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Abstract 

Background: Automated dermoscopic skin lesion classification presents a persistent challenge in clinical artificial intelligence (AI): 
achieving reliable multi-class discrimination under severe class imbalance while remaining computationally viable for resource-con-
strained deployment. Existing approaches predominantly rely on large pretrained architectures evaluated under single train-test splits 
with global pre-augmentation, introducing data leakage and limiting reproducibility. 
Objectives: This work presents LightDermNet, a purpose-built lightweight convolutional neural network that integrates depthwise sep-
arable convolutions and convolutional block attention modules across four progressive feature-extraction stages, resulting in a total of 
104,840 trainable parameters. 
Methods: Trained on the HAM10000 dataset (10,015 images, seven lesion classes) under a strictly leakage-free five-fold stratified 
cross-validation protocol with within-fold augmentation, inverse-frequency class weighting, and focal loss (γ = 2.0).
Results: LightDermNet achieves a mean cross-validation accuracy of  0.7820 (±0.0050) and a held-out test accuracy of  0.7558, with a 
macro receiver operating characteristic – area under the curve of  0.9271. Gradient-weighted class activation mapping visualizations con-
firm that the model consistently localizes diagnostically relevant lesion regions, supporting its interpretability for clinical decision-sup-
port applications. Systematic ablation across four training configurations confirms that the joint application of  augmentation, class 
weighting, and focal loss collectively drives performance gains. 
Conclusions: Benchmark evaluation against MobileNetV2, MobileNetV3Small, DenseNet121, and ResNet50V2 under identical condi-
tions demonstrates that LightDermNet surpasses all baselines in both mean accuracy and cross-fold stability while utilizing 97–99.6% 
fewer parameters. These findings establish that sub-200K-parameter models trained with rigorous cross-validation can match or exceed 
pretrained architectures on the HAM10000 benchmark, providing:

•	 a reproducible and computationally accessible foundation, 

•	 for dermoscopic AI deployment, 

•	 in telehealth and point-of-care settings. 

Plain Language Abstract 

Cutaneous malignancies constitute a prevalent and potentially lethal disorder arising from exposure to ultraviolet (UV) radiation through solar and 
artificial illumination sources.1 People with light complexions, a history of sunburns, prolonged UV exposure, or frequent use of tanning beds face 
an elevated risk of skin cancer. Stratospheric ozone reduction represents a major environmental contributor to this pathology. Principal cutaneous 
malignancy categories encompass basal cell carcinoma, melanoma, squamous cell carcinoma (SCC), and actinic keratosis. Skin cancer is one of 
the most common cancers, representing roughly 33% of global malignancy cases,2 and is expected to continue to be a prominent cancer type in the 
present decade. Melanoma represents the most lethal cutaneous malignancy, accounting for 75% of cutaneous cancer deaths.3 The International 
Agency for Research on Cancer4 predicts that the number of new cases of cutaneous melanoma is projected to rise by over 50% from 2020 to 2040. 
This highlights:

•	 the need for effective methods to diagnose and treat skin cancer, 

•	 including preventive measures and 

•	 early detection through screening. 

Key Takeaways

•	 the mean validation accuracy and standard deviation across all five folds,

•	 LightDermNet achieves a mean five-fold validation accuracy,

•	 �LightDermNet achieved a test accuracy of 0.7558, a macro F1-score of 0.56, a weighted F1-score of 0.73, and a macro receiver operat-
ing characteristic—area under the curve (AUC-ROC) of 0.9271 under one-versus-rest evaluation. 
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Dermoscopy, a noninvasive diagnostic imaging modal-
ity, can properly detect melanoma, which is more 
deadly than other kinds of skin cancer. Due to its 

benefits, including strong visual perception and a low inci-
dence of scoring errors, it has attracted considerable interest. 
Established diagnostic protocols, including the ABCD rule, 
7-point checklist, Menzies process, and CASH methodology, 
have enhanced clinicians’ capacity to differentiate melanoma 
from benign lesions on imaging.5 Because of the similarities and 
differences among classes, even a highly trained dermatologist 
may have trouble making an accurate diagnosis of skin lesions. 
Consequently, there is a critical need to create automated tech-
niques that improve the accuracy of melanoma detection.

Dermoscopic imaging enables visualization of the subsurface 
cutaneous architecture, revealing lesion characteristics through 
chromatic and textural patterns that are typically imperceptible 
to the naked eye.6 This modality is commonly employed within 
diagnostic frameworks and has emerged as a valuable supple-
mentary tool for clinical dermatologists. Computer-aided diag-
nosis systems depend substantially on automated classification 
of lesion patterns in dermoscopic imagery.7 Cancer survival 
rates across multiple malignancy types have improved markedly 
in recent decades, owing to accelerated advances in computa-
tional imaging and artificial intelligence (AI) methodologies for 
disease identification and prognostic assessment.8

Multiple computational methodologies have been developed 
for automated evaluation of dermoscopic images. Traditional 
frameworks in the early developmental stages predominantly 
employed sequential processing pipelines comprising image 
quality enhancement, lesion perimeter identification, charac-
teristic extraction, optimal feature selection, and pathologi-
cal categorization.9–11 Such computational systems leveraged 
diverse attributes, including chromatic properties, surface tex-
ture characteristics, boundary morphology, geometric descrip-
tors, and classification algorithms such as support vector 
machines, feed-forward neural networks, random forests, and 
naive Bayes.12,13 Nevertheless, identifying optimal feature sets, 
extraction methods, and classification frameworks remains a 
major challenge.

Earlier systems used manual feature extraction techniques, 
which were time-consuming and resulted in a minimal feature 
set. Additionally, these approaches exhibited suboptimal diag-
nostic performance due to morphological similarities across 
pathological categories and phenotypic variations within indi-
vidual lesion types, rendering them inadequate for routine 
clinical use. Conversely, deep neural architectures, specifically 
convolutional neural networks (CNNs), have demonstrated 
exceptional performance across diverse computer vision appli-
cations.14–17 CNNs are better at obtaining complete visual fea-
ture representations from training datasets.18 Several recent 
studies employ convolutional neural networks pretrained on 
extensive image corpora to support dermoscopic image catego-
rization via transfer learning.19–21 However, the combination of 
subtle inter-class distinctions and significant intra-class variabil-
ity in skin lesion images can weaken the discriminative power of 
these unaltered deep feature sets, thereby reducing melanoma 
detection accuracy.22–24 In general, the field of dermoscopy 
image analysis has moved from traditional, hand-crafted feature 
extraction methods to deep learning methods, especially CNNs.

Despite progress in deep learning-driven dermoscopy analysis, 
most published models are computationally demanding, neces-
sitating advanced GPU infrastructure and considerable mem-
ory resources that remain inaccessible in remote clinics, mobile 
screening units, and low-resource healthcare environments prev-
alent across South Asia, sub-Saharan Africa, and rural areas 
worldwide. Telehealth platforms increasingly require AI inference 
to operate on-device or at the network edge, where model size and 
response latency directly determine clinical viability. This work 
addresses the deployment gap by introducing LightDermNet, a 
purpose-built, attention-augmented CNN architecture that prior-
itizes the accuracy–efficiency trade-off over raw benchmark per-
formance, evaluated under a reproducible, leakage-free protocol 
suitable for real-world clinical deployment.

Literature Review
The research included a review of the literature (Table 1) 
as well as an in-depth examination of the chosen subject. 
Extensive prior research has established that computer-aided 
diagnostic systems for the detection of skin pathology consti-
tute a well-defined research domain.

Contemporary investigations by Gajera et al. conducted 
systematic evaluations across multiple benchmark reposito-
ries to examine dermoscopic image analysis for the diagnosis 
of melanoma by pre-trained convolutional network feature 
extraction.5 Their findings demonstrated the significance of 
various methodological parameters, including data prepro-
cessing strategies, dataset partitioning approaches, feature 
normalization protocols, and hierarchical feature representa-
tion levels, for melanoma diagnostic performance.

An integrated deep learning methodology combining 
EfficientNetV2S and SwinTransformer networks was introduced 
by Shehzad et al.25 for automated skin cancer identification across 
multiple diagnostic categories. Through custom alterations to the 
fifth stage of EfficientNetV2S, integration of Swin-Transformer 
feature streams, and fusion of outputs from both the original 
and adapted networks, the ensemble attained 99.10% accuracy 
on the held-out test set, with sensitivity of 99.27% and specificity 
of 99.80%.

In,2 an efficient AlexNet architecture utilizing transfer learning 
was proposed for accurate classification and diagnostic assessment 
of melanoma. The proposed method utilized images with a spec-
ified region of interest to isolate only the distinguishing features.

Shrestha et al.26 developed three deep-learning segmentation 
approaches, including the U-Net, ResUNet, and DeeplabV3+ 
architectures, for cutaneous malignancy classification. In these 
evaluations, DeeplabV3+ achieved the highest performance, 
achieving 96.21% overall accuracy, with precision and recall of 
93.26 and 93%, respectively.26

The DSCC net framework was introduced by Tahir et al. for 
automated classification of cutaneous malignancies across four 
pathological categories: SCC, basal cell carcinoma (bcc), mela-
noma (mel), and melanocytic nevi (mn).27 The DSCC net archi-
tecture achieved 94.17% accuracy, 93.76% recall, and 93.93% 
F1-score through the systematic application of modified convolu-
tional blocks designed for early-stage tumor identification, 94.28% 
precision, and 99.42% area under the curve (AUC).

Keerthana et al.28 introduced dual hybrid convolutional 
architectures incorporating SVM classification at the terminal 
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processing stage; 1 EL identified dermoscopy images as benign 
or malignant tumors. The SVM classifier receives a combined 
set of the retrieved parameters from the first and second 
CNN models. The initial ensemble architecture, combining 
DenseNet-201 with MobileNet, achieved 88.02% classification 
accuracy, whereas the alternative hybrid configuration, integrat-
ing DenseNet-201 with ResNet-50, attained 87.43% accuracy.
In their study, Syed et al.29 used a deep spiking neural network 
to assess 3,670 melanoma cases and 3,323 non-melanoma spec-
imens from the ISIC 2019 collection. With far fewer trainable 
parameters, the proposed spiking VGG-13 model achieved 
89.57% accuracy and 90.07% F1-score, outperforming the 
standard VGG-13 and AlexNet architectures.

Jinnai et al.30 used a faster region-based CNN (FCRNN) 
instead of dermoscopy to identify melanoma from 5,846 clin-
ical pictures to prepare the training dataset. Bounding boxes 
for lesion locations were manually constructed with enhanced 
precision, and the FCRNN model exceeded the diagnostic 
performance of 10 certified dermatologists and 10 resident 
physicians.

Alwakid et al.31 implemented CNN architectures, including 
a customized ResNet-50 model, to evaluate the HAM10000 
dataset. The research was conducted using an asymmetrically 
distributed collection of skin cancer samples. ESRGAN was 
used to improve image quality before data augmentation was 
utilized to address class imbalance. The outcome was deter-
mined using the 86 and 85.3% accurate CNN and ResNet-50 
models, respectively.

Rashid et al.32 proposed a transfer learning framework 
utilizing the MobileNet-V2 architecture for automated mela-
noma detection, differentiating malignant from benign cuta-
neous lesions. Their convolutional neural network approach 
was validated on the ISIC 2020 repository. To mitigate class 
distribution disparities, multiple synthetic data generation 
strategies were implemented, resulting in improved diagnostic 
performance of the deep learning framework.

Recent work has begun to address the computational effi-
ciency gap in dermoscopic classification. Mamun et al.33 showed 
that a custom CNN with only 692K parameters can match the 
accuracy of ResNet50 on HAM10000 while cutting FLOPs by 
more than 99%. They concluded that large pretrained models 
don’t offer much of an accuracy boost at a high computational 
cost. Similarly, Sarker et al.34 proposed LGGC-Net, a lightweight 
attention-based CNN with 0.81 million parameters, achieving 
88.05% accuracy on HAM10000 and positioning it as a deploy-
ment-ready solution for resource-constrained clinical settings. 
These findings motivate the development of sub-200K parameter 
architectures evaluated under rigorous, leakage-free protocols.

While prior studies demonstrate high classification accuracy 
on HAM10000, the majority rely on single train–test splits with-
out cross-validation and employ large pretrained architectures 
exceeding 20 million parameters.25,35 No published work in this 
benchmark evaluates a sub-200K-parameter model under strati-
fied k-fold cross-validation with strictly within-fold augmentation. 
LightDermNet is positioned to address this efficiency–repro-
ducibility gap, targeting deployment in telehealth-enabled, 
resource-constrained clinical environments where model size and 
inference latency directly determine clinical viability.

Methodology
This study develops LightDermNet, a purpose-built 
attention-augmented convolutional neural network designed 
for efficient and reproducible dermoscopic image classification. 
The diagnostic framework begins with dataset acquisition, 
followed by hair removal preprocessing, image normalization, 
and within-fold data augmentation. The extracted features are 
used to train the LightDermNet model for classification, which 
assigns predicted class labels and probabilities to the seven 
skin lesion categories. A stratified five-fold cross-validation 
protocol is employed throughout to ensure leakage-free 
evaluation appropriate for clinical application. The complete 
experimental pipeline is illustrated in Figure 1.

Table 1.  Comparative analysis of dermoscopic classification approaches on HAM10000 (7 classes).

Author Ref (Year) Approach Params (M) Acc (%) F1 (%) Ref.

Ioannis Kousis et al. (2022) DenseNet169 14.0 92.25 93.27 36 

Srinivasu et al. (2021) MobileNet + LSTM ~4.2 85.34 – 37

Gessert et al. (2019) CNN + Attention NR – – 38

Razzak et al. (2020) Multistage Residual Net NR 96.07 – 39

Chaturvedi et al. (2020) CNN Ensemble NR 92.83 84.00 40

Rajput et al. (2021) Customized AlexNet ~60.0 98.20 – 41

Khan et al. (2021) DL + Optimization NR 90.67 – 24

Shehzad et al. (2023) EfficientNetV2S + Swin ~28.0 99.10 – 25

Zia Rehman et al. (2022) MobileNetV2 + DenseNet201 ~23.0 85.34 – 42

Kadampur et al. (2020) LightDermNet: A Lightweight 
Attention-Augmented CNN for Reproducible  
Multi-Class Dermoscopic Skin Lesion Classification

Inception v3 23.9 99.77 95.74 35

Polat et al. (2020) CNNs + OVA NR 92.90 – 43

Mamun et al. (2025) Lightweight Custom CNN 0.69 96.70 – 33

Sarker et al. (2026) LGGC-Net 0.81 88.05 – 34

LightDermNet CBAM + Depthwise Sep. 0.10 78.20† 0.56* –

All studies use the HAM10000 dataset (seven classes). *Macro F1 on held-out test set (n = 1,503). †Mean accuracy across stratified five-fold CV with within-fold 
augmentation only; all other entries report single train–test split accuracy. CBAM: convolutional block attention module; CNN: convolutional neural networks; 
DL: deep learning; LGGC: large-gap GC; LSTM: long short-term memory; NR: not reported; ~ = estimated from standard architecture.
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Dataset
Our experimental framework employs the HAM10000 collec-
tion established by the International Skin Image Collaboration 
in 2018 as the foundational data resource.44 This repository 
comprises 10,015 dermoscopic photographs obtained from 

heterogeneous patient cohorts at two collection sites. The 
dataset includes seven categories of skin lesions: actinic ker-
atosis along with intraepithelial carcinoma (akiec), vascu-
lar lesions (vasc), dermatofibroma (df), benign keratosis-like 
lesions (bkl), and melanocytic nevi (nv). Each diagnostic 

Fig. 1.  Experimental pipeline of LightDermNet.
CBAM: convolutional block attention module, Conv2D: standard 2D convolution, CV: computer vision, DWS: depthwise separable conv, RAM: residual attention module.
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category represents a distinct dermatological condition tar-
geted for automated identification. The repository’s develop-
ment involved collaborative efforts between Cliff  Rosendahl 
from Queensland University Medical School in Australia and 
the ViDIR Group at the University of Vienna’s Dermatology 
School in Austria.
The complete collection of 10,015 images was partitioned into 
8,512 training images and 1,503 held-out test images prior to 
any preprocessing or augmentation steps, ensuring the test set 
was completely independent across all experiments. A notable 
limitation was the substantial asymmetry in class-wise sample 
distribution: the most prevalent category (melanocytic nevi) 
contained 6,705 specimens, while the least represented class 
(dermatofibroma) had only 115 samples, accounting for 1.1% 
of the complete collection. The class distribution across the 
seven lesion categories is illustrated in Figure 2, with represen-
tative sample images shown in Figure 3.

Data Preprocessing
In dermoscopic image analysis, acquisition artifacts, most 
notably hair occlusion, represent a significant source of inter-
ference that can impair automated classification performance. 

Fig. 2.  Seven types of skin lesion counts in the HAM10000 
dataset. *AK: actinic keratosis; BCC: basal cell carcinoma; BK: 
benign keratosis; df: dermatofibroma; ME: melanoma; mv: 
melanocytic nevi; vasc: vascular lesions.
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Fig. 3.  Representative images from the HAM10000 dataset across all seven lesion categories.
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To systematically address this issue, a structured hair removal 
pipeline was applied to all 10,015 images prior to the train-test 
partition, ensuring consistent preprocessing across all experi-
mental folds.

The hair removal procedure operates in four sequential 
stages. First, each image is converted to grayscale to isolate 
luminance variation associated with hair structures. A mor-
phological Black Hat filter with a 17 × 17 elliptical structuring 
kernel is then applied to enhance dark, elongated hair artifacts 
against the surrounding skin texture. To make a binary hair 
mask, the response map is binarized using a fixed threshold 
of t = 10. Finally, detected hair regions are reconstructed 
using Telea inpainting45 with a 3-pixel radius, which fills 
masked areas by propagating surrounding skin texture inward. 
Representative before-and-after outputs of this pipeline are 
presented in Figure 4.

Following hair removal, all images are resized from their 
original resolution of 450 × 600 pixels to a standardized res-
olution of 128 × 128 pixels. Pixel values are subsequently 
normalized from uint8 integer representation to float32 in the 
range [0,1] to ensure consistent input scaling across the net-
work. This combination of artifact suppression, resizing, and 
normalization prepares the image corpus for augmentation 
and model training.

Data Augmentation
The HAM10000 repository exhibits significant class-wise 
sample disparities, with specific diagnostic groups having sub-
stantially fewer specimens than the dominant melanocytic 
nevi category. To address this imbalance without introducing 
data leakage, augmentation was applied exclusively within the 
training partition of each cross-validation fold, while valida-
tion and held-out test images remained unaugmented across 
all experiments.

Augmentation procedures incorporated random rota-
tional transformations up to ±20 degrees, horizontal and 

vertical reflection-based augmentations, positional shifts of 
10% in the height and width dimensions, and zoom oper-
ations with a 10% magnitude. These transformations were 
applied on the fly during training using automated augmen-
tation pipelines, ensuring that no augmented images were 
shared between the training and validation partitions across 
any fold. By introducing controlled variations in rotation, 
zoom, shifts, and flips, the augmentation strategy enhances 
the model’s ability to generalize across diverse lesion ori-
entations, scales, and spatial positions, thereby improving 
classification robustness without compromising evaluation 
integrity.

LightDermNet Architecture
LightDermNet is a purpose-built convolutional neural network 
designed to balance diagnostic accuracy with computational 
efficiency, making it suitable for deployment in resource-con-
strained telehealth environments. The architecture comprises 
four progressive convolutional stages that incorporate depth-
wise separable convolutions and the convolutional block atten-
tion module (CBAM), enabling efficient multi-scale feature 
extraction with a substantially reduced parameter footprint 
compared to standard pretrained architectures.

Network Architecture
The input layer accepts dermoscopic images with a shape of 
128 × 128 × 3 after hair-removal preprocessing and float32 
normalization. Each of  the four convolutional stages pro-
gressively increases the number of  feature maps through a 
sequence of  32, 64, 128, and 256 filters, respectively, using 
3 × 3 depthwise separable convolutional kernels with rec-
tified linear unit (ReLU) activation and the same padding 
to preserve spatial dimensions. Following each convolu-
tional stage, max-pooling with 2 × 2 kernels performs spa-
tial downsampling, reducing feature map dimensions by 
50% and concentrating the most discriminative activations. 

Fig. 4.  Hair removal pipeline results: four sample images showing original (top) and processed (bottom) dermoscopic images after Black 
Hat morphological filtering and Telea inpainting.
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CBAM attention gates are inserted after each pooling opera-
tion, applying sequential channel-wise and spatial attention 
to recalibrate feature responses and suppress uninformative 
regions. A flattening operation converts the final feature 
representations into a one-dimensional array, followed by 
two fully connected layers with ReLU activation, incorpo-
rating dropout regularization to mitigate overfitting. The 
output layer consists of  seven neurons corresponding to the 
distinct lesion categories, with SoftMax activation applied 
to generate probability distributions over classes. The com-
plete model encompasses 104,840 trainable parameters, 
representing a reduction of  over 99% compared to stan-
dard pretrained architectures such as ResNet50V2 (25.6M 
parameters), as illustrated in Figure 5. Depthwise separa-
ble convolutions decompose a standard convolution into 
a depthwise spatial filtering step followed by a pointwise 
channel projection, reducing the computational cost by a 
factor expressed as:

= +
Cost
CostStd N DK

1 1DWS

2
� (1)

where N denotes the number of output channels, and DK is 
the kernel size. For DK = 3 and N = 256, the configuration 
yields a reduction factor of approximately 0.115, meaning 
depthwise separable convolutions consume roughly 8.7× fewer 
multiply-accumulate operations than their standard counter-
parts at equivalent receptive field size. CBAM augments each 
convolutional stage by sequentially recalibrating channel and 
spatial attention. The channel attention map Mc ∈ R1 × 1 × 
C is computed as:

Mc(F) = σ(MLP(AvgPool(F)) + MLP(MaxPool(F )))� (2)

where σ denotes the sigmoid activation, and MLP is a shared 
two-layer network with reduction ratio r = 8. The resulting 
spatial attention map Ms ∈ RH×W×1 is then derived as:

Ms(F) = σ f 7×7( [AvgPool(F); MaxPool(F )]))� (3)

where f 7×7 denotes a convolutional operation with a 7 × 7 
kernel and [;] denotes channel-wise concatenation along the 
spatial dimensions. The refined feature map is obtained by 
element-wise multiplication of the input with both attention 
maps sequentially: F ' = Ms(Mc(F) ⊗ F) ⊗ F.

Training Strategy
The model is compiled using the Adam optimizer with an ini-
tial learning rate of  1 × 10−3. To address the substantial class 
imbalance inherent in the HAM10000 dataset, two comple-
mentary strategies are employed: class weights inversely pro-
portional to class frequency are incorporated into the loss 
computation, and focal loss46 with γ = 2.0 and α = 0.25 is 
used in place of  standard categorical cross-entropy. Focal 
loss down-weights well-classified majority-class examples 
and concentrates gradient updates on difficult minority-class 
instances, improving sensitivity for underrepresented lesion 
categories such as dermatofibroma and vascular lesions. 
Focal loss is formally defined as:

LFL = −αt (1 − pt)
γ log(pt)� (4)

where pt is the model’s estimated probability for the ground-
truth class, γ = 2.0 controls the down-weighting of easy 

Fig. 5.  LightDermNet architecture.
Conv2D: standard 2D convolution, DWS: depthwise separable conv, RAM: residual attention module.
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examples, and α = 0.25 balances positive and negative class 
contributions. Class weights are computed as:

=
⋅

w N
K nc

c
� (5)

where N is the total number of training samples, K = 7 is the 
number of lesion categories, and nc is the sample count for 
class c. For the dermatofibroma class (nc = 95 in the training 
partition), this yields wc ≈ 12.8, ensuring that minority class 
gradients receive proportionally amplified updates during 
backpropagation.

The learning rate is adaptively reduced by a factor of 0.5 
when validation accuracy stagnates for five consecutive epochs, 
via the ReduceLROnPlateau scheduler, thereby supporting 
stable convergence throughout the full training duration.

Evaluation Protocol
where N is the total number of training samples, K = 7 is the num-
ber of lesion categories, and nc is the sample count for class c. 
For the dermatofibroma class (nc = 95 in the training partition), 
this yields wc ≈ 12.8, ensuring that minority class gradients receive 
proportionally amplified updates during backpropagation.

The learning rate is adaptively reduced by a factor of 0.5 
when validation accuracy stagnates for five consecutive epochs, 
via the ReduceLROnPlateau scheduler, thereby supporting 
stable convergence throughout the full training duration.

Results and Discussion
This section presents the experimental results for 
LightDermNet across four evaluation stages: an ablation 
study, cross-validation training behavior, benchmark model 
comparison, and final held-out test set performance. All 
results are reported under the stratified five-fold cross-validation  
protocol described in Section 3, with the 1,503 held-out test 
images evaluated exclusively with the best-performing fold 
(Fold 5; validation accuracy = 0.7882).

Ablation Study
To systematically identify the contribution of each training  
component, four experimental conditions were evalu-
ated under identical five-fold stratified cross-validation. 
Condition A served as the baseline, training LightDermNet 
without augmentation, class weighting, or focal loss, relying  
solely on standard cross-entropy. Condition B introduced 
within-fold augmentation, Condition C applied class weights 
without augmentation, and Condition D combined all com-
ponents—augmentation, class weights, and focal loss—
representing the full proposed training strategy.

Table 2 summarizes the mean validation accuracy and 
standard deviation across all five folds for each condition. 
Condition D achieves the highest mean validation accuracy 
of  0.7820 (±0.0050), confirming that the combination of 
augmentation, class weighting, and focal loss yields the most 
stable and accurate configuration. Notably, Condition C 
(class weights only, 0.7701) performed below both Condition 
A (0.7784) and Condition B (0.7777), suggesting that class 
weight amplification without complementary augmentation 
can introduce gradient instability on severely minority classes 
such as dermatofibroma (nc = 95) when the training distri-
bution remains unbalanced. The validation accuracy curves 
across all folds and conditions are presented in Figure 6, with 
a comparative summary shown in Figure 7.

Figure 8 presents per-class recall across all four conditions 
on the validation set, revealing that Condition D consistently 
improves minority class recall—particularly for melanoma 
(0.353 → 0.413), vascular lesion (0.667 → 0.810), and basal cell.

Carcinoma (0.468 → 0.506)—while maintaining dominant 
class (nv) recall above 0.93.

Figure 9 presents the normalized confusion matrix for 
Condition D on the validation set (Fold 5), confirming that 
the dominant misclassification pattern—minority classes pre-
dicted as melanocytic nevi—persists consistently across train-
ing configurations and is attributable to the intrinsic visual 
similarity between early-stage malignant lesions and benign 
nevi in the HAM10000 collection.

Training Behavior—Best Fold
Condition D Fold 5 achieved the highest validation accuracy 
of 0.7882 and was selected as the representative model for test 
set evaluation. Figure 10 illustrates the training and validation 
accuracy and focal loss curves for this fold. Training accuracy 
increased steadily from 0.5207 at Epoch 1 to 0.8739 at the 
point of early stopping (Epoch 49), while validation accuracy 
converged to 0.7882 at Epoch 34 before stabilizing under the 
ReduceLROnPlateau schedule. The consistent narrowing of the 
train-validation accuracy gap across epochs confirms that the 
combination of within-fold augmentation, dropout regulariza-
tion, and adaptive learning rate reduction effectively mitigated 
overfitting despite the dataset’s substantial class imbalance.

Benchmark Model Comparison
To contextualize LightDermNet’s performance relative to 
established pretrained architectures, four transfer learning 
baselines were evaluated under identical Condition D proto-
col—MobileNetV2 (3.4M parameters), MobileNetV3Small 
(2.9M parameters), DenseNet121 (8.1M parameters), and 
ResNet50V2 (25.6M parameters). All baselines employed two-
phase fine-tuning: an initial head-only training phase of 10 
epochs followed by partial unfreezing of the top 30% of base 
layers. Table 3 presents the per-fold and mean validation accu-
racy for all five models.
LightDermNet achieves a mean five-fold validation accuracy 
of  0.7820 (±0.0024), surpassing MobileNetV2 by 1.46 percent-
age points, DenseNet121 by 1.77 points, MobileNetV3Small 
by 2.50 points, and ResNet50V2 by 3.32 points—while uti-
lizing 104,840 parameters compared to 3.4M–25.6M for the 
baselines, representing a parameter reduction of  97–99.6%. 

Table 2.  Ablation study results—five-fold mean validation accuracy.

Condition Aug CW Loss Mean Val Acc ±Std

A—Baseline ✗ ✗ Cross-Entropy 0.7784 0.0072

B—Aug Only ✓ ✗ Cross-Entropy 0.7777 0.0078

C—CW Only ✗ ✓ Cross-Entropy 0.7701 0.0028

D—Full (Proposed) ✓ ✓ Focal (γ = 2) 0.7820 0.0050

Aug: Within-fold augmentation; CW: inverse-frequency class weights.
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Critically, LightDermNet also exhibits the lowest cross-fold 
standard deviation (0.0024) among all evaluated models, 
indicating that the combination of  CBAM attention and 
depthwise separable convolutions produces more consistent 
generalization across data partitions than pretrained feature 
extractors under equivalent training conditions. The bench-
mark comparison and efficiency frontier are illustrated in 
Figures 11 and 12.

Test Set Performance
Final evaluation was conducted on the 1,503 held-out test 
images using the Condition D Fold 5 model (validation accu-
racy = 0.7882). This evaluation was performed once, after 
all training, validation, and hyperparameter decisions were 
finalized, ensuring complete independence of  the reported 
metrics. LightDermNet achieved a test accuracy of  0.7558, 
a macro F1-score of  0.56, a weighted F1-score of  0.73, and 

Fig. 6.  Validation accuracy curves across all five folds for Conditions A–D. Condition D demonstrates the highest and most consistent 
convergence across folds.

Fig. 7.  Mean validation accuracy (±std) per ablation condition. Condition D (Aug + CW + Focal Loss) achieves the best performance at 
0.7820 ± 0.0050.
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a macro receiver operating characteristic—area under the 
curve (AUC-ROC) of  0.9271 under one-versus-rest eval-
uation. The per-class classification report is presented in 
Table 4, with per-class metrics and AUC-ROC curves shown 
in Figures 13–15.

Class-wise performance reflects the inherent distribu-
tional asymmetry of  the HAM10000 dataset. The dominant 
melanocytic nevi class achieves an F1 of  0.88, consistent 
with its support of  1,006 test samples (66.9% of  the test set).  
Vascular lesion attains the highest minority class F1 of 

Fig. 10.  Training and validation accuracy and focal loss curves for Condition D, Fold 5 (best fold, val acc = 0.7882). Early stopping trig-
gered at Epoch 49; best weights restored from Epoch 34.

Fig. 8.  Per-class recall heatmap across ablation Conditions A–D (validation set). Condition D achieves the most balanced recall profile 
across all seven lesion categories.

Fig. 9.  Confusion matrix for Condition D, Fold 5 on the validation set (n = 1,499). Left: raw counts; right: normalized recall per row. The 
dominant off-diagonal pattern reflects minority class confusion with melanocytic nevi (nv).
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0.83 and AUC of  0.9981, attributable to its morpholog-
ically distinctive appearance relative to other lesion cat-
egories. Conversely, melanoma recall of  0.31 represents 
the most clinically significant limitation: 49.1% of  mela-
noma instances were misclassified as melanocytic nevi—a 
common failure pattern in dermoscopic classifiers arising 
from the visual similarity between early-stage melanoma 
and benign nevi.38 Actinic keratosis precision of  0.75 with 
recall of  0.37 indicates high specificity but low sensitiv-
ity, suggesting the model is conservative in flagging akiec 
lesions. Dermatofibroma F1 of  0.40 reflects the combined 
challenge of  minimal support (n = 17) and morphological 
overlap with benign keratosis. These class-wise disparities 
motivate future investigation into lesion-specific attention 
mechanisms and class-balanced sampling strategies beyond 
uniform augmentation.

The macro AUC-ROC of  0.9271 demonstrates strong 
discriminative capacity across all seven lesion categories 
at the ranking level, suggesting that while the model’s hard 
classification accuracy is constrained by minority class 
confusion, the underlying probability estimates remain 
well calibrated for clinical triage support in resource-con-
strained environments where ranked confidence outputs 
are actionable.

Explainability Analysis—Gradient-Weighted Class Activation Mapping 
Visualization
To interpret the spatial attention behavior of LightDermNet, 
gradient-weighted class activation mapping (Grad-CAM) was 
applied to one correctly classified sample per lesion class using 
the final convolutional layer of the proposed architecture. 
Figure 16 presents the original dermoscopic images alongside 
their corresponding Grad-CAM activation maps for all seven 
HAM10000 categories.

The activation maps confirm that LightDermNet con-
sistently localizes diagnostically relevant regions rather 
than background skin texture. Melanoma activations con-
centrate on the irregular pigmented core and asymmetric 
border regions, consistent with established ABCD clinical 
criteria. Basal cell carcinoma maps highlight the central 
lesion structure, while vascular lesion activations converge 
tightly on the vascular nodule—corroborating its high AUC 
of  0.9981 and F1 of  0.83. Actinic keratosis activations are 
notably diffuse across the erythematous field, reflecting the 
morphologically heterogeneous nature of  this class and 
partially explaining its lower recall of  0.37. These visual-
izations provide qualitative evidence that the CBAM atten-
tion mechanism directs gradient flow toward lesion-specific 

Table 3.  Benchmark comparison—five-fold mean validation accuracy (Condition D protocol).

Model Params F1 F2 F3 F4 F5 Mean ±Std

LightDermNet 104K 0.7812 0.7843 0.7785 0.7852 0.7808 0.7820 0.0024

MobileNetV2 3.4M 0.7612 0.7684 0.7627 0.7689 0.7760 0.7674 0.0052

DenseNet121 8.1M 0.7676 0.7684 0.7719 0.7589 0.7546 0.7643 0.0065

MobileNetV3S 2.9M 0.7698 0.7548 0.7562 0.7511 0.7532 0.7570 0.0066

ResNet50V2 25.6M 0.7527 0.7477 0.7498 0.7382 0.7553 0.7488 0.0059

Fig. 11.  Five-fold mean validation accuracy comparison 
across all benchmark models under Condition D protocol. 
LightDermNet achieves the highest accuracy with the lowest 
parameter count.

Fig. 12.  Model accuracy versus parameter count (log scale). 
LightDermNet occupies the efficiency frontier, achieving the 
highest accuracy at 97–99.6% fewer parameters than all evaluated 
baselines.

Table 4.  Per-class classification report—held-out test set (n = 1,503), 
Condition D, Fold 5.

Class Precision Recall F1 Support AUC

Melanocytic nevi (nv) 0.82 0.94 0.88 1,006 0.9128

Melanoma (mel) 0.47 0.31 0.37 167 0.8768

Benign keratosis (bkl) 0.54 0.36 0.43 165 0.8807

Basal cell carcinoma (bcc) 0.50 0.49 0.50 77 0.9631

Actinic keratosis (akiec) 0.75 0.37 0.49 49 0.9717

Vascular lesion (vasc) 0.89 0.77 0.83 22 0.9981

Dermatofibroma (df) 0.39 0.41 0.40 17 0.8864

Macro average 0.62 0.52 0.56 1,503 0.9271

Weighted average 0.73 0.76 0.73 1,503 -

Overall accuracy: 0.7558. AUC: one-vs-rest macro AUC-ROC; AUC-ROC: 
receiver operating characteristic—area under the curve.
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features, supporting the model’s suitability for clinical deci-
sion-support applications where interpretability is a regula-
tory requirement.47

Conclusion
This study presented LightDermNet, a lightweight atten-
tion-augmented convolutional neural network for automated 
multiclass dermoscopic image classification on the HAM10000 
benchmark. By integrating depthwise separable convolutions 
with CBAMs, the proposed architecture achieves competitive 
diagnostic performance with only 104,840 trainable parame-
ters—a reduction of 97–99.6% relative to standard pretrained 
architectures—demonstrating that efficient, deployment-ready 
models need not sacrifice classification accuracy.

A strictly leakage-free five-fold stratified cross-validation 
protocol was adopted throughout, ensuring reproducible and 
unbiased performance estimation. The systematic ablation 
study confirmed that combining within-fold augmentation, 

Fig. 13.  Per-class precision, recall, and F1-score on the held-out test set (n = 1,503). Support counts are annotated below each class label.

Fig. 14.  Confusion matrix on held-out test set (Condition D, Fold 5). Left: raw counts; right: normalized recall per row. The dominant 
misclassification pattern is minority classes predicted as melanocytic nevi (nv).

Fig. 15.  One-versus-rest ROC curves for all seven lesion classes. 
Macro AUC = 0.9271. Vascular lesion achieves near-perfect dis-
crimination (AUC = 0.9981). ROC: receiver operating character-
istic; AUC: area under the curve.
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inverse frequency class weighting, and focal loss yields the 
most stable training configuration, while benchmark evalu-
ation demonstrated that LightDermNet surpasses all four 
pretrained baseline architectures under identical training con-
ditions. The macro AUC-ROC of 0.9271 across seven lesion 
categories further confirms the model’s strong discriminative 
capacity at the probability ranking level.

Future research directions include incorporating lesion-
aware spatial attention mechanisms to improve minority class 
sensitivity, exploring advanced rebalancing strategies such as 
mixup augmentation and knowledge distillation, and conduct-
ing prospective deployment evaluation on embedded hardware 
platforms for real-world telehealth integration. These enhance-
ments aim to further optimize LightDermNet for practical 
clinical application in resource-constrained dermatological 
screening environments.
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