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Abstract 

The modern factory setting that consists of electronic assembly lines necessitates advanced maintenance 

approaches that will guarantee the highest level of productivity and the reduction of any unwanted unplanned 

downtimes. The focus of the present paper is to introduce a broad framework of predictive maintenance within 

electronic assembly lines with the use of artificial intelligence (AI) algorithms and edge analytics. The proposed 

system incorporates real-time data collection with sensors, machine learning models to predict failures, and edge 

computing infrastructure to allow making an immediate decision. The framework makes use of several AI models 

such as Random Forest, Support Vector Machines, and Convolutional Neural Networks to process equipment 

health indicators as well as anticipate the occurrence of failures before they happen. Edge analytics facilitates 

local processing of data and therefore minimizes the bandwidth and latency requirements through data privacy 

and security. Testing on a representative electronic assembly line shows that the proposed system has 94.3% 

success in predicting failure and predicting one on average of a 72-hour horizon. The implementation has led to a 

reduction in the number of unplanned downtime by 37, 37 percent lessening in the cost of maintenance, and a 15 

percent enhancement in the efficiency of overall equipment (OEE). The computed edge architecture can handle 

sensor data with an average latency of 12 milliseconds, which allows responding to important equipment 

conditions and in real-time. The system is effective to detect various failure modes such as bearing wear, 

overheating of motors, wear on conveyor belt and misalignment of the components. Integration with current 

manufacturing execution systems offers easy integration of workflow and automatic scheduling of maintenance. 

The modular design guarantees scalability of various electronic assembly designs but at the same time makes it 

economical when it comes to small to medium scale operations. 

Keywords: predictive maintenance, electronic assembly, artificial intelligence, edge analytics, machine learning, 

condition monitoring, industrial IoT, real-time processing 

1. Introduction 

Modern manufacturing environment requires extraordinary intervention of efficiency, quality and reliability of 

the electronic assembly processes [1]. The electronic assembly lines are the key infrastructure of the production 

facility today, and the slightest of failures can lead to significant losses and disruptions in the supply chain [2]. 

Conventional reactive and preventive maintenance methods are becoming too slow and weak to meet the more 

demanding complex and fast needs of current electronic manufacture processes [3]. 

The rise of Industry 4.0 technologies has provided the possibilities of the smart maintenance approaches which 

use the possibilities of the real-time data analytics and the artificial intelligence to predict the equipment failures 

even before they happen [4]. Predictive maintenance is an extension of this paradigm shift of the time-based 

maintenance schedule to the condition-based strategies with the aim of optimizing the maintenance timing 

according to the real indication of equipment health [5]. The application has proven to have great potential in 

cutting the maintenance cost, reducing the unplanned downtime, and lengthening the useful life of equipment in 

the different manufacturing industries. 

The specifics of electronic assembly lines include the challenges associated with the implementation of predictive 

maintenance: the heterogeneity of equipment constitutions, high-performance conditions, and high quality 
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parameters [6]. These systems often use pick-and-place, soldering, inspection, and conveyor machines with 

varying failure modes and monitoring needs [7]. The rapid growth of electronic products and manufacturing 

technologies makes maintenance plans increasingly difficult, as dynamic systems must adapt to changing 

operational settings. 

Artificial intelligence and edge analytics can deliver solutions to these challenges and thus promise a solution to 

those problems [8]. The advanced pattern recognition and anomaly detection capabilities of AI algorithms allow 

detecting the subtelomies of a possible equipment malfunction [9]. The computational capabilities required in 

real-time data processing are offered by edge computing infrastructure, and it meets the requirements regarding 

data security, bandwidth, and the response latency [10]. 

Machine learning methods have been found to be especially useful in predictive maintenance in the industrial 

setting [11]. Support vector machines have been effective in the area of tool breakage detection and wear 

prediction [2]. State-of-the-art machine learning techniques such as ensemble algorithms with deep learning 

networks have demonstrated the best performance in multiconditional prediction problems [3]. In recent times, 

researchers have investigated how the different machine learning algorithms can be utilized in monitoring of 

different conditions in the various manufacturing processes [4]. 

With the advent of edge AI technologies, industrial analytics have transformed in that advanced computations at 

the data point of production are now possible [8,9]. This is a paradigm shift that fixes the severe restrictions of 

cloud-based analytics such as latency, bandwidth, and data privacy issues [10]. Convergence of edge intelligence 

and IoT devices introduces a possibility of autonomous decision-making in industries [11]. 

This study brings development in the field of predictive maintenance of electronic assembly in a number of 

innovations. In the first step, an extensive AI-controlled framework that is specifically created to serve electronic 

assembly lines is created and tested. Second, the combination of various complementary machine learning 

algorithms offers strong failure prediction of different types of equipment and under different operating 

conditions. Third, the edge analytics architecture allows making real-time decisions and processing while ensuring 

the safety and confidentiality of data. Fourth, its applicability is demonstrated through a lot of experimental 

validation showing its practical applicability, and quantifying improvements in performance within real 

manufacturing environments. 

 

2. Literature Review 

A manufacturing-based predictive maintenance is the subject of the second issue. 

The concept of predictive maintenance has become a vital enabler of smart manufacturing programs in different 

industrial industries [13]. The main concept is to use indicators of equipment condition and forecast the optimal 

maintenance time by using analytical models to predict the next failure. This is in contrast to many reactive 

maintenance strategies where the devices fail and then rely on a reactionary approach, and preventive maintenance 

strategies where devices are maintained according to a set schedule irrespective of the true condition of the 

equipment. 

The tool wear prediction studies have revealed that machine learning methods can be useful in condition 

monitoring applications [1]. A machine learning method based on force analysis has been specifically useful in 

in-process tool wear prediction systems [1]. The combination of various sensor modalities such as force, vibration 

and acoustic emission signals can give a holistic equipment health monitoring. 

The use of support vector machine learning has been identified to be very promising in conditional monitoring of 

tools used in manufacturing [2]. SVM is especially well adapted to industrial applications of high-dimensional 

data with complex signal structure and a variety of operating environments due to its capability to perform high-

dimensional data classification and the robust classification performance. It has been shown that SVM methods 

can be successfully used in tool breakage detection in the milling process with high accuracy and reliability. 

Multi-condition tool wear prediction cases have been investigated with advanced machine learning techniques 

[3]. The nature of the modern manufacturing process is complicated, and the advanced algorithms can address 
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numerous variables and operating conditions at the same time. Complex prediction applications have shown that 

ensemble techniques and deep learning perform better than the classical statistical techniques. 

2.2 AI and Machine Learning in the Industry. 

There has been a fast surge in the use of artificial intelligence in industrial predictive maintenance with the 

improvement of sensor technologies, computational power, and development of algorithms [4]. Machine learning 

algorithms offer the analytical basis of generating valuable information out of large amount of sensor data 

produced by the current manufacturing devices. 

CNNs have been specifically effective in signal processing and pattern recognition that is utilized in industrial 

monitoring systems [16]. Automatic feature engineering of raw sensor data allows efficient removal of manual 

feature engineering, and construction of more powerful predictive models. The one-dimensional CNN 

architectures have been particularly appropriate in analyzing the time-series of sensor readings in industries. 

The variety of machine learning algorithms to be used in industrial applications requires a wise choice on the type 

of algorithm to be used according to the characteristics of the applications and the data to be used [14,15]. There 

is no single algorithm that can be considered optimal in every situation, and it is necessary to evaluate them 

systematically and, possibly, ensemble methods that would combine several algorithms to achieve greater stability 

and accuracy. 

2.3 Industrial Analytics using Edge computing. 

The adoption of edge computing has become a revolution in the application of an industrial device that can handle 

data in real time and make decisions in the data source [6,8,9,10]. This paradigm solves some basic constraints of 

cloud-based analytics such as latency constraints, bandwidth needs, and data security issues which are strictly 

important in factory setting. The integration between the edge intelligence and the IoT technologies opens the 

prospects of self-optimization autonomous industrial systems, and predictive maintenance [11].Edge AI 

applications enable enhanced analytics with industrial control application response time. Recent studies have 

focused on edge computing platform design and development for predictive maintenance[13]. 

2.4 Electronic Assembly Line Features 

Electronic assembly lines have complicated and diverse equipment and a high speed requirement, making 

predictive maintenance unique [17,18]. Mechanical positioning, heat processing, optical inspection, and electronic 

control pieces are common in such systems. 

The wear and damage mechanisms of the tools in the electronic assembly processes take different patterns that 

are different than those of the traditional machining processes [18,19]. The accuracy standards and the delicate 

nature of the components handling call a higher level of monitoring methodologies that can sense a slight variation 

in the performance of the equipment before affecting product quality. 

Spindle vibration-based monitoring has also proven to be an effective tool wear detection system in working in 

precision manufacturing environments [20]. The vibration analysis performed with the help of neural network 

methods allows real-time condition monitoring and predicting tool life of micro-scale manufacturing processes. 

 

3. System Architecture and Design. 

3.1 General System Architecture. 

The predictive maintenance system proposed would make use of the three-tier architecture that includes edge 

devices, local processing units, and cloud-based management systems. Figure 1 represents the system architecture 

and data flow paths at large scale. 
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The system architecture comprises of four separate layers namely, equipment layer, sensor layer, edge analytics 

layer and cloud management layer. The equipment layer refers to the tangible assets such as pick and place 

machines, soldering stations, inspection and conveyor systems. The sensor layer will offer detailed process control 

via vibration, temperature, current and acoustic sensors that are located strategically along the assembly line. 

Edge computing infrastructure involves computing hardware, software, and network devices that operate together 

with central nodes to efficiently and effectively process data at the edges of networks, resulting in decisions or 

conclusions that are prompt and dependable. 

3.2 Edge CI.  

Edge computing infrastructure refers to a set of computing hardware, software, and network devices that work in 

conjunction with central nodes to help efficiently and effectively process data at the edges of networks to make 

prompt and reliable decisions. 

The edge analytics layer puts into practice local processing features that allow real-time analysis and decision-

making without relying on the connection to the cloud. Table 1 shows the specifications of the edge computing 

hardware that is used in the system. 

Table 1: Edge Computing Hardware Specifications 

Component Specification Purpose Performance 

Processing Unit ARM Cortex-A78, 8-core, 2.4 GHz Real-time inference 150 GOPS 

Memory 16 GB LPDDR5 Data buffering 6400 MT/s 
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Storage 256 GB NVMe SSD Model storage 3500 MB/s read 

AI Accelerator Neural Processing Unit ML acceleration 26 TOPS 

Network Interface Gigabit Ethernet, WiFi 6 Data transmission 1 Gbps 

Operating System Linux RT kernel Real-time processing <1ms latency 

 

3.3 Sensor Integration and Data Acquisition 

Sensor modalities in the sensor integration subsystem monitor equipment comprehensively. Figure 2 shows sensor 

placement and data gathering. 

 

Sensor location minimizes installation complexity and expense while covering important equipment parameters. 

Sensors monitor mechanical condition, temperature, current, and acoustic performance. 

 

4. Implementation of AI Algorithms 

4.1 Model architecture for machine learning 

The predictive maintenance system uses different AI algorithms to handle various failure modes and situations. 

The AI algorithms and their system applications are listed in Table 2. 
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Table 2: AI Algorithm Applications and Performance Characteristics 

Algorithm Application 

Domain 

Input Features Output Training 

Time 

Inference 

Time 

Random Forest Bearing condition 

monitoring 

Vibration FFT, 

RMS, Kurtosis 

Health score (0-

1) 

15 min 2 ms 

Support Vector 

Machine 

Tool wear 

prediction 

Force signals, 

temperature 

Remaining 

useful life 

25 min 1 ms 

Convolutional 

Neural Network 

Acoustic anomaly 

detection 

Raw audio 

spectrograms 

Anomaly 

probability 

4 hours 8 ms 

Long Short-Term 

Memory 

Multi-sensor 

fusion 

All sensor 

modalities 

Failure 

prediction 

6 hours 5 ms 

Isolation Forest Outlier detection Statistical features Anomaly flag 8 min 1 ms 

 

4.2 Feature Engineering and Data Preprocessing 

Predictive maintenance applications require feature engineering to extract relevant information from sensor data. 

Figure 3 shows the entire feature extraction and preprocessing procedure. 

 

The feature engineering pipeline processes sensor data into machine learning-friendly representations. Time-

frequency analysis gives temporal-spectral information, statistical features describe sensor signal distributional 

aspects, and time domain features capture temporal characteristics. 

4.3 Training and optimizing models 

Machine learning models are rigorously trained and optimized to operate well under various operational settings. 

Figure 4 compares algorithm and evaluation metric model performance. 



J. Electrical Systems 20-3s (2024): 2909-2921 

2915 

 

CNN has the highest accuracy at 96.1%, followed by Random Forest at 94.3%. Multimetric performance 

demonstrates the resilience of the selected algorithms for predictive maintenance in electronic assembly lines. 

 

5. Experimental Design and Methods 

5.1 Experimental Setting 

The experimental validation was done on a representative electronic assembly line including pick-and-place, 

soldering, optical inspection, and functional testing workstations. The assembly line produces 120 units per hour 

with 25–35 second cycle periods per workstation. 

The experimental assembly line setup and equipment parameters are reported in Table 3. 

Table 3: Experimental Assembly Line Configuration 

Workstation Equipment Type Operating Parameters Sensor Configuration 

Station 1 Pick & Place Machine 15,000 CPH, ±25µm 

accuracy 

4 vibration, 2 temperature, 2 current 

Station 2 Selective Soldering 350°C peak, 2.5m/min 

speed 

6 temperature, 2 current, 2 acoustic 

Station 3 Optical Inspection 5MP resolution, 0.8s cycle 2 vibration, 1 temperature, 1 current 

Station 4 Functional Test 12-channel test, 8s cycle 4 current, 2 temperature, 2 acoustic 

 

5.2 Data Collection and Labeling 

Continuous data collection covered regular operations, scheduled maintenance, and 23 equipment failures over 

six months. Sensor data spans 2.4 TB with sampling speeds from 1 kHz for vibration sensors to 10 Hz for 

temperature measurements. 
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Bearing deterioration, motor overheating, belt wear, component misalignment, and electrical problems were the 

main failure types. Ground truth labels for failure events and equipment condition assessments were provided by 

experts. 

5.3 Validation and Evaluation 

For reliable performance assessment, experimental evaluation uses cross-validation. Figure 5 shows time-based 

validation for real-world deployment simulations. 

 

With time-based validation, models are trained on historical data and evaluated on following time periods, 

accurately imitating real-world deployment scenarios where past observations must predict future events. 

 

6. Analysis Report 

6.1 Predictive Analysis 

Compared to traditional methods, predictive maintenance performance improved significantly in experiments. AI-

driven system performance measurements are listed in Table 4. 

Table 4: Comprehensive Performance Results 

Metric Proposed System Baseline (Traditional) Improvement 

Prediction Accuracy 94.3% 73.2% +28.8% 

False Positive Rate 3.8% 12.6% -69.8% 

False Negative Rate 1.9% 14.2% -86.6% 

Average Prediction Horizon 72 hours 18 hours +300% 

Mean Time to Detection 4.2 hours 16.8 hours -75% 

Maintenance Cost Reduction 28% Baseline N/A 

Unplanned Downtime Reduction 37% Baseline N/A 
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6.2 Edge Processing Performance 

Industrial applications require extraordinary real-time performance from edge analytics. Figure 6 shows edge 

computing processing task delay analysis. 

 

Latency analysis shows that all processing processes finish within acceptable real-time limitations, with end-to-

end processing latency of 20.0 milliseconds, substantially below the 50-millisecond industrial control application 

criterion. 

6.3 Failure Mode Analysis 

Multiple failure modes across equipment kinds are detected by the system. Figure 7 shows experimental failure 

mode detection accuracy. 

 

Failure mode analysis shows good detection accuracy for all monitored failure types, with bearing deterioration 

at 96.8% and electrical problems at 89.3%. The system is industrial-ready due to its low false positive rates across 

all categories. 

6.4 Economic Impact 

The predictive maintenance system's economic benefits justify its installation. Table 5 shows a detailed 6-month 

experimental cost-benefit analysis. 
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Table 5: Economic Impact Analysis 

Cost Category Before 

Implementation 

After Implementation Savings Percentage 

Change 

Unplanned Downtime $45,600 $28,800 $16,800 -37% 

Emergency Repairs $23,400 $12,100 $11,300 -48% 

Spare Parts Inventory $38,200 $31,500 $6,700 -18% 

Maintenance Labor $56,800 $47,200 $9,600 -17% 

Production Losses $78,900 $51,200 $27,700 -35% 

Total Costs $242,900 $170,800 $72,100 -30% 

 

The economic analysis shows a 30% reduction in maintenance expenditures of $72,100 over six months. System 

deployment is economically justified by its 340% yearly return on investment (ROI). 

6.5 System Dependability 

Industrial applications require great reliability and availability from the predictive maintenance system. System 

uptime and performance stability during the experiment are shown in Figure 8. 

 

The reliability analysis shows that the system performed consistently with an average uptime of 99.2 and a 

constant prediction accuracy of 94.3 with a variation range of 1.2 during the experiment. Long-term industrial 

edge computing implementation stability is confirmed by this stability. 
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7. Discussion, implications. 

7.1 Technical Success 

Experimental confirmation indicates that the AI-based predictive maintenance system improves performance 

efficiently. The 94.3 percent forecast accuracy is a major improvement over standard condition monitoring 

methods, and the 72-hour predictability allows for advance maintenance planning. Edge computing architecture 

overcomes latency and provides 20 millisecond end-to-end processing for real-time choices. 

Multi-algorithm method stops multi-modes of failure using diverse equipment. Acoustic anomaly detection using 

Convolutional Neural Networks and Random Forest algorithms can yield strong results under vibration 

monitoring settings. The system is sturdy and reliable due to the capability of the AI algorithms. 

7.2 Industrial Implementation Schools. 

To be successful, AI-based predictive maintenance application to electronic assembly lines must be attentive to a 

number of viable factors. Interoperability with the Manufacturing Execution Systems (MES) and Enterprise 

Resource Planning (ERP) systems makes sure that there is a smooth workflow integration and automated 

maintenance scheduling. The modular system architecture supports a gradual implementation on various 

production lines and on the various types of equipment. 

When deploying connected predictive maintenance, cybersecurity issues gain primary potential. The edge 

computing model enhances certain security threats by performing sensitive data calculations on the base but 

overall security systems are necessary to implement within an industrial system. 

7.3 Economic and Operational Advantages. 

The realization that the maintenance costs have been reduced by 30% gives strong economic reasons as to why 

the system should be implemented. The reduction in the number of unplanned downtime (37% reduction) and 

reduction in emergency repair costs (48% reduction) lead to an increase in the effectiveness of the overall 

equipment and overall production efficiency. Economic soundness of AI-based predictive maintenance in the 

electronic assembly is justified by the 340 percent yearly ROI. 

7.4 Limitations and Future Work 

A number of constraints of the make implementation imply that research and development can be developed in 

the future. The validation was done in one assembly line setup only and consequently the results cannot be 

generalized in different manufacturing setups. Future research would help in investigating the performance of 

systems in various types of facilities and equipment set-ups. 

The modern AI models need regular retraining that can ensure the best performance due to the fact that equipment 

properties change over time. Improvement in the system sustainability in the long-run would be achieved by 

development of adaptive learning algorithms that are automatically able to adapt to the changing conditions. 

Possible addition of other sensor modalities like thermal imaging and chemical analysis may offer more capable 

condition monitoring. 

 

8. Conclusion 

The paper provides a multifaceted architecture of predictive maintenance in electronic assembly lines using AI 

algorithms and edge analytics. The proposed system has a great level of enhancement in regard to the accuracy of 

prediction (94.3%), and cost-reduction (30%), operational effectiveness relative to the conventional maintenance 

procedures. The edge computing architecture will enable real-time processing and below 20 milliseconds of 

latency and data security and data privacy. 

The use of multi-algorithm method to AI can also be useful in addressing various forms of a failure mode in 

heterogeneous equipment types that are applied in the majority of electronic assembly processes. Random Forest, 

Support Vector Machines, and Convolutional Neural Networks would provide niche applications in different 

fields of condition monitoring and evidence of failure. The general experimental validation proves its usefulness 

and measures the increase of performance in the actual manufacturing environments. 
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Economic impact analysis shows a saving of 72,100 is tremendous in six months providing the 30 percent cost 

reduction on the total maintenance related costs, and giving 340 percent annual ROI. These results show that 

predictive maintenance based on AI is financially viable in the case of electronic assemblies and make solid 

arguments supporting its application to the industrial sector. 
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