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Exploiting Data Augmentation Strategies to Improve the
Classification of Spinal Disorders in X-Ray Images

Explorando Estratégias de Aumento de Dados para Melhorar a Classificacao de
Disturbios da Coluna Vertebral em Imagens de Raios X
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Abstract: Spinal disorders affect a significant portion of the population and are a growing concern for healthcare
authorities due to their potentially debilitating consequences. In this context, computer vision techniques offer
a promising path for rapid diagnosis, but they often require large datasets to train robust and reliable models.
However, public datasets that can support the training of such models are scarce. To address this, we explored
the application of advanced data augmentation strategies, namely CutMix, CutOut, and MixUp, combined with
standard augmentation techniques to improve the performance of deep learning models in classifying X-ray
images into three categories: (i) healthy, (ii) scoliosis, and (iii) spondylolisthesis. We applied these techniques
by training the ResNet-50, Vision Transformer (ViT), and Swin Transformer V2 architectures, evaluating their
effectiveness for this task. Our experiments revealed that the combination of ViT architecture and CutMix
augmentation achieved the highest accuracy, with a performance of 0.9882.
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Resumo: Os disturbios da coluna afetam uma parte significativa da populagédo e sdo uma preocupacao
crescente para as autoridades de saude devido as suas potenciais consequéncias debilitantes. Nesse contexto,
técnicas de visdo computacional oferecem um caminho promissor para diagnésticos rapidos, mas muitas vezes
exigem grandes conjuntos de dados para treinar modelos robustos e confiaveis. No entanto, conjuntos de dados
publicos que possam sustentar o treinamento desses modelos sdo escassos. Para contornar essa limitacao,
exploramos a aplicagao de estratégias avangcadas de aumento de dados, a saber, CutMix, CutOut e MixUp,
combinadas com técnicas padrao de aumento para melhorar o desempenho de modelos de deep learning na
classificacao de imagens de radiografias em trés categorias: (i) saudavel, (ii) escoliose e (iii) espondilolistese.
Aplicamos essas técnicas treinando as arquiteturas ResNet-50, Vision Transformer (ViT) e Swin Transformer V2,
avaliando sua eficacia para essa tarefa. Nossos experimentos revelaram que a combinacao da arquitetura ViT
com a técnica de aumento CutMix obteve a maior precisédo, com um desempenho de 0.9882.
Palavras-Chave: Distlrbios da Coluna Vertebral — Aprendizado Profundo — Aumento de Dados — CutMix —
CutOut — MixUp
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1. Introduction

The spinal column, or spine, plays a crucial role in human
body movement, as well as protecting the spinal cord. Degen-
erative spinal pathologies, such as scoliosis and spondylolis-
thesis, significantly impact the quality of life, causing pain
and movement restrictions [1, 2]. The National Health Sur-
vey, conducted by the Ministry of Health in partnership with
The Brazilian Institute of Geography and Statistics (IBGE),
revealed that 27 million adults in Brazil suffer from chronic
spinal diseases, corresponding to 18.5% of the Brazilian adult

population. Lumbar problems are the most common, with
a higher prevalence in 21% of women compared to 15% of
men. These numbers underscore the importance of more ef-
fective diagnostic tools to address these conditions that affect
a significant portion of the population [3].

Medical literature has focused on extracting these biome-
chanical parameters to quantify spinal diseases. However, ap-
proaches based on artificial intelligence (Al), such as [4], have
emerged as promising alternatives, automating the diagnostic
process. Recent studies employ deep convolutional neural
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networks and computer vision to diagnose these pathologies
from radiographic images.

Diagnosing spinal column disorders typically relies on
analyzing medical images, such as X-rays. However, the
availability of well-labeled X-ray images featuring these con-
ditions is limited, posing a challenge for training accurate and
efficient classification models. To address this, data augmenta-
tion is often employed to compensate for the scarcity of data.
While traditional augmentation techniques, such as image
transformations, are useful, more advanced methods, such as
mix-based approaches incorporating information from other
images, can significantly enhance the model’s generalization
ability by creating more diverse and representative training
examples [5].

In this work, we propose an approach based on three deep
learning models, ResNet-50, ViT and Swin Transformer, for
classifying spinal X-ray images into (i) scoliosis, (ii) spondy-
lolisthesis, and (iii) health. The impact of advanced data
augmentation strategies, such as CutMix, CutOut, and MixUp,
are investigated in terms of improving the model’s robustness
and generalization while minimizing issues like overfitting.

Our results provide valuable insights into the capability
of deep learning models to automatically discriminate be-
tween X-ray images of healthy patients and those obtained
from patients with scoliosis and spondylolisthesis. These find-
ings can be applied to support automated diagnostic solutions
in clinical environments and application as automatic spinal
curvature measurement [6, 7]. Moreover, computer vision
techniques for detecting and classifying these conditions can
lead to more accurate diagnoses, quicker interventions, and,
consequently, a positive impact on the efficiency of medical
resources.

This paper is organized as follows. After this introductory
section, we present and discuss some related works in Section
2; In Section 3, we describe the dataset and proposed methods.
The results are presented and discussed in Section 4. Finally,
we present our conclusions and perspectives in Section 5.

2. Related Work

Deep learning models have shown promising results in au-
tomatically classifying spinal curvature, offering significant
support in diagnosing scoliosis and spondylolisthesis. Sev-
eral recent studies have focused on improving the accuracy
of detecting these diseases through artificial intelligence tech-
niques, replacing traditional methods prone to errors [8].
Fraiwan et al. [9] proposed an automatic classification
system that eliminates manual measurements, utilizing deep
learning models to distinguish between healthy, scoliosis, and
spondylolisthesis. With a dataset containing 338 images, the
system achieved an average accuracy of 96.34% in classifying
the three classes and over 99,33% in binary classifications.
These results highlight the method’s effectiveness as a di-
agnostic support tool, facilitating the early identification of
pathologies and reducing the need for surgical interventions.

Zhang et al. [10] propose an application based on a deep
learning model for classifying the severity of adolescent id-
iopathic scoliosis (AIS), identifying curve types, and moni-
toring disease progression. The model, named ScolioNets,
was developed and validated using data from radiographs and
back photographs of adolescents. Validation included compar-
ing the model’s results with the manual assessment by spine
specialists. The results indicated that the model accurately
classified AIS severity and distinguished different curve types.

Whang et al. [11] applied deep learning to spine X-rays to
predict the progression of adolescent idiopathic scoliosis. An
attentive capsule network was built to differentiate between
progressive and non-progressive curve trajectories. A two-
step transfer learning strategy was introduced to pre-train
and fine-tuned the model. The model’s performance was
compared to CNNs and logistic regression methods. Camisa
et al. (2024) [12] proposed an automated Computer-Aided
Detection (CADe) system for spine lesions implemented using
CT scans and the VGG-19 convolutional neural network. This
neural network is capable of identifying healthy vertebrae and
vertebrae with lesions. Finally, transfer learning techniques
were used to achieve an accuracy of 93.43% and a recall of
92.99%.

Chen et al. [13] developed and validated a neural network
approach to diagnose scoliosis from spinal radiographs. The
proposed approach showed 95% accuracy in diagnosing scol-
iosis and can be used to support rapid diagnosis. Singh et al.
[14] used a deep neural network trained on an X-ray dataset
to classify vertebrae scans, proposing a model that extracts
features from multiple layers and uses three fully connected
layers for classification. The Singh et al. approach achieved
91.33% accuracy on the validation set and 92.22% on the test
set. Lu et al. [15] applied transfer learning and fine-tuning
to classify X-ray images of spinal diseases. The proposed
approach is related to the Xception architecture with cus-
tom layers, which achieved a validation accuracy of 99.00%,
a testing accuracy of 97.86%, and an Fl-score of 97.86%
in three-class classification (spondylolisthesis, scoliosis, and
healthy).

Vergari et al. [16] present a classification algorithm to
automatically detect scoliosis treatment in X-ray images that
contain a brace, implant, or no treatment. The model uses
a convolutional neural network (CNN) combined with dis-
criminant analysis, enabling accurate image classification. A
total of 796 X-rays of adolescents were analyzed, with the
dataset augmented to 2,096 images through data augmentation
techniques. Validation was performed using ten-fold stratified
cross-validation, achieving an accuracy rate of 98.3%.

Although the studies above focused on classifying spinal
X-ray images using deep learning models, such as CNNs,
most did not explore the potential of different data augmenta-
tion strategies. This paper proposes an approach to improve
classification generation by exploiting standard and advanced
(including CutMix, CutOut, and MixUp) data augmentation
strategies with different deep-learning models to address this
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gap.

3. Material and methods

3.1 Dataset

We utilized a dataset [17]" that comprises vertebral X-ray im-
ages to conduct experiments and evaluate training strategies.
The dataset consists of X-ray images taken from 338 individu-
als, categorized into three classes: 71 individuals with healthy
images, 79 diagnosed with spondylolisthesis, and 188 diag-
nosed with scoliosis. This dataset was collected at the King
Abdullah University Hospital, Jordan University of Science
and Technology, in Irbid, Jordan. The dataset is available with
images in their original size and also with resized images for
direct use in various deep-learning models. In this study, we
employed the original-sized images.

The dataset presents several challenges, primarily due to
its relatively small size. Additionally, variations in image
quality and vertebral positioning in the X-rays increase the
complexity of the automatic classification task. Another chal-
lenge involves accurately differentiating between the healthy,
scoliosis, and spondylolisthesis classes, as the visual charac-
teristics among the images can be minimal. Figure 1 presents
two sample images for each class: (a) healthy, (b) scoliosis,
and (c) spondylolisthesis.

Table 1 provides supplementary details about the dataset,
including the total number of images, the distribution of im-
ages by gender, and comprehensive information on patient
ages, such as the minimum, maximum, mean, and standard
deviation values.

3.2 Architectures

For this study, we trained three deep learning architectures:
ResNet-50 is a CNN, and Vision Transformer (ViT) and Swin
Transformer are attention-based models.

Residual Network (ResNet) [18] is a CNN architecture
recognized for introducing the concept of residual connec-
tions. The connections facilitate the efficient propagation
of gradients through multiple layers, which minimizes the
gradient vanishing problem.

The Swin Transformer [19] is a neural network architec-
ture that combines the efficiency of convolutional networks
with the ability to model long-range relationships typical of
transformers. In summary, this approach defines an image
into segments that use a hierarchical sliding window structure
to capture information at different scales.

The Vision Transformer (ViT) [20] segments the input im-
age into fixed blocks, then transforms the images into vectors
and processes them sequentially. Essentially, this architec-
ture’s characteristics enable capturing long-range dependen-
cies in images.

Uhttps://data.mendeley.com/datasets/xkt857dsxk/1

(a) (b) (©)
Figure 1. Dataset images with respective classes: (a) healthy,
(b) scoliosis, and (c) spondylolisthesis.
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Table 1. Information about the dataset.

Class Total Health Scoliosis Spondylolisthesis
Images 338 71 188 79

Males 98 31 37 30
Females 240 40 151 49

Age (min. - max.) 9mo - 79 yr 9 mo - 56 yr Syr-35yr I15Syr-79 yr
Age (mean = stdev.) 24.90 + 18.58 19.41 = 11.19 14.73 +3.36 53.59 + 14.02

3.3 Data augmentation

Data augmentation is a fundamental technique for dealing
with small datasets, especially in applications where the lim-
ited number of images can compromise the generalization
ability of deep learning models [21].

Data augmentation strategies enable the training process
to learn more complex features from the same data and gen-
erate better models with generalization capability to avoid
overfitting. In this work, we experiment with three advanced
data augmentation strategies: CutOut, CutMix, and MixUp.

CutMix [22] is a data augmentation technique that merges
information from two distinct images. During training, patches
of one image are cut out and pasted onto another image within
the same batch. The labels are then combined in proportion
to the areas of the images. For instance, if 30% of one image
is transferred to another, the resulting label will be composed
of 70% from the original image and 30% from the inserted
segment.

CutOut [23] is a simple data augmentation approach that
involves randomly removing square regions from images dur-
ing training. By cutting out parts of the visual information,
the model is encouraged to focus on the most relevant features
of the images rather than on specific details.

MixUp [24] is a data augmentation strategy that creates
new training samples by combining two images and their
respective labels. This technique generates an interpolation
between two images and their labels. For example, a new
image can be created using 60% of one image and 40% of
another, with the labels adjusted proportionally.

In Figure 2, we present two examples for each advanced
data augmentation technique applied to the input images after
resizing to 224 x 224 pixels: (a) CutMix, which combines
portions of two distinct images to create a composite, (b)
CutOut, where square regions are removed from the image to
highlight essential features, and (c) MixUp, which interpolates
two images to generate a new blended training sample.

We also evaluated the impact of these mix-based data aug-
mentation strategies by comparing their performance when
used alongside and in the absence of standard data augmenta-
tion techniques. The standard augmentations included random
horizontal flips, resizing to 224 x 224 pixels, random rotations
(ranging from -15° to 15°), and color jitter (adjusting bright-
ness, contrast, and saturation). For validation and testing, we
only resized the images to 224 x 224 pixels. We normalized
the images using the ImageNet mean and standard deviation
in all cases.

(a) CutMix
Figure 2. Samples of CutMix (a), CutOut (b), and MixUp (c)
data augmentation applied to input images resized to 224 x
224 pixels.

(b) CutOut (c) MixUp

3.4 Experiment design

Three deep-learning classification models (ResNet-50, ViT,
and Swin Transformer) were fine-tuned using the Adam op-
timizer with a learning rate of 0.0001 and batch size of 64.
During training, the learning rate was adjusted using a cosine
annealing strategy [25], which adjusts the learning rate over
epochs, following a cosine-like function pattern. The training
process was stopped early when the validation loss did not
decrease for 21 consecutive epochs (patience) or if the training
reached a maximum of 200 epochs.

All pre-trained models were obtained from the torchvi-
sion library, and all trainable parameters remained unfrozen
during training, i.e., all network parameters were adjusted.
The dataset was first split into 70% for training and 30% for
testing; after that, 25 % of the training set was split to become
a validation set, leading to dataset partition of 52.5%, 17.5%,
and 30% for training, validation, and testing, respectively.
We choose to split 30% of the whole dataset for the test set
based on the partition used in [9]. Moreover, all splits were
performed in a stratified way.

Additionally, as we dealt with a very small dataset, each
experiment was repeated five times, whereas, in each repe-
tition, the dataset was randomly split, generating different
dataset partitions. This strategy ensures a more reliable anal-
ysis of the models’ performance over different dataset split
scenarios. We then consider the mean and the standard devia-
tion of the validation metrics computed over the test set. This
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decision was also taken to ensure a fair comparison with the
work [9] that repeated each experiment 5 times with random
dataset splitting.

Each model was trained with one of the three advanced
data augmentation strategies (CutMix, CutOut, and MixUp)
combined with a standard data augmentation strategy, totaling
eight experiments for each architecture.

For the training strategy without data augmentation, the
images were only resized to 224 x 224 pixels, followed by
normalization using the mean and standard deviation of the
ImageNet dataset, as the models we used were pre-trained on
it. The same transformations were applied for validation and
testing.

For the training strategy with data augmentation, the train-
ing set images were subjected to random horizontal flipping,
resizing to 224 x 224 pixels, random rotation of 15 degrees,
subtle brightness, contrast, and saturation adjustments, fol-
lowed by normalization using the mean and standard devia-
tion.

3.5 Model evaluation
We analyzed the models trained on the test and validation sets
considering the accuracy, as in Equations 1.

A TP+ TN 0
ccuracy —
YT TPYTNLFP+FN

where TP, TN, FP, and FN represent true positives, true nega-
tives, false positives, and false negatives, respectively.

3.6 Computational environment

The experiments were conducted on a PC with an i5 3.0 GHz
processor, 32 GB of RAM, and an NVIDIA Titan Xp with 12
GB of memory. The development environment is based on
Python 3.10, PyTorch 2.4.0, with CUDA 12.2. The libraries
torchvision 0.19.0, scikit-learn 1.2.1, and Matplotlib 3.7.0
were also used.

4. Results and Discussion

Table 2 presents the test accuracies results, with mean and
standard deviation obtained in the five randomized folds, for
each model trained with both standard and advanced data
augmentation strategies. In this table, it is possible to access
the impacts of the advanced data augmentation strategies over
each architecture when applied, with and without standard
data augmentation procedures. The information present in
Table 2 is also visually represented in Figure 3, in which
it is possible to highlight the impact of the advanced data
augmentation strategies on the trained models.

ResNet-50 achieved its highest accuracy of 0.9765 when
trained without standard or advanced data augmentation tech-
niques. The application of advanced augmentation methods re-
duced the model’s performance. Specifically, CutMix slightly
decreased accuracy to 0.9706, MixUp further reduced it to
0.9588, and CutOut resulted in the lowest accuracy of 0.9549.

However, using standard data augmentation provided more
stable results, with MixUp improving its accuracy to 0.9725.
This indicates that ResNet-50 benefits most from a straightfor-
ward approach and shows limited gains from advanced data
augmentation techniques.

The ViT model exhibited stable performance, maintaining
an accuracy of 0.9765 with and without standard data aug-
mentation when no advanced techniques were applied. The
model benefited from most advanced augmentation strate-
gies, except for MixUp, which resulted in the lowest accuracy
of 0.9725 when used without standard augmentation. How-
ever, when advanced techniques were combined with standard
data augmentation, performance improved across the board,
with CutMix achieving the highest accuracy of 0.9882. This
highlights ViT’s ability to leverage advanced augmentation
methods to boost performance significantly.

The Swin Transformer V2 showed strong results but with
higher accuracy variability. The CutOut technique, used with-
out standard data augmentation, achieved the highest accuracy
of 0.9804 among all Swin Transformer V2 models. In contrast,
applying MixUp, regardless of whether standard data augmen-
tation was used, resulted in a lower accuracy of 0.9627. This
indicates the Swin Transformer V2’s increased sensitivity to
certain data augmentation methods.

Among the advanced data augmentation techniques, Cut-
Mix proved to be the most effective for the ViT b16 model,
significantly improving accuracy in all configurations, with
the highest result of 0.9882 when combined with standard
data augmentation. Conversely, MixUp yielded the lowest
performance for the Swin Transformer V2 model, especially
when used without standard augmentation, where the accuracy
dropped to 0.953. This suggests that advanced augmentation
techniques, particularly CutMix, provide the greatest benefit
to transformer-based architectures such as ViT b16 and Swin
Transformer V2.

Finally, our best result, with a mean accuracy of 0.9882,
achieved using ViT trained with CutMix alongside standard
data augmentation, surpasses the highest mean accuracy of
0.9634 reported in the original dataset paper [9], which used
DenseNet-201 for the same three-class classification task.
Moreover, in this experiment, we achieved a maximum accu-
racy of 1.0, while the maximum accuracy reported by [9] was
0.9901.

Our results also outperform those of Singh et al. [14]
and Lu et al. [15], who utilized the same dataset. Singh et
al. achieved a maximum accuracy of 0.9222 using a custom
CNN model evaluated on a test set of 90 images (30 per
class). Similarly, Lu et al. reported a maximum accuracy of
0.9786 using their proposed CNN architecture for the three-
class classification. These comparisons highlight the superior
performance of our approach.

5. Conclusion

In this work, we analyzed several deep learning models for
classifying spinal X-ray images into three categories: healthy,
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Table 2. Mean and standard deviation of the test accuracies obtained over the five randomized folds.

Advanced Data Aug.
Architecture Std. Data Aug. None CutMix CutOut MixUp
ResNet-50 No 0.9765 +0.0192 | 0.9706 + 0.0139 | 0.9549 + 0.0332 | 0.9588 + 0.0259
Yes 0.9706 + 0.0248 | 0.9667 + 0.0171 | 0.9588 + 0.0209 | 0.9725 £ 0.0190
VITb 16 No 0.9765 + 0.0147 | 0.9824 + 0.0114 | 0.9804 + 0.0062 | 0.9725 + 0.0157
Yes 0.9765 + 0.0118 | 0.9882 + 0.0073 | 0.9843 + 0.0078 | 0.9804 + 0.0107
Swin T. V2 base No 0.9647 + 0.0253 | 0.9784 + 0.0130 | 0.9804 + 0.0139 | 0.9627 + 0.0300
’ Yes 0.9725 + 0.0227 | 0.9784 £ 0.0144 | 0.9647 £ 0.0220 | 0.9627 £ 0.0280
1.000 -
B None § <
0990 - m CutMix S o c X o o
© = CutOut o 2% c & QX S
5 ® MixUp 5 ° o S o S o
0.980 | o S — -
0.970
0.960
0.950
0.940
ResNet-50 ResNet-50 ViTb 16 ViTb 16 Swin T. V2 Swin T. V2
No DA DA No DA DA No DA DA

Figure 3. Mean accuracy over the five randomized folds considering all training strategies.

scoliosis, and spondylolisthesis. We investigated the effects
of advanced data augmentation techniques, namely CutMix,
CutOut, and MixUp, with and without standard data augmen-
tation across three deep learning architectures: ResNet-50,
ViT bl6, and Swin Transformer V2. Our evaluation was con-
ducted on a challenging dataset characterized by a limited
number of images and highly imbalanced class distributions.
This setup allowed us to assess how each data augmentation
strategy influences model performance in this context.

The experiments demonstrate that more recent architec-
tures, such as ViT b16 and Swin Transformer V2, are particu-
larly effective when leveraging advanced data augmentation
techniques. ViT b16 stands out as the top performer in terms
of both accuracy and consistency. Swin Transformer V2,
while highly capable, shows more sensitivity to certain aug-
mentation methods, achieving its best results with CutOut in
the absence of standard data augmentation, followed closely
by CutMix when combined with standard augmentation. In
contrast, ResNet-50, despite being a well-established archi-
tecture, performs optimally with simpler data augmentation
approaches.

The limitations of our study include the use of a small and
imbalanced dataset, which may limit the generalization of the
results to other datasets. The dataset also lacks diversity in
imaging conditions and patient demographics, which could
affect the robustness of the models in real-world applications.

Finally, although we focused on advanced data augmentation
techniques, other methods, such as synthetic data generation
and ensemble augmentations, were not explored.

For future works, we propose leveraging Explainable
Artificial Intelligence (XAI) techniques, such as Gradient-
weighted Class Activation Mapping (Grad-CAM), to identify
specific regions in spinal X-ray images that influence model
classification decisions. This approach would enhance the
interpretability of the model’s outputs, providing clearer in-
sights for diagnostic support. Additionally, integrating Grad-
CAM with fine-tuning advanced data augmentation strategies
could further improve the model’s generalization and accu-
racy. Beyond spinal X-rays, these techniques could be applied
to other medical imaging domains, demonstrating the broader
potential of advanced data augmentation to enhance the per-
formance and interpretability of deep learning models across
various healthcare applications.
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