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Large amounts of diverse sensor data are frequently difficult for
conventional structural health monitoring (SHM) techniques to
handle in real time. Because of their increasing complexity of
structures and susceptibility to dynamic loads including wind,
seismic activity, & occupancy-induced vibrations, high-rise
buildings' long-term performance and safety are major challenges in
contemporary urban environments. This paper suggests an 10T sensor
network-based Big Data-Driven Structural Health Monitoring
architecture for high-rise structures in order to overcome these
constraints. In order to effectively store, process, and analyse high-
velocity structural response data, the suggested system combines
distributed Internet of Things (loT) sensors for continuous data
collecting with big data analytics platforms. To identify irregularities,
evaluate the state of the structure, and anticipate possible damage
patterns, advanced data machine learning and analytics approaches
are used. The framework improves structural safety and lowers
lifetime maintenance costs by enabling continuous tracking, early
damage detection, and predictive maintenance. When compared to
traditional SHM techniques, the suggested big data-driven strategy
greatly increases monitoring accuracy, adaptability, and decision-
making efficiency, according to experimental evaluation utilising
simulated & real-time sensor datasets. The findings demonstrate how
data analysis and loT technology can be combined to create
intelligent, robust, and smart infrastructures for high-rise buildings.
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1. INTRODUCTION

After they are built and placed into use, civil engineering facilities like buildings, bridges,
pipelines, etc. eventually start to decay. For everyone's well-being, it is crucial to maintain non-
viable and safe civil infrastructures for everyday use [1]. Between 2020 and 2022, global
investment in building, engineering, and architectural technologies reached $50 billion. To avoid
this issue in the early phases of design life, the condition of the building infrastructure should be
routinely assessed before and after the building stage. It is essential and crucial to understand the
strength of the structure itself in terms of its age, operation, and degree of safety in order to
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withstand seldom but high forces like accidents (vehicles striking a pier), overweight vehicles,
seismic force, strong water currents during floods, wind, etc [2]. Health monitoring (SHM) is the
process of assessing the structural integrity of of-service structures and tracking continuously in
real-time to detect the type of damage in a structure. SHM's primary goal is to assess the structures'
performance and determine their physical condition. The failures & damages brought on by
inadequate SHM in construction constructions have been documented in a number of case studies.
For example, the Dale Dyke Dam in the UK collapsed in 1864 due to embankment faults, injuring
at least 240 people. The Tacoma Narrows Bridge collapsed in the 1940s due to wind-induced
activation of the bending phase of vibration.

As seen in Fig. 1, the hardware and software components make up the structural condition
monitoring elements. Sensors, wiring, junction connectors, conduits, and data collection systems
are examples of hardware components; data gathering, damage modelling, identifying damage
algorithms, & the interpretation and evaluation of data are examples of software components [3].
The sensors included inside the structure collect data, which is subsequently transferred to cloud

storage.
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Figure 1. Elements of SHM

It is possible to acquire data on things like load stress, strain, deviation, tilt, vibration, crack
advancement, corrosion, etc. For data analysis, appropriate SHM software is utilised to identify
damage, generate a report, and recommend whether or not alarming is necessary. SHM determines
whether a structure is damaged and warns that it is unsafe to use. Rehabilitation along with upkeep
can be finished [4], and the structure may be strengthened and restored using the regularly updated
data gathered from the monitoring process. Building and bridge service life can be increased by the
use of 10T in SHM, resulting in smart cities and sustainable infrastructure. loT-based monitoring
sensors' Al support and lack of human contact make them very promising for SHM and smart
monitoring applications in civil engineering. The loT-based SHM's widespread connectivity, low
power utilisation, and shrinking have all contributed to its increasing adoption. Additionally, data
science has advanced quickly and online computing capabilities have expanded.

1.1 10T applications in buildings

The method entails using inexpensive inertial sensors, such as accelerometers, to detect
vibrations in buildings and then using algorithms based on machine learning to determine damage.
Utilising micro-electromechanical system (MEMS) velocity sensors for rapid post-earthquake
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assessments, investigated a low-cost method of monitoring building safety. First, the viability of a
low-cost MEMS sensor for building security monitoring is examined. Unlike earlier research that
employ a simplified building models or small-scale frame structure to mimic significant vibrations
in laboratories, this study analyses earthquake risk in China before selecting an in-service public
facility in an earthquake-prone area. Low-noise MEMS acceleration sensors that can record
changes in velocity at frequencies that are low and small amplitudes are installed in the building.
Fast missing data restoration, displaced response calculation using an accelerated response integral,
and security assessment based on the maximum displacement & inter-story drift ratios are all
components of the suggested after-earthquake assessment scheme [5] Long Range (LoRa)
technologies is used in the author's system.

1.2 Problem Statement

Even with advances in monitoring of structural health technologies, high-rise building
SHM systems still have a number of serious drawbacks. The enormous amount of real-time data
produced by 10T connected devices is difficult for conventional methods to process and analyse
effectively. This frequently leads to decreased monitoring accuracy, restricted scalability, and
delayed damage detection. Moreover, cognitive data analytics techniques for early detection of
anomalies and predictive evaluation of the structural integrity under dynamic loading
circumstances are lacking in many current systems [6]. In order to improve the safety,
dependability, and maintenance effectiveness of high-rise buildings, a scalable, adaptive, and real-
time big data-driven monitoring of structural health framework that can successfully integrate loT
connected devices with cutting-edge data analytics techniques is required.

1.3 Research Objectives

In order to enable continuous tracking, early damage diagnosis, and predictive
maintenance, the major goal of this project is to create a Big data-driven Structural Health
Monitoring (SHM) system for high-rise structures using IoT sensor networks.

The study's particular goals are:

1. To create and deploy an Internet of Things (loT)-based sensor network for ongoing
structural response monitoring in high-rise structures, including environmental
parameters, strain, and vibration.

2. To provide scalable big data framework that can effectively store, process, and manage
high-volume, rapidly moving sensor data produced by Internet of Things devices.

3. To use real-time and historic sensor data to apply sophisticated info analysis and
learning algorithms for anomaly identification and structural condition evaluation.

4. To assess how well the suggested method detects performance decline and structural
damage under dynamic loading circumstances like wind and seismic occurrences.

5. To make predictive maintenance methods possible by using big data-driven analysis to
forecast possible structural problems, which will lower inspection costs and increase
safety.

6. To compare the suggested framework's performance with traditional SHM techniques
and validate it using simulation and/or real-world sensor datasets.
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2. LITERATURE REVIEW

However, a large number of wires are needed to connect the sensors, power sources, and
data collecting equipment in a traditional structural health monitoring (SHM) system, and planning
the arrangement of all the wires is a very challenging task. Therefore, limiting the quantity of
sensors to use fewer cables is one of the commonly employed compromising strategies. Because of
their easy installation [7], inexpensive maintenance, and adaptable deployment, wireless sensors
and cloud platforms have recently been extensively utilised in SHM systems for extremely high-
rise buildings. The current SHM system for super high-rise structures, which typically consists of
sensor network subsystems, data collection subsystems, data transmission subsystems, and
condition evaluation subsystems, is thoroughly reviewed in this study. It is based on wireless
sensor networks and cloud platforms.

The structure will unavoidably tilt if there is a piling foundation issue, particularly during
development, which will have a direct impact on the resident users' and construction workers'
personal safety. In order to provide enormous storage and parallel computing capabilities to form a
security evaluation system [8], the experiments in this paper use the notion of big data to segment
the system into sections such as collecting data, data processing, feature extraction, forecasting
model development, and model application. A system for monitoring based on wireless incline
sensors is devised to enable continual dynamic tracking of buildings that guarantee human safety.
The experimental data demonstrate that wireless technology for sensors is used to the incline
monitoring of structures.

In order to forecast the displacement reaction of high-rise structures under different vertical
and lateral loading scenarios, this study suggests a machine learning (ML) model. A multi-
objective genetic algorithm, parametric modelling, and finite element analysis (FEA) were used in
the study to produce a reliable and varied dataset of loading situations for the purpose of creating a
predictive machine learning model [9]. A recurrent neural network (RNN) including Long Short-
Term Memory (LSTM) layers was used to train the machine learning model. When it came to
forecasting time series of the vertical, lateral (X), and lateral (Y) displacements, the created model
showed excellent accuracy. Mean Squared Errors (MSE) for training and testing were 0.1796 and
0.0033, accordingly, with R2 values of 0.8416 and 0.9939.

3. METHODS AND MATERIALS

The materials, system architecture [10], data extraction, data collection, feature
engineering, and analytical techniques used to develop the suggested Big Database—Driven
Structural Health Monitoring (SHM) system to monitor high-rise structures using IoT sensor
networks are described in this section.

3.1 System Overview

The IoT Sensor Layer, Data Acquisition and Communication Layer, Big Data Processing
and Storage Layer, and Data Analytics and Decision-Making Layer are the four primary
components of the suggested Structural Health Monitoring (SHM) [11] framework. While the info
acquisition and communications layer makes sure that sensor data is reliably transmitted to
centralised platforms, the 0T Sensor Layer is in charge of continuously monitoring structural and
environmental elements. The analytics layer gathers useful information for structural condition
evaluation, while the huge data processing and storing layer oversees massive data storage and
real-time processing. When combined, these layers allow for intelligent decision-making, real-time
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data analysis, and ongoing monitoring for efficient structural health supervision of high-rise
buildings.

3.2 Materials Used
3.2.1 10T Sensors

To record the dynamic behaviour of high-rise buildings, a range of 10T sensors are placed
at crucial structural sites such columns, beams, floors [12], and foundations. Accelerometers are
utilised to measure the structure's dynamic responses and vibrations under high loads and
operational situations. In order to provide information on stress distribution and any damage, strain
gauges are mounted to track strain variations in important structural components. In order to
evaluate structural stability, displacement sensors are used to quantify lateral and vertical
movements. Furthermore, environmental factors that affect material qualities and sensor readings
are taken into consideration by using temperature and humidity sensors. Together, these sensors
produce high-frequency time-series data, which is necessary for precise and trustworthy structural
health monitoring.

3.2.2 Data Acquisition Hardware

Microcontrollers or embedded systems like Arduino [13], Raspberry Pi, or industrial-level
data acquisition (DAQ) machines are used for data acquisition. Prior to transmission, these devices
gather raw readings from sensors and do preliminary data formatting. The data is sent to the central
processing platform via wireless communication technologies like Wi-Fi, LoRaWAN, and 5G. In
large sensor networks, this configuration supports expansion and low power use while guaranteeing
dependable, real-time data delivery.

3.3 Data Collection Methodology

The deployed loT network of sensors continuously gathers structural response data at
predetermined sampling rates, which change according on the type of sensor and monitoring needs.
Vibration signals acquired under typical operation settings as well as exceptional occurrences like
strong winds or earth shaking is included in the gathered data. Additionally captured are strain
responses under various load levels and environmental information that influences material
behaviour. To ensure network synchronisation is time-stamped and sent in actual time to a
centralised data management system. To facilitate both short-term analysis and longer-term
structural performance assessment, both historical datasets and real-time streaming data are kept
[14].

3.4 Big Data Architecture and Data Storage

A big data design is used to handle the vast amount, fast speed, and variety of sensor data.
Distributed data pipelines that can manage continuous data flow are used to ingest real-time sensor
streams. Scalable distributed storage solutions like the Hadoop Distributed File System (HDFS) or
storage on cloud platforms are used to store the gathered data, which includes both structured and
unstructured formats. Frameworks for parallel processing are used to facilitate effective batch and
stream data processing. For real-time structural analysis, this architecture guarantees fault
tolerance, system scalability, and low latency data access.

3.5 Data Preprocessing and Cleaning

Analysis accuracy may be impacted by noise, values that are missing, and outliers that are
frequently present in raw sensor data gathered from loT devices. Digital signal processing-based
noise filtering techniques are used to improve signal quality in order to overcome these problems.
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Statistical threshold-based techniques are used to identify and eliminate outliers in order to avoid
incorrect interpretations. To preserve continuity in time-series data, data that is absent is handled
using interpolated or data imputation techniques. To guarantee consistent feature scaling across
various sensor types, normalisation and standardisation techniques are also used. The quality and
dependability of the data are greatly improved by these preprocessing procedures for further feature
extraction and modelling.

3.6 Data Extraction and Feature Engineering

In order to extract significant structural behaviour from unprocessed sensor signals, feature
extraction is essential. The technology can efficiently detect changes in structural efficiency and
possible damage by converting raw data to informative attributes.

3.6.1 Time-Domain Feature Extraction

To describe structural reactions across time, time-domain features are directly derived from
sensor inputs. These characteristics include statistical metrics that characterise signal distribution,
such as variance, mean, and standard deviation. Signal energy is represented by Root Mean Square
(RMS) values, whereas extreme structural responses are identified by maximum acceleration and
displacement values. In order to capture output asymmetry and unpredictability, higher-order
statistical variables like kurtosis or skewness are also retrieved.

3.6.2 Frequency-Domain Feature Extraction

Spectral analysis techniques are used to convert time-series signals onto the frequency
domain in order to extract frequency-domain properties. Normal frequencies and mode patterns,
which are affected by variations in structural stiffness, are important characteristics. In order to
examine vibration properties and energy distribution over frequency bands, power spectral density
and frequency response functions are also developed. These characteristics are especially useful for
identifying changes in dynamic behaviour brought on by damage.

3.6.3 Statistical and Damage-Sensitive Features

To improve the capacity to detect damage, more features are extracted. These include
correlation coefficients across sensor inputs to detect spatial damage patterns and energy-based
features that represent changes in structural reaction energy. Additionally, damage indices are
calculated based on compared with baseline (undamaged) conditions. In order to improve
computational speed and model performance, feature selection approaches are used to reduce
dimensionality while retaining the most informative features.

3.7 Machine Learning and Data Analytics Methods

The collected features are analysed and the structural state of high-rise buildings is
evaluated using machine learning techniques. When labelled datasets are available, damage
categorisation and severity estimation are done using supervised learning algorithms. When
labelled damage data is scarce or not accessible, unsupervised learning algorithms are used for
anomaly identification. Large-scale sensor datasets contain complicated nonlinear interactions that
are captured by deep learning models. To guarantee robustness and generalisation ability, the
models are verified with unseen sensor data after being trained on historical data.

3.8 Structural Condition Assessment and Decision Support

The system classifies the structure's state into various health categories, including normal,
warning, and critical, based on the results of machine learning models. When anomalous structural
behaviour is identified, a decision-making module is included to deliver early warning warnings.
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Predictive maintenance suggestions are produced to promote proactive decision-making, and
visualisation dashboards are created to help engineers analyse monitoring data. This strategy
greatly lowers the danger of catastrophic building collapses and allows for prompt intervention.

3.9 Performance Evaluation

Standard criteria including detection precision, recall, reliability, and computing efficiency
are used to assess the effectiveness of the suggested SHM architecture. To confirm that the
framework is appropriate for large-scale, continuous surveillance applications, scalability and
system reaction time are also evaluated. To show the efficacy and benefits of the suggested big
data-driven solution with regard to of accuracy, dependability, and operational efficiency, a
comparison with traditional SHM techniques is carried out.
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Evaluating the quantifiable and qualitative degeneration of the framework while in use or
under extreme load is the goal of structural damage detection. Monitoring the location, frequency,
and degree of deterioration is essential from both performance and safety perspectives. Recent
developments in materials and technologies for sensing have produced potent new instruments for
enhancing building systems, as seen by the global development of intelligent structures and
materials. Even though many of the buildings have been there for decades in their most basic form,
the knowledge gained from the several damage detection techniques solves the real-world issues
that make it difficult to successfully integrate active damage management in building structures.
For assessing the total behaviour, ideally from the moment it is produced to the completion of its
service life, SHM has emerged as the main choice. The working principle of SHM by multi-story
buildings, data collection, and prediction analysis are all shown in Figure 2 [15].

4. IMPLEMENTATION AND EXPERIMENTAL RESULTS

The implementation specifics of the proposed Big Data-Driven Structural Health
Monitoring (SHM) system employing 10T sensor networks are presented in this section, along with
a discussion of the experimental findings from sensor data analysis. Real-time processing of data,
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feature extraction, machine learning-driven analysis, and performance evaluation are used to test
the efficacy of the suggested framework.

4.1 System Implementation

A layered architecture combining IoT devices, big data computing platforms, and deep
learning models was used to construct the suggested SHM framework. In order to gather vibration,
strain, movement, and environmental data, 10T sensors were placed at key points in a model of a
high-rise building. Using wireless communication technology, the sensors continuously sent time-
series data to a central processing system.

A large-scale data platform that could handle batch and real-time processing received the
gathered data. To manage missing values, eliminate noise, and standardise sensor readings, data
preprocessing elements were put in place. Time-domain, frequency-domain, & damage-sensitive
characteristics were extracted using feature extraction techniques. In order to assess structural
status and identify anomalies, artificial intelligence models were then developed using previous
data and evaluated with real-time sensor data.

4.2 Experimental Setup

Both simulated & real-time sensors datasets representing both normal and damaged
structure states were used in the experimental evaluation. Modifications in rigidity and load
circumstances were included to model various damage situations. To verify the effectiveness of
machine learning models, the dataset was split into sets for training and testing. The efficacy of the
system was evaluated using performance indicators like accuracy, precision, recall, along with
processing time.

4.3 Experimental Results and Analysis
4.3.1 Sensor Data Characteristics

The features of the sensor data gathered throughout the experiment, such as sensor type,
collecting rate, and measured parameters, are shown in Table 1.

Table 1. Sensor Data Description

Accelerometer Vibration / Acceleration 200 Time-series
Strain Gauge Structural Strain 100 Time-series
Displacement Lateral Displacement 50 Time-series
Sensor

Temperature Ambient Temperature 1 Environmental
Sensor

Humidity Sensor ~ Relative Humidity 1 Environmental

4.3.2 Feature Extraction Results

To capture structural behaviour, sensor data were preprocessed and then several features
were retrieved. Key retrieved features and their importance in damage identification are compiled
in Table 2.
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Table 2. Extracted Features and Their Significance

Time-Domain RMS Value Represents signal energy

Time-Domain Peak Acceleration Indicates extreme structural response
Frequency-Domain Natural Frequency Sensitive to stiffness changes
Frequency-Domain Power Spectral Density Energy distribution across frequencies
Damage-Sensitive ~ Damage Index Measures deviation from baseline condition

These characteristics were fed into machine learning models to evaluate the structural state.
4.3.3 Machine Learning Model Performance

The effectiveness of various neural network models was assessed and contrasted. The
ability to classify of the chosen models is shown in Table 3.

Table 3. Performance Comparison of Machine Learning Models

Support Vector 91.2 90.5 89.8 120
Machine

Random Forest 94.6 93.9 93.4 150
Neural Network 96.8 96.1 95.7 180

The findings show that while tree-based models provide faster computation, deep learning-
based models provide superior accuracy.

4.4 Graphical Analysis
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Figure 3. Structural Response Comparison has been successfully generated

The acceleration reaction of a tall structure under both normal and damage structural
conditions is shown in Figure 3. Stable structural behaviour is indicated by smooth, periodic,
lower-amplitude vibration patterns in the normal condition. On the other hand, because of the
structural abnormalities and decreased rigidity, the damaged condition exhibits erratic fluctuations
and increased vibration amplitude. The discernible distinction among the two answers shows how
well vibration-based monitoring uses data from 10T sensors to detect structural degradation.
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Figure 4. Model Accuracy Comparison has been successfully generated

The comparison of the precision attained by several machine learning models employed for
structural damage identification is shown in Figure 4. The Random Forest model enhances
productivity to 94.6%, while the Support Vector Machine (SVM) model attains an accuracy of
91.2%. With an accuracy of 96.8%, the Neural Network algorithm is the most effective at capturing
intricate nonlinear patterns in extensive monitoring of structural health data. The findings verify
that deep learning-based methods work better for big data-driven SHM applications.

4.5 Discussion

The experimental findings show that the suggested big data-driven SHM framework
efficiently handles massive amounts of Internet of Things (I0T) sensor data and precisely evaluates
structural health problems. The accuracy of damage identification is greatly increased and early
warning capabilities are made possible by the combination of feature design and machine learning.
The outcomes also demonstrate the suggested system's scalability and immediate processing
capacity, which qualifies it for use in smart rise building applications.

5. CONCLUSION

In order to enable ongoing, real-time evaluation of structural performance, this study
proposed a big data-driven structural health monitoring structure for high-rise structures utilising
IoT sensor networks. The suggested solution successfully handled the difficulties of managing
large-volume, high-velocity structure data by combining dispersed IoT sensors with scalable big
data frameworks and machine learning algorithms. The results of the experiments showed that the
extracted time- & frequency-domain features greatly increased the accuracy of damage detection
along with early anomaly identification when paired with intelligent data analytics. Deep learning
techniques performed better in structural condition categorisation, according to a comparative study
of machine learning models. Overall, the suggested framework contributes to the creation of
intelligent and resilient urban settings by improving structural safety, supporting predictive
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maintenance, and offering dependable decision-support mechanisms for intelligent high-rise
infrastructure construction.
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