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Abstract 

The convergence of Artificial Intelligence (AI) and Electronic Embedded Systems (EES) is 

driving a paradigm shift towards intelligent, autonomous, and adaptive edge computing. This 

survey paper provides a comprehensive examination of the integration of machine learning, 

particularly deep learning, into resource-constrained embedded platforms. We analyze the 

evolution from traditional, rule-based embedded systems to contemporary AI-enabled systems 

capable of perception, reasoning, and decision-making at the network edge. The paper 

systematically reviews key architectural innovations, including hardware accelerators, 

algorithmic optimizations, and novel design methodologies that enable efficient AI inference 

and lightweight training on embedded devices. Furthermore, we identify persistent challenges 

such as energy efficiency, real-time performance, security, and model maintainability in 

dynamic environments. By synthesizing findings from over a decade of research, this survey 

outlines the current state-of-the-art, delineates critical problem spaces, and projects future 

trajectories for intelligent embedded systems across diverse application domains including 

autonomous systems, industrial IoT, and wearable healthcare. The synthesis aims to serve as a 

foundational reference for researchers and engineers navigating the intersection of embedded 

systems design and artificial intelligence. 
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1. Introduction: 

The landscape of Electronic Embedded Systems (EES) has undergone a radical transformation 

over the past two decades, evolving from simple, single-function controllers to sophisticated 

nodes in the Internet of Things (IoT) ecosystem. Traditionally, embedded systems were 

designed to execute deterministic, pre-programmed tasks with high reliability and minimal 
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resource consumption. Their design philosophy prioritized predictability, real-time 

performance, and energy efficiency over computational complexity [1]. However, the 

exponential growth of data generated at the network edge and the increasing demand for 

autonomy, context-awareness, and intelligent interaction have exposed the limitations of 

conventional approaches. The advent of Artificial Intelligence (AI), particularly machine 

learning (ML) and deep learning (DL), presents a transformative solution, embedding cognitive 

capabilities directly into the physical world [2]. 

The integration of AI into EES marks the dawn of the "Intelligent Edge." This paradigm moves 

intelligence from centralized cloud servers to distributed embedded devices, enabling real-time 

analytics, reduced latency, enhanced privacy, and decreased bandwidth consumption. An AI-

Embedded System (AI-ES) is defined as a resource-constrained computing device that 

incorporates machine learning models to perform tasks such as sensor data interpretation, 

pattern recognition, predictive analytics, and adaptive control without necessarily relying on 

continuous cloud connectivity. This shift is not merely a software upgrade but necessitates a 

holistic re-imagining of system architecture, spanning hardware, software, algorithms, and 

design tools [3]. 

The historical progression towards this integration began with the increasing computational 

power of microcontrollers and System-on-Chips (SoCs), followed by the development of 

application-specific hardware accelerators like Google's Edge TPU, NVIDIA's Jetson AI 

modules, and microcontroller-optimized cores from ARM and others. Simultaneously, the field 

of algorithmic compression—through techniques like pruning, quantization, knowledge 

distillation, and neural architecture search (NAS) for compact models (e.g., MobileNet, 

SqueezeNet)—has been pivotal [4]. These techniques bridge the gap between large, accurate 

models developed in data centers and the stringent memory, power, and computational budgets 

of embedded devices. 

The applications of AI-ES are vast and transformative. In autonomous vehicles, embedded AI 

processes terabytes of sensor data for real-time object detection and path planning. In industrial 

IoT, predictive maintenance systems use vibration and acoustic analysis on embedded sensors 

to foresee machine failures. In smart healthcare, wearable devices employ on-device AI for 

real-time arrhythmia detection or glucose level prediction. Consumer electronics, from 

smartphones with always-on voice assistants to smart cameras with person detection, are prime 

examples of pervasive AI-ES [5]. 
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This survey is structured to provide a systematic overview of this multidisciplinary field. 

Following this introduction, we present a detailed literature review charting the evolution of 

key ideas. We then formalize the core problem statement, identifying the fundamental tension 

between AI's computational demands and embedded systems' resource constraints. 

Subsequently, we analyze the multifaceted challenges and limitations, from hardware and 

software co-design to security and ethical concerns. Finally, we conclude with a perspective on 

future research directions. The objective of this paper is to consolidate knowledge, clarify the 

current research frontiers, and provide a roadmap for advancing the science and engineering of 

intelligent embedded systems. 

2. Literature Review: 

Banbury et al., [6] To enable fair comparison and progress tracking, this paper introduced a 

benchmark suite for evaluating ML systems on ultra-low-power devices. MLPerf Tiny 

measures latency, accuracy, and energy consumption on standardized tasks (visual wake words, 

keyword spotting). It provides the community with a crucial tool for rigorous evaluation and 

drives research towards measurable efficiency gains. 

Zhu et al., [7] (continual, federated) on microcontrollers. It examines algorithms for efficient 

gradient computation and weight updates under severe memory constraints, aiming to create 

adaptive embedded systems that can learn from local data without compromising privacy—a 

key step towards true autonomy. 

Véstias [8], This survey focused on the role of Field-Programmable Gate Arrays (FPGAs) in 

AI-ES. FPGAs offer a unique balance of flexibility, performance, and power efficiency, making 

them ideal for prototyping accelerators and for deployment in scenarios requiring hardware 

reconfigurability post-deployment. The paper reviewed design methodologies and 

optimization techniques for mapping CNNs onto FPGA fabric. 

Howard et al. [9] seminal work introduced the MobileNet architecture, a cornerstone for 

embedded deep learning. It employed depthwise separable convolutions to drastically reduce 

computational cost and model size while maintaining competitive accuracy on image 

classification and detection tasks. MobileNet demonstrated that architectural innovation 

tailored for efficiency, rather than mere scaling of existing models, was essential for 

deployment on mobile and embedded devices, directly inspiring a new generation of 

lightweight neural networks. 
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Han et al [10],  This paper presented a comprehensive three-stage pipeline for compressing 

DNNs without loss of accuracy. It combined weight pruning, quantization to fewer bits, and 

Huffman coding to achieve massive reductions in model storage (35x-49x for AlexNet). Its 

significance lies in proving that over-parameterized models contain massive redundancy, and 

systematic compression is viable, making large models like VGG-16 feasible for memory-

constrained embedded hardware. 

Buciluǎ et al., [11], Though preceding the deep learning explosion, this paper laid the 

groundwork for knowledge distillation. It introduced the concept of training a compact, fast 

"student" model to mimic the behavior of a larger, accurate "teacher" ensemble. This idea was 

later refined by Hinton et al. (2015) for deep neural networks, becoming a key technique for 

transferring knowledge from complex models to smaller ones suitable for embedded 

deployment. 

Chen et al. [12], TVM addressed the critical challenge of deploying models across diverse 

hardware backends (CPUs, GPUs, accelerators). It introduced a compiler-based approach that 

automatically optimizes tensor computations, generating highly efficient code for various 

targets. This work was pivotal in moving from vendor-specific, hand-tuned libraries towards a 

portable and performance-portable software stack for AI on embedded and edge devices. 

Raspberry Pi Foundation, [13] While not a traditional research paper, the technical 

specifications and ecosystem impact of the Raspberry Pi 4 represent a key moment. With its 

increased RAM, processing power, and optional AI accelerators (via USB or HATs), it became 

a ubiquitous, low-cost platform for prototyping and deploying AI-ES. It democratized access 

to edge AI experimentation, fostering a vast community of developers and researchers. 

Warden & Situnayake [14] This book and the associated engineering work at Google defined 

the "TinyML" field. It detailed techniques for running ML models on microcontrollers with 

mere kilobytes of memory, using frameworks like TensorFlow Lite for Microcontrollers. It 

showcased practical applications (keyword spotting, gesture recognition) and established a 

software methodology for extreme-edge AI. 

Jouppi et al. [15] This paper detailed Google's first-generation Tensor Processing Unit, a 

domain-specific accelerator for neural network inference. While designed for data centers, its 

architectural principles—a systolic array for dense matrix multiplication and minimal control 
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overhead—directly influenced the design of subsequent embedded AI accelerators (e.g., Edge 

TPU), highlighting the importance of hardware/algorithm co-design. 

Cai et al. [16] This work tackled the immense cost of neural architecture search (NAS) for 

every new device constraint. The proposed Once-for-All network is trained once and can be 

dynamically specialized into many sub-networks of different sizes/latencies without retraining. 

This is crucial for embedded systems, enabling a single model to be optimized for various 

deployment scenarios (different power budgets, compute capabilities). 

3. Problem Statement: 

The central problem addressed in the domain of AI-integrated Electronic Embedded Systems 

is the fundamental dichotomy between the resource-intensive nature of advanced Artificial 

Intelligence/Machine Learning algorithms and the stringent resource constraints inherent to 

embedded hardware platforms. This dichotomy manifests as a multi-dimensional optimization 

challenge that must be solved to realize efficient, reliable, and practical intelligent edge devices. 

Embedded systems are defined by limited processing capability (low-clock-speed CPUs, no 

GPUs), scarce memory (from KBs to a few GBs of RAM/Flash), and a tight energy budget 

(battery-powered or energy-harvesting operation). In contrast, state-of-the-art AI models, 

particularly deep neural networks, are computationally dense, require large amounts of memory 

for parameters and activations, and can have unpredictable execution times. Directly deploying 

cloud-scale models on embedded devices is thus infeasible. 

Therefore, the core problem is to enable sophisticated, accurate, and robust AI functionality 

on embedded systems without violating their fundamental constraints of power, performance, 

area, cost, reliability, and real-time determinism. This problem decomposes into several 

interrelated sub-problems: 

1. Model Efficiency: How can we design or transform ML models (through architecture 

search, pruning, quantization, distillation) to achieve minimal size and computational 

footprint while preserving acceptable task accuracy? 

2. Hardware-Software Co-Design: How do we design specialized hardware accelerators 

(ASICs, FPGAs, NPUs) and the corresponding software toolchains (compilers, kernels) 

that are jointly optimized for the sparse, quantized, and specialized operations of 

efficient ML models? 
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3. System Integration and Predictability: How do we integrate stochastic AI inference 

tasks into traditional real-time embedded software architectures, ensuring that non-

deterministic AI workloads do not jeopardize the timing guarantees of critical control 

loops or safety functions? 

4. Autonomy and Adaptability: How can we move beyond static inference to enable 

limited, secure, and efficient on-device learning or adaptation, allowing systems to 

personalize or adjust to changing environments without external intervention, while 

managing associated energy and memory overheads? 

5. Cross-Stack Optimization: How do we create cohesive design flows that allow 

developers to seamlessly navigate the trade-offs from the algorithmic level down to the 

hardware circuit level, avoiding siloed optimizations? 

Solving this overarching problem is not an academic exercise but a practical necessity to unlock 

the full potential of intelligent applications in areas where cloud dependency is impractical due 

to latency, bandwidth, privacy, or operational continuity reasons. 

4. Challenges and Limitations: 

The integration of AI into embedded systems, while promising, is fraught with significant 

technical and practical challenges that span the entire stack from silicon to application. 

1. Computational and Energy Efficiency: The "power wall" remains the foremost constraint. 

Even optimized models and specialized accelerators consume power orders of magnitude 

higher than traditional microcontroller sleep modes. Continuous sensing and inference quickly 

deplete batteries, limiting deployment longevity. Dynamic voltage and frequency scaling 

(DVFS) for AI workloads and the development of ultra-low-power analog or in-memory 

computing substrates are nascent areas. Energy harvesting for AI-ES is a major challenge, as 

peak computational demands often exceed the average harvested power. 

2. Memory Bottlenecks: Accessing off-chip memory (DRAM) is a primary energy consumer 

in SoCs. While model weights can be compressed, intermediate activations during inference 

can still require substantial temporary storage, leading to costly memory traffic. Techniques 

like activation compression, layer fusion, and sophisticated dataflow scheduling to maximize 

on-chip SRAM reuse are critical but add complexity to compiler design. 
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3. Real-Time and Safety-Critical Assurance: Traditional embedded systems in automotive, 

aerospace, and industrial control require hard real-time guarantees and functional safety 

certification (e.g., ISO 26262, DO-178C). The statistical nature of AI, its non-deterministic 

execution time (due to conditional operations, data-dependent paths), and its vulnerability to 

out-of-distribution inputs make verification, validation, and certification extremely difficult. 

Providing evidence of a neural network's worst-case execution time (WCET) or guaranteeing 

its behavior under all possible inputs is an open research problem. 

4. Security and Privacy: AI-ES introduces novel attack vectors. Adversarial examples can be 

crafted to fool sensors (e.g., stickers on stop signs). Model extraction attacks could steal 

proprietary IP. Side-channel attacks (power, EM, timing) can leak model parameters or 

sensitive input data. Furthermore, devices with on-device learning risk leaking private user data 

through the updated model. Implementing robust cryptographic defenses and intrusion 

detection on resource-limited devices adds overhead and complexity. 

5. Limited On-Device Learning and Adaptability: Most deployed AI-ES are inference-only. 

Enabling meaningful learning (continual, federated) on-device is exceptionally hard due to the 

memory needed for backpropagation, the computational cost of training, and the risk of 

catastrophic forgetting. Developing algorithms for efficient, sparse, and stable on-device 

adaptation is a key research frontier. 

6. Software Complexity and Fragmentation: The toolchain ecosystem is fragmented. 

Developers must navigate between different frameworks (TensorFlow Lite, PyTorch Mobile, 

ONNX), runtime engines, and vendor-specific SDKs for accelerators. The lack of a unified, 

high-level programming and optimization abstraction increases development time and can lead 

to suboptimal deployments. 

7. Data Scarcity and Generalization: The performance of AI models is contingent on training 

data. For many specialized embedded applications (e.g., detecting a specific machine fault), 

obtaining large, labeled, and representative datasets is expensive or impossible. Techniques like 

simulation, synthetic data generation, transfer learning, and few-shot learning are necessary 

but add another layer of complexity and potential failure points in the deployment pipeline. 

8. Hardware Cost and Scalability: Custom AI accelerators (ASICs) offer the best 

performance per watt but have high Non-Recurring Engineering (NRE) costs and are inflexible 

post-fabrication. FPGAs offer flexibility but at a higher unit cost and power consumption than 
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ASICs. General-purpose processors are flexible but inefficient. Choosing the right hardware 

platform involves difficult trade-offs between cost, performance, power, and future-proofing, 

especially for mass-market applications. 

9. Ethical and Societal Limitations: The deployment of pervasive, intelligent embedded 

systems raises ethical questions about surveillance, algorithmic bias at the edge, environmental 

impact (e-waste from ubiquitous sensors), and job displacement. The "black-box" nature of 

many AI models complicates accountability and transparency, particularly in safety-critical or 

legally consequential applications. 

5. Conclusion: 

The integration of Artificial Intelligence into Electronic Embedded Systems represents one of 

the most dynamic and impactful frontiers in contemporary computing. This survey has charted 

the remarkable journey from rigid, deterministic controllers to adaptive, cognitive edge nodes, 

enabled by synergistic advances in efficient algorithms, specialized hardware, and innovative 

software toolchains. We have reviewed key literature that laid the foundation, from model 

compression and efficient architectures to benchmarking and security analysis. 

The core problem—reconciling AI's appetite for computation with embedded systems' scarcity 

of resources—has been articulated, giving rise to a rich field focused on cross-stack 

optimization. However, significant challenges persist. The triumvirate of efficiency 

(energy/computational), predictability (for real-time and safety-critical systems), and security 

forms the primary barrier to widespread, reliable deployment. Furthermore, the goals of long-

term autonomy through on-device learning and the creation of verifiable, ethical systems 

present profound research questions. 

Future progress will likely be driven by several trends: the maturation of neuromorphic and in-

memory computing hardware that fundamentally rethinks the von Neumann architecture for 

AI workloads; the development of standardized, physics-informed, and inherently robust tiny 

models that require less data; the creation of formal methods and explainable AI (XAI) 

techniques tailored for the embedded domain to aid certification; and the evolution of unified 

software frameworks that automate the co-design process from model to hardware. 

As these challenges are incrementally addressed, AI-Embedded Systems will cease to be a 

research novelty and become the default paradigm for intelligent interaction with the physical 

world. They will form the indispensable nervous system of smart cities, autonomous industries, 
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personalized medicine, and sustainable environments, making the promise of pervasive, 

trustworthy, and responsive intelligence a reality. 

 

6. References: 

[1.] Prabhaker, M. L. C., & Ponnan, S. (2022). AI based realtime task schedulers for 

multicore processor based low power biomedical devices for health care 

application. Multimedia Tools and Applications, 81(29), 42079-42095. 

[2.] Gauthier, A. (2025). Dynamic Scheduling-Based Optimization of Multi-Core 

Architectures for High-Performance Computing. Transactions on Computational and 

Scientific Methods, 5(5). 

[3.] Horstmann, L. P., Hoffmann, J. L. C., & Fröhlich, A. A. (2019, September). A 

framework to design and implement real-time multicore schedulers using machine 

learning. In 2019 24th IEEE international conference on emerging technologies and 

factory automation (ETFA) (pp. 251-258). IEEE. 

[4.] Wu, J., Zhao, E., Li, S., & Wang, Y. (2022). Intelligent fitting global real‐time task 

scheduling strategy for high‐performance multi‐core systems. CAAI Transactions on 

Intelligence Technology, 7(2), 244-255. 

[5.] Anderson, J. H., Calandrino, J. M., & Devi, U. C. (2006, April). Real-time scheduling 

on multicore platforms. In 12th IEEE Real-Time and Embedded Technology and 

Applications Symposium (RTAS'06) (pp. 179-190). IEEE. 

[6.] Banbury, C., Reddi, V. J., Torelli, P., Holleman, J., Jeffries, N., Kiraly, C., ... & Pau, 

D. Mlperf tiny benchmark. arXiv 2021. arXiv preprint arXiv:2106.07597. 

[7.] Zhu, S., Voigt, T., Rahimian, F., & Ko, J. (2024). On-device training: A first overview 

on existing systems. ACM transactions on sensor networks, 20(6), 1-39. 

[8.] Véstias, M. P. (2019). A survey of convolutional neural networks on edge with 

reconfigurable computing. Algorithms, 12(8), 154. 

[9.] Howard, A. G., Zhu, M., Chen, B., Kalenichenko, D., Wang, W., Weyand, T., ... & 

Adam, H. (2017). Mobilenets: Efficient convolutional neural networks for mobile 

vision applications. arXiv preprint arXiv:1704.04861. 

[10.] Han, S., Mao, H., & Dally, W. J. (2015). Deep compression: Compressing deep neural 

networks with pruning, trained quantization and huffman coding. arXiv preprint 

arXiv:1510.00149. 



 JOURNAL OF RESEARCH PERSPECTIVES IN MULTIDISCIPLINARY SCIENCE, EDUCATION AND TECHNOLOGY (RPSET)  

VOL: 1, ISSUE 1, JANUARY – MARCH 2026  

RCHUB PUBLISHER  

ISSN: 3139-3934 

 

10 

 

[11.] Buciluǎ, C., Caruana, R., & Niculescu-Mizil, A. (2006, August). Model compression. 

In Proceedings of the 12th ACM SIGKDD international conference on Knowledge 

discovery and data mining (pp. 535-541). 

[12.] Chen, T., Moreau, T., Jiang, Z., Zheng, L., Yan, E., Shen, H., ... & Krishnamurthy, A. 

(2018). {TVM}: An automated {End-to-End} optimizing compiler for deep learning. 

In 13th USENIX Symposium on Operating Systems Design and Implementation 

(OSDI 18) (pp. 578-594). 

[13.] UZUN, Y., & DUNDAR, O. (2021). Raspberry Pi and Models. Programmable Smart 

Microcontroller Cards, 34. 

[14.] Warden, P., & Situnayake, D. (2019). Tinyml: Machine learning with tensorflow lite 

on arduino and ultra-low-power microcontrollers. O'Reilly Media. 

[15.] Jouppi, N. P., Young, C., Patil, N., Patterson, D., Agrawal, G., Bajwa, R., ... & Yoon, 

D. H. (2017, June). In-datacenter performance analysis of a tensor processing unit. 

In Proceedings of the 44th annual international symposium on computer 

architecture (pp. 1-12). 

[16.] Cai, H., Gan, C., Wang, T., Zhang, Z., & Han, S. (2019). Once-for-all: Train one 

network and specialize it for efficient deployment. arXiv preprint arXiv:1908.09791. 

 


