures with 
scores of 99.60, 99.64, 99.66, 99.62 in terms of accuracy, 
precision, F1 Score and recall respectively for the ISIC dataset. 
The result proves that the proposed performs significantly 
better than the other models. Overall, these results are 
highlights the effectiveness of deep learning in skin cancer 
detection. 

Table 2. Comparative analysis of the proposed and existing 
methods 

Datasets Metrics SVM CNN VT KNN-
PDN 

Proposed 
DbneAlex
Net &Bi-
LSTM 

ISIC 
dataset 

Accuracy 88.30 74.30 77.20 69 99.60 

Precision 89.50 78.50 79.50 72 99.64 

F1Score 90.50 88.50 90.50 62 99.66 

Recall 89.30 78.30 79.20 70 99.62 

SIIM-ISIC 
dataset 

Accuracy 88.9 75 77.9 70.1 99.5 

Precision 89.2 79.2 78.8 71.4 99.7 

F1Score 90.1 88 89.9 63 99.8 

Recall 88.7 77.8 78.5 69.2 99.6 

5. Conclusion  

The hybrid DbneAlexNet and Bi-LSTM technique offers a 
robust solution for automated skin cancer classification by 
leveraging advanced deep learning techniques. The proposed 
method’s efficiency is boosted by processing only pertinent skin 
lesion feature by applying Gaussian filtering and RoI extraction. 
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The accurate feature extraction process by applying statistical 
features and LVP is further aided by MSRFNet’s excellent 
lesion segmentation. By diversifying the training images, image 
augmentation approaches improve generalizability and 
minimize over fitting. The method’s exceptional classification 
accuracy, which combines the advantages of DbneAlexNet and 
BI-LSTM, makes it easier to detect and diagnose skin cancer 
early. To enhance the ability of the framework, to manage a 
variety of skin types, future research could concentrate on 
multi-dimensional data such as clinical and genetic 
information. When paired with novel approaches like attention 
mechanism and transfer learning, real time detection on 
wearable and mobile devices may further enhance 
generalization and usability. 
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