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Abstract

Existing artificial intelligence (Al)-based diagnostic systems often lack interpretability, clinical decision support, and accessibility for practical
deployment, despite the importance of early skin cancer detection in improving patient outcomes. This paper proposes an integrated deep learning
framework for multi-class skin cancer detection that combines lesion segmentation using U-Net with transfer-learning classification of seven
skin-lesion classes using ResNet50. The framework links classification results with segmented lesion regions to improve interpretability and uses
Gradient-weighted Class Activation Mapping (Grad-CAM) to provide visual explanations of model predictions, thereby improving transparency
and clinician confidence in the recommendations. It is implemented as a lightweight web-based application for remote, resource-efficient skin-
lesion screening without costly local hardware. Experimental results on the HAM 10000 dataset indicate that the framework outperforms baseline
deep learning models in segmentation and classification while providing interpretable predictions and computationally efficient computer-aided
dermoscopic screening. The proposed system offers an explainable decision-support approach for preliminary skin cancer assessment and may
support earlier diagnosis in resource-limited clinical settings.
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1. Introduction

*Corresponding authors Mahesh Kumar Singh, Tel. No.: +91-8076627526. Skin cancer is among the most common malignant neo-
Lalit Kumar Tyagi, Tel. No.: +91-9250644414. plasms worldwide. Approximately 331,722 new melanoma
Email addresses: maheshkrsgQgmail . com (Mahesh Kumar Singh=), cases and 58,667 melanoma deaths were estimated for 2022,
tyagilalit70@yahoo.co.in (Lalit Kumar Tyagi'®') as reported in Ref. [1]. Early diagnosis improves treatment

outcomes; however, many regions lack adequate dermatolog-
ical services and professional diagnostic resources. Deep learn-
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ing (DL)-based approaches have demonstrated considerable
potential for automating skin-lesion analysis and supporting
early-stage diagnosis. Two major obstacles nevertheless limit
their real-world application. First, many artificial intelligence
(AI) models provide predictions without explanations, reduc-
ing clinicians’ trust and adoption. Second, many systems re-
quire substantial computational power or specialized hardware,
making them unsuitable for resource-limited or remote settings.

We present an easy-to-use deep learning framework for
multi-class skin cancer analysis, with emphasis on usability, in-
terpretability, and accessibility. The pipeline integrates U-Net
segmentation with ResNet50 transfer learning for classification,
following Ref. [2], and uses Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) visual attributions and calibrated
confidence scores to improve interpretability, as described in
Refs. [3, 4]. Classification outputs are passed to a risk-stratified
decision-support module that assigns low-, moderate-, or high-
risk levels. The complete inference workflow is delivered
through a browser-based online screening application that re-
quires neither local installation nor high-end hardware.

This work makes four contributions. First, it combines
the segmentation and classification capabilities required for a
multi-class skin cancer detection pipeline. Second, it employs
explainable Al techniques to provide clinicians with insight into
the model’s reasoning. Third, it incorporates a calibrated risk-
tier decision module to support clinical triage. Fourth, it pro-
vides an automated, lightweight, and user-friendly online inter-
face for wider screening access.

2. Related work

Deep learning has advanced skin-lesion segmentation, clas-
sification, interpretability, explainability, and perception-based
evaluation measures, as discussed in Ref. [5]; nevertheless,
considerable challenges remain in developing clinically de-
ployable, transparent, and accessible systems [6]. U-Net and
its variants are widely used for dermoscopic lesion-boundary
identification and have achieved high Dice and intersection-
over-union (IoU) scores on standard datasets, including the
International Skin Imaging Collaboration (ISIC) datasets and
HAMI10000 [5]. Many segmentation methods, however, are
treated as stand-alone components and are rarely incorporated
into complete diagnostic pipelines [7]. Moreover, substan-
tial computational requirements limit their use in resource-
constrained environments.

On smaller datasets, transfer learning with convolutional
neural network (CNN) architectures such as ResNet, DenseNet,
and EfficientNet has produced strong classification results [8—
11]. A barrier to adoption by medical professionals is that these
models often provide a final disease classification without suf-
ficiently explaining the underlying reasons for the result. Ex-
plainable AI (XAI), including Grad-CAM, addresses this prob-
lem by highlighting image regions that influence predictions
[12]. Nevertheless, documentation remains limited regarding
whether activated heatmap regions correspond accurately to the
actual disease location. These methods can therefore improve
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Figure 1: Representative dermoscopic image from the
HAM10000 dataset for the melanoma (MEL) lesion class.

interpretability but should be treated as aids to decision-making
rather than primary diagnostic components [13].

Decision-support systems are increasingly used in derma-
tology Al although most emphasize classification quality rather
than practical clinical triage strategies. Few solutions focus on
accessibility, and many require special hardware or software
installation, limiting their use in underserved or remote loca-
tions [14]. Overall, previous research has improved segmenta-
tion and classification performance, but gaps remain in integrat-
ing explainability, risk-aware decision support, and accessible
deployment architectures. These limitations motivate the inte-
grated, explainable, and internet-enabled screening framework
presented here.

3. Proposed methodology

The proposed end-to-end pipeline has two principal phases:
segmentation and classification. A representative dermoscopic
input image is shown in Figure 1.

The complete workflow is shown in Figure 2 and is further
divided into six stages: dataset preprocessing, lesion segmenta-
tion, lesion classification, explainability, clinical decision sup-
port, and web-based deployment.

3.1. Dataset and preprocessing

This study uses the HAM 10000 dermoscopic-image dataset
[15], which contains 10,015 images from seven diagnostic cat-
egories. Images were downsampled to a consistent resolution
and normalized according to the ImageNet preprocessing pro-
tocol cited in the transfer-learning procedure [16]. Moderate
preprocessing was applied without changing the model defini-
tions: (i) lesion-preserving data augmentation through random
horizontal and vertical flips, rotations of +20°, and mild colour
jitter; (ii) a stratified train—validation—test split to preserve class
distributions; and (iii) hair removal through morphological op-
erations to reduce noise. The final dataset was divided into 70%
training, 15% validation, and 15% testing subsets.

Although HAM10000 is primarily a dermoscopic-image
classification dataset, segmentation ground truth was obtained
by linking HAM10000 images to corresponding lesion masks



Singh et al. / J. Nig. Soc. Phys. Sci. 8 (2026) 3530 3
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Figure 2: Architecture of the proposed model.

in the ISIC Archive, including the ISIC 2017 and 2018 chal-
lenge datasets, for which pixel-level annotations were publicly
available for a subset of overlapping images. Only images with
verified ground-truth masks were included in U-Net training
and evaluation. Remaining HAM10000 images without corre-
sponding masks were excluded from segmentation experiments
and used only for classification.

3.2. Lesion segmentation using U-Net

A U-Net architecture was used to separate lesion regions
from dermoscopic images. The model has an encoder—decoder
structure with skip connections that preserve spatial informa-
tion between layers [17]. To improve segmentation across dif-
ferent lesion boundaries, a combined Binary Cross-Entropy and
Dice loss was used. The Dice loss, Lpjce, 1S

2 piyite
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Lpice = 1 - (D
where p; and y; represent the predicted and ground-truth mask
pixels, respectively, and e prevents division by zero. The seg-
mented mask is used to extract the lesion region, producing a
cropped image for the classification module.

3.3. Multi-class classification using ResNet50 transfer learn-
ing

A ResNet50 model pretrained on ImageNet was fine-tuned

to classify seven types of skin lesion [18, 19]. The final fully

connected layer was replaced with a seven-neuron softmax
layer. Weighted cross-entropy, Lwce, was used to address class
imbalance:

K
Lwce == ) weyelog@e), @)

c=1
where K = 7 is the number of classes, w, is the class weight
inversely proportional to class frequency, y. is the one-hot en-
coded ground truth, and J. is the predicted probability for class
C.

3.4. Explainability using Grad-CAM

Gradient-weighted Class Activation Mapping was added to
improve transparency and clinical trust [20]. Grad-CAM pro-
duces a heatmap identifying prominent image regions that influ-
enced the model’s prediction. The heatmap is overlaid on both
the cropped lesion and the original image, allowing dermatol-
ogists to assess visually whether the model’s emphasis corre-
sponds to the pathological region.

3.5. Clinical decision support

A clinical decision-support module was implemented to
convert model outputs into an actionable form [21]. Calibrated
softmax scores and the correspondence between the Grad-CAM
heatmap and segmented lesion region were used to classify each
prediction as low, moderate, or high concern. This stratifica-
tion can help clinicians and other users prioritize cases requir-
ing prompt attention.
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Table 1: Risk-score ranges for the three risk categories.

Risk score Risk category
< 0.50 Low concern
0.50-0.79  Moderate concern
> 0.80 High concern

After classification, the ResNet50 model produced cali-
brated class probabilities using temperature scaling. To com-
pute the composite risk, the calibrated probability P$ associated
with the predicted lesion class ¢ was calculated as
c

PC =Pr (y = —) ,
X /calibrated

3

where PC is the calibrated probability associated with the pre-
dicted lesion class ¢, and Pr denotes probability, y is the true
lesion class, x is the input lesion image, c is the predicted lesion
class, and the superscript C indicates calibration rather than the
raw classifier output.

To assess whether the model focused on the lesion rather
than the surrounding skin, a Grad-CAM overlap score, G, was
computed as the proportion of activated Grad-CAM pixels in-
side the segmented lesion mask:

_ activated pixels inside the lesion mask
~ total activated Grad-CAM pixels

“

The score lies between 0 and 1. A composite risk score was
then calculated as

Riskgeore = 0.7PS + 0.3G. 3)

Classification confidence contributes 70% of the final score,
while Grad-CAM overlap contributes 30%. Greater emphasis
was placed on calibrated confidence because it directly reflects
classifier reliability, whereas Grad-CAM overlap serves as an
interpretability measure. Final risk categories were assigned
using empirically selected thresholds determined on the valida-
tion dataset, as listed in Table 1.

The thresholds were selected after evaluating candidate cut-
off values on the validation set to balance sensitivity and speci-
ficity. They were not derived from clinical guidelines or ex-
pert consensus and should therefore be interpreted only as a
decision-support mechanism for preliminary screening, not as a
definitive clinical diagnosis. Future work will include prospec-
tive clinical validation with dermatologists and optimization of
the thresholds using larger, multicentre datasets.

3.6. Web-based screening implementation

The complete inference process was implemented as a
browser-based screening tool to improve ease of use and acces-
sibility. Users upload a dermoscopic image through a standard
browser, and the server performs segmentation, classification,
explainability analysis, and risk assessment before returning
the results. The system requires neither local installation nor
a high-performance local computer, supporting potential use in
mobile and resource-constrained contexts.

The proposed framework uses a client—server architecture
for remote skin-lesion screening. Uploaded images are securely
transmitted to the inference server, which sequentially performs
preprocessing, U-Net lesion segmentation, classification with
the fine-tuned ResNet50 model, Grad-CAM visualization, con-
fidence calibration, and risk assessment. The inference engine
was developed in Python using PyTorch and OpenCV and de-
ployed in a cloud-based graphics processing unit (GPU) envi-
ronment. The modular architecture separates the presentation
layer, inference engine, and visualization components, enabling
independent updates and easier maintenance.

To preserve privacy, images are processed only during in-
ference and are not stored permanently unless explicitly en-
abled by the deployment administrator. Production deployment
should use encrypted Hypertext Transfer Protocol Secure com-
munication, authenticated access, and secure server-side stor-
age to comply with institutional privacy policies and applica-
ble healthcare regulations. The architecture may be container-
ized using Docker or similar technologies to support scalable
deployment and concurrent users. The browser-based inter-
face eliminates the need for local software installation, thereby
improving accessibility in resource-constrained environments.
The system is intended for preliminary clinical decision sup-
port and is not a replacement for expert dermatological diag-
nosis. Clinical validation, usability studies, regulatory assess-
ment, and integration with hospital information systems remain
necessary.

4. Experimental setup

To support fair comparison, all baseline models—U-Net, U-
Net++, Attention U-Net, EfficientNet-BO, DenseNet121, Mo-
bileNetV3, and baseline ResNet50—were trained and eval-
uated using the same HAM10000 dataset, identical patient-
independent train—validation—test partitions (70%/15%/15%),
identical preprocessing and augmentation, and the same evalua-
tion metrics. Where possible, the original architectures and rec-
ommended hyperparameters were adopted while maintaining a
common experimental protocol. Reported differences therefore
primarily reflect architectural changes rather than variations in
data preparation or evaluation methodology.

4.1. Experimental environment

Experiments were conducted on cloud-based infrastruc-
ture to support availability and reproducibility. Training used
Google Colab Pro with a Tesla T4 GPU (16 GB video random-
access memory), an Intel Xeon central processing unit, and
25 GB random-access memory. This setup demonstrates the
practicality of the proposed solution in a low-resource or cloud-
deployed environment. The framework was implemented in
Python 3.10 with PyTorch 2.2, OpenCYV, scikit-learn, and Mat-
plotlib for preprocessing, metric calculation, and visualization.

4.2. Training strategy

The segmentation and classification models were trained
separately and fine-tuned in stages.
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4.2.1. U-Net segmentation phase

The U-Net model was trained for 50 epochs with a batch
size of 16 using the AdamW optimizer and a learning rate of
3 x 107*. The learning rate followed cosine decay with warm
restarts. Online augmentation included random flips, rotations
of +20°, and brightness and contrast jitter. Early stopping with
a patience of 10 epochs was applied based on the validation
Dice score.

4.2.2. ResNet50 classification phase

In Stage 1 (frozen feature extraction), the final dense layers
were trained for 10 epochs with a learning rate of 1 x 1073, In
Stage 2 (fine-tuning), the final three residual blocks were un-
frozen and trained for 30 epochs with a learning rate of 3x 10~
and cosine annealing. In Stage 3 (calibration), temperature scal-
ing was applied to the validation set to calibrate confidence
probabilities for risk-tier mapping. All weights were initial-
ized from ImageNet pretraining. Classification used weighted
cross-entropy and label smoothing (¢ = 0.1) to reduce the ef-
fects of class imbalance. In Stage 4 (integration), the U-Net
mask cropped the lesion region before input to the calibrated
ResNet50 model. Grad-CAM heatmaps were generated from
the final convolutional layer [22] and compared with the lesion
region to calculate overlap.

4.3. Evaluation metrics

Performance was evaluated using segmentation quality,
classification performance, and calibration reliability:

1. Segmentation metrics: Dice coefficient and IoU.

2. Classification metrics: overall accuracy, precision, recall,
and macro F1-score to account for class imbalance.

3. Receiver operating characteristic analysis: macro area
under the curve (AUC) across all seven classes.

4. Calibration metric: expected calibration error (ECE) on
the validation and test sets after temperature scaling.

All reported results are averages of three independent runs with
controlled random seeds. The evaluation pipeline was executed
end-to-end on the cloud platform to assess the real-world de-
ployability of the proposed system.

5. Results and discussion

In addition to overall accuracy, macro F1-score, and macro
AUC, class-wise metrics were computed to assess classifier
performance on the imbalanced HAM10000 dataset. Preci-
sion, recall (sensitivity), specificity, F1-score, and one-vs-rest
AUC were calculated for each of the seven lesion categories, as
shown in Table 2. A normalized confusion matrix was also used
to visualize class-specific prediction performance and com-
mon misclassification patterns. These metrics provide a more
comprehensive evaluation, particularly for minority classes for
which overall accuracy may be misleading.

The performance metrics are defined as

TP

Precision = ——, (6)
TP + FP

Table 2: Class-wise performance on the HAM 10000 dataset.

Class  Precision Recall Specificity Fl-score AUC
AKIEC 0.82 0.78 0.991 0.80 0971
BCC 0.90 0.88 0.995 0.89  0.987
BKL 0.86 0.84 0.989 0.85 0.982
DF 0.87 0.82 0.997 0.84 0.989
MEL 0.88 0.90 0.986 0.89 0.992
NV 0.95 0.97 0.965 096 0991
VASC 0.94 0.89 0.998 091 0.988
TP
Recall = —— 7
T TP RN @
e TN
Specificity = TN T Ep’ ®
Fl-score = 2Precision X Recall ©)

Precision + Recall’

where TP, FP, TN, and FN denote true positive, false positive,
true negative, and false negative, respectively. One-vs-rest AUC
is the area under the receiver operating characteristic curve
computed independently for each class against all remaining
classes.

5.1. Segmentation performance

Table 3 presents quantitative segmentation results. The pro-
posed U-Net training variation outperformed the baseline U-
Net [2] and U-Net++ [23], with higher Dice and IoU scores
while retaining low model complexity. Attention U-Net [17]
produced competitive results but required approximately 1.5
times more parameters. Incorporating lesion cropping into the
pipeline improved downstream classification accuracy.

The HAM10000 dataset was partitioned into 70% training,
15% validation, and 15% testing subsets through stratified sam-
pling while preserving class balance across all seven lesion
categories. To prevent information leakage, images from the
same patient were assigned exclusively to one subset. Exper-
iments used a fixed random seed of 42 for Python, NumPy,
and PyTorch, and reported values are averages of three inde-
pendent runs. The U-Net model was selected according to the
highest validation Dice coefficient, whereas the ResNet50 clas-
sifier was selected according to the highest validation macro
Fl-score. For clinical decision support, calibrated probabili-
ties were mapped to low, moderate, and high risk using thresh-
olds of < 0.50, 0.50-0.79, and > 0.80, together with Grad-
CAM lesion-overlap analysis. The implementation, trained
weights, and inference scripts will be made publicly available
upon publication to facilitate independent verification and fu-
ture research.

5.2. Classification performance

Table 4 compares classification results for baseline and fine-
tuned architectures. The proposed ResNet50 pipeline, which
uses lesion-cropped inputs and calibration, outperformed Mo-
bileNetV3 [11] and EfficientNet-BO [9] in overall accuracy and
macro Fl-score while retaining a competitive parameter count.
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Figure 3: Representative Grad-CAM visualizations for low-, moderate-, and high-risk predictions.

Table 3: Segmentation-performance comparison.

Model Dice IoU Parameters (M) Reference
U-Net (baseline) 0.864 0.781 31.0 [2]
U-Net with proposed training 0.879 0.796 31.0 -
U-Net++ 0.872 0.788 36.2

(23]
Attention U-Net 0.875 0.792 45.5 [17]
Proposed U-Net with crop integration 0.888 0.804 31.0 -

Table 4: Classification-performance comparison.

Model Accuracy F1-macro AUC-macro Parameters Reference
M)
ResNet50 with vanilla transfer learning 0912 0.873 0.935 25.6 [18]
ResNet50 with fine-tuning 0.924 0.886 0.942 25.6 -
EfficientNet-BO 0.917 0.881 0.938 53 [9]
DenseNet121 0.920 0.882 0.940 8.0 [10]
MobileNetV3 0.905 0.869 0.928 34 [11]
Proposed ResNet50 with crop and calibration 0.932 0.894 0.949 25.6 -
Figure 3 shows six examples: two low-risk, two moderate- work’s explainability. For each case, the Grad-CAM heatmap
risk, and two high-risk predictions. The heatmaps generally  is overlaid on the original lesion image to highlight regions
correspond to labelled lesion locations, illustrating the frame- that most strongly influenced the prediction. Higher-risk cases

6
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Figure 4: Receiver operating characteristic curves for the seven skin-lesion classes: AKIEC, BCC, BKL, DF, MEL, NV, and VASC
(left) and confusion matrix for the same seven classes (right).

Table 5: Ablation experiments.

Variant Dice Fl-macro AUC ECE Remarks
No crop - 0.873 0.932 0.032 Segmentation output ignored.
Crop only - 0.888 0.941 0.031 Mask-guided inputs used.
No calibration - - 0.944 0.030 Uncalibrated outputs used.
Calibration applied - - 0.944 0.018 Improved prediction reliability.
No Grad-CAM in the user - 0.888 0.941 0.018 No visual justification provided.
interface
Grad-CAM with risk-tier - 0.894 0.949 0.017 Best overall interpretability.
integration
Table 6: Web-deployment efficiency.

Configuration CPU latency GPU latency ~ Web round-trip ~ Suitability

(s) (s) (s)
EfficientNet-BO 2.14 0.41 1.28 Good; compact architecture.
Proposed pipeline (U-Net, 2.78 0.63 1.42 Best balance between accuracy and
ResNet50, and Grad-CAM) processing speed.
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generally show stronger activation concentrated within the seg-
mented lesion region and higher calibrated confidence scores.

5.3. Ablation experiment

The ablation analysis in Table 5 quantifies the contribution
of each enhancement. Lesion cropping increased the F1-score
by approximately 1.5%, calibration reduced ECE from 0.030 to
0.018, a 40% relative reduction (an absolute decrease of 0.012).
The current implementation has been evaluated in a controlled
cloud environment and has not yet undergone large-scale clini-
cal deployment or formal usability testing with healthcare pro-
fessionals.

5.4. Web deployment and efficiency

Latency and resource use were measured to evaluate acces-
sibility, as shown in Table 6. Inference time was assessed for
both central processing unit (CPU) and GPU execution in the
cloud. Figure 4 presents the receiver operating characteristic
curves and confusion matrix used to examine class-specific per-
formance and misclassification patterns across the seven skin-
lesion classes.

Although the proposed system demonstrates low inference
latency and efficient resource use, several deployment consider-
ations remain. The current implementation was evaluated in a
controlled cloud environment and has not undergone large-scale
clinical deployment or formal usability testing with healthcare
professionals. Future work will assess concurrent-user work-
loads, integration with electronic health-record systems, regu-
latory compliance, cybersecurity requirements, and clinician-
centred usability for safe routine deployment.

6. Conclusion and future work

This study presented an integrated deep learning frame-
work for multi-class skin-lesion analysis that combines U-Net-
based segmentation, ResNet50 transfer learning for classifica-
tion, Grad-CAM-based explainability, confidence calibration,
and a lightweight web interface. Evaluation on the HAM 10000
dataset demonstrated promising performance for automated le-
sion analysis and indicated that combining segmentation with
transfer learning can improve classification accuracy while pro-
viding interpretable visual explanations.
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