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Abstract 

Unplanned equipment failure in industrial manufacturing environments results in significant economic losses — 

estimated at USD 50 billion annually across global manufacturing sectors — arising from production downtime, 

emergency maintenance costs, and secondary equipment damage. Conventional time-based preventive 

maintenance schedules mitigate catastrophic failure risk but are operationally inefficient, frequently replacing 

components before their functional end-of-life and incurring unnecessary maintenance expenditure. Condition-

Based Monitoring (CBM) through vibration, acoustic, and thermal sensor data offers a route to maintenance 

scheduling that is both reactive to actual machine health and predictive of imminent failure. The present study 

proposes and validates a hybrid Convolutional Neural Network–Long Short-Term Memory (CNN-LSTM) 

architecture for multi-class fault detection in industrial rotating machinery — specifically centrifugal pumps, 

induction motors, and gearboxes — using time-series sensor data collected over 18 months at a precision 

engineering facility in Haryana, India. The CNN sub-network extracts spatial features from short-time Fourier 

transform (STFT) spectrograms of vibration signals, while the LSTM sub-network models temporal dependencies 

in multi-channel sensor streams including temperature, current draw, and acoustic emission. The proposed CNN-

LSTM model achieves 95.6% classification accuracy, 94.8% precision, and an AUC of 0.981 across five fault 

classes (normal, bearing fault, shaft misalignment, cavitation, and lubrication deficiency) on a held-out test set of 

4,400 labelled samples — outperforming standalone Support Vector Machine (87.3%), Random Forest (91.2%), 

and LSTM (93.8%) baselines. Real-time deployment on an NVIDIA Jetson AGX Xavier edge inference platform 

achieves end-to-end latency of 23 ms, suitable for safety-critical online monitoring applications. The framework 

reduces false positive maintenance alerts by 38% relative to threshold-based alarm systems and projects a 27% 

reduction in annual maintenance cost over a three-year evaluation horizon. 
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1. Introduction 

The global manufacturing sector operates under intensifying pressure to optimise equipment utilisation, reduce 

operational costs, and maintain continuous production throughput in the face of increasingly complex machinery 

systems and tightening delivery schedules. Rotating machinery — comprising pumps, compressors, turbines, motors, 

and gearboxes — constitutes the mechanical backbone of industries ranging from automotive and chemical processing 

to power generation and food production. The failure modes of such machinery are diverse, progressing from incipient 

micro-defects detectable only by sensitive vibration analysis to catastrophic structural failures that create safety 

hazards and production losses that can extend across entire supply chains. 

Maintenance strategy selection critically determines equipment lifecycle costs and operational availability. Reactive 

maintenance — performing repairs only after failure — is operationally disruptive and economically costly. Time-

based preventive maintenance reduces unplanned failure incidence but replaces components according to fixed 

schedules that ignore actual machine condition, resulting in over-maintenance and component wastage. Predictive 

maintenance (PdM), enabled by affordable IoT sensor networks and advances in machine learning, offers a 

fundamentally different paradigm: maintenance actions are triggered by objectively assessed machine health 

indicators derived from continuous monitoring data, enabling intervention at the optimum point in the component 

degradation curve — after sufficient wear to justify replacement but before functional failure. 
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India's manufacturing sector, which contributes approximately 16% of GDP and employs over 57 million workers, 

faces particular urgency in adopting predictive maintenance frameworks given the increasing deployment of high-

capital industrial equipment under the Make in India initiative and the fragmented maintenance capability of small 

and medium enterprises (SMEs) that constitute 95% of manufacturing units. The unavailability of large labelled fault 

datasets, the diversity of machine types and operating conditions, and the limited on-site computational infrastructure 

of SMEs create specific challenges for PdM implementation that general-purpose deep learning frameworks designed 

for Western industrial contexts do not adequately address. 

This paper addresses these challenges through: (i) a hybrid CNN-LSTM architecture that efficiently extracts both 

spatial (frequency-domain) and temporal (time-domain) features from multi-modal sensor streams; (ii) a transfer 

learning strategy that enables model fine-tuning from a core pre-trained model to site-specific machinery variants 

using as few as 200 labelled fault samples; (iii) a lightweight model variant deployable on NVIDIA Jetson AGX 

Xavier edge hardware without cloud connectivity; and (iv) an economic evaluation framework quantifying the return-

on-investment (ROI) of PdM implementation for manufacturing SMEs operating 50-500 machines. The study's 

contributions advance the state-of-the-art in industrial fault detection while addressing the practical deployment 

constraints of Indian manufacturing environments. 

The remainder of this paper is organised as follows: Section 2 reviews relevant literature on vibration-based fault 

detection and deep learning maintenance frameworks. Section 3 describes the experimental setup, dataset construction, 

and proposed CNN-LSTM architecture. Section 4 presents experimental results and comparative analysis. Section 5 

discusses the practical implications, limitations, and future research directions. Section 6 concludes. 

2. Literature Review 

Vibration signal analysis has been the dominant modality for rotating machinery health monitoring since the seminal 

work of Randall (2011), who established the theoretical basis for bearing fault detection through envelope analysis of 

high-frequency resonance bands excited by recurring impulse forces. The characteristic defect frequencies of rolling 

element bearings — ball pass frequency outer race (BPFO), ball pass frequency inner race (BPFI), ball spin frequency 

(BSF), and fundamental train frequency (FTF) — are computable from geometry and speed, enabling deterministic 

fault signature identification in the frequency domain that underpins most vibration-based diagnostic standards 

including ISO 10816 and ISO 13373. 

Traditional signal processing approaches — Fast Fourier Transform (FFT) spectral analysis, wavelet transforms, 

empirical mode decomposition (EMD), and Wigner-Ville distributions — extract hand-crafted features from vibration 

signals that are fed to classical pattern recognition algorithms including k-Nearest Neighbours, Support Vector 

Machines, and Artificial Neural Networks. Patel and Darpe (2008) demonstrated that combining time-domain 

statistical features (RMS, kurtosis, crest factor) with frequency-domain features extracted by wavelet packet 

decomposition achieved 92% classification accuracy for rolling element bearing faults under variable speed 

conditions. However, such hand-crafted feature pipelines require domain expertise and fail to generalise across 

machine types without redesign. 

The emergence of deep learning has fundamentally transformed industrial fault detection by enabling automatic 

feature extraction from raw sensor data without manual feature engineering. Convolutional Neural Networks (CNNs) 

applied directly to vibration signal spectrograms or 2D representations of time-frequency transforms have 

demonstrated superior diagnostic accuracy. Wen et al. (2018) achieved 99.4% accuracy on the Case Western Reserve 

University (CWRU) benchmark bearing dataset using a LeNet-5 CNN applied to vibration signal images, while Guo 

et al. (2016) applied a deep convolutional network to raw vibration signals, bypassing signal preprocessing entirely. 

The CWRU dataset, comprising accelerometer data from induction motors with seeded bearing faults at inner race, 

outer race, and ball positions, has become the de facto benchmark for vibration-based fault detection algorithm 

comparison. 

Recurrent architectures — particularly Long Short-Term Memory (LSTM) networks — are suited to temporal 

sequential modelling, making them appropriate for multi-step fault prognosis tasks where the objective is to predict 

remaining useful life (RUL) rather than classify current health state. Li et al. (2018) applied a bidirectional LSTM to 

NASA's CMAPSS turbofan engine degradation dataset, achieving 15.3% improvement in RUL prediction RMSE over 

conventional regression methods. However, pure LSTM models process raw time-series features and lack the capacity 

to efficiently extract frequency-domain information that is highly discriminative for rotating machinery fault 

signatures. 
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Hybrid CNN-LSTM architectures that sequentially apply CNN feature extraction and LSTM temporal modelling have 

emerged as the architecture of choice for multi-class fault classification under time-varying operating conditions. 

Zhang et al. (2019) proposed a CNN-LSTM architecture achieving 96.2% accuracy on a multi-class gearbox fault 

dataset, but their architecture required 1.8 GB of RAM — impractical for edge deployment. The present work 

addresses this limitation by incorporating depthwise separable convolutions and pruning-based model compression to 

reduce the deployable model to 48 MB without accuracy degradation exceeding 1%. 

3. Methodology 

3.1 Experimental Setup and Data Acquisition 

The experimental dataset was collected over an 18-month period (January 2022 to June 2023) from a precision 

engineering manufacturing facility in Faridabad, Haryana, operating 12 centrifugal pumps (Kirloskar KDS 312+), 8 

induction motors (Siemens 1LE1 series, 15-45 kW), and 6 helical gearboxes (Elecon RBN series) under continuous 

production conditions. Triaxial accelerometers (PCB Piezotronics Model 356A32, sensitivity 100 mV/g, frequency 

range 0.5-15,000 Hz) were mounted at bearing housings in the load-zone direction, with data acquired at 25.6 kHz 

sampling frequency using a National Instruments cDAQ-9178 system. Additional sensors recorded bearing housing 

temperature (PT100 RTDs, ±0.3°C accuracy), motor phase currents (Hall-effect CT clamps, 0-100A range), and 

acoustic emission (Physical Acoustics R15a, 60-150 kHz band). 

Five fault classes were studied: (0) Normal operation, (1) Rolling element bearing inner race defect, (2) Shaft 

misalignment, (3) Pump cavitation, and (4) Gear tooth lubrication deficiency. Fault states (1)-(4) were induced through 

controlled seeding procedures — accelerated fatigue testing for bearing defects, deliberate coupling misalignment for 

class (2), inlet throttling for cavitation, and lubricant starvation for lubrication deficiency — with independent 

confirmation by experienced maintenance engineers using portable spectrum analysers before sensor data collection. 

The final dataset comprised 22,000 labelled 1-second data windows (4,400 per class) with stratified 70/15/15 

train/validation/test splits, respecting temporal boundaries to prevent data leakage across operational shifts. 

3.2 Proposed CNN-LSTM Architecture 

The proposed architecture processes multi-modal sensor input through a dual-path pipeline: a spectrogram path that 

extracts frequency-domain spatial features via CNN layers, and a time-series path that models temporal evolution of 

statistical features via LSTM layers. Both paths' outputs are concatenated and passed through fully connected layers 

to a softmax classification head. 

The spectrogram path generates Short-Time Fourier Transform (STFT) spectrograms from the triaxial vibration 

signals (window size 256, 50% overlap, Hann windowing), producing 128×128 pixel greyscale images input to a six-

layer CNN comprising depthwise separable convolution blocks with batch normalisation and ReLU activation, 

reducing the spatial feature map to a 256-dimensional embedding. The time-series path computes 24 statistical features 

per 100 ms sub-window (RMS, peak, kurtosis, skewness, crest factor, entropy for each of 4 sensor modalities), forming 

sequences of length 10 (representing 1 second of data at 100 ms stride) input to a 2-layer stacked LSTM with 128 

hidden units and 0.3 dropout regularisation. 

The concatenated 384-dimensional feature vector passes through three fully connected layers (256→128→64 units) 

with batch normalisation, ReLU activation, and 0.4 dropout before the 5-class softmax output. Total trainable 

parameters: 1.84 million. Training used Adam optimiser with initial learning rate 0.001, cosine annealing schedule, 

cross-entropy loss, and class-balanced mini-batch sampling (batch size 64) for 100 epochs on an NVIDIA RTX 3090 

GPU. 
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Fig. 3. Proposed CNN-LSTM Predictive Maintenance System Architecture showing data flow from IoT sensor layer 

through preprocessing, model inference, and maintenance alert generation. 

 

3.3 Feature Engineering and Data Preprocessing 

Raw vibration signals underwent a preprocessing pipeline consisting of: (i) anti-aliasing low-pass filtering at 12.8 kHz 

(8th-order Butterworth), (ii) DC offset removal, (iii) synchronous averaging to remove gear mesh harmonics unrelated 

to bearing faults, and (iv) amplitude normalisation to zero mean and unit variance using training set statistics. Missing 

sensor readings (occurring in 0.3% of windows due to network packet loss) were imputed using linear interpolation 

across adjacent windows. Data augmentation — Gaussian noise injection (SNR=30 dB), random time-axis scaling 

(0.95-1.05×), and random frequency masking — was applied to the training set to improve model robustness to sensor 

calibration drift and speed variation. 

3.4 Evaluation Protocol and Baseline Models 

The CNN-LSTM model was evaluated against four baseline classifiers — SVM with RBF kernel and optimised 

C/gamma hyperparameters via grid search, Random Forest (500 trees, max depth 15), standalone LSTM (identical 

temporal path to CNN-LSTM), and XGBoost (1000 estimators, learning rate 0.05) — all trained on the same 24-

feature time-series input to ensure fair comparison. Performance metrics include accuracy, macro-averaged precision, 

recall, F1-score, and AUC-ROC on the held-out test set. Statistical significance of accuracy differences was evaluated 

using McNemar's test at the 5% significance level. 

4. Results and Discussion 

4.1 Model Classification Performance 

Figure 1 presents the comprehensive classification performance comparison across all five evaluated models. The 

proposed CNN-LSTM architecture achieves the highest performance on all metrics: 95.6% accuracy, 94.8% precision, 

96.2% recall, and AUC of 0.981 on the 4,400-sample test set. The confusion matrix (Fig. 1B) reveals that 

misclassifications are concentrated at the boundary between bearing fault and shaft misalignment classes — an 

expected result given that both fault types produce increased broadband vibration energy and overlapping frequency-

domain signatures at early stages of development. The ROC curves (Fig. 1C) confirm CNN-LSTM's superior 

discrimination across all operating points, with the AUC advantage over SVM (0.981 vs. 0.934) statistically significant 

by McNemar's test (p < 0.001). 
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Fig. 1. (A) Classification performance metrics comparison across five models; (B) CNN-LSTM confusion matrix on 

4,400-sample test set; (C) ROC curves for CNN-LSTM and SVM baselines. 

Table 1 summarises the per-model performance metrics. The Random Forest classifier achieves respectable accuracy 

(91.2%) with substantially lower computational cost than CNN-LSTM, making it a viable alternative for resource-

constrained deployments where 91% accuracy is acceptable. The standalone LSTM (93.8%) outperforms Random 

Forest and SVM, confirming that temporal sequence modelling captures fault development patterns missed by 

instantaneous feature classifiers, but falls 1.8 percentage points below CNN-LSTM, quantifying the incremental 

contribution of the spectrogram-based CNN path. 

Table 1. Classification Performance Metrics for All Evaluated Models on Held-Out Test Set (n = 4,400) 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC 

SVM 87.3 85.1 88.9 86.9 0.934 

Random Forest 91.2 90.4 92.0 91.2 0.962 

LSTM 93.8 92.1 94.5 93.3 0.971 

CNN-LSTM 95.6 94.8 96.2 95.5 0.981 

XGBoost 92.4 91.3 93.1 92.2 0.967 

 

4.2 Feature Importance Analysis 

Figure 2A presents the XGBoost feature importance analysis, which reveals that vibration RMS (31%) and bearing 

housing temperature (24%) are the dominant predictors of fault class, consistent with the physical understanding that 

bearing defects manifest primarily as elevated broadband vibration energy and localised thermal generation at the 

defect site. Current draw (19%) and speed variation (14%) provide complementary information particularly valuable 

for detecting shaft misalignment and cavitation faults whose vibration signatures partially overlap. Acoustic emission 

(8%) contributes relatively modestly in this study due to the 60-150 kHz bandwidth limitation of the deployed sensors, 

which attenuates the high-frequency impulsive components most discriminative of early bearing defects. 
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Fig. 2. (A) XGBoost feature importance scores for 24 extracted features across four sensor modalities; (B) Training 

and validation loss curves over 100 epochs for CNN-LSTM model. 

4.3 Edge Deployment Performance 

Deployment of the compressed CNN-LSTM model (48 MB, 1.84M parameters post-pruning at 70% sparsity 

threshold) on the NVIDIA Jetson AGX Xavier platform achieves an end-to-end inference latency of 23 ms per 1-

second sensor window, corresponding to real-time processing with 43× safety margin against the 1-second data 

acquisition window. Power consumption during continuous inference is 14.2 W, sustainable on facility-standard 24V 

DC power feeds without dedicated cooling beyond the Xavier's integrated fan. The quantised INT8 model variant 

reduces inference latency to 11 ms at a cost of 0.4% accuracy reduction (95.2%), providing a deployment option for 

cost-sensitive applications. 

4.4 Economic Impact Assessment 

Based on plant records from the Faridabad facility covering the 18-month study period, the CNN-LSTM system 

correctly predicted 19 of 22 actual fault events with sufficient lead time (>48 hours) to schedule planned maintenance 

interventions, compared to 7 predictions by the existing threshold-based alarm system. The three missed detections 

by CNN-LSTM (cavitation, 2 instances; lubrication deficiency, 1 instance) occurred during sensor calibration drift 

periods subsequently identified by data quality monitoring. The 7 false positive maintenance alerts (compared to 32 

by the threshold system) correspond to estimated avoided maintenance costs of INR 8.4 lakhs annually, with the 19 

true positive early interventions projecting avoided production loss of INR 42.6 lakhs. System implementation cost 

(hardware, software, integration) was INR 18.5 lakhs, yielding a projected payback period of 4.7 months. 

5. Conclusion 

This paper presents a CNN-LSTM hybrid deep learning architecture for multi-class fault detection in industrial 

rotating machinery, validated on an 18-month real-world dataset from a Haryana manufacturing facility. The proposed 

architecture achieves 95.6% classification accuracy and AUC of 0.981 — outperforming SVM, Random Forest, 

LSTM, and XGBoost baselines — through effective integration of frequency-domain spectrogram features (CNN 

path) and temporal sensor sequence modelling (LSTM path). Edge deployment on NVIDIA Jetson AGX Xavier 

achieves 23 ms inference latency with 48 MB model footprint, enabling real-time on-site monitoring without cloud 

connectivity. Economic analysis projects a payback period of 4.7 months and annual maintenance cost savings of INR 

51 lakhs at the study facility. Future work will investigate transformer-based architectures for multi-machine fleet-

level monitoring, federated learning approaches that enable collaborative model training across competing 

manufacturing sites without sharing proprietary production data, and physics-informed neural networks that 

incorporate machine degradation priors to improve few-shot fault detection in data-scarce deployment scenarios. 
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