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Abstract: Deep learning has also enhanced the predictability of medical imaging systems, allowing them
to reliably diagnose using such modalities as X-ray, MRI, and CT scans. Nevertheless, all these models are
extremely susceptible to adversarial attacks, where imperceptible modifications may result in critical
misdiagnoses, casting serious doubts on the security and reliability of Al in healthcare. The paper is a
review of the existing literature on preventive frameworks that can be used to secure medical imaging
deep learning models against adversarial threats. It critically reviews the current defense mechanisms
such as adversarial training, input preprocessing, robust architecture design, explainable Al integration,
and hybrid security mechanisms. Comparative analysis shows the effectiveness of such methods in terms
of performance (accuracy, precision, recall, and F1-score) and limitations of such methods in terms of
robustness and interpretability. The results indicate that, despite the great strides made, the current
methods do not have the generalized defense capabilities and cannot withstand the adaptive attacks.
The paper highlights the necessity of comprehensive, extensible, and understandable security systems.
These lessons are vital in creating credible Al systems that can be used in the real-world clinical decision
support, medical diagnostics, and healthcare security infrastructures.
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Introduction

Medical imaging has become an essential part of contemporary healthcare, facilitating early diagnosis,
monitoring and treatment planning of diseases via non-invasive procedures. The most common imaging
modalities include X-ray, Magnetic Resonance Imaging (MRI) and Computed Tomography (CT) which
offer detailed information on anatomical structures and pathological conditions. Over the last few years,
the combination of deep learning methods has dramatically changed the way medical images are
analyzed and provided automated, accurate, and scalable solutions to medical imaging analysis
problems, such as classification, segmentation, and anomaly detection. Deep learning models, especially
Convolutional Neural Networks (CNNs) and Transformer-based architectures have shown impressive
performance in the detection of diseases such as cancer, neurological diseases, and cardiovascular
abnormalities [1,2]. The use of artificial intelligence (Al) in healthcare has brought many positive
outcomes, such as the increased accuracy of the diagnostic process, the decreased number of human
errors, and the increased efficiency of the clinical process as shown in Figure 1.

The purpose of this review is to give a thorough description of preventive frameworks that can be used
to ensure that deep learning models used in medical imaging are resistant to adversarial attacks. It
examines the present situation in research, considers the different defense measures, and identifies
some of the major challenges and gaps in research. This work will help to create more robust, secure,
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and trustworthy Al systems to be used in medical imaging practices. Finally, to achieve the safety of
these systemes, it is necessary to secure patient outcomes and the future of intelligent healthcare.
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Figure 1. Process of Adversarial attack
Background Study
In Table 1, a detailed overview of current methods of medical imaging deep learning and adversarial
defense, including the techniques used, their applications, and the security measures applied in the
related research [1]-[20]. It demonstrates that an extensive variety of methods, such as federated
learning, explainable Al, encryption, and hybrid deep learning models, have been discussed to promote

robustness.
Table 1. Comparative Study of previous research by other researchers
Ref. Method Technique Used Adversarial Key Contribution
Defense Strategy
[1] Federated Generative | Federated Learning | Privacy-preserving Enhances secure
Models + Generative training distributed learning
Models
[2] Transfer Learning for Transfer Learning Synthetic image Prevents fraud using
Synthetic Detection (CNN) detection generated images
[3] Robust XAl Evaluation | Explainable Al (XAl) | Robustness analysis Evaluates model
reliability under attacks
[4] | Image Security Scheme Encryption + Data-level security Secures image
Watermarking transmission
[5] Adversarial Defense Survey of defenses Multiple defenses Comprehensive
Review overview of techniques
[6] Q-VFL Framework Quantum Secure training Combines quantum +
Federated Learning federated learning
[7] Anomaly Detection in | Federated Learning Attack detection Detects malicious
FL updates
[8] XAl for Security Explainable Al Attack detection Improves interpretability
and trust
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[9] | CoDeSwiT Architecture Hybrid Feature fusion Enhances global-local
CNN-Transformer robustness features
[10] Blockchain-based Blockchain Tamper-proof Secures training
Security system datasets
[11] Hybrid Attention Transfer Learning + Attack analysis Shows vulnerability of
Model Attack Study Attention hybrid models
[12] Kernel Density Feature extraction Adversarial Identifies abnormal
Detection + KDE detection inputs
[13] Trusted Framework Deep Learning Adversarial Improves reliability
Framework robustness
[14] Adversarial Defense CNN-based defense | Defense techniques Enhances robustness
Model
[15] Hybrid Encryption + DL Data protection Combines DL and chaos
CNN-Transformer + theory
Chaos
[16] | Physical Attack Study Camera-based Attack Highlights real-world
attacks demonstration risks
[17] Siamese Denoising Autoencoder Noise removal Improves adversarial
Autoencoder robustness
[18] Adversarial Feature Ensemble Learning Attack detection Detects manipulated
Fusion images
[19] | Two-Phase Framework Deep Learning Robust classification Improves adversarial
resistance
[20] Noise Removal Total Variation + Noise reduction Removes adversarial
Technique Patch Reg. perturbations

Research Gaps

Although there has been significant progress in ensuring that the medical imaging deep learning models
are secured, there are still several critical gaps in research that limit the efficacy and practical
implementation of adversarial defense models.

1. Deficiency Of Generalized Defense Mechanisms.

The majority of the currently in use defense strategies have been developed to respond to a particular
form of adversarial attack, like FGSM or PGD. Nevertheless, such approaches usually do not work when
subjected to invisible or adaptive attacks [5].

2. Trade-off Between Accuracy and Robustness

Numerous defense methods, such as adversarial training and input preprocessing, enhance robustness
but tend to reduce model accuracy on clean data [14], [19]. This trade-off is a major challenge in medical
applications where high accuracy and reliability are needed.

3. Limited Interpretability and Trustworthiness

Despite the introduction of explainable Al (XAl) methods, their combination with adversarial defense
mechanisms is not yet widespread. The existing models tend to act as black boxes and therefore the
clinicians cannot trust their predictions in case of adversarial conditions [3], [8].

4. Inability to use Standardized Evaluation Metrics.
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No standardized standard to assess adversarial robustness in medical imaging exists. Various measures
and experimental designs are used in different studies, and this inconsistency in measures and
experimental designs can be noted [5], [23].

5. Issues of Computational complexity and scalability.

Most of the defense models (hybrid and ensemble, in particular) are computationally expensive, which
restricts the applicability of these methods in real-time clinical settings [18], [19].

Conclusions

This review reflects on the urgent necessity of ensuring deep learning-based medical imaging systems
are resistant to adversarial attacks since minor perturbations can cause severe misdiagnoses and pose a
threat to patient safety when applied in Al-driven clinical decision-making. The recent studies were
analyzed thoroughly, and the techniques included CNNs, Transformers, and hybrid models, adversarial
training, autoencoder-based defenses, explainable Al, federated learning, and blockchain-based security.
Comparative analysis in terms of such metrics as accuracy, precision, recall, and F1-score demonstrates
that despite high diagnostic performance of such models, they are susceptible to adversarial threats.
Relatively better robustness is provided by hybrid and ensemble methods, whereas techniques like
denoising and adversarial training can only help to increase resilience but do not guarantee ultimate
protection. Explainable Al enhances interpretability, and new technologies can support privacy and data
integrity, but the robustness against adaptive and real-life attacks is limited. This paper is limited by
depending on the existing literature, which is not usually evaluated and validated in practice. Further
research ought to be done in designing scalable, generalized protection frameworks, integrating
robustness and interpretability, enhancing efficiency, and testing models in real clinical settings.
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