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Abstract—An extensive overview of a predictive maintenance 

(PdM) system designed for industrial applicationsis provided. 
With predictive maintenance, equipment faults are predicted 
before they happen by using data-driven methods like machine 
learning and sensor data analysis. The suggested PdM system 
attempts to lower unplanned downtime, optimize maintenance 
schedules, and improve overall operational efficiency by com- 
bining real-time monitoring and historical data analysis. This 
system will include case studies illustrating the efficacy of PdM 
in several industrial contexts, as well as a description of the 
methodology for feature extraction, data collecting, and model 
construction. Significant cost savings, increased asset reliability, 
and a decrease in interruptionsfrom maintenance are among 
the anticipated results. In the end,this system highlights the 
significance of implementing a predictive maintenance strategy 
in contemporary industrialsettings, opening the door for a more 
sustainable and efficient future. 
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I. INTRODUCTION 

Predictive maintenance is vital in modern industry to ensure 

consistent production and operational efficiency. Traditional 

maintenance methods—reactive or scheduled—often lead to 

unexpected breakdowns or unnecessary servicing, increasing 

costs. Predictive maintenance addresses this by analyzing 

historical and real-time sensor data to detect early signs of 

equipment wear or anomalies. This allows timely interven- 

tions, reducing downtime and preventing major failures. By 

leveraging technologies like machine learning, the Internet of 

Things (IoT), and advanced analytics, predictive maintenance 

extends equipment life, optimizes maintenance schedules, and 
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improves overall system performance and cost-efficiency. Cur- 

rent predictive maintenance systems aim to improve upon 

scheduled or reactive maintenance, which often lead to missed 

early failure signs or unnecessary downtime. While SCADA 

systems offer monitoring, they typically lack advanced predic- 

tive capabilities. More advanced setups use machine learning 

techniques like neural networks, SVMs, decision trees, and 

anomaly detection to predict failures from historical sensor 

data. Some systems also rely on expert knowledge and past 

failures for maintenance planning. However, challenges such 

as the need for large labeled datasets, high setup costs, limited 

scalability, and poor integration with legacy equipment hinder 

widespread and consistent adoption across industries. The 

proposed predictive maintenance system improves equipment 

reliability and reduces downtime by using historical and real- 

time sensor data (e.g., temperature, vibration, pressure) with 

machine learning. It employs a Random Forest Regressor to 

predict Remaining Useful Life (RUL), a Random Forest Clas- 

sifier to determine maintenance needs for anomaly detection. 

Data is preprocessed through normalization and missing value 

handling. An interactive Streamlit dashboard displays real- 

time predictions on RUL, maintenance status, and anomalies, 

enabling cost-effective and optimized maintenance scheduling. 

II. LITERATURE REVIEW 

Salvatore Bianchi, Roberto Paggi, Gian Luca Mariotti[1] 

Predictive maintenance (PdM) uses real-time sensor data, 

analytics, and machine learning to predict equipment fail- 

ures before they occur. Unlike time-based preventive main- 

tenance, PdM performs maintenance only when needed, re- 

http://www.ijsrem.com/


        
      International Journal of Scientific Research in Engineering and Management (IJSREM) 
            Volume: 09 Issue: 05 | May - 2025                             SJIF Rating: 8.586                                             ISSN: 2582-3930                                                                                                                                               

   

© 2025, IJSREM      | www.ijsrem.com                                                                                                                             |        Page 2 
 

ducing downtime and costs. It enhances system reliability, 

extends asset lifespan, and ensures optimal performance in 

critical sectors like aerospace, manufacturing, and energy. 

Wo Jae Leea, Haiyue Wua, Huitaek Yunb, Hanjun Kimb, 

Martin B.G. Junb, John W. Sutherlanda[2] AI-based predictive 

maintenance (PdM) for machine tools uses sensor data and 

machine learning to detect faults early and prevent break- 

downs. This approach reduces unplanned downtime, lowers 

costs, and enhances productivity. Research in Procedia CIRP 

highlights how AI-driven PdM improves maintenance timing 

and decision-making in industrial systems. Mounia Achouch, 

Mariya Dimitrova, Khaled Ziane, Sasan Sattarpanah Kargan- 

roudi , Rizck Dhouib, Hussein Ibrahim and Mehdi Adda [3] 

Predictive maintenance (PdM) in Industry 4.0 leverages IoT, 

machine learning, and big data analytics to forecast equipment 

failures and optimize maintenance. By analyzing real-time 

data from connected machines, PdM reduces downtime and 

extends equipment life. Technologies like digital twins, AI, 

and cyber-physical systems enhance monitoring and fault 

detection. However, challenges remain, including data security, 

integration with legacy systems, and managing complex data. 

1. Jardine et al. (2006)used statistical and time-series meth- 

ods for failure prediction, laying the foundation for early 

predictive maintenance research. 2. Support Vector Machines 

(SVM) and Decision Trees have been applied for fault clas- 

sification due to their robustness in handling industrial data. 

3. Random Forest are popular for their ability to process 

noisy sensor data and deliver reliable classification and RUL 

predictions. 4. Zheng et al. (2017) utilized LSTM networks 

with the NASA C-MAPSS dataset, showing improved per- 

formance in capturing temporal patterns. 5. Hybrid model 

combining CNNs and LSTMs have enhanced accuracy by 

integrating spatial and temporal feature learning. 6. Ensemble 

approaches like stacking and boosting have been effective 

in improving prediction robustness across varying equipment 

types. 7. KMeans and Autoencoders are widely used for 

anomaly detection where labeled data is limited or unavailable. 

8. Lei et al. (2018) demonstrated health index tracking for 

early fault detection using unsupervised learning. 9. Indus- 

try 4.0 frameworks integrate IoT, AI, and cloud systems to 

enable real-time, intelligent maintenance decisions. 10. Lee 

et al. (2015 introduced Cyber-Physical Systems for predictive 

maintenance, combining data acquisition, processing, and in- 

telligent analytics. 

III. METHODOLOGY 

The methodology for implementing predictive maintenance 

(PdM) begins with the collection of real-time data from 

sensors installed on industrial machinery. These sensors track 

various performance indicators such as temperature, vibration, 

pressure, and humidity, providing continuous monitoring of 

equipment health. The collected raw data is then preprocessed 

to handle missing values, normalize, and filter noise, ensuring 

that the input for machine learning models is clean and 

standardized. Next, relevant features are extracted from the 

data, such as trends in sensor readings, which serve as input 
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variables for predictive models. Machine learning models, 

including Random Forest Regressor for predicting Remaining 

Useful Life (RUL), Random Forest Classifier for assessing 

maintenance needs, and KMeans Clustering for detecting 

anomalies, are trained on historical data to identify patterns 

and predict potential failures. These models are continuously 

fine-tuned to improve predictive accuracy. In real-time, the 

trained models provide insights into the system’s health, 

offering predictions on RUL, maintenance schedules, and 

anomalies. This enables proactive decision-making, allowing 

maintenance teams to address issues before they lead to equip- 

ment breakdowns, thereby optimizing operational efficiency 

and minimizing downtime. 

IV. PROPOSED SYSTEM 

4.1. Real-Time Data Collection: The system collects real- 

time data from sensors monitoring equipment parameters such 

as temperature, vibration, pressure, and other performance 

indicators to track machinery health. 

4.2. Data Preprocessing: The collected data undergoes pre- 

processing steps like normalization, handling missing values, 

and noise filtering to prepare it for analysis by machine 

learning models. 

4.3. Feature Extraction: Key features, including trends and 

patterns from the sensor data, are extracted to serve as inputs 

for machine learning models, enabling accurate predictions of 

equipment health. 

4.4. Machine Learning Models: The system employs ma- 

chine learning algorithms, such as Random Forest Regressor 

for predicting Remaining Useful Life (RUL), Random Forest 

Classifier for maintenance prediction, and KMeans clustering 

for anomaly detection. 

4.5. Real-Time Prediction and Monitoring: The trained mod- 

els provide real-time predictions of RUL, maintenance needs, 

and anomalies, allowing engineers to take proactive measures 

before failures occur. 

4.6. User-Friendly Interface: A Streamlit dashboard is inte- 

grated, providing an interactive interface that allows users to 

input data manually or generate random inputs for real-time 

analysis and monitoring. 
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4.7. Anomaly Detection and Fault Diagnosis: The system 

detects anomalies and unusual behavior through machine 

learning, helping identify potential equipment failures or per- 

formance degradation at an early stage. 

V. IMPLEMENTATION DETAILS 

• Data Collection (IoT Sensors): Real-time data from IoT 

sensors (e.g., temperature, vibration, pressure) is continu- 

ously collected from industrial equipment. These sensors 

transmit the data to a central storage system via commu- 

nication protocols like MQTT or HTTP. 

• Data Preprocessing (Python, Pandas, Scikit-learn): The 

collected raw data is preprocessed using Python libraries 

such as Pandas for data cleaning (handling missing values 

and noise filtering) and Scikit-learn for normalization. 

This ensures that the data is clean, standardized, and 

ready for analysis. 

• Feature Engineering (Python, Numpy): Key features, such 

as trends and statistical patterns from the sensor data, 

are extracted using Python and Numpy. These features 

serve as inputs for machine learning models to predict 

equipment failure and maintenance needs. 

• Model Training (Scikit-learn, Random Forest, KMeans): 

Machine learning models, including Random Forest Re- 

gressor (for Remaining Useful Life prediction), Ran- 

dom Forest Classifier (for maintenance prediction), and 

KMeans clustering (for anomaly detection), are trained 

using Scikit-learn. The models are fine-tuned for accurate 

performance. 

• Real-Time Monitoring and Prediction (Streamlit, 

Python): Deployed models are integrated into a real-time 

monitoring system that uses Streamlit for creating 

an interactive dashboard. This dashboard displays 

predictions related to RUL, maintenance schedules, and 

identifies anomalies in real-time, making it accessible 

for operators and engineers 

• Anomaly Detection and Alerts (KMeans, Python): The 

KMeans clustering algorithm detects anomalous behavior 

in the sensor data. When anomalies are detected, the 

system triggers alerts to notify maintenance teams about 

potential failures. 

VI. RESULT ANALYSIS 

Among the evaluated machine learning models for Remain- 

ing Useful Life (RUL) prediction— Decision Tree, Random 

Forest, and AdaBoost—the Random Forest Regressor deliv- 

ered the most reliable performance. It achieved the lowest 

Root Mean Squared Error (RMSE) of 41.04 and the highest R² 

score of 0.63, indicating a stronger fit and better generalization 

on test data compared to other models. The Decision Tree 

model recorded the highest RMSE of 59.63 and a low R² 

score of 0.22, suggesting poor predictive capability. AdaBoost 

performed moderately with an RMSE of 46.29 and an R² 

score of 0.53. Based on these comparative results, Random 

Forest was selected as the final model for integration into 

the predictive maintenance system. Its accuracy, robustness, 

 

 
 

Fig. 2. Model Coparison 
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and ability to handle complex sensor data make it well-suited 

for deployment in the Streamlit dashboard, enabling reliable 

and interpretable RUL predictions.Aerospace: These models 

help predict engine or turbine degradation using sensor data, 

ensuring flight safety and optimizing maintenance cycles to 

avoid costly unscheduled repairs. 

Automotive: In production lines and vehicle fleets, PdM 

can track engine performance, brake wear, and battery health, 

enabling timely service and reducing warranty claims. 

VII. CONCLUSION 

The predictive maintenance system developed in this project 

effectively utilizes machine learning techniques to estimate 

the Remaining Useful Life (RUL) of turbofan engines using 

sensor data from the NASA C-MAPSS dataset. Through 

comprehensive data preprocessing, including normalization, 

handling missing values, and feature selection using domain 

relevance and correlation analysis, the Random Forest Re- 

gressor emerged as the most suitable model, demonstrating 

superior accuracy with a low RMSE and high R² score during 

model evaluation. 

This data-driven approach enables early detection of degra- 

dation patterns and timely identification of potential failures, 
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Fig. 4. Exploratory Visualization 

 

 
 

Fig. 5. Feature Importance 

 

 

supporting proactive maintenance scheduling, reducing un- 

expected downtimes, and extending equipment lifespan. The 

system also incorporates anomaly detection using KMeans 

clustering, which adds another layer of safety by flagging 

abnormal operating conditions in real time. By integrating 

the trained models into an interactive Streamlit dashboard, 

the system provides a user-friendly interface for visualizing 

sensor trends, engine behavior, model performance metrics, 

and live RUL predictions. The dashboard supports real-time 

data input, allowing users to simulate conditions or upload new 

sensor readings for instant analysis. This promotes decision- 

making transparency and empowers maintenance teams with 

actionable insights. 

In addition, the system’s modular architecture makes it 

adaptable to various types of industrial machinery beyond 

turbofan engines. It also offers scalability for integration 

into larger predictive maintenance pipelines using IoT and 

edge computing frameworks. With potential deployment in 

manufacturing, aviation, and energy sectors, this project high- 

lights the powerful synergy between machine learning, sensor 

analytics, and interactive visualization in creating intelligent, 

cost-efficient maintenance solutions for modern industrial op- 

erations. 

FUTURE SCOPE 

Future enhancements can include the integration of real- 

time sensor data from industrial IoT (IIoT) devices to enable 

live monitoring and immediate fault prediction, significantly 

reducing reaction time to potential issues. Expanding the 

model to handle multiple operating conditions and various 

fault modes will enhance its robustness and generalizability 

across different types of industrial equipment. Incorporating 

advanced deep learning architectures, such as attention-based 

models and transformer networks, could further boost predic- 

tion accuracy and enable the system to learn complex tempo- 

ral dependencies in sensor data. Additionally, implementing 

explainable AI (XAI) techniques would improve transparency, 

helping engineers understand the reasoning behind predictions 

and increasing trust in the system’s outputs. Integration with 

cloud platforms for scalable data processing and storage, 

as well as edge computing for low-latency inference, can 

further enhance performance. The system can also be extended 

to support automated maintenance scheduling and resource 

allocation, transforming it into a complete decision support 

solution. Finally, continuous learning mechanisms that update 

models with new data can ensure the system evolves over 

time, maintaining high accuracy and adaptability in dynamic 

industrial environments. Moreover, the use of advanced deep 

learning architectures, such as transformers, attention-based 

models, and Graph Neural Networks (GNNs), holds promise in 

capturing complex relationships in sensor data and equipment 

behavior over time. These models could significantly enhance 

prediction accuracy and better understand interdependencies 

within machine components. 

Explainable AI (XAI) is another critical area for future 

exploration. Implementing techniques such as SHAP, LIME, 

or attention visualizations will help maintenance personnel 

and decision-makers interpret the model’s predictions and 

trust its recommendations. This is particularly important in 

safety-critical industries where transparency is essential for 

compliance and operational acceptance. 

In addition, the project can evolve into a full-fledged de- 

cision support system, where predictive analytics are coupled 

with automated maintenance scheduling, resource allocation, 

and spare parts management, leading to a closed-loop mainte- 

nance ecosystem. Integration with cloud and edge computing 

platforms can also ensure that the system is scalable and 

capable of low-latency analysis in large-scale industrial setups. 
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