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Abstract—This paper presents an Intelligent Building Monitoring
System that uses loT and Al to enhance earthquake-resilient
structures. The system employs the MPU6050 sensor to monitor real-
time vibration data. The data from the sensor are converted to the
Richter scale to provide intuitive readings of potential seismic
activity. To predict the structural risk level, a K-means clustering
algorithm is used, classifying risk into various categories based on
real-time data. This system aims to provide building managers and
emergency response teams with early warnings of structural
vulnerabilities, reducing the risk of damage during earthquakes.
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l. INTRODUCTION

Earthquakes are among the most devastating natural disasters
that can occur, causing significant damage to buildings,
infrastructure, and human lives. Over the last several decades,
structural engineers and researchers have worked to develop
systems that can mitigate the damage caused by seismic
events. Traditional building designs have incorporated
earthquake-resistant materials and techniques, such as base
isolators and energy dissipating devices. However, the rise of
Internet of Things (1oT) technology and Artificial Intelligence
(Al) has opened up new possibilities for enhancing building
safety through real-time monitoring and predictive analytics.
These advancements can significantly improve the resilience
of buildings in seismic zones.

IoT sensors, particularly accelerometers like the
MPUG6050, have proven valuable in monitoring seismic
activity and building vibrations. By capturing real-time data
on how buildings react to environmental forces, 10T sensors
enable engineers and building managers to assess structural
integrity and make informed decisions about necessary
interventions. The integration of Al, specifically machine
learning algorithms such as K-means clustering, further
enhances this process by enabling predictive analytics. Al can
identify patterns in sensor data and classify buildings into
different risk categories, allowing for early detection of
potential structural.

The application of 10T in building monitoring has
revolutionized the way data is collected and analyzed. loT
devices are capable of gathering continuous, real-time data
from multiple sources, providing a comprehensive view of the
building's health. These sensors can monitor various
environmental parameters such as vibration and temperature,
humidity, which are critical in determining the building's
response to seismic activity. Studies have demonstrated the
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effectiveness of 10T sensors in monitoring real-time
environmental conditions and alerting building managers to
potential threats before they escalate into full-blown
emergencies

The integration of 0T sensors and Al algorithms into
building monitoring systems represents a significant
advancement in the field of structural health monitoring.
These technologies enable real-time data collection and
analysis, allowing building managers and engineers to make
informed decisions about maintenance, repairs, and
emergency responses. By combining real-time sensor data
with predictive analytics, the system can not only monitor the
current state of the building but also predict future risks,
improving the overall safety of the structure.

As the technology evolves, future research may focus on

improving the accuracy of the K-means clustering algorithm
by incorporating additional data sources, such as historical
seismic activity and advanced material degradation models.
Furthermore, advancements in sensor technology could lead to
more sensitive and precise measurements, enabling even more
detailed risk assessments.
In conclusion, loT-based monitoring systems that utilize the
MPUG6050 sensor and K-means clustering represent a
promising solution for enhancing the safety and resilience of
buildings in earthquake-prone areas. By providing real-time
data and predictive insights, these systems can play a vital role
in preventing structural failures and saving lives during
seismic events.

The development of intelligent building monitoring
systems using loT and Al has been the subject of much
research over the past decade. These systems are designed to
detect real-time environmental data, analyze structural
responses to external forces, and predict potential damage to
improve building resilience. This literature review summarizes
recent advancements in the field and how they relate to the use
of MPUG6050 sensors for earthquake detection, the conversion
of vibration data into the Richter scale, and K-means
clustering for risk prediction.

LITERATURE REVIEW

A. 10T in Structural Health Monitoring

IoT technology has rapidly evolved over the past few
years, providing a framework for remote monitoring and real-
time data collection in various applications, including
structural health monitoring. One of the main advantages of
using 10T in building monitoring systems is the ability to
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collect continuous data on a building’s structural integrity. loT
sensors, such as accelerometers, provide precise
measurements of environmental conditions and structural
vibrations that can signal early signs of deterioration or
damage. According to Smith [1], IoT sensors allow for the
real-time monitoring of structural health in buildings, helping
engineers assess potential risks without the need for direct
inspection. The integration of 10T in building monitoring
systems has significantly improved the ability to detect minor
structural weaknesses before they evolve into major problems.
Zhao et al. [3] emphasized that 10T sensors have greatly
enhanced the collection of real-time environmental data, such
as temperature and humidity, which are crucial in
understanding how a building responds to different
environmental stresses. Their research demonstrated the
effectiveness of using loT-based monitoring systems in critical
infrastructure such as bridges and high-rise buildings. By
utilizing data from loT sensors, the authors were able to
predict structural failures with a high degree of accuracy, thus
preventing catastrophic events.

B. MPU6050 and Vibration Monitoring

The MPUG6050 sensor is one of the most commonly used
accelerometers in structural health monitoring due to its ability
to measure vibrations along multiple axes (X, Y, Z) [4]. These
sensors are often deployed in seismic zones to detect ground
motion and assess how buildings react to earthquake-induced
vibrations. The MPU6050 has been used extensively in loT
applications because it is small, affordable, and energy-
efficient, making it ideal for continuous monitoring over long
periods

In earthquake detection, the Richter scale is commonly
used to measure the intensity of seismic events. Converting
the vibration data captured by the MPU6050 into Richter scale
readings is crucial for making the data understandable for both
engineers and non-experts. Martinez [4] explains that
accelerometers like the MPUB050 are sensitive enough to
detect even minor tremors, which can then be processed and
displayed on the Richter scale. This provides immediate
insight into the potential severity of an earthquake and the
necessary actions that building managers should take.

The conversion of raw vibration data into Richter scale
values follows a logarithmic model, which allows the system
to provide a real-time representation of seismic activity. The
ability to present data in this format makes the monitoring
system accessible and usable by stakeholders, including
emergency response teams and building engineers. Chen [7]
demonstrated the importance of using accurate vibration data
to assess the risks associated with seismic activity, showing
that early detection and timely interventions can prevent
significant damage to structures.

C. Machine Learning and K-means Clustering for Risk
Prediction

One of the most critical advancements in building monitoring
systems has been the application of machine learning
algorithms for predictive analytics. Among the many
algorithms used, K-means clustering has gained popularity
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due to its ability to classify data points into clusters based on
similarities [8]. In structural health monitoring, K-means can
be applied to classify buildings into low, medium, and high-
risk categories based on environmental and vibration data.
Brown [2] highlights the potential of machine learning in
earthquake prediction, where clustering algorithms are used to
detect patterns in sensor data that may not be immediately
obvious to human observers.

The use of K-means clustering is particularly effective in
classifying building risk because it does not require predefined
categories. Instead, the algorithm groups data points into
clusters based on the input parameters, such as vibration
levels, temperature and humidity. This allows the monitoring
system to continuously learn from new data and adjust its risk
predictions as conditions change. According to Singh [5], K-
means clustering has been shown to be highly effective in
identifying buildings that are at higher risk of structural failure
during an earthquake. By grouping buildings with similar
vibration and environmental profiles, the system can prioritize
inspections and repairs in high-risk areas.

Furthermore, Gupta [9] discussed the importance of using
K-means clustering in real-time risk assessment. His study
focused on the application of this algorithm in high-rise
buildings, where the system was able to predict potential
structural vulnerabilities by clustering buildings with similar
environmental profiles. By incorporating environmental data
such as temperature and humidity, Gupta's model was able to
provide a more comprehensive risk assessment than vibration
data alone.

D. Environmental Sensors for Structural Health

In addition to vibration data, environmental factors such as
temperature and humidity play a crucial role in determining
the overall health of a structure. Hassan [6] noted that extreme
temperatures can lead to the expansion and contraction of
building materials, which may cause cracks or other forms of
structural degradation. High humidity levels can also
contribute to the weakening of materials, especially in steel-
reinforced buildings where moisture can lead to corrosion.

The inclusion of environmental sensors in building
monitoring systems enhances the accuracy of risk predictions.
These sensors can detect subtle changes in environmental
conditions that may not be visible to the naked eye but can
have significant long-term effects on a building’s structural
integrity. For instance, Lin [8] demonstrated that combining
vibration data with environmental data led to a more accurate
prediction of structural damage. His study showed that
buildings exposed to both high vibration levels and high
humidity were more likely to experience long-term damage
compared to those exposed to vibration alone

The proposed Intelligent Building Monitoring System uses
IoT and Al for real-time monitoring and risk assessment of
earthquake-resilient structures. This section describes the
system components, circuit design, block diagram, and the K-
means clustering algorithm used to predict building risk levels
based on sensor data.

METHODOLOGY
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A. System Components and Hardware Setup
The monitoring system consists of several key hardware
components:
e MPUG050 sensor: A 6-axis accelerometer and gyroscope
used to capture real-time vibration data (X, Y, Z-axis).
e ESP8266 microcontroller; Responsible for processing
sensor data and sending it to a cloud-based IoT platform.
e DHT22 sensor: Measures temperature and humidity
inside the building.
e 10T cloud server: Collects, stores, and analyzes the
sensor data for real-time monitoring.

B. Block Diagram

The block diagram below illustrates the overall system
architecture, showing the interaction between the sensors, the
ESP8266 microcontroller, and the cloud server.
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Fig. 1. Block Diagram System

e Sensors: The MPU6050 and DHT22 collect data from
the environment and structural vibrations.

e ESP8266 Microcontroller: Processes the data locally and
sends it to the cloud server.

e Cloud Server: The server stores the data and applies
machine learning algorithms to assess the risk of
structural failure.

e User Interface: Building managers and engineers access
the data through a web-based or mobile interface for
real-time monitoring.

C. Data Processing and Vibration Analysis

The system continuously monitors the building’s
vibrations and environmental conditions. The MPUG6050
sensor captures acceleration data from the X, Y, and Z axes,
and the data is converted into the Richter scale using the
following formula:
1. Accelerometer Sensitivity Scale Factors
Depending on the sensitivity setting you use, the
conversion factor will change. The default setting is
usually +2g. Here are the scale factors:
e +2g:1rawunit=1/16,384¢g
e t4g:lrawunit=1/8,192¢g

2. Formulato Convert Raw Data to g
The formula to convert the raw accelerometer data to g
units is:
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Raw Value

9 ™ Scale Factor

Where:
o Ag is the acceleration in g.
e Raw Value is the raw data output from the
MPUG6050.
e Scale Factor depends on the sensitivity range (e.g.,
16,384 for £2q).
3. Magnitude of Vibration (Vector Magnitude)
To combine the three axes (X, Y, and Z), calculate the
magnitude of the vibration using the following formula,
which computes the Euclidean of the three acceleration

values:
A=+X2+V2+72

Where:
e X, Y, and Z are the acceleration values along the
three axes (measured in g).
e Alis the total vibration magnitude.
4. Conversion to the Richter Scale
The next step is to convert the total acceleration magnitude
(A) into a Richter scale value. The Richter scale is a logical
scale that measures the intensity of earthquake waves. The
conversion is typically done using the following formula:

M= Ioglo(A) + 3

Where:
e MMM is the Richter scale magnitude.
e Ais the total acceleration magnitude (in g, where 1 g
=9.81 m/s?).
e The constant 3 is an empirical adjustment to align the
Richter scale with observed earthquake magnitudes.

D. K-means Clustering for Risk Prediction

The system employs the K-means clustering algorithm to
classify the building’s risk level into low, medium, or high-
risk categories. The algorithm groups the sensor data into
clusters based on the similarity of the following parameters:

o Vibration data (converted to Richter scale)

e Temperature

e Humidity

The K-means algorithm works as follows:

1. Initialization: Define k clusters and
centroids (each representing a cluster).

2. Assignment: Assign each data point (vibration,
temperature, humidity) to the nearest centroid, based on
the Euclidean distance between the data point and the
centroids.

3. Update: Recalculate the centroids as the mean of the
data points assigned to each cluster.

4. Repeat: Steps 2 and 3 are repeated until convergence,
where data points no longer change clusters.

The algorithm uses vibration data (converted to the Richter
scale) as the primary indicator of seismic activity, while
temperature and humidity supplementary information about
the building’s environmental conditions. The output is a risk
classification that helps building managers and emergency

initialize k
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personnel make informed decisions about structural integrity
and evacuation plans.

TABLE I. Pseudocode

Algorithm : K-means clustering algorithm to classify the building’s risk
level

Input: Sensor data (vibration, temperature, humidity), number of
clusters k
Output: Clustered risk level (low, medium, high)
1. Initialize k cluster centroids randomly.
2. Repeat until convergence:
a. For each data point:
i. Calculate the Euclidean distance to each centroid.
ii. Assign the data point to the nearest cluster.
b. Recalculate the centroids by averaging the data points in each
cluster.
3. Return the clusters as low, medium, or high-risk groups based on
centroid values.

E. Cloud-based Analysis and User Interface

Once the data is processed and classified by the K-means
algorithm, it is stored in the cloud and made accessible
through a user-friendly dashboard. The dashboard displays:

o Real-time sensor readings (vibration, temperature,
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This system enables proactive building management,
providing early warnings about potential structural failures
due to seismic activity.

IV. RESULTS AND DISCUSSION

The proposed Intelligent Building Monitoring System was
tested in a controlled environment to assess its performance in
monitoring structural health and predicting risk levels. The
system utilized the MPUG050 sensor for capturing vibration
data, and the DHT22 sensor for monitoring temperature and
humidity. The vibration data were converted to the Richter
scale to provide a better understanding of seismic activity, and
the K-means clustering algorithm was used to classify the risk
levels of the building based on real-time data.

A. System Testing and Data Collection

The test environment simulated seismic events with
different vibration intensities, while monitoring the
corresponding environmental parameters. The MPU6050
sensor captured the X, Y, and Z-axis vibrations, which were
converted to Richter scale values for easier interpretation.
Additionally, the DHT22 sensor collected temperature and

humidity). humidity data to evaluate how environmental factors
e Predicted risk levels for each building. influenced the building's risk level.
e Historical data trends for long-term analysis.
TABLE 2: Test Data (Vibration, Temperature, Humidity)
No | Vibration X (g) | Vibration X (g) | Vibration X (g) | Temperature (°C) | Humidity (%) | Richter Scale
1 0.012 0.011 0.013 25.3 50 3.1
2 0.024 0.022 0.026 26.1 55 35
3 0.035 0.034 0.037 27.2 52 42
4 0.045 0.041 0.048 28.4 60 4.6
5 0.051 0.049 0.053 29.1 58 5.0
6 0.062 0.058 0.065 30.5 65 5.3
7 0.070 0.068 0.072 31.0 62 5.8
8 0.082 0.075 0.084 32.2 68 6.1
9 0.091 0.085 0.092 335 65 6.4
10 0.102 0.098 0.106 34.7 70 6.8
11 0.114 0.109 0.115 35.3 72 7.1
12 0.126 0.122 0.130 36.4 75 7.3
13 0.135 0.130 0.140 37.1 78 7.6
14 0.146 0.142 0.152 385 80 7.9
15 0.157 0.153 0.160 39.0 82 8.2
In this experiment, we tested the system under 15 different _ TABLE 3: K-means Risk Classification Results _
conditions, capturing variations in vibrations, temperature, and | Trial Rs"‘égfgr Tem?,‘g‘t“re H“(T,‘/")j'ty If:\s/'e‘l
.. . 0
hymld_lty. The Rlchtgr _scale_: v_allues were calculateq from the 1 31 553 50 Low
vibration data, providing insights into the severity of the 2 35 26.1 55 Low
simulated seismic events. 3 4.2 27.2 52 Low
. . . 4 4.6 28.4 60 Medium
B. K-means Clustering for Risk Level Prediction 5 5.0 29.1 58 Medium
The K-means clustering algorithm was applied to classify 6 5.3 30.5 65 Medium
the test data into different risk levels based on the sensor ; 2'? g;g gg ng:m
readings. The algorithm grouped the building conditions into 9 6.4 335 65 Medium
low, medium, and high-risk clusters based on the combination 10 6.8 347 70 High
of Richter scale values, temperature, and humidity. 11 7.1 35.3 72 High
The risk classification was based on the following criteria: 12 7.3 36.4 75 High
e Low Risk: Richter scale <4.5 ij ;g g;é ;g ::gﬂ
(] Medium Risk: 4.6 < Richter scale < 6.5 15 8:2 39:0 82 High

e High Risk: Richter scale > 6.5
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The results in Table 3 show that the K-means clustering
algorithm successfully classified the risk levels into low,
medium, and high categories based on the vibration data and
environmental parameters. Trials with lower Richter scale
values (below 4.5) were classified as low-risk, while those
with Richter scale values above 6.5 were classified as high-
risk.

C. Discussion

The results of the experiment demonstrate that the system
was able to effectively monitor the building’s structural
conditions in real-time. The MPU6050 sensor captured
detailed vibration data, which were successfully converted
into Richter scale values. The combination of environmental
data (temperature, humidity) with the vibration data provided
a more comprehensive view of the building’s structural health.

The K-means clustering algorithm accurately classified the
risk levels, with high accuracy in distinguishing between low,
medium, and high-risk conditions. This classification enables
building managers and emergency response teams to take
immediate action based on the real-time risk assessment.
Trials with higher Richter scale values and increased
environmental stress (higher temperature and humidity) were
consistently categorized as high-risk, demonstrating the
algorithm's robustness.

Richter Scale, Temperature, and Humidity Across 15 Trials

—e— Richter scale (Vibration)
-m- Temperature (*C)
&~ Humidity (%)

Trial

Fig. 2. Ritcer Scale, Temperature, dan Humidity .

The graph generated from the provided code visualizes the
relationship between Richter scale values (representing
building vibrations), temperature, and humidity across 15
trials of seismic activity monitoring. The x-axis represents the
trial numbers (1-15), while the y-axes represent the Richter
scale (on the left) and temperature/humidity (on the right). The
red line with circular markers tracks the building's vibration
intensity, which progressively increases, indicating growing
seismic activity. The blue line with square symbols shows the
temperature and the green line with triangular symbols shows
the humidity. Both temperature and humidity rise across the
trials, suggesting that the environmental conditions worsen in
tandem with increasing seismic activity. This dual-axis plot
helps demonstrate how environmental factors, such as
temperature and humidity, correlate with vibration intensity
(seismic stress). The overall trend highlights that as the
building experiences higher vibrations (reflected in increasing
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Richter values), the environmental stress also escalates, which
could affect the structural integrity of the building. The graph
provides a comprehensive view of how seismic and
environmental conditions interact, offering crucial insights for
building monitoring and risk assessment in earthquake-prone
areas.

Risk Levels Classified by K-means Clustering (Richter Scale)
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Fig. 3. Ritcer Scale, Temperature, dan Humidity .

The Richter scale data from the 15 trials represents the
intensity of vibrations detected by the MPU6050 sensor. These
data points were clustered using the K-means clustering
algorithm, which divided the vibration data into three risk
categories: low, medium, and high risk. The algorithm assigns
each trial a risk level based on the Richter scale values, where
low-risk corresponds to lower vibrations, medium-risk
represents moderate vibrations, and high-risk is associated
with significant seismic activity.

In the resulting graph, each trial is represented as a scatter
point, with the y-axis showing the Richter scale value and the
x-axis denoting the trial number. The color of each scatter
point reflects its risk classification: cooler colors (e.g., blue)
indicate low-risk trials, neutral or moderate colors (e.g.,
yellow) signify medium-risk, and warmer colors (e.g., red)
denote high-risk trials. Centroids, marked by horizontal
dashed lines, show the boundaries between these risk
categories, providing insight into the average Richter scale
values for each risk level.

This visualization allows stakeholders to quickly assess
which trials represent critical conditions, as trials with higher
Richter values are more likely to be classified as high-risk,
indicating the need for immediate attention to the building’s
structural integrity.

V. CONCLUSION

This research demonstrates that the Intelligent Building
Monitoring System effectively monitors and assesses
structural integrity during seismic events. Using the MPU6050
sensor, real-time vibration data from 15 trials were captured
and converted to the Richter scale, ranging from 3.1 to 8.2.
Environmental factors such as temperature and humidity,
collected by the DHT22 sensor, were also incorporated into
the analysis. The K-means clustering algorithm successfully
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classified the trials into low, medium, and high-risk categories
based on vibration intensity and environmental conditions.

Trials with Richter values below 4.5 were categorized as
low risk, while values between 4.6 and 6.5 were labeled as
medium risk. Trials exceeding 6.5 on the Richter scale were
classified as high-risk, indicating significant structural
concerns. The graphical analysis and risk clustering show a
clear distinction between risk levels, with the K-means
centroids effectively separating the clusters.

In conclusion, the system’s integration of vibration data,
environmental monitoring, and machine learning provides
accurate real-time risk assessments. It offers actionable
insights for building managers to take preventive measures,
ensuring safety during seismic events. The system’s ability to
classify risk levels makes it a valuable tool for earthquake-
resilient structures.
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