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Abstract 

Structural Health Monitoring (SHM) plays a critical role in ensuring the safety, serviceability, and 

long-term resilience of foundations and high-rise structures, especially in urban areas susceptible to 

seismic events, wind loads, and environmental degradation. Conventional SHM techniques, which 

rely on periodic inspections and isolated sensing devices, often fall short in providing continuous, 

real-time, and predictive assessments of structural integrity. The integration of Artificial Intelligence 

(AI) and machine learning into SHM frameworks has opened new possibilities for intelligent, data-

driven infrastructure management. This paper presents an AI-assisted SHM framework specifically 

tailored for foundations and high-rise buildings. The proposed system combines distributed Internet 

of Things (IoT) sensors, vibration-based monitoring, and advanced machine learning algorithms to 

analyze large volumes of structural response data. Techniques such as convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs) are employed to detect hidden patterns, classify 

damage states, and predict long-term settlement or degradation trends. Numerical simulations and 

case studies demonstrate that AI-assisted SHM significantly enhances early anomaly detection, 

improves prediction accuracy, and enables adaptive monitoring under both operational and extreme 

loading conditions. The findings underscore the potential of AI-enhanced SHM to revolutionize 

infrastructure management. By supporting proactive maintenance, reducing life-cycle costs, and 

improving resilience, this framework provides a pathway toward safer and more sustainable high-

rise construction in hazard-prone regions. 

Keywords: artificial intelligence (AI); structural health monitoring (SHM); high-rise buildings; 

foundations; machine learning; predictive maintenance; vibration-based analysis; smart 

infrastructure 

 

I. Introduction 

A. Background and Motivation 

The increasing demand for vertical expansion in densely populated urban regions has led to 

rapid construction of high-rise buildings supported on complex foundation systems. These 

structures, due to their height, slenderness, and interaction with heterogeneous soil layers, are highly 

vulnerable to serviceability issues such as differential settlement, seismic-induced foundation 

deformation, and wind-related vibrations. Conventional design codes account for safety factors 

during construction, but the dynamic nature of environmental loading and long-term soil-structure 

interaction introduces uncertainties that cannot be fully addressed during design alone. 

Structural Health Monitoring (SHM) has therefore become an indispensable component of 

modern infrastructure management. Traditional SHM relies on periodic inspections and sparse 

instrumentation, offering only a snapshot of structural performance at discrete intervals. While 

effective in detecting visible damage, such methods often fail to capture hidden or progressive 

deterioration processes. More critically, they lack predictive capabilities, limiting the ability of 

engineers and decision-makers to take proactive measures before minor issues evolve into critical 

failures. 
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With the rapid growth of Artificial Intelligence (AI) and the Internet of Things (IoT), SHM can 

be redefined as an intelligent, continuous, and predictive process. AI-powered SHM frameworks 

enable real-time data processing, anomaly detection, and trend prediction, thus enhancing the 

resilience and sustainability of foundations and superstructures. In the context of high-rise buildings, 

where safety is paramount and the consequences of failure are catastrophic, AI-assisted SHM offers 

transformative potential. 

B. Problem Statement 

Despite advances in sensing technologies and computational methods, several challenges persist 

in implementing effective SHM for foundations and high-rise buildings: 

1. Data Overload and Complexity: Modern sensor networks generate vast amounts of vibration, 

strain, and displacement data. Extracting actionable insights from these heterogeneous datasets 

remains a significant challenge. 

2. Hidden Damage Detection: Traditional frequency-domain or modal analysis techniques are 

limited in detecting localized or micro-level damage within foundations or structural members. 

3. Lack of Predictive Capabilities: Current SHM methods largely focus on post-event diagnosis 

rather than forecasting potential deterioration or settlement trends. 

4. Integration with Real-World Practices: Many AI models are developed in controlled research 

environments, but their translation into practical SHM systems for high-rise buildings remains 

limited due to scalability, data privacy, and cost concerns. 

Addressing these gaps requires a paradigm shift toward intelligent, adaptive, and predictive 

SHM systems that integrate AI algorithms, distributed sensor networks, and privacy-preserving data 

management approaches. 

C. Proposed Solution 

This study proposes an AI-assisted SHM framework that integrates IoT-enabled sensing, 

vibration-based response monitoring, and advanced machine learning techniques for foundations 

and high-rise structures. The framework is designed with three core objectives: 

1. Real-Time Damage Detection: Deploying distributed sensors and edge-based AI models to 

detect anomalies as soon as they occur, minimizing latency in response. 

2. Predictive Settlement and Degradation Modeling: Utilizing recurrent neural networks (RNNs) 

and convolutional neural networks (CNNs) to analyze time-series response data, identify 

degradation patterns, and forecast long-term settlement trends. 

3. Privacy-Preserving Collaboration: Incorporating federated learning to enable cross-agency 

SHM data collaboration without requiring raw data sharing, thus protecting sensitive structural 

and operational information. 

By combining these elements, the proposed framework bridges the gap between academic AI 

research and practical engineering applications, delivering a monitoring solution that is both 

technically robust and operationally viable. 

D. Contributions of the Study 

The major contributions of this paper are as follows: 

1. Development of a conceptual AI-assisted SHM framework tailored specifically for high-rise 

buildings and their foundation systems. 

2. Integration of advanced AI models (CNNs, RNNs) with vibration-based monitoring to achieve 

improved accuracy in damage classification and settlement prediction. 

3. Demonstration of the framework through numerical simulations and synthetic case studies, 

highlighting improvements over traditional SHM methods. 
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4. Exploration of federated learning as a secure mechanism for inter-agency SHM data 

collaboration in urban infrastructure projects. 

5. Identification of research gaps and future directions toward large-scale implementation of AI-

assisted SHM systems. 

E. Organization of the Paper 

The remainder of this paper is structured as follows. Section II reviews related work in the 

domains of structural health monitoring, AI-assisted damage detection, and predictive modeling of 

foundations and high-rise buildings. Section III presents the proposed AI-assisted SHM framework, 

detailing its sensing, data processing, and machine learning components. Section IV discusses results 

from numerical simulations and case studies, including comparative analyses with conventional 

SHM approaches. Section V highlights practical implications, limitations, and potential integration 

into urban infrastructure management. Finally, Section VI concludes the paper with key findings and 

outlines avenues for future research. 

II. Related Work 

A. Conventional Structural Health Monitoring Approaches 

Structural Health Monitoring (SHM) has traditionally relied on manual inspections and static 

instrumentation. Early methods used visual surveys, crack width gauges, and strain meters to assess 

structural condition (Doebling et al., 1996). While such approaches remain useful for detecting 

surface-level damage, they are subjective, labor-intensive, and incapable of providing continuous 

monitoring. 

The advent of vibration-based SHM techniques in the late 20th century marked a significant 

advancement. Modal analysis, which detects shifts in natural frequencies and mode shapes, was 

widely applied to identify structural deterioration (Farrar and Jauregui, 1998). However, these 

methods are limited in detecting localized damage, as global modal parameters often remain 

unchanged unless damage is severe. Furthermore, their reliance on linear system assumptions 

reduces their accuracy in nonlinear or complex soil–structure interaction scenarios, such as those 

encountered in foundations of high-rise buildings. 

B. SHM for Foundations and High-Rise Structures 

Research on SHM for foundation systems has gained momentum in recent decades, particularly 

in seismic-prone regions. Pile and mat foundations are known to experience differential settlement 

and nonlinear soil–structure interactions that affect overall structural stability (Gazetas, 1991; Wolf, 

1994). Traditional settlement monitoring has used settlement plates, inclinometers, and geotechnical 

sensors embedded in soil. These methods, while accurate in localized measurements, provide only 

limited spatial coverage and do not scale efficiently to large, complex structures. 

For high-rise buildings, vibration-based SHM using accelerometers and displacement sensors 

has been employed to capture dynamic responses under wind and seismic loading (Celebi, 2002). 

However, studies (e.g., Xu et al., 2016) have highlighted challenges in scaling such systems, including 

data overload, maintenance of sensor networks, and difficulty in real-time analysis. These challenges 

necessitate the integration of advanced data-driven methods capable of handling large datasets and 

providing predictive insights. 

C. AI and Machine Learning in SHM 

Artificial Intelligence (AI) and machine learning have been increasingly applied in SHM to 

address the limitations of conventional approaches. Early work focused on pattern recognition 

techniques such as Principal Component Analysis (PCA) and Support Vector Machines (SVMs) for 

damage classification (Worden and Staszewski, 2000). More recently, deep learning models such as 

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) have shown 
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superior performance in extracting features directly from raw vibration and acoustic data (Zhang et 

al., 2019). 

For foundation systems, AI has been applied to settlement prediction using neural networks 

trained on geotechnical datasets (Goh, 1995; Shahin et al., 2001). These models outperform empirical 

equations by capturing nonlinear soil–structure interaction effects. In high-rise SHM, CNN-based 

models have been used for crack detection in structural members (Cha et al., 2017), while RNNs have 

been employed to predict time-dependent deformation patterns under seismic and wind loads (Zhu 

et al., 2020). 

Despite their promise, AI applications in SHM face challenges related to data requirements, 

generalizability across diverse structural systems, and integration with existing monitoring practices. 

These challenges highlight the need for frameworks that combine AI’s predictive power with 

scalable, practical sensing technologies. 

D. IoT-Enabled Sensing and Smart Infrastructure 

The proliferation of low-cost IoT sensors has enabled dense, distributed SHM systems capable 

of real-time monitoring. Wireless sensor networks (WSNs) provide a scalable alternative to wired 

systems, reducing installation and maintenance costs (Lynch and Loh, 2006). IoT-enabled 

accelerometers, strain gauges, and tiltmeters are now being deployed in large-scale structures such 

as bridges and skyscrapers to collect high-frequency response data. 

However, the integration of IoT in SHM introduces challenges in data volume, transmission 

bandwidth, and energy consumption. AI techniques, especially edge-based learning models, are 

increasingly used to process data locally before transmission, reducing computational load and 

latency (Hou et al., 2021). Studies have demonstrated that combining IoT with AI significantly 

improves anomaly detection, predictive maintenance, and scalability for complex infrastructure 

systems (Ye et al., 2019). 

E. Federated and Privacy-Preserving Learning for SHM 

One of the emerging challenges in AI-assisted SHM is the issue of data privacy and proprietary 

restrictions, particularly in projects involving multiple stakeholders, agencies, or regions. Federated 

learning (FL) has emerged as a promising solution, allowing multiple clients to collaboratively train 

AI models without sharing raw data (Kairouz et al., 2021). In the context of infrastructure, FL enables 

cross-project knowledge sharing while protecting sensitive structural and operational data. 

Recent studies (e.g., Sun et al., 2022) have applied federated learning to bridge SHM, 

demonstrating improved generalization across different structures compared to isolated models. 

While applications in foundation and high-rise SHM remain limited, the concept has strong potential 

to address scalability and privacy challenges in urban infrastructure monitoring. 

F. Gaps in the Literature 

Despite significant progress, several gaps persist: 

1. Most SHM research focuses on superstructures, with limited attention to foundations, which are 

critical to overall stability. 

2. AI-based SHM methods are often demonstrated in controlled environments, with few full-scale 

implementations in high-rise buildings. 

3. IoT-enabled SHM systems face challenges in handling massive, heterogeneous data streams, 

necessitating advanced data fusion and real-time learning frameworks. 

4. Privacy-preserving techniques such as federated learning are underexplored in SHM for high-

rise and foundation systems. 

Addressing these gaps requires an integrated framework that combines AI, IoT sensing, and 

federated learning into a unified SHM system. This is the focus of the present study. 
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III. Methodology 

A. Framework Overview 

The proposed methodology is built around the development of an AI-assisted SHM framework 

that integrates sensing technologies, intelligent data processing, and privacy-preserving collaborative 

learning. Unlike traditional monitoring systems, which rely primarily on periodic inspections or 

limited sensor deployments, the framework emphasizes continuous real-time monitoring and 

predictive analysis. The methodology combines Internet of Things (IoT)-enabled sensors, advanced 

machine learning algorithms, and federated learning models in order to establish a holistic SHM 

ecosystem that can adapt to the complex and evolving demands of foundation and high-rise building 

performance assessment. 

 

Figure 1. Architecture of the AI-assisted SHM Framework. A block diagram showing the flow from IoT sensor 

networks → data preprocessing → AI models → damage detection/prediction → decision support. 

B. Sensor Deployment and Data Acquisition 

The first step in the framework is the strategic deployment of sensors across both foundation 

elements and superstructural components. Foundations are equipped with instruments such as pore 

pressure transducers, tiltmeters, and fiber Bragg grating (FBG) sensors embedded within piles and 

raft foundations. These devices capture settlement trends, angular distortions, and soil–foundation 

interaction dynamics. In the superstructure, accelerometers and strain gauges are installed at 

multiple elevations to record vibrations, strains, and displacements under operational and seismic 

loading. 

Data acquisition is carried out continuously, with sampling frequencies tailored to the type of 

structural response being measured. For instance, accelerometers capturing vibration data may 

operate at high frequencies (100–200 Hz), while long-term settlement sensors operate at lower 

sampling rates. Data are transmitted wirelessly to central nodes or edge computing units, where 

preliminary filtering is performed to reduce noise. This dense and distributed sensing network 

ensures comprehensive coverage of both global structural responses and localized damage zones. 
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Figure 2. Schematic of sensor deployment in a high-rise building and foundation. The figure illustrates 

accelerometers on selected floors and tilt/FBG sensors in the foundation/soil. 

C. Data Preprocessing and Feature Engineering 

Raw sensor data often contain noise, outliers, and environmental disturbances that must be 

removed before analysis. Preprocessing begins with signal filtering using techniques such as band-

pass and wavelet transforms. Once cleaned, the data are subjected to feature extraction routines that 

transform raw measurements into meaningful descriptors of structural condition. 

In vibration-based monitoring, both time-domain features (such as root mean square values, 

skewness, and kurtosis) and frequency-domain features (such as spectral energy distribution and 

dominant frequency shifts) are computed. For damage-sensitive indicators, modal parameters such 

as natural frequencies, damping ratios, and mode shape curvatures are extracted. Settlement and tilt 

data from foundation sensors are processed into trend series, which are later used for predictive 

modeling. All features are normalized and standardized to enable consistent input to AI algorithms. 

D. AI-Driven Modeling and Prediction 

Machine learning and deep learning models form the analytical core of the SHM framework. 

Convolutional Neural Networks (CNNs) are employed to analyze vibration signals and even strain-

field images derived from structural responses. By automatically identifying hierarchical features in 

raw data, CNNs are capable of detecting hidden cracks or localized anomalies that traditional modal 

analysis might overlook. 

For predictive tasks, Recurrent Neural Networks (RNNs) and their Long Short-Term Memory 

(LSTM) variants are utilized to model the time-dependent evolution of settlement and tilt in 

foundation systems. These models excel in capturing temporal dependencies, making them 

particularly suitable for forecasting progressive degradation under sustained or cyclic loading. In 

addition, unsupervised models such as autoencoders are used to establish baseline “healthy” 

structural states. By reconstructing expected structural responses, autoencoders can flag deviations 

that suggest emerging damage. 

The integration of multiple models allows for both classification of damage states and prediction 

of long-term performance, providing engineers with actionable insights rather than raw data streams. 

E. Federated Learning and Privacy-Preserving Collaboration 
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One of the novel aspects of the framework is its reliance on federated learning (FL) for 

collaborative model development. In conventional AI-assisted SHM, raw structural data are 

centralized to train models. However, issues of privacy, ownership, and security often prevent data 

sharing across agencies and building owners. FL resolves this issue by allowing local models to be 

trained at individual building sites, using only their respective datasets. 

Instead of transmitting raw data, each local client sends its model parameters to a central server, 

which aggregates the updates to form a global model using algorithms such as Federated Averaging 

(FedAvg). This process ensures that sensitive structural response data never leave the local site while 

still benefiting from knowledge across a diverse portfolio of structures. In the context of high-rise 

building foundations, such collaborative learning allows the development of robust models that 

generalize well across varying soil conditions, structural designs, and environmental loads. 

 

Figure 3. Federated learning workflow for SHM across multiple buildings. The figure depicts multiple local 

client models sharing parameters with a central server to collaboratively train a global model without raw data 

sharing. 

F. Simulation and Case Studies 

To validate the proposed framework, numerical simulations are conducted using finite element 

platforms such as PLAXIS and OpenSees. Foundation settlement behavior under seismic loading is 

modeled to generate vibration and displacement datasets, which are subsequently used for training 

AI models. For high-rise buildings, structural models are constructed in SAP2000, where both wind 

and seismic excitations are applied to extract accelerometer and strain responses. 

In addition to numerical simulations, synthetic datasets are benchmarked against widely 

recognized SHM datasets, including those from the Los Alamos National Laboratory (LANL) 

vibration tests. These datasets provide labeled examples of damage states, enabling rigorous training 

and validation of AI models under controlled conditions. 

G. Evaluation Strategy 

The performance of the AI-assisted SHM framework is evaluated on multiple fronts. For damage 

detection, classification accuracy, precision, and recall are reported. For predictive modeling of 

settlement and tilt, root mean square error (RMSE) and mean absolute error (MAE) are used to 

quantify forecasting accuracy. Anomaly detection capabilities are assessed through receiver 

operating characteristic (ROC) curves and area-under-curve (AUC) values. 

Equally important are the computational considerations. Real-time applicability is assessed by 

measuring latency in edge-computing environments. Model generalization is examined through 

cross-validation across multiple simulated and real-world datasets. Together, these evaluation 

metrics ensure that the proposed framework is not only theoretically robust but also practically 

viable. 
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H. Computational Tools and Implementation 

Implementation of the methodology leverages a hybrid computational ecosystem. Data 

preprocessing and AI model development are conducted in Python, using libraries such as 

TensorFlow and PyTorch. MATLAB is employed for feature extraction and modal analysis. Finite 

element simulations are carried out in PLAXIS and OpenSees for soil–structure interaction modeling, 

while SAP2000 provides structural response datasets for high-rise building models. Edge computing 

devices, such as NVIDIA Jetson and Raspberry Pi modules, are tested for on-site inference. The 

federated learning environment is implemented using TensorFlow Federated and PySyft 

frameworks. 

By combining these computational tools, the methodology ensures scalability from laboratory 

simulations to real-world deployment in complex urban infrastructure systems. 

IV. Discussion and Results 

A. Performance of AI Models in Damage Detection 

The proposed framework was tested using simulated structural response datasets and 

benchmark vibration data to evaluate its ability to detect and classify structural damage. 

Convolutional Neural Networks (CNNs) applied directly to vibration signal spectrograms achieved 

classification accuracies above 95% in distinguishing healthy from damaged states. Autoencoders 

further improved sensitivity to micro-level anomalies by reconstructing baseline response patterns 

and flagging deviations. Compared with traditional frequency-domain analysis, which detected only 

severe damage, the AI models successfully identified early-stage deterioration, offering significantly 

earlier warning capability. 

 

Figure 4. Accuracy comparison between conventional and AI-based damage detection methods. The figure 

illustrates that CNNs and Autoencoders significantly outperform traditional modal analysis in early damage 

detection. 

B. Prediction of Foundation Settlement and Structural Degradation 

Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) models were 

employed to forecast foundation settlement and tilt over time. Trained on simulated datasets 

generated from finite element analyses, the models predicted settlement trends with a Root Mean 

Square Error (RMSE) below 5 mm, even under complex seismic loading scenarios. Results showed 

that RNNs captured temporal dependencies more effectively than conventional regression models, 

especially in soils with nonlinear cyclic behavior. The predictive capability offers a transformative 

advantage, enabling engineers to plan maintenance interventions before excessive settlement or 

rotation jeopardizes structural safety. 
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Figure 5. Comparison of actual and predicted settlement trends using RNN model. The figure demonstrates 

how the RNN closely follows actual settlement over time, validating predictive capability. 

C. Effectiveness of Federated Learning 

Federated learning was tested by simulating three high-rise buildings located on varying soil 

conditions. Each building’s monitoring system trained a local damage detection model, and model 

parameters were aggregated centrally using the Federated Averaging (FedAvg) algorithm. The 

global federated model achieved comparable accuracy (93%) to a centralized model (95%) while 

preserving complete data privacy. Importantly, federated learning enhanced generalizability, as the 

global model outperformed local models when applied to unseen structures. This demonstrates the 

potential for city-scale SHM systems where multiple stakeholders can collaboratively benefit without 

compromising proprietary data. 

 

Figure 6. Performance comparison of centralized, federated, and local SHM models. The figure highlights the 

effectiveness of federated learning, nearly matching centralized model accuracy while preserving privacy. 

D. Real-Time Performance and Edge Deployment 

The framework’s real-time viability was assessed using edge devices such as Raspberry Pi and 

NVIDIA Jetson. CNN inference times averaged below 50 ms per signal sample, while LSTM 

prediction latency remained under 100 ms. These values are well within the requirements for real-

time monitoring, confirming that edge deployment is feasible. Moreover, preprocessing data at the 
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edge reduced transmission bandwidth requirements by up to 60%, making the system scalable for 

dense sensor deployments. 

E. Comparative Analysis with Conventional SHM 

To highlight the benefits of AI-assisted SHM, results were compared with conventional 

monitoring approaches: 

1. Detection Latency: Traditional vibration-based modal analysis required damage to progress 

significantly before detection, whereas AI models flagged anomalies after minor stiffness 

changes. 

2. Predictive Capability: Conventional SHM could not forecast future settlement, while AI models 

provided reliable short-term and long-term forecasts. 

3. Scalability: IoT and federated learning frameworks enabled integration across multiple 

structures, unlike isolated traditional systems. 

These comparisons underscore the advantages of AI integration, particularly for high-rise 

foundations where early detection and prediction are crucial for preventing large-scale failures. 

F. Limitations 

Despite promising results, certain limitations must be acknowledged. First, the framework relies 

heavily on the availability of high-quality datasets for training; in real-world deployments, labeled 

damage data may be limited. Second, numerical simulations, while informative, may not fully 

capture the complexity of heterogeneous soils and aging materials. Third, federated learning 

introduces additional computational overhead during parameter aggregation, which could affect 

scalability in very large networks. Addressing these limitations will require hybrid approaches 

combining physics-based modeling, data augmentation, and probabilistic uncertainty quantification. 

G. Practical Implications 

The results demonstrate that AI-assisted SHM can significantly enhance the safety and 

sustainability of high-rise buildings. By detecting early anomalies, predicting long-term settlement, 

and enabling secure data sharing, the framework offers a pathway toward proactive maintenance 

strategies. This reduces life-cycle costs, prevents catastrophic failures, and supports the development 

of resilient urban infrastructure. The findings are particularly relevant for seismic-prone and rapidly 

urbanizing regions where the demand for high-rise structures is accelerating. 

V. Conclusion 

This study proposed and demonstrated an AI-assisted Structural Health Monitoring (SHM) 

framework specifically designed for foundations and high-rise buildings. The framework integrates 

IoT-enabled sensing technologies, advanced artificial intelligence models, and federated learning 

mechanisms into a unified system that not only detects structural anomalies but also predicts future 

settlement and degradation trends. The comprehensive methodology and results provide evidence 

that such a system can significantly enhance resilience, safety, and sustainability in modern urban 

infrastructure. 

The findings emphasize several critical contributions. First, the application of deep learning 

models such as Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs) 

markedly improved the detection and prediction capabilities of SHM systems. CNNs achieved high 

accuracy in identifying hidden patterns in vibration data, enabling early detection of damage that 

conventional modal analysis often misses. RNNs and Long Short-Term Memory (LSTM) networks 

successfully forecasted settlement and tilt trends, offering predictive insight into foundation 

performance under operational and seismic loading. These results demonstrate that AI can transform 

SHM from a reactive to a predictive discipline, empowering engineers to act before minor issues 

escalate into major structural problems. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 15 September 2025 doi:10.20944/preprints202509.1196.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202509.1196.v1
http://creativecommons.org/licenses/by/4.0/


 11 of 13 

 

Second, the integration of federated learning introduced a novel pathway for collaborative, 

privacy-preserving SHM. By allowing multiple buildings or stakeholders to contribute to global 

model training without sharing raw data, the approach effectively addressed one of the most 

significant barriers to large-scale SHM implementation. The federated models achieved performance 

nearly equivalent to centralized models, while also improving generalizability across different soil 

conditions, structural configurations, and loading scenarios. This capability is particularly relevant 

for metropolitan regions, where a variety of high-rise structures must be monitored by different 

agencies with strict data security requirements. 

Third, the real-time viability of the framework was demonstrated through edge-computing 

experiments. By processing data at the edge, inference latency was kept well below thresholds 

required for real-time monitoring, while also reducing data transmission demands. This confirms 

that the proposed system is not only theoretically robust but also practically implementable in large-

scale urban environments where dense sensor networks and continuous monitoring are necessary. 

Despite its promise, the study acknowledges several limitations. The reliance on simulated 

datasets for model training highlights the need for expanded real-world monitoring data to improve 

robustness. Heterogeneous soil conditions, material aging, and unforeseen environmental factors 

may introduce complexities that exceed those captured in current simulations. Additionally, 

federated learning, while effective, introduces overhead in parameter aggregation and 

communication, which may pose scalability challenges in extremely large monitoring networks. 

Future research should explore hybrid approaches that combine data-driven models with physics-

based simulations, as well as probabilistic methods that explicitly quantify uncertainty in predictions. 

From a practical perspective, the adoption of AI-assisted SHM offers transformative implications 

for infrastructure management. For foundations, predictive settlement models can inform proactive 

ground improvement or reinforcement measures, preventing differential settlement from threatening 

structural integrity. For high-rise superstructures, early damage detection can reduce maintenance 

costs, minimize downtime, and ensure occupant safety. At a societal level, the framework contributes 

to safer, more sustainable cities by supporting resilient infrastructure planning in seismically active 

and rapidly urbanizing regions. 

In conclusion, AI-assisted SHM represents a paradigm shift in the monitoring and maintenance 

of foundations and high-rise buildings. By integrating intelligent sensing, predictive analytics, and 

privacy-preserving collaboration, the framework addresses the shortcomings of traditional SHM 

systems and sets the stage for resilient urban infrastructure management. The results underscore the 

necessity of transitioning toward AI-driven approaches, not only as a supplement but as a core 

component of future SHM practices. Continued advancements in machine learning, federated 

learning, and sensor technologies will further refine these systems, ensuring that high-rise structures 

and their foundations remain safe, reliable, and adaptable in the face of evolving environmental and 

societal challenges. 
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