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 The integration of Edge artificial intelligence (AI) with internet of things 

(IoT) technologies is transforming healthcare applications, including 

wearable monitoring, telemedicine, and implantable medical devices, by 

enabling low-latency and intelligent data processing close to patients. 

However, stringent requirements on energy efficiency, reliability, real-time 

responsiveness, and data privacy continue to hinder scalable and long-term 

deployment in resource-constrained healthcare environments. Energy-

efficient reconfigurable architectures—such as field-programmable gate 

arrays (FPGAs), coarse-grained reconfigurable arrays (CGRAs), and 

emerging memory-centric and heterogeneous platforms—have emerged as 

promising solutions to address these challenges by balancing flexibility, 

adaptability, and power efficiency. This review systematically examines 

recent advances in reconfigurable Edge AI architectures for healthcare IoT, 

highlighting key trends in hardware–software co-design, AI-assisted design 

automation, memory-centric optimization, and domain-specific overlays. It 

further identifies critical challenges, including energy–performance trade-

offs, runtime reconfiguration overheads, security and privacy vulnerabilities, 

limited standardization, and reliability concerns in dynamic clinical settings. 

Finally, future research directions are outlined, emphasizing self-optimizing 

and context-aware architectures, secure and trustworthy reconfiguration 

mechanisms, unified frameworks for heterogeneous healthcare workloads, 

and sustainable, carbon-aware edge computing. Collectively, this review 

positions energy-efficient reconfigurable architectures as a foundational 

enabler for next-generation Edge AI in IoT-enabled healthcare systems. 

Keywords: 

Edge artificial intelligence 

Embedded systems 

Energy-efficient computing 

Health monitoring systems 

Healthcare applications 

Internet of things 

Reconfigurable architectures 

This is an open access article under the CC BY-SA license. 

 

Corresponding Author: 

Tole Sutikno 

Master Program of Electrical Engineering, Faculty of Industrial Technology, Universitas Ahmad Dahlan 

UAD 4th Campus, South Ring Road, Tamanan, Banguntapan, Bantul, Yogyakarta 55166, Indonesia 

Email: tole@te.uad.ac.id 

 

 

1. INTRODUCTION 

In recent years, the convergence of the internet of things (IoT) and artificial intelligence (AI) at the 

network edge has gained significant momentum, driven by the growing demand for intelligent, real-time 

decision-making in resource-constrained environments. This paradigm shift is particularly impactful in IoT-

enabled healthcare applications, where continuous monitoring, low-latency inference, data privacy, and long-

term autonomous operation are essential [1]. Wearable devices, remote patient monitoring systems, and smart 

medical sensors increasingly rely on Edge AI to process sensitive health data locally, reducing latency and 

dependence on cloud infrastructure [2]–[4]. However, the ambition to deploy AI pervasively at the edge is 

https://creativecommons.org/licenses/by-sa/4.0/
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fundamentally constrained by energy efficiency, which remains a critical bottleneck for scalable and 

sustainable healthcare systems. 

Reconfigurable architectures have emerged as a pivotal solution to address these challenges, 

offering a balance between flexibility, adaptability, and energy efficiency. Platforms such as field-

programmable gate arrays (FPGAs), coarse-grained reconfigurable arrays (CGRAs), and emerging fabrics 

including embedded FPGAs and in-memory accelerators enable hardware customization tailored to 

application-specific workloads. This capability is particularly valuable in healthcare scenarios, where 

workloads vary widely—from biosignal processing and medical image analysis to activity recognition and 

anomaly detection—while operating under strict energy and reliability constraints. This review aims to 

explore state-of-the-art advances in energy-efficient reconfigurable architectures for Edge AI, examine key 

challenges, and outline future research directions, with a specific focus on IoT-enabled healthcare 

applications. Figure 1 illustrates a layered IoT architecture, highlighting the integration of edge intelligence 

with reconfigurable computing elements within healthcare-oriented systems [5], [6]. 

 

 

 
 

Figure 1. Layered architecture for IoT-enabled healthcare applications 

 

 

The convergence of IoT and AI at the edge represents a fundamental shift in computing paradigms, 

driven by the need for low-latency processing, enhanced privacy, and efficient utilization of limited 

resources. As the number of connected devices continues to grow exponentially, especially in healthcare 

environments, centralized cloud-based processing becomes increasingly impractical due to latency, 

bandwidth, and security concerns. Edge AI addresses these limitations by enabling local intelligence; 

however, it simultaneously intensifies constraints on power consumption and computational efficiency. 

Reconfigurable architectures play a crucial role in this transformation by providing adaptable hardware 

platforms capable of meeting diverse and evolving workload requirements. Their flexibility allows designers 

to tailor computational resources to specific healthcare tasks, enabling efficient execution of AI models under 

stringent energy budgets. This review examines recent advancements in energy-efficient reconfigurable 

architectures while addressing persistent challenges such as security vulnerabilities, interoperability issues, 

and the lack of standardization across IoT ecosystems. Furthermore, it outlines future directions—including 

self-optimizing architectures and secure reconfiguration techniques—that are essential for enabling 

sustainable Edge AI deployments in healthcare and other critical application domains [7], [8]. 

The convergence of the IoT and AI at the edge signifies a pivotal shift in technological paradigms, 

driven by the demand for instantaneous data processing and efficient resource utilisation. As the volume of 

connected devices proliferates, energy efficiency emerges as a critical constraint, necessitating innovative 
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approaches to architecture design that balance performance and power consumption. Reconfigurable 

architectures, characterised by their adaptability and flexibility, serve as a catalyst for this transformation, 

allowing for tailored solutions that meet the diverse requirements of edge environments. This review 

elucidates cutting-edge advancements in energy-efficient reconfigurable architectures while addressing 

ongoing challenges, including security vulnerabilities and the lack of standardisation within IoT frameworks. 

By identifying future directions such as self-optimising architectures and secure reconfiguration methods, the 

work outlines a roadmap for sustainable advancements in Edge AI applications across sectors like smart 

cities and healthcare, encapsulated in alongside comprehensive analyses of AIs role in sustainable practices 

[7], [8] to inform ongoing research. 

Energy efficiency is a defining challenge at the intersection of IoT and Edge AI, particularly in 

healthcare applications that require continuous operation over extended periods [9]. Wearable and 

implantable medical devices, remote health monitoring systems, and mobile diagnostic tools often rely on 

limited battery capacity or energy harvesting, making power consumption a primary design constraint. The 

bottleneck arises not only from the computational demands of AI workloads but also from the inflexibility of 

conventional hardware platforms, which are poorly suited to adapt dynamically to varying performance and 

energy requirements. Reconfigurable architectures—most notably FPGAs and CGRAs—offer a promising 

pathway to overcome these limitations by enabling fine-grained control over resource allocation, parallelism, 

and power management. Through techniques such as dynamic partial reconfiguration and workload-aware 

customization, these platforms can achieve significant energy savings while maintaining performance. 

Nevertheless, challenges remain, including the absence of standardized development frameworks, increased 

design complexity, and security risks associated with dynamic reconfiguration. Addressing these issues is 

essential to unlock the full potential of energy-efficient Edge AI in IoT-enabled healthcare systems [3]. 

As Edge AI applications continue to evolve, the flexibility and adaptability of reconfigurable 

architectures become increasingly critical. These systems enable dynamic adaptation to changing workloads 

and operating conditions, which is particularly important in healthcare environments characterized by 

heterogeneous data types and variable computational demands. Reconfigurable platforms support advanced 

optimization techniques such as algorithm–hardware co-design, dynamic voltage and frequency scaling, and 

partial reconfiguration, allowing systems to balance energy consumption and performance in real time. 

Moreover, emerging approaches such as memory-centric and in-memory computing significantly reduce data 

movement, a major source of energy overhead in edge systems. AI-driven design automation further 

enhances the efficiency of mapping, scheduling, and optimizing AI workloads on reconfigurable hardware, 

reducing development time while improving energy efficiency. Together, these capabilities position 

reconfigurable architectures as a foundational technology for next-generation Edge AI systems in healthcare 

[1], [3], [10]. 

This review provides a comprehensive analysis of energy-efficient reconfigurable architectures for 

Edge AI in IoT-enabled healthcare applications, focusing on trends, challenges, and future research 

directions. The main contributions are as follows: 

− Trend analysis: identification of key developments, including the transition toward heterogeneous and 

domain-specific reconfigurable platforms, and the growing adoption of green AI practices in healthcare-

oriented edge systems. 

− Challenges: in-depth discussion of persistent issues such as energy–performance trade-offs, lack of 

standardization, runtime reconfiguration overheads, and security and privacy concerns in healthcare 

deployments. 

− Future directions: exploration of emerging research opportunities, including self-optimizing and context-

aware architectures, secure and trustworthy reconfiguration mechanisms, and sustainable, carbon-aware 

edge computing frameworks. 

By aligning technological advancements with the stringent requirements of healthcare applications and 

sustainability goals, this review establishes reconfigurable architectures as a key enabler of scalable, energy-

efficient, and trustworthy Edge AI systems for IoT-enabled healthcare environments [11], [12]. 

 

 

2. FOUNDATIONS OF EDGE AI AND IOT SYSTEMS 

The rapid evolution of Edge AI and IoT systems has intensified the interaction between emerging 

intelligent technologies and conventional computing paradigms. At the core of this evolution lies the need to 

process data closer to its source, enabling low-latency decision-making while operating under strict energy 

and resource constraints. These requirements are particularly pronounced in IoT-enabled healthcare 

applications, where continuous sensing, real-time inference, data privacy, and long-term autonomous 

operation are essential. Wearable health devices, remote patient monitoring systems, and smart medical 

sensors demand architectures that are both computationally capable and energy efficient. 
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A fundamental enabler of this paradigm is the integration of heterogeneous and reconfigurable 

architectures, which provide a balance between flexibility, adaptability, and power efficiency. Unlike fixed-

function hardware, reconfigurable platforms can dynamically tailor computational resources to application-

specific workloads, thereby reducing latency and optimizing energy consumption—an essential capability for 

battery-powered or energy-harvesting healthcare devices. Conventional platforms such as CPUs and GPUs 

often fail to meet these stringent performance–energy requirements at the edge, underscoring the need for 

adaptive and energy-aware solutions. Figure 2 provides an overview of the foundational relationship between 

healthcare IoT workloads, system constraints, and computing architectures in Edge AI environments [13]. 

This section introduces the foundational concepts of Edge AI and IoT systems, examines the limitations of 

traditional hardware, and motivates the growing adoption of reconfigurable architectures as a key building 

block for sustainable Edge AI in healthcare environments [13]. 

 

 

 
 

Figure 2. Foundations of Edge AI and IoT systems for healthcare applications 

 

 

2.1.  Defining Edge AI in IoT: workloads, latency, connectivity, and energy constraints 

Edge AI in IoT systems refers to the deployment of AI inference and, in some cases, learning 

capabilities directly on edge devices or near-data sources. This approach minimizes reliance on cloud 

infrastructure, enabling low-latency processing, improved data privacy, and reduced communication 

overhead. In healthcare applications, such capabilities are critical for tasks such as real-time biosignal 

analysis, anomaly detection, activity recognition, and early warning systems, where delays or data loss can 

have serious consequences. 

Edge AI workloads are characterized by high heterogeneity, ranging from lightweight signal 

processing to compute-intensive deep learning inference, all operating under constrained energy budgets and 

intermittent connectivity. These challenges are exacerbated by the need for reliable operation in diverse 

deployment scenarios, including mobile, wearable, and remote healthcare settings. Conventional hardware 

platforms often struggle to maintain an optimal balance between performance and energy efficiency across 

such diverse workloads. Reconfigurable architectures address this gap by enabling adaptive resource 

allocation and workload-aware optimization, allowing systems to respond dynamically to changing 

computational demands. Consequently, energy-efficient architectural design—supported by domain-specific 

overlays and AI-driven automation—has become a defining requirement for scalable and reliable Edge AI in 

IoT-enabled healthcare systems [13]. 
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2.2.  Conventional hardware platforms (CPU, GPU, and ASIC) and their limitations 

The deployment of AI-enabled IoT systems at the edge has exposed inherent limitations in 

conventional hardware platforms, including CPUs, GPUs, and application-specific integrated circuits 

(ASICs). While widely adopted, these architectures exhibit trade-offs that restrict their effectiveness in 

energy-constrained and dynamically evolving environments such as healthcare IoT systems. CPUs offer 

general-purpose programmability but are limited in parallel processing capability, leading to inefficient 

execution of AI workloads under strict power constraints. GPUs provide high computational throughput and 

parallelism; however, their substantial power consumption and thermal requirements make them less suitable 

for continuous operation in compact, battery-powered healthcare devices. ASICs, on the other hand, deliver 

excellent energy efficiency for fixed workloads but lack flexibility, resulting in limited adaptability to 

evolving AI models, changing healthcare protocols, or multi-modal sensing requirements. Table 1 

summarizes these limitations in the context of Edge AI for IoT systems. 

These constraints motivate the exploration of alternative computing paradigms that can combine 

performance efficiency with adaptability. Reconfigurable architectures emerge as a compelling solution, 

offering a middle ground between general-purpose flexibility and application-specific optimization. By 

enabling hardware customization at runtime or design time, reconfigurable platforms can mitigate the 

energy–performance trade-offs inherent in conventional architectures, paving the way for sustainable Edge 

AI deployments in healthcare applications [14], [15]. 

 

 

Table 1. Limitations of conventional hardware platforms (CPU, GPU, and ASIC) in Edge AI for IoT systems 
Platform Limitation 

CPU Limited parallel processing capabilities, leading to suboptimal performance for AI workloads. 

GPU High power consumption and thermal output, making them less suitable for energy-constrained edge devices. 
ASIC High development costs and lack of flexibility, making them less adaptable to evolving AI algorithms. 

 

 

2.3.  Need for reconfigurability: adaptability and performance-energy balance 

The dynamic and heterogeneous nature of Edge AI workloads in IoT-enabled healthcare systems 

necessitates architectures capable of adapting to changing operational conditions without compromising 

energy efficiency. Reconfigurability enables systems to dynamically adjust computational resources, memory 

hierarchies, and data paths in response to workload variations, sensor activity, and energy availability. This 

capability is particularly valuable in healthcare scenarios, where workloads may shift between continuous 

monitoring, event-driven analysis, and emergency response. 

Techniques such as dynamic partial reconfiguration, workload-aware resource scaling, and 

algorithm–hardware co-design allow reconfigurable platforms to achieve fine-grained control over 

performance and power consumption. Recent studies demonstrate that real-time resource adaptation can 

significantly reduce energy usage while maintaining required quality-of-service levels [5]. Furthermore, the 

emergence of memory-centric and domain-specific reconfigurable architectures highlights the importance of 

minimizing data movement—one of the dominant contributors to energy consumption in edge systems [16]. 

In addition, AI-driven design automation is increasingly employed to simplify mapping, scheduling, 

and optimization of AI workloads on reconfigurable hardware, reducing design complexity and accelerating 

deployment. Collectively, these advances position reconfigurable architectures as a foundational technology 

for achieving sustainable, high-performance, and energy-efficient Edge AI in IoT-enabled healthcare 

environments. 

 

 

3. RECONFIGURABLE ARCHITECTURES FOR EDGE ARTIFICIAL INTELLIGENCE 

The growing demand for intelligent, low-latency, and energy-efficient processing in IoT-enabled 

healthcare systems has intensified interest in reconfigurable architectures as a foundation for Edge AI. 

Applications such as wearable health monitoring, medical image analysis, anomaly detection, and remote 

diagnostics require adaptable computing platforms capable of responding to dynamic workloads under 

stringent power constraints. Reconfigurable architectures—including FPGAs, CGRAs, and heterogeneous 

systems—offer a compelling balance between flexibility, performance, and energy efficiency, making them 

well suited for healthcare-oriented edge environments. 

Unlike fixed-function hardware, reconfigurable platforms enable workload-aware customization and 

dynamic adaptation, allowing hardware resources to be optimized for specific AI tasks. The integration of 

AI-driven design automation further enhances energy efficiency by improving task mapping, scheduling, and 

resource allocation across heterogeneous components [13]. In parallel, the emergence of domain-specific 

overlays reflects a shift toward tailored architectures that accelerate healthcare-relevant AI workloads while 
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reducing design complexity. Despite these advances, challenges remain, including security risks associated 

with runtime reconfiguration, limited standardization, and interoperability across platforms [17]. Figure 3 

presents a conceptual architecture of Edge AI systems, illustrating how reconfigurable components interact 

within healthcare-oriented IoT deployments. 

 

 

 
 

Figure 3. Architecture of Edge AI and its components 

 

 

3.1.  FPGAs: fine-grained reconfiguration and runtime adaptability 

FPGAs play a central role in energy-efficient Edge AI due to their fine-grained reconfiguration 

capabilities and ability to adapt hardware resources at runtime. This flexibility enables FPGAs to closely 

match computational resources to application demands, reducing unnecessary energy consumption while 

maintaining high performance. In IoT-enabled healthcare systems, such adaptability is particularly valuable 

for workloads that vary over time, such as continuous biosignal processing interleaved with event-driven 

inference. FPGAs also support advanced optimization techniques, including pipeline parallelism, custom data 

paths, and memory-centric designs, which significantly reduce data movement and power overhead [18]. 

When integrated into heterogeneous system-on-chip (SoC) platforms, FPGAs can act as accelerators for 

compute-intensive AI tasks while CPUs handle control and system management functions. However, 

challenges persist in balancing energy efficiency, performance, and security, particularly in scenarios 

involving dynamic partial reconfiguration and sensitive healthcare data [6]. Continued advancements in 

design tools, security-aware reconfiguration, and high-level synthesis are expected to further strengthen the 

role of FPGAs in sustainable Edge AI ecosystems. 

 

3.2.  CGRAs: coarse-grained balance between flexibility and efficiency 

CGRAs offer an alternative reconfigurable paradigm that strikes a balance between the flexibility of 

FPGAs and the efficiency of ASICs. By operating at a coarser granularity, CGRAs reduce configuration 

overhead and control complexity, enabling more predictable performance and improved energy efficiency for 

structured computation patterns. These characteristics make CGRAs particularly suitable for repetitive AI 

workloads commonly found in healthcare applications, such as signal filtering, feature extraction, and 

inference pipelines. The architectural design of CGRAs facilitates spatial and temporal reuse of processing 

elements, allowing dynamic adaptation to varying workloads while maintaining low power consumption. As 

sustainability becomes a key concern in IoT deployments, CGRAs are increasingly combined with memory-

centric and in-memory computing techniques to minimize data movement and further reduce energy usage 

[19]. Although less flexible than fine-grained architectures, CGRAs represent an important design point for 

energy-efficient Edge AI systems that require a balance between adaptability and efficiency. 
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3.3.  Heterogeneous SoCs: CPU+GPU+FPGA+NPU combinations 

Heterogeneous SoCs that integrate CPUs, GPUs, FPGAs, and neural processing units (NPUs) 

represent a powerful architectural approach for Edge AI in IoT-enabled healthcare systems. By combining 

multiple computing paradigms on a single platform, these systems enable task-specific execution, assigning 

workloads to the most energy-efficient and performance-appropriate processing element. For example, CPUs 

manage control and communication tasks, GPUs accelerate parallel computations, FPGAs provide adaptable 

acceleration, and NPUs optimize deep learning inference. This architectural heterogeneity allows systems to 

dynamically adapt to changing workloads and operational conditions, which is essential in healthcare 

scenarios characterized by variability in data rates, computational intensity, and energy availability. 

Moreover, the integration of memory-centric computing within heterogeneous SoCs further enhances energy 

efficiency by reducing data transfer overheads. As design methodologies mature, heterogeneous 

reconfigurable SoCs are expected to play a critical role in enabling scalable, energy-efficient, and resilient 

Edge AI deployments in healthcare environments. 

 

3.4.  Emerging reconfigurable fabrics: eFPGAs, RRAM-based, in-memory, and neuromorphic 

accelerators 

Beyond traditional reconfigurable platforms, emerging reconfigurable fabrics are gaining attention 

as enablers of next-generation Edge AI for IoT-enabled healthcare applications. Embedded FPGAs (eFPGAs) 

provide fine-grained reconfigurability within SoCs, enabling real-time adaptation with reduced integration 

overhead. RRAM-based architectures and in-memory computing paradigms significantly reduce data 

movement by integrating storage and computation, thereby addressing one of the primary sources of energy 

inefficiency in edge systems. Neuromorphic accelerators further extend this landscape by offering brain-

inspired computing models that are inherently energy efficient and well suited for event-driven processing, 

such as anomaly detection and continuous monitoring in healthcare applications [20]. Despite their promise, 

these emerging technologies face challenges related to reliability, programmability, security, and integration 

with existing design flows. Addressing these issues is essential for realizing self-optimizing, trustworthy, and 

sustainable Edge AI architectures capable of supporting large-scale IoT-enabled healthcare deployments. 

 

 

4. ENERGY-EFFICIENCY STRATEGIES 

Energy efficiency is a fundamental requirement for Edge AI systems deployed in IoT-enabled 

healthcare applications, where devices often operate continuously under strict power, thermal, and reliability 

constraints. Wearable and implantable sensors, mobile diagnostic tools, and remote patient monitoring 

platforms must sustain long-term operation while supporting increasingly complex AI workloads. In this 

context, reconfigurable architectures offer a unique opportunity to implement energy-aware optimization 

strategies across hardware, memory, software, and algorithmic layers. 

This section presents a comprehensive overview of energy-efficiency strategies tailored for 

reconfigurable Edge AI systems in healthcare-oriented IoT environments. At the hardware level, techniques 

such as dynamic partial reconfiguration, low-power fabrics, and dynamic voltage and frequency scaling 

(DVFS) enable fine-grained control over resource utilization and power consumption. At higher abstraction 

levels, memory-centric optimizations, software-driven scheduling, and algorithm–hardware co-design further 

reduce energy overheads while maintaining application-level performance and reliability. These 

complementary strategies are summarized in Table 2 and discussed in detail in the following subsections. 

Together, they form a holistic framework for achieving sustainable, energy-efficient Edge AI in healthcare 

deployments [21], [22]. 

 

 

Table 2. Energy-efficiency strategies in Edge AI for IoT-enabled healthcare systems 
Energy-efficiency strategy Description 

AI-driven optimization Leveraging machine learning techniques (e.g., reinforcement learning and predictive models) to 

dynamically optimize energy consumption, workload allocation, and system configuration. 

Federated edge intelligence Enabling collaborative learning across distributed healthcare edge nodes while minimizing data 
transmission and preserving privacy, thereby reducing communication energy costs. 

Energy-aware early exiting Implementing adaptive inference mechanisms that dynamically adjust computation depth per input, 

balancing diagnostic accuracy and energy consumption. 
Self-adaptive AI applications Designing applications that autonomously select energy-efficient configurations based on context, 

workload intensity, and available power resources. 

Edge-centric processing Performing real-time analytics locally at the edge to reduce latency, bandwidth usage, and energy 
consumption associated with cloud communication. 
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4.1.  Hardware-level techniques: dynamic partial reconfiguration, low-power fabrics, and voltage/ 

frequency scaling 

Hardware-level energy optimization forms the foundation of energy-efficient reconfigurable Edge 

AI systems. Dynamic partial reconfiguration (DPR) allows portions of a reconfigurable device—such as an 

FPGA—to be reconfigured at runtime without interrupting system operation. This capability is particularly 

valuable in healthcare applications, where workloads may vary between continuous monitoring and event-

driven inference. By activating only the required hardware modules on demand, DPR significantly reduces 

static and dynamic power consumption. 

Low-power reconfigurable fabrics further enhance efficiency through architectural optimizations 

that minimize leakage currents and switching activity. When combined with DVFS techniques, these fabrics 

enable adaptive control of operating voltage and clock frequency based on workload requirements and energy 

availability. Such fine-grained power management is essential for battery-powered and energy-harvesting 

healthcare devices, allowing systems to maintain reliable operation while extending device lifetime [23]. 

Collectively, these hardware-level techniques provide a robust foundation for energy-aware Edge AI 

architectures in healthcare environments. 

 

4.2.  Memory hierarchy optimizations: near-memory, in-memory computing, and data reuse 

Data movement across memory hierarchies is a dominant contributor to energy consumption in 

Edge AI systems. This challenge is particularly pronounced in healthcare applications involving continuous 

biosignal processing, medical imaging, and multi-modal data fusion. Memory-centric optimization 

strategies—such as near-memory and in-memory computing—address this issue by bringing computation 

closer to data storage, thereby reducing latency and energy-intensive data transfers. 

In-memory computing architectures exploit emerging memory technologies to perform computation 

directly within memory arrays, enabling massive parallelism and substantial energy savings. Complementary 

data reuse strategies further enhance efficiency by minimizing redundant memory accesses and exploiting 

temporal and spatial locality. These approaches are well suited for reconfigurable platforms, which can be 

customized to support application-specific memory access patterns and healthcare workloads [24], [25]. As 

Edge AI systems scale in complexity, memory hierarchy optimization will remain a critical enabler of 

energy-efficient healthcare IoT deployments. 

 

4.3.  Software-level techniques: compilers, scheduling, and mapping for energy efficiency 

Beyond hardware and memory optimizations, software-level techniques play a crucial role in 

achieving energy efficiency in reconfigurable Edge AI systems. Advanced compiler frameworks, intelligent 

scheduling algorithms, and energy-aware mapping techniques enable efficient utilization of heterogeneous 

and reconfigurable resources. By optimizing task placement, execution order, and resource allocation, these 

methods reduce idle power consumption and avoid unnecessary computation. 

In healthcare-oriented Edge AI systems, software-driven energy optimization is particularly 

important due to the diversity of workloads and strict real-time constraints. AI-driven design automation 

further enhances these capabilities by learning optimal scheduling and mapping strategies based on workload 

characteristics and system feedback. Domain-specific overlays tailored to healthcare AI workloads simplify 

deployment while improving energy efficiency and predictability [26], [27]. Together, these software-level 

strategies complement hardware optimizations and contribute to a cohesive, energy-aware system design. 

 

4.4.  Algorithm–hardware co-design: quantization, pruning, and model compression tailored for 

reconfigurable devices 

Algorithm–hardware co-design is a key enabler of energy-efficient Edge AI, particularly in 

resource-constrained healthcare IoT systems. By jointly optimizing AI models and underlying hardware, this 

approach enables significant reductions in computational complexity, memory footprint, and energy 

consumption. Techniques such as quantization, pruning, and structured model compression are especially 

effective when tailored to the capabilities of reconfigurable architectures. 

Reconfigurable devices can exploit reduced-precision arithmetic, custom data paths, and parallel 

execution to accelerate compressed models with minimal energy overhead. This adaptability is critical for 

healthcare applications that demand both accuracy and efficiency, such as real-time anomaly detection and 

personalized health monitoring. Recent advances in AI-driven co-design frameworks and domain-specific 

overlays further streamline this process, enabling rapid deployment of energy-efficient models across 

heterogeneous edge platforms [28], [29]. As Edge AI continues to evolve, algorithm–hardware co-design will 

remain central to achieving sustainable, high-performance healthcare IoT systems. 
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5. TRENDS IN ENERGY-EFFICIENT RECONFIGURABLE EDGE AI 

The rapid convergence of IoT and AI at the network edge has accelerated the evolution of energy-

efficient reconfigurable architectures, driven by the need to support intelligent, low-latency, and privacy-

preserving applications under strict resource constraints. In IoT-enabled healthcare environments—such as 

wearable health monitoring, remote diagnostics, and smart medical sensing—these trends are particularly 

pronounced, as systems must operate continuously, reliably, and sustainably. Recent advances reflect a clear 

shift away from rigid, fixed-function designs toward adaptive, heterogeneous, and reconfigurable platforms 

that balance flexibility, performance, and energy efficiency. 

Key trends include the growing adoption of AI-driven design automation for workload mapping and 

scheduling [30], the maturation of memory-centric and in-memory computing paradigms to reduce data 

movement [10], and the emergence of domain-specific overlays tailored to healthcare-relevant AI workloads. 

At the same time, sustainability considerations—such as green AI and carbon-aware computing—are 

becoming integral design objectives rather than secondary concerns. Figure 4 highlights the impact of 

energy-efficient Edge AI technologies across application domains, illustrating strong adoption growth and 

measurable energy savings, underscoring their effectiveness and practical relevance. Collectively, these 

trends define a dynamic and rapidly evolving research landscape that continues to open new opportunities for 

innovation while revealing persistent challenges. 

 

 

 
 

Figure 4. Impact of energy-efficient Edge AI technologies across various application sectors 

 

 

5.1.  Movement from fixed-function to reconfigurable platforms 

One of the most significant trends in Edge AI is the transition from fixed-function hardware toward 

reconfigurable computing platforms. Fixed-function architectures, while efficient for predefined workloads, 

lack the adaptability required to support the heterogeneous and evolving AI tasks common in IoT-enabled 

healthcare systems. Reconfigurable platforms such as FPGAs and CGRAs address this limitation by enabling 

workload-aware customization, allowing hardware resources to be tailored dynamically to application 

requirements. 

This shift is motivated by the need to balance energy efficiency with performance across diverse 

workloads, ranging from continuous biosignal processing to event-driven inference. Advances in AI-driven 

design automation further support this movement by simplifying the mapping and scheduling of AI 

workloads onto reconfigurable fabrics, reducing design complexity and deployment time. However, the 

widespread adoption of reconfigurable platforms also raises challenges related to standardization, security, 

and programming abstraction, highlighting the need for continued research and toolchain development. 

 

5.2.  Transition toward heterogeneous and reconfigurable architectures to balance flexibility and 

efficiency 

Closely related to reconfigurability is the growing trend toward heterogeneous architectures, which 

integrate multiple processing elements—such as CPUs, GPUs, FPGAs, and NPUs—within a single system. 

This architectural diversity enables task-specific execution, ensuring that each workload is handled by the 

most energy-efficient and performance-appropriate component. In healthcare IoT systems, such 

heterogeneity is essential for managing the variability in data rates, computational intensity, and real-time 

constraints. 
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Reconfigurable components within heterogeneous systems provide additional adaptability, enabling 

dynamic resource allocation as workloads change. When combined with memory-centric computing 

techniques, including near-memory and in-memory processing, these architectures significantly reduce data 

movement and associated energy costs. This trend reflects a broader paradigm shift toward  

co-designed hardware–software systems that prioritize energy efficiency without sacrificing flexibility or 

scalability [5], [6]. 

 

5.3.  AI-driven hardware design automation (ML-based mapping, scheduling, and adaptive compilers) 

AI-driven hardware design automation has emerged as a transformative trend in the development of 

energy-efficient Edge AI systems. Machine learning techniques are increasingly employed to optimize 

workload mapping, scheduling, and resource allocation across reconfigurable and heterogeneous platforms. 

Adaptive compilers and machine learning (ML)-based optimization frameworks can learn from system 

feedback, enabling real-time adaptation to workload characteristics and operating conditions. 

In IoT-enabled healthcare applications, where workloads and environmental conditions can vary 

significantly, such automation is critical for maintaining energy-efficient operation. By reducing reliance on 

manual design and static optimization, AI-driven automation enhances both efficiency and robustness. 

Nevertheless, challenges remain in ensuring the security, reliability, and interpretability of ML-based 

optimization mechanisms, particularly in safety-critical healthcare contexts [31]. 

 

5.4.  Integration with edge-cloud continuum and 5G/6G ecosystems 

Another important trend shaping energy-efficient Edge AI is the integration of reconfigurable 

architectures within the edge–cloud continuum, supported by emerging 5G and 6G communication 

infrastructures. These networks enable low-latency, high-bandwidth connectivity, allowing workloads to be 

dynamically distributed between edge devices and cloud resources based on energy availability, latency 

constraints, and application requirements. 

Reconfigurable architectures play a key role in this ecosystem by enabling adaptive processing at 

the edge, reducing reliance on energy-intensive data transmission. AI-driven orchestration mechanisms 

further optimize task partitioning across the continuum, enhancing both energy efficiency and quality of 

service. This trend is particularly relevant for healthcare applications that require real-time responsiveness 

while leveraging cloud-scale analytics when necessary [32], [33]. 

 

5.5.  Shift toward domain-specific overlays tailored for AI workloads at the edge 

The growing complexity of AI workloads has driven increased interest in domain-specific 

overlays—customizable hardware abstractions designed to accelerate specific classes of applications. In Edge 

AI systems, such overlays simplify development while enabling efficient execution of AI models on 

reconfigurable hardware. For healthcare applications, domain-specific overlays can be tailored to common 

tasks such as signal processing, medical image analysis, and anomaly detection. 

By abstracting low-level hardware details, overlays reduce design effort and improve portability, 

while still allowing fine-grained optimization for energy efficiency. When combined with AI-driven design 

automation, domain-specific overlays represent a powerful approach to reconciling the competing demands 

of performance, flexibility, and energy efficiency in IoT-enabled healthcare environments [34], [35]. 

 

5.6.  Growing focus on sustainability (green AI and carbon-aware design) 

Sustainability has become a defining trend in the design of Edge AI systems, particularly as IoT 

deployments scale globally. The concept of green AI emphasizes energy-efficient model design, resource-

aware execution, and reduced environmental impact, aligning closely with the goals of reconfigurable 

computing. Carbon-aware design further extends this perspective by considering the environmental cost of 

computation and adapting system behavior accordingly. 

In IoT-enabled healthcare applications, where long-term operation and reliability are critical, 

energy-efficient reconfigurable architectures provide a practical pathway toward sustainable deployment. 

Techniques such as lightweight model design, energy-aware scheduling, and adaptive resource management 

help reduce power consumption while maintaining application-level performance. Continued progress toward 

self-optimizing and carbon-aware architectures will be essential for achieving sustainable, large-scale Edge 

AI systems in healthcare and beyond [36]. 

 

 

6. APPLICATIONS IN IOT SYSTEMS 

The integration of energy-efficient Edge AI within IoT systems has enabled a wide range of 

transformative applications across multiple domains, highlighting the importance of reconfigurable 
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architectures as a foundational technology. By enabling low-latency, intelligent processing close to data 

sources, Edge AI reduces communication overhead, enhances privacy, and significantly improves energy 

efficiency—capabilities that are particularly critical in resource-constrained and safety-sensitive 

environments. 

In smart cities, Edge AI supports real-time traffic monitoring, surveillance, and energy management, 

contributing to improved urban efficiency and sustainability. In healthcare, IoT-enabled wearables, 

implantable sensors, and telemedicine platforms rely on continuous sensing and on-device intelligence to 

enable proactive and personalized care. Industrial IoT (IIoT) applications benefit from Edge AI through 

robotics, automation, and predictive maintenance, enhancing productivity while reducing downtime and 

energy waste. Consumer IoT systems, including smart homes and personal assistants, leverage Edge AI to 

deliver responsive and context-aware services under strict power constraints. Autonomous mobility 

platforms—such as drones and self-driving vehicles—further exemplify the need for adaptive, low-latency, 

and energy-efficient edge processing. 

Table 3 summarizes representative energy-efficiency gains reported across key IoT application 

domains, illustrating the tangible benefits of deploying Edge AI on energy-aware and reconfigurable 

architectures. Despite these advances, challenges remain in managing energy–performance trade-offs, 

ensuring security, and maintaining reliability in dynamically reconfigurable systems. Addressing these 

challenges is essential for the sustainable evolution of IoT ecosystems, particularly in healthcare-oriented 

deployments where long-term operation and trustworthiness are paramount [10], [37]. 

 

 

Table 3. Energy efficiency in IoT applications 
Application Energy consumption reduction % Source 

Lighting 15–20 EIA 2017 

HVAC systems in residential buildings 50 U.S. Department of Energy 
Industrial IoT systems Optimized through access point deployment strategies NIST 

Hazard detection systems 31–37% compared to continuous monitoring PMC 

Smart grid 99–99.99 PMC 
Autonomous vehicles 99.99–100 PMC 

e-Health 99.99–100 PMC 

 

 

6.1.  Smart cities: surveillance, traffic monitoring, and energy grids 

As urban environments become increasingly complex, smart city infrastructures rely heavily on 

Edge AI to support real-time surveillance, traffic management, and intelligent energy grids. Processing data 

at the edge enables rapid response to dynamic conditions such as congestion, accidents, and fluctuating 

energy demand, while reducing dependence on centralized cloud resources. 

Energy-efficient reconfigurable architectures are central to these systems, providing the adaptability 

required to handle heterogeneous workloads under strict power constraints. By dynamically tailoring 

hardware resources to application needs, reconfigurable platforms improve performance efficiency and 

system scalability. Moreover, the emergence of domain-specific overlays optimized for smart city 

workloads—such as video analytics and sensor fusion—further enhances energy efficiency and deployability 

[38]. Figure 5 (see subsection 6.2) illustrates the components and future directions of smart city systems 

integrated with AI, highlighting the role of edge intelligence in enabling sustainable and resilient urban 

infrastructures. 

 

6.2.  Healthcare IoT: wearables, telemedicine, and implantable sensors 

Healthcare represents one of the most critical and impactful application domains for energy-efficient 

Edge AI in IoT systems. Wearable devices, telemedicine platforms, and implantable sensors increasingly rely 

on continuous data acquisition and real-time inference to support early diagnosis, chronic disease 

management, and personalized treatment. These applications impose stringent requirements on latency, 

reliability, data privacy, and long-term energy efficiency, particularly in mobile and battery-powered 

deployments. 

Energy-efficient reconfigurable architectures play a central role in enabling such healthcare IoT 

systems by allowing dynamic adaptation to heterogeneous and time-varying workloads. For example, 

continuous biosignal monitoring (e.g., ECG, EEG, or SpO₂) can be combined with event-driven AI inference 

for anomaly detection or early warning, with hardware resources reconfigured on demand to minimize power 

consumption [39]. Edge AI processing also reduces dependence on cloud connectivity, improving system 

robustness and protecting sensitive patient data by keeping computation local. 

Despite these advantages, several challenges remain, including power–performance trade-offs, 

security concerns related to runtime reconfiguration, and the lack of standardized programming models for 
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healthcare-grade reconfigurable platforms [40]. Addressing these challenges is essential to ensure safe, 

reliable, and scalable deployment of Edge AI in clinical and home-care environments. 

Figure 6 is retained in this subsection to provide visual context, illustrating an IoT-based system 

architecture with edge intelligence for smart healthcare applications. The depicted architecture highlights key 

design principles such as distributed medical sensing, edge-level AI analytics, and adaptive resource 

management, which are essential for enabling continuous patient monitoring, low-latency clinical decision 

support, and energy-efficient operation in wearable, mobile, and implantable healthcare devices. This 

architecture demonstrates the versatility of reconfigurable Edge AI solutions in addressing the stringent 

requirements of healthcare IoT systems, including reliability, data privacy, and long-term autonomous 

operation. 

 

 

 
 

Figure 5. Diagram illustrating the components and future directions of smart cities and AI integration 

 

 

 
 

Figure 6. IoT solutions in smart healthcare 
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6.3.  Industrial IoT: robotics, predictive maintenance, and automation 

In industrial settings, IIoT systems leverage Edge AI to support robotics, automation, and predictive 

maintenance, enabling more efficient and reliable operations. By analyzing sensor data locally, Edge AI 

systems can detect anomalies, predict equipment failures, and optimize production processes with minimal 

latency. Energy-efficient reconfigurable architectures are particularly well suited to IIoT environments, 

where workloads are diverse and operational conditions vary over time. Their ability to adapt resource 

allocation dynamically allows systems to maintain high performance while minimizing energy consumption 

[41]. Edge computing further enhances efficiency by reducing data transmission and enabling localized 

decision-making [6]. However, scalability, system integration, and energy–performance trade-offs remain 

open challenges, motivating continued research into robust and adaptive IIoT architectures. 

 

6.4.  Consumer IoT: smart homes, AR/VR devices, and personal assistants 

Consumer IoT applications—including smart homes, augmented and virtual reality (AR/VR) 

devices, and intelligent personal assistants—demand responsive and context-aware AI functionality under 

strict power and cost constraints. Edge AI enables these systems to deliver low-latency interactions and 

enhanced user experiences without continuous reliance on cloud connectivity. 

Reconfigurable architectures provide the flexibility required to support diverse AI workloads, 

ranging from voice recognition and activity detection to immersive AR/VR processing. Dynamic 

reconfiguration allows consumer devices to optimize energy usage based on workload intensity and user 

behavior, contributing to more sustainable operation. As AI capabilities in consumer IoT continue to expand, 

energy-efficient reconfigurable platforms will play a key role in balancing performance, adaptability, and 

battery lifetime. 

 

6.5.  Autonomous mobility: drones and self-driving cars at the edge 

Autonomous mobility systems, including drones and self-driving vehicles, represent some of the 

most demanding Edge AI applications in terms of latency, reliability, and energy efficiency. These systems 

must process large volumes of sensor data—such as video, LiDAR, and radar—in real time while operating 

within tight power budgets. 

Reconfigurable architectures enable autonomous platforms to adapt processing resources 

dynamically to changing environments and mission requirements, improving both energy efficiency and 

operational robustness. AI-driven design automation further enhances these systems by optimizing workload 

scheduling and resource mapping at runtime. Looking ahead, self-optimizing and energy-aware architectures 

are expected to play a critical role in enabling sustainable autonomous mobility within broader IoT 

ecosystems, including smart cities and logistics networks [42]. 

 

 

7. CHALLENGES 

Despite significant advances in Edge AI and reconfigurable computing, the realization of energy-

efficient, reliable, and secure IoT-enabled healthcare systems remains constrained by several interrelated 

challenges. Healthcare applications—including wearable monitoring, telemedicine platforms, and 

implantable medical devices—impose uniquely stringent requirements, such as continuous operation, ultra-

low power consumption, real-time responsiveness, high reliability, and strict data privacy. Meeting these 

requirements at the network edge, under severe resource constraints, substantially increases system design 

complexity. 

As AI inference and analytics increasingly shift from centralized cloud infrastructures to edge 

devices, trade-offs among energy efficiency, performance, and architectural flexibility become more 

pronounced. Reconfigurable architectures offer a promising solution by enabling dynamic adaptation to time-

varying workloads and operating conditions. However, their practical deployment in healthcare IoT systems 

is hindered by limited standardization, runtime reconfiguration overheads, and heightened security risks. 

Moreover, the heterogeneous nature of healthcare workloads—ranging from continuous biosignal acquisition 

(e.g., ECG, EEG, and SpO₂) to event-driven anomaly detection and decision support—demands fine-grained 

and context-aware resource management strategies security concerns further exacerbate these challenges, as 

reconfigurable platforms introduce new attack surfaces, including susceptibility to side-channel attacks and 

bitstream tampering, which pose serious threats to patient safety and data integrity. Additionally, ensuring 

reliability and scalability across diverse devices and clinical environments remains difficult, particularly 

under dynamic reconfiguration and long-term autonomous operation [43]. 

Figure 7 provides a consolidated view of these challenges in the context of IoT-enabled healthcare 

applications. Energy efficiency is identified as the most critical concern, driven by the power limitations of 

wearable and implantable devices. Challenges related to reconfigurability complexity and security 

vulnerabilities follow closely, reflecting the need for adaptive yet trustworthy architectures. Although latency 
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overheads and the lack of standardized healthcare-grade frameworks appear comparatively less dominant, 

they continue to impede real-time clinical responsiveness, interoperability, and large-scale deployment. 

Collectively, these challenges underscore the necessity for holistic, energy-aware, and security-centric design 

approaches to advance reconfigurable Edge AI architectures for next-generation smart healthcare systems. 

 

 

 
 

Figure 7. Major challenges faced by energy-efficient reconfigurable Edge AI architectures in IoT-enabled 

healthcare applications 

 

 

7.1.  Persistent power–energy–performance–flexibility trade-offs in constrained healthcare IoT devices 

In IoT-enabled healthcare applications, reconfigurable Edge AI architectures must continuously 

balance power consumption, energy efficiency, computational performance, and architectural flexibility. 

Devices such as wearable health monitors and implantable sensors operate under strict battery or energy-

harvesting constraints while supporting continuous biosignal acquisition and real-time inference. These 

competing requirements make traditional fixed-function accelerators insufficient, as they lack adaptability to 

time-varying workloads and operating conditions. 

Heterogeneous reconfigurable platforms that integrate CPUs, FPGAs, CGRAs, and domain-specific 

accelerators offer a promising pathway to address these trade-offs. By dynamically tailoring hardware 

resources to workload characteristics, such platforms can improve energy efficiency while preserving 

flexibility. However, this adaptability increases design complexity and often requires sophisticated runtime 

management mechanisms. In healthcare contexts, where predictability and reliability are paramount, 

achieving an optimal balance between flexibility and energy efficiency remains a fundamental challenge 

[11], [21]. 

 

7.2.  Lack of standardized frameworks for reconfigurable edge IoT platforms in healthcare 

The absence of standardized architectural frameworks and programming models significantly 

hinders the adoption of reconfigurable Edge AI platforms in healthcare IoT systems. Current 

implementations are frequently hardware-specific, limiting portability and complicating system integration 

across heterogeneous medical devices and vendors. This lack of standardization also impedes regulatory 

compliance, testing, and certification processes that are essential in healthcare environments. 

Moreover, without unified abstraction layers, developers must manually manage low-level hardware 

details, increasing development time and the likelihood of errors. Although AI-driven design automation 

tools have shown potential in simplifying workload mapping and energy optimization, their impact remains 

limited in the absence of standardized, healthcare-aware frameworks. Addressing this gap is critical for 

enabling interoperable, scalable, and trustworthy reconfigurable Edge AI ecosystems in medical IoT 

applications. 
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7.3.  Runtime reconfiguration overheads: latency, reliability, and predictability 

Runtime reconfiguration is a key enabler of adaptability and energy-aware operation in 

reconfigurable Edge AI systems. However, in healthcare IoT applications, the overheads associated with 

dynamic reconfiguration—particularly latency, reliability, and predictability—pose significant challenges. 

Temporary suspension of computation during reconfiguration can introduce delays that are unacceptable for 

real-time patient monitoring and clinical decision support. 

In addition, frequent reconfiguration increases the risk of transient faults and system instability, 

especially in long-term autonomous deployments. Ensuring predictable timing behavior under dynamic 

adaptation is therefore essential for safety-critical healthcare applications. While lightweight AI models and 

reconfiguration-aware scheduling techniques can mitigate some of these overheads, achieving dependable 

runtime reconfiguration without compromising energy efficiency remains an open challenge [24], [44]. 

 

7.4.  Security vulnerabilities introduced by reconfigurability in healthcare Edge AI systems 

The flexibility of reconfigurable architectures introduces new security vulnerabilities that are 

particularly concerning in healthcare IoT systems. Side-channel attacks can exploit physical leakage—such 

as power consumption or electromagnetic emissions—to extract sensitive patient data or cryptographic keys 

during AI inference and communication processes [44]. These attacks are difficult to detect and can 

undermine data confidentiality and patient safety. 

Furthermore, bitstream tampering represents a critical threat, as malicious modification of 

configuration files can alter system behavior, degrade AI inference accuracy, or enable denial-of-service 

attacks [45]. Given the safety-critical nature of healthcare applications, such vulnerabilities are unacceptable. 

Mitigating these risks requires integrated security mechanisms spanning hardware, firmware, and software 

layers, as well as secure configuration management throughout the device lifecycle. 

 

7.5.  Need for lightweight, healthcare-aware AI models optimized for reconfigurable devices 

The effectiveness of Edge AI in IoT-enabled healthcare systems is constrained by the limited 

suitability of conventional AI models for resource-constrained reconfigurable platforms. Deep learning 

models designed for cloud or GPU execution often impose excessive computational and energy demands, 

making them impractical for wearable and implantable devices. 

To address this challenge, lightweight and hardware-aware AI models are required, tailored 

specifically to the characteristics of reconfigurable architectures. Techniques such as pruning, quantization, 

approximate computing, and knowledge distillation are essential for reducing model complexity while 

maintaining clinically acceptable accuracy. However, balancing energy efficiency, inference latency, model 

robustness, and security remains challenging, particularly in safety-critical healthcare contexts. Ongoing 

research highlights the need for co-design methodologies that jointly optimize AI models and reconfigurable 

hardware [46], [47]. 

 

7.6.  Reliability and scalability across heterogeneous devices and workloads under dynamic 

reconfiguration 

Healthcare IoT ecosystems are inherently heterogeneous, encompassing diverse devices, sensing 

modalities, communication protocols, and AI workloads. Ensuring reliability and scalability across such 

heterogeneous environments—especially under frequent dynamic reconfiguration—poses a significant 

challenge. Variability in device capabilities and operating conditions can lead to uneven performance, 

increased fault susceptibility, and difficulties in maintaining consistent quality of service. 

Dynamic reconfiguration, while beneficial for adaptability, can further complicate system 

verification and fault management. Intelligent resource management algorithms have demonstrated potential 

in improving scalability by optimizing workload distribution and minimizing latency across distributed edge 

nodes [28]. Additionally, integrating secure and lightweight AI models with fault-aware reconfiguration 

strategies can enhance system robustness [48]. Addressing these reliability and scalability concerns is 

essential for the large-scale, long-term deployment of reconfigurable Edge AI architectures in IoT-enabled 

healthcare applications. 

 

 

8. FUTURE DIRECTIONS 

The evolving convergence of Edge AI and IoT-enabled healthcare systems presents significant 

opportunities to address the challenges identified in section 7. As healthcare applications demand continuous 

operation, ultra-low power consumption, adaptability to heterogeneous workloads, and strong security 

guarantees, future research must advance beyond isolated architectural or algorithmic improvements. Instead, 

emphasis should be placed on holistic, intelligent, and sustainable design paradigms that integrate 
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reconfigurable architectures, AI models, runtime systems, and healthcare-specific constraints. Key research 

directions are outlined in the following subsections. 

 

8.1.  AI-assisted hardware–software co-design for reconfigurable edge platforms 

AI-assisted hardware–software co-design has emerged as a promising research direction for 

addressing the persistent energy–performance–flexibility trade-offs discussed in subsection 7.1. As 

healthcare IoT workloads grow in complexity—driven by continuous biosignal monitoring and AI-based 

diagnostics—reconfigurable platforms such as FPGAs and CGRAs enable adaptive mapping of computation 

to hardware resources. AI-driven design automation can further enhance energy efficiency by optimizing 

workload partitioning, scheduling, and configuration selection at runtime. 

Despite these advances, challenges remain in ensuring secure and predictable behavior under 

dynamic reconfiguration, particularly in safety-critical healthcare environments. Future research should focus 

on self-optimizing architectures capable of autonomous adaptation while maintaining reliability and energy 

efficiency, thereby narrowing the gap between flexibility and clinical-grade performance [49], [50]. 

 

8.2.  Unified frameworks for heterogeneous IoT workloads 

The lack of standardized frameworks highlighted in subsection 7.2 motivates research into unified 

and portable frameworks capable of managing heterogeneous IoT workloads efficiently. Healthcare IoT 

systems must integrate diverse sensing modalities, AI inference tasks, and communication requirements 

under strict energy constraints. Reconfigurable architectures—combined with heterogeneous SoCs—offer the 

flexibility required to support such diversity, but their potential remains underutilized without unified 

abstraction layers. 

AI-driven workload mapping and memory-centric optimizations can enable frameworks that adapt 

dynamically to application requirements, supporting energy-efficient execution across edge devices. While 

existing frameworks target domains such as smart cities and industrial IoT, future research should extend 

these concepts to healthcare-grade frameworks that prioritize reliability, security, and regulatory compliance. 

 

8.3.  Advances in memory-centric computing and 3D-stacked architectures 

Memory-centric computing and 3D-stacked architectures represent a key research avenue for 

mitigating the energy and latency bottlenecks identified in subsection 7.3. In Edge AI healthcare applications, 

data movement often dominates energy consumption, particularly for continuous monitoring and inference 

workloads. By improving data locality and bandwidth, memory-centric designs significantly reduce energy 

overheads and enable low-latency processing. 

The integration of domain-specific overlays for AI workloads further enhances adaptability and 

efficiency, supporting real-time reconfiguration in response to changing healthcare demands. Continued 

research into memory-centric and 3D-stacked solutions will be critical for achieving scalable, energy-

efficient, and reconfigurable Edge AI architectures suitable for long-term healthcare deployments [51]. 

 

8.4.  Self-optimizing architectures for real-time adaptive edge devices 

Self-optimizing architectures capable of autonomous, workload-driven reconfiguration directly 

address the runtime adaptability challenges discussed in subsections 7.1 and 7.3. By leveraging AI-based 

monitoring and decision-making, these architectures can dynamically adjust configurations to balance energy 

efficiency and performance in real time. 

Such capabilities are particularly valuable in healthcare IoT systems, where workload characteristics 

can change rapidly due to patient condition variability. However, issues related to security, standardization, 

and reliability persist, potentially limiting adoption. Future research should refine self-optimizing 

mechanisms while embedding security and verification support, ensuring safe and sustainable operation of 

autonomous Edge AI systems [52], [53]. 

 

8.5.  Cross-layer co-design spanning hardware, software, and AI models 

Cross-layer co-design remains a cornerstone research direction for overcoming the systemic 

challenges outlined in section 7. This approach integrates hardware architectures, software runtimes, and AI 

model design to jointly optimize energy efficiency, performance, and adaptability. Reconfigurable platforms 

such as FPGAs and CGRAs enable fine-grained control over computation, while AI-driven tools facilitate 

intelligent mapping and scheduling. 

In healthcare IoT contexts, cross-layer co-design is particularly important to ensure that AI models 

remain lightweight, reliable, and clinically trustworthy under resource constraints. Future research should 

emphasize model–hardware co-design that accounts for accuracy, interpretability, and energy efficiency 

simultaneously, supporting sustainable Edge AI deployments [18], [54]. 
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8.6.  Secure and trustworthy reconfiguration mechanisms in IoT environments 

The security vulnerabilities introduced by reconfigurability, discussed in subsection 7.4, necessitate 

robust and trustworthy reconfiguration mechanisms. Future research should focus on mitigating threats such 

as side-channel attacks and bitstream tampering through hardware-assisted security, secure configuration 

management, and lightweight cryptographic techniques. 

Intelligent reconfiguration strategies that balance security, latency, and energy efficiency are 

particularly important for healthcare IoT systems, where data integrity and patient safety are paramount. 

Addressing standardization gaps and reliability concerns under dynamic reconfiguration will be essential for 

enabling trusted Edge AI platforms in real-world medical environments [5], [6]. 

 

8.7.  Toward sustainable and carbon-efficient computing for large-scale healthcare IoT deployments 

Sustainability and carbon efficiency are emerging as critical considerations for large-scale 

healthcare IoT deployments, aligning with the long-term challenges discussed in subsection 7.6. 

Reconfigurable architectures enable adaptive resource utilization, reducing energy waste and supporting 

sustainable operation under dynamic workloads. 

Advances in lightweight AI models, domain-specific overlays, and in-memory computing have 

demonstrated significant potential for reducing energy consumption while maintaining performance [46]. 

Future research should integrate these techniques into self-adaptive, energy-aware Edge AI systems that 

support long-term autonomous operation and environmentally sustainable healthcare infrastructures. 

 

 

9. CONCLUSION 

The convergence of Edge AI and IoT-enabled healthcare systems has underscored the critical 

importance of energy-efficient reconfigurable architectures as a foundational enabler for next-generation 

medical applications. This survey has examined current trends, revealing a clear shift toward heterogeneous 

and reconfigurable computing platforms that balance flexibility, performance, and ultra-low power 

consumption—key requirements for wearable, implantable, and remote healthcare devices. The increasing 

adoption of AI-driven design automation, particularly for workload mapping and scheduling, further 

highlights the field’s movement toward intelligent and adaptive system design. 

Despite these advances, significant challenges remain. Persistent energy–performance trade-offs 

continue to constrain resource-limited edge devices, while the lack of standardized, healthcare-grade 

reconfigurable frameworks complicates interoperability and large-scale deployment. Moreover, dynamic 

reconfiguration introduces concerns related to security, reliability, and long-term autonomous operation, all 

of which are particularly critical in safety-sensitive healthcare environments. Addressing these challenges is 

essential to realizing self-optimizing Edge AI architectures capable of real-time adaptation under strict 

power, latency, and trust constraints. 

Looking forward, future research must prioritize secure and trustworthy reconfiguration 

mechanisms, cross-layer co-design spanning hardware, software, AI models, and sustainability-driven 

innovations aligned with green and carbon-efficient computing principles. Advances in memory-centric 

computing, lightweight AI models, and autonomous runtime optimization present promising opportunities to 

mitigate current limitations while supporting scalable healthcare deployments. Collectively, these directions 

reinforce the role of energy-efficient reconfigurable architectures as a cornerstone technology for advancing 

robust, adaptive, and sustainable Edge AI solutions in IoT-enabled healthcare applications. 
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