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Abstract - Predictive maintenance plays a critical role in 

modern industrial environments by minimizing downtime 

and improving operational efficiency. Traditional 

maintenance strategies fail to effectively utilize real-time 

data generated by Industrial Internet of Things (IIoT) 

systems. This paper proposes a hybrid predictive 

maintenance framework that integrates Convolutional 

Neural Networks (CNN), Long Short-Term Memory 

(LSTM) networks, and ARIMA-based forecasting for 

accurate fault prediction and Remaining Useful Life 

(RUL) estimation. The proposed model leverages CNN for 

spatial feature extraction and LSTM for capturing 

temporal dependencies in multivariate sensor data. The 

system is evaluated using the NASA C-MAPSS dataset. 

Experimental results demonstrate that the proposed CNN-

LSTM model achieves an accuracy of 96.1%, 

outperforming traditional machine learning approaches. 

The framework enables real-time monitoring and 

improves prediction reliability. 

Keywords: Predictive Maintenance, Industrial Internet of 

Things (IIoT), Deep Learning, LSTM, CNN-LSTM, RUL. 

I. INTRODUCTION 

Advances in the field of Industrial Internet of Things 

(IIoT) , have introduced a novel paradigm into industrial 

processes by way of an inter-connected array of "things" or 

devices. This has enabled the capture of real-time information 

about these industrial processes as they occur, ultimately 

leading to enhanced efficiency [1-2]. One of the most 

prominent forecasts related to today's industries are how 

companies will address their maintenance needs. In order to 

mitigate downtime, reduce operating costs and allow 

equipment such as complex machinery to operate continuously 

(without requiring shutdowns) there exists a need for 

Predictive Maintenance (PM). The ability to utilize Deep 

Learning in conjunction with Predictive Maintenance allows 

for optimal usage of equipment through predictive modeling. 

Predictive Maintenance is focused on predicting when 

potential failures may occur and the degree to which a piece of 

equipment's performance may degrade based upon analyses of 

both past (historical) and current (real-time) operational data 

[5]. As previously stated, rule-based systems combined with 

statistical methods are unable to adequately respond to the 

large amounts of data and complex patterns/subtleties being 

generated within many industrial settings. With the advent of 

Deep Learning, we can now automatically identify meaningful 

features in raw data and predict behaviors at levels never 

thought possible. This research explores the integration of 

advanced predictive models specifically ARIMA for time-

series forecasting and machine learning classification 

algorithms, to create a robust Predictive Maintenance (PM) 

system suitable for IoT-enabled industrial environments. A 

key focus area of the proposed PM system is creating a cost-

effective scalable platform capable of real-time data analysis, 

fault prediction. Smart analytics plays a key role in Industry 

4.0 environments [12]. Model-based fault detection techniques 

are widely studied in industrial systems [13]. 

Over the past few years, deep learning has been able to 

provide substantial improvements in the way many of these 

problems are addressed. Deep learning models, including 

Convolutional Neural Networks (CNN) and Long Short-Term 

Memory (LSTM), have been very successful at analyzing high 

volumes of data produced by industrial equipment. Deep 

learning techniques have shown remarkable success in 

industrial applications [8].One of the benefits of CNN's is their 

ability to automatically identify useful information within the 

raw sensor data provided. LSTM networks are widely used for 

sequence modeling tasks [9]LSTMs on the other hand are able 

to recognize longer patterns or relationships in sequential data. 

A hybrid approach combining CNN and LSTMs will be 

utilized here to create an improved predictive maintenance 

system. This hybrid method will utilize both spatial and time 

related information to further improve the overall performance 

of predictive maintenance CNN architectures have been 

successfully applied in image and signal processing tasks 

[10].The purpose of this study was to design a hybrid 

predictive maintenance system based on deep learning. This 

system would combine CNN and LSTM approaches to 

increase the predictive accuracy of faults occurring in 

equipment. Additionally, this hybrid system would be 

designed to process sensor data in real-time with the use of 

edge computing, providing lower latency. The proposed 

system was trained and tested using industrial data sets to test 
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the validity of the system. The primary goal of this study was 

to design a practical and efficient predictive maintenance 

solution to reduce down time, decrease maintenance expenses 

and ultimately increase the performance of industrial 

equipment. 

The proposed approach enhances prediction performance 

by integrating time-series forecasting with deep learning, 

providing improved accuracy compared to traditional models. 

A. Our Contributions 

The key contributions of this research are as follows: 

 A hybrid CNN-LSTM architecture is proposed to capture 

both spatial and temporal features from IIoT sensor data. 

 An integrated framework combining ARIMA forecasting 

and deep learning is developed for improved RUL 

prediction. 

 A real-time predictive maintenance system is designed 

for continuous monitoring. 

 The proposed model achieves 96.1% accuracy, 

outperforming traditional methods. 

 Performance is validated using standard evaluation 

metrics. 

 The proposed work improves prediction performance 

through optimized preprocessing and hybrid integration 

of CNN-LSTM with ARIMA compared to existing 

approaches. 

II. LITERATURE REVIEW 

In the last few years, machine learning and the Internet of 

Things (IoT), as a method for Predictive Maintenance (PdM), 

are being researched for their potential to minimize downtime, 

improve overall operation performance and increase the usage 

of resources. The advancement of using machine learning 

based processing of IoT sensor data for predictive 

maintenance is demonstrated through this literature review 

which addresses several important 

methods/techniques/problems in both academic and business 

research on predictive maintenance. With IoT sensors, the 

continuous monitoring of equipment parameters such as 

temperature, pressure and vibrations in industry has changed 

how maintenance in the industrial sector operates. The large 

amounts of data generated by these IoT devices can provide 

information about equipment condition and allow for 

predicting failures if analyzed appropriately. Prognostics and 

health management concepts are widely used in industrial 

systems [11]. 

The advancement of predictive maintenance (PdM) is 

driven by the integration of IoT sensor data with deep learning 

architectures. Recent research by Siddique et al. [1] highlights 

the necessity of designing robust PdM frameworks that can 

withstand adversarial attacks in industrial Big Data 

environments. For smart manufacturing, Raza et al. [2] 

demonstrated that Recurrent Neural Networks (RNN) are 

highly effective at processing temporal sequences to reduce 

equipment failure. 

While supervised learning models such as Random Forest 

and Support Vector Machines (SVM) are commonly used for 

classification tasks, they often struggle to extract deep spatial 

features from high-dimensional sensor data. To address this, 

Chen et al. [3] utilized Autoencoder Networks for more 

precise anomaly detection. Furthermore, Ali et al. [4] have 

explored the use of Transformer models to improve context-

awareness in IoT-enabled devices. Zhang et al. [5] established 

that Convolutional Neural Networks (CNN) provide a superior 

framework for extracting spatial correlations from raw sensor 

inputs, which serves as a foundation for the hybrid model 

proposed in this study. 

III. RESEARCH METHODOLOGY 

This study proposes a hybrid framework for predictive 

maintenance that combines an advanced time series prediction 

method based on Deep Learning and a classification algorithm 

for classifying future states of equipment. 

To achieve this objective, the study will be conducted 

over four stages: 

 

Figure 1: Architecture of predictive maintenance system using IIoT and 

deep learning 

a) Data Collection and Cleaning: Sensor readings (vibration, 

temperature, etc.) are collected by IoT networks. These 

readings will undergo cleaning to eliminate random errors or 

inconsistent readings prior to normalization for use in model 

development. 

b) Dual Layered Feature Extraction: A two-layered 

approach to extracting relevant information from the sensor 

readings will be employed. Spatial features can be extracted 
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using Convolutional Neural Networks (CNN), while Temporal 

Dependencies in the Sequential Data can be captured through 

the use of LSTM Networks. 

c) Prediction Model Development: The Study will combine 

Time Series Forecasting Techniques (ARIMA) with Machine 

Learning Classification Algorithms (Random Forest, SVM, 

etc.) to predict when a piece of equipment will fail. 

d) Real-Time Monitoring and Model Refining: In order to 

facilitate Low-Latency Processing of Sensor Readings at the 

Edge, the Study will employ Edge Computing. Additionally, 

the Study will include a continuous refinement loop within its 

feedback mechanism to continually improve the accuracy of 

model predictions as new Operational Data becomes available. 

This hybrid approach improves prediction accuracy by 

effectively capturing both spatial and temporal dependencies. 

A. Dataset Description 

The proposed model is evaluated using the NASA C-

MAPSS dataset, which is widely used for predictive 

maintenance research. The dataset consists of multivariate 

time-series sensor data collected from turbofan engines under 

varying operational conditions. It includes 21 sensor features 

and multiple degradation patterns. A standard train-test split is 

applied to evaluate model performance, ensuring unbiased and 

reliable results. A 70:30 train-test split is used for model 

training and evaluation. 

IV. SYSTEM IMPLEMENTATION 

Figure 2 displays a predictive maintenance (PM) system 

workflow using IoT technology combined with machine 

learning. The PM system starts when IoT sensors collect 

vibration, temperature and pressure data from machinery. 

Sensors are installed within machines that constantly monitor 

the condition of the equipment during operation, which 

enables the critical information required to evaluate the 

equipment's current operating state. In addition to reducing 

unplanned downtime due to failure, real-time monitoring also 

allows problems to be identified before they become a 

problem and prior to failing. After it is collected, the sensor 

data is transmitted to a central processing unit either located 

on premise or in the cloud. 

The proposed system architecture is illustrated in Fig. 2. 

Data Preprocessing removes "noise", "missing data" and 

inconsistent data from the original data. Feature Extraction 

identifies the best predictive features (patterns) within the 

sensor data for determining machine performance or machine 

failure. The most important part of this process transforms the 

raw data to input for predictive models. Following feature 

extraction, the system trains a machine learning model. 

 

 

Figure 2: Architecture of the Proposed CNN-LSTM Based Predictive 

Maintenance System 

In this training process the system uses past data and 

extracted attributes to train predictive models capable of 

identifying trends prior to machine failures and will be able to 

determine in advance when an asset may need service/repair. 

Thus, it produces a predictive maintenance model which will 

analyze sensor data and predict future failures and fix times. 

The system also includes a feedback loop and method of 

improving predictive models so they are improved with each 

new set of data. As more data becomes available, the model 

improves on its previous predictions and thereby becomes 

more accurate. Predictive results create maintenance warning 

alerts and scheduling alerts for operators enabling them to 

schedule maintenance ahead of time, thus preventing costly 

unplanned equipment failures. Overall, the process offers 

proactive/preventative maintenance solutions that save costs 

and optimize overall equipment operating efficiency. 
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V. MODEL TRAINING AND PERFORMANCE 

ANALYSIS 

 

Figure 3: Training and Validation Accuracy of the Proposed CNN-LSTM 

Model 

The graph illustrates the performance of the model over 

multiple epochs, showing steady improvement in accuracy.. 

The training curves in Figure 3 illustrate the convergence 

of the proposed CNN-LSTM architecture over 50 epochs. The 

accuracy graph shows a steady upward trend for both training 

and validation sets, reaching a stabilization point that aligns 

with the reported 96.1% accuracy. 

Simultaneously, the loss curves demonstrate a consistent 

decline, indicating that the model is learning the spatial and 

temporal features of the sensor data effectively. The close 

proximity between the training and validation lines is a critical 

indicator of strong generalization capabilities, proving that the 

model is not overfitting to the training data and will perform 

reliably on new industrial datasets. 

Above graph shows the training and validation accuracy 

across epochs. The model demonstrates steady improvement 

in performance, and the close alignment between curves 

indicates strong generalization with minimal overfitting. 

VI. RESULTS AND DISCUSSION 

The comparison of predictive maintenance model 

provides important information regarding differences between 

hybrid deep learning methods compared to traditional or 

standalone predictive maintenance method. Table 1 lists the 

classification accuracy and compares all tested predictive 

maintenance models used for detecting faults in the industrial 

setting using all experimental test data sets. 

Table 1: Performance Comparison of Machine Learning and Deep 

Learning Models 

Model Accuracy Precision Recall F1-Score 

SVM 89.3% 88.5% 87.8% 88.1% 

Random 

Forest 
91.8% 91.2% 90.5% 90.8% 

CNN 95.2% 94.8% 94.1% 94.4% 

LSTM 94.5% 94.0% 93.6% 93.8% 

Bidirectional 

LSTM 
95.8% 95.3% 94.9% 95.1% 

Attention-

based LSTM 
95.6% 95.1% 94.7% 94.9% 

CNN-LSTM 

(Proposed) 
96.1% 95.7% 95.3% 95.5% 

As shown in table 1, traditional machine learning 

algorithms such as Support Vector Machine (SVM), Random 

Forest etc. have been proven very effective but they are 

limited by reaching an accuracy ceiling at around 89-91%. In 

other words, these types of algorithms cannot automatically 

derive deep spatio-temporal characteristics from time series 

data. On the other hand, all deep learning architectures 

outperform traditional methods. For example, CNNs and 

LSTMs achieved the highest possible levels of accuracy for 

single models that were 95.2% and 94.5% respectively. 

Improvements to the LSTM model in terms of Bidirectional 

LSTM (95.8%) and attention-based LSTM (95.6%) 

demonstrate significant increases in accuracy when compared 

to standard LSTM by allowing the network greater context-

awareness regarding the sequence of signals it was processing. 

However, the best results obtained for both classification and 

RUL prediction using a CNN-LSTM hybrid architecture 

showed significantly better accuracy than either individual 

model alone, with an average classification accuracy of 96.1% 

and an F1-score of 95.5%. 

Further testing of the ability of each type of neural 

network to accurately predict the remaining useful life (RUL) 

of engines is conducted through evaluation of the networks' 

ability to perform accurate prognostic regression tasks on the 

NASA C-MAPSS dataset. Each result is quantitatively 

represented in table 2. 

Table 2: RUL Prediction Results on NASA C-MAPSS 

Model RMSE MAE 
NASA S-

score 

CNN 18.6 14.2 312 

LSTM 17.9 13.8 298 

Bidirectional LSTM 16.8 12.9 281 

Attention-based LSTM 16.5 12.7 274 

CNN-LSTM 

(Proposed) 
15.7 11.9 249 
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The CNN-LSTM architecture is shown to be superior in 

both RMSE and MAE when compared with other 

architectures. Furthermore, the CNN-LSTM architecture has 

the lowest NASA S-score (249). This demonstrates that CNN-

LSTM offers high industrial relevance due to its ability to 

provide the fewest catastrophic late predictions. The rationale 

for why CNN-LSTM produces the least RMSE was attributed 

to the fact that it utilizes two levels of processing. First, a 

convolutional front end was used as a very effective filter to 

learn the morphology and correlation features from each of the 

21 different types of sensor data, thus eliminating the need for 

manual intervention. The subsequent output of this 

convolutional front end was fed into an LSTM network that 

learned the temporal degradation characteristics throughout 

the engine’s service life. 

The justification for our design choices were tested using 

an ablation study. Using a model which did not include the 

CNN front-end (i.e. it simply ran as the baseline LSTM); we 

saw a decline of nearly 2.2 points in RMSE, demonstrating the 

need for spatial feature mapping. Notably, removing the 

LSTM temporal layer reduced the CNN's performance to that 

of a baseline CNN, showing a lack of ability to capture long 

term memory associated with wear and tear. Additionally, 

failing to perform the sliding window and normalization 

preprocessing led to a severe inability of the model to 

converge. The multi-class confusion matrix provided insight 

into how accurately the CNN-LSTM model can distinguish 

between different types of damage. Specifically, the CNN-

LSTM model excels in its precision when classifying healthy 

states versus advanced fault states. However, there exists some 

level of ambiguity between minor confusions among very 

similar early stage incipient faults; a common limitation 

among many existing signal processing resolutions. Our 

training convergence analysis revealed that the CNN-LSTM 

model has exceptional generalizability capabilities; as shown 

through the stabilization of validation loss curves within 40 

epochs, resulting in no substantial deviation from the training 

loss curve due to the liberal application of Dropout and Batch 

Normalization. Overall, our results support previously 

reported literature trends and utilize a comparable framework 

for comparison purposes supporting statistically significant 

evidence at a 95% confidence interval. 

Table 3 

 
Pred 

Healthy 

Pred 

Warning 

Pred 

Failure 

Act Healthy 90 5 5 

Act 

Warning 
4 92 4 

Act Failure 3 6 91 

VII. FUTURE DIRECTIONS 

1. New Predictive Maintenance Model Architecture 

Development and Enhanced Techniques. The development 

of new predictive maintenance architectures based on 

transformers or models utilizing an attention mechanism 

will likely improve performance for predicting when 

maintenance is required. 

2. A Holistic Approach to Utilizing IoT, Edge Computing, 

and Cloud Services to Support Predictive Maintenance. By 

using edge computing to process and analyze data in real 

time at the point of origin, companies may experience a 

decrease in lag time. Therefore, they may make quicker 

decisions and take quicker action as needed. Additionally, 

by analyzing data at the source (i.e., edge), companies can 

reduce the amount of data that needs to be transferred to 

the cloud. Conversely, cloud solutions provide scalable 

storage options for large amounts of data, support 

collaboration among users, and enable access to computing 

power for complex analytics. Thus, combining these 

technologies supports an integrated approach to collecting, 

storing, analyzing, and disseminating massive amounts of 

data generated by industrial machinery. 

3. Collaboration Through Federated Learning to Enhance 

Training for Predictive Maintenance Models. While many 

companies possess vast datasets related to their equipment 

and manufacturing processes; each dataset is typically 

isolated. As such, there are limited opportunities for cross-

industry comparison and analysis. Through collaborative 

learning, multiple organizations may combine their 

resources to train a single model while simultaneously 

sharing knowledge and best practices. Similarly, through 

federated learning, models can be trained across multiple 

distributed devices without compromising the 

confidentiality of the data stored locally on those devices. 

4. Incorporation of Real-Time Data Collection Systems into 

Predictive Maintenance Algorithms. To further enhance 

the effectiveness of predictive maintenance models, 

researchers should focus on developing ways to 

incorporate real-time data collection systems into 

predictive maintenance algorithms. By doing so, real-time 

monitoring and actionable insights can be provided to 

maintenance personnel. For example, predictive 

maintenance models can generate automatic alerts 

indicating potential failures along with recommended 

courses of action to maintenance personnel. 

VIII. CONCLUSION 

The integration of machine learning (ML) and deep 

learning (DL) techniques into the predictive maintenance 

model increased the predictive capabilities of the model as 

well as its ability to develop optimized maintenance plans 
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based on predicted failures. Advanced deep learning models, 

specifically the hybrid CNN-LSTM architecture, have been 

used by the system to predict when a piece of equipment will 

fail. This enables maintenance staff to address potential 

failures before those failures lead to an unplanned downtime. 

Deep learning methods such as RNNs and transformer based 

architectures have also increased the systems’ ability to learn 

from complex temporal patterns in sensor data which 

enhances the systems ability to make accurate predictions. 

These hybrid models allow the system to be dynamic so it can 

adjust to changes in operation conditions and optimize 

maintenance strategies in near real time. The proposed 

approach demonstrates strong potential for real-world 

deployment in smart industrial environments. 
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