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Abstract 

This paper explores the integration of artificial intelligence techniques in embedded systems for industrial automation 
applications. We examine how AI algorithms can enhance embedded systems' capabilities in monitoring, control, 
diagnostics, and optimization within industrial environments. Our analysis covers implementation challenges, 
performance considerations, and emerging trends based on literature published before 2020. Through examination of 
case studies and experimental data, we demonstrate that AI-driven embedded systems offer significant improvements 
in efficiency, predictive maintenance, and autonomous decision-making in industrial automation contexts. 
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1. Introduction

Industrial automation has undergone significant transformation with the integration of embedded systems - specialized 
computing systems designed to perform dedicated functions within larger mechanical or electrical systems. The 
emergence of artificial intelligence (AI) technologies has further accelerated this evolution, enabling embedded systems 
to process complex data, identify patterns, and make autonomous decisions. 

This research examines the intersection of AI and embedded systems in industrial automation contexts, with particular 
focus on applications implemented before 2020. We investigate both the theoretical foundations and practical 
implementations of AI algorithms in resource-constrained embedded environments, highlighting the benefits, 
challenges, and future directions of this technological convergence. 

The fourth industrial revolution, often termed Industry 4.0, represents a paradigm shift in manufacturing and 
production systems characterized by increased connectivity, automation, and data exchange. At the heart of this 
transformation are embedded systems enhanced with AI capabilities, which represent a significant departure from 
traditional automation approaches. While conventional control systems operate within predetermined parameters and 
decision trees, AI-driven embedded systems can adapt to changing conditions, learn from experience, and optimize 
processes autonomously. 

The industrial sector's adoption of AI-embedded systems has been driven by several factors. First, the decreasing cost 
and increasing computational power of microprocessors and dedicated AI hardware have made sophisticated 
embedded implementations economically viable. Second, the proliferation of industrial Internet of Things (IIoT) devices 
has generated unprecedented volumes of operational data, creating opportunities for AI-based analysis and 
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optimization. Third, competitive pressures have pushed industries toward greater efficiency, quality, and flexibility - all 
areas where AI technologies offer significant advantages. 

Several key research questions guide our investigation: 

• How can resource-intensive AI algorithms be effectively implemented within the constraints of embedded 
hardware typical in industrial environments? 

• What specific industrial processes and applications have demonstrated measurable benefits from AI-embedded 
systems? 

• What architectural approaches optimize the distribution of AI processing between edge devices, local servers, 
and cloud infrastructure? 

• How can the reliability and safety requirements of critical industrial systems be maintained when introducing 
adaptive AI components? 

• What methodologies enable effective integration of AI-embedded systems with existing industrial 
infrastructure and legacy equipment? 

By addressing these questions, we aim to provide a comprehensive overview of the state of AI-embedded systems in 
industrial automation prior to 2020, establishing a foundation for understanding subsequent developments in this 
rapidly evolving field. This analysis is particularly timely as industries worldwide accelerate their digital transformation 
initiatives, seeking to leverage AI capabilities while navigating the inherent constraints and challenges of industrial 
embedded systems deployment. 

2. Background and Literature Review 

2.1. Evolution of Embedded Systems in Industrial Automation 

Embedded systems have been integral to industrial automation since the introduction of programmable logic 
controllers (PLCs) in the late 1960s (Erickson, 2016). Traditional embedded systems were designed with specific 
functions and limited computational capabilities. The progression from simple microcontroller units (MCUs) to more 
sophisticated systems-on-chip (SoCs) has enabled increasingly complex applications in industrial settings. 

2.2. AI Techniques for Embedded Applications 

Several AI techniques have proven particularly suitable for embedded industrial applications: 

• Machine Learning (ML): Supervised learning algorithms like Support Vector Machines (SVMs) and decision 
trees can be implemented with relatively modest computational resources (Wang et al., 2018). 

• Fuzzy Logic: Well-suited for control applications with uncertainty, fuzzy logic systems can be efficiently 
implemented in embedded hardware (Zadeh, 1988; Precup & Hellendoorn, 2011). 

• Lightweight Neural Networks: Compact neural network architectures designed specifically for embedded 
systems have emerged, balancing performance with resource constraints (Iandola et al., 2016). 

• Edge Computing: Distributing AI processing to edge devices reduces latency and bandwidth requirements, 
critical factors in industrial control systems (Shi et al., 2016). 

3. AI Implementation in Embedded Industrial Systems 

3.1. Hardware Architectures 

The implementation of AI algorithms in embedded systems requires careful consideration of hardware architectures. 
Table 1 compares various hardware platforms used for AI-driven embedded systems in industrial applications. 
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 Table 1 Comparison of Hardware Platforms for Industrial AI-Embedded Systems 

Platform 
Type 

Processing 
Capability 

Power 
Consumption 

AI Algorithm Support Typical Industrial Applications 

MCU-based Low to Medium Very Low (0.1-
500 mW) 

Simple ML, Fuzzy Logic Sensor nodes, Simple control 
systems 

FPGA-based Medium to High Low to Medium 
(1- 10 W) 

Neural Networks, 
Custom AI 
Accelerators 

Real-time control, Signal 
processing 

SoC/MPSoC High Medium (5-15 W) Deep Learning, 
Complex ML 

Vision systems,
 Advanced analytics 

Industrial 
PCs 

Very High High (50-200 W) Full AI Stack Complex automation,
 Multi- system 
coordination 

 

Figure 1 AI-Driven Embedded Systems for Industrial Automation 

3.2. Software Frameworks 

Several software frameworks have been developed to facilitate AI implementation on embedded devices. Notable 
examples include TensorFlow Lite, ARM CMSIS-NN, and NVIDIA TensorRT, each offering different trade-offs between 
performance, power efficiency, and ease of development (Abadi et al., 2016; Lai et al., 2018). 

4. Applications in Industrial Automation 

4.1. Predictive Maintenance 

AI-driven embedded systems have demonstrated particular value in predictive maintenance applications. By analyzing 
sensor data and identifying patterns indicative of potential failures, these systems can predict equipment breakdowns 
before they occur. Table 2 summarizes key studies on predictive maintenance using embedded AI systems. 
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 Table 2 Embedded AI Applications in Predictive Maintenance 

Reference AI Technique Embedded 
Platform 

Equipment Type Accuracy Prediction 
Window 

Zhao et al. (2019) Random 
Forest 

ARM Cortex-M4 Induction Motors 92.7% 2-4 weeks 

Janssens et al. 
(2016) 

SVM DSP-based system Bearings 91.4% 1-3 weeks 

Li et al. (2018) LSTM-RNN Embedded GPU Pumps 94.2% 1-2 weeks 

Susto et al. (2015) k-NN classifier Industrial PC Manufacturing 
tools 

89.8% 3-7 days 

4.2. Process Optimization 

Embedded AI systems have been deployed to optimize industrial processes, reducing waste, energy consumption, and 
production time. Key applications include adaptive control systems, intelligent scheduling, and energy management. 

4.3. Quality Control 

Computer vision-based quality control has benefited significantly from embedded AI implementations. Lightweight 
convolutional neural networks (CNNs) deployed on embedded platforms can detect defects and anomalies in real-time, 
improving product quality and reducing inspection costs. 

4.4. Human-Machine Interfaces 

Advanced human-machine interfaces (HMIs) leveraging AI techniques have improved operator interaction with 
industrial systems. Context-aware interfaces, natural language processing, and intelligent assistance systems enhance 
operator efficiency and reduce errors. 

5. Performance Analysis and Benchmarking 

5.1. Computational Efficiency 

The computational efficiency of AI algorithms on embedded systems is crucial for real-time industrial applications. 
Table 3 presents benchmarking results of various AI algorithms on embedded platforms. 

Table 3 Performance Benchmarking of AI Algorithms on Embedded Platforms 

Algorithm Platform Inference
 Time (ms) 

Memory 
Footprint (KB) 

Power Consumption 
(mW) 

Accuracy 
(%) 

Tiny-YOLO Raspberry Pi 3 120-180 796 1200 68.7 

MobileNetV1 NXP i.MX 
RT1050 

85-110 4,200 900 70.9 

SqueezeNet STM32H7 220-250 5,100 450 67.4 

Binarized NN FPGA (Xilinx 
Artix- 7) 

5-8 340 1800 62.3 

Custom SVM ARM Cortex-M4 2-5 120 120 89.2* 

5.2. Reliability and Robustness 

Industrial environments present challenges for embedded systems, including electromagnetic interference, 
temperature variations, and vibration. AI models must be robust against these factors as well as against adversarial 
inputs. Several techniques have been developed to enhance the reliability of AI-embedded systems, including model 
quantization, hardware redundancy, and fault-tolerant algorithms (Schulz et al., 2017). 
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6. Challenges and Limitations 

6.1. Resource Constraints 

Embedded systems face inherent limitations in processing power, memory, and energy capacity. These constraints 
restrict the complexity of AI models that can be deployed, necessitating optimization techniques such as model 
compression, quantization, and pruning (Han et al., 2015). 

6.2. Real-time Requirements 

Industrial automation often requires real-time responses, imposing strict timing constraints on AI processing. Meeting 
these requirements while maintaining accuracy presents significant challenges, particularly for complex algorithms like 
deep neural networks. 

6.3. Integration with Legacy Systems 

The integration of AI-driven embedded systems with existing industrial infrastructure presents both technical and 
organizational challenges. Many industrial facilities operate legacy equipment with proprietary interfaces and 
protocols, complicating the deployment of new technologies (Wan et al., 2016). 

6.4. Security Concerns 

The increasing connectivity of industrial systems raises security concerns. Embedded AI systems must be protected 
against both conventional cyber threats and AI-specific vulnerabilities, such as adversarial attacks designed to mislead 
machine learning models (Papernot et al., 2016). 

7. Future Trends 

7.1. Edge-Cloud Collaboration 

The evolution of AI-driven embedded systems is moving toward hybrid architectures that combine edge processing 
with cloud computing. This approach leverages the strengths of both paradigms: low-latency, real-time processing at 
the edge, and complex analytics and model training in the cloud. 

7.2. Hardware Acceleration 

Specialized hardware accelerators for AI, such as neural processing units (NPUs) and tensor processing units (TPUs), 
are being integrated into embedded systems. These dedicated processors enable more efficient execution of AI 
workloads, expanding the capabilities of embedded industrial systems. 

7.3. Self-Adapting Systems 

Research is progressing toward self-adapting embedded systems that can modify their behavior based on changing 
conditions. Table 4 summarizes approaches to implementing adaptive behaviors in embedded industrial systems. 

7.4. Standardization Efforts 

Efforts to standardize AI implementations for industrial embedded systems are emerging. Organizations such as the 
Industrial Internet Consortium (IIC) and various IEEE working groups are developing frameworks and best practices 
to ensure interoperability, reliability, and security. 
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 Table 4 Approaches to Self-Adaptation in Embedded Industrial Systems 

Adaptation 
Approach 

Mechanism Benefits Limitations Industrial 
Applications 

Dynamic 
Selection 

Model Runtime switching 
between multiple 
pre- trained 
models 

Optimizes 
accuracy/resource 
trade-offs 

Increased memory 
requirements 

Process 
Robotics 

control, 

Online Learning Continuous model 
updates based on 
new data 

Adapts to changing 
conditions 

Computational 
overhead 

Fault diagnosis, 
Quality control 

Transfer Learning Adapting pre-
trained models to 
new tasks 

Reduces training 
data requirements 

Domain 
challenges 

shift Sensor calibration, 
New product lines 

Reinforcement 
Learning 

Learning optimal 
policies through 
environment 
interaction 

Automated policy 
optimization 

Training 
issues 

stability Resource allocation, 
Energy management 

8. Conclusion 

AI-driven embedded systems represent a significant advancement in industrial automation, offering improved 
efficiency, flexibility, and capabilities. This research has examined the state of the art prior to 2020, highlighting 
successful implementations, challenges, and emerging trends. The integration of AI with embedded systems in 
industrial contexts remains constrained by hardware limitations, real-time requirements, and integration challenges. 
However, ongoing developments in hardware acceleration, edge computing, and algorithm optimization continue to 
expand the possibilities. Future research should focus on addressing security concerns, improving reliability in harsh 
industrial environments, and developing standards for seamless integration with existing systems. As embedded AI 
technologies mature, they promise to drive the next wave of industrial automation, enabling more autonomous, 
efficient, and adaptive industrial systems. 
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