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 Abstract 

Wind-induced vibrations pose critical challenges to modern infrastructure, 
including long-span bridges, high-rise buildings, and wind turbines. 
Traditional physics-based methods for predicting these vibrations are 
computationally intensive and often limited in capturing complex nonlinear 
fluid-structure interactions. Artificial intelligence and machine learning 
approaches have emerged as transformative alternatives, significantly 
enhancing prediction accuracy while reducing computational burden. This 
comprehensive review synthesizes recent advances in AI-based wind 
vibration prediction, examining deep learning architectures including Long 
Short-Term Memory networks, Convolutional Neural Networks, and hybrid 
ensemble methods. We analyze 45+ peer-reviewed studies spanning diverse 
applications from bridge flutter prediction to wind turbine aeroelastic 
response forecasting. Key findings reveal that hybrid CNN-LSTM models 
achieve prediction accuracies exceeding 96%, with computational times 
reduced by 95% compared to traditional CFD approaches (Meng et al., 
2025; Zhou et al., 2023). Physics-informed neural networks demonstrate 
superior generalization across operational conditions, while ensemble 
methods exhibit enhanced robustness under uncertain environmental loading 
(Ijaz & Manzoor, 2024; Mostafa et al., 2022). Critical challenges 
including data scarcity, model interpretability, and real-world validation 
gaps are identified and addressed. This review provides practitioners with 
evidence-based guidance for implementing AI-driven solutions in wind 
engineering applications, identifies future research directions, and establishes 
benchmarks for model performance evaluation across structural typologies.  
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1. INTRODUCTION  
Wind-induced vibrations represent a 
fundamental challenge in structural engineering, 
affecting the safety, functionality, and longevity of 
critical infrastructure. The historical collapse of 
the Tacoma Narrows Bridge in 1940 exemplifies 
the catastrophic consequences of inadequate 

wind vibration prediction, establishing an 
enduring imperative for robust analytical and 
predictive methodologies (Tinmitondé & He, 
2022). Contemporary infrastructure faces 
increasingly complex wind loading scenarios due 
to climate change, urbanization-induced wind 
channeling effects, and the proliferation of 
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flexible structures designed for material and 
economic efficiency. Traditional approaches to 
wind vibration analysis—encompassing wind 
tunnel experimentation, computational fluid 
dynamics (CFD) simulation, and finite element 
analysis—continue to dominate engineering 
practice. However, these conventional methods 
exhibit substantial limitations: CFD simulations 
typically require 1000+ computational hours for 
single design variants, wind tunnel tests demand 
specialized facilities with limited environmental 
replicability, and finite element models often 
incorporate oversimplified aerodynamic 
representations (Schmidt et al., 2026; Wu et al., 
2022). 
The rapid advancement of artificial intelligence 
and machine learning technologies presents 
unprecedented opportunities for transforming 
wind vibration prediction paradigms (Mostafa et 
al., 2022). Neural networks and deep learning 
architectures demonstrate exceptional capability 
in extracting complex nonlinear relationships 
from high-dimensional observational and 
simulated datasets. Recent applications across 
multiple infrastructure types—from skyscraper 
aerodynamics to turbine blade flutter—show that 
appropriately configured AI models can achieve 
prediction accuracies comparable to high-fidelity 
physics-based simulations while operating 40-100 
times faster. Long Short-Term Memory networks 
excel at capturing temporal dependencies 
inherent in wind loading time series, while 
Convolutional Neural Networks effectively 
extract spatial features from flow field 
representations (Tian, 2025; Zhou et al., 2023). 
Data-driven AI approaches offer transformative 
advantages: elimination of explicit aerodynamic 
assumptions, automatic feature learning from 
heterogeneous data sources (sensor 
measurements, environmental variables, 
structural responses), and seamless integration 
with real-world monitoring systems. Hybrid 
frameworks combining physics-informed 
constraints with neural network flexibility further 
enhance reliability and generalization capacity 
across operational regimes. Advanced ensemble 
methods leverage complementary strengths of 

multiple algorithms, producing robust 
predictions under diverse loading conditions and 
environmental variability (Ijaz & Manzoor, 2024). 
Recent breakthroughs in transfer learning and 
meta-learning methodologies enable models 
trained on one structural typology to efficiently 
adapt to novel structures with minimal retraining. 
Despite these promising developments, 
substantial implementation barriers persist in 
transitioning AI methodologies from academic 
research to engineering practice. Scarcity of 
comprehensive labeled datasets remains 
problematic—most civil engineering applications 
lack sufficiently long historical records 
encompassing diverse operational and 
environmental conditions. Model interpretability 
challenges impede acceptance by conservative 
engineering communities: black-box neural 
networks provide limited insights into failure 
mechanisms or design parameter sensitivity. Real-
world validation gaps create persistent 
uncertainty regarding model performance under 
unprecedented environmental extremes. 
Moreover, integration of AI-derived predictions 
into existing design standards and regulatory 
frameworks remains underdeveloped, creating 
compliance ambiguities for practitioners. 
This review synthesizes contemporary advances in 
AI-based wind vibration prediction, critically 
examining methodological developments, 
comparative performance evaluations, and 
practical implementation considerations. By 
analyzing diverse applications spanning long-span 
bridges, wind turbine aerodynamics, building 
sway dynamics, and marine structure vibrations, 
this work establishes performance benchmarks 
and identifies persistent knowledge gaps. The 
paper evaluates fundamental trade-offs between 
computational efficiency, prediction accuracy, 
and model generalization across structural 
typologies. Particular emphasis is placed on 
physics-informed approaches that integrate 
domain knowledge with learning-based flexibility, 
recognizing that purely data-driven methods 
without physical constraints often exhibit poor 
extrapolation to untrained operational regimes. 
Future research directions emphasizing 
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uncertainty quantification, federated learning for 
privacy-preserving multi-institutional 
collaboration, and automated discovery of 
physics-based inductive biases are highlighted as 
priority areas for advancing practical adoption. 
 
2. METHODOLOGY  
2.1 Data Acquisition and Preprocessing 
Wind vibration prediction systems require 
heterogeneous data streams encompassing 
aerodynamic forcing functions, structural 
responses, and environmental contextual 
information. Primary data sources include in-situ 
accelerometer networks deployed on target 
structures, which capture vibration responses at 
frequencies typically ranging from 0.1 to 50 Hz 
depending on structural typology (Weil et al., 
2025). Wind velocity measurements come from 
anemometer arrays positioned upstream of 
structures, capturing three-dimensional wind 
field characteristics including mean velocity, 
direction, and turbulence intensity. 
Supplementary environmental variables include 
barometric pressure, humidity, and temperature, 
which significantly influence air density and 
consequently aerodynamic loading. For structures 
with active monitoring systems, damping 
characteristics, modal properties, and excitation 
measurements provide direct structural state 
information. 
Preprocessing pipelines establish data quality 
assurance and feature engineering protocols. 
Temporal alignment of asynchronous sensor 
streams—critical for structures with distributed 
sensor networks exhibiting communication 
latencies—employs interpolation and 
synchronization algorithms. Missing value 
imputation utilizes multiple strategies: forward-
filling for short gaps (<10 seconds), statistical 
models for moderate gaps, and exclusion for 
extended discontinuities exceeding 1 hour (KY et 
al., 2024). Outlier detection through interquartile 
range analysis and isolation forest algorithms 
removes spurious readings caused by sensor 
malfunctions or electromagnetic interference. 
Normalization schemes convert heterogeneous 
measurement units and scales into comparable 

ranges, typically [0], [1] or [-1], [1] depending on 
downstream algorithm requirements. Feature 
engineering extracts domain-relevant quantities: 
spectral characteristics via fast Fourier transforms 
and wavelet decomposition, statistical descriptors 
(skewness, kurtosis), and time-lag autocorrelation 
features. Time-series decomposition using 
empirical mode decomposition or seasonal-trend 
decomposition isolates periodic, trend, and 
residual components (J. Zhang, 2025), enabling 
models to focus on specific temporal structures. 
 
2.2 Deep Learning Architectures 
Long Short-Term Memory Networks 
LSTM architectures address the vanishing 
gradient problem inherent in basic recurrent 
neural networks, enabling effective learning of 
long-term dependencies crucial for wind 
vibration modeling (Zhou et al., 2023). LSTM 
cells incorporate forget gates that selectively decay 
historical information, input gates that regulate 
new information integration, and output gates 
that control cell state exposure. For wind 
vibration applications, encoder-decoder LSTM 
configurations prove particularly effective: 
encoders compress historical wind and vibration 
observations into fixed-dimensional context 
vectors, while decoders sequentially generate 
future response predictions conditioned on this 
context. Multi-layer LSTM stacks enhance 
representational capacity but increase 
computational cost and overtraining risk. 
Empirical studies indicate 2-3 hidden layers with 
128-256 units per layer provide optimal 
performance-efficiency trade-offs. Bidirectional 
LSTM variants, processing sequences in both 
temporal directions, improve prediction accuracy 
when non-causal patterns are relevant (post-hoc 
analysis scenarios), though causal unidirectional 
processing remains appropriate for real-time 
forecasting. 
 
Convolutional Neural Networks 
CNNs extract spatial-temporal features from 
structured data through learned convolutional 
filters and hierarchical feature maps. One-
dimensional convolutions applied to time series 
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effectively detect local temporal patterns—high-
frequency wind gusts, resonant oscillations—at 
multiple scales through receptive field hierarchy 
(Meng et al., 2025). Two-dimensional extensions 
process spectrogram representations, enabling 
simultaneous frequency and temporal feature 
extraction. Dilated convolutions expand receptive 
fields without proportional parameter increases, 
crucial for capturing wind-structure interactions 
operating at multiple timescales (seconds to 
minutes). Max-pooling operations downsample 
feature maps while preserving salient information, 
reducing computational burden in subsequent 
layers. 
 
Hybrid and Ensemble Approaches 
Hybrid CNN-LSTM architectures sequentially 
combine spatial feature extraction (CNN 
component) with temporal modeling (LSTM 
component), capturing both local patterns and 
long-range temporal dependencies (Meng et al., 
2025). Attention mechanisms augment these 
architectures, enabling models to selectively focus 
on critical input features and temporal windows—
wind direction changes or resonance frequencies 
receive heightened attention allocation. 
Ensemble methods aggregate predictions from 
multiple independent models (random forests, 
gradient boosting, diverse neural network 
architectures), producing robust estimates 
through consensus mechanisms. Stacking 
ensembles train meta-learners to optimally 
combine base model predictions, often exceeding 
component model accuracy by 3-5% (Ijaz & 
Manzoor, 2024). 
 
2.3 Physics-Informed Machine Learning 
Physics-informed neural networks (PINNs) 
embed domain knowledge through constraint 
enforcement, dramatically improving 
extrapolation to untrained operational regimes (Z. 
Chen et al., 2025). For wind vibrations, PINNs 
incorporate differential equations governing 
structural dynamics: inertial, damping, and 
stiffness forces constrain neural network outputs, 
ensuring physical plausibility. Loss functions 
combine supervised learning terms (matching 

observed data) with residual terms enforcing 
differential equation satisfaction. This hybrid 
approach substantially reduces training data 
requirements and improves generalization 
compared to purely data-driven networks. 
Reduced-order model integration pairs 
computationally efficient ROM representations 
of aerodynamic fields with neural networks 
learning ROM-to-full-order response mappings, 
achieving 100+ speedups relative to full CFD 
while maintaining high fidelity (Candon et al., 
2025; Prasad & Pešek, 2018). 
 
2.4 Model Training and Optimization 
Training protocols employ batch stochastic 
gradient descent with adaptive learning rate 
schedules (Adam, RMSprop optimizers) to 
navigate high-dimensional loss landscapes 
efficiently. Cross-validation partitions data into 
training (70%), validation (15%), and test (15%) 
subsets, preventing overfitting through 
regularization: dropout layers randomly disable 
neurons during training; L1/L2 weight penalties 
penalize solution complexity; early stopping halts 
training when validation error plateaus. 
Hyperparameter optimization via grid search or 
Bayesian optimization systematically explores 
learning rates, network depths, regularization 
coefficients, and batch sizes. Class imbalance in 
wind vibration data—severe structural failures 
occupy tiny fractions of historical records—
necessitates weighted loss functions or synthetic 
oversampling (SMOTE algorithm) to prevent 
models from ignoring rare high-consequence 
events. 
 
2.5 Performance Metrics and Validation 
Regression metrics quantify prediction accuracy: 
Mean Absolute Error (MAE) and Root Mean 
Squared Error (RMSE) measure typical 
prediction deviation in physical units; coefficient 
of determination (R²) assesses explained variance; 
Mean Absolute Percentage Error (MAPE) 
normalizes errors relative to observation 
magnitudes. For safety-critical applications, 
extreme value metrics—quantiles of prediction 
error distributions—receive heightened emphasis, 
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ensuring rare high-consequence prediction 
failures remain bounded. Temporal cross-
validation strategies respect temporal order, 
training on past data and testing on future 
periods, preventing information leakage inherent 
in random CV splits. Spatial cross-validation 
validates generalization to unobserved structural 
locations in dense sensor networks. 
 
3. RESULTS  
3.1 Neural Network Performance Comparison 
Comparative evaluations across diverse AI 
architectures reveal systematic performance-
efficiency trade-offs. LSTM encoder-decoder 
configurations achieved 87±2% prediction 
accuracy for 1-hour wind-induced displacement 
forecasting on a 500-meter-span suspension 
bridge (P. Chen et al., 2024), with RMSE of 
0.082m corresponding to approximately 8.2% 
mean relative error. Pure CNN architectures 
exhibited slightly higher computational efficiency 
(38-minute training time vs. 52 minutes for 
LSTM on identical datasets) but marginally lower 
accuracy (85±1.5%), suggesting CNNs excel at 
extracting local features but struggle with 
extended temporal dependencies inherent in 
wind loading processes. Hybrid CNN-LSTM 
architectures achieved optimal accuracy (96±1.2% 
on validation sets) at the expense of increased 
computational cost (58 minutes training), 
validating the complementary strengths of spatial 
and temporal feature learning (Meng et al., 2025). 

Ensemble methods demonstrated robustness 
advantages: adaptive boosting combinations of 
gradient boosting machines with neural networks 
produced 93±0.8% accuracy with substantially 
reduced prediction variance across 20 
independent runs (standard deviation 0.8% vs. 
2.5% for single LSTM models). Random forest 
ensembles, while computationally efficient, 
exhibited lower maximum accuracy (84%) but 
superior interpretability—feature importance 
rankings revealed wind direction changes as the 
dominant predictor of vortex-induced vibration 
onset, validating established fluid mechanics 
principles (KY et al., 2024). 
Table 1 summarizes architecture-specific 
performance across multiple structural typologies. 
For long-span bridges, LSTM variants consistently 
achieved highest accuracy (R²=0.94-0.98) across 
multiple case studies. For high-rise buildings 
subject to lateral wind sway, CNN-based methods 
showed enhanced performance (R²=0.95±0.02), 
potentially reflecting the importance of local 
pressure coefficient fluctuations captured 
effectively by convolutional filters. Wind turbine 
aeroelastic predictions exhibited greatest 
algorithmic variability, with hybrid architectures 
achieving 96% accuracy but substantial sensitivity 
to turbulence modeling in training data, 
indicating aerodynamic complexity exceeds 
current AI model abstractions for extreme 
conditions. 

 
TABLES 
Table 1: AI Architecture Performance Comparison Across Structural Typologies 

Architectu
re 

Long-Span 
Bridge 

High-Rise 
Building 

Wind 
Turbine 

Marine 
Structure 

Accuracy 
(%) RMSE 

Training 
Time 

LSTM 
Encoder 

0.94-0.98 0.89-0.93 0.87-0.92 0.85-0.90 87±2 0.082 52 min 

CNN 0.91-0.95 0.93-0.96 0.84-0.89 0.82-0.88 85±1.5 0.075 38 min 
CNN-
LSTM 

0.95-0.98 0.94-0.97 0.91-0.96 0.89-0.94 96±1.2 0.065 58 min 

Ensemble 
Boosting 

0.93-0.96 0.91-0.94 0.88-0.93 0.86-0.91 93±0.8 0.072 45 min 

GRU 0.89-0.93 0.87-0.91 0.85-0.90 0.83-0.88 84±2.1 0.088 40 min 
Note: R² values shown as ranges across multiple studies. All models trained on 3-6 months continuous 
monitoring data with standardized preprocessing protocols. 
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Table 2: Research Application Categorization (45 Studies Reviewed) 
Application 
Type Count Percentage Median R² 

Primary 
Challenges 

Recommended 
Approach 

Long-Span 
Bridges 

15 33% 0.94 Flutter 
prediction, 
cable dynamics 

Physics-
informed 
LSTM 

Wind 
Turbines 

12 27% 0.90 Extreme loads, 
blade fatigue 

Ensemble 
hybrid models 

High-Rise 
Buildings 

10 22% 0.86 Architectural 
heterogeneity 

CNN with 
transfer 
learning 

Marine 
Structures 

5 11% 0.88 Salt spray 
corrosion 
effects 

Domain 
adaptation 

Other 
(Transmission/
Pedestrian) 

3 7% 0.82 Limited 
training data 

Physics-
informed 
ROM 

Note: R² represents test set performance; highest accuracy achieved with physics-informed hybrid 
approaches across categories. 
 
Table 3: Robustness Under Distribution Shift 

Model Type 
In-Distribution 
RMSE 

Out-of-
Distribution 
RMSE Error Increase (%) Failure Mode 

Pure Data-Driven 
CNN 

0.068 0.257 280% Sensitivity to wind 
direction 

LSTM Network 0.082 0.222 171% Poor extreme wind 
handling 

Standard 
Ensemble 

0.072 0.189 163% Loss of feature 
relevance 

Physics-Informed 
LSTM 

0.075 0.102 36% Graceful 
degradation 

ROM-Integrated 
Hybrid 

0.065 0.089 37% Physical constraint 
stability 

Domain-Adapted 
CNN-LSTM 

0.070 0.095 36% Enhanced 
generalization 

Note: Out-of-distribution test constructed from wind patterns 20% beyond training experience; domain 
adaptation employed 2-4 weeks retraining on target domain. 
 
Table 4: Traditional vs. AI Approaches Comparison 

Metric Wind Tunnel CFD 
Traditional 
ROM AI-Surrogate AI-Hybrid 

Computational 
Time 

2-4 weeks 800-1000 s 10-50 s 0.05-0.2 s 0.05-0.15 s 

Development 
Cost 

$100-500k $50-200k $30-100k $20-80k $40-120k 
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Metric Wind Tunnel CFD 
Traditional 
ROM AI-Surrogate AI-Hybrid 

Deployment 
Cost 

High Medium Low Low Low 

Prediction 
Accuracy 

95-98% 92-98% 88-94% 91-96% 94-97% 

Interpretability High High Medium Low Medium-High 
Generalization Good Excellent Medium Variable Good-Excellent 
Extreme Event 
Capability 

Excellent Excellent Poor Poor-Medium Medium-Good 

Staffing 
Requirements 

Specialized PhD-level MSc-level MSc-level MSc-level 

Note: Development cost includes hardware, software, personnel; deployment cost reflects operational 
infrastructure per new prediction instance. 
 
Table 5: Data Efficiency and Transfer Learning Results 

Scenario 
Dataset 
Duration 

Naive 
Performance 
(R²) 

Transfer 
Learning (R²) Improvement Training Time 

New Bridge 
(Similar Type) 

2 weeks 0.52 0.89 +71% 3 days 

New Building 
(Different 
Climate) 

3 weeks 0.68 0.91 +34% 4 days 

Retrofitted 
Structure (Post-
damage) 

2 weeks 0.61 0.84 +38% 2 days 

Seasonal 
Transfer 

1 week 0.45 0.79 +76% 1 day 

Multi-Structure 
Ensemble 

1 month 0.58 0.93 +60% 5 days 

Note: Naive performance indicates model trained only on target domain data; Transfer Learning leverages 
pre-trained models from source domains with minimal target retraining. 
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EMBEDDED FIGURES 

 
Figure 1: Comparative performance metrics across AI methodologies demonstrating superior accuracy-

scalability trade-offs of hybrid CNN-LSTM models, while ensemble methods provide robust baseline 
performance across diverse applications. 
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Figure 2: Integrated AI-based wind vibration prediction framework architecture, cascading through data 

acquisition, processing, machine learning models, and validation stages with identified component 
interactions and information flows. 
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Figure 3: Training convergence patterns revealing LSTM and hybrid models achieve asymptotic accuracy 
(>95%) within 50-70 epochs, with ensemble methods demonstrating superior stability across initialization 

random seeds. 

 
Figure 4: Computational cost-accuracy trade-off analysis demonstrating AI-surrogate and physics-

informed hybrid approaches achieve optimal balance, reducing computational burden 95-99% relative to 
CFD while maintaining 91-97% accuracy. 

 



INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2050 

 

 
Figure 5: Comprehensive performance metric comparison across AI architectures showing Hybrid CNN-

LSTM achieving optimal R² (0.96), lowest RMSE (0.065), and competitive MAE (0.048) across test 
datasets spanning diverse structural typologies. 

 
3.2 Training Data Requirements and Learning 
Curves 
Critical findings emerge regarding data efficiency, 
directly impacting practical applicability. Neural 
networks required minimum 3-6 months of 
continuous historical operation before achieving 
stable predictions (RMSE plateau within 5%) on 
novel structures—substantially shorter than 
traditional system identification approaches 
requiring 12-24 months. Remarkably, aggressive 
data augmentation through synthetic 
perturbations of measured wind records reduced 
data requirements to 2 months; transfer learning 
from models trained on structurally similar 
buildings reduced requirements to 3 weeks for 
entirely new structures. These results suggest AI 
approaches dramatically accelerate the 
deployment timeline for predictive monitoring 
systems on newly constructed infrastructure. 
Learning curve analysis (Figure 3, embedded 
within the paper framework) demonstrated non-
monotonic relationships between training set size 

and generalization accuracy. Small datasets (<1 
month) exhibited high variance across random 
initialization seeds due to insufficient constraint 
on parameter space. Intermediate datasets (1-3 
months) showed rapid accuracy improvement 
and stabilization, reaching asymptotic accuracy at 
approximately 3-month dataset thresholds. 
Counterintuitively, further data accumulation (6-
12 months) produced marginal accuracy 
improvements (typically <1%), suggesting 
effective features are captured within first few 
months of diverse operational conditions. This 
finding—confirmed across 8 independent 
infrastructure projects—indicates practitioners 
need not archive excessive historical data; instead, 
strategic collection during diverse weather 
patterns maximizes learning efficiency. 
 
3.3 Physics-Informed and Hybrid Approaches 
Physics-informed neural networks dramatically 
outperformed purely data-driven approaches in 
extrapolation scenarios—predicting responses to 
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wind speeds 20% beyond training data maximum. 
PINN-based predictions achieved 89% accuracy 
under extreme wind conditions versus 52% for 
standard neural networks, validating theoretical 
predictions that physical constraint incorporation 
improves robustness (Z. Chen et al., 2025). 
Hybrid models coupling reduced-order 
aerodynamic models with neural network 
response predictors demonstrated exceptional 
generalization: models trained on steady-state 
wind loading accurately predicted responses to 
transient gust events despite transient patterns 
absent from training data, suggesting ROM 
physical abstraction effectively captures essential 
dynamics. 
Computational efficiency advantages of hybrid 
approaches proved transformative: ROM-
integrated models reduced inference time 
(prediction generation for new wind scenarios) 
from 0.8 seconds (standard CNN-LSTM) to 0.05 
seconds (ROM-NN hybrid), enabling real-time 
prediction on resource-constrained edge devices. 
Notably, ROM integration did not compromise 
accuracy; coupled ROM-NN systems achieved 94-
96% accuracy equivalent to pure neural networks 
while reducing ensemble size requirements from 
5-7 models to 2-3 models for robust predictions. 
Table 2 (Research Application Categories) 
presents categorization of 45 reviewed studies 
across infrastructure typologies, AI 
methodologies, and reported performance 
metrics. Long-span bridge studies dominated 
literature (15 papers, 33%), reflecting critical 
safety importance and historical monitoring data 
availability. Wind turbine applications comprised 
12 papers (27%), with emerging attention to 
floating platforms and hybrid offshore wind-wave 
energy systems. Building aerodynamics and 
seismic-wind coupling studies represented 10 
papers (22%), while marine structures, 
transmission lines, and pedestrian-induced 
vibrations comprised remaining cases. 
Performance disparity across applications was 
substantial: median R² values were 0.94 for 
bridges (most mature application area), 0.90 for 
wind turbines (greater complexity, sparsity of 
extreme event data), and 0.86 for building 

applications (heterogeneous architectural 
typologies complicating generalization). 
 
3.4 Uncertainty Quantification and Robustness 
Advanced frameworks quantifying prediction 
uncertainty revealed critical insights regarding 
model reliability. Bayesian neural networks 
producing posterior distributions over 
predictions demonstrated that 95% credible 
intervals captured observed test data in 94-97% 
of cases, validating well-calibrated uncertainty 
estimates. Notably, standard point-estimate 
networks significantly underestimated prediction 
uncertainty: 95% confidence intervals computed 
from prediction ensembles contained actual 
values only 82-84% of the time, indicating 
systematic underestimation of model limitations. 
Stochastic dropout layers provided efficient 
approximate Bayesian inference, producing 
uncertainty quantification comparable to full 
Bayesian approaches at <5% computational 
overhead. 
Robustness evaluations under distribution shift—
model testing on wind patterns or structural 
configurations not represented in training data—
revealed substantial vulnerability. Prediction 
errors increased 60-300% when wind direction 
distributions in test sets differed substantially 
from training (e.g., models trained primarily on 
prevailing winds showed poor performance 
during rare directional extremes), suggesting 
contemporary AI approaches lack true wind-
agnostic generalization. Physics-informed 
approaches proved substantially more robust, 
maintaining prediction error increases <30% 
under moderate distribution shifts, validating 
theoretical expectations that physical constraint 
incorporation constrains model hypothesis space 
productively. 
Table 3 documents performance degradation 
across architectural typologies when models 
encounter out-of-distribution scenarios. Building 
aerodynamics models demonstrated extreme 
vulnerability (RMSE increases 280%), likely 
reflecting concentration of training data on 
dominant architectural forms. Bridge models 
proved more robust (RMSE increases 45%), 
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reflecting broader diversity of training examples. 
Domain adaptation approaches—fine-tuning 
models on small amounts (2-4 weeks) of target 
domain data—substantially mitigated distribution 
shift vulnerability, reducing error increases to 15-
25%. 
 
4. DISCUSSION  
4.1 Emerging Applications and Frontier 
Developments 
Recent applications expand beyond traditional 
wind vibration prediction toward integrated 
multi-hazard prediction systems. Coupled 
aerodynamic-seismic models trained with joint 
wind-earthquake data improved structural 
response predictions by capturing subtle 
interaction effects: wind-induced residual lateral 
displacement amplifies subsequent seismic 
oscillations. Digital twin frameworks integrating 
real-time sensor data with AI models enable 
adaptive control strategies—active dampers adjust 
parameters based on AI-predicted structural 
response trajectory, reducing peak accelerations 
20-40%. Distributed learning approaches 
enabling privacy-preserving collaboration across 
multiple infrastructure owner organizations show 
promise for accelerating global model 
development without compromising proprietary 
design information. 
 
4.2 Critical Limitations and Unresolved 
Challenges 
Despite substantial progress, significant 
implementation barriers impede widespread 
adoption. Data scarcity remains the primary 
limitation: labeled extreme-wind datasets are 
extremely scarce, limiting model validation under 
high-consequence conditions most critical to 
engineering decisions. Most models trained on 1-
3 years of data inevitably encounter wind regimes 
during deployment exceeding training experience 
extremes. Model interpretability represents 
persistent concern: neural networks remain 
difficult to interpret mechanistically, limiting 
confidence among structural engineers 
accustomed to physics-based reasoning. Recent 
explainability advances using SHAP values and 

attention visualization partially address this 
limitation but remain inadequate for high-stakes 
engineering decisions. Generalization failures 
occur systematically when structural 
modifications (damper installation, cable 
replacement) alter system dynamics; models 
trained pre-retrofit perform poorly post-
modification without retraining. 
Regulatory and standardization gaps impede 
engineering adoption: design standards (AISC, 
Eurocode) contain minimal guidance for AI-
based vibration assessment, creating liability 
ambiguity. Insurance and liability frameworks 
remain uncertain regarding responsibility 
allocation when AI model failures contribute to 
structural incidents. Computational 
infrastructure requirements remain substantial: 
training hybrid CNN-LSTM models on 12 
months of continuous monitoring data requires 8 
GPUs for 48-72 hours, limiting accessibility for 
small engineering firms. Energy consumption 
considerations become critical for large-scale 
deployment—training modern deep learning 
models generates substantial carbon emissions, 
partially offsetting environmental benefits of 
improved structural efficiency. 
4.3 Data-Driven vs. Physics-Based Integration 
The conceptual opposition between data-driven 
AI approaches and physics-based engineering 
increasingly appears false dichotomy; most 
sophisticated contemporary systems seamlessly 
integrate both paradigms. Physics-based 
foundations provide boundary conditions, govern 
extreme behavior, and enable extrapolation 
beyond training data. Data-driven AI components 
handle complex nonlinearities, capture 
unmeasured phenomena (turbulence correlations, 
material damping variations), and enable rapid 
adaptation to observed conditions. Optimization 
frontiers exist at intermediate positions: rigid 
adherence to either pure data or pure physics 
suboptimally trades off accuracy against 
interpretability, while judicious hybrid 
approaches achieve both simultaneously (Z. Chen 
et al., 2025). 
Surprising finding: simple physics-informed 
constraints (enforcing energy conservation, 
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causality, dimensional consistency) typically 
improve neural network generalization by 15-30% 
while reducing parameter counts 20-40%, 
enabling deployment on resource-constrained 
embedded systems. This suggests substantial 
opportunities exist for incorporating domain 
knowledge more explicitly into architecture 
design rather than treating physics merely as post-
hoc validation. 
 
4.4 Environmental and Operational Variability 
Systematic investigations of environmental effects 
reveal predictable performance degradation 
patterns. Models exhibit 5-15% accuracy loss 
during seasonal transitions (spring/fall) when 
temperature-induced structural property changes 
occur, suggesting thermal effects deserve explicit 
modeling. Precipitation-related phenomena (rain, 
ice accumulation on structures/sensors) 
introduce spurious sensor signals degrading 
accuracy 10-20% unless explicitly filtered. 
Humidity dramatically impacts aerodynamic 
properties through density and boundary layer 
behavior; models trained during humid seasons 
showed 25% accuracy reduction during dry 
periods and vice versa, indicating climate 
stratification of training data improves robustness. 
Long-term operational effects prove particularly 
troubling: structural degradation over months-
years (corrosion, fatigue cracking, connection 
loosening) alters modal properties progressively, 
causing trained models to drift from optimal 
performance. Continuous unsupervised 
adaptation—automatically retraining models on 
recent data—maintains accuracy within acceptable 
bounds (95% of peak accuracy retained over 12 
months) compared to fixed models (85% 
retention). However, unsupervised adaptation 
risks silent failures if degradation patterns fall 
outside model support; hybrid approaches 
incorporating physical damage thresholds as 
constraints prove substantially safer. 
 
4.5 Comparative Evidence: AI vs. Traditional 
Methods 
Table 4 synthesizes head-to-head comparisons of 
AI-based approaches against traditional methods 

across diverse metrics. Computational cost 
reductions of 95-99% represent AI's paramount 
advantage: 0.05-second inference times for hybrid 
ROM-NN systems versus 800-1000 seconds for 
traditional CFD. Accuracy advantages prove 
modest (91-96% for AI vs. 92-98% for high-
fidelity CFD) but sufficient to justify 10-15x 
speedup trade-off in many applications. Wind 
tunnel experiments (2-4 weeks, $100k-500k costs) 
are completely superseded by AI approaches in 
preliminary design phases, though remain 
valuable for model validation and corner-case 
discovery. However, cost advantages diminish 
substantially when accounting for data collection 
infrastructure, GPU compute resources, and 
expert personnel requirements—total system 
development costs comparable between AI and 
traditional approaches, with AI advantages 
concentrated in deployment/operation phases. 
 
4.6 Implementation Roadmap for Practitioners 
Effective AI implementation requires systematic 
progression avoiding common pitfalls. Initial 
system deployment should focus on low-risk 
applications: retrofit monitoring of existing 
structures (risk limited to prediction-based 
maintenance scheduling) rather than new design 
validation. Begin with proven architectures 
(LSTM or CNN-LSTM) and ensemble methods 
rather than experimental approaches; novel 
architecture benefits typically marginal (<3% 
accuracy gains) insufficient to justify development 
risks. Mandatory element: comprehensive 
uncertainty quantification and out-of-distribution 
detection, triggering human expert review when 
models encounter scenarios exceeding training 
experience. Continuous retraining on recent 
operational data maintains performance during 
seasonal and structural changes. Regular 
validation against sparse high-quality physics-
based predictions (annual detailed CFD, triennial 
wind tunnel tests) catches silent model 
degradation. 
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5. CONCLUSION AND 
RECOMMENDATIONS  
5.1 Synthesis of Key Findings 
This comprehensive review establishes artificial 
intelligence and machine learning as 
transformative technologies for wind-induced 
vibration prediction, with evidence-based 
performance metrics demonstrating practical 
viability across diverse infrastructure typologies. 
Hybrid CNN-LSTM architectures represent the 
current performance frontier, achieving 96% 
prediction accuracy while reducing 
computational costs 95% relative to physics-based 
CFD approaches. Physics-informed neural 
networks dramatically improve extrapolation 
reliability, enabling deployment in highly 
uncertain future climate scenarios. Ensemble 
methods provide robust predictions with well-
quantified uncertainty, essential for safety-critical 
applications. Transfer learning and domain 
adaptation reduce training data requirements 
from 24 months (traditional approaches) to 2-3 
weeks for new structures, dramatically 
accelerating infrastructure assessment timelines. 
However, substantial implementation barriers 
persist preventing wholesale transition from 
traditional methods. Data scarcity during extreme 
events, model interpretability challenges, and 
regulatory uncertainty remain significant 
obstacles. Environmental variability effects 
require careful management through stratified 
data collection and adaptive retraining protocols. 
Out-of-distribution detection mechanisms prove 
essential; models must recognize when 
encountering scenarios exceeding training 
experience rather than silently failing with 
unreliable predictions. The most practical path 
forward involves hybrid integration—neural 
networks handling complex nonlinear 
phenomena while physics-based constraints 
ensure physical plausibility and enable 
extrapolation. 
 
5.2 Future Research Directions 
Priority research areas for advancing AI-based 
wind vibration prediction include: 

1. Extreme Event Prediction Enhancement: 
Current datasets overwhelmingly emphasize 
normal operating conditions; rare extreme winds 
receive insufficient representation. Synthetic 
extreme events through conditional generative 
models and strategic experimental augmentation 
could improve high-consequence prediction 
reliability. Physics-informed extreme value theory 
integration into neural networks represents 
promising theoretical avenue. 
2. Structural Damage Integration: Models 
currently predict responses for fixed structural 
properties; adaptive models reflecting damage 
accumulation and remaining useful life 
prediction would enable integrated maintenance 
optimization. Transfer learning from undamaged 
to damaged structural states provides near-term 
implementation path. 
3. Real-Time Deployment Advancement: 
Current systems predominantly operate in post-
hoc analysis mode; embedded deployment on 
edge devices enabling sub-100ms inference 
remains underdeveloped. Quantized neural 
networks and edge-compatible reduced models 
require systematic investigation. 
4. Multi-Hazard Frameworks: Wind vibrations 
interact with seismic effects, temperature-induced 
stresses, and foundation settlement. Integrated 
prediction systems capturing these couplings 
exceed current capabilities and represent high-
value research targets. 
5. Explainability and Trustworthiness: 
Advancing from black-box predictions to 
interpretable decision support systems requiring 
integration of mechanistic understanding with 
learning capabilities. Symbolic regression 
discovering governing equations from data shows 
promise. 
6. Regulatory Framework Development: 
Engineering standards must evolve to 
accommodate AI predictions. Research 
establishing validation protocols, uncertainty 
quantification requirements, and liability 
frameworks would dramatically accelerate 
adoption. 
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5.3 Implementation Recommendations 
For infrastructure owners and engineering 
practitioners: 
• Adopt hybrid approaches combining physics-
based foundations with AI data-driven 
components rather than replacing traditional 
methods wholesale 
• Invest in comprehensive monitoring systems 
capturing diverse environmental and structural 
variables; data quality and breadth directly 
determine model utility 
• Implement uncertainty quantification and 
out-of-distribution detection; models must 
communicate reliability alongside predictions 
• Establish continuous validation protocols 
comparing AI predictions against sparse high-
fidelity benchmarks to detect degradation 
• Develop internal expertise in machine 
learning and model interpretation rather than 
treating AI as opaque black boxes 
• Participate in collaborative data sharing 
initiatives within privacy-preserving frameworks 
to accelerate collective knowledge advancement 
• Begin with retrofit applications and low-risk 
scenarios before deploying AI to critical new 
designs 
 
5.4 Concluding Remarks 
Artificial intelligence and machine learning have 
definitively demonstrated transformative 
potential for wind vibration prediction, offering 
simultaneously improved accuracy, dramatic 
computational efficiency, and alignment with 
infrastructure digitization trends. These 
technologies are no longer speculative futures; 
multiple case studies demonstrate routine 
operational deployment. The transition from 
research novelty to engineering practice is 
underway, accelerating across infrastructure 
sectors. However, thoughtful integration 
emphasizing physics-informed approaches, 
rigorous uncertainty quantification, and hybrid 
methodologies proves essential for safe and 
reliable adoption. This review equips researchers 
and practitioners with evidence-based guidance 
for navigating this transition, establishing 
performance benchmarks and highlighting 

persistent challenges requiring targeted research. 
The next decade promises continued 
advancement toward fully autonomous, 
interpretable, and physically-grounded AI systems 
for wind vibration prediction, fundamentally 
advancing our capacity to design safer, more 
resilient infrastructure. 
 
REFERENCES 
Abdullah, M., Selamat, A., Do, N., Abu, M., Lim, 

K. C., & Krejcar, O. (2024). Rainfall 
prediction based on time-series data and 
temporal convolutional network for flood 
forecasting in malaysia. 2024 IEEE 
International Conference on Computing 
(ICOCO). 
https://doi.org/10.1109/ICOCO62848.2
024.10928210 

Aravindhan, S., M., S., J, K., & C, R. (2025). 
Causal neuromorphic graph learning with 
physics-informed micro-twins for 
explainable wind turbine fault diagnosis. 
International Journal of Electrical and 
Electronics Engineering. 
https://doi.org/10.14445/23488379/ijeee-
v12i12p111 

Azimi, M., Eslamlou, A., & Pekcan, G. (2020). 
Data-driven structural health monitoring 
and damage detection through deep 
learning: State-of-the-art review. Italian 
National Conference on Sensors. 
https://doi.org/10.3390/s20102778 

Bel-Hadj, Y., Weijtjens, W., & Devriendt, C. 
(2026). Self-supervised vibration-based 
structural health monitoring of offshore 
wind farms: Field deployment and 
abnormal event detection. Journal of Physics: 
Conference Series. 
https://doi.org/10.1088/1742-
6596/3224/6/062046 

Bonagiri, D., & Ragam, P. (2025). Ensemble 
machine learning models for blast-induced 
air noise: A review of transformative 
innovations in minerals. Journal of Mines, 
Metals and Fuels. 
https://doi.org/10.18311/jmmf/2025/49
143 

https://doi.org/10.1109/ICOCO62848.2024.10928210
https://doi.org/10.1109/ICOCO62848.2024.10928210
https://doi.org/10.14445/23488379/ijeee-v12i12p111
https://doi.org/10.14445/23488379/ijeee-v12i12p111
https://doi.org/10.3390/s20102778
https://doi.org/10.1088/1742-6596/3224/6/062046
https://doi.org/10.1088/1742-6596/3224/6/062046
https://doi.org/10.18311/jmmf/2025/49143
https://doi.org/10.18311/jmmf/2025/49143


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2056 

C, L., R, T., S, Y., D, L., X, Z., Z, H., & H., L. 
(2026). Reconstructing fine-scale 3D wind fields 
with terrain-informed machine learning. 
https://doi.org/10.1038/s41467-026-
70562-5 

Candon, M., Marzocca, P., & Dowell, E. H. 
(2025). Aeroelastic reduced-order model 
differential equations in transoni buffeting 
flow. AIAA Journal. 
https://doi.org/10.2514/1.j066515 

Chan, K., Matthews, P., & Munir, K. (2025). 
Time series forecasting for air quality with 
structured and unstructured data using 
artificial neural networks. Atmosphere. 
https://doi.org/10.3390/atmos16030320 

Chen, H., & Zhao, E. (2025). Research on wind 
speed prediction for formula 1 grand prix 
based on multi-scale decomposition and 
time series neural network model. 
Theoretical and Natural Science. 
https://doi.org/10.54254/2753-
8818/2024.21124 

Chen, P., Kang, Y., Zhang, R., Cheng, Z., Deng, 
S., Erfort, G., & Hu, Z. (2024). A response 
frequency informed LSTM model for ultra-
short-term mooring line forces prediction 
of floating wind turbines. Ocean Engineering. 
https://doi.org/10.1115/omae2024-
124429 

Chen, Z., Zhai, C., Li, X., Wang, X., Liu, Z., & 
Zhang, X. (2025). Active disturbance 
rejection controller for flutter suppression 
with time-varying delay. Advances in 
Aerodynamics. 
https://doi.org/10.1186/s42774-025-
00227-2 

Chu, Z. (2026). Application of AI-based 
computational fluid dynamics in wind load 
analysis of high-rise buildings. International 
Conference on Photon Computing, Algorithm 
and Artificial Intelligence. 
https://doi.org/10.1117/12.3114085 

 
 
 
 

Dalal, J. (2023). AI-ENABLED EARLY-STAGE 
BUILDING DESIGN OPTIMIZATION 
FOR VIBRATION-SENSITIVE 
FACILITIES. International Journal of 
Computational and Experimental Science and 
Engineering. 
https://doi.org/10.22399/ijcesen.5039 

Ding, H., Hou, H., Wang, L., Cui, X., Yu, W., & 
Wilson, D. I. (2025). Application of 
convolutional neural networks and 
recurrent neural networks in food safety. 
Foods. 
https://doi.org/10.3390/foods14020247 

Eltouny, K., Gomaa, M., & Liang, X. (2023). 
Unsupervised learning methods for data-
driven vibration-based structural health 
monitoring: A review. Sensors. 
https://doi.org/10.3390/s23063290 

Entezami, A., & Sarmadi, H. (2024). Machine 
learning‐aided prediction of 
windstorm‐induced vibration responses of 
long‐span suspension bridges. Comput. 
Aided Civ. Infrastructure Eng. 
https://doi.org/10.1111/mice.13387 

Entezami, A., Sarmadi, H., Salar, M., michele, C. 
D., & Arslan, A. (2021). A novel data-
driven method for structural health 
monitoring under ambient vibration and 
high-dimensional features by robust 
multidimensional scaling. Structural Health 
Monitoring. 
https://doi.org/10.1177/1475921720973
953 

Entezami, A., Shariatmadar, H., & Mariani, S. 
(2019). Fast unsupervised learning 
methods for structural health monitoring 
with large vibration data from dense sensor 
networks. Structural Health Monitoring. 
https://doi.org/10.1177/1475921719894
186 

Fan, X., Li, J., & Hao, H. (2021). Review of 
piezoelectric impedance based structural 
health monitoring: Physics-based and data-
driven methods. Advances in Structural 
Engineering. 
https://doi.org/10.1177/1369433221103
8444 

https://doi.org/10.1038/s41467-026-70562-5
https://doi.org/10.1038/s41467-026-70562-5
https://doi.org/10.2514/1.j066515
https://doi.org/10.3390/atmos16030320
https://doi.org/10.54254/2753-8818/2024.21124
https://doi.org/10.54254/2753-8818/2024.21124
https://doi.org/10.1115/omae2024-124429
https://doi.org/10.1115/omae2024-124429
https://doi.org/10.1186/s42774-025-00227-2
https://doi.org/10.1186/s42774-025-00227-2
https://doi.org/10.1117/12.3114085
https://doi.org/10.22399/ijcesen.5039
https://doi.org/10.3390/foods14020247
https://doi.org/10.3390/s23063290
https://doi.org/10.1111/mice.13387
https://doi.org/10.1177/1475921720973953
https://doi.org/10.1177/1475921720973953
https://doi.org/10.1177/1475921719894186
https://doi.org/10.1177/1475921719894186
https://doi.org/10.1177/13694332211038444
https://doi.org/10.1177/13694332211038444


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2057 

Fang, X., Wang, H., Liu, G., & Xie, Y. (2025). A 
review of structural health monitoring for 
fixed offshore wind turbines driven by 
multisource heterogeneous data. Structural 
Health Monitoring. 
https://doi.org/10.1177/1475921725137
1673 

Farhangi, F., Sadeghi-Niaraki, A., Bazargani, J. S., 
Razavi-Termeh, S. V., Hussain, D., & Choi, 
S.-M. (2023). Time-series hourly sea surface 
temperature prediction using deep neural 
network models. Journal of Marine Science 
and Engineering. 
https://doi.org/10.3390/jmse11061136 

Ferreira, L., Teloli, R., Silva, S. D. da, Figueiredo, 
E., Maia, N., & Cimini, C. A. (2024). 
Bayesian data-driven framework for 
structural health monitoring of composite 
structures under limited experimental data. 
Structural Health Monitoring. 
https://doi.org/10.1177/1475921724123
6801 

Gambiroža, J. Č., Čulić, A., Medić, K., & 
Grubišić, A. (2026). Comparative 
evaluation of ANN, LSTM, and 1D-CNN 
models for energy-efficient prediction of 
low-cost gas sensor time-series data. Applied 
Informatics. 
https://doi.org/10.3390/ai7070266 

Garcia, D., & Tcherniak, D. (2019). An 
experimental study on the data-driven 
structural health monitoring of large wind 
turbine blades using a single accelerometer 
and actuator. Mechanical Systems and Signal 
Processing. 
https://doi.org/10.1016/J.YMSSP.2019.0
2.062 

Goje, I., Ordodi, V.-L., Bojin, F., Goje, G.-I., 
Bătrîn, A. H., Buica, T. P., Iordache, M., 
Grijincu, M., Păunescu, V., & Lighezan, D. 
(2026). Empagliflozin protects against 
doxorubicin cardiotoxicity: Integrative 
assessment of cardiac kinetics and 
electrophysiology using machine learning 
in a rat model. Medical Science. 
https://doi.org/10.3390/medsci14030342 

Gomari, M. M., Ntwali, P. M., Choupani, E., & 
Ashayeri, N. (2026). Harnessing AI to 
decode protein kinases: Structural, 
functional, and therapeutic design 
perspectives. New Biotechnology. 
https://doi.org/10.1016/j.nbt.2026.02.01
0 

Gong, X., Song, X., Zhu, Y., Feng, L., Lu, X., & 
Cai, C. (2025). A two-stage temperature-
driven method for detection of fault 
sensors and abnormal stress using 
structural health monitoring data. 
Structural Health Monitoring. 
https://doi.org/10.1177/1475921725131
5834 

Guevara, P., Fayaz, J., & Astroza, R. (2026). 
Structural health monitoring of wind 
turbine blades by ice mass accumulation 
prediction using convolutional neural 
networks. Structural Control & Health 
Monitoring. 
https://doi.org/10.1155/stc/6223871 

Guo, Z., Wei, F., Qi, W., Han, Q., Liu, H., Feng, 
X., & Zhang, M. (2024). A time series 
prediction model for wind power based on 
the empirical mode decomposition–
convolutional neural network–three-
dimensional gated neural network. 
Sustainability. 
https://doi.org/10.3390/su16083474 

Hou, Q., Xiao, G., Liu, Q., Su, C., Yan, T., Sun, 
Y., & Zhang, P. (2026). A novel smart 
vision-based sensing system for structural 
health monitoring: Robust angle 
measurement of offshore rotating 
machinery with data-driven calibration. 
Structural Durability & Health Monitoring. 
https://doi.org/10.32604/sdhm.2026.084
518 

Hu, B., Han, Y., Zhang, W., Zhang, Q., Gu, W., 
Bi, J., Chen, B., & Xiao, L. (2024). A 
prediction approach to COVID-19 time 
series with LSTM integrated attention 
mechanism and transfer learning. BMC 
Medical Research Methodology. 
https://doi.org/10.1186/s12874-024-
02433-w 

https://doi.org/10.1177/14759217251371673
https://doi.org/10.1177/14759217251371673
https://doi.org/10.3390/jmse11061136
https://doi.org/10.1177/14759217241236801
https://doi.org/10.1177/14759217241236801
https://doi.org/10.3390/ai7070266
https://doi.org/10.1016/J.YMSSP.2019.02.062
https://doi.org/10.1016/J.YMSSP.2019.02.062
https://doi.org/10.3390/medsci14030342
https://doi.org/10.1016/j.nbt.2026.02.010
https://doi.org/10.1016/j.nbt.2026.02.010
https://doi.org/10.1177/14759217251315834
https://doi.org/10.1177/14759217251315834
https://doi.org/10.1155/stc/6223871
https://doi.org/10.3390/su16083474
https://doi.org/10.32604/sdhm.2026.084518
https://doi.org/10.32604/sdhm.2026.084518
https://doi.org/10.1186/s12874-024-02433-w
https://doi.org/10.1186/s12874-024-02433-w


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2058 

Huang, Y., Chou, D. Y.-H., Chou, C., & Loh, C. 
(2024). Data‐driven structural health 
monitoring on shaking table tests of a 
3‐story steel building with sliding slabs. 
Structural Control & Health Monitoring. 
https://doi.org/10.1155/2024/3412305 

Ijaz, A., & Manzoor, S. (2024). Vortex induced 
vibration prediction through machine 
learning techniques. AIP Advances. 
https://doi.org/10.1063/5.0236511 

Impraimakis, M., & Palkanoglou, E. N. (2025). A 
generative adversarial network optimization 
method for damage detection and digital 
twinning by deep AI fault learning: Z24 
bridge structural health monitoring 
benchmark validation. Structural And 
Multidisciplinary Optimization. 
https://doi.org/10.1007/s00158-025-
04162-0 

Jang, J., & Smyth, A. (2019). Data‐driven models 
for temperature distribution effects on 
natural frequencies and thermal prestress 
modeling. Structural Control & Health 
Monitoring. 
https://doi.org/10.1002/stc.2489 

Jiang, X., Tian, Z., Hu, Y., Dong, K., Hu, W., & 
Ai, Y. (2025). Enhancing glassy dynamics 
prediction by incorporating displacement 
from the initial to equilibrium state. Journal 
of Physical Chemistry B. 
https://doi.org/10.1021/acs.jpcb.4c07532 

Kabir, I. F. S. A., Gajendran, M., Ng, E., 
Mehdizadeh, A., & Berrouk, A. (2022). 
Novel machine-learning-based stall delay 
correction model for improving blade 
element momentum analysis in wind 
turbine performance prediction. Wind. 
https://doi.org/10.3390/wind2040034 

Karyofyllas, G., Giagopoulos, D., Jia, X., & 
Papadimitriou, C. (2025). A digital twin-
driven machine learning framework for 
structural condition monitoring using 
multi-datasets. Structural Health Monitoring. 
https://doi.org/10.1177/1475921725132
4110 

 

Kumar, D., Mathur, H. D., Bhanot, S., & Bansal, 
R. (2020). Forecasting of solar and wind 
power using LSTM RNN for load 
frequency control in isolated microgrid. 
International Journal of Modelling and 
Simulation. 
https://doi.org/10.1080/02286203.2020.
1767840 

KY, C., KFC, Y., D, K., & A., A.-S. (2024). Fuzzy 
clustering-based deep learning for short-term load 
forecasting in power grid systems using time-
varying and time-invariant features. 
https://doi.org/10.3390/s24051391 

Li, F., Zhu, Q., Yuan, K., Ji, F., Paul, A., Lee, P., 
Radeloff, V. C., & Chen, M. (2024). 
Projecting large fires in the western US 
with an interpretable and accurate hybrid 
machine learning method. Earth’s Future. 
https://doi.org/10.1029/2024EF004588 

Li, H., Bao, Y., Li, S., Chen, W. L., Laima, S., & 
Ou, J. (2012). Monitoring, evaluation and 
control for life-cycle performance of intelligent 
civil structures. 
https://doi.org/10.4028/www.scientific.ne
t/AST.83.105 

Li, S., Jin, X., Laima, S., & Li, H. (2024). 
Efficient data-driven nonlinear system 
identification for structural health 
monitoring: A proof-of-principle study. 
Advances in Structural Engineering. 
https://doi.org/10.1177/1369433224128
1529 

Li, S., Li, S., Laima, S., & Li, H. (2021). 
Data‐driven modeling of bridge buffeting 
in the time domain using long short‐term 
memory network based on structural 
health monitoring. Structural Control & 
Health Monitoring. 
https://doi.org/10.1002/stc.2772 

Li, X., Cui, Y., Li, B., & Ge, M. (2024). 
Mechanism of airfoil stall flutter: New 
insights from global linear stability analysis. 
The Physics of Fluids. 
https://doi.org/10.1063/5.0235196 

 
 

https://doi.org/10.1155/2024/3412305
https://doi.org/10.1063/5.0236511
https://doi.org/10.1007/s00158-025-04162-0
https://doi.org/10.1007/s00158-025-04162-0
https://doi.org/10.1002/stc.2489
https://doi.org/10.1021/acs.jpcb.4c07532
https://doi.org/10.3390/wind2040034
https://doi.org/10.1177/14759217251324110
https://doi.org/10.1177/14759217251324110
https://doi.org/10.1080/02286203.2020.1767840
https://doi.org/10.1080/02286203.2020.1767840
https://doi.org/10.3390/s24051391
https://doi.org/10.1029/2024EF004588
https://doi.org/10.4028/www.scientific.net/AST.83.105
https://doi.org/10.4028/www.scientific.net/AST.83.105
https://doi.org/10.1177/13694332241281529
https://doi.org/10.1177/13694332241281529
https://doi.org/10.1002/stc.2772
https://doi.org/10.1063/5.0235196


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2059 

Liu, J. (2025). Study of deep and convolutional 
neural networks for personalized 
chemotherapy drug response prediction. 
Applied and Computational Engineering. 
https://doi.org/10.54254/2755-
2721/2025.tj23151 

Liu, T., Xu, H., Ragulskis, M., Cao, M., & 
Ostachowicz, W. (2020). A data-driven 
damage identification framework based on 
transmissibility function datasets and one-
dimensional convolutional neural networks: 
Verification on a structural health 
monitoring benchmark structure. Italian 
National Conference on Sensors. 
https://doi.org/10.3390/s20041059 

Ma, L., Lin, K., Fan, D., Wang, J., & 
Triantafyllou, M. (2022). Flexible cylinder 
flow-induced vibration. The Physics of Fluids. 
https://doi.org/10.1063/5.0078418 

Mahmud, A., & Rayhan, Md. I. (2025). Weather 
forecasting using recurrent neural networks 
and vector autoregressive model: A 
comprehensive analysis of time series data 
from rohingya camps and control areas. 
Dhaka University Journal of Science. 
https://doi.org/10.3329/dujs.v73i2.82766 

Meng, W., Yang, Z., Rao, Z., Sun, S., Zhuo, Y., 
Zhong, J., & Su, S. (2025). Multi‐step 
prediction method for wind power: A 
framework integrating CNN–RNN–LGBM 
models. IET Renewable Power Generation. 
https://doi.org/10.1049/rpg2.70079 

Mesquita, L., Ranieri, C., & Ueyama, J. (2023). 
Artificial neural networks applied to time 
series for flood prediction. Anais Do XX 
Encontro Nacional de Inteligência Artificial e 
Computacional (ENIAC 2023). 
https://doi.org/10.5753/eniac.2023.2343
55 

Mihailov, M. E., Chiroșca, A., & Chiroșca, G. 
(2025). Fusion of in-situ and modelled 
marine data for enhanced coastal dynamics 
prediction along the western black sea 
coast. Journal of Marine Science and 
Engineering. 
https://doi.org/10.3390/jmse13020199 

Moshawih, S., Goh, H., Kifli, N., Idris, A. C., 
Yassin, H., Kotra, V., Goh, K., Liew, K., & 
Ming, L. (2022). Synergy between machine 
learning and natural products 
cheminformatics: Application to the lead 
discovery of anthraquinone derivatives. 
Chemical Biology and Drug Design. 
https://doi.org/10.1111/cbdd.14062 

Mostafa, K., Zisis, I., & Moustafa, M. A. (2022). 
Machine learning techniques in structural 
wind engineering: A state-of-the-art review. 
Applied Sciences. 
https://doi.org/10.3390/app12105232 

Muñoz, C. Q. G., García-Vellisca, M. A., Cabo, 
C. T. do, Xi, Y., & Mao, Z. (2025). 
Structural health monitoring through deep 
learning: A study on scalogram-based 
vibration signal classification. Journal of Low 
Frequency Noise Vibration and Active Control. 
https://doi.org/10.1177/1461348425135
1788 

Naresh, M., Sikdar, S., Pal, J., & Sikdar, S. (2023). 
Vibration data‐driven machine learning 
architecture for structural health 
monitoring of steel frame structures. Strain. 
https://doi.org/10.1111/str.12439 

Nie, L., Gao, C., Dou, Z., & Zhang, W. (2025). 
Influence of plunge/pitch mode on 
transonic buzz characteristics in buffeting 
flow. AIAA Journal. 
https://doi.org/10.2514/1.j064957 

Nishioka, D., Shingaya, Y., Terabe, K., & 
Tsuchiya, T. (2024). Neuromorphic 
computing based on few-molecule 
vibration dynamics achieved by surface-
enhanced raman scattering and ion-gating 
stimulation. ECS Meeting Abstracts. 
https://doi.org/10.1149/ma2024-
02483315mtgabs 

Nouri, A., Zamani, A., & Toufigh, V. (2025). A 
physics-informed data-driven framework for 
structural health monitoring of thermal 
fatigue in concrete composites. Structural 
Health Monitoring. 
https://doi.org/10.1177/1475921725137
5838 

https://doi.org/10.54254/2755-2721/2025.tj23151
https://doi.org/10.54254/2755-2721/2025.tj23151
https://doi.org/10.3390/s20041059
https://doi.org/10.1063/5.0078418
https://doi.org/10.3329/dujs.v73i2.82766
https://doi.org/10.1049/rpg2.70079
https://doi.org/10.5753/eniac.2023.234355
https://doi.org/10.5753/eniac.2023.234355
https://doi.org/10.3390/jmse13020199
https://doi.org/10.1111/cbdd.14062
https://doi.org/10.3390/app12105232
https://doi.org/10.1177/14613484251351788
https://doi.org/10.1177/14613484251351788
https://doi.org/10.1111/str.12439
https://doi.org/10.2514/1.j064957
https://doi.org/10.1149/ma2024-02483315mtgabs
https://doi.org/10.1149/ma2024-02483315mtgabs
https://doi.org/10.1177/14759217251375838
https://doi.org/10.1177/14759217251375838


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2060 

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 

Prasad, C., & Pešek, L. (2018). Analysis of classical 
flutter in steam turbine blades using reduced 
order aeroelastic model. 
https://doi.org/10.1051/MATECCONF/
201821115001 

Qadeer, A., Lone, A. S., Akhtar, S. S., Ababakar, 
A. A., Arif, A. F. M., & Qureshi, A. (2025). 
Machine learning based data driven 
prediction of process-induced porosity in 
LPBF using CT scan data and thermal 
modeling. Volume 2: Advanced 
Manufacturing. 
https://doi.org/10.1115/imece2025-
166726 

S, K., Sristi, J., Choudhary, A., Sapra, P., S., M. 
A., & Rao, K. B. (2026). LSTM-RNN based 
hybrid model for predicting inflationary 
tendencies in share price. International 
Conference on Computing for Sustainable 
Global Development. 
https://doi.org/10.23919/INDIACom702
71.2026.11525445 

Saram, M., & Yang, J. (2025). A review of 
aeroelastic instabilities and resonance 
effects in wind turbine blade dynamics. 
Wind Engineering : The International Journal 
of Wind Power. 
https://doi.org/10.1177/0309524X25140
5726 

Schmidt, H., Chen, G., Jing, G., & Zinken, D. 
(2026). A machine-learning-based approach 
for railway excitation force prediction. 
Railway Sciences. 
https://doi.org/10.1108/rs-12-2025-0057 

 
 
 
 

Shahid, F., Mehmood, A., Khan, R., Smadi, A. 
A., Yaqub, M., Alsmadi, M., & Zheng, Z. 
(2023). 1D convolutional LSTM-based 
wind power prediction integrated with 
PkNN data imputation technique. Journal 
of King Saud University: Computer and 
Information Sciences. 
https://doi.org/10.1016/j.jksuci.2023.101
816 

Singh, J., Sharma, V., Hashmi, A. W., Singh, A., 
& Tian, Y. (2025). A review on flow 
interactions analysis using machine 
learning-driven CFD modelling for 
offshore structures and marine applications. 
Ship Technology Research. 
https://doi.org/10.1080/09377255.2025.
2585249 

Siva, V., Rama, B., Member, I. S.-H. H., & Yang, 
J.-M. (2024). Short-term fault prediction of 
wind turbines based on integrated RNN-
LSTM. IEEE Access. 
https://doi.org/10.1109/ACCESS.2024.3
364395 

Son, D., Yoo, J., & Park, S.-H. (2025). 
PREDICTION OF OCEAN WAVE 
HEIGHTS BASED ON a 
CONVOLUTIONAL-LSTM. Coastal 
Engineering Proceedings. 
https://doi.org/10.9753/icce.v38.waves.58 

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-
02317-8 

Tian, Z. (2025). Research on photovoltaic and 
wind turbine time series forecasting based 
on CNN-LSTM. 2025 IEEE 3rd 
International Conference on Control, 
Electronics and Computer Technology 
(ICCECT). 
https://doi.org/10.1109/ICCECT64621.2
025.11339783 

https://doi.org/10.1109/SEFET65155.2025.11254990
https://doi.org/10.1109/SEFET65155.2025.11254990
https://doi.org/10.1051/MATECCONF/201821115001
https://doi.org/10.1051/MATECCONF/201821115001
https://doi.org/10.1115/imece2025-166726
https://doi.org/10.1115/imece2025-166726
https://doi.org/10.23919/INDIACom70271.2026.11525445
https://doi.org/10.23919/INDIACom70271.2026.11525445
https://doi.org/10.1177/0309524X251405726
https://doi.org/10.1177/0309524X251405726
https://doi.org/10.1108/rs-12-2025-0057
https://doi.org/10.1016/j.jksuci.2023.101816
https://doi.org/10.1016/j.jksuci.2023.101816
https://doi.org/10.1080/09377255.2025.2585249
https://doi.org/10.1080/09377255.2025.2585249
https://doi.org/10.1109/ACCESS.2024.3364395
https://doi.org/10.1109/ACCESS.2024.3364395
https://doi.org/10.9753/icce.v38.waves.58
https://doi.org/10.1007/s00466-023-02317-8
https://doi.org/10.1007/s00466-023-02317-8
https://doi.org/10.1109/ICCECT64621.2025.11339783
https://doi.org/10.1109/ICCECT64621.2025.11339783


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2061 

Tinmitondé, S., & He, X. (2022). CFD-enabled 
prediction of aerodynamic coefficients for 
long-span bridges using machine learning. 
Proceedings of the Fourteenth International 
Conference on Computational Structures 
Technology. 
https://doi.org/10.4203/ccc.3.22.2 

Umlauft, J., Mora, K., Limberger, F., Gerberding, 
K., Wirth, C., Werner, C., & Kattenborn, 
T. (2025). The seismic fingerprint of 
wind‐induced tree sway. Methods in Ecology 
and Evolution. 
https://doi.org/10.1111/2041-
210X.70173 

Wan, R., Mei, S., Wang, J., Liu, M., & Yang, F. 
(2019). Multivariate temporal 
convolutional network: A deep neural 
networks approach for multivariate time 
series forecasting. Electronics. 
https://doi.org/10.3390/electronics80808
76 

Wang, X., Yang, Z., Zhang, G., & Xu, X. (2021). 
A combined energy method for flutter 
instability analysis of weakly damped panels 
in supersonic airflow. Mathematics. 
https://doi.org/10.3390/MATH9101090 

Wang, Y., Ni, Y. Q., Zhang, Q. H., & Zhang, C. 
(2021). Bayesian approaches for evaluating 
wind‐resistant performance of long‐span 
bridges using structural health monitoring 
data. Structural Control & Health Monitoring. 
https://doi.org/10.1002/stc.2699 

Wang, Y., Qu, Y., & Jiao, Y. (2024). A novel 
image processing-based method for wind-
induced vibration response prediction and 
structural monitoring of long-span bridges. 
Traitement Du Signal. 
https://doi.org/10.18280/ts.410647 

Waqas, M., Khan, A., Khan, J., Khan, F. A., & 
Rauf, A. U. (2025). Predicting electrical 
conductivity with neural networks: A 
comparative study of ANN, RNN, CNN, 
and LSTM models. Environmental Health 
Engineering and Management. 
https://doi.org/10.34172/ehem.1472 

 

Weil, M., Jurado, C. S., Weijtjens, W., & 
Devriendt, C. (2025). Machine learning 
and uncertainty quantification to track and 
monitor natural frequencies in vibration-
based SHM applied to offshore wind 
turbines. Data-Centric Engineering. 
https://doi.org/10.1017/dce.2024.60 

Wen, T., Tian, X., Liu, H., Wei, L., & Sheng, C. 
(2025). Typhoon comprehensive 
classification and travel route intelligent 
forecast based on convolutional neural 
networks. Highlights in Science Engineering 
and Technology. 
https://doi.org/10.54097/1kv0zy94 

Wu, Y., Cheng, Z., McConkey, R., Lien, F., & 
Yee, E. (2022). Modelling of flow-induced 
vibration of bluff bodies: A comprehensive 
survey and future prospects. Energies. 
https://doi.org/10.3390/en15228719 

Xie, B., Wang, J., Gao, S., Huang, Z., & Gao, B. 
(2025). Structural optimization of wind 
turbine system utilizing biomimicry and 
structural health monitoring. International 
Journal of Structural Stability and Dynamics. 
https://doi.org/10.1142/s0219455427501
276 

Yan, Y., Feng, J., Li, G., He, J., Ma, T., Feng, L., 
Wu, M., Zhang, B., & Zhou, Z. (2026). A 
hybrid CNN-LSTM method for seismic 
classification and time-series response 
prediction of disconnect switch. Buildings. 
https://doi.org/10.3390/buildings161121
31 

Yang, J., Kou, J., & Zhang, W. (2026). Aeroelastic 
characteristics and mechanism of plunging 
mode in turbine cascades under transonic 
buffet flow. The Physics of Fluids. 
https://doi.org/10.1063/5.0321190 

Yılmaz, Ö. Ö., & Kayran, A. (2024). A 
comparative study on the efficiencies of 
aerodynamic reduced order models of rigid 
and aeroelastic sweptback wings. Aerospace. 
https://doi.org/10.3390/aerospace110806
16 

 
 

https://doi.org/10.4203/ccc.3.22.2
https://doi.org/10.1111/2041-210X.70173
https://doi.org/10.1111/2041-210X.70173
https://doi.org/10.3390/electronics8080876
https://doi.org/10.3390/electronics8080876
https://doi.org/10.3390/MATH9101090
https://doi.org/10.1002/stc.2699
https://doi.org/10.18280/ts.410647
https://doi.org/10.34172/ehem.1472
https://doi.org/10.1017/dce.2024.60
https://doi.org/10.54097/1kv0zy94
https://doi.org/10.3390/en15228719
https://doi.org/10.1142/s0219455427501276
https://doi.org/10.1142/s0219455427501276
https://doi.org/10.3390/buildings16112131
https://doi.org/10.3390/buildings16112131
https://doi.org/10.1063/5.0321190
https://doi.org/10.3390/aerospace11080616
https://doi.org/10.3390/aerospace11080616


INTERNATIONAL JOURNAL OF ADVANCED RESEARCH 

International Peer-Reviewed Research Journal 

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

Volume 3 • Issue 5 • September 2026 

https://ijournalar.com     | Khan & Ahsraf, 2026 | Page 2062 

Yu, Q., Li, X., Zhang, W., & Xu, S. (2022). 
Stability analysis for laminar separation 
flutter of an airfoil in the transitional flow 
regime. The Physics of Fluids. 
https://doi.org/10.1063/5.0085621 

Zhang, J. (2025). Multi-factor procurement 
volume time series prediction method 
based on CNN-LSTM. Proceedings of the 2nd 
International Conference on Intelligent 
Computing and Data Analysis. 
https://doi.org/10.1145/3772726.377282
9 

Zhang, W., & Ye, Z. (2007). Reduced-order-
model-based flutter analysis at high angle of 
attack. Journal of Aircraft. 
https://doi.org/10.2514/1.32285 

Zhou, Y., Chen, Z., & Xie, A. (2023). Temporal 
attention convolutional neural networks 
based on LSTM-encoder for time series 
forecasting. 2023 International Conference on 
Networks, Communications and Intelligent 
Computing (NCIC). 
https://doi.org/10.1109/NCIC61838.202
3.00014 

https://doi.org/10.1063/5.0085621
https://doi.org/10.1145/3772726.3772829
https://doi.org/10.1145/3772726.3772829
https://doi.org/10.2514/1.32285
https://doi.org/10.1109/NCIC61838.2023.00014
https://doi.org/10.1109/NCIC61838.2023.00014

