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Abstract—Classifying skin lesions is an important and active
area of research because of the importance of enabling early
detection, which can greatly improve the chances of cure. There
are many challenges in skin lesion images including scales, angles,
rotations, lighting variations, background noise, etc. In addition,
the focus on enabling detection using lightweight architectures
is not explored thoroughly. We propose a late feature fusion
using three separate lightweight architectures: MobileNet-v3
Large, FasterNet-T1, and shViT-s4. In addition, to reduce image
variation and improve generalization of all models, on-the-
fly augmentation is employed to generate realistic skin lesion
samples. The ISIC 2019 dataset is used to train and evaluate
the proposed models to classify eight different categories of skin
lesion. For late feature fusion, the level two classifiers tested after
fusion are XGBoost, LightGBM, Logistic Regression (LR) and
Support Vector Machine (SVM). Various evaluation metrics are
computed to adequately assess the performance of the proposed
models. Fusion using Logistic Regression and SVM improve upon
the lightweight architectures. The Logistic Regression classifier
achieves an F1-Score of 89.63% compared to the best individual
F1-Score of 88.97% by FasterNet-T1 while increasing inference
time by only 0.11 seconds. In addition, the confusion matrix and
the t-SNE plots are visualized to explore and understand various
weaknesses of the models that classify the ISIC 2019 dataset.

Index Terms—SKkin Cancer, Deep Learning, Feature Fusion,
CNN, Vision Transformers, Mobile Systems, Transfer Learning

I. INTRODUCTION

Skin cancer is a highly prevalent and an invasive disease
that affects many lives. Early detection is challenging because
of the lack of enough trained dermatologists and the lack of
accessible vision technologies that can detect them accurately,
efficiently, and at an early stage of disease progression. Ac-
cording to the authors in [1], early detection of skin cancer
can vastly improve cure rates. Once diagnosed, the proper
form of treatment can be utilized to reduce mortality rates.
In addition, the availability of low cost and accessible deep
learning neural networks can improve early detection with
high accuracy and reliability while being accessible to all with
access to a handheld device. With this purpose in mind, our
research addresses the key goal of creating novel lightweight
fused architectures with high classification performance.

An important issue to address for skin lesion classification
is how to handle an imbalanced skin lesion dataset. Class
imbalance is a serious problem in skin cancer detection as
there are many more samples of normal non-cancerous skin
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images compared to cancerous skin images. In order to miti-
gate this issue, the authors in [2] have proposed to utilize focal
loss instead of cross-entropy loss to assign higher weights to
misclassified samples. In addition, data augmentation is used
to create more samples similar to the real distribution of skin
lesion images. Furthermore, it is of growing importance for
deep learning models to classify multiple categories of skin
lesions accurately, as early detection of the correct type of
skin cancer can greatly improve cure chances. Another way to
address the imbalance is to use on-the-fly data augmentation.
The authors in [3] utilize on-the-fly data augmentation to
mitigate class imbalance to improve the generalization of
unseen images.

Typical deep learning approaches rely on a convolutional
neural network (CNN) or a vision transformer (ViT) to extract
the backbone features necessary for an accurate classification
of skin lesion images. ViTs with their self-attention mech-
anisms can capture global context with high precision [4].
However, the big downside is that vision transformers need
a large amount of data to train. In addition, ViTs often have
to be pretrained in order to classify accurately. However,
CNNs are far more efficient during training and inference.
Furthermore, CNN’s can exploit spatially local features that
are common in natural images. With these reasons, often a
hybrid approach is utilized that combines both the architectural
design of the CNN and the ViT, which can make best use of
images for classification. State-of-the-art architectures make
clever use of their designs to create a versatile architecture
that can effectively combine the strengths of CNNs and ViTs.
However, feature fusion from lightweight and efficient models
to improve upon the base models is not well explored in
several domains. Our research proposes a late feature fusion
approach.

The paper is organized as follows. Section II presents
recent related work and briefly discusses common approaches.
Section III describes the chosen dataset and summarizes it’s
characteristics. Section IV describes the proposed fusion ap-
proach as well as the architectures chosen for fusion. Section
V describes the experimental setup. Section VI describes the
results. Finally, Section VII concludes the research work and
discusses the focus of future research.
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Fig. 1: Example images of the eight different categories from the ISIC 2019 dataset [5].

II. RELATED WORK
A. Hybrid Architectures

There have been many advances in vision architectures in
recent years. Often, the best architectures for segmentation and
classification employ a hybrid of vision transformer networks
(ViT) and Convolutional Neural Networks (CNN) [6]. This
balance of architectural design is highly validated by the need
for higher accuracy while also ensuring it is cost efficient
for deployment. The authors in this article showed that their
ConvNeXt based approach is highly reliable by utilizing
the strengths of both ViTs and CNNs [6]. ViT blocks can
effectively model long-range feature dependencies that would
be difficult to capture with CNN blocks. CNN blocks are
highly suited for local features that are closer together as these
blocks are known to exploit spatial locality. The authors tested
their novel architecture on the HAM10000 [7] and the ISIC
2019 datasets [5] and found that the proposed models deliver
state-of-the-art results. The authors note that the combination
of such diverse networks is likely to gain popularity for early
detection.

Another study also employs this strategy by using the Swin
Transformer architecture to classify skin lesions from the ISIC
2019 dataset [8]. The authors highlight the usage of the Swin
transformer model, which utilizes the combination of both
ViTs and CNNs to improve detection across vastly different
image variations while also keeping it efficient enough for in-
ference. Ultimately, their approach outperforms other methods
in achieving higher multiclass balanced accuracy on the ISIC
2019 dataset.

B. Lightweight Architectures

As the field of deep learning advances and the models
improve their performance, a major improvement is focusing
on lightweight deep learning models, which can run efficiently
in a resource constrained environment [1]. There have been
several advances in this area on various skin classification
and segmentation tasks. For example, authors enhanced the
MobileNetV3 architecture [9] with the Convolutional Block
Attention Module (CBAM) [10] and finetuned the network
with Bayesian optimization [11]. CBAM can enhance the

representation of feature maps through advanced attention
operations while also keeping the mechanism cheap to employ.
The authors utilize the ISIC 2024 SLICE-3D dataset [12],
which groups images into four distinct categories. In addition,
the authors used data augmentation to help reduce class
imbalance and used pretrained weights from ImageNet-1K
[13] for transfer learning, which significantly boosts accu-
racy compared to training from scratch. The incorporation of
CBAM improved results compared to previous models on the
ISIC 2024 SLICE-3D dataset.

Another study utilized a MobileNet architecture with trans-
fer learning techniques to detect melanoma and benign skin
lesions [14] [15]. Based on their results, the authors found that
transfer learning is an effective form of training lightweight
architectures for downstream tasks. Additionally, in order to
deploy the model to mobile devices, the authors converted
the Keras model to CoreML and ProtoBuf for testing on
iOS and Android phones respectively using their prototype
app (ChekSkin). The authors also utilized 4 public datasets
(ISIC 2018, DermNet NZ, MED-NODE, PH2) and heavy
augmentation techniques in order to mitigate overfitting. Their
work on deploying the model on mobile devices shows that
it is becoming increasingly viable to do inference on many
medical classification and segmentation tasks in a resource
constrained environment.

Another study from 2023 utilizes a lightweight ShuffleNet
architecture and combines the channel wise attention mech-
anism (CA) and squeeze-and-excitation (SE) blocks for en-
hancement [16]. In addition, the authors utilize 3 separate
datasets (HAM10000, ISIC 2019, and ISIC 2020) for merging
while also applying data augmentation techniques to help
mitigate class imbalance. The proposed approach beats the
original ShuffleNet while also reducing the latency and param-
eter count. From these approaches, it’s clear that the future of
imaging tasks involves utilization of efficient architectures that
can effectively operate across many environments with ease.

III. DATASET DESCRIPTION

A. ISIC 2019

Typically, every few years, ISIC hosts a challenge in which
the goal is to classify the many complex forms of skin cancer



TABLE I. Throughput and Top-1 Accuracy Metrics of
lightweight architectures on ImageNet-1K dataset.

Performance and Efficiency Metrics
Architectures Throughput Top-1 Accuracy
(images/second)
MobileNet-v3-Large 13,994 75.2%
FasterNet-T1 17,827 76.2%
shViT-s4 14,283 79.4%

using various forms of modality. They provide various datasets
consecutively from ISIC 2016 to ISIC 2020 [5] with recent
additions of ISIC 2024 [12] and MILK10K [17]. The ISIC
2019 dataset is chosen due to the complexity of classifying
multiple types of melanoma and because there has been a lot
of effort in improving classification results on this dataset [7]
[18] [19]. Another advantage of ISIC datasets is that they are
publicly provided and free to use.

The ISIC 2019 dataset provides various categories for
classification. Figure 1 shows examples of eight categories. In
addition, ISIC images share high inter-class similarity, which
makes classification challenging even for trained dermatol-
ogists [20]. On top of this, there can be several variations
of image characteristics such as lighting, angles, rotations,
and background noise. A model learning to classify these
categories must learn to ignore these features in order to
achieve high classification performance. Moreover, one can
observe the various lighting conditions in which these images
were captured. Generalization to all these variations is a must
in order for models to be robust.

Class imbalance is also an issue for the ISIC 2019 dataset.
From the training set, Dermatofibroma (DF) has 194 images
while Melanocytic Nevus (NV) has the largest count at 10,307
images. These 8 categories are spread across a total of 20,265
images for the training set. ISIC images also have widely
varying range of resolution from 600 x 450 pixels to 1000
x 1000 pixels. The file size for an ISIC image can be less
than 100 KB and be more than 1000 KB. ISIC images also
have background pixels that have high average intensity. In
addition, for the region of center that makes up the category,
average intensity is much lower.

To divide the ISIC 2019 dataset for training and evaluation,
the dataset is split into 80%, 10%, and 10% for training, vali-
dation and testing respectively. This makes up 20,265 images
for the training set and 2,533 images each for validation and
testing.

IV. RESEARCH METHODOLOGY

This section will go over each of the baseline architectures
used for the late feature fusion. Each baseline model was
pretrained using ImageNet-1K dataset [13] before applying the
fusion. By pretraining each baseline model, downstream tasks
have much better generalization performance. In order to focus
on lightweight architectures with fast inference times, the
models chosen have strong focus in enabling high throughput
while also having low resource footprint for inference. This
ensures that the baseline architectures can run efficiently,

which is highly desirable in many environments. The chosen
models were MobileNet-v3 [9], FasterNet-T1 [21], and shViT-
s4 [22]. The throughput and top-1 accuracy metrics for each
baseline architecture are listed in Table I. For each baseline
model, since we save all model weights per epoch, the model
from the epoch with the highest validation accuracy is chosen
as the baseline.

A. MobileNet-v3 Large

The MobileNet-v3 family of architectures focuses on the re-
duction of latency in comparison to its predecessor [9] through
usage of network architecture search (NAS) techniques and
the addition of a squeeze and excitation bottleneck in its
inverted residual bottleneck block. The architecture search is
optimized using an accuracy and latency trade off and the
NetAdapt algorithm is used to search for the number of filters
in the convolutional blocks. In addition, the h-swish activation
function is introduced to improve the accuracy of neural net-
works while also being efficient to execute on mobile devices.
There is a large and small variant of MobileNet-v3. For the
fusion approach, we decided to choose the large variant. In
terms of performance and efficiency, the MobileNet-v3 large
architecture achieves a remarkable accuracy of 75.2% from
72.0% on the ImageNet-1K dataset while lowering multiply-
adds from 300 to 219 when compared to MobileNet-v2 1.0.

B. FasterNet-T1

Designing lightweight architectures is challenging, since
there are many parameters to consider. Due to this, there
are several architectures that have focused on reducing the
parameter count or reducing the FLOPs in designing efficient
architectures. However, the authors behind FasterNet show that
in many cases, reducing FLOPs does not lead to a reduction
in latency [21]. For their architecture, the authors redesign the
depth wise convolution block to a partial convolution block
which can effectively contribute towards reducing the latency
without a major performance hit. The partial convolution block
works by applying a convolution on a small set of input
channels while propagating the rest of channels as normal. For
the baseline, we chose to use the FasterNet-T1 variant, which
has 7.6 million parameters and is pretrained on the ImageNet-
1K dataset. FasterNet-T1 achieves a top-1 accuracy of 76.2%
with a processor latency of 17.7 milliseconds (ms).

C. shViT-s4

In recent years, for vision transformers (ViT), there have
been many advances in creating efficient transformer designs.
One of the vision transformers that is lightweight and has high
accuracy is shViT [22]. The design of the shViT architecture
comes from the motivation that traditional transformers use
a small patchify stem, which dramatically increases the total
number of tokens that need to be processed. In addition, the
secondary motivation is that the authors showed that many
attention heads have high cosine similarity to each other, which
creates poor redundancy for downstream processing. Armed
with this knowledge, the authors for shViT utilize a large
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Fig. 2: Proposed system pipeline for the late feature fusion of three lightweight architectures.

16 x 16 stride patchify stem to reduce the token count and
use a partial channel single-head self-attention block design in
order to enhance diverse representations of self-attention heads
for their architecture design. For choosing a specific variant
of shViT, we decided to choose the strongest one, which is
shViT-s4 with a total parameter count of 16.6 million. The
model achieves an accuracy of 79.4% on the ImageNet-1K
dataset with a throughput of 14,283 images per second using
the Nvidia A100 GPU.

D. Proposed Late Feature Fusion Methodology

For the proposed fusion approach, we fuse the three ar-
chitectures together by using late feature fusion. MobileNet-
v3 large, FasterNet-T1, and the shViT-s4 architectures are
chosen for feature fusion. After fine-tuning on the ISIC 2019
dataset, the features from all lightweight architectures from
the last hidden layer are extracted. Each feature vector is
then normalized by dividing each vector by its magnitude.
This ensures that feature vectors across architectures are at
similar scales before being used as input to the classifiers.
The features are then concatenated after normalization. The
features now represent a rich and compressed representation
of the image from different architectures. Each feature sample
is then reshaped to a tabular format before feeding it to
the classifiers. For classification using the fused features,
tree based models such as LightGBM and XGBoost were
tested [23] [24]. Support vector machine (SVM) and logistic
regression (LR) were also tested as classifiers and we used the
scikit-learn implementation for these classifiers [25]. Figure 2
shows the high level diagram for the proposed late feature
fusion pipeline.

E. Data Preprocessing

Preprocessing is a crucial part of a machine learning
pipeline for many datasets. For ISIC 2019, before being fed
as input to the base models, the images undergo an on-the-fly
augmentation procedure. On-the-fly augmentation is different
from regular augmentation in that instead of augmenting only
once and storing the newly created images on the disk, the
augmentation is applied during training for each batch. This
procedure typically produces better results than with disk aug-
mentation due to increased variance of the new images [26].

We noticed improved accuracy in our experiments due to on-
the-fly augmentation in comparison with disk augmentation.

The exact augmentation procedure performed in order is
described as: Random Affine - rotation from 45° to 180°;
translation of £0.125 width and height ratio; scaling from
0.90 to 1.10 factor intervals. Horizontal Flip with 0.5 proba-
bility. Vertical Flip with 0.5 probability. Random color jitter
- brightness factor of 0.20; contrast factor of 0.15; saturation
factor of 0.10.

The random affine augmentation is created to augment im-
ages with various rotations, translations and scales. In addition,
since various ISIC images can have diverse color variations,
random color jitter is also applied that changes brightness,
contrast, and saturation of the image [5]. With this procedure,
augmented ISIC images can enhance diversity and improve
generalization of the model, which helps reduce overfitting.
After augmentation, images are resized to 224 x 224 square
resolution since the pretrained baseline models expect this
format. Then, the RGB channels of each image are nor-
malized independently using mean=[0.485, 0.456, 0.406] and
std=[0.229, 0.224, 0.225].

V. EXPERIMENT SETUP

This section will go over the hardware and software setup
used in training all of the baseline models and the fusion
models. Several evaluation metrics are also described in de-
tail in order to properly understand the performance of the
models. Lastly, hyperparameters are provided to enable easier
replication efforts for the benefit of research community.

A. Hardware and Software Setup

All of the benchmarks were run using a consistent setup.
An NVIDIA GeForce RTX 4070 Ti SUPER GPU with 8,448
cores and 16 GB of dedicated memory was used to train the
lightweight baseline architectures. For the CPU, 2 Intel Xeon
Silver processors were used, which has 48 cores in total. The
setup was configured on a Linux machine with 256 GB of
RAM.

For the training scripts, PyTorch 2.8.0 was used to train
and evaluate the models [27]. In addition, for each of the
baseline architectures, the timm training and validation scripts
[28] were modified and used. For GPU access in PyTorch,
the CUDA 12.6 version was used. For visualization of results,



Matplotlib [29] and Seaborn [30] libraries were used to display
the confusion matrix and the t-SNE plots. scikit-learn was
primarily used to compute the evaluation metrics of the fused
models [25].

B. Evaluation Metrics and Plots

The eight classes for the ISIC 2019 dataset is highly
imbalanced. For this reason, we report multiple key evaluation
metrics that are crucial to identifying performance given the
imbalance of the dataset. To establish a well used metric for
comparison, we report the accuracy. In addition, to understand
the performance of the baseline architectures and the fusion
classifier, we also report weighted precision and recall. To
evaluate a single metric, we also compute the weighted F1-
Score. These metrics are crucial to compute, since they show
the true performance of the models. A confusion matrix is also
used to understand what classes the model struggles to classify
correctly. In addition, t-SNE visualization is utilized to give a
clear picture of how well a model can separate out the classes
and also to understand which classes have high similarity to
each other [31].

C. Hyperparameter Setup

The three baseline models use pretrained weights from
ImageNet-1K before fine-tuning on the ISIC 2019 dataset. For
fine-tuning, all of the weights for all layers are unfrozen. To
ensure consistent results and data splits, the Torch and NumPy
[32] libraries are seeded to 42. We trained each baseline for
100 epochs. To ensure overfitting is reduced without too much
performance impact, we set dropout probability to 0.2 for all
of the base models. A small learning rate of 0.0001 is used
to ensure smooth training and the AdamW algorithm is used
with a weight decay of 0.00002 [33]. The small weight decay
ensures that weights stay constrained during training, which
helps regularize the models. In addition, a cosine schedule was
used with a warm up of five epochs to help stabilize training
of the base models [34]. The cross-entropy loss function is
employed for training the base models [35]. To regularize
further, label smoothing is also set to 0.1 to ensure model
predictions are not overconfident [36].

For tree based models, the hyperparameters were the same
for LightGBM and XGBoost. Maximum number of estimators
and trees were set to 500. Maximum depth for each tree is set

TABLE II: Efficiency Performance on ISIC 2019

Model Inference Time  Throughput Model Size
(s) (images/s) (MB)

Base Models

MobileNet-v3 Large 33.40 75 49.70

FasterNet-T1 12.82 197 74.29

shViT-s4 7.23 350 190.01

Proposed Fusion Models (Results only for the classifier stage of fusion)
XGBoost 0.39 6,441 0.84

LightGBM 0.07 35,591 0.48
SVM 25.47 99 40.58
LR 0.11 22,350 0.23

TABLE III: Classification Performance on ISIC 2019

Model Accuracy Precision Recall F1-Score
Base Models

MobileNet-v3 Large 88.43 88.36 88.43 88.29
FasterNet-T1 89.14 88.96 89.14 88.97
shViT-s4 87.68 87.65 87.68 87.58
Proposed Fusion Models

Fusion + XGBoost 87.96 87.88 87.95 87.79
Fusion + LightGBM 87.41 87.40 87.40 87.20
Fusion + SVM 89.18 89.06 89.18 89.01
Fusion + LR 89.81 89.67 89.81 89.63

to 10. Learning rate for boosting rounds was set to 0.05. To
reduce overfitting, weight decay is set to 1.0. To further reduce
overfitting, we also set early stopping to five rounds.

For the support vector machine (SVM), we mostly use
the default hyperparameters provided by scikit-learn. The
RBF kernel is used to create non-linear decision boundaries
for classification. To ensure overfitting isn’t a problem, the
regularization parameter is left as 1.0. Since there are many
input features, probability estimates are disabled. Since there
are 8 classes in ISIC 2019, one-vs-one approach is used for
training while one-vs-rest approach is used for inference. For
logistic regression, we used the L-BFGS solver with the same
regularization parameter of 1.0.

VI. RESULTS AND DISCUSSION

This section will go over the evaluation results for the base
models and the classifiers on the ISIC 2019 dataset. We look
at various evaluation metrics to compare the baselines with our
proposed fusion approach. In addition, confusion matrix and
t-SNE will be used to understand weaknesses of the models
for classification.

A. Classification Performance

To check performance, we evaluate all baseline models
and fusion models using the test set of ISIC 2019. Other
than accuracy, all other metrics are computed using weighted
averages. Table III shows the classification performance using
the three base models as well as the performance of the
four proposed fusion models. All three baseline models are
competitive and achieve at least 87% testing accuracy and 87%
weighted F1-Score. For each baseline model, the validation
accuracies per epoch are shown in Figure 4. From the figure,
all of the baseline models converge quickly, reaching at least
80% validation accuracy by the 10th epoch. From there, all
baseline models continue to improve their accuracy, although
at diminishing returns. From Table III, FasterNet-T1 produces
the best results across three base models achieving 88.97%
weighted F1-Score. Using late feature fusion, both SVM and
LR based fusion models achieve higher accuracies and F1-
scores compared to the baseline models. The XGBoost and
LightGBM based fusion models failed to improve the clas-
sification performance compared to the baselines. However,
when comparing SVM and LR, LR achieves the absolute best
accuracy of 89.81% and 89.63% weighted F1-Score. For all of
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Fig. 3: Confusion Matrix using Fusion + Logistic classifier
(LR) model on ISIC 2019.

the trained models, the small gap between weighted precision
and recall shows that the models do not have big biases.

B. Efficiency Performance

To compare how efficient the different models and classi-
fiers are during inference, we also provide inference time in
seconds after data is preprocessed and prepared for the models,
throughput in images per second for the entire validation set
and size of each model in megabytes. From Table II, the
baseline models spend much longer time to classify the entire
validation data while the classifiers in fusion based models
are much faster with the exception of SVM. LightGBM is the
fastest classifier in our testing with a throughput of 35,591.
LR however, still achieves a throughput of 22,350 with the
inference time of 0.11 seconds. In addition, LR is the cheapest
to store on disk, using only 0.23 MB. These results highlight
the potential of Logistic Regression as an efficient, lightweight,
and an accurate classifier to use for late feature fusion.

C. Confusion Matrix

To understand potential limitations in the fused model, the
confusion matrix using the validation set’s fused features + LR
classifier is also shown in Figure 3. From the confusion matrix,
the model tends to misclassify 52 MEL instances as NV and 33
NV instances as MEL. In addition, 21 and 18 BKL instances
are often misclassified with MEL and NV respectively. This
indicates that these classes share many similar features, so
distinguishing them is challenging.

D. Visualization using t-SNE Plot

The t-SNE plot from Figure 5 is generated using the same
setup as the Confusion Matrix in Figure 3. t-SNE visualization
helps us understand which classes are most similar to each
other by creating a two-dimensional representation of the fused
features. From the t-SNE plot, most clusters are well separated
from each other, which shows that the predictions will be much
easier for the LR classifier. However, not all clusters are equal.
The NV cluster being the biggest cluster in the plot shows
that the NV class has high variance in comparison to other

classes. This also makes sense as most non-cancerous samples
are observationally diverse because of the large number of
samples and the t-SNE plot reinforces this. Additionally, many
MEL and NV samples are close to each other in the plot. This
shows that the model confuses many melanoma images with
nevus images and vice versa.

VII. CONCLUSION AND FUTURE WORK

Our work shows that late feature fusion of lightweight archi-
tectures with the SVM and LR classifiers can achieve higher
accuracy than individual models with negligible efficiency
impact. Based on the F1-Score for LR, the classifier is able
to achieve 89.63% weighted score and is 0.66% higher than
FasterNet-T1’s F1-Score. The procedure of on-the-fly aug-
mentation also greatly improved generalization of all models.
The confusion matrix shows that the fused model classifies
most categories really well and the t-SNE plot reinforces this
observation despite large variances that are predominant in
some classes.

Future work should focus on lightweight architectures with
better design schemes and smarter fusion strategies. A com-
mon limitation in fusing lightweight architectures is that many
parameters across the architectures share similar information,
and this could be optimized by smarter fusion approaches. Ad-
ditional research should focus on efficient deployment of the
models on real hardware. Since ISIC 2019 provides additional
metadata for each image, research into multimodal integration
is another crucial direction for accurate classification.
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