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Abstract: In this paper, we present a new approach about the integration Self-Supervised Learning with nonlinear
Classifiers in Lightweight Swin Transformer (SSLnC—-LSwinT) for improving performance of X-ray image classification.
Our approach leverages unlabeled data to address the issue of labeled data scarcity in the medical field by using self-
supervised learning (SSL) to extract features. One of our key contributions is the introduction of the Lightweight SwinT
architecture, a more lightweight variant of SwinT, designed to enhance computational efficiency, reduce model complexity,
and shorten training time. To further improve classification efficiency, we propose the integration of a nonlinear classifier
instead of a linear classifier in Lightweight SwinT. The experimental results underscore our contributions, demonstrating
significant reductions in model training time and notable improvements in classification performance. Our proposed method,
which integrates SSL based on LSwinT with a nonlinear LightGBM classifier, achieves an accuracy of up to 87%, improving
by 1.8% over the non-LightGBM SwinT version and reducing training time significantly (3:23:00 vs. 7:37:29) compared
to the original SwinT architecture.

Keywords: Self-supervised learning, X-ray image, swin transformer, multi-class classification

Tiéu dé:  Tich hgp hoc tu gidm sat véi thuit toan phan 16p phi tuyén trong kién tric Lightweight Swin Transformer dé
phan 16p hinh anh X-quang

Tém tat: Trong bai bao nay, ching t6i trinh bay mot phucng phdp mdi vé tich hop hoc tu giam sit (SSL) véi thuit toan phan
16p phi tuyén trong kién tric Lightweight Swin Transformer (SSLnC—LSwinT) nham cai thién hiéu qua phan 16p dnh
X-quang. Phuong phap clia chiing t6i nham khai thac dif liéu chua dugc gan nhan dé giai quyét van dé khan hiém dit
liéu ¢6 nhén trong linh vic y t& bing cdch tiép can hoc tu gidm sit d& hoc va trich xudt dic trung. Mot trong nhiing
déng gop quan trong ciia chiing toi 1a gidi thidu kién triic Lightweight SwinT, mot bién thé ctia SwinT véi kién tric
don gian hon, dugc dé xuét nhim nang cao hiéu qua tinh toan, giam d¢ phifc tap ctia mé hinh va rit ngin thoi gian
huén luyén. D€ cai thién hiéu qui phan I6p, ching toi dé xuit tich hgp thuat toan phan 16p phi tuyén thay vi b phan
16p tuyén tinh trong Lightweight SwinT. Két qua thuc nghiém nhin manh cic déng gép clia chiing tdi, v6i sy gidm
déng ké thoi gian huén luyén mo hinh va cdi thién dang ké hiéu qua phan 16p. Phuong phap dé xuét, két hop SSL
dua trén LSwinT vdi thuat toan LightGBM, dat do chinh xdc 87%, ting 1,8% so véi phién ban SwinT khong st dung
LightGBM va giam déng ké thoi gian huin luyén (3:23:00 so véi 7:37:29) so vdi kién triic SwinT ban diu.

Tu khoa:  Self-supervised learning, X-ray image, swin transformer, multi-class classification

I. INTRODUCTION role in diagnosing and monitoring Covid-19 patients. CXR
images are also essential in diagnosing lung diseases due to

The Covid-19 pandemic has caused global devastation, their ability to provide detailed images of lung structures.
with millions of cases and deaths reported by the World  They primarily help detect abnormalities, enabling doctors
Health Organization. Countries worldwide have faced over- to identify and assess lung conditions such as tumors, nod-

whelmed healthcare systems and limited resources. In this ules, infections, or injuries. The X-ray method is preferred
context, chest X-ray (CXR) images have played a crucial over other imaging methods for diagnosing lung diseases
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because it is significantly more cost-effective than technolo-
gies like MRI or PET, making it a more economical choice
for both patients and healthcare facilities. Additionally,
radiographs are widely available and accessible at various
healthcare settings, from large hospitals to small clinics.
Despite their usefulness, diagnosing lung diseases with X-
rays involves a risk of misdiagnosis, largely dependent on
the skill and experience of the radiologist. Therefore, incor-
porating supportive technologies like artificial intelligence
is crucial to enhance accuracy and reduce errors in X-ray
image diagnosis.

The emergence of Convolutional Neural Networks
(CNNs) has significantly contributed to computer vision,
particularly in medical image classification and aiding dis-
ease diagnosis from medical images [1]. CNNs transformed
image classification and recognition tasks by learning fea-
tures through convolutional and fully connected layers,
significantly improving diagnostic accuracy for conditions
seen in X-rays and MRIs [2]. Vision Transformers (ViT) [3]
introduced the self-attention mechanism, originally devel-
oped for natural language processing, to image processing.
Swin Transformer (SwinT) [4] was designed to address the
limitations of ViT, such as handling large images and im-
proving computational efficiency. It designs a hierarchical
structure to capture features at various levels, enhancing the
analysis of complex image details. Both ViTs and SwinT
have been extensively studied in medical image analysis
[5]. However, supervised learning approaches using CNN's
or ViT face significant drawbacks, primarily the need for
large labeled datasets, which can be expensive and time-
consuming to obtain.

Self-supervised learning is a machine learning method
that leverages unlabeled data to learn features and pat-
terns, enhancing the ability to understand and classify data
without human intervention in labeling. This method has
achieved significant milestones and increased efficiency
in natural image classification [6]. It implements various
backbones in its architecture, such as CNNs [7], ViT [8],
and SwinT [9]. By effectively utilizing unlabeled data and
fine-tuning it with a small labeled dataset, this approach
provides notable assistance in the medical field [10], where
labeled data is scarce and data labeling costs are high.
In [11], Mathilde Caron et al. explored how SSL with
ViT. DINO, a self-distillation method using a student-
teacher framework, enables ViT-Base to achieve 80.1% top-
1 accuracy on ImageNet. The authors proposed MoCo-CXR
[12], an adaptation of Momentum Contrast (MoCo) for
improving CXR pathology detection. Models using MoCo-
CXR-pretrained representations outperform those without,
enhancing AUC on the smaller Shenzhen tuberculosis
dataset. The authors proposed CheSS, a SSL method for
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CXR models, trained on a dataset of 4.8 million X-ray
images [13]. CheSS achieved a 28.5% increase in accuracy
for internal 6-class disease classification and a 1.3% mean
AUC improvement on the CheXpert dataset, with an 11.4%
increase using 1% of the data.

Our research introduces a new method to enhance CXR
image classification while reducing model complexity and
training time. The proposed Lightweight SwinT architecture
(LSwinT), which is based on SwinT, significantly reduces
training duration due to its simpler design, making it suit-
able for deployment in resource- and energy-constrained en-
vironments. For the goal of improving model performance,
SSL is used with unlabeled CXR images to extract features
from abundant unlabeled data, addressing the scarcity of
labeled data in medical fields. Additionally, nonlinear clas-
sifiers are integrated instead of linear ones during the super-
vised learning phase with labeled data. Nonlinear classifiers
effectively handle complex data and deliver high accuracy.
The obtained results show that the nonlinear fine-tuned
SSL pre-trained model outperforms the linear fine-tuned
ImageNet pre-trained model. The findings also highlight
that our proposed method, which leverages contributions
from unlabeled X-ray images with SSL on LSwinT and the
integration of a nonlinear classifier, enhances classification
performance. Training time is significantly reduced with
the LSwinT architecture combined classifiers compared to
SwinT model.

The paper is organized as follows: Section II reviews
prior research on lung disease classification using X-ray
images. Section III describes our proposed method. Section
IV details the experimental results, and Section V summa-
rizes the findings and suggests future research directions.

II. RELATED WORK

In analysis of CXR images, recent research has focused
on developing machine learning and deep learning methods
to improve diagnostic accuracy for various pathologies. In
[14], the Stanford University team developed CheXNeXt,
a 121-layer DenseNet CNN for detecting 14 pathologies,
including pneumonia and pleural effusion, in CXR images.
Their algorithm matches board-certified radiologists in de-
tecting multiple thoracic pathologies. Chen K.C et al. pre-
sented a diagnostic system for pediatric lung diseases using
CXR images [15]. A YOLOv3 model crops the lung field,
and three multi-classification methods were compared. The
system detects abnormalities with 92.47% accuracy and
identifies specific conditions with accuracies ranging from
71.94% to 85.71%. The study in [16] proposed an approach
to improve multi-label CXR classification using the Chest
X-ray 14 dataset. By combining visual vectors from a
fine-tuned ConvNeXt network with semantic vectors from



BioBERT and using a dual-weighted metric loss function,
the model achieved an average AUC score of 0.826.

For diagnosing Covid-19 from CXR images, the au-
thors in [17] proposed the CNN-ELM framework, which
combines lightweight parallel CNN feature extraction with
the classification power of the extreme learning machine
algorithm. It achieved 90.92% accuracy and a 96.93% AUC
for 17 classes. The research in [18] aimed to detect diseases
from CXR images of Covid-19 patients, pneumonia pa-
tients, and healthy individuals using a hybrid feature extrac-
tion network named D3SENET. Feature vectors extracted
by CNN models were reduced using feature selection algo-
rithms and classified using SVM. The study [19] trained
classifiers using features from a fine-tuned Momentum
Contrast model with Resnet backbones. The results showed
an accuracy increase of 1.5% to 4.8% compared to those
achieved by MoCo with only fine-tuned the linear layer.
In [20], Zahid Ullah et al. proposed a multi-task semi-
supervised learning (MTSSL) framework using publicly
available data from pneumonia, lung opacity, and pleural
effusion tasks with the CheXpert dataset. They integrated
an adversarial autoencoder within their MTSSL framework
to enhance feature learning and maximize the benefits
of multi-task learning. The authors in [21] proposed the
classification method of X-ray images with three steps:
pre-processing, feature extraction using HOG and LBP,
and classification with different classifiers. This method
achieved 98% classification accuracy.

The Vision Transformer has been specifically highlighted
for its application in X-ray image classification [22]. In [23],
the authors proposed the Input Enhanced Vision Trans-
former (IEViT) that improved performance on CXR images
with various pathologies. Experiments on four datasets
(tuberculosis, pneumonia, Covid-19) showed that IEViT
outperformed ViT, achieving Fl-scores between 96.39%
and 100%, with up to a +5.82% improvement over ViT.
The study in [24] compared various optimization methods
for ViT models in predicting lung diseases from a dataset of
19,003 CXR images. The optimization method with RAdam
achieved 95.87% accuracy with ViT on balanced classes,
while FastViT with NAdam reached 97.63% accuracy on
imbalanced classes. In [25], the authors assessed interpre-
tation methods for ViTs in CXR classification. Layerwise
Relevance Propagation outperforms other methods, offering
better insights into ViT learning. Lan Huang et al. proposed
a method to improve ViT for CXR image analysis by adding
a sliding window approach for better lesion detection, an
attention region module, and a parallel network for patient
metadata integration [26]. The model achieved an average
AUC of 0.831, with sensitivity of 0.863, specificity of
0.821, and accuracy of 0.834 in diagnosing 14 diseases. In
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[27], the authors introduced a hybrid workflow combining
an ensemble five CNNs with a Transformer encoder for
disease identification.

Self-supervised learning is seen as a promising approach
with significant contributions to medical image classifi-
cation, including X-rays, by leveraging large amounts of
unlabeled data to learn features [10, 28]. In [29], CheXzero,
a deep learning model via SSL developed by Stanford
University’s research team, automates the detection and
classification of thoracic pathologies in CXR images. It
outperforms fully supervised models in external validation
by detecting three out of eight pathologies and generalizing
well across various tasks and datasets. In [30], the authors
introduced DINO-CXR, an adaptation of DINO using a
vision transformer for CXR classification. It outperforms
its compared methods in accuracy, AUC and F1 scores,
and requires less labeled data. In [31], Jingfeng Yao et al.
presented EVA-X, a SSL model that effectively captures
semantic and geometric features from unlabeled X-rays. It
excels in detecting over 20 chest diseases and performs
well in 11 medical tasks, reducing the need for annotated
data. In [32], the authors proposed a new self-supervised
transfer learning approach for detecting Covid-19 from
CXR images. The method outperformed six SSL methods
and six pretrained DCNNs, achieving high scores: AUC
0.999 and four-class accuracy 0.953 on the Covid-19 CXR
dataset.

III. METHOD OF X-RAY IMAGE CLASSIFICA-
TION

1. MoBY Self-Supervised Learning

The MoBY method was introduced by Zhenda Xie et al.
in [9] with the Swin Transformer (SwinT) as the backbone
of the architecture. The SwinT architecture is hierarchically
structured with varying transformer block numbers at each
stage. Stage 1 uses 2 blocks to process 4 x4 image patches,
generating basic features. Stage 2, with 2 blocks, captures
localized interactions in downsampled features. Stage 3
significantly expands in complexity with 6 blocks for high-
level feature extraction from further downsampled maps.
Stage 4, with 2 blocks, refines these features for final
classification. MoBY combines the strengths of MoCo v2
[7] and BYOL [33]. The architecture of MoBY includes
an online encoder and a target encoder. The target encoder
consists of a backbone and a projector, while the online
encoder is similarly designed but includes an additional
predictor. The online encoder undergoes updates through
gradient-based optimization, whereas the target encoder is
updated by taking a moving average of the parameters
from the online encoder. The architecture inherits several
key elements from MoCo v2, including its momentum
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design, key queue, and the use of the contrastive loss
function InfoNCE, all of which contribute to robust feature
representation learning. The loss function measures the
similarity of image pairs, aiming to maximize the similarity
between positive pairs and minimize it between negative
pairs. Positive image pairs are formed by applying two data
augmentation techniques on the same image, and the loss
function aims to bring their representations closer together
to minimize their distance. Negative image pairs comprise
dissimilar images, and the loss function maximizes their
distance. Additionally, MoBY incorporates aspects from
BYOL, such as the use of asymmetric encoders, a variety of
data augmentation techniques, and a momentum scheduler.

In this paper, we propose a new approach with SSL
based on a simplified architecture of SwinT. Our goal is to
leverage the strengths of SSL to extract features from un-
labeled medical data, particularly X-ray images. Given the
limited dataset and training resources, we propose new ar-
chitectures based on the SwinT architecture by reducing the
number of blocks in each stage. We introduce Lightweight
SwinT (LSwinT) with two versions: LSwinT1, with 1 block
per stage, and LSwinT2, with 2 blocks per stage. Reducing
the model size enhances computational efficiency. This
approach reduces both training and inference times, making
it suitable for resource-constrained environments.

2. Self-Supervised Learning with nonlinear Classifiers
in Lightweight Swin Transformer (SSLnC-LSwinT)

The algorithm SSLnC—-LSwinT (as illustrated in Fig. 1
and Algorithm 1) unfolds in a structured sequence com-
prising three distinct stages. Initially, in the SSL phase, the
model is set up with Encopline and Enciage, both based on
backbone like the LSwinT architecture. During training, the
model processes the unlabeled dataset Dypiabeled Where data
augmentation techniques such as cropping, flipping, jitter,
grayscale, and GaussianBlur, are employed to generate pos-
itive pairs. The InfoNCE loss function guides the updates
for Encopline, While Encyyrge is refined using a momentum-
based approach with a parameter m. The parameters for
this step are set to 300 epochs, learning rate (0.001),
weight decay (0.05), and momentum (0.99). This results
in the creation of Model;. In the subsequent fine-tuning
stage, Model; is utilized with its backbone frozen to train
a linear classifier on the labeled datasets, which include
Drrain and Dyaiiq- The performance of this fine-tuned model,
referred to as Model,, is then evaluated its effectiveness
through Dy Instead of freezing Backbone Model; and
training the classifier layer, we extract its features and train
a nonlinear classifier. The nonlinear classifier is integrated
as a replacement for the linear classifier in the Lightweight
Swin Transformer, allowing us to leverage its capabilities

Algorithm 1: Self-supervised learning with

nonlinear classifiers in LSwinT

1 Inputs: Dyniaveted, Diaveled: (Dirain, Dvalids Drest)
Classifiers: (LightGBM, XGBoost, CatBoost), m:
momentum

2 Outputs: Model;, Model,, classifier models

3 begin

4 Phase 1: Self-Supervised Learning

5 Initialize model

6 Enconline

7 | EncCiarge

8 for each epoch do

9 for each minibatch in D, iupeleq dO

10 Update Encopine

11 Update Enciager using momentum:

12 Encarget = m - EnCrarger + (1—m)-EnContine
13 end

14 end

15 Output 1: Model,

16 Phase 2: Supervised Learning

17 Load Model; from Phase 1

18 Fine-tuning

19 Freeze Model; backbone

20 Train the linear classifier on Dypeled
21 Output 2: Model,

22 Phase 3: Integrating Nonlinear Classifiers
23 Feature extraction

24 Model, <— Model, removed the last layer
25 for each set € {Dyain, Dyatid> Drest} do

26 ‘ D' (features,labels) < Model;(set)
27 end

28 Training nonlinear classifiers

29 for each classifier clf € Classifiers do

30 ‘ Train clf on D’(features,labels)

31 end

32 Output 3: classifier models

33 end

to enhance classification efficiency. The final stage focuses
on integrating a nonlinear classifier. In this step, Model,
is used to extract features from the labeled datasets Dyyqin,
Dhyatid> and Dyege by removing its final linear layer. Various
nonlinear classifiers, including LightGBM, XGBoost, and
CatBoost, are then trained on these extracted features with
learning rate (0.23) and deepth (8). The performance of
each classifier is evaluated using Dieg.

3. Nonlinear classifiers

LightGBM, short for Light Gradient Boosting Machine,
is a highly efficient gradient boosting framework developed
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Figure 1. Diagram of SSLnC-LSwinT for chest X-ray image classification.

by Microsoft [34]. It is designed to be fast, distributed,
and capable of handling large datasets with high accu-
racy. LightGBM used a novel technique called Gradient-
based One-Side Sampling (GOSS) and Exclusive Feature
Bundling (EFB) to significantly improve the training speed
and reduce memory usage. GOSS selectively retains in-
stances with large gradients to maintain the accuracy,
while EFB bundles mutually exclusive features to reduce
the number of features. This results in faster computation
without compromising model performance.

XGBoost [35], which stands for Extreme Gradient Boost-
ing, is a highly efficient machine learning algorithm op-
timized for speed and performance. Developed by Tiangi
Chen, XGBoost enhances traditional gradient boosting by
incorporating a variety of advanced features. These include
regularization to prevent overfitting, parallel processing
to speed up computations. XGBoost also supports tree
pruning and built-in cross-validation, which contribute to
its robust performance. The algorithm can handle large
datasets with high dimensionality and is highly scalable,
making it suitable for complex tasks.

CatBoost [36] is an effective gradient boosting algorithm
developed by Yandex, optimized for efficiently handling
categorical features. Unlike traditional gradient boosting
methods that often require preprocessing of categorical
data, CatBoost incorporates categorical variables directly
into its training process. This method helps to prevent
overfitting by using permutation-driven target statistics for
categorical features. CatBoost also leverages symmetric
trees and gradient-based optimization to enhance model
accuracy and reduce training time.

4. Chest X-Ray image data set

Our study about SSLnC—-LSwinT used two datasets:
an unlabeled one from the CheXpert dataset, containing

173

Table I
DATASET OF CHEST X-RAY IMAGES.

Label ‘ Trainset ‘ Validset ‘ Testset ‘
Normal 18,425 3,949 3,948
Covid-19 14,252 3,054 3,054
Edema 23,240 4,980 4,980
Mass-nodule 4,077 873 874
Pneumothorax 9,303 1,993 1,994

AL

(c) edema

2

(a) normal (e) pneumothorax

(b) covid-19

(d) mass_nodule

Figure 2. Sample of chest x-ray images for each class

over 200,000 X-ray images, with 120,000 images used for
training the MoBY model, and a labeled dataset with 98,996
images across five classes (normal, Covid-19, edema, mass
nodule, pneumothorax) from various sources as in [19].
Both datasets were resized to 224x224 pixels. The labeled
dataset was divided into three subsets that include training
(70%), validation (15%), and test (15%). Details are in
Table I, and visual examples are shown in Fig. 2.

IV. EXPERIMENTAL RESULTS

A Python program was developed for SSLnC—LSwinT
in CXR image classification, utilizing SSL and fine-tuning
with SwinT and LSwinT architectures. Scikit-learn [37] and
PyTorch [38] were used for implementation. Experiments
were conducted on a computer running Ubuntu 22.04.3,
equipped with an AMD® Ryzen 9 5900x 12-core processor,
32 GB of RAM, and an NVIDIA GeForce GTX 1080 Ti
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Table 11
ACCURACY AND TRAINING TIME FOR DIFFERENT MODELS.
Model Accuracy (%) | Training Time
(hh:mm:ss)
MI-SwinT 81.8 07:31:47
MI-SwinT+LightGBM 85.3 07:34:52
MI-SwinT+CatBoost 84.2 08:59:30
MI-SwinT+XGBoost 85.0 07:45:29
MS-SwinT 85.2 07:37:29
MS-SwinT+LightGBM 87.2 07:40:35
MS-SwinT+CatBoost 86.4 09:05:08
MS-SwinT+XGBoost 87.0 07:51:09
MS-LSwinT1 82.6 03:20:00
MS-LSwinT1+LightGBM 87.0 03:23:00
MS-LSwinT1+CatBoost 86.5 04:49:04
MS-LSwinT1+XGBoost 87.1 03:34:18
MS-LSwinT2 84.1 05:59:02
MS-LSwinT2+LightGBM 87.0 06:02:03
MS-LSwinT2+CatBoost 86.3 07:13:35
MS-LSwinT2+XGBoost 86.9 06:12:58

featuring 11 GB of GDDR5X memory and 3584 CUDA
cores.

The SwinT architecture comprises four stages with the
following number of blocks: Stage 1 has 2 blocks, Stage
2 has 2 blocks, Stage 3 has 6 blocks, and Stage 4 has 2
blocks. Our proposed LSwinT architecture has two versions:
LSwinT1, with 1 block per stage, and LSwinT2, with 2
blocks per stage. MI-SwinT is fine-tuned from the ImageNet
pretrained model using the SwinT architecture, while MS-
SwinT is fine-tuned from a SSL model on unlabeled
X-ray images using the same architecture. MS-LSwinT1
and MS-LSwinT?2 are fine-tuned from a pretrained MoBY
model with different architectures; MS-LSwinT1 uses the
LSwinT1 architecture, and MS-LSwinT2 uses the LSwinT2
architecture.

The experimental results of the four models (MI-SwinT,
MS-SwinT, MS-LSwinT1, and MS-LSwinT2) are shown
in Tab. II and Fig. 3. MS-SwinT achieves the highest
performance with an accuracy of 85.2%, outperforming MI-
SwinT, which has an accuracy of 81.8%. This indicates that
SSL on unlabeled X-ray images provides a significant ad-
vantage over pre-training with ImageNet for fine-tuning the
linear classifier. MS-LSwinT1, with an accuracy of 82.6%,
performs slightly better than MI-SwinT, highlighting the
effectiveness of the LSwinT architecture even with fewer
blocks. MS-LSwinT?2, achieving an accuracy of 84.1%, also
demonstrates superior performance compared to MI-SwinT
but lower than MS-SwinT.
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Figure 3. Accuracy and Training time for different models.

Integrating MS-LSwinT1 and MS-LSwinT2 as feature
extractors with various nonlinear classifiers results in no-
table performance improvements in accuracy, showing no
difference compared to MS-SwinT combined with non-
linear classifiers. Combining MS-SwinT with a classifier,
LightGBM achieves the highest accuracy at 87.2%. XG-
Boost comes close with 87%, while CatBoost shows a
slightly lower accuracy of 86.4%. When MS-LSwinT1 is
paired with nonlinear classifiers, accuracy improves sub-
stantially. XGBoost performs well, reaching 87.1%, fol-
lowed by LightGBM at 87.0% and CatBoost at 86.5%.
Similarly, MS-LSwinT2’s accuracy is markedly improved
when combined with nonlinear classifiers, with the highest
increase observed using LightGBM (+2.9%), followed by
XGBoost (+2.8%), and CatBoost (+2.2%). These findings
underscore that both MS-LSwinT1 and MS-LSwinT?2, when
paired with nonlinear classifiers, lead to enhanced feature



utilization and superior classification performance.

Training time for 100 epochs of fine-tuning a linear
classifier reveals distinct differences among these mod-
els (see Tab. II and Fig. 3 with the red line). MI-
SwinT and MS-SwinT, both utilizing the SwinT architec-
ture, have nearly identical training times of 07:31:47 and
07:37:29, respectively. In contrast, the LSwinT architec-
tures demonstrate significantly shorter training times, with
MS-LSwinT1 completing in 03:20:00 and MS-LSwinT2
in 05:59:02. This difference highlights the efficiency of
LSwinT architectures, likely due to their lightweight design,
which reduces computational complexity and speeds up
training and inference. The LSwinT models is particularly
beneficial in resource-limited scenarios.

The training time reveals notable variations across mod-
els combined with boosting algorithms. For MS-SwinT,
there are slight increases in training time when combined
with LightGBM (07:40:35) and XGBoost (07:51:09). How-
ever, CatBoost significantly extends the training time to
09:05:08. Comparing the lightweight models, MS-LSwinT1
exhibits the shortest training time of 03:20:00. Incorporat-
ing boosting algorithms results in minimal time increases
for LightGBM (03:23:00) and XGBoost (03:34:18), but a
substantial increase with CatBoost, reaching 04:49:04. Sim-
ilarly, MS-LSwinT?2 requires 05:59:02 to train, with slight
time increases for LightGBM (06:02:03) and XGBoost
(06:12:58), while CatBoost again results in the longest
training time at 07:13:35.

The results shows that combining MS-LSwinT1 and MS-
LSwinT2 with classifiers, such as LightGBM, CatBoost,
and XGBoost, leads to improved performance, aligning
closely with MS-SwinT combined with the same classi-
fiers. For example, MS-LSwinT1 with LightGBM achieves
87% accuracy, closely matching the 87.2% of MS-SwinT
with LightGBM. MS-LSwinT14+XGBoost reaches 87.1%,
which is nearly identical to MS-SwinT+XGBoost’s 87%.
Similarly, MS-LSwinT2 with these classifiers shows com-
parable performance, with MS-LSwinT2 using LightGBM
and XGBoost achieving 87% and 86.9%, respectively.
Combining MS-LSwinT1 and MS-LSwinT2 with classifiers
shows no performance difference compared to MS-SwinT
with the same classifiers, while significantly reducing
training time. Specifically, MS-LSwinT1 using LightGBM
trains in 03:23:00, over four hours faster than MS-SwinT
with LightGBM, which takes 07:40:35. Similarly, MS-
LSwinT1 with XGBoost finishes in 03:34:18, compared to
07:51:09 for MS-SwinT with XGBoost. Even MS-LSwinT2
shows time reductions, with training times of 06:02:03
using LightGBM and 06:12:58 with XGBoost, compared
to 07:40:35 and 07:51:09 for the MS-SwinT model. These
results highlight the efficiency of the lightweight architec-
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tures combined with nonlinear classifiers, delivering similar
accuracy with significantly reduced training times.

The combination of MS-LSwinT1 with different clas-
sifiers demonstrates the accuracy improvement compared
to MS-SwinT. Specifically, MS-LSwinT1 with LightGBM
shows an accuracy increase of 1.8%, reaching 87%, com-
pared to the 85.2% accuracy of MS-SwinT. Similarly,
the combination of MS-LSwinT1 with CatBoost results
in a 1.3% improvement. The most significant increase is
observed with MS-LSwinT1 and XGBoost, which delivers
a 1.9% increase, resulting in an accuracy of 87.1%. These
improvements highlight the effectiveness of integrating
lightweight models with advanced classifiers to enhance
overall performance.

V. CONCLUSION AND FUTURE WORKS

In this paper, we introduce an innovative approach
that combines Self-Supervised Learning with nonlinear
classifiers in the Lightweight Swin Transformer (SSLnC-
LSwinT) to enhance X-ray image classification perfor-
mance. By leveraging unlabeled data, our method addresses
labeled data scarcity in the medical field through SSL
to learn features. We present the LSwinT architecture, a
lightweight variant of SwinT, designed to improve compu-
tational efficiency, reduce model complexity, and shorten
training time. Integrating a nonlinear classifier instead of
a linear one further boosts classification efficiency. The
study results demonstrate the effectiveness of our proposed
approach. Fine-tuning a linear classifier for 100 epochs,
MS-SwinT model takes 07:37:29, while LSwinT architec-
tures are faster: MS-LSwinT1 at 03:20:00 and MS-LSwinT2
at 05:59:02. Results show that using MS-LSwinT1 with
nonlinear classifiers enhances accuracy as MS-SwinT but
with significantly reduced training time. The base MS-
LSwinT1 model achieves 82.6% accuracy, which increases
to 87.1% with XGBoost. The XGBoost provides the largest
boost at +1.9%, followed by LightGBM at +1.8% compared
to MS-SwinT.

Future work may incorporate clinical metadata to im-
prove model performance and explore SSL techniques for
on clinical metadata.
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