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Abstract

In order to solve the problems of insufficient medical image feature extraction, high clas-
sification accuracy, and computational complexity in automatic diagnosis of skin lesions
in the edge computing environment, this paper proposes a real-time pseudo-multimodal
low-delay diagnosis framework, SCGViT, based on a vision transformer. The framework is
constructed around three functional objectives: mitigating data imbalance through genera-
tive modeling, capturing diverse representations via multi-dimensional perception, and
optimizing feature fusion through adaptive refinement. Firstly, using Class-Conditioned
Generative Adversarial Networks (CGANs) simulates manifolds of minority class samples
in latent space, achieving preliminary balance of data distribution. Secondly, a branch
feature-extraction path is constructed to simulate inversion (INV) and infrared (IR) modes
in the original visual primary color mode (RGB), in order to achieve multi-dimensional
perception. Finally, a cross-attention mechanism is combined for cross-branch feature
aggregation, and a channel-attention mechanism (squeeze and excitation) is embedded
for secondary refinement of the mixed global local features to enhance the representation
ability of key pathological regions by integrating complementary structural and contrast
information. The experimental results on the HAM10000 dataset showed that the F1 score
reached 0.973, the inference speed reached 304.439 FPS, the parameter count was only
0.524 M, and the computational complexity was only 0.866 G FLOPs, achieving a balance
between high accuracy and light weight.

Keywords: vision transformer; skin lesion; multi-dimensional perception;
channel-attention mechanism

1. Introduction
Skin cancer is one of the most common malignant tumors globally, with over 3 million

new cases reported annually. The 5-year survival rate for malignant melanoma patients
is over 99% in the early stages, but only 15% in advanced stages, making accurate early
diagnosis crucial for improving patient survival rates [1]. Traditional diagnosis relies on
visual examination by dermatologists and pathological biopsy, which is time-consuming,
labor-intensive, and limited by the doctor’s experience level; the shortage of professional
dermatologists in primary healthcare institutions and remote areas further exacerbates
diagnostic delays [2]. With the development of portable medical devices and edge com-
puting technology, real-time on-site diagnosis of skin lesions has become a promising
solution. Edge computing supports local data processing, avoiding the privacy risks of
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uploading sensitive medical data to the cloud, while also reducing reliance on network
bandwidth [3]. However, edge devices have inherent constraints, including limited com-
puting power, memory, and battery capacity, requiring diagnostic models to be lightweight,
low-latency, and energy-efficient. The most commonly used input for existing models
is single-modal RGB images, but RGB images are susceptible to variations in lighting,
similarities in lesion morphology, and color distortion, leading to insufficient feature rep-
resentation and poor generalization ability. Multimodal data [4], such as RGB, IR, and
INV, can provide complementary lesion information and improve diagnostic robustness.
However, existing multimodal fusion methods, such as early concatenation and late fusion,
either ignore inter-modal correlations or have high computational complexity. Lightweight
visual transformers combine the local feature-extraction capabilities of convolutional neural
networks (CNNs) with the global feature modeling advantages of transformers, achieving
a balance between performance and efficiency. CGANs have shown significant potential in
medical image enhancement, effectively mitigating data scarcity problems [5]. However,
how to integrate these technologies into a unified framework to achieve edge-friendly
multimodal skin lesion diagnosis remains an unresolved challenge. This article proposes
the SCGViT model, a pseudo-multimodal low-latency framework for real-time skin lesion
diagnosis, demonstrating high computational efficiency, making it highly compatible with
the resource constraints of edge-based hardware. The main contributions are as follows:

1. This article extends the MobileViT architecture to pseudo-multimodal inputs and de-
signs a branch-specific feature extractor with learnable weights. This design achieves
collaborative modeling of local texture and global long-range dependencies of skin le-
sions while maintaining low computational complexity (with only 0.524 M parameters
and 0.866 G FLOPs), achieving high inference efficiency.

2. The added cross-attention module enhances directional features through asymmetric
fusion strategy. This module guides the effective injection of auxiliary branch IR and
INV information through RGB visual features. Compared with traditional simple
concatenation or weighted summation, it can more accurately capture complementary
pathological information between different branches.

3. The framework, as a multitasking structure, introduces a self-supervised genera-
tor to perform adversarial training. By generating interference samples, the classi-
fier is forced to learn more fundamental pathological features, reducing reliance on
surface artifacts.

4. Auxiliary classification heads are deployed at the end of each branch extractor, enforc-
ing the discriminative ability of single branch features through deep supervision loss.

2. Related Work
Early skin lesion diagnosis systems primarily relied on traditional CNN architectures,

such as ResNet, Inception, and DenseNet. These models achieved significant accuracy on
standard HAM10000 or ISIC datasets by learning the color, texture, and structural features
of images. However, these models are typically designed for large-scale servers, with a
huge number of parameters and high inference latency. To improve the models’ ability to
capture global contextual information, vision transformers (ViTs) and their variants have
been introduced into the field of medical imaging.

Since its introduction, MobileViT has been applied to skin disease diagnosis and de-
tection by researchers worldwide. This paper summarizes some of the published research
results in skin lesion image classification by researchers in this field. In 2017, a joint team
from the Department of Electrical Engineering and Dermatology at Stanford University,
USA [6], published research in Nature detailing the training of a model based on a deep
CNN using 129,000 clinical images covering 2032 diseases. In binary classification tasks
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of keratinocyte carcinoma vs. benign seborrheic keratosis, and malignant melanoma vs.
benign nevus, they achieved diagnostic performance comparable to 21 certified dermatolo-
gists, demonstrating, for the first time, the great potential of deep learning in automatic
skin cancer classification. In 2022, research in this field focused on model architecture
optimization and attention-mechanism integration. The Department of Electronic Design
at Mid Sweden University and the Department of Industrial Engineering at the University
of Salerno, Italy [7] collaborated to propose a CNN–transformer hybrid model, combining
the focal loss functions to alleviate the class imbalance problem in the ISIC 2018 dataset,
effectively improving the generalization ability of skin lesion classification; the School of
Mechanical Engineering at Quzhou University and the School of Mechanical Engineering
at Hangzhou Dianzi University, China [8], proposed SEACU-Net, integrating squeeze-and-
excitation (SE) layers and attention ConvLSTM into the U-Net architecture, optimizing the
accuracy of skin lesion segmentation; the School of Information Science and Engineering
at Yunnan University [9] enhanced the feature-extraction capabilities of lesion images
through the combination of dense dilated spatial pyramid pooling and attention mecha-
nisms; and the School of Information Engineering and Automation at Kunming University
of Science and Technology [10] proposed a classification model based on the DSception
module and attention mechanism, providing a new feature-extraction approach for skin
disease recognition. From 2023 to 2025, research further expanded to model fusion and
multimodal technologies. A team proposed a fusion model based on DenseNet201 and
ConvNeXt_L [11], incorporating efficient channel-attention modules, achieving accura-
cies of 96.54% and 95.29% on a private acne dataset and the public HAM10000 dataset,
respectively. Another team constructed an integrated model of EfficientNetV2S and Swin-
Transformer [12] achieving an accuracy of 99.10% on the HAM10000 dataset after data
augmentation. The SkinSavvy2 system developed by Skin Savvy [13] in the United States
integrates EfficientNetV2, Swin Transformer, and GPT models, combining personalized
factors to provide classification results and care recommendations, enhancing the clinical
applicability of the technology [14].

Recent research in dermoscopic image analysis has increasingly shifted toward
resource-efficient transformer architectures. To capture intricate pathological details,
Xu et al. [15] introduced Skinformer, which learns statistical texture representations specifi-
cally for skin lesion analysis. To address the computational bottlenecks of traditional Vision
Transformers, Mehta and Rastegari [16] proposed MobileViTv2, leveraging separable self-
attention to achieve high diagnostic performance on mobile-class hardware. Furthermore,
Touvron et al. [17] demonstrated that distillation-based structural optimizations can signifi-
cantly improve data efficiency, a crucial factor when training transformers on specialized
medical datasets. The challenge of class imbalance in dermatological datasets has prompted
the development of sophisticated generative and augmentation techniques. You et al. [18]
proposed class-aware generative transformers to stabilize decision boundaries in long-tailed
medical distributions. Complementing these architectural gains, Khan et al. [19] developed
a mobile-friendly transformer specifically for skin lesion diagnosis, while Su et al. [20]
introduced a GAN-based data augmentation method to mitigate the scarcity of minor-
ity lesion classes in multi-class classification tasks. To ensure feasibility for on-device
medical diagnostics, recent studies have focused on robustness and extreme parameter
efficiency. Zhang et al. [21] developed DermViT, a diagnosis-guided vision transformer
tailored for efficient skin lesion classification. To further optimize models for edge de-
ployment, Walczak et al. [22] proposed BitMedViT, which utilizes ternary quantization to
enable medical AI assistants on resource-constrained devices. Finally, comparative analyses
of hybrid transformer–CNN frameworks [23] have highlighted their ability to balance local
feature extraction with global context modeling on the HAM10000 benchmark.
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Although the above studies have made progress in their respective fields, there is
currently a lack of a unified framework that can simultaneously address the triple challenges
of edge deployment efficiency, multimodal complementary fusion, and feature robustness.
High-performance ViT models have high computational costs, while lightweight models
are usually limited to single-modal input or employ simple fusion mechanisms. Therefore,
this paper proposes SCGViT, a low-latency diagnostic system that integrates the lightweight
MobileViT, learnable cross-attention fusion, and CGAN-enhanced multi-task learning into
a single framework.

3. Proposed Framework
3.1. Overview of the Overall Architecture

The proposed SCGViT framework aims to solve the two bottlenecks faced by automatic
diagnosis of skin lesions in the edge computing environment: (1) the data scarcity and
long-tail distribution that compromise the model’s sensitivity to minority classes and
(2) the representational insufficiency of unimodal RGB data, which struggles to encapsulate
the multifaceted characteristics of pathological structures.

MobileViT has shown a good ability to achieve a balance between detection accuracy
and computational efficiency in single model recognition. MobileViT adopts a multi-stage
feature-extraction structure, which includes a stem layer, multi-stage feature-extraction
module, global pooling layer, and classification layer from input to output, providing a solid
foundation for solving lightweight and low-latency issues. On the basis of this architecture,
SCGViT introduces CGANs, SE, and cross attention to systematically implement three
key aspects: pseudo-multimodal input and feature extraction, adversarial training, and
asymmetric fusion strategy for directional feature enhancement. As shown in Figure 1, the
SCGViT framework consists of three interconnected stages.

Figure 1. Overall architecture of the proposed SCGViT framework for skin lesion classification.

Firstly, the input image is processed through the CGAN module and then combined
with the original image for preliminary image sample equalization. Secondly, three branch
feature-extraction paths are constructed to simulate the original visual RGB, INV, and IR,
and cross attention is used to achieve cross data information exchange. Finally, SCG block
and SE block are used to enhance the representation ability of key pathological regions.
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3.2. Residual CGAN for Generative Data Balancing

The HAM10000 dataset exhibits a significant “long-tail” distribution [15], where
the majority classes tend to dominate the loss function, potentially leading to biased
classification. To address this issue, we designed a generative model based on residual
learning. Unlike traditional over-sampling or focal loss, which often lead to overfitting
by repeatedly presenting identical minority samples or overemphasizing hard pixels,
our CGAN-based approach generates novel feature representations by simulating the
latent manifold of minority classes. This mechanism serves as a form of implicit data
augmentation that enhances the structural diversity of the training set, rather than merely
adjusting class-specific weights. The detailed structure is shown in Figure 2.

Figure 2. Architecture of the proposed residual CGAN. The dashed arrows represent the adversarial
feedback path from the discriminator to the generator.

Firstly, there is noise input and initial encoding. Starting from random noise (input
noise), feature mapping is performed through the encoder of the generator (G). The encoder
is composed of three layers stacked to convert one-dimensional noise vectors into high-
dimensional feature tensors. At the same time, convolutional layers are used to capture
local patterns, the BN layer is stably trained, and the ReLU layer introduces nonlinearity
to provide basic feature expressions for subsequent generation. Next is residual learning
and feature reconstruction. The encoded features enter the residual learning layer and are
upsampled through transpose convolution (restoring spatial dimensions). At the same
time, residual connections preserve shallow details (such as texture and boundaries of
skin lesions) to avoid information loss in deep networks, gradually reconstructing high-
dimensional features into feature maps that match the size of real skin lesion images. Finally,
the reconstructed feature map is output and connected to the discriminator (D) for true false
judgment. The output of the discriminator is then passed back to the generator, forcing it to
continuously optimize the parameters of encoding, residual learning, and other modules.
Ultimately, the generator generates samples that are consistent with the distribution of real
skin lesion images, achieving data augmentation to alleviate the class imbalance problem
in the skin lesion dataset. To ensure precise control over the balancing process, we employ
a CGAN architecture. The number of synthetic samples generated for each minority class is
determined by its specific imbalance degree: 500 for akiec, 600 for bcc, 300 for bkl, 800 for df,
400 for mel, 200 for nv, and 700 for vasc. To maintain the causal integrity of feature learning,
we implement a phased training schedule, the first 10 epochs utilize only real samples to
establish a reliable baseline of clinical features. Subsequently, synthetic and real samples
are integrated per batch at a fixed mixing ratio of 3:7. Furthermore, a real-time artifact
filtering mechanism is applied, where any synthetic sample with a quality score (derived
from the discriminator) below 0.7 is discarded. We also use the Inception score to ensure
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that the distribution similarity remains high and that visible artifacts are controlled within
a 10% threshold. The generation results are visualized in Figure 3. Figure 3 shows that
parts of synthetic samples generated by our CGAN maintain high morphological similarity
to authentic clinical images across multiple classes.

 

Figure 3. Representative examples of real vs. CGAN-generated skin lesion images.

Furthermore, as demonstrated in Figure 4, our real-time filtering mechanism suc-
cessfully identifies and excludes low-quality samples with visible artifacts (scores < 0.7).
This rigorous quality control ensures that the augmented dataset contributes genuine
pathological features rather than distribution-driven noise.

 

Figure 4. Visual comparison of real dermoscopic image and CGAN-generated samples with different
quality scores.

The equilibrium process of overall generation can be described as a game problem,
and its objective function LGAN is defined as follows:

min
G

max
D

V(D, G) = Ex∼pdata(x)[log D(x)] + Ez∼pz(z)[log(1 − D(G(z)) )] (1)

where V(D, G) is the value function that quantifies the game state between the two, D(x)
is the output of the discriminator on the real sample x, x is the real image, and z is the noise
vector that follows the prior distribution pz. Unlike traditional direct generation methods,
the core of residual learning is to let the network only learn the difference between the
synthesized image and the reference distribution. Residual blocks pass shallow features to
deep layers through identity mapping, and their output Xout can be expressed as

Xout = σ(BN(Conv(σ(BN(Conv(xin)))))) + Xin (2)

where Xin is the input feature map of the module, while Xout is the output feature map
of the module. Conv is the convolution operation and BN is batch normalization used
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to accelerate training, suppress overfitting, and standardize convolutional outputs. The
schematic diagram is shown in Figure 5.

Figure 5. Detailed structure of the residual block. The dashed arrow represents the shortcut connec-
tion that performs identity mapping, allowing the original input information to be directly added to
the output of the convolutional layers.

The input of the module is the feature tensor Xin, which is first processed through
the 3 × 3 Conv, BN layer, and ReLU layer. After the first layer, the residual feature F(X) is
obtained through 3 × 3 convolution and BN. Identity mapping directly passes the original
input Xin to subsequent layers, and then adds the residual feature element-by-element to
the original input. Finally, ReLU activation is performed to obtain the output Xout of the
module. By utilizing the difference between input and output, the details of the original
input are preserved, while making it easier for the gradient of the deep network to be
transmitted, avoiding slower parameter updates as the depth increases during training.

3.3. Multi-Branch Cross-Attention Fusion Mechanism

A single RGB image often fails to provide sufficient differentiation criteria when facing
complex lighting, hair occlusion, or lesions with colors close to the skin color. To address
this, we define the input space as a pseudo-multimodal configuration. The primary source
is RGB dermoscopy images, we decompose them into three different feature representations:
RGB, INV, and a luminance-based IR-simulated branch, to simulate a multi-perspective
feature-extraction environment. This approach enables the model to learn complementary
features that are typically coupled within a single RGB channel. Specifically, INV branch
(FINV) is generated by the linear transformation:

FINV = LMAX − FRGB (3)

where LMAX represents the maximum intensity level of the color space, and FRGB denotes
the original pixel intensity vector. In clinical dermatology, the INV representation enhances
the visual contrast between the lesion’s morphological structures and the peripheral healthy
tissue. By mapping the original pixels to their logical opposites, the FINV branch effectively
highlights the negative space of the lesion, assisting the model in capturing critical geo-
metric features such as asymmetry and border irregularity that may be obscured by dark
pigmentation in the RGB channel. The IR branch (FIR) simulates the high-penetration char-
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acteristics of infrared light by extracting the luminance intensity from the long-wavelength
components, calculated as

FIR = α · R + β · G + γ · B (4)

where R, G, and B represent the pixel intensities of the red, green, and blue channels,
respectively. The parameters α equals 0.298, β equals 0.587, and γ equals 0.114 are fixed
weighting coefficients. IR branch (FIR) is a simulated intensity representation derived from
RGB channels to emphasize structural information. By applying the specified weighting
coefficients (α, β, and γ), this branch serves as a structural texture enhancer. It effectively
suppresses surface color variations and highlights consistent morphological patterns across
different lighting conditions, providing the model with a filtered view of the lesion’s internal
structural density. By explicitly defining FINV and FIR, we force the model to perform
“cross-branch alignment.” The INV branch focuses on boundary geometry, while the IR
branch focuses on internal structural density. This enables the subsequent cross-attention
mechanism to dynamically weigh which “modality” is more reliable for a specific lesion.

To this end, a multi-branch cross-attention fusion mechanism is added, and its detailed
structure is shown in Figure 6.

Figure 6. Detailed workflow of the multi-branch cross-attention fusion. The dashed arrows repre-
sent the cross-attention mechanism between different feature branches, illustrating the information
interaction and fusion path.

The module takes the RGB main mode feature FRGB as the core, first mapping it
to the query vector Q through the projection matrix WQ; at the same time, auxiliary
mode features such as infrared FIR and inverse FINV are concatenated into FAux, and
then mapped to the key vector K and value vector V through WK and WV, respectively;
then, the similarity between Q and K is calculated and the attention weight is obtained
through Softmax, and V is weighted and summed to finally output the feature Ffinal that
integrates the core information of the main mode and the complementary information of
the auxiliary mode. Through this process, dynamic allocation of different branch weights is
achieved: when the RGB image boundary is blurred, the attention mechanism is designed
to adaptively redistribute weights, prioritizing discriminative feature maps that contribute
significantly to the classification task. This semantic-guided fusion approach is more
effective in suppressing noise and extracting complementary information across branches.
The formula for its space is

Q = WQFRGB (5)

where the Q cross-attention query vector represents the information retrieval requirements
of the main modality, WQ is a learnable projection matrix used to map the main branch
features to the query vector Q, and FRGB is the RGB main branch feature, which is the core
reference benchmark for fusion.

K = WKFAUX (6)

where K is the key vector of cross attention, representing the information label of the
auxiliary branch, used to calculate the correlation with Q; WK is a learnable projection
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matrix used to map auxiliary branch features into key vectors K; and FAux is an auxiliary
branch concatenation feature.

V = WVFAUX (7)

where V is the value vector of cross attention, representing the information content of the
auxiliary branch and WV is a learnable projection matrix used to map auxiliary branch
features into a value vector V.

Attention(Q, K, V) = So f tmax
(

QKT
√

dk

)
V (8)

where attention (Q, K, V) is the output feature of cross attention, which is an intermediate
feature that combines the information of the main and auxiliary branches, QKT is the dot
product of Q and K, used to calculate the information correlation between the main and
auxiliary branches, and dk is the dimension of the key vector K.

Ff inal = ∑
m∈{RGB,IR,Ino}

αm · Fm (9)

where The final multi-branch fusion feature of Ffinal integrates key information from the pri-
mary and auxiliary branches and αm is the attention weight of the mth branch, representing
its importance level, the original features of the mth mode of Fm.

3.4. SCG-SE Blocks: Feature Recalibration and Global Modeling

In order to meet the real-time requirements of edge devices, this paper adopts a
hybrid feature modeling scheme and embeds a channel-type attention mechanism in it.
In order to coordinate local and global features, we first use a 3 × 3 depth separable
convolution to obtain spatial local biases. Subsequently, the feature map is flattened into
a sequence and long-range dependencies between pixels are constructed using the self-
attention mechanism of the transformer architecture. Then, the local and global features are
effectively concatenated in the channel dimension through 1 × 1 convolution. This hybrid
design ensures that the model can recognize both small pathological spots and perceive
the macroscopic distribution of lesions throughout the entire skin area. At the end of the
feature stream, we introduce a weight allocation module based on feature reweighting—the
adaptive channel-attention mechanism (SE). This module first compresses the feature map
in spatial dimension, and through a global average pooling layer, compresses the feature
map U in spatial dimension H × W into a vector z, capturing the global distribution of
each channel, as shown in Figure 7.

Figure 7. Internal structure of the SCG-SE blocks. The dashed arrow represents the residual skip
connection that facilitates the integration of original input features with the recalibrated channel weights.
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This architecture achieves feature refinement through three stages. Firstly, local spatial
biases are obtained through deep convolution, global long-range dependency modeling is
performed through the transformer, and final channel recalibration is achieved through
squeeze-and-excitation (SE) mechanisms. The output of the above three stages achieves
extremely low weight coefficients for channels with little diagnostic significance. On the
contrary, for channels rich in pathological features, signal amplification will be performed.
This process of feature selection and enhancement greatly improves the feature representa-
tion performance of the model without significantly increasing computational resources.

4. Experiments
4.1. Datasets

This article uses the HAM10000 dataset, which was jointly released by the Medical
University of Vienna and the University of Queensland in 2018 [24]. It is a benchmark
dataset for the diagnosis of pigmentary skin lesions [25]. Due to its large scale, authoritative
labeling, and clinical relevance, it is widely used in skin lesion analysis and machine-
learning research [26]. The distribution of its dataset is shown in Figure 8. This dataset has
been used to analyze commonly used basic models, including ResNet18, CNN, Vit-Tiny,
MobileViT [27], OverLoCK [28], H-CAST [29], GhostNetV2 [30], and MobileNetV3-S [31].

Figure 8. Pie chart showing the category distribution of the HAM10000 medical image dataset.

This dataset contains 10,015 dermatoscopy images corresponding to approximately
7000 independent lesions, covering 7 clinically important skin lesions with uneven sample
distribution. Among them, nv has the highest proportion, followed by mel, while df and
vasc have fewer samples [32].

4.2. Implementation Details

All experiments were conducted on a workstation equipped with an AMD EPYC 7532
CPU (32 cores) and an NVIDIA RTX 4090 GPU (24 GB VRAM). The software environment
included Python 3.11, CUDA 12.1.1, and PyTorch 2.2.1. To ensure the scientific rigor of the
experimental results and thoroughly avoid potential data leakage risks, the HAM10000
dataset was divided into 70% for training, 15% for validation, and 15% for testing, strictly
following the lesion_id division principle. Specifically to prevent distribution leakage or
performance inflation, all CGAN-based synthetic samples were generated and incorporated
only within the training set. We ensured that no synthetic data derived from a specific
lesion_id was present in the validation or testing sets. All CGAN configurations, including
generation quantities and mixing ratios, were explicitly defined to ensure full reproducibil-
ity of the reported results. During the training phase, the resolution of the input images
was uniformly adjusted to 224 × 224 pixels. We adopted the Adam optimizer, set the initial
learning rate to 0.0001, and set the batch size to 32. The model underwent 250 epochs
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to ensure sufficient convergence, while introducing an early stopping mechanism with a
patience value set to 50 to prevent overfitting while maintaining the model’s generalization
ability. To assess the practical viability for clinical deployment, we measured the end-to-end
inference latency. Following standard benchmarking protocols, we implemented a 100-run
warm-up phase to eliminate hardware initialization bias. During testing, the batch size
was strictly set to 1, accurately reflecting the sequential nature of real-time diagnostics. Our
reported latency (3.28 ms on RTX 4090) accounts for the entire pipeline, including image
resizing, normalization, model forward pass, and post-processing. This high throughput
suggests the framework is well-suited for integration into edge-based diagnostic platforms.

4.3. Evaluation Metrics

We use various metrics to evaluate model performance, including precision (P), recall
(R), F1-score, macro-averaged F1, number of parameters (M), floating-point operations
(FLOPs, G), and inference speed (FPS). These metrics are defined as follows:

Precision =
TP

TP + FP
(10)

Recall =
TP

TP + FN
(11)

F1 = 2 × Precision × Recall
Precision + Recall

(12)

where TP refers to samples that are actually positive and are also predicted as positive by
the model, meaning the model made a correct prediction; FN refers to samples that are
actually positive but are predicted as negative by the model, meaning the model missed
a positive case; and FP refers to samples that are actually negative but are predicted as
positive by the model, meaning the model made a false positive prediction.

Macro − F1 =
1
n

n−1

∑
i=0

F1i (13)

First, calculate the F1 score for each category, and then take the arithmetic mean of the
F1 scores across all categories, where n is the total number of categories.

Precision (P), recall (R), F1-score, and macro-averaged F1 are fundamental detection
performance metrics. Precision quantifies the proportion of correctly predicted positive
samples among all samples predicted as positive, while recall measures the proportion of
actual positive samples that are correctly detected. F1-score and macro-averaged F1 provide
a more intuitive representation of the model’s performance. The number of parameters (Pa-
rameters, M), floating-point operations (FLOPs, G), and inference speed (Inference Speed,
FPS) are efficiency metrics of the model. The number of parameters directly determines
the storage space requirements for the model weights and is a key indicator of the model’s
“lightweight” nature; floating-point operations reflect the computational complexity of the
algorithm, with lower FLOPs generally indicating lower computational cost; and inference
speed is the most intuitive metric for measuring the real-time performance of the model,
with higher FPS indicating stronger real-time processing capabilities.

4.4. Comparative Experiments on HAM10000 Dataset

To comprehensively validate the effectiveness of the SCGViT multimodal model
proposed in this paper, we selected seven representative architectures as comparison
benchmarks. The tested models included ResNet18, CNN, ViT-Tiny, MobileViT, OverLoCK,
H-CAST, GhostNetV2, and MobileNetV3-S.
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The macro-averaged F1-score was used as the core evaluation metric to objectively
measure the overall performance of the models on datasets with severe class imbalance.
In addition, the end-device deployment performance of the models was evaluated using
parameters, FLOPs, and inference speed (FPS). All models were trained under consistent
experimental conditions. The experimental results are shown in Table 1.

Table 1. Comparison of different models.

Model Name Macro-Averaged
F1 Score

Number of
Parameters (M) FLOPs (G) Inference Speed

(FPS)

CNN 0.901 1.161 1.6763 347.392

ResNet18 0.902 11.180 1.823 346.998

ViT-Tiny 0.908 2.526 0.495 341.183

SCGViT 0.973 0.524 0.866 304.439

OverLoCK 0.915 3.872 1.203 298.654

H-CAST 0.928 4.516 1.437 285.319

GhostNetV2 0.943 1.235 0.167 328.415

MobileNetV3-S 0.951 0.934 0.057 386.124

Table 1 compares the performance of various models in classification tasks. SCGViT
achieves the optimal balance between high performance and lightweight design, with a
macro-averaged F1 score of 0.973, only 0.524 M parameters, and 0.866 G of computation.
H-CAST also performs well with an F1 score of 0.928. CNN and ResNet18 have the
fastest inference speeds, but their classification accuracy is slightly lower. GhostNetV2 and
MobileNetV3-S have a smaller number of parameters and computational requirements;
however, their F1 scores are still lower than SCGViT. Furthermore, different models were
evaluated for the classification of each of the seven types of skin diseases, the specific
experimental results are shown in Table 2.

From the category-level evaluation results in Table 2, it can be seen that SCGViT
comprehensively outperforms other models in the classification of 7 types of skin lesions.
It’s precision, recall, and F1 score are the best across all categories, especially for difficult-to-
classify samples like bcc and vasc, where the performance is 0.5% and 0.8% higher than the
next-best model, MobileNetV3-S, respectively. CNN and ResNet18 lag significantly behind
in all three metrics across most categories. While OverLoCK, H-CAST, GhostNetV2, and
MobileNetV3-S perform well in some categories, none of them completely surpass SCGViT
in all metrics.

The experimental results above show that SCGViT demonstrates improved perfor-
mance over traditional architectures. SCGViT outperforms existing models in both overall
performance and category-specific details. In terms of overall metrics, SCGViT achieves a
macro-averaged F1 score of 0.973, an improvement of over 7% compared to CNN’s 0.901
and ResNet18’s 0.902, and a 2.2% improvement over MobileNetV3-S’s 0.951. Simultane-
ously, its parameter count is only 0.524 M, which is about 1/7th that of OverLoCK (3.872 M),
and its FLOPs (0.866 G) are notably lower than those of H-CAST (1.437 G). At the category
level, SCGViT shows targeted improvements in F1 scores for all 7 types of lesions. For the
difficult-to-classify bcc, its F1 score of 0.935 is 0.5% higher than MobileNetV3-S’s 0.930; for
vasc, the F1 score of 0.965 is 0.8% higher than MobileNetV3-S’s 0.957; even for nv where
the CNN model performed relatively well, SCGViT’s F1 score of 0.973 is 0.6–0.7% higher
than CNN’s 0.967 and ResNet18’s 0.966. In summary, SCGViT offers efficiency advantages
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in its lightweight model design and demonstrates superior adaptability and recognition
accuracy for different samples in skin lesion classification tasks.

Table 2. Detailed comparison of specific category assessment results.

Model Name Index Akiec Bcc Bkl Df Mel Nv Vasc

CNN

Precision 0.867 0.889 0.882 0.843 0.876 0.978 0.915

Recall rate 0.924 0.897 0.893 0.901 0.912 0.956 0.938

F1 score 0.895 0.893 0.887 0.871 0.894 0.967 0.926

ResNet18

Precision 0.872 0.885 0.886 0.849 0.873 0.981 0.908

Recall rate 0.918 0.903 0.898 0.897 0.916 0.953 0.937

F1 score 0.894 0.894 0.892 0.872 0.894 0.966 0.922

ViT-Tiny

Precision 0.865 0.893 0.884 0.846 0.871 0.979 0.919

Recall rate 0.909 0.901 0.896 0.893 0.914 0.957 0.943

F1 score 0.886 0.897 0.890 0.869 0.892 0.968 0.931

SCGViT

Precision 0.896 0.924 0.912 0.878 0.903 0.982 0.957

Recall rate 0.921 0.947 0.935 0.905 0.928 0.964 0.973

F1 score 0.908 0.935 0.923 0.891 0.915 0.973 0.965

OverLoCK

Precision 0.873 0.859 0.891 0.852 0.883 0.980 0.924

Recall rate 0.912 0.908 0.902 0.895 0.918 0.958 0.945

F1 score 0.892 0.901 0.896 0.873 0.900 0.969 0.934

H-CAST

Precision 0.881 0.903 0.898 0.861 0.892 0.981 0.932

Recall rate 0.918 0.921 0.915 0.902 0.924 0.961 0.952

F1 score 0.899 0.912 0.906 0.881 0.908 0.971 0.942

GhostNetV2

Precision 0.888 0.915 0.907 0.869 0.899 0.981 0.941

Recall rate 0.923 0.934 0.926 0.907 0.930 0.963 0.960

F1 score 0.905 0.924 0.916 0.887 0.914 0.972 0.950

MobileNetV3-S

Precision 0.893 0.921 0.913 0.876 0.902 0.981 0.948

Recall rate 0.927 0.940 0.931 0.911 0.935 0.962 0.967

F1 score 0.910 0.930 0.922 0.890 0.913 0.972 0.957

4.5. Ablation Experiments

To further investigate the specific contribution of each improved module to detec-
tion performance, an ablation study was conducted on the HAM10000 dataset. Table 3
summarizes the impact of adding each module on performance. The first row represents
the unmodified MobileViT baseline model, and the “

√
” symbol indicates that the mod-

ule was included in the corresponding experiment. The individual component analysis
shows their respective performance contributions. By progressively introducing a CGAN,
cross attention, and the SE, we quantitatively evaluated the impact of each module on
macro-averaged F1 score, number of parameters, computational complexity (FLOPs), and
inference speed (FPS). The experimental results are shown in the table below:

Table 3. Comprehensive ablation experiments of SCGViT on the HAM10000 dataset.

CGAN Cross
Attention SE Macro-Averaged

F1 Score
Number of

Parameters (M) FLOPs(G) Inference
Speed (FPS)

0.897 0.458 0.579 398.625
√

0.928 0.486 0.699 356.814
√ √

0.959 0.512 0.782 321.573
√ √ √

0.973 0.524 0.866 304.439
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As shown in Table 3, introducing a CGAN to the basic MobileViT model improved
the macro-averaged F1 score from 0.897 to 0.928. To further verify the impact of the
GAN module on the performance of various categories, we analyzed the recall rates of
minority categories. Without using the GAN module, the recall rates of MEL and DF
remained at 0.583 and 0.657, respectively. However, after introducing the CGAN module,
these metrics significantly improved to 0.824 and 0.841. This improvement for specific
categories indicates that the CGAN module effectively mitigates the inherent “majority
class bias” in the HAM10000 dataset, thereby improving the model’s capacity to recognize
rare lesions, which is demonstrated by the increased recall rates in minority categories.
It also verifies that using adversarial examples generated by a generator for adversarial
training can effectively force the discriminator to learn essential features with stronger
discriminability and robustness. After adding the cross-attention module, the model
performance further increased to 0.959. With the addition of SE, the F1 score reached a peak
of 0.973. This indicates that the channel-wise attention provided by the SE Block effectively
adaptively weights the feature maps based on their importance, further refining the key
discriminative information. Ablation study data shows that although the number of model
parameters slightly increased from 0.458 M to 0.524 M and the inference speed decreased
from 398.625 FPS to 304.439 FPS with the addition of these components, the overall model
still maintains a lightweight design and real-time performance. The addition of each
component brought significant accuracy improvements, with a total F1 score increase of
approximately 7.56%, demonstrating the effectiveness and efficiency of SCGViT in the task
of assisting in skin lesion diagnosis.

5. Conclusions
This paper addresses the challenges of complex environmental interference and limited

computational resources in the auxiliary diagnosis of skin lesions, proposing a lightweight
model called SCGViT based on multi-branch, cross-attention fusion and adversarial learn-
ing. Through extensive experiments and evaluations on the public HAM10000 dataset, the
main research conclusions are as follows:

1. Introducing the CGAN during training enables the model to better learn the intrinsic
distribution of lesion features, improving its resistance to variations and noise outside
the training set. Ablation experiments confirm that adversarial training significantly
strengthens the robustness of the model’s identification of easily confused categories.

2. Multi-branch fusion significantly improves diagnostic accuracy. A single RGB image
faces recognition bottlenecks when dealing with images with blurred edges or high
noise. This paper utilizes IR and INV, employing cross attention to achieve deep inter-
action at the feature level, effectively extracting deep structural texture and boundary
contrast information of the lesion area. In the 7-class disease classification task of
HAM10000, SCGViT achieved a macro-averaged F1 score of 0.973, far exceeding
other models.

3. The lightweight design optimizes the parameter distribution while ensuring high-
precision performance. The final model contains only 0.52 million parameters, which
is approximately 1/7th of OverLoCK model, but achieves an inference speed of
304.439 FPS.

In summary, SCGViT achieves an ideal balance between performance, scale, and
efficiency, providing an efficient, reliable, and easily deployable deep learning solution
for early screening of skin cancer. Future research will focus on exploring more diverse
auxiliary modalities and conducting cross-center validation on larger, more heterogeneous
datasets, such as ISIC 2019 and BCN20000, to further verify the model’s robustness and
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generalization. Additionally, further optimization of quantization on smaller, resource-
constrained embedded hardware will be pursued to enhance real-time diagnostic efficiency.
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