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Abstract: With the increase of the system scale and complexity of modern computer systems and electronic equipment, the 
physical components (hardware) in computer or electronic equipment are damaged, the performance is reduced or the normal 
operation of computer and electronic systems is greatly increased due to various reasons. Detecting and predicting hardware 
faults in time is the key to ensure system stability and reliability. Hardware failure prediction technology based on artificial 
intelligence (AI) can effectively predict potential hardware failures by analyzing historical data, monitoring equipment operating 
status in real time, and reducing system downtime and maintenance costs. This paper reviews the current hardware fault 
prediction methods based on artificial intelligence, discusses the common algorithms, technical challenges, and application 
scenarios, and looks forward to the future development direction of this field. 
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1. Introduction 
Hardware failures of electronics and computers can have 

disastrous consequences for a project. For example, hardware 
failures in financial systems, medical devices, and industrial 
systems have serious consequences. However, the traditional 
manual monitoring and regular maintenance can hardly meet 
the needs of the stable operation of the system. Now the fault 
prediction method based on artificial intelligence provides a 
new solution for hardware maintenance. Through real-time 
monitoring of hardware operating status and analysis of 
historical data, AI systems can predict potential failures in 
advance and help technicians take preventive measures in 
time. 

2. Background of Hardware Fault 
Prediction 

In complex computing systems, hardware failure is 
inevitable. According to research, hardware failures are one 
of the leading causes of data center and server downtime. 
Common hardware faults include hard disk faults, power 
module faults, memory damage, and CPU overheating. These 
failures can lead to data loss, system crashes, or even the 
stagnation of entire business systems. 

Traditional hardware maintenance strategies mostly rely on 
preventive maintenance, that is, periodically replacing or 
maintaining equipment based on its usage time and history. 
This method has certain blindness, which may lead to 
excessive maintenance or maintenance is not timely. Ai-based 
fault prediction, on the other hand, optimizes maintenance 
through a data-driven approach, accurately predicting 
problems before failures occur and taking appropriate repair 
measures, thereby reducing unnecessary maintenance 
operations and extending equipment life. 

3. Hardware Failure Prediction 
Technology Based on Artificial 
Intelligence 

3.1. Machine learning methods 
Machine Learning (ML) is one of the most used techniques 

in hardware failure prediction. Its core is to learn from a large 
amount of historical data to find the correlation pattern 
between hardware state and failure.  

For example, in AI-based fault detection systems, the 
Weibull distributions are often used to model and predict 
device failure times. this technique is very accurate at 
describing failure distributions for large populations of 
components.[1] By combining Weibull distributions, AI 
algorithms can better estimate the probability of failure at 
different stages of a system's life cycle. This helps in 
predictive maintenance, where AI analyzes data to predict 
when components are likely to fail, optimizing maintenance 
schedules and reducing downtime. The flexibility of Weibull 
distribution, which can simulate different failure rates, 
complements AI's ability to detect and predict hardware 
failures. Weibull models are used to describe various types of 
observed failures of components and phenomena. They are 
widely used in reliability and survival analysis. In addition to 
the traditional two-parameter and three-parameter Weibull 
distributions in the reliability or statistics literature, many 
other Weibull-related distributions are available.[2] 

According to Hallinan [3] the Weibull distribution 
hasappeared in five different forms. The two common formsof 
the distribution function are as follows: 

F(t)=1−exp −t−τα　β　,t≥τ [3] 
and  
F(t)=1−exp 　λ(t−τ)β　,t≥τ. [4] 
For τ=0,[3] and [4] become the two-parameter Weibull 

distribution with 
F(t)=1−exp −tα　β　,t≥0 [6] 
and F(t)=1−exp 　−λtβ　,t≥τ. [7] 
Weibull distribution is widely used in AI-based hardware 

fault detection, including predictive maintenance, failure rate 
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analysis, and reliability engineering. It can help AI models 
estimate the remaining useful life (RUL) of components, 
enabling pre-emptive maintenance and reducing unplanned 
downtime. This distribution can also help AI analyze 
hardware lifecycle phases to identify patterns in early failure, 
random failure, and wear phases. This integration enhances 
the accuracy and efficiency of AI in predicting hardware 
failures, improving system reliability and operational 
efficiency. 

Specifically, AI models use Weibull distributions to 
estimate the remaining useful life (RUL) of components, 
helping to schedule maintenance before failure occurs. 
Failure rate analysis: It helps AI systems analyze different 
stages of the hardware life cycle (e.g., early life, random 
failure, and wear stages). 

Reliability Engineering: AI utilizes Weibull distributions 
for real-time monitoring, detecting failure rate patterns, and 
optimizing system reliability over time. 

3.2. Deep learning methods 
Deep Learning is a subfield of machine learning that uses 

neural network models for fault prediction, particularly for 
complex, large-scale data sets. For example, fault diagnosis 
and prognosis (FDP) tries to recognize and locate the faults 
from the captured sensory data, and also predict their failures 
in advance, which can greatly help to take appropriate actions 
for maintenance and avoid serious consequences in industrial 
systems. 

Industrial systems are inherently complex, consisting of 
various interconnected subsystems and components such as 
mechanical, power, information, and electronic systems, or 
combinations thereof. They are playing an increasingly 
important role in the economy, such as manufacturing 
industry, energy industry and chemical industry, which are 
now developed with more functions, more sophisticated 
structures, and larger scales [7] 

Reliability concerns have increasingly become a critical 
factor in determining the practical viability of many modern 
industrial systems. Once a failure occurs, it may affect the 
safe and stable operation of the entire system, i.e., reducing 
the efficiency of the system, and causing system breakdown 
or damage in severe cases [8]. 

In real-world applications, creating mathematical models 
for complex components or systems is often challenging, if 
not impossible, for fault tracking and analysis. Consequently, 
the extensive historical data gathered during system operation 
and maintenance is primarily used to assess the system's 
health. Data-driven machine learning (ML) techniques for 
fault diagnosis and prediction (FDP) are a crucial aspect of 
Prognostics and Health Management (PHM). These methods 
extract health-related features from historical data and aim to 
uncover hidden information, allowing for accurate analysis 
and forecasting of the system's future behavior without 
requiring precise knowledge of the underlying physical model. 

Fault detection and prediction play a critical role in 
ensuring the smooth operation of industrial systems. 

4. Data Acquisition and Pre-processing 
Ensure Accurate Hardware Failure 
Prediction 

The accuracy of hardware failure prediction relies heavily 
on high quality data, often from a variety of inputs. For 
example, sensor data is collected from hardware devices, 

capturing real-time information such as temperature, power 
levels, and vibration status. In addition, system logs provide 
detailed records of hardware operation processes, and 
analyzing errors or anomalies in these logs can reveal early 
signs of potential failures. Historical fault records can also 
serve as valuable training samples for AI models. After 
collecting these data, in order to ensure the quality and 
relevance of the data, the indispensable pre-processing is 
carried out. Hardware fault prediction performs steps such as 
data cleaning, normalization, and noise removal to optimize 
the accuracy of model training and ultimately improve the 
reliability of fault prediction. 

Though many researches have been conducted, the existing 
literature primarily focuses on fault detection in the sensor 
data, while fault detection is useful, it is still a reactive 
approach that identifies the faults after they have occurred, 
meaning that actions are taken after the fault has already 
impacted the system, potentially leading to negative 
consequences.[9]  

A proactive two-stage approach was proposed by Adisu 
Mulu Seba, Ketema Adere Gemeda, and Perumalla Janaki 
Ramulu to enhance sensor fault prediction and classification. 
In the first stage, a hybrid CNN-LSTM model was trained to 
forecast sensor measurements based on historical data. In the 
second stage, the predicted sensor values were passed to a 
CNN-MLP model, which classified them into categories like 
normal, bias, drift, random, or poly-drift faults. The Intel Lab 
dataset, with injected faults, was used for evaluation. The 
CNN-LSTM model achieved a Mean Absolute Error (MAE) 
of 2.0957 for forecasting, while the CNN-MLP model 
reached an accuracy of 98.21% for fault classification across 
four fault types. This approach aims to improve IoT system 
reliability by identifying potential faults before they occur, 
allowing preventive measures to be taken. 

By pre-processing the data before feeding it into these deep 
learning models (such as normalizing it and removing noise), 
the system ensures that the input is clean and optimized for 
learning. The CNN-LSTM model captures temporal 
correlations from sensor data, while the CNN-MLP model 
effectively classifies faults, ensuring more accurate 
predictions. Through data collection and preprocessing, it 
plays an important role in improving the accurate prediction 
of hardware faults. The process begins with the collection of 
high-quality sensor data and historical fault records, which 
are essential for training predictive models. In the first stage, 
the method uses the historical data of the sensor to predict the 
time series, and in the second stage, the sensor faults are 
classified to improve the prediction accuracy. 

5. Conclusion 
This paper introduces several theories and applications of 

detecting and predicting hardware errors based on AI models. 
Through machine learning and deep learning algorithms, 
combined with a large number of sensor data and historical 
logs, the AI system can make accurate predictions before 
failures occur, thus increasing the reliability of error warning, 
which provides a reliable early warning mechanism for other 
industries such as industry, medical treatment, finance and 
other industries, so as to protect the social economy and 
human life and health. So the study of this technology is of 
great significance to the real society. 
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