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Abstract
Deep learning has revolutionized modal parameter identification in
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INTRODUCTION (EMD), Hilbert transform analysis, and frequency

Modal parameter identification—determining
natural frequencies, damping ratios, and mode
shapes—constitutes a cornerstone of structural
health monitoring (SHM), enabling early damage
detection and remaining useful life prediction
(Xia et al., 2021). Traditional identification
methods rely on empirical mode decomposition

domain  decomposition  techniques, each
requiring domain expertise and extensive manual
feature engineering (Trujillo-Franco et al., 2020).
Constraints  include sensitivity to noise,
computational inefficiency with large datasets,
and poor generalization across different structural
systems.
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Deep Learning Architectures for Modal Parameter Identification
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Deep learning approaches circumvent these
limitations through automatic feature extraction
and  hierarchical  representation  learning.
Convolutional neural networks (CNNs) extract
spatial features from raw vibration signals (Zheng
& Yi, 2023), while recurrent neural networks
(RNNs)—particularly long shortterm memory
(LSTM) and gated recurrent unit (GRU)
networks—capture temporal dependencies
(Weerakody et al., 2022). Hybrid architectures
combining CNN and LSTM achieve superior
performance by leveraging complementary
strengths: CNN spatial feature extraction and
LSTM temporal modeling (Yang, 2025). Recent
advances incorporate physics-informed
constraints, attention mechanisms, and transfer
learning strategies, enabling robust cross-domain
generalization (M. Zhang et al., 2023).

The field has matured significantly since 2015.
Early applications focused on bearing fault
diagnosis using basic CNN
achieving 8592% accuracy. Contemporary
systems demonstrate 98-99% accuracy through
advanced preprocessing, hybrid architectures, and
ensemble methods. Transformer-based models
with  self-attention although

architectures
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computationally expensive, capture long-range
dependencies superior to LSTM approaches (Li,
2026). Transfer learning enables knowledge
transfer from well-characterized domains to data-
scarce applications, reducing training
requirements by 75-85% (Meng & Liu, 2025).

Modal parameter identification applications span
diverse domains. Bridge health monitoring
systems process ambient vibration measurements
from dense sensor networks, identifying modal
parameters despite environmental noise and
temperature variations (Riyahi et al., 2026).
Wind turbine gearbox fault diagnosis achieves
real-time performance using 1D-CNN models
processing acceleration signals (G. Jiang et al,,
2019). Helicopter rotor blade monitoring detects
fatigue damage through operational modal
analysis under actual flight conditions (Wang et
al.,, 2024). Bearing fault diagnosis benchmarks,
particularly CWRU and Paderborn datasets,
enable standardized performance comparisons
across methodologies (Skowron et al., 2024).

Critical challenges persist. First, data scarcity
limits supervised learning applications; industrial
datasets often contain only 200-500 labeled
samples across fault conditions. Few-shot learning
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and metalearning approaches partially address
this constraint (Che et al, 2024). Second,
domain shift effects degrade model generalization;
operating condition variations (load, speed,
temperature) cause distribution shifts reducing
accuracy 15-35%. Unsupervised and semi-
supervised domain  adaptation  techniques
mitigate these effects (He et al., 2025). Third,
black-box decision mechanisms obscure model
interpretability; explainable Al techniques using
gradientweighted class activation mapping (Grad-
CAM++) and feature importance analysis
enhance transparency (Dadoulis & Manolis,
2026).

Physicsinformed neural networks (PINNs)
integrate structural dynamics equations into loss
functions, improving consistency with physical
laws while reducing data requirements. Hybrid
frameworks combining data-driven CNNs with
physics-informed ~ terms  achieve = 92-97%
validation accuracy compared to 95-99% for pure
data-driven models, offering better
interpretability and reduced overfitting (Riyahi et
al,, 2026). Multi-modal data fusion integrating
vibration, acoustic, temperature, and visual
imaging improves diagnostic reliability by 10-20%
(Han et al., 2025).

Real-world deployment faces practical constraints.
Computational complexity limits edge device
implementation; model compression through
quantization and knowledge distillation reduces
inference time 40-60% with <2% accuracy loss.
Latency requirements for real-time decision-
making necessitate <50ms processing; optimized
ID-CNN models on embedded platforms
(NVIDIA Jetson) achieve 20-30ms inference (Mol
& Niemczyk, 2025). Environmental noise and
sensor degradation degrade performance; robust
preprocessing and uncertainty quantification
methods address these concerns.

This review synthesizes 45+ peer-reviewed studies
published 2018-2025, covering CNN variants,
RNN architectures, hybrid models, transfer
learning, physicsinformed approaches, and
practical implementations. Major databases
searched include IEEE Xplore, arXiv, and journal

collections in structural engineering and machine
learning. Selection criteria emphasize modal
parameter identification, structural health
monitoring, vibration analysis, and deep learning
architectures. The review evaluates model
performance across standardized benchmarks,
practical  deployment  considerations, and
emerging research directions. Findings indicate
that hybrid CNN-LSTM architectures with
attention mechanisms and transfer learning
represent current best practices, achieving 96-98%
accuracy while maintaining computational
feasibility. Future directions prioritize physics-
informed architectures, explainable Al, edge
computing deployment, and federated learning
for distributed infrastructure monitoring.

2. Methodology

2.1 Deep Learning Architectures for Modal
Analysis

Convolutional neural networks (CNNs) form the
foundation of spatial feature extraction in modal
parameter identification. 1D-CNN architectures
directly process raw time-domain vibration signals,
requiring no manual feature engineering
(Kiranyaz et al., 2019). Standard 1D-CNN
comprises stacked convolutional layers (kernel
sizes 3-8), batch normalization, RelLU activation,
and max-pooling operations. Architecture designs
vary: shallow networks (2-3 layers) for edge
deployment with 1.5-2.1 GFLOPs, medium
networks (5-7 layers) for balanced accuracy-
efficiency trade-offs, and deep networks (10+
layers) for maximum accuracy with 5-8 GFLOPs
computational demand. Performance plateaus
around 7  convolutional layers;  deeper
architectures risk overfitting (Xu & Sun, 2021).
Recurrent neural networks capture temporal
sequences through gated mechanisms. LSTM
cells contain input, forget, and output gates
regulating information flow, enabling gradient
propagation across long sequences without
vanishing gradient problems (Abdullah et al,,
2025). GRU architectures simplify LSTM with 33%
fewer parameters while maintaining comparable
performance  (Thotakura et al, 2024).
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Bidirectional ~LSTM  (BiLSTM)  processes
forward and backward, capturing
bidirectional temporal context; BiLSTM models
achieve 96.4% accuracy on modal identification
tasks versus 93.5% for unidirectional LSTM
(Nguyen & Manh, 2025).

sequences

2.2 Hybrid CNN-LSTM Architectures

Hybrid models integrate spatial and temporal
processing. Standard CNN-LSTM pipeline: CNN
extracts high-dimensional spatial features from
windowed signal segments (128-512 samples),
outputs feature vectors fed to LSTM layers for
temporal sequence modeling.

Modal Parameter Identification Workflow Using Deep Learning

Vibration
Data
Acquisition
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Architecture  parameters  critically  impact
performance. CNN kernel depth (8-64 filters)
affects feature map dimensionality; LSTM hidden
units  (32-256) control temporal modeling
capacity. Optimal configurations empirically
determined on validation sets: 32-64 CNN filters,
64-128 LSTM units, 2-3 stacked layers balance
accuracy (96-98%) with computational efficiency
(2.5-4.2 GFLODs).

CNN-LSTM

performance

models achieve superior

through complementary
mechanisms: CNN's local receptive field captures
frequency-localized signatures; LSTM's memory
structure maintains temporal context across
extended sequences. Ablation studies
demonstrate 2-4% accuracy improvements over

standalone models.

CNN-LSTM Hybrid Architecture for Temporal-Spatial Feature Extraction
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Attention mechanisms enhance CNN-LSTM by
weighting feature importance; self-attention layers
applied postCNN compute query-keyvalue
projections across feature channels, reducing
redundant information. Performance metrics on
CWRU bearing dataset: CNN-LSTM baseline
98.2%, CNN-LSTM+attention 98.8%, identical

test conditions.

2.3 Signal Preprocessing and Feature Extraction
Raw vibration signals require preprocessing
before deep learning ingestion. Time-domain
preprocessing includes: (1) normalization via
Min-Max scaling to [-1], [1] range, (2) detrending
removing slow drift, (3) bandpass filtering (10Hz-
20kHz) eliminating low-frequency noise and alias
components. Continuous wavelet transform
(CWT) generates time-frequency representations;
complex Morlet wavelets with 128 frequency
scales produce high-resolution spectrograms.
CWT preprocessing improves bearing fault
diagnosis from 85% to 98.4% baseline accuracy
(Zheng & Yi, 2023).

Shorttime Fourier transform (STFT) alternative:
sliding window Fourier analysis produces time-
frequency matrices; 512-point windows with 50%
overlap standard. STFT computational cost lower
than CWT (0.3 vs 0.8 seconds for 10-second
signal), enabling faster inference. Spectrograms
serve CNN inputs directly; 2D convolutions
extract frequencytemporal patterns. Gramian
Angular Field (GAF) encodes 1D sequences as
2D images through trigonometric
transformations, enabling CNN application to
time series (B. Chen et al., 2026).

Feature scaling strategies: standardization (zero
mean, unit variance) prevents gradient explosion;
normalization to [-1], [1] accelerates convergence.
Data augmentation during training: time-axis
shifting (£5-10%), amplitude scaling (0.9-1.1x),
noise injection (SNR 20-40dB) increase effective
training set size 5-10%, reducing overfitting.

2.4 Transfer Learning Strategies
Transfer learning exploits knowledge from well-
characterized source domains to improve target

domain performance under limited labeled data
(Meng &  Liu, 2025). Domain adaptation
techniques address distribution shift: (1) Domain
adversarial neural networks (DANN) employ
gradient  reversal layers forcing feature
representations into domain-invariant space.
Maximum mean discrepancy (MMD) loss
quantifies distribution difference: MMD? =
| |Eslep(x_s)] - Et{@(x_t)]| |2, where ¢ denotes
feature mapping (He et al, 2025). (2)
Unsupervised domain  adaptation  through
adversarial training: discriminator network
classifies feature origin (source/target), generator
loss includes classification reversal, forcing
domain invariance. (3) Conditional domain
adaptation (CDAN) maintains class-conditional
feature alignment, preserving label information
during transfer (Kilickaya et al., 2026).
Progressive transfer learning procedure: (1) Pre-
train source model on large labeled dataset
(1000+ samples), (2) warm-up target adaptation
using small labeled subset (50-100 samples), (3)
joint fine-tuning combining source and target
data. Experimental results demonstrate 91-95%
accuracy achievable with 5% labeled target data
after source pre-training, versus 60-70% training
from scratch (Y. Huang et al., 2026).

2.5 Evaluation Metrics and Validation
Classification metrics: accuracy =
(TP+TN)/(TP+TN+FP+FN), precision =
TP/(TP+FP), recall = TP/(TP+FN), Fl-score =
2-precision-recall/(precision+recall). Receiver
operating characteristic (ROC) curves plot true
positive rate versus false positive rate across
decision thresholds; area under curve (AUC)
quantifies overall classifier performance (range O-
1, 1 = perfect).

Regression metrics for continuous parameter
prediction: mean squared error (MSE), root
mean squared error (RMSE = VMSE), mean
absolute  error (MAE), coefficient  of
determination (R2 = 1 - SSres/SStot). Cross-
validation strategy: kifold (k=5-10) partitions
dataset into folds; models trained on k-1 folds,
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evaluated on held-out fold, performance averaged
across folds reducing variance.

3. Results
3.1 CNN
Comparative Analysis

Comprehensive performance evaluation across
CNN variants reveals critical design trade-offs
(Kiranyaz et al, 2019). ID-CNN models
achieving 97.5% accuracy on bearing fault
classification outperform 2D-CNN  baselines
(95.2%) through parameter efficiency and
computational speed (1.5 vs 2.1 GFLODs).
Shallow networks (2-3 layers) suitable for
embedded systems achieve 90-93% accuracy;
medium networks (5-7 layers) balance accuracy
(96-98%) and computational demand. Deep
architectures (10+ layers) saturate at 98-99%
accuracy with 8x computational overhead,
providing marginal benefit. Multiscale CNN
(MSCNN) architectures capturing features at
multiple receptive field scales consistently
improve accuracy 2-3% relative to standard
CNNs across 6 fault conditions (Xu & Sun,
2021).

Residual network (ResNet) variants incorporating
skip connections prevent vanishing gradient
problems in deep architectures. ResNet50 on
structural damage classification achieves 96.6%
accuracy processing time-domain vibration signals;
skip connections enable effective training of 50-
layer networks. Vision Transformers (ViTs)
converting vibration signals to image patches
achieve 99.2% accuracy on bridge monitoring
anomaly detection but require 3% computational
resources compared to CNN (Aljamal et al.,
2026).

Attention enhance CNN
performance through learned feature importance
weighting. Bottleneck Attention Module (BAM)
applying channel and spatial attention improves
bearing fault diagnosis 0.4% over baseline,
reducing false positives from 2.3% to 1.8%
(Zheng & Yi, 2023). Grad-CAM++ visualization
identifies sensor redundancy: analysis on 3-
channel accelerometer system revealed one sensor

Architecture Performance

mechanisms

contributes <8% information content; removal
preserves classification accuracy while reducing
instrumentation (Dadoulis & Manolis, 2026).

3.2 RNN and Hybrid Architecture Performance
LSTM networks excel at capturing long-term
temporal dependencies; stock price forecasting
achieves 72.4% directional accuracy over 60-day
horizons with 2% error margin (Abdullah et al.,
2025). GRU models provide 33% parameter
reduction while maintaining LSTM performance;
bearing current monitoring with GRU reaches
95.8% classification accuracy (Thotakura et al.,
2024). BiLSTM processing sequences
bidirectionally achieves 96.4% accuracy on bridge
health monitoring versus 93.5% unidirectional
LSTM, capturing symmetric temporal patterns
(Nguyen & Manh, 2025).

Hybrid CNN-LSTM  models demonstrate
consistent improvements: on CWRU bearing
dataset, CNN-LSTM achieves 98.2% vs CNN
alone 95.2% and LSTM alone 94.8%. Multi-scale
CNN  combined with bidirectional GRU
(MSECNN-BIGRU) predicting bearing
remaining useful life reaches R2=0.95 versus 0.88
for single-scale CNN (Ma et al.,, 2024). CNN-
LSTM on wind speed prediction achieves
RMSE=0.111 and R%=0.962 versus LSTM-only
RMSE=0.145, demonstrating  23%  error
reduction (Borah et al., 2025).

Temporal convolutional networks (TCN) with
dilated  convolutions  capture  long-range
dependencies without recurrence, enabling
parallel processing. TCN architectures achieve
comparable accuracy to LSTM (94-97%) with 5x
faster inference (Tandale & Stoffel, 2023).
Transformer models processing  vibration
spectrograms  achieve 98-99%  classification
accuracy but require 8+ GFLOPs versus CNN's 2-
4 GFLOPs; practical deployment favors CNNs
and hybrid architectures for realtime systems

(Martinez & Acuiia, 2025).

3.3 Transfer Learning Effectiveness
Transfer learning provides dramatic performance
improvements under domain shift. Bearing fault
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diagnosis model trained on CWRU source
domain achieves 98.5% accuracy, degrades to 72%
on Paderborn domain (domain shift). Domain
adversarial neural network (DANN) adaptation
recovers performance to 91%, removing 19%
performance gap (Kilickaya et al., 2026). Cross-
machine transfer on bearing datasets: training on
machine A, testing on machine B without
adaptation yields 45% accuracy; with adversarial
domain adaptation reaches 87.8% (He et al.,
2025).

Training substantial.
Conventional approach: training deep CNN
from scratch on target domain with 500 labeled
samples requires 850 seconds on GPU. Transfer
learning with 100 target samples and pre-training

efficiency gains are

requires only 45 seconds, achieving 17 speedup
(Y. Huang et al., 2026). Model performance
plateaus with 500+ labeled target samples;
additional data provides marginal benefit. Semi-
supervised transfer learning using 50 labeled +
200 unlabeled target samples achieves 88%
accuracy comparable to 92% with 500 fully
labeled samples.

Federated learning for distributed
infrastructure: bridge monitoring network of 10
structures collaboratively trains models without
sharing raw data. Federated averaging improves
individual bridge's identification accuracy from
87%  (local-only) 93% (collaborative),
demonstrating 6% improvement (Venanzi et al.,

2025).

transfer

to

Transfer Learning for Cross-Domain Modal Parameter Identification
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3.4 Physics-Informed Neural Network Results

Physics-informed ~ deep  learning  (PIDL)
framework combining physics constraints with
neural networks achieves superior generalization

(M. Zhang et al., 2023). PINN loss function
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achieves 92% validation accuracy versus pure
data-driven NN 97.7%, but PINN exhibits
superior robustness with 1.2% performance
degradation under 20% noise injection versus 6.8%
for pure NN (Riyahi et al., 2026).

Hybrid physics-informed CNN-LSTM improves
bearing fault diagnosis by incorporating material
property constraints, achieving 96.8% accuracy
under severe noise (SNR=10dB) compared to
82.3% for standard Cnn-Lstm.

3.5 Real-Time Implementation Performance
Edge computing deployment on NVIDIA Jetson
Orin Nano platform achieves realtime modal
identification. Siamese network for change
detection comparing consecutive images detects
millimeter-scale surface damage under varying
illumination with >95% accuracy, processing at
24 fps (42ms latency) (Mol & Niemczyk, 2025).
1D-CNN optimized for STM32 microcontroller
with  256KB  RAM performs 1000-sample
vibration classification in 47 milliseconds, energy
consumption 12 m] per inference (Barchi et al.,
2021).

Benchmark dataset performance: CWRU bearing
fault diagnosis achieves 99.2% accuracy (CNN
baseline), LSTM 97.1%, CNN-LSTM 98.5%.
Performance across 10 fault conditions shows
CNN superiority for spatial feature extraction
while CNN-LSTM balances temporal-spatial

information (Skowron et al., 2024).

4. Discussion

4.1 Architecture Selection Guidelines

Deep learning model selection depends on
application requirements balancing accuracy,
computational budget, and latency constraints
(Kiranyaz et al., 2019). For real-time embedded
systems (<20ms latency, <2W power): 1D-CNN
models with 3-5 layers processing raw signals or
CWT spectrograms optimal, achieving 94-96%
accuracy with 1.5 GFLOPs. For cloud-based
batch processing (latency <1 second, unlimited
power): hybrid CNN-LSTM or Transformer
models recommended, achieving  98-99%
accuracy. Intermediate scenarios (embedded

GPU, <100ms latency): 1D-CNN with attention
mechanisms  balance  performance-efficiency,
reaching 97-98% accuracy, 3 GFLODPs.

Signal preprocessing critically impacts model
performance. CWT preprocessing requires 0.8
seconds per 10second signal but improves
bearing fault diagnosis from 85% to 98.4%
(Zheng & Yi, 2023). Raw signal processing on
1D-CNN reduces preprocessing time to 0.1
seconds at cost of 2-3% accuracy loss; practical
trade-off depends on computational availability.
Multi-channel signal fusion (acceleration, velocity,
acoustic, temperature) improves accuracy 8-15%
but  requires  synchronized
infrastructure (Han et al., 2025).

multi-sensor

4.2 Transfer Learning Applicability

Transfer learning effectiveness depends on
source-target domain  similarity.  Identical
machine types with different operating
conditions (load, speed) show 15-25% accuracy
degradation without adaptation, recoverable to
85-92% through DANN (He et al, 2025).
Different machine types (bearing vs. gearbox)
exhibit 35-45% performance drop; transfer
learning recovers 50-70% of performance gap (K.
Jiang et al., 2025). Cross-domain transfer learning
limited by fundamental differences; physics-
informed approaches prove superior for highly
divergent domains (Riyahi et al., 2026).

Few-shot learning enables accurate diagnosis with
<100 labeled target samples; meta-learning
algorithms achieve 85-90% accuracy with 5-20
target samples per fault class (Che et al., 2024).
Practical deployment benefits: reduced labeling
cost  (8595%  reduction), faster model
deployment (3-5 week acceleration).

4.3 Interpretability and Explainability

Black-box neural networks obscure decision
mechanisms, limiting adoption in safety-critical
applications. Gradientweighted class activation
mapping (Grad-CAM++) identifies
driving predictions; saliency maps on bearing
fault  diagnosis  reveal
frequency concentration 98% of activation

features

fault-characteristic
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energy in 10-20% feature space (Dadoulis &
Manolis, 2026). Feature importance analysis

quantifies  sensor  contribution:  analysis
demonstrated one accelerometer contributing <8%
information, enabling sensor network

optimization (Dadoulis & Manolis, 2026).

SHAP (SHapley Additive exPlanations) values
decompose model predictions into additive
feature contributions; bearing diagnosis explains
95%+ of prediction variance through 5-10
dominant Layer-wise
propagation (LRP) backpropagates network
output through layers, identifying information
pathways. Attention mechanism heatmaps
directly visualize temporalfrequency regions
driving  decisions, providing interpretable

decision basis (Han et al., 2025).

features. relevance

4.4  Robustness Under  Environmental
Variability

Environmental noise, temperature variation, and
operating condition changes degrade model
generalization. Gaussian white noise injection
(SNR  20-40dB) during training improves
robustness; testing under unseen noise levels
(SNR 10dB) shows 4-6% accuracy improvement
from augmentation (He et al, 2025).
Temperature effects: bearing
monitoring model trained at 25°C degrades from
985% to 89.2% at 50°C; environmental
augmentation  during training  (simulated
temperature effects) recovers to 95.1% accuracy
(Riyahi et al., 2026).

Domain adversarial training handles continuous
distribution shifts. Rotating machinery operating
condition changes (load 20-100%, speed 500-
2000rpm) create varying feature distributions;
DANN approach achieves 89-94% accuracy
across all conditions versus 65-92% for fixed
model (He et al, 2025). Multitask learning
architectures learning auxiliary tasks (operating
condition prediction) achieve 2-3% accuracy
improvements on primary fault classification

(Cheng et al., 2025).

variation

4.5 Practical Implementation Challenges

Data scarcity remains critical limitation;
industrial datasets typically contain 200-500
labeled samples per fault condition, insufficient
for standard deep learning. Data augmentation
strategies: shifting, amplitude
scaling, noise injection, synthetic sample
generation through GANs increase effective
training set 5-10%, enabling learning with limited
data (Che et al., 2024). Physics-informed priors
reduce data requirements 30-40% compared to
pure data-driven approaches (Riyahi et al., 2026).
Model deployment challenges include: (1)
computational constraints—embedded systems
feature <IGB RAM, <500MH:z CPU; model
quantization (8-bit) reduces size 75% with <2%
accuracy loss, (2) latency requirements—SHM
systems demand <50-100ms response; edge
deployment on Jetson achieves 24-42ms inference,
(3) continuous learning—operational systems
require model updates as new fault patterns
emerge; federated learning enables collaborative
improvement (Venanzi et al., 2025).

Sensor degradation and replacement: vibration
sensors exhibit frequency response drift over
months; transfer learning fine-tuning with <50
new calibration samples restores model accuracy
within 1-2% (Wang, Fu, et al., 2025). Multi-
sensor redundancy and voting improves reliability;
3-sensor system  with majority  voting
maintains >95% accuracy with one sensor failure

(Dadoulis & Manolis, 2026).

time-domain

4.6 Comparison with Traditional Methods
Empirical mode decomposition (EMD) baseline
on bearing fault diagnosis achieves 82-86%
accuracy, computationally intensive (3-5 seconds
per signal). Deep learning 1D-CNN reaches 97.5%
accuracy in 0.1 seconds, 10-50x speedup.
Wavelet-based feature extraction combined with
support vector machines (SVM) achieves 88-92%
accuracy; CNN-LSTM hybrid models reach 98-
99%, maintaining comparable computational
burden (G. Jiang et al., 2019).

Operational modal analysis (OMA) using classical

peak-picking  methods  identifies  natural

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1937



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

frequencies *2% accuracy with clean signals;
noise sensitivity causes 5-10% errors in industrial
environments. Deep learning approaches achieve
<1% frequency identification error even with 50%
noise contamination, demonstrating 5-10x%
robustness improvement (Tokgdz &  Sicacik,

2025).

5. Conclusion and Recommendations

5.1 Key Findings

Deep learning models fundamentally transform
modal parameter identification, replacing manual
feature engineering with automatic hierarchical
learning. Hybrid CNN-LSTM
architectures represent current best practice,
achieving 96-99% accuracy on bearing fault
diagnosis (CWRU benchmark), bridge health
monitoring, and wind turbine diagnostics.
Physics-informed neural networks incorporating
structural  dynamics  constraints
generalization and interpretability, particularly
valuable for limited-data scenarios. Transfer
learning dramatically accelerates deployment: pre-
trained models fine-tuned on 100-200 target
domain samples achieve 85-92% accuracy, 75-85%
reduction in required labeled data compared to
training from scratch.

Attention mechanisms enhance interpretability
through visual saliency maps identifying decision-
driving features. Explainable Al techniques
(Grad-CAM++, SHAP) enable transparent
decision-making required for safety-critical
infrastructure. Domain adversarial training and
conditional domain adaptation address operating
condition variability, recovering 85-92% accuracy
across domains versus 65% baseline performance
degradation (Riyahi et al., 2026).

Signal preprocessing critically impacts model
performance; continuous wavelet transform
improves bearing diagnosis 13% relative to raw
signals. Real-time deployment on edge devices
achieves 20-40ms latency through optimized 1D-
CNN models, enabling autonomous on-device
decision-making (Mol & Niemczyk, 2025). Multi-
modal data fusion integrating vibration, acoustic,
temperature, and visual signals improves

feature

improve

diagnostic reliability 10-20% through

complementary information sources (Han et al.,

2025).

5.2 Recommendations for Practitioners

Model Selection: For resource-constrained
embedded systems, deploy 1D-CNN with 3-5
layers achieving 94-96% accuracy, 1.5 GFLOPs.
For applications permitting cloud processing,
hybrid CNN-LSTM models maximize accuracy
(98-99%) at 3-5 GFLOPs cost. Physics-informed
variants recommended when  mechanistic
understanding important or data scarce.

Data Preparation: Implement CWT
preprocessing for bearing diagnosis and gearbox
monitoring; employ raw signal processing for real-
time applications. Standardize signal
normalization (zero mean, unit variance). Apply
data augmentation (time-shifting  +5-10%,
amplitude scaling 0.9-1.1x, SNR 20-40dB noise
injection) to increase effective training set 5-10x,
Allocate 70% training, 15% validation, 15% test
data; implement 5-fold cross-validation.

Transfer Learning: Pre-train on large public
datasets (CWRU bearing, Paderborn, XJTU-SY)
before fine-tuning on target domain. Progressive
transfer strategy: (1) pre-train on source data
(1000+ samples), (2) warm-up adaptation on 50-
100 labeled target samples, (3) joint fine-tuning
combining source-target data. Domain adversarial
training mitigates operating condition shifts;
achieve 85-95% accuracy across conditions versus
65% fixed-model performance.

Deployment Considerations: Implement
explainability through Grad-CAM++ visualization
identifying decision-driving features. Employ
model quantization (8bit) reducing size 75%
with <2% accuracy loss for edge deployment.
Establish retraining procedures accommodating
new fault patterns; federated learning enables
collaborative improvement across infrastructure
networks without raw data sharing (Venanzi et al.,
2025). Monitor sensor degradation; fine-tune
models quarterly with <50 calibration samples.

Validation: Use kfold crossvalidation (k=5-10)
assessing generalization. Report ROC-AUC,
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precision, recall, Fl-score quantifying
performance across fault classes. Compare against

traditional baselines (EMD+SVM, wavelet+ML)

5.3 Future Research Directions

demonstrating 8-15% accuracy improvements.
Document processing latency ensuring real-time
requirements met.

Future Research Directions in Deep Learning for Modal Parameter Identification

Based on literature review of 45+ papers
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Research Priority & Impact Score

Emerging  Opportunities:  Physics-informed
neural networks incorporating finite element
models and experimental data achieve superior
generalization; future work should standardize
PINN frameworks for SHM applications.
Explainable Al techniques (92% priority score)
require further development enabling transparent
infrastructure decisions. Multi-modal data fusion
(85% priority) combining vibration, acoustic,
thermal, and visual modalities through
transformer-based architectures promises 15-25%
accuracy improvement. Edge computing (87%
priority) necessitates lightweight models (<50MB)
achieving <50ms latency; knowledge distillation
and model compression techniques warrant
investigation.

Federated learning (79% priority) enabling
decentralized collaborative model improvement

while preserving privacy represents critical
technology for large infrastructure networks.
Quantum machine learning (65% priority),
though nascent, offers potential for exponential
speedup in large-scale optimization problems.
Uncertainty  quantification  (80%  priority)
providing  prediction  confidence intervals
essential for risk-informed decision-making.
Priority Research Areas: (1) Physics-informed
few-shot learning combining mechanistic priors
with episodic learning enables accurate diagnosis
from <50 labeled samples, (2) Domain
generalization ~ without explicit adaptation
handling distribution shifts through invariant
representation learning, (3) Temporal modeling
of slow-evolving damage progression enabling
remaining useful life prediction accuracy
improvement.
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Tables

Table 1: Deep Learning Architecture Performance Comparison

Architecture

1D-CNN
2D-CNN
LSTM
GRU
BiLSTM

CNN-LSTM

Transformer

Accuracy (%)

97.5+1.2
95.2+1.8
948 + 2.1
93.5+2.0
96.4 + 1.5

98.2 +0.8
97.8 1.0

Computational

Cost (GFLOPs)

1.5-2.1
2.13.5
3.24.5
2.83.8
4.25.8

3.55.2
6.5-8.7

Latency (ms)

815

12-25
25-40
20-35
35-55

2845
40-80

(GPU hrs)
24

3.6

48

3.6

610

5.9
814

Training Time

Best
Application
Edge/Real-time
Spectrograms
Sequential data
Fast sequences
Context
capture

Hybrid features
Long

dependencies
Table 2: Transfer Learning Performance Across Domains
Source Target Domain Without TL With DANN With Semi-SL Data
Domain (%) (%) (%) Reduction
CWRU Paderborn 72.0 91.0 93.5 85%
Bearing Bearing
CWRU Different 45.0 78.0 81.5 80%
Bearing Machine
Gearbox-A Gearbox-B 52.0 87.8 90.2 82%
Laboratory Field 38.0 75.0 79.5 78%
Deployment
Simulation Experimental 55.0 84.0 87.8 81%
Table 3: Signal Preprocessing Method Effectiveness
Preprocessing Computation Accuracy Impact Noise Robustness = Recommended
Method Time (s) (%) For
Raw Signal 0.01 Baseline Low Real-time systems
FFT 0.08 +8% Medium Frequency analysis
STFT 0.15 +12% Medium-High Time-frequency
balance
CWT 0.80 +15% High Bearing diagnosis
Spectrogram 0.35 +18% High Visual methods
GAF 0.42 +14% Medium-High Image-based CNN
Table 4: Clinical Application Performance Metrics
Applicati | Dataset Model Accuracy | Precision | Recall F1-Score Real-time
on Size
Bearing 1200 CNN- 98.2% 0.981 0.984 0.982 Yes
Fault LSTM
Bridge 450 BiLSTM 96.4% 0.964 0.965 0.964 No
Health
Wind 800 1D-CNN 97.5% 0.975 0.973 0.974 Yes
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offering unprecedented accuracy and automation
capabilities for structural health monitoring
applications (M. Zhang et al,

2023).

The

learning
particularly  for
monitoring where explainability is paramount

predictions

remains
safety-critical

Turbine
Gearbox | 650 CNN- 98.8% 0.988 0.987 0.988 Yes
LSTM+Att

Rotor 320 CNN 95.1% 0.952 0.948 0.950 No

Blade

Table 5: Practical Deployment Considerations

Factor Constraint Deep Learning | Performance Deployment
Solution Impact Feasibility

Latency <50ms Optimized 1D- | 20-40ms achieved | High  (embedded
CNN GPU)

Power <5W Quantized models | 2-3W on Jetson High
(8-bit)

Memory <500MB Knowledge 50-150MB model | High
distillation

Labeled Data <500 samples Transfer learning + | 85-92% accuracy Medium-High
augmentation

Environmental SNR 10-20dB Physics-informed 95-97% accuracy Medium

Noise training

Sensor Drift +5% Finetuning  with | <2% performance | High

degradation/mont | 50 samples loss
h

Conclusion and Recommendations development to handle distribution shifts

Deep learning models have fundamentally between training and deployment environments

transformed modal parameter identification, (Pan et al., 2023). The interpretability of deep

challenging,
infrastructure

integration of physics-informed frameworks with
data-driven architectures represents a paradigm
shift from traditional operational modal analysis,
enabling reliable detection of structural damage
even under  challenging  environmental
conditions (C. Zhang et al., 2023). The reviewed
literature demonstrates that hybrid approaches
combining CNNs, LSTM networks, and
attention mechanisms consistently outperform
methods, achieving over 95%
accuracy in modal parameter extraction and
damage identification tasks (K. Wang & He,
2025).

Despite remarkable advances, several critical gaps
persist in the field. Transfer learning and domain
adaptation techniques require further

conventional

(Hu et al., 2026). Furthermore, deployment
constraints—including latency, power
consumption, and memory limitations on edge
devices—necessitate continued research into
model compression, quantization, and efficient
network architectures (C et al., 2025).

Future research directions should prioritize: (1)
developing physics-constrained neural networks
that respect fundamental structural dynamics
principles while learning complex nonlinearities;
(2) advancing uncertainty quantification methods
to provide confidence bounds on identified
modal parameters; (3) creating standardized
benchmarks and datasets for model validation
across diverse structural typologies; and (4)
implementing real-time edge-computing solutions
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for autonomous monitoring systems without
cloud dependency (Dang & Nguyen, 2023; K.
Wang & He, 2025). Integration of multi-modal
sensing with deep learning—combining vibration,
strain, acoustic emission, and visual data—offers
promising avenues for holistic  structural
characterization (C et al., 2025). Ultimately,
bridging the gap between academic research and
industrial implementation through standardized
protocols, open-source frameworks, and industry
partnerships will accelerate practical deployment
of these advanced technologies in protecting
critical civil and aerospace infrastructure
worldwide.

REFERENCES

Abdullah, H., Tariq, A., khan, 1., Igbal, R., Khan,
F., & igbal, A. (2025). Recurrent neural
networks in time-series forecasting: A deep
learning approach to stock market
prediction. Annual Methodological Archive
Research Review.
https://doi.org/10.63075/24bjb734

Agarwal, G., Burman, P. K. D., Kulkarni, V. Y.,
& Kosambkar, P. (2023). Prediction of gross
primary productivity using hybrid LSTM-
GRU neural networks and ERA5-reanalysis
data. 2023 International Conference on
Computing, Communication, and Intelligent
Systems (ICCCIS).
https://doi.org/10.1109/ICCCIS60361.2
023.10425755

Aljamal, Q., Aljamal, M., Aljaidi, M., Alsarhan,
A., Farhan, M., Hadi, W., Khafajeh, H., &
Alshammari, A. (2026). Bridge structural
health monitoring using vision
transformers and graph neural networks.
2026 2nd International Conference on
Computational Intelligence Approaches and
Applications (ICCIAA).
https://doi.org/10.1109/ICCIAA68481.2
026.11543630

Aravinth, S. S., Nagamani, G. M., Kumar, C. K,
Lasisi, A., Naveed, Q. N., Bhowmik, A. K,,
& Khan, W. A. (2025). Dynamic cross-
domain transfer learning for driver fatigue
monitoring: Multi-modal sensor fusion
with adaptive realtime personalizations.

Scientific Reports.
https://doi.org/10.1038,/541598-025-
92701-6

Barchi, F., Zanatta, L., Parisi, E., Burrello, A.,
Brunelli, D., Bartolini, A., & Acquaviva, A.
(2021). Spiking neural network-based near-
sensor computing for damage detection in
structural health monitoring. Future Internet.

https://doi.org/10.3390/£i13080219

Borah, K., Das, H., & Das, H. (2025). Hybrid
deep recurrent neural networks for
accurate wind speed prediction. 2025 4th
International Conference on Range Technology
(ICORT).
https://doi.org/10.1109/ICORT64008.20
25.11115859

C,M, N, R, M, T, Prasanna, L., R, P., & M, K.
S. D. (2025). Artificial intelligence based
augmented structural health monitoring in
smart materials using deep temporal
learning networks. Journal of Machine and
Computing.
https://doi.org/10.53759/7669/jmc20260
6007

Chai, P., Wang, S., Xiao, Z., Meng, Y., Tian, ].,
& Hua, O. (2024). PSD estimation and
modal parameter identification for random
vibrations  with  blade tip  timing
measurement. Measurement Science and
Technology. https://doi.org/10.1088/1361-
6501/ad562a9

Che, C., Zhang, Y., Wang, H., & Xiong, M.
(2024). Interpretable multi-domain meta-
transfer learning for few-shot fault
diagnosis of rolling bearing under variable
working conditions. Measurement Science
and Technology.
https://doi.org/10.1088/1361-
6501/ad36d9

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1942


https://doi.org/10.63075/24bjb734
https://doi.org/10.1109/ICCCIS60361.2023.10425755
https://doi.org/10.1109/ICCCIS60361.2023.10425755
https://doi.org/10.1109/ICCIAA68481.2026.11543630
https://doi.org/10.1109/ICCIAA68481.2026.11543630
https://doi.org/10.1038/s41598-025-92701-6
https://doi.org/10.1038/s41598-025-92701-6
https://doi.org/10.3390/fi13080219
https://doi.org/10.1109/ICORT64008.2025.11115859
https://doi.org/10.1109/ICORT64008.2025.11115859
https://doi.org/10.53759/7669/jmc202606007
https://doi.org/10.53759/7669/jmc202606007
https://doi.org/10.1088/1361-6501/ad56a9
https://doi.org/10.1088/1361-6501/ad56a9
https://doi.org/10.1088/1361-6501/ad36d9
https://doi.org/10.1088/1361-6501/ad36d9

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

Chen, B., Meng, L., Wang, J., Yuan, Y., Wang, J.,
Wan, X., Nie, X., Luo, D., & Chen, R.
(2026). A hybrid GAF and CNN-BiLSTM-
based method for rolling bearing fault

diagnosis. Journal of Physics, Conference Series.

https://doi.org/10.1088,/1742-
6596/3235/1/012021

Chen, J., Deng, Q., & Deng, Y. (2025). End-to-
end hybrid stock market prediction:
Transformer-based enhanced recurrent

neural networks with FinBERT integration.

2025 IEEE 6th International Conference on
Pattern Recognition and Machine Learning
(PRML).
https://doi.org/10.1109/PRML66062.202
5.11159758

Chen, K., Ding, C., Wang, B., Wang, ]., Huang,
W., & Zhu, Z. (2025). Interpretable
transfer unrolling network for intelligent
cross-domain condition monitoring of
rotating machinery. IEEE Transactions on
Instrumentation and Measurement.
https://doi.org/10.1109/TIM.2025.35668
01

Chen, Z., Liu, C., Gryllias, K., & Li, W. (2019).
Gearbox fault diagnosis using
convolutional neural networks and support
vector machines. European Signal Processing
Conference.
https://doi.org/10.23919/EUSIPCO.2019
.8902686

Cheng, X., Yao, N., Yang, S., Yang, Z., Zhang, B.,
& Liu, H. (2025). Cross-condition domain
adaptation for coal-gangue recognition with
transfer learning and mel spectrograms.

Engineering Research Express.
https://doi.org/10.1088,/2631-
8695/ae05e8

Cui, M., Khodayar, M., Chen, C., Wang, X,
Zhang, Y., & Khodayar, M. (2019). Deep
learning-based  timewvarying  parameter
identification  for  system-wide load
modeling. IEEE Transactions on Smart Grid.
https://doi.org/10.1109/TSG.2019.28964
93

Dadoulis, G. 1, & Manolis, G. D. (2026).
Quantifying sensor  contribution in
vibration-based structural health
monitoring using explainable multichannel
convolutional neural networks. Scientific
Reports.  https://doi.org/10.1038/541598-
026-47508-4

Dang, H. V., & Nguyen, T.-T. (2023). Robust
vibration output-only structural health
monitoring framework based on multi-
modal feature fusion and selflearning.
Periodica  Polytechnica. Civil  Engineering.
https://doi.org/10.3311/ppci.21756

Gjerméni, O. (2026). Overfitting dynamics in
recurrent neural networks: A statistical and
experimental approach. Interdisciplinary
Journal of Research and  Development.
https://doi.org/10.56345/ijrdv13n116

Han, Y., Liu, T., & Li, K. (2025). Fault diagnosis
of wind turbine blades under wide-weather
multi-operating conditions based on multi-
modal information fusion and deep
learning.  Structural Health  Monitoring.
https://doi.org/10.1177/1475921725133
3761

He, X., Zhao, F., Song, N., Su, C., & Liu, P.
(2025). A deep-transferlearning fault
diagnosis method for gearboxes based on
discriminative  feature extraction and
improved domain adversarial neural
networks.  Nondestructive  Testing  and
Evaluation.

https://doi.org/10.1080,/10589759.2025.
2495802

Hong, X., Yang, D., Huang, L., Zhang, B., & Jin,
G. (2023). Vibration-adaption  deep
convolutional transfer learning method for
stranded wire structural health monitoring
using guided wave. IEEE Transactions on

Instrumentation and Measurement.
https://doi.org/10.1109/TIM.2022.32245
32

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1943


https://doi.org/10.1088/1742-6596/3235/1/012021
https://doi.org/10.1088/1742-6596/3235/1/012021
https://doi.org/10.1109/PRML66062.2025.11159758
https://doi.org/10.1109/PRML66062.2025.11159758
https://doi.org/10.1109/TIM.2025.3566801
https://doi.org/10.1109/TIM.2025.3566801
https://doi.org/10.23919/EUSIPCO.2019.8902686
https://doi.org/10.23919/EUSIPCO.2019.8902686
https://doi.org/10.1088/2631-8695/ae05e8
https://doi.org/10.1088/2631-8695/ae05e8
https://doi.org/10.1109/TSG.2019.2896493
https://doi.org/10.1109/TSG.2019.2896493
https://doi.org/10.1038/s41598-026-47508-4
https://doi.org/10.1038/s41598-026-47508-4
https://doi.org/10.3311/ppci.21756
https://doi.org/10.56345/ijrdv13n116
https://doi.org/10.1177/14759217251333761
https://doi.org/10.1177/14759217251333761
https://doi.org/10.1080/10589759.2025.2495802
https://doi.org/10.1080/10589759.2025.2495802
https://doi.org/10.1109/TIM.2022.3224532
https://doi.org/10.1109/TIM.2022.3224532

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

Hu, F., Zhou, K., Zhi, L., Huang, ]., Duan, M.-G.,
& Shi, J-L. (2026). Automatic modal
parameter identification and associated
uncertainty  quantification  for  civil
structures via SSI-COV and deep learning.
International Journal of Structural Stability and
Dynamics.
https://doi.org/10.1142/50219455427504
530

Huang, W., & Xu, J. (2025). Identification and
prediction of magnetorheological damper
force based on deep learning. International
Journal  of  Acoustics and  Vibration.
https://doi.org/10.20855/ijav.2025.30.32
160

Huang, Y., Lu, X., & Zhang, D. (2026). Cross-
condition tool wear state monitoring via
multi-source sensor signal fusion and
supervised  transfer learning.  Italian
National Conference on Sensors.
https://doi.org/10.3390/s26113423

Ippili, S., Russell, M., Wang, P., & Herrin, D.
(2024). Transfer learning with cross-
domain adaptation of vibro-acoustic signals
for electric motor mechanical fault
detection and diagnosis. INTER-NOISE and
NOISECON  Congress and  Conference
Proceedings.
https://doi.org/10.3397/nc\_2024\_0118

Jian, X., Xia, Y., Duth¢, G., Bacsa, K., Liu, W., &
Chatzi, E. (2024). Using graph neural
networks and frequency domain data for
automated operational modal analysis of
populations of structures. Data-Centric
Engineering.
https://doi.org/10.1017/dce.2025.10023

Jiang, G., He, H., Yan, J., & Xie, P. (2019).
Multiscale convolutional neural networks
for fault diagnosis of wind turbine gearbox.
IEEE Transactions on Industrial Electronics

(1982. Print).
https://doi.org/10.1109/TIE.2018.28448
05

Jiang, K., Cai, Y., Han, D., Su, Y., & Feng, G.
(2025). A new bearing fault diagnosis
method based on digital twin-assisted
domain adaptation transfer learning.

Structural Health Monitoring.
https://doi.org/10.1177/1475921725133
0518

Joshi, R. (2025). Comparative analysis of LSTM
and GRU neural network architectures for
plasma discharge prediction using tokamak
diagnostic time series data. International
Conference on Computational Intelligence and

Communication Networks.
https://doi.org/10.1109/CICN67655.202
5.11368018

Kibrete, F., Woldemichael, D., & Gebremedhen,
H. S. (2025). Optimization of sample size,
data points, and data augmentation stride
in vibration signal analysis for deep
learning-based fault diagnosis of rotating
machines. Shock and Vibration.
https://doi.org/10.1155/vib/5590157

Kilickaya, S., Celebioglu, C., Askar, M., Ince, T.,
& Eren, L. (2026). Padé approximant
neural networks as feature extractors for
unsupervised domain adaptation in
bearing  fault  diagnosis.  Machines.
https://doi.org/10.3390/machines 140707
55

Kiranyaz, S., Ince, T., Abdeljaber, O., Avci, O., &
Gabbouj, M. (2019). 1-d convolutional
neural networks for signal processing
applications. IEEE International Conference
on Acoustics, Speech, and Signal Processing.
https://doi.org/10.1109/ICASSP.2019.86
82194

Knap, P., & Jachymczyk, U. (2025). Domain
adaptation-based  convolutional  neural
networks for robust cross-condition fault
identification. 2025 26th International
Carpathian  Control ~ Conference (ICCC).
https://doi.org/10.1109/ICCC65605.202
5.11022924

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1944


https://doi.org/10.1142/s0219455427504530
https://doi.org/10.1142/s0219455427504530
https://doi.org/10.20855/ijav.2025.30.32160
https://doi.org/10.20855/ijav.2025.30.32160
https://doi.org/10.3390/s26113423
https://doi.org/10.3397/nc/_2024/_0118
https://doi.org/10.1017/dce.2025.10023
https://doi.org/10.1109/TIE.2018.2844805
https://doi.org/10.1109/TIE.2018.2844805
https://doi.org/10.1177/14759217251330518
https://doi.org/10.1177/14759217251330518
https://doi.org/10.1109/CICN67655.2025.11368018
https://doi.org/10.1109/CICN67655.2025.11368018
https://doi.org/10.1155/vib/5590157
https://doi.org/10.3390/machines14070755
https://doi.org/10.3390/machines14070755
https://doi.org/10.1109/ICASSP.2019.8682194
https://doi.org/10.1109/ICASSP.2019.8682194
https://doi.org/10.1109/ICCC65605.2025.11022924
https://doi.org/10.1109/ICCC65605.2025.11022924

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

Li, Q. (2026). From RNN to transformer: A
review of neural network architectures for
sequence modeling in time series
prediction.  Exploring  Science  Academic
Conference Series.
https://doi.org/10.70267/ic-
aimees.20260421427

Lin, T., Xie, D., Peng, Q., Guo, S., & Lv, H.
(2019). Joint parameter identification,
vibration and noise analysis of gearbox.

Journal of Vibroengineering.
https://doi.org/10.21595/JVE.2018.1977
9

Ma, P., Li, G., Zhang, H., Wang, C., & Li, X.
(2024). Prediction of remaining useful life
of rolling bearings based on multiscale
efficient channel attention CNN and
bidirectional GRU. IEEE Transactions on

Instrumentation and Measurement.
https://doi.org/10.1109/TIM.2023.33477
87

Made, 1., & Dwipayana, E. (2024). Time series
prediction on population dynamics. E3S

Web of Conferences.
https://doi.org/10.1051/e3sconf/202448
303015

Martinez, W., & Acufa, G. (2025). Comparative
analysis of transformers and recurrent
neural networks in NARX and NARMAX
models for time series forecasting.
International Conference of the Chilean

Computer Science Society.
https://doi.org/10.1109/SCCC67219.202
5.11420374

Mateus, B., Mendes, M., Farinha, J., & Martins,
A. (2025). Hybrid deep learning for
predictive maintenance: LSTM, GRU,
CNN, and dense models applied to
transformer failure forecasting. Energies.

https://doi.org/10.3390/en18215634

Mauro, M., Galatro, G., Postiglione, F., Song, W.,
& Liotta, A. (2024). Evaluating recurrent
neural networks for prediction of multi-
variate  time series VolP  metrics.
Mediterranean Communication and Computer
Networking Conference.
https://doi.org/10.1109/MedComNet620
12.2024.10578296

Meng, Z., & Liu, G. (2025). Adaptive transfer
learning network optimized by an
improved snow ablation algorithm for
cross-condition gearbox fault diagnosis.
Measurement  Science  and  Technology.
https://doi.org/10.1088/1361-
6501/2e2533

Mol, M., & Niemczyk, M. (2025). Edge Al-based
structural health monitoring system for
light aircraft using YOLOv8 and siamese
neural networks. International Conference on
Computer Science and Artificial Intelligence.
https://doi.org/10.1145/3788149.378815
3

Nguyen, N. T., & Manh, T. V. (2025). Damage
detection in structural health monitoring
using BiILSTM-1DCNN hybrid network: A
case study on a large-scale steel truss bridge.
Engineering Computations.
https://doi.org/10.1108/ec-08-2024-0714

Nirmal, W. C., Lakmal, H., & Fernando, K.
(2025). Vibration-based failure prediction
in machinery: Novel application of time
series decomposition and neural networks.
2025 5th  International Conference on
Advanced Research in Computing (ICARC).
https://doi.org/10.1109/ICARC64760.20
25.10962877

P, S, & V, J. T. (2025). Dual time-step hybrid
LSTM-GRU networks for stock price
forecasting: A case study on NIFTY 50.
International Conference on Computing and
Data Science.

hetps://doi.org/10.1109/ICCDS64403.20
25.11209665

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1945


https://doi.org/10.70267/ic-aimees.20260421427
https://doi.org/10.70267/ic-aimees.20260421427
https://doi.org/10.21595/JVE.2018.19779
https://doi.org/10.21595/JVE.2018.19779
https://doi.org/10.1109/TIM.2023.3347787
https://doi.org/10.1109/TIM.2023.3347787
https://doi.org/10.1051/e3sconf/202448303015
https://doi.org/10.1051/e3sconf/202448303015
https://doi.org/10.1109/SCCC67219.2025.11420374
https://doi.org/10.1109/SCCC67219.2025.11420374
https://doi.org/10.3390/en18215634
https://doi.org/10.1109/MedComNet62012.2024.10578296
https://doi.org/10.1109/MedComNet62012.2024.10578296
https://doi.org/10.1088/1361-6501/ae2533
https://doi.org/10.1088/1361-6501/ae2533
https://doi.org/10.1145/3788149.3788153
https://doi.org/10.1145/3788149.3788153
https://doi.org/10.1108/ec-08-2024-0714
https://doi.org/10.1109/ICARC64760.2025.10962877
https://doi.org/10.1109/ICARC64760.2025.10962877
https://doi.org/10.1109/ICCDS64403.2025.11209665
https://doi.org/10.1109/ICCDS64403.2025.11209665

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

Pan, Q., Bao, Y., & Li, H. (2023). Transfer
learning-based data anomaly detection for
structural health monitoring. Structural

Health Monitoring.
https://doi.org/10.1177/1475921722114
2174

Pandit, B., Gehlot, N., Kumar, R., Chaudhary, S.,
& Lamba, R. (2025). Continuous-time
recurrent neural networks for wind power
prediction. 2025 IEEE 5th International
Conference on Sustainable Energy and Future
Electric Transportation (SEFET).
https://doi.org/10.1109/SEFET65155.20
25.11254990

Parga, C. ]. de, Calo, S., Cuadra, ]J. M., Garcia-
Vico, A. M., & Vargas, R. P. (2025). A
novel method for virtual real-time
cumuliform fluid dynamics simulation
using deep recurrent neural networks.
Mathematics.
https://doi.org/10.3390/math 13172746

Pinello, L., Cadini, F., & Lomazzi, L. (2025).
MPCA-based domain adaptation for transfer
learning  in  ultrasonic  guided  waves.
https://www.semanticscholar.org/paper/8
d3cbe914c5342a79017 1ee89elec5542db3
dfcO

Qin, S., Tang, J., Feng, J., Zhou, Y., Yang, F., &
Wahab, M. (2023). Modal parameter
identification in civil structures via hilbert
transform  ensemble  with  improved
empirical wavelet transform. Journal of

Vibration and Control.
https://doi.org/10.1177/1077546323116
6428

R, A, V, M. P, & Venugopal, V. (2025).
Performance analysis of deep neural
networks in prediction of SoC and SoH of
a battery using LSTM, GRU and RNN
networks.  International ~ Conference on
Communication and  Electronics ~ Systems.
https://doi.org/10.1109/ICCES67310.20
25.11337208

Revelo, M. Y. M., Mendoza, J. B. G., & Fuelagan,
J. R. (2025). Hourly prediction of
irradiance and temperature using recurrent
neural networks and gaussian process

models. Tecnura.
https://doi.org/10.14483,/22487638.2383
6

Riyahi, A., Mestari, M., & Bouihi, B. (2026).
Data-driven and physics-informed neural
networks for structural health monitoring
of the Z24 bridge. Journal of the Civil
Engineering Forum.
https://doi.org/10.22146/jcef.24173

Sang, S., Qu, F., & Nie, P. (2025). Ensembles of
gradient boosting recurrent neural network
for time series data prediction. IEEE Access.
https://doi.org/10.1109/ACCESS.2021.3
082519

Saraswathi, S. (2025). Cross-domain anomaly
detection in wireless sensor networks using
hybrid deep transfer learning. 2025 11th
International Conference on Smart Computing
and Communications (ICSCC).
https://doi.org/10.1109/1CSCC66177.20
25.11233287

Shahi, S., Fenton, F., & Cherry, E. (2022).
Prediction of chaotic time series using
recurrent neural networks and reservoir
computing techniques: A comparative
study. Machine Learning with Applications.
https://doi.org/10.1016/j.mlwa.2022.100
300

Shao, Y., Chao, Q., Xia, P., & Liu, C. (2024).
Fault severity recognition in axial piston
pumps using attention-based adversarial
discriminative domain adaptation neural

network. Physica Scripta.
https://doi.org/10.1088,/1402-
4896/ad38ea

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1946


https://doi.org/10.1177/14759217221142174
https://doi.org/10.1177/14759217221142174
https://doi.org/10.1109/SEFET65155.2025.11254990
https://doi.org/10.1109/SEFET65155.2025.11254990
https://doi.org/10.3390/math13172746
https://www.semanticscholar.org/paper/8d3cbe914c534aa790171ee89e0ec5542db3dfc0
https://www.semanticscholar.org/paper/8d3cbe914c534aa790171ee89e0ec5542db3dfc0
https://www.semanticscholar.org/paper/8d3cbe914c534aa790171ee89e0ec5542db3dfc0
https://doi.org/10.1177/10775463231166428
https://doi.org/10.1177/10775463231166428
https://doi.org/10.1109/ICCES67310.2025.11337208
https://doi.org/10.1109/ICCES67310.2025.11337208
https://doi.org/10.14483/22487638.23836
https://doi.org/10.14483/22487638.23836
https://doi.org/10.22146/jcef.24173
https://doi.org/10.1109/ACCESS.2021.3082519
https://doi.org/10.1109/ACCESS.2021.3082519
https://doi.org/10.1109/ICSCC66177.2025.11233287
https://doi.org/10.1109/ICSCC66177.2025.11233287
https://doi.org/10.1016/j.mlwa.2022.100300
https://doi.org/10.1016/j.mlwa.2022.100300
https://doi.org/10.1088/1402-4896/ad38ea
https://doi.org/10.1088/1402-4896/ad38ea

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

Shrestha, B., Tuladhar, R., Shrestha, R., &
Paudel, S. (2026). NEPSE STOCK INDEX
PREDICTION USING LSTM: A deep
learning approach utilizing recurrent
neural networks. International Journal of
Educational Practices and Engineering(IJEPE).
https://doi.org/10.70504/ijepe.v3il.1556
5

Sinkittiyanont, S., & Ratanasumawong, C.
(2024). Fault diagnosis of rolling element
bearing from vibration signal using one

dimensional convolutional neural networks.

International Joint Conference on Computer

Science and Software Engineering.
https://doi.org/10.1109/JCSSE61278.202
4.10613660

Skowron, M., Frankiewicz, O., Jarosz, J. ].,
Wolkiewicz, M., Dybkowski, M., Weisse, S.,
Valire, J., Wylomanska, A., Zimroz, R., &
Szabat, K. (2024). Detection and
classification of rolling bearing defects
using direct signal processing with deep
convolutional neural network. Electronics.
https://doi.org/10.3390/electronics 13091
722

Slimane, J. (2024). Deep hybrid neural networks
for prediction missing segments in sSEMG
time series data. International Journal on
Information ~ Technologies and  Security.
https://doi.org/10.59035/pymn 1827

Tandale, S., & Stoffel, M. (2023). Recurrent and
convolutional neural networks in structural
dynamics: A modified attention steered
encoder-decoder architecture versus LSTM
versus GRU versus TCN topologies to
predict the response of shock wave-loaded

plates. Computational Mechanics.
https://doi.org/10.1007/s00466-023-
023178

Tang, T., Liu, Z., Qiu, C., Chen, M., & Yu, Y.
(2024). Transfer learning for bearing fault
diagnosis based on graph neural network
with dilated KNN and adversarial
discriminative domain adaptation.

Measurement  Science  and  Technology.
https://doi.org/10.1088/1361-
6501/ad3016

Thotakura, N. L., Jiang, Z., & Liu, Y. (2024).
Time series prediction of power system
events using LSTM, GRU, and transformer
networks to  increase = computation
efficiency. IEEE Power & Energy Society
General Meeting.
https://doi.org/10.1109/PESGM51994.20
24.10688391

Tokgoz, G., & Sicacik, E. A. (2025). Natural
frequency  identification  in  noisy
environments: A topology-enhanced
approach  using deep learning and
clustering algorithms. Structural Control &
Health Monitoring.
https://doi.org/10.1155/stc/1007014

Trujillo-Franco, L. G., Silva-Navarro, G., Beltran-
Carbajal, F., Campos-Mercado, E., &
Abundis-Fong, H. F. (2020). On-line modal
parameter identification applied to linear
and  nonlinear  vibration absorbers.
Actuators.
https://doi.org/10.3390/act9040119

Vasan, V., Sridharan, N., Sreelatha, A. P, &
Vaithiyanathan, S. (2023). Tire condition
monitoring using transfer learning-based
deep neural network approach. Italian
National Conference on Sensors.
https://doi.org/10.3390/s23042177

Venanzi, 1., Giglioni, V., & Ubertini, F. (2025).
A transfer learning strategy for SHM of
roadway bridges via domain adversarial
neural networks. IABSE ~ Reports.
https://doi.org/10.2749/toky0.2025.1976

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1947


https://doi.org/10.70504/ijepe.v3i1.15565
https://doi.org/10.70504/ijepe.v3i1.15565
https://doi.org/10.1109/JCSSE61278.2024.10613660
https://doi.org/10.1109/JCSSE61278.2024.10613660
https://doi.org/10.3390/electronics13091722
https://doi.org/10.3390/electronics13091722
https://doi.org/10.59035/pymn1827
https://doi.org/10.1007/s00466-023-02317-8
https://doi.org/10.1007/s00466-023-02317-8
https://doi.org/10.1088/1361-6501/ad3016
https://doi.org/10.1088/1361-6501/ad3016
https://doi.org/10.1109/PESGM51994.2024.10688391
https://doi.org/10.1109/PESGM51994.2024.10688391
https://doi.org/10.1155/stc/1007014
https://doi.org/10.3390/act9040119
https://doi.org/10.3390/s23042177
https://doi.org/10.2749/tokyo.2025.1976

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal
ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972
Volume 3 ¢ Issue 5 * September 2026

Wan, J., Yar, K.-P., Low, M. Y. H., Xu, C., Doan, Wang, Z., Sun, Y., Li, ], & Song, Z. (2024).

N. C. N., Ng, H., & Wang, W. (2026). PI-
FSL: Physics-informed few-shot domain
adaptation for robust cross-domain

Modal parameter identification and
damage  localization = of  composite

helicopter rotor blades based on AR/PR

condition monitoring. Technologies. identification.  International  Journal of

https://doi.org/10.3390/technologies 1403 Aerospace Engineering.

0167 https://doi.org/10.1155/2024/5716604
Wang, C., Chen, D., Chen, J., Lai, X., & He, T. Weerakody, P. B., Wong, K. W., & Wang, G.

(2021). Deep regression adaptation
networks with modelbased transfer
learning for dynamic load identification in

(2022). Cyclic gate recurrent neural
networks for time series data with missing
values. Neural Processing Letters.

the frequency domain.  Engineering https://doi.org/10.1007/s11063-022-
Applications  of  Artificial  Intelligence. 10950-2

https://doi.org/10.1016/]. ENGAPPAIL20 Wei, X., Zhang, L., Yang, H.-Q., Zhang, L., &
21.104244 Yao, Y. (2021). Machine learning for pore-

Wang, J., Fu, G., & Savi¢, D. A. (2025). Transfer
learning with graph neural networks for
pressure estimation in monitoringlimited

water pressure time-series prediction: Application
of recurrent neural networks.

https://doi.org/10.1016/j.gs£.2020.04.011

water distribution networks. Water Research. Wu, T., Peng, F., Mao, Y., Wang, G., Zhao, Y., &

https://doi.org/10.1016/j.watres.2025.124
475

Wang, J., Liu, Y., Yang, K., Rong, F., & Liu, C.
(2025). Fault diagnosis via deep transfer
learning with multi-scale feature extraction
and multi-layer domain adaptation. 2025
International ~ Conference on  Equipment

Jian, Y. (2025). An interpretable
multivariate time series prediction method
based on VSN-GRU. 2025 IEEE 20th
Conference on Industrial Electronics and
Applications (ICIEA).
https://doi.org/10.1109/ICIEA65512.202
5.11148885

Intelligent  Operation and  Maintenance Xia, Y., Li, H., Fan, Z., & Xiao, J. (2021). Modal

(ICEIOM).
https://doi.org/10.1109/ICEIOM65271.2
025.11239780

Wang, K., & He, M. (2025). Structural damage

identification of hydraulic structures via

parameter identification based on hilbert
vibration decomposition in vibration
stability of bridge structures. Advance in
Ciwil Engineering.
https://doi.org/10.1155/2021/6688686

multisource data fusion and deep learning. Xiong, P., Chen, H., Zhang, S., He, S., & Qian, L.

2025 International Conference on Artificial
Intelligence and Engineering Management
(ICAIEM).
https://doi.org/10.1109/ICAIEM66060.2
025.11139240

Wang, Z., Jahanshahi, M. R., Lund, A., Shahriar,
A., & Montoya, A. (2025). Structural
damage identification using  physics-
informed neural network and transfer
learning. Proceedings of the 15th International
Workshop on Structural Health Monitoring.
https://doi.org/10.12783/shm2025/3748
9

(2026). A multi-scale attention-fused
domain adaptation network for robust
robotic grinding condition monitoring.
Machines.
https://doi.org/10.3390/machines 140303
07

https://ijournalar.com | Khan & Ahsraf, 2026 | Page 1948


https://doi.org/10.3390/technologies14030167
https://doi.org/10.3390/technologies14030167
https://doi.org/10.1016/J.ENGAPPAI.2021.104244
https://doi.org/10.1016/J.ENGAPPAI.2021.104244
https://doi.org/10.1016/j.watres.2025.124475
https://doi.org/10.1016/j.watres.2025.124475
https://doi.org/10.1109/ICEIOM65271.2025.11239780
https://doi.org/10.1109/ICEIOM65271.2025.11239780
https://doi.org/10.1109/ICAIEM66060.2025.11139240
https://doi.org/10.1109/ICAIEM66060.2025.11139240
https://doi.org/10.12783/shm2025/37489
https://doi.org/10.12783/shm2025/37489
https://doi.org/10.1155/2024/5716604
https://doi.org/10.1007/s11063-022-10950-2
https://doi.org/10.1007/s11063-022-10950-2
https://doi.org/10.1016/j.gsf.2020.04.011
https://doi.org/10.1109/ICIEA65512.2025.11148885
https://doi.org/10.1109/ICIEA65512.2025.11148885
https://doi.org/10.1155/2021/6688686
https://doi.org/10.3390/machines14030307
https://doi.org/10.3390/machines14030307

INTERNATIONAL JOURNAL OF ADVANCED RESEARCH

International Peer-Reviewed Research Journal

ISSN (Online): 3106-7980 | ISSN (Print): 3106-7972

Volume 3 ¢ Issue 5 * September 2026

Xu, Y., & Sun, B. (2021). Multiscale dense
convolutional networks for intelligent fault
diagnosis of rolling bearing. International
Conferences on Dependable Systems and Their
Applications.
https://doi.org/10.1109/DSA52907.2021.
00020

Yang, C. (2025). Optimizing stock price
prediction with deep recurrent neural
networks: From RNN to peephole LSTM.
Proceedings of the 2025 2nd International
Conference on Big Data and Digital
Management.
https://doi.org/10.1145/3768801.376887
6

Yilmaz, E., & Bekemeyer, P. (2025). Predicting
onflow parameters using transfer learning
for domain and task adaptation. Aerospace
Science and Technology.

https://doi.org/10.48550/arXiv.2506.147
84

Zhang, C., Shu, J.-H., Guo, Y., Xu, Y., & Niu, Y.
(2023). DEEP LEARNING-BASED
AUTOMATIC BLIND
IDENTIFICATION PROCEDURE FOR
STRUCTURAL MODAL
IDENTIFICATION. Proceedings of the 14th
International Workshop on Structural Health
Monitoring.
https://doi.org/10.12783/shm2023,/3689
0

Zhang, M., Guo, T., Zhang, G., Liu, Z., & Xu, W.
(2023). Physics-informed deep learning for
structural vibration identification and its
application on a benchmark structure.

Philosophical Transactions of the Royal Society
A.
https://doi.org/10.1098/rsta.2022.0400

Zheng, L., & Yi, H. (2023). Circulation pump
bearing fault diagnosis research based on
BAM-CNN model and CWT processing
time-frequency map. 2023 CAA Symposium
on Fault Detection, Supervision and Safety for
Technical Processes (SAFEPROCESS).
https://doi.org/10.1109/SAFEPROCESS
58597.2023.10295637

Zhong, K., Zhang, W., Fan, Z., & Huang, D.
(2026). Handling condition-aware noise
and outlier disparities: A transfer learning
framework for robust cross-domain process
monitoring. IEEE Transactions on Artificial
Intelligence.
https://doi.org/10.1109/TAI.2026.36561
26

Zhou, H., Schertzer, D., & Tchiguirinskaia, I.
(2025). Combining recurrent neural
networks with
decomposition and multifractals to predict

variational mode

rainfall time series. Hydrology and Earth

System Sciences.
https://doi.org/10.5194/hess-29-4437-
2025

https://ijournalar.com

| Khan & Ahsraf, 2026 |

Page 1949


https://doi.org/10.1109/DSA52907.2021.00020
https://doi.org/10.1109/DSA52907.2021.00020
https://doi.org/10.1145/3768801.3768876
https://doi.org/10.1145/3768801.3768876
https://doi.org/10.48550/arXiv.2506.14784
https://doi.org/10.48550/arXiv.2506.14784
https://doi.org/10.12783/shm2023/36890
https://doi.org/10.12783/shm2023/36890
https://doi.org/10.1098/rsta.2022.0400
https://doi.org/10.1109/SAFEPROCESS58597.2023.10295637
https://doi.org/10.1109/SAFEPROCESS58597.2023.10295637
https://doi.org/10.1109/TAI.2026.3656126
https://doi.org/10.1109/TAI.2026.3656126
https://doi.org/10.5194/hess-29-4437-2025
https://doi.org/10.5194/hess-29-4437-2025

