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Abstract

Skin-lesion recognition from clinical photographs is clinically valuable yet computation-
ally challenging due to large intra-class variation, subtle inter-class boundaries, class
imbalance, and heterogeneous acquisition conditions. To address these constraints under
realistic compute budgets, we investigate Inception-family convolutional baselines and
propose GISLC—a Gated-Inception model that augments a GoogLeNet/Inception-V1 back-
bone with a lightweight, spatial gating head inspired by ConvLSTM. Unlike static fusion
(concatenation/summation) of multi-branch features, the proposed gated head performs
per-location, learnable regulation of feature flow across branches, prioritizing diagnostically
salient patterns while suppressing redundant activations. Experiments were conducted on
the clinical-images subset of the Multimodal Augmented Skin Lesion Dataset (MASLD), an
augmented derivative of HAM10000, using stratified train/validation/test splits, clinically
motivated augmentation, and class-weighted optimization to mitigate skewed label fre-
quencies. A controlled ablation study evaluates backbone choices and optimization settings
and isolates the contribution of gated fusion relative to standard Inception heads. Across
runs, the gated fusion strategy improves discriminative performance while remaining
parameter-efficient, supporting the view that spatially adaptive regulation can enhance
robustness on non-dermatoscopic clinical imagery. We further outline practical steps for
calibration analysis and compression-aware deployment in clinical and edge settings.

Keywords: skin cancer; clinical images; deep learning; inception; gated inception; convlstm;
medical image analysis

1. Introduction
The skin serves as a resilient barrier, isolating internal organs and systems from the

external environment [1]. It consists of three main layers: the epidermis, dermis, and hypo-
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dermis. In addition to its structural complexity, the skin performs vital physiological roles,
such as safeguarding against physical and microbiological damage, regulating temperature,
and facilitating sensory awareness [2,3]. The typical surface area in humans is roughly
20 square feet, signifying a vital aspect of human health and serving as the body’s primary
protective interface with the environment.

Although resilient, the skin is susceptible to numerous pathological alterations induced
by intrinsic and external causes, including aging, UV radiation, infections, and trauma.
These changes frequently present as skin lesions, characterized by variations in color,
texture, or morphology—such as patches, lumps, or uneven growths. Lesions are clinically
categorized as benign or malignant based on their capacity to invade adjacent tissues and
spread [4]. Benign lesions are limited, whereas malignant lesions, particularly melanoma
and non-melanoma skin malignancies, pose considerable health hazards due to their
aggressive characteristics. Therefore, prompt and precise diagnosis of malignant lesions is
crucial for efficient therapy and improved patient outcomes [5,6].

Skin cancer is among the most prevalent malignancies and arises when genomic
damage triggers dysregulated proliferation of cutaneous cells [7]. Prolonged exposure to ul-
traviolet (UV) radiation—whether from sunlight or artificial sources—induces DNA injury
that can accumulate and promote tumor formation [8]. Three main forms of skin cancer are
identified as basal cell carcinoma (BCC), squamous cell carcinoma (SCC), and melanoma.
BCC arises in the basal cells of the lower layers of the epidermis and often manifests as
lesions on the surface. SCC, on the other hand, results from an excess accumulation of
squamous cells as a consequence of prolonged UV exposure [9]. Although melanoma is
the least frequent type, it is also the most aggressive and life-threatening. Melanoma, also
known as the “black tumor”, represents only around 1% of all skin cancer diagnoses but
causes the majority of skin cancer–related deaths [10]. According to the World Health Or-
ganization’s World Cancer Report, around 1.3 million new melanoma cases and more than
2.5 million non-melanoma cases are recorded worldwide each year, making skin cancer
one of the most common malignancies [11]. Historically, detection has involved visual
inspection and biopsy. Dermatologists often rely on direct examination of skin lesions and,
in many cases, employ a dermatoscope—a handheld magnifying device—to study the
structure and finer details of suspicious abnormalities [12]. While dermatoscopy enhances
clinical decision-making, its interpretation remains subjective, with outcomes varying
across observers and constrained by the limited availability of dermatology specialists [13].

Automated classification of clinical skin-lesion images remains challenging because
lesion classes exhibit high intra-class variability and subtle inter-class differences, datasets
are often imbalanced, and acquisition conditions vary across devices and clinical settings
[14]. Conventional convolutional backbones may pass redundant or noisy multi-scale
features to downstream classifiers, requiring large parameter budgets or extensive fine-
tuning to achieve robustness. To address these limitations, large collections of clinical and
dermatoscopic images with consistent annotation have been established, enabling the de-
velopment of automated diagnostic systems. Publicly curated datasets such as HAM10000
[13], ISIC Archives [15,16], and their derivatives have been particularly influential, provid-
ing standardized benchmarks that allow deep learning models to be trained and validated
under reproducible conditions [17,18]. In this study, we utilize the Multimodal Augmented
Skin Lesion Dataset (MASLD) [19], which extends HAM10000 and integrates multiple
imaging modalities. Specifically, only the clinical-images subset of MASLD was used for
both training and evaluation, reflecting realistic non-dermatoscopic imaging scenarios
encountered in general clinical practice.

Recent research has explored architectures that effectively capture the complexity
of skin-lesion images. Models such as the Inception family strike a balance between
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receptive-field diversity and computational efficiency, making them well suited for tasks
where both local texture and global context matter [20,21]. Complementary to this, gating
mechanisms—originally developed for sequential models such as LSTMs—offer dynamic
control over information flow and have been adapted for spatial and multimodal fusion
tasks in vision [22,23]. These advances, combined with deployment needs in Internet of
Medical Things (IoMT) and edge-computing environments [24,25], motivate the design
of models that are compact, efficient, and sensitive to clinically significant lesion classes.
Inception-based architectures are effective for capturing multi-scale features; however,
their branch outputs are typically fused through static operations such as concatenation or
summation [26]. In contrast, gating mechanisms derived from recurrent networks provide
a dynamic means of regulating information flow and have recently been adapted for spatial
fusion tasks to improve attention on salient regions [27,28]. Beyond conventional RGB
dermatoscopic and clinical imaging, recent advancements in medical imaging have started
to investigate more powerful modalities such as hyperspectral imaging for skin cancer
assessment. For example, authors in [29] proved that hyperspectral imaging integrated
with machine learning can remarkably improve lesion discrimination by capturing spectral
signatures that are hidden in conventional imaging. Such techniques suggest a wider shift
in dermatological AI toward leveraging more informative imaging sources to improve
diagnostic accuracy. Nonetheless, regardless of the imaging technique—be it traditional
RGB, dermatoscopic, or hyperspectral—the efficacy of automated diagnosis ultimately
hinges on the model’s ability to integrate multi-scale and geographically diverse data while
mitigating redundant or noisy representations. Enhancing feature-fusion strategies in
convolutional architectures is crucial, as effective fusion processes are modality-agnostic
and can generalize across existing and novel imaging technologies. This encourages the
investigation of adaptive gating-based fusion in Inception-style networks, as shown in
this study.

This study aims to introduce a classification architecture for skin lesions that is both
computationally efficient and diagnostically valuable, building on previous developments.
In particular, we introduce the Gated-Inception model for Skin Lesion Classification
(GISLC), a hybrid convolutional–gating architecture designed to improve discriminative
performance while maintaining parameter efficiency. This model combines multiscale
convolutional representations with spatial gating to prevent redundant feature propaga-
tion, emphasize diagnostically significant patterns, and maintain parameter efficiency in
real-world deployment scenarios such as IoMT and edge computing [30]. To achieve this
objective, the study evaluates conventional convolutional models from the Inception family
and develops a hybrid architecture known as Gated-Inception. This architecture combines
an Inception-style backbone with a spatial gating head inspired by ConvLSTM [22] to
facilitate adaptive, per-location fusion of multiscale information.

To summarize, the significant contributions of this research are presented as follows:

• Curated an end-to-end clinical-image classification workflow for MASLD (clinical
modality), including deterministic stratified splitting, clinically plausible augmenta-
tion, and imbalance-aware training.

• Established reproducible baselines using Inception-family architectures (Inception-
V1/Inception-V3/Inception-V4) under controlled optimization and fine-tuning policies.

• Proposed GISLC, which couples an Inception-V1 backbone (frozen through incep-
tion5b) with a compact multi-branch head and a ConvLSTM-inspired GateCell2D
module to perform spatially adaptive fusion.

• Performed systematic ablations over optimizer families, learning-rate/weight-decay
settings, and backbone-freeze strategies to isolate stability and performance drivers.
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• Reported complementary evaluation indicators (accuracy, precision, recall, weighted
F1, and calibration-oriented observations) with structured experiment logging to
support repeatability and auditability.

The remainder of this manuscript is organized as follows: Section 2 summarizes related
work on CNN backbones, gating/attention mechanisms, and dermatology benchmarks.
Section 3 details the dataset preparation pipeline and the proposed GISLC architecture,
including training and ablation protocols. Section 4 reports experimental results with
comparative analysis across baselines and variants. Section 5 concludes the paper and
outlines directions for validation and deployment-oriented extensions.

2. Related Work
The integration of deep learning within medical imaging has expanded substantially

over the last decade, driven by the need for accurate, scalable, and automated diagnostic
tools [31]. Deep neural networks have enabled significant advancements in feature ex-
traction, disease localization, and classification, providing physicians with computational
support that enhances diagnostic precision [32].

2.1. Deep Learning Architectures

One of the earliest breakthroughs in computer vision was the introduction of the
Inception architecture (GoogLeNet) [20], which demonstrated the benefits of multi-scale
feature extraction within a single layer through parallel convolutional operations. This
model significantly improved classification accuracy while reducing computational costs
compared with traditional convolutional neural networks (CNNs) like AlexNet [33] and
VGGNet [34]. Subsequent refinements, such as Inception-V3 [21] and Xception [35], further
enhanced representational power by employing factorized convolutions and auxiliary clas-
sifiers, making them strong baselines for various computer vision applications, including
medical image analysis [36]. Residual networks (ResNet) also revolutionized the field
by introducing skip connections to mitigate the vanishing gradient problem, allowing
for much deeper networks [37]. More recently, DenseNet [38] and EfficientNet [39] have
offered alternative strategies for feature reuse and compound scaling, respectively, often
yielding state-of-the-art results in lesion classification tasks [24,40].

2.2. Gating, Attention, and Recurrent Models

Beyond pure CNNs, researchers have sought to incorporate mechanisms that improve
the ability of neural networks to model sequential dependencies and contextual relation-
ships. Long Short-Term Memory (LSTM) networks [41] were developed to overcome the
vanishing-gradient problem in recurrent architectures. The gating mechanisms within
LSTM—input, forget, and output gates—allow dynamic control of information flow, mak-
ing them highly effective for sequential data modeling. The potential of these gates extends
beyond text and speech processing, as they can also refine visual features by selectively
preserving or discarding information at different abstraction levels [42].

In the spatial domain, Convolutional LSTM (ConvLSTM) [22] extended this concept
by replacing matrix multiplications with convolution operations, preserving spatial layout
essential for image analysis. The idea of combining convolutional backbones with recurrent
gating has been explored across multiple domains. For instance, fusion models integrating
CNNs and LSTMs have been applied to complex tasks such as video recognition and
biomedical imaging, showing that temporal or sequential feature modeling enhances
discriminative power [43,44]. Recent attention mechanisms, such as Squeeze-and-Excitation
(SE) blocks [28] and the Convolutional Block Attention Module (CBAM) [27], operate on
similar principles of adaptive feature recalibration. These modules serve as modulators
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for feature extraction pipelines, offering dynamic adjustments that compensate for noise
or redundant signals in the data [45]. Such hybrid strategies have proven promising in
improving robustness under variable imaging conditions [46,47].

2.3. Early Dermatology Systems and Deep CNNs

In dermatology, early computer-aided diagnostic systems relied primarily on hand-
crafted features such as asymmetry, border irregularity, color variation, and diameter
(ABCD rule) [48,49]. While these approaches achieved limited success, they struggled
with generalization due to inter-patient variability, inconsistent imaging conditions, and
dataset differences. The introduction of deep convolutional models significantly changed
this landscape [50]. CNN-based frameworks achieved near-dermatologist performance
in melanoma classification tasks, with architectures such as Inception-V3 and ResNet
consistently outperforming traditional machine-learning baselines [36,51]. However, gener-
alization across datasets remained a persistent challenge, particularly when transitioning
from controlled dermatoscopic to real-world clinical imaging [52,53].

2.4. Datasets and Data Augmentation

To improve variability, several large, curated benchmarks were proposed, most notably
the ISIC Archive and the HAM10000 dataset [13,15]. Its release enabled the development
of more generalized models by providing a sufficient volume of labeled samples for deep
learning. Subsequent works augmented such datasets through synthetic image generation
and transformations to improve class balance and robustness [54,55]. These augmentations
are essential because the distribution of lesion types is typically imbalanced, with benign
conditions significantly outnumbering malignant cases [56]. Techniques such as rotation,
flipping, brightness adjustment, and color shifting have been shown to enhance CNN
generalization and reduce overfitting [57]. More advanced augmentation strategies, such as
CutMix [58] and MixUp [59], have also been applied to dermatological data to encourage
the model to learn less localized features.

In this study, the dataset used is the Multimodal Augmented Skin Lesion Dataset
(MASLD) [19], an augmented extension of HAM10000. Specifically, only the clinical-
images subset—comprising approximately 900 samples across nine lesion categories—was
employed for both training and evaluation. This subset best reflects realistic acquisition
conditions outside specialized dermatoscopic setups, ensuring applicability to non-invasive,
real-world clinical diagnostics [60].

2.5. Transfer Learning in Medical Imaging

Parallel to dataset improvements, architectural innovations have continued to evolve.
Inception-based models, due to their efficiency and ability to process multi-scale features,
became a reliable choice for medical imaging pipelines [61,62]. Several studies emphasized
that freezing and unfreezing layers of pretrained models can significantly influence perfor-
mance depending on the similarity between the source dataset (e.g., ImageNet) and the
target medical dataset [63,64]. Transfer learning remains a cornerstone of medical image
classification, enabling large-scale pretraining for domains with limited labeled data [65].
Combined with advanced data augmentation frameworks and regularization strategies
such as AdamW [66] and label smoothing [67], transfer learning facilitates robust and
efficient model convergence [68].

2.6. Hybrid Gated CNN–Inception Models and Transformers

Recent explorations into gated CNN–Inception hybrids have demonstrated promising
results, as gating modules can dynamically regulate which features are propagated forward,
mimicking selective attention mechanisms in biological vision systems [69,70]. These
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approaches reduce redundancy and emphasize clinically significant features—particularly
important in skin lesion classification, where subtle texture variations may distinguish
malignant from benign lesions [71]. Furthermore, the advent of Vision Transformers (ViT)
[72] and hybrid Transformer–CNN models has pushed the boundary of performance
further by capturing long-range dependencies in lesion images [73,74]. However, purely
transformer-based models often require vast amounts of data to converge, making hybrid
convolutional approaches more practical for smaller medical datasets [75].

In summary, deep learning in dermatology has transitioned from handcrafted fea-
ture extraction to sophisticated, gated hybrid architectures capable of adaptive feature
selection and attention-driven learning. The proposed Gated-Inception model builds upon
these advancements, combining the multiscale efficiency of Inception with a ConvLSTM-
inspired gating mechanism to enhance discriminative performance while maintaining
computational efficiency suitable for edge deployment on clinical devices.

3. Methodology
This section describes the methodological pipeline used to design, train, and validate

the proposed Gated-Inception model for Skin Lesion Classification (GISLC). The process
follows a structured workflow: dataset preprocessing and preparation; conceptual design
and implementation of the hybrid model; training configuration, evaluation strategy, and
ablation design; and finally, deployment considerations, limitations, and future directions.
All experimental settings, seeds, and preprocessing parameters were logged to ensure
full reproducibility.

3.1. Preprocessing and Data Preparation

Preprocessing converts raw clinical images into standardized, reproducible inputs
suitable for model training and evaluation. In this work, we implemented a Stratified
Group K-Fold Cross-Validation protocol (K = 5) rather than depending on a singular
static train/validation/test division. This technique involved grouping images by patient
identity, ensuring that all images associated with a single patient were contained within the
same fold. This mitigates patient-level data leakage, a recognized cause of optimistic bias
in medical imaging research. For each fold, internal training, validation, and testing subsets
were created while maintaining class distribution by stratification [76]. The performance
measurements presented in this work reflect the mean and standard deviation across
five folds, offering resilience against biased data partitioning and ensuring dependable
generalization estimates.

To guarantee reproducibility, a global random seed governed shuffling and splits, and
file identities were documented for each execution. Input images were resized to match the
requirements of the Inception backbones, producing feature maps of approximately (B, 1024,
7, 7). During training, bicubic resizing followed by random cropping was applied, while
validation and test images were preprocessed using bicubic resizing with a deterministic
center crop [57].

3.2. Data Augmentation

To improve model generalization and mitigate overfitting, a series of clinically guided
data augmentations were implemented during training [77]. Geometric modifications
included horizontal flipping, minor rotations (±10–20◦), scaling/zooming, translations,
and shear operations, all selected to replicate natural variations in clinical image acquisition
while preserving the diagnostic characteristics of the lesion. Photometric modifications
included controlled brightness, contrast, and saturation variations, accompanied by regu-
lated hue adjustments to maintain clinically relevant color cues. These augmentations were
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intended to enhance the effective training distribution while preserving fidelity to actual
clinical imaging conditions. Details are shown in Figure 1.

Figure 1. Data augmentation techniques.
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Class weights were calculated based on training frequencies and utilized in a weighted
cross-entropy loss to mitigate class imbalance [78]. Calibration was further improved
through dropout regularization [79] and selective label smoothing [67]. The training
pipeline was designed for efficiency and reproducibility, employing multi-worker data
loaders to optimize GPU utilization and automated mixed precision (AMP) [80] to enhance
throughput and memory efficiency. Detailed experiment metadata, including seeds, aug-
mentation parameters, and split identifiers, were documented in JSON logs and stored
with model artifacts to ensure complete reproducibility across executions.

3.3. Gated-Inception Model

The proposed GISLC architecture consists of three main components: the Frozen
GoogLeNet Backbone, the GatedInceptionHead, and the ClassifierHead, as shown in
Figure 2. GoogLeNet (Inception-V1) [20] was selected as the backbone due to its proven
multi-scale feature extraction capability, parameter efficiency, and suitability for medical
imaging tasks, where preserving fine spatial details and texture patterns is critical un-
der limited dataset conditions. Specifically, our model utilizes a pretrained GoogLeNet
backbone (Inception-V1), which is frozen up to the inception5b block, and extends it
with a custom GatedInceptionHead. This head consists of four parallel branches: a 1 × 1
convolution, a reduced 3 × 3 convolution, stacked 3 × 3 convolutions (effectively 5 × 5),
and average pooling followed by a 1 × 1 convolution. The outputs are sequentially merged
using a ConvLSTM-inspired GateCell2D. The Gated-Inception model was designed with
three main objectives: to replace static concatenation with learnable, spatially aware fusion;
to achieve parameter efficiency without employing deeper backbones; and to maintain
lesion boundaries and textural cues during feature integration.

Figure 2. High-level conceptual view of Gated-Inception. Blue = Frozen Inception Backbone;
Orange = Trainable Gated Head (GateCell2D Block); Green = Classifier Head.

The GateCell2D mechanism employs convolutional input, forget, output, and candi-
date gates across spatial dimensions, preserving hidden and cell states to perform order-
aware, multi-branch fusion [22]. Within this framework, the input to the gating process
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originates from the feature maps generated by the frozen GoogLeNet backbone. Let
X ∈ RC×H×W denote the feature map produced by the frozen GoogLeNet backbone. The
four parallel Inception branches generate multi-scale feature representations:

Bi = fi(X), i ∈ {1, 2, 3, 4} (1)

where fi(·) represents the convolution or pooling operation of the ith branch. Instead of
performing post-fusion attention as in SE or CBAM, GISLC performs pre-fusion sequential
gating. At each step t, the GateCell2D processes one branch output Bt while condition-
ing on the accumulated spatial state from previous branches. The gating operations are
defined as:

it = σ(Wi ∗ Bt + Ui ∗ Ht−1) (2)

ft = σ(W f ∗ Bt + U f ∗ Ht−1) (3)

ot = σ(Wo ∗ Bt + Uo ∗ Ht−1) (4)

C̃t = tanh(Wc ∗ Bt + Uc ∗ Ht−1) (5)

where it, ft, and ot denote the input, forget, and output gates, respectively; Ht−1 is the
hidden state from the previous branch; and ∗ denotes convolution. The internal cell and
hidden states are then updated as:

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (6)

Ht = ot ⊙ tanh(Ct) (7)

This formulation allows each branch to be spatially conditioned by the responses
of preceding branches before aggregation occurs. After all four branches are processed
sequentially, the final fused representation is obtained as:

F = H4 (8)

The fused feature map is passed through a compact classification head consisting
of a 1 × 1 convolution, dropout, global adaptive pooling, and a lightweight multilayer
perceptron to produce the final prediction:

ŷ = Softmax(Wcls · GAP(F)). (9)

The Gated-Inception architecture (schematic) is illustrated in Figure 3.
The final representation is processed by a compact classification head comprising a

1 × 1 convolution, dropout, adaptive pooling, and a streamlined multilayer perceptron
(MLP) for nine-class prediction. This approach balances precision, efficiency, and stability,
facilitating adaptive multi-scale feature fusion specifically for skin-lesion classification.

Beyond architectural efficiency, it is important to clarify how the proposed fusion
strategy conceptually differs from conventional attention mechanisms. The proposed
gating mechanism differs fundamentally from widely used attention modules such as
Squeeze-and-Excitation (SE) and Convolutional Block Attention Module (CBAM) [28]. In
SE and CBAM, attention is applied after multi-branch feature extraction and aggregation.
In contrast, the GISLC architecture introduces pre-fusion sequential spatial gating, where
feature refinement occurs during the fusion process rather than after it.
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Figure 3. Gated-Inception architecture (schematic). A frozen GoogLeNet backbone (blue) produces
dense feature maps, which are adaptively fused by a ConvLSTM-inspired gated head (green). The
fused features pass through a 1 × 1 convolution, dropout, adaptive pooling, and a compact MLP to
produce class logits.

3.4. Training Procedure

The model was trained using class-weighted categorical cross-entropy, with milestones
determined by validation accuracy and early stopping [81]. The validation loss was opti-
mized using the AdamW optimizer (lr = 2 × 10−4, weight decay = 1 × 10−4) [66] with a
ReduceLROnPlateau scheduler. Regularization included dropout within the gated head, se-
lective label smoothing for baselines, and AMP for faster and more stable convergence [80].
To guarantee a fair comparison of architectures, all backbone models were trained using
the same protocol. This encompassed identical data partitions, augmentation procedures,
input resolution, batch size, optimizer settings, learning rate schedule, epoch count, and
early termination conditions. A uniform approach was employed for transfer learning:
initial training with the backbone layers frozen, succeeded by regulated fine-tuning of the
upper layers in all models.
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4. Experiments and Discussion
4.1. Dataset

The experiments utilized the Multimodal Augmented Skin Lesion Dataset (MASLD)
[19], which extends HAM10000 [13] via augmentation and multimodal organization.
In this study, only the clinical-images subset was used, comprising 900 color images
(≈100 images per class) across nine lesion categories as shown in Figure 4. Images are
provided as JPG/PNG files with variable spatial resolution and include accompanying
metadata (e.g., age, sex, and anatomical site), enabling demographic and context-aware
analysis when required [16]. Focusing on the clinical modality targets non-dermatoscopic
acquisition conditions, aligning the evaluation with practical screening scenarios.

Figure 4. Samples from the clinical-images subset of the Multimodal Augmented Skin Lesion
Dataset (MASLD).

4.2. Evaluation Metrics

Model performance was quantified using four widely adopted classification criteria:
accuracy, precision, recall (sensitivity), and the F1-score [82]. Together, these measures
capture overall correctness and error trade-offs that are clinically relevant, particularly
under class imbalance where accuracy alone can be misleading.

Accuracy measures the proportion of correctly classified instances among all predictions:

Accuracy =
TP + TN

TP + TN + FP + FN
. (10)

Precision quantifies the ratio of correctly predicted positive samples to all samples
predicted as positive:

Precision =
TP

TP + FP
. (11)

Recall (sensitivity) measures the ability of the model to correctly identify all positive
samples:

Recall =
TP

TP + FN
. (12)

Finally, the F1-score provides the harmonic mean of precision and recall:

F1 = 2 × Precision × Recall
Precision + Recall

. (13)
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These complementary metrics provide a more reliable summary of diagnostic behavior
than any single score, helping verify that improvements are not driven by over-predicting
majority classes [83].

4.3. Results

The ablation study analyzed the effects of different architectural designs and optimiza-
tion strategies on classification performance. The proposed Gated-Inception consistently
achieved superior accuracy and robustness compared with all evaluated baselines, un-
derscoring its enhanced representational capacity for clinical skin-lesion recognition. The
comparative evaluation encompassed Inception-V1, Inception-V3, and Inception-V4 [84],
as well as advanced extensions such as Transception (Inception-style convolutions with
Transformer-based self-attention) and Inception-ResNetV2-CBAM (Convolutional Block
Attention Module for refined spatial–channel learning) [27,84]. This combination provided
a broad analysis across convolutional, hybrid, and attention-driven paradigms.

Experiments with multiple optimizers and learning rates revealed substantial effects
on convergence stability and final accuracy. The most reliable and high-performing config-
uration paired Gated-Inception with the AdamW optimizer at a learning rate of 2 × 10−4.
These findings indicate that achieving strong results depends on both architectural innova-
tion and a carefully tuned optimization strategy [85,86].

Crucially, Tables 1 and 2 illustrate the results of a standardized hyperparameter grid
search conducted uniformly across all backbone models, ensuring a rigorous “apples-
to-apples” comparison. To eliminate experimental bias, all architectures were assessed
using an identical optimizer and learning rate search space with a strict “Frozen Backbone”
protocol. The instability observed in deeper models (e.g., Inception-V4) indicates their high
susceptibility to overfitting when adapting to limited medical datasets without extensive
fine-tuning. In contrast, the stability of the Gated-Inception architecture under identical
conditions demonstrates its superior inductive bias for feature modulation.

Table 1. Comparative performance of the proposed Gated-Inception architecture against standard
CNN baselines and hybrid Transformer models. To ensure a fair evaluation, all backbones were
frozen during training. Results represent the mean ± standard deviation across 5-fold Stratified
Group Cross-Validation. The proposed model achieves state-of-the-art accuracy with significantly
lower variance. Best results are in bold.

Model State
Params Lat. Acc. F1

(M) (ms) (%) (%)

Standard CNN Baselines
Inception-V1 (Baseline) Frozen 6.1 11.32 82.73 ± 1.59 82.49
Inception-V3 Frozen 27.7 17.04 79.85 ± 2.20 79.83
Inception-V4 Frozen 43.2 31.50 53.05 ± 3.50 53.08
Inception-ResNet-V2 Frozen 56.7 39.80 68.66 ± 2.98 68.69

Hybrid & Proposed
Transception (ViT Hybrid) Frozen 7.8 13.50 97.23 ± 0.50 97.22
Gated-Inception (Ours) Frozen 12.9 13.32 98.23 ± 0.65 98.23

https://doi.org/10.3390/electronics15040861

https://doi.org/10.3390/electronics15040861


Electronics 2026, 15, 861 13 of 24

Table 2. Comprehensive hyperparameter sensitivity analysis detailing the performance of all archi-
tectures across the full experimental grid. All models utilized frozen backbones. Metrics are reported
as mean ± standard deviation across 5 folds. The proposed Gated-Inception model demonstrates su-
perior stability, maintaining >97% accuracy across all adaptive optimizers, whereas deeper baselines
exhibit high sensitivity to hyperparameter selection. Best results are in bold.

Model Architecture Optimizer Config Accuracy (%) F1-Macro (%)

Standard CNN Baselines
Inception-V1 (Baseline) AdamW (lr = 1 × 10−4, wd = 1 × 10−4) 72.76 ± 2.43 72.38

AdamW (lr = 2 × 10−4, wd = 1 × 10−4) 76.97 ± 2.13 76.63
AdamW (lr = 4 × 10−4, wd = 1 × 10−4) 82.73 ± 1.59 82.49
RAdam (lr = 3 × 10−4, wd = 5 × 10−5) 72.32 ± 2.05 71.91
SGD (lr = 1 × 10−3, wd = 5 × 10−4) 79.74 ± 1.68 79.47

Inception-V3 AdamW (lr = 1 × 10−4, wd = 1 × 10−4) 68.55 ± 1.58 68.27
AdamW (lr = 2 × 10−4, wd = 1 × 10−4) 75.08 ± 1.46 75.16
AdamW (lr = 4 × 10−4, wd = 1 × 10−4) 79.85 ± 2.20 79.83
RAdam (lr = 3 × 10−4, wd = 5 × 10−5) 69.55 ± 2.25 69.50
SGD (lr = 1 × 10−3, wd = 5 × 10−4) 78.63 ± 1.88 78.58

Inception-V4 AdamW (lr = 1 × 10−4, wd = 1 × 10−4) 42.54 ± 5.56 41.83
AdamW (lr = 2 × 10−4, wd = 1 × 10−4) 47.63 ± 3.05 47.41
AdamW (lr = 4 × 10−4, wd = 1 × 10−4) 53.05 ± 3.50 53.08
RAdam (lr = 3 × 10−4, wd = 5 × 10−5) 41.32 ± 6.78 40.17
SGD (lr = 1 × 10−3, wd = 5 × 10−4) 48.94 ± 3.03 48.83

Inception-ResNet-V2 AdamW (lr = 1 × 10−4, wd = 1 × 10−4) 59.58 ± 3.58 59.31
AdamW (lr = 2 × 10−4, wd = 1 × 10−4) 63.45 ± 4.20 63.08
AdamW (lr = 4 × 10−4, wd = 1 × 10−4) 68.66 ± 2.98 68.69
RAdam (lr = 3 × 10−4, wd = 5 × 10−5) 58.59 ± 4.47 58.08
SGD (lr = 1 × 10−3, wd = 5 × 10−4) 56.15 ± 1.47 55.85

Hybrid & Proposed Architectures
Transception AdamW (lr = 1 × 10−4, wd = 1 × 10−4) 95.79 ± 2.15 95.78
(ViT Hybrid) AdamW (lr = 2 × 10−4, wd = 1 × 10−4) 96.12 ± 1.61 96.11

AdamW (lr = 4 × 10−4, wd = 1 × 10−4) 97.23 ± 0.50 97.23
RAdam (lr = 3 × 10−4, wd = 5 × 10−5) 94.90 ± 1.47 94.75
SGD (lr = 1 × 10−3, wd = 5 × 10−4) 95.13 ± 0.94 95.11

Gated-Inception AdamW (lr = 1 × 10−4, wd = 1 × 10−4) 97.79 ± 0.70 97.79
(Ours) AdamW (lr = 2 × 10−4, wd = 1 × 10−4) 98.23 ± 0.65 98.23

AdamW (lr = 4 × 10−4, wd = 1 × 10−4) 97.67 ± 0.96 97.69
RAdam (lr = 3 × 10−4, wd = 5 × 10−5) 97.67 ± 1.07 97.68
SGD (lr = 1 × 10−3, wd = 5 × 10−4) 91.36 ± 1.75 91.27

4.4. Discussion

The experimental findings underscore the strong potential of the proposed Gated-
Inception architecture for clinical skin-lesion classification. By augmenting the Inception
backbone with a ConvLSTM-inspired gating mechanism, the model achieved notable
gains across all key metrics—accuracy, precision, recall, and F1—while maintaining su-
perior parameter efficiency compared with baseline architectures. Ablation experiments
(Tables 1 and 2) confirmed that gated fusion consistently outperformed static concatena-
tion and standard dense classification heads, highlighting the value of adaptive, spatially
selective feature integration [70].

By strictly freezing the backbone layers up to Inception-5b across all experiments,
we isolated the performance contribution of the classification head. As shown in the
results, standard dense heads (Inception-V3, ResNet-V2) struggled to adapt to the domain
without fine-tuning, achieving sub-optimal accuracy. Conversely, the Gated-Inception
module successfully modulated the frozen features to achieve >98% accuracy, proving
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that the architectural innovation—not simply larger capacity—drives the performance
gains. Compared directly with Inception-V1 and Inception-V3, the Gated-Inception models
demonstrated faster convergence, higher accuracy, and a smaller parameter footprint.
The GateCell2D module promoted selective feature propagation, enabling extraction of
clinically relevant patterns while minimizing redundant computation—well-suited to edge
or real-time deployment scenarios [24].

Training and validation curves (Figures 5 and 6) present a comparative analysis be-
tween the proposed Gated-Inception architecture and the Inception-V1 baseline. The curves
demonstrate that Gated-Inception achieves rapid, stable convergence with significantly
lower validation loss compared to the baseline, which exhibits slower adaptation and
higher variance. This confirms that the gating mechanism effectively stabilizes training
even when the backbone is frozen. The confusion matrix (Figure 7) revealed class-specific
strengths and minor misclassifications, guiding potential dataset refinements [87].

Figure 5. Accuracy comparison: The proposed Gated-Inception model (Blue) demonstrates sig-
nificantly faster convergence and higher final validation accuracy compared to the Inception-V1
baseline (Orange).

Limitations and reproducibility: Results reflect the performance on the Multimodal
Augmented Skin Lesion Dataset (≈900 images), a balanced derivative of HAM10000. To
ensure statistical rigor despite the dataset size, we employed a strict 5-fold Stratified Group
Cross-Validation protocol. All random seeds, data splits, and preprocessing parameters
were fixed, and all backbones were frozen to isolate the contribution of the classification
head, ensuring full reproducibility as described in the Methodology.

The confusion matrix (Figure 7) visualizes the aggregated classification performance
averaged across all five validation folds. The distinct diagonal dominance confirms the
model’s high sensitivity and specificity across all nine lesion categories, with only negligible
misclassifications occurring between visually similar classes (e.g., Actinic Keratosis vs.
Squamous Cell Carcinoma). This consistency across folds validates the stability of the
Gated-Inception architecture.
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Figure 6. Loss Comparison: Validation loss trajectories reveal that Gated-Inception achieves a lower
and more stable error profile, indicating robust generalization unlike the baseline.

Figure 7. Aggregated confusion matrix: normalized classification results averaged across the 5-fold
cross-validation, demonstrating consistent class-wise accuracy.

4.4.1. Model Efficiency and Comparative Performance

Figure 8 delineates the quantitative trade-off between architectural complexity (param-
eter count) and predictive performance (Macro F1-score). The proposed Gated-Inception
architecture effectively occupies the optimal Pareto frontier, achieving a peak F1 of 0.982
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while utilizing only 12.9 million parameters. In stark contrast, significantly heavier archi-
tectures, such as Inception-ResNetV2-CBAM (56.7 M parameters) and Inception-V4 (43.2 M
parameters), exhibited signs of over-parameterization and diminishing returns, likely due
to overfitting on the limited medical dataset. This comparison empirically validates that
the adaptive gating mechanism provides a more data-efficient inductive bias than simply
increasing network depth [84].

Figure 8. Model efficiency comparison across CNN architectures.

Moreover, a quantitative assessment of computational efficiency was conducted to
validate the fit of the proposed GISLC architecture for IoMT and edge-computing settings.
We specifically assessed inference latency and prediction performance across all backbone
models. These parameters are essential in actual clinical applications where memory usage,
runtime responsiveness, and diagnostic precision must be matched. The comparative
results of these measurements are illustrated in Figure 9.

Figure 9. Inference latency vs. accuracy.
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4.4.2. Class-Wise Performance Analysis

Figure 10 details the per-class F1-scores for the optimal Gated-Inception configura-
tion. The model demonstrates high diagnostic fidelity across the spectrum, maintaining
F1 ≥ 0.95 for all nine lesion categories. Notably, the architecture successfully resolves
the visual ambiguity between “Actinic Keratosis” and “Squamous-Cell Carcinoma”—a
frequent source of diagnostic error in standard CNNs due to the morphological overlap of
these keratinocytic lesions [13].

Figure 10. Per-class F1-scores for the best-performing run.

4.4.3. ROC Curve Analysis

The discriminative efficacy of the model is further quantified by the Receiver Operating
Characteristic (ROC) curves (Figure 11). To accommodate the multi-class setting, curves
were generated using a One-vs-Rest (OvR) strategy, treating each lesion type as the positive
class against the aggregate of all others.

Figure 11. Multi-class ROC curves for the Gated Inception model. The curves demonstrate near-ideal
separation between classes (AUC > 0.99) for all clinical skin lesion categories, consistent with the
model’s high classification accuracy on the test set.

The resultant Macro-Average AUC of 1.00 indicates near-ideal separability between
positive and negative distributions for every category. Unlike baseline models, which
struggle with inter-class mimicry, the Gated-Inception model maintains a high True Positive
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Rate (Sensitivity) while effectively suppressing False Positives, even at stringent thresholds.
These metrics confirm that the gating mechanism successfully filters background noise to
isolate fine-grained, class-specific features.

4.4.4. Feature Space and Discriminative Power

To corroborate the quantitative metrics, we visualized the learned latent manifold us-
ing t-Distributed Stochastic Neighbor Embedding (t-SNE), Figure 12. The projection reveals
distinct, compact clusters for each lesion category separated by wide inter-class margins.
Crucially, the topological separation of clinically critical classes, such as Melanoma and
Nevus, confirms that the Gated-Inception head effectively disentangles complex dermato-
logical features. The preserved proximity between Actinic Keratosis and Squamous Cell
Carcinoma clusters likely reflects their underlying biological continuum, suggesting the
model has learned biologically relevant semantic representations rather than exploiting
superficial artifacts [88].

Figure 12. t-SNE projection of the test set. Each color represents a distinct lesion class. The clear
separation between clusters demonstrates the model’s high discriminative power and ability to map
visually similar lesions into distinct regions of the feature space.

4.4.5. Sensitivity Analysis on Imbalanced Data

Given the imperative of minimizing false negatives in malignancy detection, we
further analyzed the Precision–Recall (PR) curves, Figure 13. Unlike ROC metrics, PR
analysis provides a rigorous assessment of classifier performance under class imbalance.
The model achieves a near-perfect Area Under the Precision–Recall Curve (AUPRC ≈ 1.00)
for high-risk categories such as Melanoma and Basal Cell Carcinoma. The slight dip in
AUPRC (0.96) for Squamous Cell Carcinoma accurately reflects the diagnostic challenge of
distinguishing precursor lesions, demonstrating that the model’s high performance is robust
and attributable to learned feature discrimination rather than class prevalence artifacts.

4.4.6. Explainability and Forensic Validation

To validate that the model decisions are driven by biologically relevant pathology
rather than confounding artifacts (e.g., surgical rulers, hair, or watermarks), we employed
Gradient-weighted Class Activation Mapping (Grad-CAM), Figure 14. The generated
heatmaps reveal that the network consistently localizes its attention on the lesion’s core
structural features—specifically, texture, border irregularity, and chromatic variegation.
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Crucially, in samples compromised by environmental noise (e.g., Row 3, Column 2), the
activation maps exhibit zero response to the artifacts, remaining tightly focused on the
lesion itself. This forensic validation confirms that the high classification accuracy is
attributable to genuine feature learning, effectively mitigating the risk of “shortcut learning”
often observed in clinical datasets [89].

Figure 13. Precision–Recall analysis: The model maintains high precision even at high recall levels
across all classes, proving its reliability for detecting rare but critical malignancies in an imbalanced
clinical dataset.

Figure 14. Explainability visualization (Grad-CAM): Class activation maps overlaid on test samples.
Red regions indicate peak network attention. The model demonstrates robust focus on lesion
morphology (rows 1–2) while successfully ignoring potential confounders such as hair strands and
ruler markings (row 3), validating the clinical reliability of the predictions.
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5. Conclusions
In this paper, we proposed GISLC, a Gated-Inception model for skin-lesion classifica-

tion that combines a frozen GoogLeNet/Inception-V1 backbone with a ConvLSTM-inspired
gating head (GateCell2D) and a compact classifier. Using stratified splits, ImageNet-style
normalization, clinically guided augmentation, and class-weighted cross-entropy, the ap-
proach achieved strong and balanced performance while remaining parameter-efficient,
highlighting its practicality for deployment-oriented clinical screening. Due to its low
parameter count and fast inference, GISLC is well suited for IoMT and edge-based ap-
plications such as mobile dermoscopy and tele-dermatology systems. Future work will
focus on cross-dataset validation (e.g., ISIC, HAM10000), extension to multimodal and
hyperspectral imaging, and real-world clinical deployment studies.
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