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Abstract: Self-supervised learning (SSL) has emerged as a promising approach in the field of machine learning,
particularly for applications involving large-scale data with limited labeled samples. In medical imaging, where
acquiring labeled data can be costly and time-consuming, SSL offers a way to leverage unlabeled data for training
robust models. This research investigates the use of SSL for anomaly detection in medical imaging, a critical task
for identifying rare or unusual patterns such as tumors, fractures, or abnormalities. Traditional supervised methods
often face challenges in handling imbalanced datasets and generalizing across diverse cases. We propose a novel SSL
framework tailored for medical image anomaly detection, utilizing methods like contrastive learning, autoencoders,
and predictive modeling. Our experiments on datasets such as X-rays, MRIs, and CT scans demonstrate the
effectiveness of SSL in detecting anomalies, showing improvements over traditional supervised approaches in terms of
accuracy, robustness, and the ability to handle scarce annotated data. This study highlights the potential of self-
supervised learning in advancing automated medical imaging tools and lays the foundation for future research in
unsupervised anomaly detection techniques.
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I. INTRODUCTION

The increasing use of medical imaging in clinical practice has led to a significant growth in the amount of imaging
data available. However, analyzing and interpreting this data remains a complex task due to the inherent variability of
human anatomy, diverse pathologies, and imaging modalities. Anomaly detection in medical images is crucial for early
diagnosis and treatment, as it involves identifying patterns that deviate from the normal or expected appearance, such as
tumors, lesions, fractures, or diseases. Conventional methods for anomaly detection often rely on handcrafted features,
threshold-based algorithms, or supervised learning models, which require large amounts of labeled data. However, labeling
medical images is a time-consuming and expensive process, requiring expert knowledge.

Self-supervised learning (SSL), a subset of unsupervised learning, has gained considerable attention as a promising
solution to address the data scarcity problem by learning representations from unlabeled data. SSL methods use pretext
tasks (e.g., predicting missing parts of the data or contrasting positive and negative samples) to train a model, which then
learns useful features without requiring annotated labels. This research focuses on investigating the potential of SSL for
anomaly detection in medical imaging, exploring how it can improve model performance in identifying rare or unusual
patterns in medical data. This paper aims to demonstrate how SSL can address the challenges faced by traditional supervised
anomaly detection methods, offering a more scalable, efficient, and accurate approach. Our research aims to compare the
performance of SSL. methods against classical supervised anomaly detection models, providing insights into their benefits
and limitations.

II. LITERATURE REVIEW

Anomaly detection in medical imaging has been an active area of research due to its critical role in early disease
detection and treatment planning. Classical methods of anomaly detection often rely on domain-specific heuristics or
handcrafted features, such as detecting changes in pixel intensities or applying statistical tests to identify outliers. These
methods can be effective in certain scenarios, but they often struggle with the complexity and variability of medical images.
For example, tumors can vary significantly in shape, size, and texture, making them difficult to detect using traditional
methods. Moreover, these methods tend to require manually labeled data for training, which is a limitation in medical
imaging, where labeling is costly and time-consuming.

Self-supervised learning (SSL) methods have recently emerged as a potential solution to overcome these limitations.
SSL relies on the ability of the model to learn from unlabeled data by setting up a pretext task—an auxiliary task that
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encourages the model to learn meaningful representations of the data. Some of the most commonly used SSL techniques
include contrastive learning, which maximizes the similarity between positive pairs of data points while minimizing the
similarity between negative pairs, and predictive modeling, where a model predicts missing or masked portions of the input
data. Other methods, such as deep clustering and autoencoders, also have demonstrated success in learning representations
of medical images without explicit supervision.

In medical imaging, SSL techniques have been explored for various tasks, including image segmentation, image
reconstruction, and classification. However, research on SSL for anomaly detection in medical images is still in its early
stages. Some works have used autoencoders or variational autoencoders (VAEs) for anomaly detection, where the model is
trained to reconstruct normal images, and anomalies are detected based on reconstruction errors. Contrastive learning
approaches have also been applied, showing promising results in learning robust features that can aid in detecting
anomalies. Nevertheless, a comprehensive study of SSL specifically for anomaly detection in medical imaging, especially
across different imaging modalities and datasets, is still lacking.

ITI. METHODOLOGY

This research employs a self-supervised learning (SSL) framework to address the challenge of anomaly detection in
medical imaging. The methodology consists of several key components: data collection and preprocessing, the design of the
SSL model, and the anomaly detection process. The datasets used in this research include medical images from various
modalities such as X-rays, CT scans, and MRIs, representing a wide range of pathologies and normal conditions. Datasets
such as the NIH Chest X-ray dataset, the LUNA16 CT scan dataset, and the BraTS MRI dataset are often chosen due to their
high quality and relevance to anomaly detection in medical contexts. Preprocessing steps include data normalization,
resizing, and augmentation to handle the variability in image sizes and improve the generalization ability of the model.
The self-supervised learning framework used in this study builds upon methods such as contrastive learning, autoencoders,
and masked image modeling. Contrastive learning techniques like SimCLR or MoCo are employed to learn a feature space
where anomalies can be easily identified by their deviations from the normal feature distribution. These methods rely on
pairing positive examples (e.g., patches from the same image or similar regions from different images) and negative
examples (e.g., patches from unrelated images) and training the model to distinguish between them. Additionally,
autoencoders and variational autoencoders are used for reconstructing medical images, with anomalies being detected based
on the reconstruction error.

Once the SSL model is trained, the anomaly detection process involves identifying deviations from the learned
representation of normal medical images. Reconstruction-based anomaly detection involves computing the reconstruction
error for each image, and anomalies are flagged based on large errors, indicating significant differences from the normal
patterns. Contrastive learning-based approaches detect anomalies by examining the feature vectors produced by the model
and identifying outliers that lie far from the normal feature clusters. Evaluation metrics such as precision, recall, F1-score,
and receiver operating characteristic (ROC) curves are used to assess the performance of the SSL models in terms of their
ability to detect anomalies in unseen test data.

IV. EXPERIMENTS AND RESULTS

To evaluate the performance of the self-supervised learning (SSL) approach for anomaly detection in medical
imaging, a series of experiments were conducted using medical image datasets. The first step involved training several SSL
models, including contrastive learning models (e.g., SImCLR), autoencoders, and masked image modeling networks, on
medical images with no or minimal labels. The models were trained using standard training procedures, with
hyperparameters such as learning rate, batch size, and network architecture optimized for each experiment. Data
augmentation techniques like rotation, flipping, and cropping were applied to enhance the robustness of the models and
mitigate overfitting, especially when working with smaller datasets.

The results of the experiments were compared with traditional supervised anomaly detection models, such as
convolutional neural networks (CNNs) and fully-supervised autoencoders. The performance of each model was evaluated
using a variety of metrics, including precision, recall, F1-score, and the area under the ROC curve (AUC), which provide a
comprehensive measure of the model's accuracy, sensitivity, and specificity. In addition to quantitative metrics, qualitative
evaluations were conducted by visually inspecting the model’s anomaly detection capabilities, such as the locations and types
of anomalies identified in medical images. For example, the models were tested on datasets containing chest X-rays with
annotated pneumonia lesions or CT scans with tumors.
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The findings revealed that SSL-based models, particularly those using contrastive learning, outperformed traditional
supervised models in terms of robustness to variations in data, as well as their ability to generalize to unseen anomalies. SSL
models showed promising results in detecting rare and subtle anomalies, where supervised methods often struggled due to
the imbalance between normal and abnormal samples. The autoencoder-based models, while effective at detecting larger
anomalies, had slightly lower performance when dealing with more intricate or small-scale anomalies, suggesting that SSL
methods like contrastive learning may be more effective in such cases.

V. CONCLUSION

In this study, we have explored the application of self-supervised learning (SSL) techniques for anomaly detection in
medical imaging. Our research has shown that SSL models, including contrastive learning, autoencoders, and masked image
modeling, can effectively learn representations from unlabeled data, offering significant improvements in anomaly detection
compared to traditional supervised methods. SSL-based models demonstrated enhanced generalization capabilities,
particularly when trained on imbalanced datasets with limited annotations, which is a common challenge in medical
imaging. By using SSL, we were able to leverage large amounts of unlabeled medical imaging data, improving model
performance in detecting anomalies such as tumors, lesions, and fractures.

Despite the promising results, several challenges remain. The performance of SSL models still depends heavily on the
quality of the learned representations, which can vary based on the choice of pretext tasks and model architecture.
Furthermore, while SSL methods can handle unlabeled data effectively, they still face limitations in detecting extremely rare
or highly complex anomalies, which might require more specific supervision or fine-tuning. Future work will involve
investigating hybrid approaches, combining SSL with supervised learning, semi-supervised learning, or few-shot learning to
further improve anomaly detection performance. Additionally, extending SSL models to other types of medical imaging data
and more complex clinical scenarios could unlock even greater potential for automated anomaly detection in medical
practice.
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