
 
 

© STM Journals 2026. All Rights Reserved 1  
 

ISSN: 2455-3379  

Volume 13, Issue 1, 2026 

January–April 

DOI (Journal): 10.37591/JoSDC  
STM JOURNALS

Journal of  

Semiconductor Devices and Circuits 
 

https://journals.stmjournals.com/josdc 

Review JoSDC 

 

Predictive Maintenance in Semiconductor Systems: 
Insights from Machine Intelligence and  
Data-Driven Methods 
 

Shubhii Shukla* 

 

Abstract 

With the fast-paced development of semiconductor technology comes the need to focus on device 
reliability, or how long devices will function and the likelihood of operational issues. Predicting failures 

and avoiding downtime through the implementation of timely, actionable, and data-driven maintenance 

strategies are essential to ensuring that devices function sustainably within predetermined performance 
levels. The implementation of predictive maintenance using artificial intelligence and machine learning 

technologies will shift the focus of maintenance and repair tasks from post-repair maintenance to 
proactive management. In this study, I review the literature on predictive maintenance, focusing on new 

developments in machine intelligence and how they are incorporated into predictive maintenance 
frameworks in the semiconductor industry. In addition to learning-based predictive models used in 

semiconductor manufacturing and operation, I assess and compare predictive maintenance solutions, 
paying particular attention to important performance metrics, including prediction accuracy, system 

reliability, and operational and geographic scalability. This assessment also examines recent studies 
on reliability improvement and predictive maintenance tailored to semiconductor devices, pointing out 

areas where the field lacks attention and adoption. To provide comprehensive insight into areas that 
need more research and development, the review is structured around the technological difficulties, 

data constraints, and implementation restrictions that predictive maintenance systems for 
semiconductors currently face. I survey research on predictive maintenance, particularly cutting-edge 

machine intelligence and its applications in the semiconductor sector. I evaluate and benchmark 
predictive maintenance technologies and learning-based predictive models for semiconductor 

applications based on accuracy, reliability, and geographic and operational scalability. Lastly, this 

survey details research on predictive maintenance and reliability enhancement specific to 
semiconductors, highlighting gaps in the field. It is framed around the challenges and limitations that 

predictive maintenance for semiconductors currently faces in implementation. 
 

Keywords: Decision making, machine learning applications, predictive maintenance, predictive model, 
semiconductor failure 

 

 

INTRODUCTION 

Smart devices play an important role in modern 

society. Computers, sensors, and smartphones 

control the electronics industry. They have excellent 

conductivity levels between conductors and 

insulators, making them essential in the electronics 

industry. Semiconductor failures occur when these 

materials or devices malfunction, leading to failures 

in electronic systems [1]. Identifying and indicating 

these failures is critical for maintaining the 

consistency and efficiency of the device and 

allowing timely maintenance and repairs. Using 

machine learning and predictive modeling, 
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specialists can create advanced systems to predict and prevent semiconductor failures, thereby 

improving device performance and durability across different applications. 

 

Machine learning (ML) has become an increasingly integral part of the semiconductor industry, 

playing a crucial role in predictive maintenance—proactively identifying potential issues and taking 

preventive actions to avoid equipment failures. The integration of ML techniques with the abundance 

of sensor data generated by modern semiconductor manufacturing equipment allows for the 

development of sophisticated predictive maintenance strategies [2]. 

 

Predictive maintenance approaches leverage ML, which can provide noteworthy benefits to 

semiconductor fabs, including reduced downtime, increased equipment lifetime, and optimized 

maintenance schedules [3]. By analyzing past equipment performance data and environmental 

variables, ML models can identify failure signatures and provide accurate predictions of impending 

equipment failures [4]. 

 

Advanced techniques, such as ensemble learning, where multiple ML models are combined to 

enhance predictive accuracy, have shown promising results in the context of semiconductor predictive 

maintenance [2]. Furthermore, the adoption of deep neural networks, which represent a powerful class 

of ML algorithms, has enabled the development of holistic predictive maintenance strategies for wind 

turbines. These strategies can effectively leverage the large amount of sensor data generated in 

semiconductor manufacturing environments [3]. 

 

The semiconductor industry’s embrace of machine-learning-based predictive maintenance is driven 

by the need to optimize asset utilization, reduce maintenance costs, and minimize production disruption 

[5]. By proactively identifying issues and taking corrective actions, semiconductor manufacturers can 

improve overall equipment effectiveness and maintain a competitive edge in the rapidly evolving 

microelectronics landscape [2, 3]. 

 

Monitoring device performance data using ML techniques can benefit semiconductor companies in 

predicting maintenance requirements more accurately and leading to cost savings, reduced downtime, 

and increased productivity. Integrating cost-sensitive learning approaches improves model selection 

based on the economic costs associated with maintenance activities. This can further enhance the 

effectiveness of predictive maintenance strategies in the semiconductor industry. 

 

The remainder of this paper is structured as follows: the research questions section presents the 

objectives of this review paper. The research methodology section presents a systematic procedure to 

combine a literature review on predictive maintenance using machine learning. The results section 

provides a basic outline of the review but is illustrated in more detail. It covers the common machine 

learning algorithms that are widely used in the predictive maintenance process as well as the diagnostic 

categories where they have already been proven to be useful in one way or the other. The background 

literature section reviews previous research in the last decade found in the research-based literature on 

machine learning in predictive maintenance. Numerous other studies have investigated the applicability 

of different ML algorithms to the preventive maintenance of equipment, which includes minimizing 

time wasted and preventing the most common kinds of failures. The discussion section explains the 

predictive maintenance process and the challenges it faces. It describes how a predictive maintenance 

model based on ML can be used to detect equipment failures before they occur. Timely maintenance 

actions are then planned almost immediately. The conclusion and future work section concludes all the 

research, listing the many advantages of predictive maintenance, which include less downtime, lower 

maintenance costs, and higher operational efficiency. However, it also highlights the challenges and 

limitations of future research. 
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Research Questions 

This article aims to synthesize existing research on semiconductor failure prediction maintenance, 

with a focus on the following research questions: 

1. What are the state-of-the-art machine intelligence techniques currently used for predictive 

maintenance in the semiconductor industry? 

2. How do various predictive models and ML techniques compare in terms of accuracy, reliability, 

and scalability for semiconductor maintenance applications? 

3. What are the challenges, limitations, and barriers to implementing machine intelligence for 

predictive maintenance in the semiconductor industry? 

4. What future research directions and potential improvements can enhance predictive maintenance 

practices in the semiconductor industry? 

 

RESEARCH METHODOLOGY 

This review adopts a systematic approach to coherently articulate the existing research on predictive 

maintenance using ML. The strategy is to carry out exhaustive literature searches in academic databases, 

such as Google Scholar, IEEE, ResearchGate, Science Direct, and Springer, and then to evaluate 

relevant studies based on the pre-defined keyword terms which include “Machine Learning”, and 

“Semiconductor Failure”, “Machine Learning”, “Predictive Maintenance”, “Predictive Maintenance”, 

“Semiconductor Failure”, “Machine Learning Application”, “Predictive Maintenance” and to 

meticulously assess each study to ascertain key findings. This method also involves categorizing the 

papers according to the ML algorithms used, industries where predictive maintenance was applied, and 

results achieved. 

 

LITERATURE BACKGROUND 

A predictive model for semiconductor failures that focuses on improving predictive maintenance in 

the context of Industry 4.0. The authors used the SECOM dataset to develop their model [1]. They 

compared four predictive models based on different algorithms: Naïve Bayes, C4.5 decision tree, 

multilayer perceptron, and support vector machine. By using different data pre-processing phases, the 

model achieved a high accuracy rate of 95%. This showcases the potential of ML in predicting 

semiconductor failures and improving maintenance practices in the semiconductor industry [6]. This 

study emphasizes the importance of selecting a classifier with detailed evaluation criteria. It is necessary 

to analyze an ML classifier using a non-traditional evaluation method, which includes precision and 

recall other than accuracy within the context of wafer defect detection to avoid false negatives and to 

ensure production yield. Logistic Regression performed the best, providing consistent and reliable 

classification. In contrast, SVM and k-NN had lower accuracy and greater variability in precision-recall, 

with SVM showing decreased classification reliability from training to testing. Ten-fold cross-

validation was used to avoid overfitting and validate the classifier. To better represent the image data, 

InceptionV3 transfer learning was used [7]. An ML procedure was proposed that can predict the failure 

of Smart Manufacturing and focuses specifically on cost-oriented model selection. To broaden the 

methodologies, the proposed process comprises model selection based on a cost model. The main point 

is to collect, preprocess, train, evaluate, and select the data model that uses the ML model [8]. This 

special case is inherent in that the cost of maintenance is the main concern in choosing models. 

Specifically, the tool used to compare the condition of low costs is the cost matrix mentioned in the 

maintenance costs. For example, you can see a suitable situation when the methodology is applied, 

which is mainly a selection of the proper ML model depending on the cost factors and not on the 

performance. Here, the research will provide a useful addition to predictive maintenance, and novel 

areas of application will be built, suggesting further improvements in the ML-based process [9]. A 

predictive maintenance framework for semiconductor lasers using ML techniques to enhance their 

reliability in optical communication systems. The framework comprises three stages: real-time 

performance degradation prediction, degradation detection, and remaining useful life (RUL) prediction. 

It employs attention-based gated recurrent unit (GRU) and convolutional autoencoder models for 

performance degradation prediction and anomaly detection, as shown in Table 1. The proposed 
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approach demonstrates high prediction accuracy, anomaly detection rate, and RUL estimation 

capability compared with existing models. Experimental validation using accelerated aging tests 

confirmed the effectiveness of the framework in predicting laser performance and RUL. Additionally, 

the study compared the proposed model with other ML methods, showing superior prediction 

performance and RUL estimation accuracy [10]. presented a novel hybrid deep learning approach for 

the predictive maintenance of industrial machinery, focusing on fault detection in wind turbine 

gearboxes. This approach combines convolutional neural networks (CNNs) for spatial feature extraction 

with long short-term memory (LSTM) networks to capture temporal patterns in multivariate sensor 

data. The model was evaluated using the AI4I 2020 Predictive Maintenance Dataset, achieving an 

impressive 97.9% accuracy in fault classification after 10 epochs of training. This study highlights the 

model’s ability to proactively identify potential gearbox failures, leading to timely maintenance 

scheduling and reduced operational expenses. Future research directions include exploring transfer 

learning techniques and integrating domain knowledge to enhance prediction accuracy and providing 

insights into fault mechanisms [11]. introduces a novel predictive maintenance (PdM) methodology that 

utilizes ML for a cutting machine in an industrial setting. Data from sensors, machine PLCs, and 

communication protocols are analyzed using a random forest approach on Azure Machine Learning 

Studio, on a dataset of 530,731 data readings from 15 machine features. Emphasizing the importance 

of predictive maintenance in Industry 4.0 for reducing downtime and costs, the research explores cloud 

architecture, ML applications to real machine data, and successful prediction of the main spindle rotor 

state. Furthermore, the study investigates data analysis techniques and ML methods for PdM and 

presents experimental findings from a woodworking industry case study, demonstrating the system’s 

efficacy in predictive maintenance by analyzing drive and vibration data to assess spindle health [12]. 

The study uses various ML techniques: logistic regression, random forest classifier, support vector 

machine, decision tree classifier, extreme gradient boost, and neural networks, to improve the predictive 

maintenance of the semiconductor manufacturing process. It is shown that the ML techniques discussed 

were compressing the training time and enhancing defect prediction, which is expected to enhance the 

productivity of the semiconductor manufacturing process in the future and reduce equipment failures 

[13]. Researchers have shown that proactive maintenance uses ML methods, like support vector 

machines and Bayesian Networks, to predict equipment defects, and its benefits include a reduction of 

20% in unplanned downtime and an increase in maintenance scheduling efficiency. In addition, there 

are concrete financial gains with a 15% reduction in maintenance costs, ultimately improving overall 

equipment effectiveness (OEE) and operational productivity in manufacturing environments [14]. 

Employing ML to predict faults in integrated circuits, mainly finding the defect type of bridge faults in 

Static Random-Access Memory (SRAM) cells etc., research papers have tried some different 

techniques, such as random forests and t-distributed stochastic neighbor embedding, etc. [15]. using 

deep learning on sensor data in predictive maintenance, we were able to enhance the prediction accuracy 

from 93.34% which was achieved using LSTM, to 97.48%, by combining two advanced deep learning 

architectures of CNN and LSTM in maintenance use cases, it foreseeably predicts the equipment failure 

and then suggests a maintenance action item to be taken [16]. 

 

RESULTS 

Various research reports are available in the field of predictive maintenance that apply ML to enhance 

fault prediction accuracy and efficiency in various domains [15]. A significant report describes a hybrid 

model designed by the team to combine CNN and LSTM networks. The CNN-LSTM model was 

developed and yielded an average F1-score of 97.48%, which was significantly higher compared to the 

LSTM model (93.34% F1-score) and the GBDT (94.59% F1-score), revealing the efficacy of the 

proposed hybrid model and its superior fault diagnosis and prediction performance [16]. In the field of 

semiconductor manufacturing, an improved ensemble learning algorithm was proposed in this paper 

with an accuracy of 0.974 and recall rate of 0.957, which outperformed the boosted decision tree 

(accuracy 0.966, recall 0.945), decision jungle (accuracy 0.941, recall 0.925), and decision tree 

(accuracy 0.952, recall 0.928), respectively. In addition, for industrial blister packing machine 

processes, the ensemble learning algorithm proposed in this paper, with an accuracy of 0.992 and recall  
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rate of 0.997, is superior to the boosted decision tree (accuracy 0.991 and recall 0.993) [15]. Feature 

selection is a key factor in predicting the occurrence of machine failures. In a recent study, researchers 

demonstrated the high effectiveness of random forest (RF) across all types of failures, except for 

overstrain failure (precision 1.00, recall 0.05). The support vector machine (SVM) and multilayer 

perceptron (MLP) performed well with no failure and power failure, but struggled with overstrain, 

random, and tool-wear failures [8]. Predictive maintenance in building facilities has recently 

acknowledged the potential of ML methods, such as LSTM, for failure prediction, while also 

emphasizing the challenges related to false positives and undetected failures that need to be addressed 

to enhance system performance. However, the model that has shown high capability in energy 

consumption prediction, for example in the context of minimum-energy virtual machine placement, is 

XGBoost, with the best average R² score of 96.5%, RMSE of 11.7 W, and MAPE of 2.8% [12]. In 

semiconductor manufacturing, the RF classifier has the highest accuracy at 93.62%, outperforming 

logistic regression, SVM, decision tree, XGBoost, and neural networks [10]. A recent novel hybrid 

approach for predictive maintenance in the manufacturing of semiconductors, ultrasound, and image 

processing involves using a hybrid deep learning approach using Convolutional LSTM networks. This 

model achieved 97.9% accuracy in fault classification, outperforming an LSTM network alone (which 

had a 95% accuracy for anomaly detection), and the stacked hybrid model of LSTM and deep 

autoencoders, which were tested on a hot-rolling process dataset and managed to obtain 99% accuracy 

[21]. Real-time health monitoring of Insulated-Gate Bipolar Transistor (IGBT) has been studied, and it 

was found that k-nearest neighbors (k-NN) had the best performance overall, especially in the solar 

inverter dataset. SVM was excellent at predictability at a high level of accuracy but took more execution 

time, and decision tree algorithms were effective in handling missing attributes in the dataset and could 

use a nonlinear relationship [22]. In the Industry 4.0 sense, the study of the SOPHIA architecture used 

IoT (Internet of Things) and ML (Machine Learning) for implementation in predictive maintenance and 

found that the gradient boosting machine (GBM) model showed the best performance with 98.2% 

accuracy, 98.6% recall, and 98.3% precision. Additionally, the efficient machine learning-assisted fault 

analysis method was implemented for the RF classifier and reported approximately an accuracy of 

99.5% in defect classification and was effective in identifying defective components of semiconductor 

circuits [11]. In another study, the efficacy of an RF classifier was re-evaluated for wafer defects and 

displayed an overall accuracy of 0.95 and good precision and recall metrics. After evaluating the 

classification of silicon wafer defects, the logistic regression method achieved the best overall 

classification accuracy during the testing phase (88.0%). After the training phase, k-nearest neighbors 

(k-NN) showed the lowest accuracy, with accuracy rates of 72.2% and 74.0% in the training and testing 

phases, respectively [1]. Semiconductor failures were predicted using machine learning, and the highest 

accuracy was achieved by MLP at 91.95%, compared to SVM, Naïve Bayes, and C4.5 decision tree 

models in the effective accuracy score. A study of the cost-oriented model for failure prediction found 

that decision tree (DT) and RF models had high accuracy in failure prediction in a cost-oriented model 

selection study and were working effectively in testing with different components. 

 

DISCUSSION 

The analysis highlights the advantages of hybrid and ensemble learning approaches over traditional 

ML methods for predictive maintenance. Among them, the CNN-LSTM hybrid model exhibited 

significantly better predictive accuracy than the other approaches, demonstrating the potential of 

combining spatial and temporal feature extraction capabilities. Ensemble learning is also effective, 

especially in complex manufacturing applications, where a bagging or boosting strategy is useful. Both 

the RF and XGBoost algorithms exhibit high overall performance across various applications, which 

suggests their robust yet adaptive nature across different datasets and problem domains. However, a 

few of the models, like SVM and MLP, show drawbacks in managing particular types of failure modes, 

which highlights the importance of using the most suitable algorithm based on the needs of a given 

application. 
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Patterns and Trends 

Several patterns and trends emerge from the review: 

1. Hybrid and ensemble models: These models feature better performance than single models, 

demonstrating the benefit of integrating various algorithms to maximize their strengths. 

2. High accuracy and recall: Computational models such as CNN-LSTM and GBM indicate strong 

performance in predictive maintenance tasks by yielding high accuracy and recall. 

3. Application-specific performance: The different performances of models in different application 

areas highlight the necessity of specifying the approach according to various datasets and 

industry requirements. 

4. Issues with specific failure modes: Considering failure modes such as overstrain and random 

failures, SVM and MLP models demonstrate challenges in development and application. 

 

Research Gaps and Limitations 

Despite the promising results achieved so far by these algorithms, several gaps and limitations need 

to be addressed. Firstly, it is evident that many models, especially in the context of building facilities, 

have difficulty in managing false positives as well as false negatives (undetected) failures, so there is 

still work to be done in this space. Second, the performance of both the SVM and MLP algorithms is 

poor when detecting overstrain and random failures. This suggests that for these types of failures, which 

are critical in diagnosis, model tuning, and feature selection, improvements are urgently needed. Lastly, 

hybrid and ensemble models appear to perform well in particular scenarios, but testing the 

generalization of these approaches in diverse applications is still under investigation. 

 

CONCLUSION AND FUTURE WORK 

This review outlines the substantial progress in predictive maintenance using hybrid and ensemble 

learning models. The CNN-LSTM hybrid model and ensemble learning algorithms demonstrated 

excellent performance and potential for fault diagnosis and prediction in various industries. However, 

challenges remain, such as false positives, undetected failures, and the recognition of specific failure 

types. Future research should identify potential future research directions to bridge the gap in research 

and improve upon the limitations identified in this literature review, including the following: 

1. Improving false positive rates: Techniques should be developed to reduce false positives and 

improve the detection of rare failure types. 

2. Enhanced feature selection: Investigating advanced feature selection techniques to improve 

model performance in detecting challenging types of failures. 

3. Model generalization: Investigating the generalization of hybrid and ensemble models across 

different industries and applications. 

4. Integration with IoT and real-time data: Improving the integration of the predictive maintenance 

model with IoT architecture and real-time data to increase the accuracy and timeliness of the 

predictions. 
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