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1. Introduction 

Electronics engineering has entered a phase in 

which intelligent behaviour is increasingly 

embedded into physical devices, circuits, 

communication systems, and energy conversion 

platforms. Earlier electronic systems were 

primarily designed to sense, transmit, amplify, 

switch, and control signals through predetermined 

rules. Contemporary systems are expected to learn 

from data, detect subtle anomalies, adapt to varying 

operating conditions, and support decisions in real 

time. Artificial intelligence provides the analytical 

and computational methods required for this 

transition. Its relevance extends from the smallest 

microcontroller based sensor node to complex 

semiconductor fabrication processes, 

communication networks, medical devices, and 

intelligent power systems. 

The expansion of artificial intelligence in 

electronics is linked with advances in computing 

power, low cost sensors, cloud platforms, edge 

computing, and data driven modelling. Deep 

learning has significantly improved representation 

learning in image, speech, and signal based tasks 

(LeCun et al., 2015). At the same time, the practical 

deployment of such models has created a demand 

for energy efficient hardware. Sze et al. (2017) 

showed that the design of efficient deep neural 

network processors requires careful attention to 

computation, memory movement, data reuse, and 

algorithm hardware coordination. These 

considerations are particularly important for 

electronics engineers because intelligence cannot 

be separated from the devices on which it operates. 

Artificial intelligence is also reshaping the 

engineering design process itself. Electronic design 

automation tools are increasingly supported by 

machine learning for design space exploration, 

placement, routing, verification, performance 

prediction, and optimisation. Huang et al. (2021) 

reviewed machine learning applications across the 

electronic design automation hierarchy and 

described the growing potential of intelligence 

Abstract: Artificial intelligence has become a major enabling force in electronics engineering because 

contemporary electronic systems generate large volumes of signals, operate under changing conditions, and 

require rapid decisions with limited energy and computing resources. This paper presents a structured review 

of artificial intelligence applications in electronics engineering and innovation using literature published up 

to 2022. The review integrates developments in electronic design automation, semiconductor manufacturing, 

embedded intelligence, TinyML, sensor systems, communication engineering, biomedical electronics, power 

electronics, smart grids, robotics, and neuromorphic computing. The paper explains how machine learning, 

deep learning, reinforcement learning, fuzzy systems, and hybrid intelligence improve design productivity, 

fault diagnosis, predictive maintenance, energy efficiency, reliability, and autonomous operation. It also 

highlights limitations related to data quality, model interpretability, cybersecurity, computational cost, 

hardware constraints, and the absence of common benchmarking practices. An integrative framework is 

proposed to connect electronic data sources, artificial intelligence methods, hardware platforms, application 

layers, innovation outcomes, and responsible deployment principles. The paper concludes with a research 

agenda for explainable, secure, energy aware, and locally deployable artificial intelligence solutions in 

electronics engineering. 

Keywords: Artificial Intelligence, Electronics Engineering, Embedded Systems, Tinyml, Electronic Design 

Automation, Power Electronics, Smart Sensors, Neuromorphic Computing, Innovation. 

 

 

APPLICATIONS OF ARTIFICIAL INTELLIGENCE IN ELECTRONICS 

ENGINEERING AND INNOVATIONS: A STRUCTURED REVIEW AND 

FUTURE RESEARCH AGENDA 

Chintada Rajasekhara Rao 

 

Professor, Department of Electronics and Communication Engineering 

College of Engineering, Dr. B. R. Ambedkar University, Etcherla, Srikakulam, Andhra Pradesh, India 

 

 



International Journal of Innovative Research and Practices                     Vol.12, Issue 9, SEP 2024 
ISSN   2321-2926 

APPLICATIONS OF ARTIFICIAL INTELLIGENCE IN ELECTRONICS ENGINEERING AND INNOVATIONS: A 

STRUCTURED REVIEW AND FUTURE RESEARCH AGENDA 6 

assisted automated design. This shift has strategic 

importance because the complexity of modern 

integrated circuits is difficult to manage exclusively 

through manual design decisions and conventional 

heuristics. 

The purpose of this paper is to consolidate the 

major applications of artificial intelligence in 

electronics engineering and identify innovation 

pathways that are suitable for future research. The 

paper is designed as a structured review rather than 

an empirical study. It does not claim experimental 

findings or fabricated survey results. The 

contribution lies in integrating diverse areas of 

electronics engineering into one coherent 

framework and in identifying responsible, practical, 

and publishable research directions based on 

literature available up to 2022. 

2. Scope and Review Approach 

The paper adopted a structured narrative 

review approach. Relevant scholarly contributions 

published up to 2022 were considered across major 

electronics engineering domains. The review was 

guided by five questions: Where is artificial 

intelligence applied in electronics engineering? 

Which artificial intelligence methods are most 

relevant? What engineering outcomes are 

improved? Which implementation barriers remain 

unresolved? Which directions are suitable for 

future innovation? 

The scope includes electronic design 

automation, semiconductor inspection, embedded 

systems, edge intelligence, smart sensors, 

communication systems, biomedical electronics, 

power electronics, smart grids, robotics, and 

neuromorphic computing. The review emphasises 

peer reviewed journal articles, conference papers, 

books, and influential technical surveys. Sources 

published after 2022 have been deliberately 

excluded in accordance with the manuscript 

requirement. 

A structured review is appropriate because 

artificial intelligence in electronics engineering is 

multidisciplinary. The value of the review lies not 

merely in listing applications but in connecting 

algorithms with physical constraints, hardware 

platforms, engineering performance indicators, and 

responsible deployment requirements. 

3. Conceptual Foundation of AI Enabled 

Electronics 

Artificial intelligence refers to computational 

methods that perform tasks commonly associated 

with human intelligence, including pattern 

recognition, prediction, optimisation, adaptation, 

and decision support. In electronics engineering, 

machine learning is especially important because 

electronic systems routinely produce measurable 

data such as voltage, current, temperature, 

vibration, frequency spectra, images, radio signals, 

and biomedical waveforms. These data allow 

models to learn relationships that may be difficult 

to express through fixed analytical equations alone. 

Machine learning includes supervised learning, 

unsupervised learning, and reinforcement learning. 

Supervised learning uses labelled examples for 

classification and regression. Unsupervised 

learning is useful for clustering, dimensionality 

reduction, and anomaly detection when labels are 

scarce. Reinforcement learning is relevant where a 

controller improves its actions by interacting with 

an environment. Deep learning extends machine 

learning through layered neural networks that learn 

complex representations. Fuzzy systems and 

evolutionary algorithms remain valuable when 

expert knowledge, uncertainty, and multi objective 

optimisation are central to the problem. 

The engineering challenge is to select a model 

that is accurate, computationally feasible, 

explainable, secure, and compatible with the 

hardware platform. A highly accurate model that 

cannot operate within memory, latency, or power 

limits may have limited practical value. Edge 

computing therefore plays a central role. Shi et al. 

(2016) defined edge computing as the performance 

of computation closer to data sources, while 

Satyanarayanan (2017) highlighted its importance 

for responsive and context aware applications. 

These ideas form the basis for embedded artificial 

intelligence and TinyML. 
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4. AI in Electronic Design Automation and VLSI 

Innovation 

Very large scale integration design involves 

complex choices related to architecture, logic 

synthesis, verification, physical design, timing 

closure, power consumption, thermal behaviour, 

and manufacturability. As transistor counts 

increase, exhaustive search becomes impractical. 

Machine learning can estimate design outcomes, 

guide optimisation, and reduce the number of 

costly iterations. Huang et al. (2021) organised 

machine learning applications in electronic design 

automation across system, logic, circuit, and 

physical design levels. Their review indicates that 

data driven methods can complement conventional 

algorithms rather than replace engineering 

expertise. 

In physical design, learning based methods can 

predict congestion, timing risk, routing difficulty, 

and power characteristics. In verification, 

classification and anomaly detection can help 

prioritise test cases and identify unusual behaviour. 

In analogue design, surrogate models can 

approximate circuit performance across parameter 

combinations and thereby accelerate design space 

exploration. Reinforcement learning is particularly 

relevant for sequential design decisions in which 

each action influences later layout and optimisation 

choices. 

Artificial intelligence assisted design also 

supports innovation in low power electronics. 

Designers can explore trade offs among power, 

performance, and area more efficiently when 

predictive models approximate expensive 

simulations. However, the quality of predictions 

depends on the similarity between training 

examples and new designs. A model trained on one 

technology node, architecture, or tool flow may not 

generalise automatically. Future research must 

therefore investigate transfer learning, uncertainty 

estimation, reusable benchmarks, and explainable 

recommendations for engineers. 

The role of the engineer remains central. 

Electronic design automation models should 

function as decision support systems that expose 

assumptions, confidence levels, and trade offs. 

Black box recommendations are risky in safety 

critical and high cost semiconductor design. 

Human oversight is necessary for validation, sign 

off, and accountability. 

5. Semiconductor Manufacturing, Inspection, 

and Quality Control 

Semiconductor fabrication demands high 

precision. Small variations in process conditions 

can affect yield, reliability, and cost. Artificial 

intelligence can analyse manufacturing data for 

defect detection, process monitoring, predictive 

maintenance, and root cause analysis. Machine 

vision is especially relevant for wafer inspection, 

printed circuit board inspection, solder joint 

assessment, and component surface evaluation. 
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López de la Rosa et al. (2021) reviewed 

machine learning and deep learning methods for 

semiconductor inspection and identified the 

growing use of classification, feature extraction, 

and image based analysis. Deep convolutional 

networks can learn visual patterns associated with 

defects, while unsupervised methods can identify 

unusual patterns when defect labels are incomplete. 

These capabilities are valuable because manual 

inspection is time consuming and vulnerable to 

inconsistency. 

In manufacturing environments, accuracy 

alone is insufficient. Engineers must assess false 

positives, false negatives, class imbalance, 

explainability, inference latency, and the cost of 

incorrect decisions. A false negative may allow a 

defective component to pass into an electronic 

system. A false positive may increase rework and 

reduce productivity. Practical studies should 

therefore report confusion matrices, precision, 

recall, F1 scores, receiver operating characteristic 

measures, and operational cost implications. 

Artificial intelligence can also support 

predictive maintenance of fabrication equipment by 

learning patterns in vibration, temperature, 

pressure, and process histories. The objective is to 

identify deterioration before failure occurs. This 

reduces unplanned downtime and improves 

production continuity. Future innovations should 

integrate equipment data, process data, inspection 

images, and maintenance records through secure 

multimodal analytics. 

6. Embedded Systems, Edge Intelligence, and 

TinyML 

Embedded systems are a major frontier for 

artificial intelligence innovation. Many electronic 

devices must operate with limited power, memory, 

computing capacity, and network connectivity. 

Sending all data to a remote cloud server may 

introduce delay, communication cost, privacy risks, 

and dependence on network availability. Edge 

intelligence addresses these concerns by processing 

data close to the source. TinyML extends this idea 

to highly constrained microcontrollers and low 

power devices. 

Warden and Situnayake (2019) demonstrated 

the practical significance of deploying machine 

learning on small devices, while Soro (2021) 

described TinyML as a multidisciplinary field 

focused on enabling deep learning algorithms on 

embedded devices operating within very low power 

ranges. Alajlan and Ibrahim (2022) explained that 

TinyML permits inference on resource constrained 

microcontrollers and is relevant to intelligent 

Internet of Things applications. The key 

engineering task is to balance prediction 

performance with latency, memory footprint, and 

energy consumption. 

Typical TinyML applications include keyword 

recognition, predictive maintenance, gesture 

detection, environmental monitoring, wearable 

health sensing, and anomaly detection. Model 

compression techniques such as quantisation, 

pruning, and knowledge distillation are important. 

Hardware aware model design is also essential 

because a model developed for a server or mobile 

phone may not be appropriate for a microcontroller. 

Moin et al. (2021) argued that machine 

learning tasks delegated to edge devices can 

improve availability, performance, privacy, 

security, and sustainability. The industrial 

significance of this approach is substantial. For 

example, a factory sensor can detect an abnormal 

machine signature locally and trigger a warning 

without transmitting continuous raw data. Such 

systems are responsive and bandwidth efficient. 

Future research should focus on benchmark 

datasets, interoperable tool chains, secure firmware 

updates, and energy aware learning methods. 

7. Smart Sensors, IoT, and Cyber Physical 

Systems 

Sensors convert physical phenomena into 

electronic signals. Artificial intelligence transforms 

sensors from passive measurement devices into 

intelligent decision units. Smart sensor systems can 

detect events, classify conditions, fuse multiple 

signals, and adapt to environmental variation. 

These functions are important in agriculture, 

healthcare, industry, transport, disaster 

management, and environmental monitoring. 

Sensor fusion is a key innovation area because 

a single sensor may be affected by noise, drift, or 

incomplete context. Machine learning can combine 

signals from accelerometers, cameras, 

microphones, temperature sensors, gas sensors, 

pressure sensors, and radio devices. In industrial 

environments, such fusion can improve condition 

monitoring. In wearable electronics, it can improve 
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activity recognition and health assessment. In smart 

cities, it can support traffic, air quality, energy, and 

safety applications. 

Cyber physical systems connect sensing, 

computation, communication, and control. Their 

intelligence depends on reliable data flows and 

secure interfaces. A compromised sensor can 

distort model predictions and affect physical 

actions. Therefore, cybersecurity must be 

incorporated from the design stage. Secure 

authentication, encrypted communication, anomaly 

detection, and robust model validation are essential 

components of responsible electronic innovation. 

Future research should pay special attention to 

low cost and rural deployment contexts. Electronics 

engineering innovations should not be limited to 

high cost urban systems. Locally maintainable 

sensor platforms, solar powered edge nodes, and 

multilingual user interfaces can improve the 

relevance of artificial intelligence for agriculture, 

public health, water management, and community 

infrastructure. 

8. AI in Communication Engineering and Signal 

Processing 

Communication systems generate complex 

data involving channel conditions, modulation 

patterns, interference, traffic loads, and spectrum 

usage. Artificial intelligence can support channel 

estimation, modulation recognition, interference 

management, spectrum allocation, network 

optimisation, and anomaly detection. Signal 

processing remains the bridge between raw 

electronic measurements and intelligent decisions. 

Traditional communication algorithms are 

grounded in mathematical models. Artificial 

intelligence does not eliminate these foundations. 

Instead, it can complement them in situations 

where environments are dynamic, nonlinear, or 

difficult to model precisely. Deep learning is useful 

for feature extraction from complex signals, while 

reinforcement learning can support adaptive 

resource allocation. Hybrid models that combine 

domain knowledge with learning may provide 

better trust and stability than purely black box 

alternatives. 

Electronic communication innovations must be 

assessed using latency, reliability, energy 

consumption, spectral efficiency, robustness, and 

interpretability. Models that perform well in a 

laboratory may deteriorate under noise, device 

variation, or changing network conditions. 

Research should include realistic testing across 

operating scenarios and explain how model 

predictions influence engineering decisions. 

The expansion of connected devices also 

increases security concerns. Artificial intelligence 

may be used for intrusion detection and signal 

anomaly analysis, but the models themselves can 

be attacked. Adversarial robustness, secure updates, 

and privacy preserving learning are emerging 

priorities for communication electronics. 

9. AI in Power Electronics, Renewable Energy, 

and Smart Grids 

Power electronics is central to renewable 

energy, electric mobility, industrial drives, energy 

storage, and smart grids. Converters, inverters, 

batteries, and control systems operate under 

changing loads and environmental conditions. 

Artificial intelligence can support fault diagnosis, 

condition monitoring, thermal estimation, control 

optimisation, maximum power point tracking, 

battery state estimation, and predictive 

maintenance. 

Moradzadeh et al. (2022) reviewed data 

mining applications for fault diagnosis in power 

electronic systems and showed the relevance of 

machine learning and deep learning approaches. 

Fault diagnosis is particularly important because 

power electronic failures can reduce reliability and 

interrupt essential services. Data driven models can 

analyse current, voltage, temperature, vibration, 

and switching behaviour to detect abnormal 

patterns. 

Smart grids also benefit from big data and 

machine learning. Hossain et al. (2019) reviewed 

big data and machine learning applications in smart 

grids and highlighted associated security concerns. 

Electricity systems increasingly require flexible 

management because renewable energy generation 

is variable and distributed. Forecasting, demand 

response, anomaly detection, and asset monitoring 

can improve operational efficiency. 

The design of responsible power electronics 

intelligence requires physical awareness. A model 

used in a converter or battery system must respect 

safety constraints and operating limits. Engineers 
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should combine data driven learning with 

established physical models whenever possible. 

Future studies should report not only prediction 

accuracy but also computation time, hardware cost, 

energy usage, safety margins, and performance 

under abnormal conditions. 
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10. Biomedical Electronics, Wearables, and 

Assistive Innovation 

Biomedical electronics integrates sensing, 

signal processing, communication, and clinical 

decision support. Artificial intelligence can analyse 

electrocardiogram signals, electroencephalogram 

signals, medical images, movement patterns, and 

wearable sensor data. The objective is not to 

replace clinical professionals but to support timely 

assessment, monitoring, and personalised 

intervention. 

Wearable electronics is particularly suitable for 

edge intelligence. Continuous monitoring generates 

sensitive data and may require immediate response. 

Local inference can reduce communication 

demands and improve privacy. TinyML based 

wearables can identify falls, abnormal activity, or 

physiological changes while operating with limited 

battery capacity. 

Biomedical applications require a higher 

standard of validation than many consumer 

applications. Models must be tested across diverse 

populations and devices. Engineers must address 

measurement error, missing data, false alarms, 

privacy, cybersecurity, and explainability. A model 

that performs well on a curated dataset may not 

perform equally well in field conditions. Human 

oversight, clinical collaboration, and ethical review 

are therefore essential. 

Future innovations should focus on affordable 

health monitoring systems for underserved 

communities. Portable electronic devices with 

secure local intelligence may support screening and 

follow up services where specialist access is 

limited. Such research should incorporate usability, 

maintainability, language accessibility, and cost 

effectiveness. 

11. Robotics, Automation, and Autonomous 

Electronic Systems 

Robotics combines electronic control, sensors, 

actuators, embedded computing, and intelligent 

algorithms. Artificial intelligence enables robots to 

recognise objects, navigate spaces, adapt 
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movements, predict maintenance needs, and 

collaborate with human operators. Industrial robots, 

agricultural robots, drones, rescue robots, and 

service robots all depend on reliable integration 

between software intelligence and electronic 

hardware. 

The engineering value of artificial intelligence 

in robotics is most visible in uncertain 

environments. A fixed rule may not be sufficient 

when lighting, terrain, obstacles, or human 

behaviour changes. Computer vision and sensor 

fusion help robots interpret their surroundings. 

Reinforcement learning and adaptive control can 

improve decision sequences, although safety 

constraints must be enforced during training and 

operation. 

Autonomous electronic systems require 

rigorous testing because errors can cause physical 

harm. Safety critical functions should include 

redundancy, fail safe states, manual override, and 

transparent monitoring. Engineers should 

distinguish between assistance, partial autonomy, 

and full autonomy. Claims of intelligence must be 

matched with evidence under realistic conditions. 

A promising direction is the development of 

low cost robotics for agriculture, inspection, and 

disaster response. Edge based models can reduce 

dependence on continuous connectivity. Research 

should examine energy management, rugged 

electronic design, repairability, and the practical 

needs of local users. 

12. Neuromorphic Computing and Hardware 

Innovation 

Conventional computing architectures can 

consume substantial energy when running large 

neural networks. Neuromorphic computing seeks 

inspiration from biological nervous systems by 

using event driven and parallel processing 

principles. This area is relevant to electronics 

engineering because it links device physics, circuit 

design, architecture, and intelligent algorithms. 

Merolla et al. (2014) demonstrated a 

neurosynaptic chip with one million programmable 

neurons and 256 million configurable synapses. 

Davies et al. (2018) presented Loihi, a 

neuromorphic manycore processor with on chip 

learning. Indiveri and Liu (2015) discussed 

memory and information processing in 

neuromorphic systems, while Roy et al. (2019) 

reviewed the progress toward spike based machine 

intelligence. These contributions show that energy 

efficient intelligence requires innovation beyond 

software alone. 

Neuromorphic systems are promising for event 

based sensing, robotic perception, adaptive control, 

and low power inference. However, significant 

challenges remain in programming models, 

benchmarking, hardware fabrication, algorithm 

compatibility, and commercial scalability. Future 

research should investigate interfaces between 

conventional processors and neuromorphic 

accelerators, standard evaluation metrics, and 

domain specific use cases where event driven 

processing provides a clear advantage. 

The broader lesson is that electronics engineers 

are not merely users of artificial intelligence. They 

are creators of the hardware foundations that 

determine the efficiency, accessibility, and 

sustainability of intelligent systems. 

 

Figure 1. Integrative framework for AI enabled 

electronics engineering and innovation. 

13. Proposed Integrative Framework 

Figure 1 presents an integrative framework for 

artificial intelligence enabled electronics 

engineering. The framework begins with data 

sources such as sensors, circuits, signals, inspection 

images, and equipment records. These inputs are 

analysed through machine learning, deep learning, 

reinforcement learning, fuzzy systems, and hybrid 

methods. The intelligence is implemented through 

electronic platforms such as microcontrollers, field 

programmable gate arrays, application specific 

integrated circuits, accelerators, and edge nodes. 

The application layer covers design, control, 

diagnosis, monitoring, and autonomous response. 

Innovation outcomes include energy efficiency, 

reliability, productivity, safety, and improved 
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decision support. Responsible deployment 

surrounds the entire process. Security, 

explainability, sustainability, validation, and human 

oversight should not be treated as optional 

additions. They are essential design requirements. 

The framework supports both academic 

research and engineering practice. It encourages 

researchers to state clearly which data are used, 

which model is selected, where the model is 

deployed, which engineering performance 

measures are improved, and how risks are 

controlled. A complete study should connect 

algorithmic accuracy with physical performance 

and practical feasibility. 

14. Challenges and Limitations 

Data quality is a primary challenge. Electronic 

data may contain noise, drift, missing values, 

imbalance, and device specific variation. A model 

trained on ideal laboratory data may fail under field 

conditions. Datasets should therefore include 

realistic operating ranges and transparent 

documentation. Where possible, researchers should 

conduct external validation using devices, 

locations, or time periods not used during training. 

Explainability is another concern. Many 

engineering decisions require reasons, not merely 

predictions. An engineer responsible for a 

converter, medical device, or communication 

network must understand why a model issued an 

alert or selected an action. Explainable artificial 

intelligence can support trust, troubleshooting, and 

accountability, although explanations must be 

technically meaningful rather than decorative. 

Cybersecurity requires urgent attention 

because intelligent electronic systems are 

connected and programmable. Attackers may 

manipulate sensor inputs, communication channels, 

firmware, or model parameters. Secure design 

requires authentication, encryption, anomaly 

monitoring, update controls, and recovery 

procedures. Artificial intelligence can strengthen 

security, but it also creates new attack surfaces. 

Energy consumption must also be considered. 

The goal of intelligent electronics should not be 

achieved through unnecessarily large models and 

excessive computation. Efficient architectures, 

model compression, hardware acceleration, and 

local processing can reduce environmental impact. 

Sustainability should include energy use, device 

lifespan, repairability, and electronic waste 

management. 

Finally, interdisciplinary collaboration remains 

essential. Electronics engineers, computer 

scientists, domain specialists, cybersecurity 

experts, and users must work together. A 

technically advanced model may fail if it does not 

fit the operating context, user needs, or 

maintenance capacity of the organisation. 

15. Future Research Agenda 

Priority Area 

Suggested 

Research 

Direction 

Expected 

Contribution 

Explainable 

AI 

Develop 

interpretable 

fault diagnosis 

models for 

converters, 

sensors, and 

embedded 

devices 

Improved trust 

and faster 

engineering 

decisions 

Physics 

informed 

learning 

Combine circuit 

equations and 

physical 

constraints with 

data driven 

models 

Better safety, 

generalisation, 

and reliability 

TinyML 

benchmarking 

Compare 

latency, 

memory, 

accuracy, and 

energy usage 

across 

microcontroller 

platforms 

Practical 

guidance for 

embedded 

deployment 

Secure 

intelligent 

electronics 

Design resilient 

sensor nodes 

and firmware 

update 

mechanisms 

Reduced 

vulnerability 

of connected 

devices 

AI assisted 

EDA 

Create 

transferable 

models for 

power, 

performance, 

and area 

optimisation 

Reduced 

design cycles 

and improved 

design 

productivity 

Affordable 

biomedical 

electronics 

Build edge 

enabled 

wearable and 

portable health 

devices 

Accessible 

monitoring for 

underserved 

communities 

Smart rural 

electronics 

Develop solar 

powered sensor 

intelligence for 

Context 

specific social 
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The future research agenda should move 

beyond isolated demonstrations. Studies should 

integrate hardware, algorithms, users, and operating 

environments. Experimental reports should identify 

the electronic platform, dataset, preprocessing 

steps, model architecture, evaluation metrics, 

computation time, energy use, and limitations. 

Reproducibility is essential for cumulative 

progress. 

Research in Indian engineering institutions can 

make a distinctive contribution by focusing on 

affordable, repairable, and locally deployable 

innovations. Suitable areas include smart 

agriculture sensors, rural healthcare monitoring, 

low cost industrial inspection, renewable energy 

management, disaster warning systems, and 

embedded educational laboratories. These 

applications combine technical relevance with 

social value. 

Partnerships with industry can improve access 

to realistic datasets and field testing opportunities. 

However, academic independence and ethical 

standards must be maintained. Data ownership, 

privacy, and publication transparency should be 

clarified at the beginning of each project. 

16. Conclusion 

Artificial intelligence is becoming an integral 

part of electronics engineering. Its influence is 

visible in circuit design, semiconductor inspection, 

embedded systems, sensor intelligence, 

communication networks, power electronics, 

biomedical devices, robotics, and neuromorphic 

hardware. The most important innovation is not the 

addition of an algorithm alone. It is the careful 

integration of data, models, electronics platforms, 

and engineering judgement. 

The review indicates that practical artificial 

intelligence solutions must be accurate, efficient, 

secure, explainable, and sustainable. Edge 

computing and TinyML are especially important 

because they move intelligence closer to sensors 

and devices. Electronic design automation and 

neuromorphic computing demonstrate that artificial 

intelligence is also transforming the design and 

architecture of hardware itself. 

Future research should emphasise physics 

informed models, realistic benchmarking, 

cybersecurity, human oversight, and affordable 

deployment. Electronics engineers have a major 

role in shaping responsible intelligent technologies 

because they design the circuits, devices, and 

systems through which artificial intelligence 

becomes part of everyday life. 

17. Practical Research Design Guidelines for 

Future Studies 

Future empirical investigations should begin 

with a clearly defined electronics engineering 

problem rather than with the selection of an 

algorithm. The research question may concern fault 

detection, energy optimisation, design productivity, 

signal classification, battery health estimation, 

sensor reliability, or embedded decision making. 

Once the engineering problem is defined, the 

investigator should identify measurable inputs, 

expected outputs, acceptable operating limits, and 

the consequences of incorrect predictions. This 

approach prevents the artificial intelligence model 

from becoming disconnected from physical system 

requirements. 

Dataset development deserves particular 

attention. Electronics engineering datasets should 

capture normal conditions, abnormal conditions, 

transitional states, noise levels, temperature 

variation, ageing effects, device differences, and 

realistic operating disturbances. When a study uses 

image data for inspection, the dataset should 

represent different defect categories and non 

defective samples. When a study uses current, 

voltage, or vibration signals, the sampling strategy 

and preprocessing steps should be reported. Data 

partitioning must avoid leakage between training 

and testing sets because leakage creates misleading 

estimates of model performance. 

Model comparison is also necessary. A 

publication should not rely on a single preferred 
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method without justification. Researchers should 

compare a simple baseline model with more 

advanced alternatives. The evaluation should 

include accuracy, precision, recall, F1 score, 

receiver operating characteristic measures, 

confusion matrices, inference time, memory usage, 

and energy consumption where relevant. In control 

applications, stability, overshoot, settling time, and 

safety constraint violations should also be reported. 

Such reporting improves reproducibility and helps 

engineers select methods that are appropriate for 

real devices. 

Hardware validation is an important 

differentiator between a preliminary study and a 

strong electronics engineering contribution. 

Simulations are useful during model development, 

but they should be followed by testing on 

representative hardware whenever feasible. 

Microcontroller based studies should specify the 

device, clock speed, memory capacity, quantisation 

level, model size, and power demand. Power 

electronics studies should specify the converter, 

switching conditions, load variation, sensors, and 

protection mechanisms. Communication studies 

should describe channel conditions, interference, 

signal to noise ranges, and latency. 

Ethical and professional responsibilities should 

be stated explicitly. Engineers must consider 

privacy, cybersecurity, explainability, fairness, and 

environmental impact. A biomedical monitoring 

device should protect sensitive information. An 

industrial fault model should include procedures for 

human verification. A smart grid controller should 

remain safe when communication is interrupted. 

Responsible innovation requires attention to failure 

modes, maintenance capacity, and the people 

affected by automated decisions. 

18. Innovation Pathways for Electronics 

Engineering Institutions 

Electronics engineering departments can 

develop meaningful innovation ecosystems by 

linking laboratories, student projects, faculty 

research, and industry needs. Artificial intelligence 

offers an opportunity to connect foundational 

courses such as electronic devices, digital systems, 

signals and systems, communication engineering, 

microprocessors, embedded systems, and power 

electronics with contemporary research problems. 

The most effective projects are those that combine 

sound electronic design with careful data analysis 

and practical validation. 

One pathway is the creation of low cost 

intelligent sensor platforms. Students and 

researchers can integrate microcontrollers, 

environmental sensors, wireless modules, and 

compact machine learning models for agriculture, 

water monitoring, energy management, or public 

safety. The innovation lies not only in collecting 

data but in enabling the device to make timely local 

decisions. Such work is especially relevant in rural 

regions where connectivity may be inconsistent and 

maintenance resources may be limited. 

A second pathway is the development of 

intelligent maintenance solutions for small 

industries. Motors, pumps, inverters, and 

production equipment can be monitored using 

current, vibration, temperature, and acoustic 

signals. Machine learning models can identify 

deviations from normal operation and provide early 

warnings. These systems can reduce downtime and 

improve productivity without requiring expensive 

imported platforms. Collaboration with local 

industries can provide authentic datasets and field 

testing opportunities. 

A third pathway is the design of affordable 

biomedical and assistive electronics. Portable 

electrocardiogram monitoring, fall detection, 

rehabilitation support, and elderly care devices can 

combine sensors with edge intelligence. The 

challenge is to ensure that the electronics are safe, 

easy to use, and clinically meaningful. Partnerships 

with healthcare professionals are essential. 

Research should avoid exaggerated claims and 

should clearly distinguish prototype demonstration 

from validated medical use. 

A fourth pathway is the use of artificial 

intelligence for design education. Electronic design 

automation datasets and simulation tools can be 

used to teach students how parameter changes 

influence circuit performance. Students can 

compare analytical calculations, simulation outputs, 

and learning based predictions. This approach 

develops both engineering judgement and data 

literacy. It also prepares graduates for changing 

roles in semiconductor design, embedded 

development, and intelligent manufacturing. 
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19. Publication Oriented Discussion 

A publishable contribution in this area should 

make a clear distinction among review papers, 

simulation studies, prototype demonstrations, and 

experimentally validated systems. A review paper 

should explain the selection logic for included 

literature and identify research gaps. A simulation 

study should justify models and boundary 

conditions. A prototype paper should describe 

hardware integration and report measurable 

performance. An experimentally validated paper 

should provide repeatable tests, comparative 

results, and transparent limitations. This distinction 

improves the credibility of the manuscript and 

helps reviewers evaluate the contribution fairly. 

The present review demonstrates that artificial 

intelligence in electronics engineering should be 

interpreted as a systems level field. Algorithms, 

circuits, sensors, communication links, processors, 

energy supplies, users, and operating environments 

interact with one another. Innovation occurs when 

these elements are jointly designed. For this reason, 

future papers should avoid presenting artificial 

intelligence as a generic software layer added after 

the electronic system has already been designed. 

Reputed publishers generally expect clarity, 

novelty, methodological transparency, verifiable 

citations, and balanced interpretation. Authors 

should avoid unsupported claims that a model is 

universally superior. Results should be discussed in 

relation to dataset size, data quality, hardware 

limitations, and deployment conditions. References 

should be checked carefully, and the final 

manuscript should follow the formatting 

requirements of the selected journal. These 

practices are important for research integrity and 

for the long term development of the field. 
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Limitations of the Review 

The review deliberately limits its citations to 

sources published up to 2022. This boundary is 

useful for the present manuscript requirement, but 

it also means that later developments are outside 

the scope of the paper. The manuscript is intended 

as a structured and integrative review rather than a 

bibliometric or systematic meta analysis. Before 

submission to a specific journal, the author may 

strengthen the methodology section by 

documenting the databases searched, keyword 

combinations, inclusion criteria, exclusion criteria, 

and screening process used for the final literature 

set. 

The application areas discussed in the paper are 

broad and multidisciplinary. Each domain, 

including electronic design automation, 

semiconductor manufacturing, TinyML, power 

electronics, communications, biomedical 

electronics, robotics, and neuromorphic computing, 

can support a dedicated review paper. The present 

work provides a common framework and research 

agenda. Future versions may narrow the scope to 

match the aims of the selected journal and 

incorporate additional domain specific evidence 

while maintaining the citation year restriction 

requested for this draft. 


