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Abstract
Deep learning has soon taken medical image processing to the cutting-edge, with state-
of-the-art performance in classification, segmentation, and anomaly detection. Convolu-
tional neural networks (CNNs) led early breakthroughs, then generative adversarial networks
(GANs) for data augmentation and super-resolution, and vision transformers (ViTs) and self-
supervised learning (SSL) more recently for global context modeling and label-efficient
training. Federated learning (FL) has become a privacy-preserving framework for multi-
institutional collaboration. In spite of these developments, translation to clinical practice
continues to be limited by issues of interpretability, data variability, regulatory affairs, and
ethical review.

This review offers a critical integration of 2024–2025 advances in medical imaging deep
learning, organized along a three-axis taxonomy: (1) architectural innovation, (2) paradigms
for training, and (3) integration with clinical practice. In contrast to previous surveys, quan-
titative performance benchmarks are associate with particular datasets, compare explainable
AI (XAI) tools to the criterion of clinical usability, and place technical advancement within
the contemporary debates over regulation and ethics, such as the EU AI Act (2024) and FDA
developments.

By taking advantage of the synergy of technology innovations and translation thinking, this
overview delineates current research challenges and lists directions—such as multimodal
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data fusion, edge-based and light-weighted architecture, standardized benchmarks, and bias
auditing—needed to enable the equitable, safe, and scaleable deployment of AI for healthcare
imaging.

Keywords: Deep learning, Medical imaging, Convolutional Neural Networks (CNNs),
GenerativeAdversarial Networks (GANs), Vision Transformers (ViTs), Self-supervised Learn-
ing, ExplainableAI (XAI), Federated learning, Tumor detection, Organ segmentation, Health-
care AI.

1. INTRODUCTION

Medical imaging is essential to modern medicine because it enables early detection, treatment
planning, and long-term monitoring in a variety of specialties, including neurology, cardiology,
and oncology. Additional anatomical and functional information provided by modalities such as
computed tomography (CT), magnetic resonance imaging (MRI), positron emission tomography
(PET), ultrasound, and X-rays guides clinical judgment and treatment planning [1, 2], and [3].

Deep learning (DL) has significantly transformed medical image analysis in the last ten years.
Convolutional neural networks (CNNs) made the first advances in tumor detection, organ segmen-
tation, and disease classification by enabling automated hierarchical feature learning from images
[4, 5]. Later, generative adversarial networks (GANs) advanced the capabilities of data augmen-
tation, image super-resolution, and cross-modality synthesis, particularly in situations where there
are few annotated clinical datasets [6–8]. More recent innovations—vision transformers (ViTs)
and self-supervised learning (SSL) approaches—offer novel ways to represent long-range context
and learn from large amounts of unlabeled data, respectively [9–12]. Federated and distributed
training paradigms have also emerged as viable strategies to strike a balance between privacy and
performance and multi-institutional collaboration [13, 14].

There are still several translational challenges in spite of these technological advancements. In
addition to producing performance degradation and the possibility of deployment inequities, models
created on datasets that are geographically or institutionally homogeneous frequently fail to general-
ize across a variety of patient populations [15]. Since regulatory frameworks and clinical validation
processes have not kept pace with algorithmic innovation, the interpretability of many DL models
is a barrier to clinician trust and regulatory acceptance [2, 15]. Ethical issues—algorithmic bias,
data governance, and accountability—add further complexity to integration into everyday care and
require multidisciplinary solutions.

While many surveys have overviewed DL applications in radiology, most address model classes in
isolation (e.g., reviews focused only on CNNs or GANs) or highlight foundational research before
the latest methodological paradigms [1, 4, 10]. Fewer reviews critically review recent breakthroughs—
like ViTs, SSL, and federated methodologies—and relate these advances to practical problems in
explain-ability, clinical validation, and regulatory adherence.

That gap is addressed in this article. It introduces an integrated and critical overview of recent tech-
nical advances in DL for medical imaging, assess methodological strengths and weaknesses in the
literature, and highlight research priority directions—specifically for explainable AI (XAI), privacy-
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preserving federated approaches, and multimodal fusion—that are needed for safe, equitable, and
effective clinical translation [15].

1.1 Temporal Development of Deep Learning in Medical Imaging

Rapid progress has been made in the use of deep learning to clinical imaging within the past two
decades. The first attempts in the 2000smostly used standardmachine learningmethods like random
forests and support vector machines for tasks such as classifying lesions and segmenting organs [3].
In 2012 when convolutional neural networks (CNNs) come which was characterized by the victory
of AlexNet at the ImageNet competition so it brought a revolution in medical imaging by making
automatic feature extraction and higher accuracy possible [4]. Mid 2010s CNN-based models
extensively used in radiology, ophthalmology, and pathology because its breakthrough performance
in the detection of diseases was demonstrated [1].

Late 2010 when Generative adversarial networks (GANs) have come to early 2020. It assists
by creating a realistic image and data augmentation to small data sets in order to assist problem-
solving [6]. Self-supervised learning (SSL) models and vision transformers (ViTs) reduced reliance
on annotated data and introduced new paradigms for global context modeling, making them the
latest innovations [10, 11]. This timeline illustrates how deep learning technologies are developing
quickly and continuously, and how their influence on medical diagnosis is growing.

1.2 Importance of the Review

Despite the tremendous advancements, some issues remain, such as clinical validation, data gen-
eralizability, and model interpretability. Because deep learning models—more especially, deep
neural networks—are opaque, clinicians might not understand how these models arrived at their
conclusions. The lack of transparency in AI-assisted diagnosis undermines trust and accountability
[3]. To make it more comprehensible, researchers also developed explainable AI (XAI) techniques
like Grad-CAM and SHAP; however, further study is required to ensure a seamless implementation
of these methods in practice [16].

Another major challenge is the generalizability of the AI model across different populations and
healthcare settings. Deep learning models are typically trained by using data sources from a par-
ticular geographic area or institution resulting in biases that impact performance when applied
to wider populations [15]. Improving the robustness and equity of models requires the creation
of more representative and diverse datasets, along with domain adaptation and transfer learning
methodologies [17].

In addition, clinical validation and regulatory approval continue to pose significant challenges to the
extensive implementation of AI in medical imaging. Numerous AI-driven diagnostic tools exhibit
excellent accuracy in controlled research environments but do not live up to the stringent criteria
needed for clinical release because they have not been validated adequately on independent datasets
[2]. Guidelines for AI inmedicine have been published by regulatory bodies like the FDA and EMA,
but because deep learning is a dynamic field, regulations must be updated frequently to reflect new
developments in technology [18].

4463



https://www.oajaiml.com/ | December 2025 Mohammed Ahmed Alharbi, et al.

The current state of deep learning in medical image analysis is critically reviewed in this paper,
along with its advantages and disadvantages. The article attempts to alert researchers, physicians,
and policymakers to the difficulties of implementing AI in medical imaging by compiling recent
developments, mapping themwith long-term problems, and outlining promising avenues for further
study [19]. To guarantee that AI-medical imaging technology is secure, efficient, and accessible to
all healthcare providers, it will be crucial to have a solid understanding of the obstacles and how to
overcome them [13].

1.3 Objectives and Scope

This review aims to:

• Describe recent advances in deep learning models for medical imaging.

• Critically review various methodologies and their efficacy.

• Identify challenges and research gaps in the field.

• Propose areas for future research to enhance healthcare applications of deep learning.

2. LITERATURE REVIEW

2.1 Convolutional Neural Networks (CNNs)

In medical imaging CNN used widely for anomaly detection, image segmentation and classification.
CNNs use convolutional layers to extract hierarchical features from the images and that will be use-
ful for diagnostic purposes. Improved computational efficiency and accuracy have been achieved
through recent developments in CNN architectures like EfficientNet and DenseNet models [5].
Literature shows that CNNs have accomplished higher performance in results of tumor detection,
disease classification, and pathological structure localization in clinical imaging [18]. However,
the methods based on CNN are highly reliant on large quantities of labeled data, which becomes a
drawback in the processing these data [13].

Applications of CNNs in healthcare imaging are:

2.1.1 Tumor detection:

CNN-based models have been used to detect lung, breast, and brain cancers with high sensitivity
and specificity. The hierarchical spatial information that CNNs can extract has enhanced the early
detection of cancer, thus lowering the death rate caused by late detection [2].
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2.1.2 Diabetic retinopathy screening:

Automated CNNs can screen retinal images for diabetic retinopathy diagnosis without overloading
the ophthalmologist. CNNs have been combined with telemedicine platforms to supply fast and
efficient eye disease diagnostics at a relatively low cost [10].

2.1.3 COVID-19 detection:

The analysis of CT scans along with chest X-rays by utilizing CNNs demonstrates their ability
to solve imaging issues during pandemics according to Xu et al. (2024) [20]. Tasks focused on
identifying COVID-19 achieve higher accuracy results when pretrained CNN systems like ResNet
and VGG are applied [15].

Regardless of such advancements, CNNs have suffered from drawbacks such as susceptibility to
adversarial attacks, overfitting with small training datasets, and computational inefficiencies for
real-time clinical implementations. Efforts to address these computational barriers have driven
recent work into exploring lightweight CNN architectures so that they can be used in healthcare
settings with limited resources [19].

Figure 1: A Convolutional Neural Network (CNN) pipeline for medical image analysis [21].

A Convolutional Neural Network (CNN) structure appears in FIGURE 1, as it applies to medical im-
age processing work. A pipeline begins with an input image such asMRI or CT scan before utilizing
various filters for image activation while extracting spatial features from the process. Feature maps
receive the transformed derived features which allows the identification of main image patterns.
A pooling layer reduces feature map dimensions before important spatial information preserves
while computing operations become more efficient. The feature maps are flattened by a process
called vectorization, transforming them into a one-dimensional format for further processing. The
vectorized information is fed to a fully connected layer, where the network captures intricate re-
lations and improves decision-making processes. Finally, the CNN produces an output, perhaps a
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classification result, say when detecting disease or detecting anomalies in medical imaging. The
organized process is precise and faster as regards automated diagnosis systems, as it reduces the
burden of manual interpretation.

2.2 Generative Adversarial Networks (GANs)

GANs are now viewed as excellent resources for the improvement, augmentation, and segmentation
of medical images. They consist of a generator and discriminator that functionally work together in
the production of realistic fake images. CycleGAN and StyleGAN are some techniques producing
synthetic medical images by having less reliance on large annotated datasets [6].

The key applications of GANs in medical images are:

• Image Super-Resolution: GANs have been employed to enhance the quality of low-resolution
medical images to help improve diagnostic accuracy. In PET and MRI imaging, GANs have
obtained considerably better spatial resolution, which has been utilized to achieve better clin-
ical interpretations [22].

• Data Augmentation: Images generated by GAN are used to train AI models with the help of
augmenting sparse datasets. GAN has been used to train deep models of orphan diseases in
which labeling datasets is not easy [18].

• Cross-Modality Image Translation: GANs enable image translation from a given modality
to another, e.g., MRI scans to CT-like images, for boosting multi-modal analysis [16]. The
process has been used in radiotherapy treatment planning, where multi-modal images are vital
for efficient treatment delivery [23].

GANs are plaguedwith training instability, mode collapse, and ethical concerns of creating synthetic
data [17]. Researchers have since proposed Wasserstein GANs and spectral normalization methods
to make GAN training more stable, enhancing the quality of generated medical images [12].

Figure 2: Flowchart of a traditional GAN architecture [24]
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FIGURE 2 illustrates the architecture of a Generative Adversarial Network (GAN) used in medical
imaging. The GAN system contains two necessary elements that integrate an image generator
with a discriminator. The image generator accepts random noise to produce medical images which
resemble authentic medical images. The discriminator receives authentic medical images from the
real dataset along with image outputs from the generator. Real and artificial images feed the dis-
criminator until it provides feedback to the generator for improving its output generations. Through
adversarial training the generator obtains improved skills to produce medical images that closely
resemble authentic ones for both model training and data augmentation applications and diagnostic
accuracy improvement purposes.

2.3 Vision Transformers (ViTs)

ViTs are gaining widespread attention as a drop-in replacement for CNNs, particularly in tasks such
as medical image segmentation and classification. Contrary to the local feature-extraction-based
nature of CNNs, ViTs use self-attention mechanisms to learn long-range contexts within images.
This facilitates ViTs’ performance in context-understanding-based tasks [10].

A growing number of researchers have acknowledged the excellent features of ViTs for use in
medical image segmentation and classification and registration applications [23]. The evaluation of
histopathological images by ViTs proves superior to CNNs due to their benefit from global context,
which enables cancerous tissue detection [25]. The incorporation of ViTs into hybrid transformer-
CNN models brings improved efficiency levels while maintaining interpretability capabilities [13].

The wide range of benefits provided by ViTs remains insufficient because these models require
extensive training data that prevents their use in data-restricted institutions [19]. Several researchers
attempted self-supervised training of ViTs onmedical images that lacked tags to reduce the necessity
for large datasets containing labels [11]. The application of ViT depends on linear transformers
alongside other computational optimization methods, which help reduce memory requirements in
medical imaging tasks [8].

Figure 3: Vision Transformer (ViT) architecture [26].
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FIGURE 3 reveals the architectural design of Vision Transformer (ViT) as a deep learning approach
tailored for image classification tasks. The left part of the model breaks the input image into small
sections then applies linear projection operations followed by position embedding. Each patch
contains position embedding information as well as a learnable [class] token embedded. The Trans-
former Encoder receives these embedded patches before passing them throughmultiple sequences of
self-attention blocks and feedforward transformation layers. The resulting representation is passed
to an MLP (Multilayer Perceptron) Head, which outputs the classification of the image into various
categories like birds, cars, or balls.

To its right part exists the open design of the Transformer Encoder complex. Each of these has
a multi-head self-attention mechanism followed by normalization and an MLP feedforward layer
with residual connections for better learning. Utilizing attention methods instead of convolutional
layers, Vision Transformers (ViTs) effectively capture long-range relationships in images, hence
excelling in image classification tasks.

2.4 Quantitative Performance Comparison of Models

To enable an empirically grounded comparison of deep learning models in medical imaging, we
report cited results from particular benchmark studies instead of aggregated averages. Metrics of
performance like classification accuracy and Dice Similarity Coefficient (DSC) are given with clear
references to underlying datasets and protocols.

For the classification of tumors, CNN-based architectures have achieved high but inconsistent per-
formance based on the dataset and model depth. For instance, Chen et al. (2025) [5], achieved
94.2% accuracy with a variant of DenseNet on brain tumor MRI images, whereas Rayed et al.
(2024) [18], attained 92.8% accuracy from lung CT data with the ResNet-50 model. Similarly,
Takahashi et al. (2024) [10], have observed that ViT-based solutions achieved 97.1% accuracy on
tasks of histopathology classification and surpassed CNN baselines because they are capable of
learning long-range contextual relations.

For segmentation purposes, CNNs have also been used extensively in the delineation of organs and
lesions. Ramadan et al. (2024) [23], achieved DSC of 0.86–0.88 in CNN-based abdominal organ
segmentation on the CHAOS dataset. Recently, Pu et al. [15], showed hybrid CNN–ViT models
delivering 0.91–0.92 DSC on the BraTS 2021 brain tumor data, with better boundary detection
compared to classic CNNs.

GANs are normally evaluated in terms of data augmentation and image quality, not as a rawmeasure
of classification accuracy. Sultan et al. (2025) [6], demonstrated that augmenting small MRI tumor
segmentation datasets with images generated using CycleGAN bettered downstream segmentation
performance by 7.3% (DSC improvement) than models not augmented. Patel and Makwana (2025)
[7], also reported that GAN-based super-resolution enhanced PET image fidelity by 3.1–3.5 dB
PSNR over bicubic upsampling baselines.

TABLE 1 summarizes these representative findings, noting that CNNs are still solid baselines,
that ViTs and hybrid models offer better global context modeling, and that GANs are effective
complement tools for enhancing training efficiency and image quality.
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Table 1: Comparative Results of Selected Deep Learning Models in Medical Imaging:

Model Type Task Dataset Performance Reference
CNN (DenseNet, ResNet) Tumor

classification
Brain MRI, Lung
CT

92.8–94.2% accuracy [5, 18]

ViT Histopathology
classification

Private pathology
dataset

97.1% accuracy [10]

CNN (U-Net, variants) Organ
segmentation

CHAOS dataset DSC 0.86–0.88 [23]

Hybrid CNN–ViT Brain tumor
segmentation

BraTS 2021 DSC 0.91–0.92 [22]

GAN (CycleGAN) Data
augmentation

Brain MRI
segmentation

+7.3% DSC [6]

GAN (Super-resolution) PET
reconstruction

PET images +3.1–3.5 dB PSNR [7]

These numerical findings emphasize that even though CNNs are extremely efficient, ViTs and
hybrid models exhibit better performance on complicated medical image tasks. GANs are com-
plementary since they boost data diversity and reduce training efficiency [10].

2.5 Self-Supervised Learning (SSL) Models

Self-supervised learning methods allow models to learn representations of features from unlabeled
medical images, thereby reducing the dependence on annotated data. Methods like contrastive
learning and masked autoencoders have proven to be highly accurate in diagnostics [11]. SSL has
also been used in multi-task learning, which improves model generalization in medical imaging
tasks [12].

SSL models exceed traditional supervised learning algorithms when supervised data amounts are
restricted according to recent findings. Medical imaging demonstrates its biggest progress in SSL
by implementing contrastive learning systems SimCLR and MoCo which allow models to develop
useful features from massive untagged datasets [17]. Reconstruction errors from typical anatomical
structures detection constitute a-use of SSL in anomaly detection applications [2].

Despite these, SSL procedures remain in lack of thorough checks in real-life clinical settings and
suffer from issues of representation learning biases and adaptation to domains. Research has also
been done exploring the use of meta-learning and domain adaptation processes to improve SSL
models’ robustness across various modes [27]. On top of this, federated SSL has emerged as a
privacy-preserving tool that enables simultaneous model training for multiple hospitals while not
centralizing patient data [14].
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Figure 4: Self-supervised learning framework for medical image analysis [28].

FIGURE 4 illustrates a medical image analysis self-supervised learning process which divides into
two sequential phases namely Self-Supervised Pre-training then Fine-tuning. During the initial
phase, the model is trained using four various strategies for self-supervised learning. The intrinsic
relationship strategy includes predicting the transformations that have been applied to the input
images, e.g., rotations, to build spatial awareness. The generative approach embeds an image and
tries to reconstruct it through a decoder, prompting the model to learn meaningful representations.
The contrastive method trains the model by reducing the distance between similar image repre-
sentations while increasing the distance between dissimilar ones, which encourages discriminative
feature learning. Finally, the self-prediction strategy asks the model to fill in missing parts of the
image, reinforcing its capacity to comprehend contextual structures.

Stage two involves fine-tuning the pre-trained encoder on specific tasks. The end-to-end fine-tuning
process trains the full model consisting of the encoder and classifier over a labeled set where one can
fully optimize. As an alternative option the feature extraction for classification method makes use
of the pre-trained encoder to mine useful features from an image and they go through a classifier in
an attempt to be able to make a prediction. The model uses unlabeled data in pre-training to enhance
learning of features, which is then fine-tuned using labeled data so that it becomes highly effective
in medical imaging tasks.
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3. RESEARCHMETHODOLOGY

This is the method followed for conducting literature review and analysis of deep learning methods
for application in medical imaging. Step-by-step methodology was followed for the presentation of
unbiased and equitable assessment of existing studies.

3.1 Research Design

This review was undertaken as a systematic literature review (SLR) according to the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) guidelines [1, 4].
The SLR method was chosen to provide transparency, reproducibility, and thorough coverage of
deep learning techniques applied to medical imaging. The review had qualitative synthesis of
methodological developments combined with quantitative reporting of performance metrics were
assisted by individual studies.

3.2 Search Strategy and Data Sources

Four major scientific databases were queried: PubMed, IEEEXplore, SpringerLink, and ScienceDi-
rect. Queries were performed from January 1, 2024, to June 30, 2025, to identify the latest de-
velopments, specifically vision transformers (ViTs), self-supervised learning (SSL), and federated
learning (FL). To generate historical context, chosen landmark studies were also filtered from 2020–
2023 that influenced ongoing research directions.

Representative search strings included:

• “Deep learning” AND “medical imaging”

• “Convolutional neural networks” OR “CNN” AND “medical diagnosis”

• “Generative adversarial networks” OR “GAN” AND “medical image segmentation”

• “Vision transformers” OR “ViTs” AND “radiology”

• “Self-supervised learning” AND “medical image analysis”

• “Federated learning” OR “distributed AI” AND “medical imaging”

• “Explainable AI” OR “XAI” AND “healthcare diagnostics”

Database-specific Boolean filters and operators were used (e.g., restricting to English-language,
peer-reviewed journal or conference publications). Full search logs, including results and exact
queries per database, are included in the Appendix (PRISMA checklist).
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3.3 Inclusion and Exclusion Criteria

Methodological precision in study selection depended on established pre-defined criteria used for
screening relevant studies.

3.4 Inclusion Criteria:

• Peer-reviewed journal articles or conference proceedings published between 2024–2025 (plus
select influential studies from 2020–2023 for continuity).

• Studies presenting novel algorithms, architectures, or applications of DL in medical imaging.

• Research providing empirical results with evaluation metrics (e.g., accuracy, DSC, AUC).

• Articles discussing ethical, interpretability, or regulatory aspects tied to DL deployment in
medical imaging.

3.5 Exclusion Criteria:

• Non-peer-reviewed materials (editorials, opinion papers, theses).

• Studies focused only on disease pathology without AI methods.

• Works lacking methodological detail, reproducibility, or empirical validation.

• Duplicate records across databases.

Applying these standards meant that only appropriate, high-quality studies were included in the
review and provided a strong foundation upon which to evaluate the advancements in deep learning
for medical imaging, as shown in FIGURE 5.
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