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Abstract 

The rapid evolution of Artificial Intelligence (AI) has transformed medical imaging into an intelligent 

and data-driven clinical decision-support ecosystem. The growing demand for accurate, low-latency, 

scalable, and interpretable diagnostics has accelerated the integration of deep learning, Edge AI, and 

hardware acceleration in healthcare systems. Recent developments in intelligent medical imaging 

systems for real-time clinical diagnosis are examined in this article. The systematic review was 

conducted using peer-reviewed literature retrieved from IEEE Xplore, PubMed, Scopus, Web of 

Science, and ScienceDirect, covering studies published from 2020 to April 2026. 4,912 articles were 

screened, with 52 high-quality studies included for final synthesis. The review focuses on convolutional 

neural networks, federated learning, explainable AI, transformer-based architectures, multimodal 

imaging, and hardware accelerators, including Application-Specific Integrated Circuits (ASICs), Field-

Programmable Gate Arrays (FPGAs), Tensor Processing Units (TPUs), Graphics Processing Units 

(GPUs), and neuromorphic processors. Findings indicate substantial improvements in diagnostic 

accuracy, computational efficiency, scalability, and low-latency inference across cardiology, oncology, 

pathology, radiology, and ophthalmology. Main challenges include heterogeneous data sources, high 

energy demands, limited clinical validation, and lack of interpretability, privacy concerns, 

interoperability issues, and regulatory barriers. Emerging directions include digital twins, lightweight 

AI, multimodal foundation models, sustainable edge intelligence, and privacy-preserving federated 

ecosystems, highlighting the transformative potential of intelligent medical imaging in precision 

healthcare.    

Keywords: Deep learning, Explainable AI, Hardware acceleration, Low-latency diagnosis, Medical 

image analysis  

1. INTRODUCTION 

Medical imaging is a cornerstone of modern healthcare, enabling precise visualization of 

anatomical structures, physiological processes, and pathological abnormalities for accurate diagnosis 

and treatment planning. Imaging modalities such as computed tomography (CT), magnetic resonance 

imaging (MRI), positron emission tomography (PET), ultrasound, histopathology, and retinal imaging 

have significantly advanced. These modalities generate vast amounts of complex clinical data that 

require intelligent and automated analysis. Conventional diagnostic workflows, which largely depend 

on manual interpretation by radiologists and specialists, are increasingly constrained by diagnostic 

delays, clinician workload, inter-observer variability, and limited access to expert healthcare 

professionals in resource-limited settings. Consequently, AI has emerged as a transformative solution 

for improving diagnostic accuracy, efficiency, and scalability in medical imaging systems [1,2]. 

Deep learning (DL) has become the dominant paradigm in intelligent medical imaging due to its 

exceptional capability for automated feature extraction, hierarchical representation learning, and high-
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dimensional pattern recognition. Convolutional Neural Networks (CNNs), Generative Adversarial 

Networks (GANs), transformers, and hybrid deep learning models are examples of advanced 

architectures that have demonstrated exceptional performance in medical imaging tasks. These include 

segmentation, disease detection, image registration, multimodal image analysis, and picture 

classification [3,4,5,6]. Recent advances have enabled AI-driven imaging systems to achieve expert-

level diagnostic performance in applications such as cancer detection, diabetic retinopathy screening, 

pathology analysis, and radiological interpretation.   

Despite these advances, centralized cloud-based AI infrastructures remain limited by bandwidth 

overhead, network latency, privacy concerns, and inadequate real-time responsiveness. Clinical 

applications such as emergency diagnostics, intensive care monitoring, surgical guidance, and remote 

telemedicine require ultra-low-latency inference and reliable decision support that cannot tolerate 

communication delays. As a result, Edge AI has emerged as a critical paradigm for deploying 

intelligence closer to wearable sensors, imaging devices, and point-of-care systems. By supporting 

localized inference and decentralized analytics, edge computing significantly improves bandwidth 

efficiency, privacy preservation, diagnostic responsiveness, and system reliability [7,8,9].  

Simultaneously, the computational demands of DL have accelerated the adoption of specialized 

hardware acceleration platforms optimized for medical AI workloads. ASICs, FPGAs, GPUs, TPUs, 

neuromorphic processors, and heterogeneous edge architectures now play a pivotal role in accelerating 

image reconstruction, multimodal fusion, segmentation, and real-time inference under strict latency and 

energy constraints [10,11,12]. In parallel, hardware-aware optimization techniques, including 

knowledge distillation, mixed-precision computing, quantization, pruning, and lightweight neural 

architectures, have facilitated efficient deployment of AI models on edge and embedded healthcare 

devices [13,14]. 

This review critically examines the convergence of DL, Edge AI, and hardware acceleration in 

intelligent medical imaging systems for rapid real-time diagnosis. Unlike prior studies that focus on a 

single aspect (e.g., only DL or only edge computing), this review unifies DL, Edge AI, and hardware 

acceleration for medical imaging into a cohesive framework. Special emphasis was placed on real-time 

clinical deployment, quantifying latency and throughput requirements [15,16,17]. Furthermore, the 

review explores the convergence of Internet of Medical Things (IoMT) devices, 5G-enabled 

telemedicine, federated learning, multimodal intelligence, and explainable AI within healthcare 

ecosystems [18,19,20,21]. The study provides researchers, clinicians, engineers, and policymakers with 

insights into intelligent, scalable, patient-centric medical imaging for future precision medicine and 

healthcare delivery. 

2. MATERIAL AND METHODS  

2.1. Search Strategy 

This review followed the PRISMA 2020 reporting guidelines to ensure methodological 

transparency, reproducibility, and rigorous study selection. A comprehensive literature search was 

conducted across major scientific databases, including IEEE Xplore, PubMed, Scopus, Web of Science, 

and ScienceDirect, covering studies published between January 2020 and April 2026. Boolean search 

expressions were developed using combinations of keywords related to intelligent medical imaging, 

DL, Edge AI, federated learning, hardware acceleration, and IoMT. The primary search string was 

formulated as:  

 ("medical imaging" OR "medical image analysis") AND ("hardware acceleration" OR "FPGA" 

OR "GPU" OR "TPU" OR "ASIC" OR "IoMT" OR "Internet of Medical Things") AND ("deep 

learning" OR "transformer networks" OR "edge AI" OR "federated learning") AND ("low-latency 

diagnosis" OR "edge computing" OR "real-time healthcare") AND (Publication Year: 2020-2026). 
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Database-specific refinements were applied where necessary, including MeSH terms and 

controlled vocabulary indexing in PubMed. Retrieved records were exported into a reference 

management system for duplicate removal and screening.  

2.2. Inclusion Criteria 

Studies that focused on AI-enabled medical imaging applications, such as diagnosis, image 

classification, registration, multimodal imaging, segmentation, or clinical decision support, and were 

published in English between 2020 and April 2026, were included in the synthesis. One domain, such 

as DL architectures, edge AI, explainable AI, federated learning, hardware acceleration, IoMT, or low-

latency clinical deployment, was covered by eligible studies. Experimental validation, comparative 

analysis, review technique, or therapeutically relevant application is necessary for inclusion in the 

works. 

2.3. Exclusion Criteria 

Studies were excluded if they were conference papers, book chapters, commentaries, editorials, 

non-peer-reviewed works, non-English publications, workshops, or studies lacking relevance to 

medical imaging or intelligent healthcare systems. Purely theoretical ML studies without clinical 

applicability, duplicate datasets, or methodologically weak studies with insufficient validation were 

excluded. Figure 1 visualizes the study selection procedure. A total of 52 studies were included, with 

trends analyzed in Figure 2, accordingly and systematically. 

 

 

Figure 1. PRISMA flowchart for the selection of included studies 

3. RESULTS AND DISCUSSION  
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3.1. Quality Assessment 

Study quality was evaluated using a structured framework aligned with PRISMA 2020. Due to 

heterogeneity across DL, Edge AI, hardware acceleration, and clinical imaging studies, the Mixed 

Methods Appraisal Tool (MMAT) was applied to empirical studies, while the Critical Appraisal Skills 

Programme (CASP) checklist was used for reviews and qualitative research. Assessments covered three 

dimensions: AI transparency (reproducibility and interpretability), methodological quality (design 

validity, dataset adequacy, experimental rigor), and risk of bias (selection, evaluation, and publication 

bias). 

Table 1. Quality Assessment approach for Included Studies 

Component Evaluation Focus Tool/Metric 

Methodological Quality Study design, validation, reproducibility CASP / MMAT 

AI Transparency Explainability, reporting completeness ATS (0-5 scale) 

Risk of Bias Dataset, model, evaluation bias Structured bias checklist 

AI Transparency Scoring (ATS) used a 5-point scale (0-5), where 0-1 indicated low transparency, 

2-3 moderate transparency, and 4-5 high transparency. Only studies rated as moderate to high quality 

across all three assessment dimensions were included in the final synthesis (n = 52). This inclusion rule 

guaranteed the chosen evidence base's medical importance, repeatability, and methodological rigor. 

The review variables and data extraction used in this study include AI architecture, which 

comprises CNNs, Transformers, and GANs; hardware platforms, including FPGA, GPU, and TPU; 

clinical domains such as radiology and evaluation metrics, oncology; including accuracy, Dice 

coefficient, and AUC; edge deployment capability (Yes/No); and explainability approaches based on 

XAI methods. 

3.2. Evolution of AI in medical imaging systems 

The evolution of AI in medical imaging has progressed from rule-based expert systems and 

conventional ML algorithms to advanced deep neural architectures capable of intelligent and 

autonomous clinical analysis. Early medical imaging systems relied heavily on handcrafted features 

and traditional algorithms such as decision trees, support vector machines, and random forests. 

Although these approaches achieved moderate success in structured diagnostic tasks, their dependence 

on manual feature engineering limited adaptability, scalability, and generalization across diverse 

imaging environments. 

DL has transformed medical image analysis by enabling automatic hierarchical feature extraction 

from raw data. CNNs became central due to their ability to capture complex anatomical patterns and 

spatial invariances. Architectures such as AlexNet, DenseNet, ResNet, VGGNet, U-Net, and 

transformers have improved segmentation, classification, detection, disease prediction, and multimodal 

analysis [3,5,6], establishing DL as the dominant paradigm. Foundational work [2,22,23] showed major 

gains in automated representation learning and diagnostic accuracy. Recent studies demonstrate expert-

level performance in radiology, pathology, ophthalmology, oncology, and cardiology, including cancer 

detection and diabetic retinopathy screening [4,24]. Multimodal AI integrating imaging, genomics, and 

clinical data further advances precision medicine, supported by AI, big data, cloud computing, and 

open-source ecosystems [25].  

The growing integration of AI into healthcare has accelerated the development of edge-enabled 

and low-latency diagnostic systems. Edge AI frameworks now support real-time medical imaging 

inference by moving computational intelligence closer to imaging devices, wearable sensors, and point-

of-care platforms. This improves responsiveness, enhances privacy preservation, and increases 

bandwidth efficiency [7,8,26]. Simultaneously, specialized hardware accelerators, including ASICs, 

FPGAs, GPUs, TPUs, and neuromorphic processors, have enhanced the scalability and computational 

efficiency of DL workloads in clinical environments [10,12,27]. Recent advances in portable MRI 
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acceleration technologies have further highlighted the growing importance of hardware-aware 

optimization for real-time, low-latency intelligent medical imaging systems [28]. 

Despite advances, challenges in fairness, interpretability, robustness, privacy, and clinical trust 

limit large-scale adoption. The black-box nature of DL raises concerns about transparency and 

reliability in clinical use. Therefore, XAI, trustworthy AI, federated learning, and fairness-aware 

methods are essential for ethical and reliable medical imaging systems [9,18, 29]. 

3.3. Convolutional Neural Networks 

CNNs remain the foundational architecture for intelligent medical imaging due to their strong 

hierarchical feature extraction, spatial representation learning, and pathological pattern recognition 

capabilities. CNN-based systems achieve state-of-the-art performance in tumor detection, lesion 

localization, organ segmentation, radiological interpretation, and disease classification across CT, MRI, 

ultrasound, and histopathological imaging modalities. Architectures including DenseNet, ResNet, 

EfficientNet, and lightweight edge-oriented CNNs significantly improve diagnostic accuracy, 

scalability, and computational efficiency in clinical environments [2,3]. Transfer learning has 

accelerated healthcare deployment by enabling adaptation to limited annotated datasets, while pruning, 

quantization, and mixed-precision inference support efficient deployment on embedded and edge 

healthcare devices [11,14]. However, CNNs still face challenges related to annotation scarcity, data 

imbalance, limited interpretability, and hardware bottlenecks, including memory bandwidth limitations, 

I/O latency, and high energy consumption in large-scale, real-time MRI and CT reconstruction systems.  

3.4. Segmentation Networks 

Medical image segmentation is essential for disease monitoring, radiotherapy planning, surgical 

navigation, and precision diagnosis. Encoder-decoder models such as U-Net excel in tumor delineation, 

organ extraction, histopathology, lesion localization, and volumetric MRI segmentation due to skip 

connections and multiscale feature fusion [11,12]. Recent residual, attention, and CNN-transformer 

hybrids improve accuracy, but real-time deployment remains challenging due to high computational 

and memory demands. Edge computing integration supports low-latency, real-time clinical imaging in 

resource-constrained settings [30].  

3.5. Recurrent and Temporal Learning Models  

Dynamic medical imaging and physiological signal analysis require architectures capable of 

modeling temporal and sequential dependencies. Long Short-Term Memory (LSTM) networks, 

Recurrent Neural Networks (RNNs), and Gated Recurrent Units (GRUs) have demonstrated 

effectiveness in cardiac motion analysis, patient monitoring, video endoscopy interpretation, and 

longitudinal disease progression modeling [31]. These temporal learning models enhance predictive 

analytics by capturing spatiotemporal relationships within sequential imaging and biosignal datasets. 

Edge-assisted temporal learning systems have further improved intelligent telemedicine, remote 

patient monitoring, and latency-sensitive healthcare analytics through distributed inference [32,33]. 

Nevertheless, maintaining robustness in continuous monitoring systems remains challenging because 

missing temporal information, noisy physiological signals, and heterogeneous multimodal inputs can 

degrade prediction reliability and clinical interpretability. 

3.6. Transformer-Based Medical Imaging systems 

Vision Transformers (ViTs) and multimodal transformer architectures offer superior global 

contextual learning and long-range dependency modeling compared to CNNs, enabling applications in 

pathology, radiology, radiomics, multimodal fusion, and AI-assisted diagnosis [21]. They integrate 

imaging with EHRs, genomics, and biosensor data, advancing precision medicine. However, their large 

model size, high computational cost, and memory-intensive attention hinder edge deployment. 

Lightweight variants like Swin Transformers and distillation help but may reduce performance, while 

multimodal systems also raise challenges of privacy, heterogeneity, and interpretability. 
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3.7. Generative and Self-Supervised Learning   

Generative adversarial networks (GANs) and self-supervised learning (SSL) are improving 

intelligent medical imaging by addressing annotation shortages, class imbalance, privacy concerns, and 

various clinical datasets. GAN-based methods are widely used for synthetic medical image generation, 

anomaly detection, multimodal image synthesis, low-dose image enhancement, and reconstruction, 

thereby improving dataset diversity, robustness, and diagnostic performance in healthcare systems 

[4,34]. In parallel, SSL enables representation learning from large-scale unlabeled medical data, 

reducing dependence on costly manual annotations while enhancing scalability and generalization 

across imaging modalities. These approaches are particularly valuable in edge-oriented healthcare 

ecosystems, where adaptive SSL supports low-latency inference, intelligent automation, and efficient 

learning under constrained computational resources [30,35].  

Despite strong progress in transformer-based and multimodal AI systems, real-world deployment 

remains limited by interpretability issues, high computational complexity, and hardware constraints. 

ViTs improve long-range contextual modeling beyond CNNs but require substantial memory 

bandwidth due to global self-attention operations [21]. Lightweight variants such as Swin Transformers 

and distilled models reduce complexity but may sacrifice accuracy. Multimodal systems integrating 

imaging, biosignals, and EHRs enhance clinical intelligence but face challenges in alignment, missing 

data, privacy, and interpretability despite XAI methods.  

Table 2. Comparative analysis of DL architectures for medical imaging systems 

Architecture Core 

Characteristics 

Major 

Advantages 

Limitations Representative 

Applications 

Edge 

Suitability 

CNN Hierarchical 

spatial learning 

and convolutional 

feature extraction 

[2,3] 

Efficient 

inference and 

strong 

performance 

on limited 

datasets 

Limited global 

contextual 

awareness [5] 

Tumor 

detection, 

CT/MRI 

analysis, lesion 

segmentation 

High 

ViT Self-attention and 

global contextual 

[21]  

Superior long-

range 

dependency 

learning and 

multimodal 

fusion [36] 

High 

computational 

and memory 

cost [21] 

Organ 

localization, 

radiomics, 

multimodal 

diagnosis 

Moderate 

GAN Generator-

discriminator 

adversarial 

learning 

framework [2,37] 

Synthetic 

image 

generation and 

data 

augmentation 

Training 

instability and 

limited 

interpretability 

Image 

reconstruction, 

low-dose 

enhancement 

Moderate 

Hybrid 

CNN-

Transformer 

Integrated local 

convolutional and 

global attention 

mechanisms 

[12,36]   

Balanced 

feature 

extraction 

with improved 

contextual 

understanding 

Increased 

architectural 

complexity and 

hardware 

demand 

Precision 

medicine and 

multimodal 

analytics 

Moderate 

Table 2 presents a comparative indication of major DL architectures used in intelligent medical 

imaging systems. It highlights their computational strengths, structural characteristics, limitations, and 

clinical applications. It also assesses their suitability for edge-based deployment in healthcare settings 

with limited facilities. 

Table 3. Edge AI Frameworks for Intelligent Medical Imaging Systems 
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Framework Supported 

Hardware 

Optimization Features Typical 

Latency 

Clinical Relevance 

TensorFlow 

Lite [27] 

ARM, mobile 

GPUs, CPUs 

Pruning, quantization, 

lightweight model 

conversion 

30 ms Portable diagnostics 

and embedded 

medical devices 

ONNX 

Runtime [10] 

CPU, GPU, TPU 

(cross-platform 

accelerators) 

Graph optimization, 

hardware acceleration, 

TensorRT integration 

20-50 ms Real-time clinical 

inference systems 

PyTorch 

Mobile [14] 

ARM processors, 

mobile GPUs 

Quantization-aware 

training, on-device 

deployment 

50 ms Flexible edge AI 

healthcare 

applications 

TensorRT 

[11] 

NVIDIA GPUs INT8 precision 

optimization, kernel 

fusion, layer merging 

<20 ms Ultra-low latency 

medical imaging 

analytics 

Vitis  [38] FPGA platforms Hardware-aware 

compilation, FPGA 

acceleration 

Low 

latency 

Energy-efficient 

IoMT and edge 

inference 

Table 3 summarizes widely adopted edge AI frameworks for intelligent medical imaging systems, 

focusing on supported hardware platforms, optimization strategies, inference latency, and clinical 

deployment relevance in resource-constrained environments. 

Table 4. Comparative Analysis of Hardware Accelerators for Intelligent Medical Imaging Systems 

Hardware Performance 

Characteristics 

Power 

Efficiency 

Advantages Limitations Healthcare 

Applications 

GPU Extremely high 

parallel 

throughput [2,3] 

Moderate Excellent for 

large-scale DL 

training and 

inference 

High energy 

consumption 

Cloud-based 

imaging 

analytics and 

model training 

FPGA Reconfigurable, 

low-latency 

acceleration 

[27,38]   

High Energy-

efficient, 

customizable 

architecture 

High design 

complexity 

Real-time 

edge imaging 

and IoMT 

systems 

TPU Optimized tensor 

computation 

[12,21] 

Very high High-speed 

inference 

performance 

Limited 

flexibility 

outside tensor 

operations 

Radiology AI 

and inference 

systems 

ASIC / 

Edge 

TPU 

Fixed-function 

ultra-low-power 

acceleration 

[11,15] 

Highest Minimal 

latency and 

energy 

consumption 

Non-

reconfigurable 

architecture 

Portable 

diagnostic and 

embedded 

systems 

Table 4 presents a comparative analysis of major hardware accelerators used in intelligent medical 

imaging, emphasizing computational performance, energy efficiency, architectural advantages, 

limitations, and healthcare applicability. 

Table 5. Clinical Performance Benchmarks in Intelligent Medical Imaging Systems 

Clinical Domain AI Architecture Dataset/Application Evaluation 

Metric 

Reported 

Performance 

Brain tumor 

segmentation 

CNN / U-Net 

[5] 

BraTS Dice 

coefficient 

0.92-0.94 

Retinal disease 

screening 

CNN / ViT 

[21,36] 

EyePACS AUC 0.93-0.97 

Lung cancer 

detection 

CNN [2,37] Chest CT / X-ray AUC 0.86-0.94 
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Breast cancer 

diagnosis 

CNN [2,3] Mammography Accuracy / 

AUC 

0.87-0.91 

COVID-19 

detection 

Deep CNN 

[17,39] 

Chest imaging 

datasets 

Accuracy 0.95 

Table 5 summarizes clinical performance benchmarks of DL models across major medical imaging 

tasks, including classification, segmentation, and disease detection using widely adopted datasets and 

evaluation metrics. 

3.8. Integrated Quantitative Performance Analysis 

Recent advances in intelligent medical imaging demonstrate consistently strong empirical 

performance across diagnostic accuracy, computational efficiency, segmentation quality, and energy-

aware deployment. DL models achieve high diagnostic accuracy across diverse imaging modalities, 

with reported AUC values exceeding 0.90 in multiple clinical classification tasks [3,37,39]. In 

classification-based applications, CNN-driven COVID-19 detection systems using CT and chest X-ray 

data achieve accuracies between 95% and 99%, while retinal disease screening systems report AUC 

values ranging from 0.93 to 0.99 [2]. Lung nodule detection systems similarly achieve AUC values 

between 0.86 and 0.94, demonstrating robustness in radiological interpretation tasks [5]. For 

segmentation tasks, U-Net and its variants consistently achieve Dice coefficients between 0.90 and 0.94 

on the BraTS dataset [6]. Transformer-enhanced architectures such as TransUNet further improve 

segmentation accuracy by approximately 1-4% through enhanced global contextual modeling and long-

range dependency capture [21]. 

From a hardware perspective, edge AI acceleration significantly improves latency and energy 

efficiency. Similarly, optimized frameworks such as ONNX Runtime, TensorRT, and TensorFlow Lite 

consistently achieve sub-50 ms inference latency for deployed medical imaging models [11,40]. These 

results collectively highlight the importance of hardware-aware optimization, lightweight model design, 

and edge deployment strategies for enabling scalable, real-time intelligent healthcare systems.  

4. EDGE AI FOR RAPID REAL-TIME DIAGNOSIS 

4.1. Foundations of Edge AI in Healthcare 

Edge AI refers to the deployment of intelligent models directly on decentralized computing 

devices located near data acquisition sources. In healthcare environments, this paradigm enables 

localized processing of medical imaging and physiological signals without continuous reliance on 

centralized cloud infrastructures. This approach reduces inference latency, minimizes bandwidth 

consumption, improves system reliability, and enhances patient data privacy. Edge AI has therefore 

become a critical enabling technology for latency-sensitive applications such as emergency diagnostics, 

robotic-assisted surgery, wearable monitoring systems, and real-time clinical decision support [9,26]. 

The combination of DL, the IoMT, and distributed edge computing accelerated the development 

of intelligent diagnostic ecosystems suited efficiently in dynamic, resource-constrained clinical settings. 

According to recent research, edge intelligence is necessary to enable healthcare delivery systems that 

are responsive, scalable, and energy-efficient [8,17,41]. 

4.2. Edge-Cloud Collaborative Architectures 

Modern intelligent healthcare systems increasingly employ edge-cloud collaborative architectures 

that distribute computational workloads across hierarchical infrastructures. In these frameworks, 

computationally intensive model training and large-scale data analytics are typically performed in cloud 

environments, while real-time inference and latency-sensitive tasks are executed at the network edge. 

This distributed paradigm optimizes computational efficiency, scalability, and diagnostic 

responsiveness. Edge-cloud continuum architectures have demonstrated substantial potential for 

supporting scalable healthcare analytics and remote diagnostic services, particularly in underserved and 
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resource-constrained regions [34]. By balancing workloads between centralized and decentralized 

infrastructures, these systems reduce communication delays, mitigate network congestion, and improve 

the reliability of AI-driven clinical decision-making. Recent studies also emphasize the importance of 

scalable AI orchestration and low-latency edge computing for real-time medical imaging applications 

[42,43]. 

4.3. Edge AI in Telemedicine and Remote Diagnostics 

The integration of 5G communication networks, IoMT devices, and edge intelligence has 

significantly transformed telemedicine and remote healthcare infrastructures. Ultra-low-latency 

communication enables real-time medical image transmission, intelligent patient monitoring, remote 

diagnostics, and AI-assisted emergency response. Fog and edge computing architectures have 

demonstrated remarkable effectiveness in reducing diagnostic response times and enhancing healthcare 

accessibility in distributed clinical environments [19,44]. Edge-enabled imaging systems are 

particularly valuable in rural and resource-limited settings where cloud connectivity could be unstable 

or unavailable. Localized inference capabilities ensure continuous diagnostic operation even under 

intermittent network conditions, thereby improving healthcare resilience and patient outcomes. 

Emerging edge-aware healthcare frameworks integrating sensor fusion, AI-driven emergency response, 

and decentralized analytics further strengthen real-time monitoring and intelligent clinical intervention 

systems [45,46]. 

4.4. Federated Learning and Privacy Preservation 

Medical imaging data are highly sensitive and governed by strict privacy, security, and regulatory 

requirements. Federated learning has emerged as a powerful privacy-preserving distributed learning 

paradigm that enables collaborative AI model training without transferring raw patient data across 

healthcare institutions. Instead, only model parameters or gradients are exchanged, significantly 

reducing privacy risks and regulatory concerns. Edge-based federated learning frameworks facilitate 

secure cross-institutional collaboration while maintaining patient confidentiality, data ownership, and 

compliance with healthcare governance standards. These frameworks are increasingly integrated into 

intelligent medical imaging systems to support multi-hospital AI training, decentralized diagnostics, 

and sustainable edge intelligence [18,47]. Furthermore, federated and edge-enabled architectures 

improve scalability, trustworthiness, and interoperability in next-generation healthcare ecosystems. 

5. HARDWARE ACCELERATION FOR INTELLIGENT MEDICAL IMAGING 

5.1. Need for Hardware Acceleration 

DL workloads in medical imaging are computationally intensive due to high-resolution imaging 

data, complex neural architectures, multimodal analytics, and stringent real-time inference 

requirements. Conventional CPU-based systems often fail to satisfy the latency and throughput 

demands of critical clinical applications such as emergency diagnostics, intensive care monitoring, 

intraoperative imaging, and remote healthcare services. Consequently, hardware acceleration platforms 

have become indispensable for enabling efficient execution of parallel tensor operations, neural 

inference, image reconstruction, and multimodal data processing with reduced latency and energy 

consumption [10,12]. The convergence of Edge AI and hardware-aware optimization has further 

accelerated the deployment of intelligent medical imaging systems in portable, embedded, and 

resource-constrained healthcare environments. 

5.2. Graphics Processing Units (GPUs) 

GPUs remain the dominant acceleration platform for DL training and inference due to their 

massively parallel computational architecture. GPUs efficiently execute convolutional operations, 

image reconstruction pipelines, matrix multiplications, and multimodal learning frameworks, thereby 

substantially improving throughput in radiology, pathology, and large-scale clinical analytics [27]. 
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GPU-enabled infrastructures have significantly accelerated medical image segmentation, disease 

classification, radiomics analysis, and real-time diagnostic workflows. Their scalability and 

compatibility with modern DL frameworks continue to make GPUs central to smart health systems. 

5.3. Field Programmable Gate Arrays (FPGAs)  

FPGAs provide reconfigurable hardware architectures optimized for low-power and low-latency 

AI inference. FPGA-based accelerators are highly suitable for real-time medical imaging applications 

requiring deterministic processing, energy efficiency, and hardware flexibility [27,38]. FPGAs are 

increasingly integrated into portable diagnostic systems, embedded imaging platforms, wearable 

healthcare devices, and edge-enabled clinical infrastructures. Recent FPGA-based multimodal edge 

intelligence systems have demonstrated remarkable efficiency for IoMT applications and decentralized 

healthcare analytics [45]. 

5.4. Application-Specific Integrated Circuits (ASICs) and TPUs 

ASICs and tensor processing units (TPUs) provide highly optimized acceleration for deep neural 

network inference and training. These specialized processors enable ultra-fast medical image analytics 

while minimizing energy consumption and computational overhead. Healthcare-oriented ASICs and 

TPUs have facilitated the deployment of sophisticated AI imaging models within compact, energy-

constrained, and portable clinical devices [12]. Recent advances in edge-oriented AI accelerators have 

further improved the feasibility of deploying intelligent diagnostic systems in real-time healthcare 

environments. 

5.5. Neuromorphic and Heterogeneous Computing 

Neuromorphic computers use event-driven designs with ultra-low power and adaptive processing 

to mimic organic neural computation. Neuromorphic systems show great promise for intelligent 

biosignal processing, real-time diagnostic inference, and continuous physiological monitoring in edge 

healthcare settings, even though they are still in their infancy [48]. Concurrently, modern medical 

imaging infrastructures are increasingly characterized by heterogeneous computing architectures that 

combine CPUs, FPGAs, GPUs, TPUs, and edge processors, offering greater scalability, flexibility, and 

adaptability to diverse workloads. In complex multimodal healthcare analytics, such hybrid designs 

enable more efficient and optimized resource allocation [27]. 

5.6. Hardware-Aware AI Optimization 

Hardware-aware optimization techniques have become essential for deploying DL models on edge 

and embedded healthcare devices. Model compression approaches, including pruning, sparse 

computation, quantization, knowledge distillation, and mixed-precision computing, significantly 

reduce computational complexity, memory usage, and energy consumption while preserving diagnostic 

performance [13]. Lightweight neural architectures such as EfficientNet, MobileNet, TinyML 

frameworks, and sustainable edge AI models further enhance the feasibility of low-latency clinical 

deployment. Recent studies have emphasized carbon-aware and energy-efficient medical AI 

frameworks designed to support sustainable healthcare computing infrastructures [49,50]. 

6. CLINICAL APPLICATIONS OF INTELLIGENT MEDICAL IMAGING SYSTEMS 

6.1. Radiology and Diagnostic Imaging 

AI-driven radiology systems have demonstrated remarkable performance in chest, neuro, 

musculoskeletal, and abdominal imaging. DL models support automated lesion detection, image 

reconstruction, workflow prioritization, and radiological interpretation with improved efficiency and 

accuracy. ML is increasingly transforming radiology by reducing clinician workload and enhancing 

diagnostic consistency [2]. Edge-enabled radiological systems further support real-time inference and 

low-latency diagnostics in emergency and remote healthcare environments. 
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6.2 Oncology and Cancer Imaging 

Cancer imaging represents one of the most impactful applications of intelligent medical imaging. 

AI systems support tumor segmentation, radiomics analysis, prediction of therapeutic response, 

treatment planning, and precision oncology. DL-based imaging frameworks have significantly 

improved early cancer detection and personalized treatment strategies across lung, breast, brain, and 

prostate cancers [34]. Advanced multimodal imaging intelligence integrating pathological, genomic, 

and radiological data is further accelerating precision medicine initiatives in oncology. 

6.3. Ophthalmology 

Retinal imaging and optical coherence tomography (OCT) analysis have become highly successful 

domains for AI-assisted diagnosis. Intelligent imaging systems enable automated detection of diabetic 

retinopathy, macular degeneration, glaucoma, and retinal abnormalities with high diagnostic accuracy. 

AI-assisted ophthalmic screening significantly improves early disease detection and accessibility to 

preventive healthcare services. 

6.4. Histopathology and Digital Pathology 

Digital pathology combines high-resolution whole-slide imaging with DL for automated cancer 

grading, cellular analysis, biomarker identification, and tissue characterization. AI-assisted pathology 

systems improve diagnostic consistency, reduce interobserver variability, and accelerate pathological 

interpretation workflows [1]. Recent transformer-based and multimodal pathology frameworks are 

further advancing precision diagnostics and computational pathology research. 

6.5. Cardiology 

DL models have demonstrated substantial effectiveness in cardiac imaging interpretation, 

arrhythmia detection, echocardiographic analysis, and cardiovascular risk prediction. Intelligent cardiac 

imaging systems support early disease diagnosis, personalized therapeutic planning, and continuous 

cardiovascular monitoring. Edge-enabled cardiology platforms further facilitate real-time analysis of 

physiological signals and wearable biosensor data for proactive healthcare management. 

6.6. Remote Monitoring and IoMT 

Wearable imaging devices, mobile diagnostic systems, and IoMT infrastructures increasingly 

integrate Edge AI for continuous patient monitoring and remote healthcare delivery. Intelligent 

wearable sensing systems have become essential for pandemic response, chronic disease management, 

and decentralized healthcare services [20,51]. Recent edge-aware healthcare frameworks integrating 

sensor fusion, AI-driven emergency response, and decentralized analytics are strengthening real-time 

remote monitoring capabilities and intelligent telemedicine systems [45]. 

As shown in Figure 2, the total number of publications increased more than tenfold during this 

period, demonstrating the rapidly growing global interest in the field. The most significant growth 

occurred after 2022, driven by the convergence of Edge AI, federated learning, hardware acceleration, 

and transformer-based architectures. Recent studies increasingly focus on real-time clinical deployment, 

explainability, energy efficiency, and privacy-preserving healthcare intelligence. In addition, 

sustainable AI and multimodal foundation models emerged as dominant research directions during 

2025-2026, clinically deployable, reflecting a clear transition toward scalable, and environmentally 

responsible intelligent medical imaging systems. 
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Figure 2 presents publication trends and research growth patterns in intelligent medical imaging 

systems, 2020-2026. 

Furthermore, Figure 3 illustrates the rapid increase in global research activity across DL, Edge AI, 

federated learning, transformer architectures, and hardware-accelerated healthcare systems, reflecting 

a clear shift toward scalable, low-latency, and sustainable precision medicine. This growth is driven by 

the rapid expansion of DL applications in radiology and pathology, increasing demand for real-time, 

low-latency diagnostic systems, and the growing adoption of Edge AI and IoMT ecosystems. Advances 

in FPGA, GPU, TPU, and ASIC accelerators, federated AI, privacy-preserving healthcare systems, 

precision medicine, and telemedicine initiatives are further motivators. Furthermore, increased 

emphasis on explainable, trustworthy, and sustainable AI, alongside the expansion of multimodal 

imaging and foundation model research, continues to accelerate global innovation in intelligent medical 

imaging systems. 

 

Figure 3. Distribution of Research Focus Areas in Intelligent Medical Imaging Systems (2020-2026) 

7. EXPLAINABLE, TRUSTWORTHY, AND ETHICAL AI IN MEDICAL IMAGING 

The integration of AI into clinical decision-making requires transparency, accountability, 

reliability, and trustworthiness. Black-box diagnostic technologies have the potential to erode doctors' 

trust and raise ethical questions about patient safety, privacy, justice, and bias. Consequently, XAI has 

emerged as a critical component of intelligent medical imaging systems. Explainable AI frameworks 

enable clinicians to interpret model predictions through saliency maps, attention visualization, feature 

attribution techniques, and interpretable decision pathways. Trustworthy AI mechanisms significantly 
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improve transparency, reduce algorithmic bias, and enhance clinical reliability in healthcare 

environments [18]. 

Algorithmic bias remains a major challenge due to demographic imbalance, heterogeneous 

datasets, institutional disparities, and unequal healthcare representation. Biased imaging models 

disproportionately affect underrepresented populations, thereby exacerbating healthcare inequities and 

diagnostic disparities. Regulatory compliance with frameworks such as GDPR, HIPAA, and emerging 

AI governance policies further necessitates secure, privacy-preserving, and ethically responsible 

healthcare AI infrastructures. Federated learning, privacy-preserving analytics, and fairness-aware 

machine learning are increasingly adopted to strengthen clinical trust and regulatory acceptance. 

8. CHALLENGES AND LIMITATIONS 

Despite significant advances, AI/ML-driven intelligent educational systems still encounter key 

technical, pedagogical, and operational constraints that limit scalable deployment. A major challenge 

is the scarcity of high-quality labeled educational data, as expert annotation of learner interactions, 

assessments, and behavioral logs is costly, time-intensive, and difficult to standardize across institutions. 

Furthermore, data heterogeneity, inconsistent collection protocols, and demographic imbalance reduce 

model robustness and generalization across diverse learner populations [3,37]. Modern transformer and 

multimodal architectures used in learning analytics offer strong representational capacity but introduce 

substantial computational and energy demands due to large parameter sizes and global attention 

mechanisms [21]. Real-time adaptive learning systems are additionally constrained by infrastructure 

and streaming bottlenecks. Multimodal educational data also suffers from missing modalities and 

limited interpretability [52]. While federated learning enhances privacy, it remains susceptible to bias 

propagation and security vulnerabilities. Overall, achieving an optimal balance among accuracy, 

efficiency, privacy, and explainability remains a central challenge. 

Table 6. Challenges in trustworthy medical AI 

Challenge Clinical Impact Existing Mitigation 

Strategies 

Remaining Research 

Gaps 

Dataset bias and 

heterogeneity 

[3,37]  

Reduced 

generalizability and 

performance disparity 

across populations 

Data augmentation, 

transfer learning, 

federated learning 

[18,29] 

Lack of globally 

standardized, high-

quality annotated medical 

imaging datasets 

Privacy and 

security risks 

[29,32] 

Exposure of sensitive 

patient data and 

reduced patient trust 

Federated learning, 

encryption, secure 

aggregation protocols 

Vulnerability to model 

poisoning, membership 

inference, and adversarial 

attacks 

Limited 

explainability 

[18,53] 

Reduced clinician trust 

and limited regulatory 

approval 

Saliency maps, XAI 

frameworks, attention 

visualization methods 

Persistent accuracy-

interpretability trade-off 

in DL models 

Computational 

complexity [12,21] 

High latency, increased 

energy consumption, 

and deployment 

constraints 

Quantization, 

pruning, model 

distillation, edge 

acceleration 

Efficient transformer and 

multimodal model 

deployment on resource-

limited edge devices 

Hardware 

bottlenecks [15,27]   

Delayed real-time 

MRI/CT processing 

and limited scalability 

FPGAs, GPUs, TPUs, 

ASIC/Edge 

accelerators 

Memory bandwidth, I/O 

constraints, and lack of 

unified hardware-

software co-design 

Regulatory and 

interoperability 

issues [9,52] 

Slower clinical 

adoption and 

fragmented system 

integration 

AI governance 

frameworks and 

standardization 

initiatives 

Lack of unified global 

standards for healthcare 

AI interoperability and 

validation 
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Table 6 outlines the primary technical, clinical, and regulatory challenges facing intelligent 

medical imaging systems, along with their clinical implications, current mitigation strategies, and 

remaining research gaps that hinder widespread and reliable deployment in real-world healthcare 

settings. 

 Furthermore, Figure 4 presents an integrated framework for developing safe, reliable, and 

clinically deployable medical imaging AI systems, organized around six core pillars: explainability, 

fairness, governance, privacy, robustness, and clinician trust, all centered on a unified Trustworthy 

Medical Imaging AI core designed to ensure human-centered and ethically aligned decision support. 

The fairness component focuses on reducing dataset and sampling bias, ensuring demographic equity, 

and maintaining consistent performance across diverse patient populations. The explainability module 

emphasizes interpretable AI through saliency maps, attention mechanisms, and rationale generation to 

improve clinician understanding and support transparent decision-making. The robustness pillar 

ensures resilience against adversarial attacks, domain shifts, and noise, while supporting cross-site 

generalization and continuous model validation in real-world clinical environments. 

The governance pillar ensures regulatory compliance (FDA, CE, and HIPAA/GDPR-aligned 

frameworks), documentation transparency, auditability, and accountability throughout the AI lifecycle. 

The privacy dimension incorporates data de-identification, encryption, federated learning, and secure 

communication protocols to protect sensitive patient information and comply with healthcare data 

regulations. The clinician trust component highlights human-AI collaboration, usability, workflow 

integration, and transparent communication of model confidence and limitations to promote adoption 

in clinical practice. The framework is supported by multimodal inputs, including medical imaging data 

(CT, MRI, X-ray, ultrasound, PET), clinical and EHR data, IoMT-generated distributed datasets, and 

high-quality annotated repositories. It is further strengthened by foundation enablers such as advanced 

AI algorithms, edge-cloud infrastructure, clinician training, interdisciplinary collaboration, and 

sustainable green AI technologies.  

 

Figure 4. Proposed Framework for Trustworthy Medical Imaging AI 

9. FUTURE RESEARCH DIRECTIONS 

Sustainability has become a key concern in AI-driven healthcare, with carbon-aware and green 

computing approaches aimed at minimizing the energy cost of training and deploying large-scale 
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diagnostic models in hospital environments [49]. At the same time, continual learning under regulatory 

constraints remains challenging, as adaptive medical AI systems must integrate new clinical data, such 

as updated imaging devices, while complying with strict validation and re-certification standards. 

Privacy-preserving real-time imaging is also still emerging, particularly methods based on 

homomorphic encryption and secure enclaves, which struggle to meet ultra-low-latency demands in 

intraoperative applications. In addition, next-generation hardware paradigms, including neuromorphic 

architectures, photonic computing, and 6G-enabled edge intelligence, are expected to significantly 

transform distributed diagnostic systems and real-time clinical decision support [15,44,54]. 

10. CONCLUSION 

Intelligent medical imaging systems that integrate DL, Edge AI, federated learning, and hardware 

acceleration are reshaping modern healthcare diagnostics and precision medicine. This review 

synthesizes these AI subfields into a unified framework to enhance clinical decision support systems 

that are accurate, low-latency, scalable, and patient-centric across diverse healthcare environments. DL 

models such as CNNs, transformers, segmentation networks, and self-supervised approaches have 

advanced image interpretation, disease detection, and multimodal clinical analytics. Concurrently, Edge 

AI and IoMT enable decentralized, privacy-preserving diagnostics, and real-time, particularly in 

resource-constrained settings. Hardware accelerators, including ASICs, FPGAs, GPUs, and TPUs, 

further improve computational efficiency for portable and high-throughput medical AI deployment. 

Despite progress, challenges persist, including data heterogeneity, annotation scarcity, privacy risks, 

interoperability issues, and explainability-performance trade-offs. Federated learning and explainable 

AI offer promising solutions, though issues such as model poisoning and regulatory uncertainty remain. 

Sustainable, energy-efficient AI design is increasingly critical for scalable deployment. Future systems 

require interdisciplinary collaboration to ensure robustness, security, ethical governance, and clinical 

trust. By integrating multimodal intelligence, edge-cloud learning, and federated frameworks, 

intelligent medical imaging can improve diagnostic accessibility, reduce disparities, and advance global 

precision medicine. 
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