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Abstract—A concise and efficient network is the goal pursued
in the field of medical image classification. In this study, we
developed a lightweight medical image classification module for
efficient classification of medical images. This module integrates
spatial attention mechanism and channel attention mechanism
to effectively capture channel and spatial information. In order
to alleviate the problem of data imbalance in medical image
classification without increasing the training data, we proposed a
novel loss function DWDI. The loss function dynamically adjusts
the influence of category weights during the training process,
thereby enhancing the model’s learning ability for minority
categories. We validated our method on seven public datasets, and
the results demonstrated that our method significantly improved
classification accuracy while maintaining strong competitiveness
in model complexity.

Index Terms—Medical image, classification, data imbalance,
loss function

I. INTRODUCTION

Accurate medical image classification can greatly improve
the accuracy and efficiency of diagnosis, and provide patients
with more timely and effective treatment plans [1]. In addition,
automated image classification systems can serve as a second
opinion for doctors, providing auxiliary decision support [2].

Deep learning models, especially Convolutional Neural Net-
works (CNNs), can automatically learn complex features in
images, thereby improving the accuracy and efficiency of
classification [4]. However, medical image classification faces
the challenge of data imbalance [5]. The uneven distribution of
these data may cause classification models to lean towards the
majority class, thereby affecting the accuracy of identifying
minority classes [6]. Although some generative models have
been designed to alleviate the imbalance problem this approach
entails an increase in both training data volume and time
consumption [7].

This article focuses on designing a lightweight network
for extracting medical image features without the need for
additional data generation and training to improve recognition
accuracy. In this article, we proposed a hybrid attention block,
and then we combined the channel attention module with the
proposed hybrid attention block as the basic structure of the
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classification network. In addition, to address the negative
impact of data imbalance on the network, we proposed a
dynamic weight allocation loss function, and the proposed
dynamic weight loss function is combined with dice loss as
the guiding loss for model training. The contribution of this
article can be summarized as follows:

(1) We have designed a lightweight CHyA block. This block
serves as the foundational structure for image classification
network.

(2) To address the issue of data imbalance, we introduced a
novel loss function DWDI to guide the network training stage.

(3) We performed experiments on 7 datasets to validate the
effectiveness of our proposed module, and numerous experi-
ments have demonstrated the effectiveness of our method.

II. RELATED WORK

CNN-based medical image classification. Deep CNN
networks have been widely applied in the recognition and
classification of various diseases due to their powerful feature
extraction capabilities. Many authors have demonstrated the
effectiveness of deep convolutional networks in the field of
medical image classification, disease diagnosis, cancer detec-
tion, etc [3] [4] [5]. Among them, Lei et al. [4] proposed
combining depth descriptors with manual features of ultra-
sound images for the classification of placental images. In
[5], a hybrid model based on CNN and Transformer was
proposed, which achieved comparable classification results for
the recognition of skin cancer.

Technologies for alleviating data imbalance. The popular
method is to use GAN networks to generate images or to
apply SMOTE (Synthetic Minority Oversampling Technique)
[9] to synthesize few class samples to alleviate data imbalance.
Golhar et al. [8] proposed using GAN to generate colonoscopy
images, and the generated images were used as training data
for the polyp classification model to improve their classifi-
cation performance. Ding et al. [10] combined the iForest
algorithm with a GAN model to identify sparse and boundary
samples and generate images for training. The core idea of
SMOTE is to generate new composite samples by interpolating
between minority class samples [9]. Chamseddine et al. [11]
applied SMOTE technology to the COVID-19 chest X-ray
image classification task, and achieved comparable results.
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Fig. 1. The proposed CHyA block and feature extraction framework. Where ")’ represent the element-wise multiplication operation and "€’ is element-wise

add operation.

Motivation. Although the above methods have achieved
some classification results, data generation can lead to an
increase in training time. Another problem is that the model’s
performance is affected by data imbalance, and this impact
theoretically changes as the training process progresses, which
the methods mentioned above have not taken into account.
This article aims to design a lightweight neural network
architecture that reduces the computational burden of model
training while ensuring classification performance. In addition,
to further improve the model’s performance on imbalanced
data, we propose a loss function that dynamically adjusts
weights. Our approach does not require additional training
data, reducing the training time complexity of the model.

III. METHODOLOGY
A. Overview of MBConv block

The MBConv block [12] is an inverse residual module
proposed in 2018, which includes a 1x1 convolutional layer
to expand the input channel, followed by a 3x3 convolutional
layer to encode local spatial interactions, and then a squeeze
and exclusion (SE) module [13] to learn the feature depen-
dency relationships between channels, allowing the network
to focus on discriminative features. Finally, a 1x1 convolution
is used to restore the channels to their initial dimensions
and perform residual connections with the input image. The
MBConv block can learn channel information and feature
dependencies of images, which can be used for different
computer vision tasks.

B. Proposed CHyA block and framework

The CHyA block, as depicted in Fig.1. It is designed to
enhance the feature extraction capabilities of medical images

through a two-pronged approach: a Channel Attention block
and a Hybrid Attention block. When a medical image is fed
into the system, it undergoes a three-step process to transform
the raw image data into a rich feature representation.

In the first stage, the goal is to transform the original image
(HxWx3) into a more meaningful embedding that can be
effectively processed by the network. This is achieved through
a sequence of operations: a convolution layer with a 3x3
kernel size, which helps to extract spatial features; a batch
normalization (BN) layer, which standardizes the inputs to the
next layer; and the application of the Gaussian Error Linear
Units (GELU) activation function. The GELU function intro-
duces non-linearity, allowing the network to capture complex
patterns. The output of this stage is an image embedding F,
which has been down sampled to half the original dimensions
(H2xW/[2xC), where C is the number of channels.

In the second and third stages, we make use of several
CHyA blocks. The embedding F, which is produced in the first
stage, undergoes further processing through two convolutional
layers. This is followed by batch normalization and GELU
function. We also use F' as the processed internal embedding.
Next, we feed F' into both the CA block and the HyA block to
harness the deeper features. We represent the functions of these
blocks using Pc 4 for the CA block and Pp,4 for the HyA
block. The procedures of these two blocks can be outlined as
follows:

Poa(F) = Sig (FC(MaxPool(F')) + FC(AvgPool(F)))
1

FC(z) = Convy 1 (GELU (Convy«1(z))) 2)



Where Sig is the sigmoid function used to produce prob-
abilistic values of CA, Conv function is used to create
convolutional layers, each with a size of 1x1. AvgPool and
MaxPool represent the average pooling max pooling operation,
respectively. CA block learning the weights of each channel,
in this way, useful features for the current task are highlighted
while unimportant features are suppressed.

For the operation of P4, it combines the spatial atten-
tion mechanism and feature enhanced representation operation
(FER), the Ppry4 operation is given as follows:

Pirya = FER (
Convzy7 (Concat (AvgPool(F), MaxPool(F)))
3)

FER(.I’) = Slg (Linearexpand (
GELU (Lineargpyink (AvgPool(x))) (4)

In equation (4), Linearexpand and Lineargink represent
the first linear layer shrink the input data while the second
linear layer expand the data back. The Pp,4 operation first
performs global average pooling and global maximum pooling
on the spatial dimension embedding F, and then concatenates
the results of these two pooling operations. This operation can
capture the global statistical information of the feature map,
including the average and maximum values. The concatenated
feature map is processed through a 7x7 convolutional layer.
After all convolution operations and linear transformations,
use the sigmoid function to obtain the probabilistic values of
the HyA block. And the output F of HyA block is:

F' = Pyya(Pca(F) @ F)® F o)

C. Proposed dynamic weighted loss function DWDI

Weighted cross entropy loss can effectively alleviate the
imbalance problem in the classification process of imbalanced
datasets. However, the impact of data imbalance on model
training gradually decreases. Therefore, we use dynamically
adjusted weighted cross entropy loss (WCE) and cross entropy
loss (CE) to guide the learning of the network, gradually
reducing the weight of WCE loss and increasing the weight
of CE loss as training progresses. Dynamic weighted cross
entropy loss function is defined as follows:

1
Ipweor = <1 - (Z,>>ZCE(Real, Pred)

+ (1) lwcog(Real, Pred) (6)

In equation (6), Real and Pred represent the real label and
the predicted label of test image. Parameter i refers to the
model being in the i-th training epoch.

Dice Loss can effectively handle class imbalance problems
by calculating the ratio of the intersection and union predicted
and true labels, as it is very sensitive to samples from a
few classes, which can promote the model to achieve better
performance on these classes. In this article, we first calculate

the dice loss for each category and calculate the average dice
loss for all categories:

¥
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Where N is the number of categories in the dataset, Real;
and Pred; represent the real label distribution and the pre-
dicted probability distribution of category j. In this study, we
use the weighted fusion value of lpycg and lp;. as the loss
function for model training. The weighted Dynamic weighted
cross entropy loss and Dice loss is given as follows:

Ipwpr = Mpwce + (1 — Mpice ()

In equation (8), the parameter A is the weight coefficient
between the two loss functions.

IV. EXPERIMENTS
A. Datasets

We use 7 publicly available datasets to validate the effective-
ness of the model. Fig. 2. shows some examples of 7 datasets.

MedMNIST [14] is a large-scale medical image classifi-
cation dataset that includes multiple modalities of images
such as ultrasound, X-rays, CT, and so on. The experiment
in this article mainly focuses on multi classification tasks, so
we selected DermaMNIST, RetinaMNIST, BloodMNIST, and
OrganaMNIST datasets to verify the proposed method.

PAD-UFES-20 [15] dataset contains 2298 skin disease im-
ages taken by various smartphones from 1373 patients. This
dataset involves 6 categories, including 3 types of skin cancer,
namely Squamous Cell Carcinoma (BCC), Squamous Cell
Carcinoma (SCC), and Melanoma (MEL); The other three
are skin diseases, namely actinic keratosis (ACK), seborrheic
keratosis (SEK), and nevus (NEV).

Fetal-Planes-DB [16] is a publicly available maternal fetal
ultrasound image dataset, which is a large dataset of routinely
collected maternal fetal screening ultrasound images collected
by several operators and ultrasound machines from two dif-
ferent hospitals. It contains 12400 images from six categories:
fetal abdomen, fetal brain, fetal femur, fetal thorax, material
cervix, and ’other’ category.

ISIC2018 [17] contains a large number of annotated skin
lesion images, which are suitable for training various classifi-
cation models. It contains skin images from 7 categories, with
a training dataset of over 10000 images and a validation and
testing set of 193 and 1512, respectively.

B. Experimental details

We tested the effectiveness of our method on 7 multi
class datasets, including DermaMNIST, RetinaMNIST, Blood-
MNIST, OrganaMNIST, PAD-UFES-20, ISIC2018, and Fetal-
Planes-DB. To ensure fairness in comparison, we set all images
to 224x224x3 before inputting them into the network. All
experiments are conducted on NVIDIA GeForce RTX 4090
GPU with a batch size of 16. We used the Adam optimizer
with a fixed learning rate of 0.001. The parameters A is set
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Some samples of experimental datasets.

to 0.7. We fixed the training epochs of MedMNIST dataset to
200 and other datasets to 300. For the MedMNIST dataset,
we recorded the percentages of Accuracy (ACC) metric and
Area Under the ROC Curve (AUC) metric of the model. For
other datasets, we recorded the percentages of precision (Pre),
sensitivity (Sens), specificity (Spe), Fl-score (F1) and ACC
metrics of the model to validate its effectiveness.

C. Results and analysis

In this section, we present the experimental results of the
proposed method on 7 publicly available datasets. In the
following text, ’ours (336)’ indicates that the first stage of
the model includes 3 stem blocks, the second stage includes
3 CHyA blocks, and the third stage includes 6 CHyA blocks.
The meanings expressed by (669) is the same as (336).

1) Results of MedMNIST dataset: The experimental re-
sults of our proposed method on the MedMNIST dataset are
presented in Table I. Compared to the well-known residual
network, our approach demonstrates significantly better per-
formance across multiple datasets, including DermaMNIST,
RetinaMNIST, BloodMNIST, and OrganaMNIST. Specifically,
our minimum model outperforms ResNet-50 (224) on the
MedMNIST dataset. Notably, the accuracy (ACC) of Der-
maMNIST achieved by our method exceeds the ResNet-18
(224) by 10.1%. Similarly, on the RetinaMNIST dataset,
both the AUC and ACC metrics of the method ours (336)
show significant improvements, increasing by 8.8% and 8%,
respectively.

When compare with state-of-the-art (SOTA) methods, our
proposed model demonstrates superior performance in both
AUC and ACC metrics. For instance, our method ours (669)
achieves 96.9% AUC and 85.5% ACC on the DermaMNIST
dataset, outperforming MedViTV2-L by 1.9% and 3.8%, re-
spectively. Additionally, our method ours (669) surpasses the
latest methods on the RetinaMNIST dataset, with AUC and
ACC reaching 84.4% and 64.8%, respectively, which repre-
sents improvements of 5.9% and 7% over existing approaches.

Similarly, our method achieves state-of-the-art performance on
the BloodMNIST and OrganaMNIST datasets.

2) Results of PAD-UFES-20 and ISIC2018 datasets: The
results of the PAD-UFES-20 dataset are shown in Table II.
Our smallest model ours (336) outperforms the currently best
performing Mamba models VMamba-T and MedMamba-T
in all five metrics and outperforms VMamba-T by 7% in
ACC metrics, while its parameters are also much smaller than
VMamba-T. Compared with the best performing MedViTV2-
T model, ours (669) model’s results exceeded 2.5%, 5.2%,
0.7%, 4.9%, and 4.1% in Precision, Sensitivity, Specificity,
F1 score, and ACC, respectively. Overall, our model achieved
competitive performance on the PAD-UFES-20 dataset. For
dataset ISIC2018, our model achieved the best results in
five metrics, surpassing the current best performing model
MedViTV2-T. It is worth noting that our smallest model ours
(336), with a parameter size of 11M, achieved competitive
results with a sensitivity of 78.2%, and ACC of 78.1%. In
addition, ours (336) model achieves the best classification
results among all compared SOTA models while maintaining
the lowest FLOPs.
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Fig. 3. Comparison results of different modules on three datasets.

V. ABLATION STUDY
A. Verify the effectiveness of CHyA block and DWDI

We recorded 5 metrics for three datasets, PAD-UFES-
20, RetinaMNIST, and Fetal-Planes-DB, under different mod-
els and loss functions: precision(Pre), sensitivity(Sen), speci-
ficity(Spe), Fl-score(F1), AUC, and ACC. MBConv+CE rep-
resents we use MBConv block as the basic structure and cross
entropy loss function to train the model, CHyA+CE means
the basic structure of the feature extraction framework and use
the cross entropy loss function, and CHyA+DWDI represent
we use the proposed CHyA block and the proposed DWDI
loss function. From the results shown in Fig. 3, the values
of the bar charts for each indicator gradually increase from
left to right, especially for the precision and F1 score of the
RetinaMNIST dataset, which exhibit a clear upward trend. In
addition, the F1 score and AUC of PAD-UFES-20 also showed
an increasing trend and reached their maximum values on the
CHyA+DWDI model. This indicates that our method has a
certain degree of competitiveness compared to MBConv, and



TABLE I
THE RESULTS OF PROPOSED METHOD ON MEDMNIST DATASET.

Methods DermaMNIST | RetinaMINIST | BloodMNIST | OrganaMNIST

AUC | ACC | AUC | ACC | AUC | ACC | AUC | ACC

ResNet-18(28) [27] 91.7 73.5 71.7 524 | 99.8 | 95.8 | 99.7 93.5

ResNet-18(224) [27] | 92.0 75.4 71.0 | 493 99.8 | 963 | 99.8 95.1

ResNet-50(28) [27] 91.3 73.5 72.6 | 52.8 99.8 | 963 | 99.7 93.8

ResNet-50(224) [27] | 91.2 73.1 71.6 | 51.1 99.8 | 963 | 99.7 94.0

auto-sklearn [28] 90.2 71.9 69.0 | 515 973 | 90.7 | 983 89.6

AutoKeras [29] 91.5 74.9 719 | 50.3 99.8 | 96.2 | 99.7 93.7

MedViTV1-L [3] 92.0 773 754 | 552 | 99.8 | 96.5 | 99.8 95.1

MedMamba-B [2] 92.5 75.7 71.5 553 999 | 983 | 999 96.4

MedViTV2-L [26] 95.0 81.7 78.5 57.8 99.9 | 98.7 | 999 97.3

Ours (336) 96.7 84.6 814 | 60.8 999 | 993 | 999 96.7

Ours (669) 96.9 85.5 844 | 648 | 999 | 994 | 99.9 97.4

TABLE I
THE RESULTS OF PROPOSED METHOD ON PAD-UFES-20 AND ISIC2018 DATASET.
Methods PAD-UFES-20 ISIC2018 Param | FLOPs
Pre | Sens | Spe F1 ACC | Pre | Sens | Spe Fl1 ACC

Swin-T [18] 382 | 41.1 | 90.6 | 39.5 | 60.5 | 60.7 | 66.1 | 91.5 | 619 | 66.1 | 27.5M 4.5G
ConvNext-T [19] 372 | 33.6 | 889 | 337 | 543 | 653 | 67.1 | 91.6 | 632 | 67.1 | 27.8M 4.5G
Mobilevitv2-200 [20] | 339 | 329 | 88.0 | 322 | 499 | 664 | 68.1 | 920 | 652 | 68.1 | 17.4M 5.6G
EdgeNext-base [21] 350 | 364 | 899 | 346 | 576 | 643 | 67.7 | 91.7 | 645 | 67.7 | 17.9M 2.9G
Nest-tiny [22] 499 | 455 | 913 | 423 | 635 | 67.6 | 69.1 | 91.3 | 642 | 69.1 | 16.7M 5.8G
Mobileone-s4 [23] 359 | 322 | 879 | 323 | 493 | 700 | 722 | 93.0 | 70.0 | 722 | 12.9M 3.0G
Cait-xxs36 [24] 37.1 | 37.8 | 90.0 | 37.0 | 58.6 | 56.6 | 639 | 90.1 | 68.4 | 639 | 17.1M 3.8G
VMamba-T [25] 532 | 40.6 | 90.0 | 41.6 | 593 | 70.5 | 725 | 92.8 | 703 | 725 | 22.1M 44G
MedMamba-T [2] 384 | 369 | 899 | 358 | 588 | 722 | 741 | 934 | 723 | 740 | 14.5M 4.5G
MedViTVI-T [3] 533 | 598 | 904 | 56.2 | 59.8 | 71.5 | 724 | 924 | 694 | 724 | 31.IM | 11.7G
MedViTV2-T [26] 63.6 | 625 | 91.7 | 612 | 63.6 | 76.1 | 77.1 | 944 | 762 | 77.1 | 12.3M 5.1G
Ours (336) 645 | 66.6 | 913 | 642 | 663 | 775 | 782 | 94.6 | 773 | 78.1 | 11.0M 2.9G
Ours (669) 66.1 | 67.7 | 924 | 66.1 | 67.7 | 77.7 | 78.6 | 945 | 77.5 | 78.6 | 18.1M 5.8G

also verifies that our proposed DWDI loss function has a good
effect on alleviating data imbalance problems.

B. Results of different \

We determined the optimal A\ values on four datasets:
BloodMNIST, DermaMNIST, RetinaMNIST, and OrganaM-
NIST, and applied the results to other datasets. We record the
indicator changes of A from O to 1 at intervals of 0.1. Fig.
4 shows the results of AUC and ACC for four datasets with
different A values. From the line graph, we can observe that the
performance of the two indicators is the worst when A value
is 0. When A value is 0.1, AUC and ACC show significant
improvement on the three datasets of DermaMNIST, RetinaM-
NIST, and OrganaMNIST, but there is no significant change in
the AUC indicator of BloodMNIST. As A gradually increases,
the ACC index of the four datasets shows a certain fluctuation
trend, while the AUC index is relatively stable. It should be
noted that when the value of A is 0.7, all indicators except
for the AUC of DermaMNIST and the ACC of RetinaMNIST
reach their maximum values. Therefore, this article decides to
use 0.7 as the value of A and apply it to all datasets.
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Fig. 4. Comparison results of different A values on four datasets.

C. Verify the effectiveness of DWDI on minority category

We calculated the classification results of the category
with the least number of images in datasets Fetal-Planes-DB
(Fetal), RetinaMNIST (Retina), and PAD-UFES-20 (PAD). We



TABLE III
THE RESULTS OF MINORITY CATEGORY.

Method Fetal Retina PAD
ACC F1 ACC | FI ACC | F1
CHyA+CE 90.8 | 91.6 | 62.5 | 30.7 | 54.5 | 46.1
CHyA+DWDI | 924 | 92.0 | 633 | 334 | 562 | 473

calculated the ACC and F1-score (F1) for the Fetal abdomen
category in dataset Fetal-Planes-DB, the number 4 category in
dataset RetinaMNIST, and the MEL category in dataset PAD-
UFES-20, As shown in Table III, our method has improved
the classification performance of minority classes to a certain
extent compared to CE loss.

VI. CONCLUSION

In this paper, we proposed a lightweight block and uses it
as the infrastructure to design a feature extraction network for
the classification task of medical images. At the same time, a
novel loss function is proposed to alleviate the problem of data
imbalance. We conducted experiments on 7 publicly available
datasets and compared our proposed method with the SOTA
method. Our method outperforms existing methods in terms
of metrics, and the parameters of the model maintain a certain
level of competitiveness.
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