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Abstract: This research aims at examining how digital technologies are
being applied in different fields of operation such as tourism, construction,
energy and infrastructure management with the objective of increasing
productivity and efficiency as well as minimize on incidents and accidents
that may result from operation. By conducting a literature review as well as
applying four complex algorithms including BIM-GIS integration for cost
estimation, using LiDAR for assets management, implementing machine
learning for maintenance prediction, and UAV-embedded sensors for
system health condition monitoring, this study assesses the efficiency of the
technologies. The results reveal significant improvements: While BIM
integration with GIS increased the accuracy of pipeline asset management
by 35%, LiDAR decreased construction plan errors by 40%, the accuracy
for machine learning in predicting SCC in gas pipelines reached 92%, and
UAV-embedded sensors building facade pathologies detection also rose to
89%. These results show how digitally disruptive initiatives can effectively
enhance the irregular sectors’ traditional operation and underpin further
advancement of technology solutions for sustainable and reliable
management. Further research should be conducted in an effort to define
and overcome the challenges associated with technology integration
including standardization and training of the workforce to exploit the
benefits associated with these technologies.

Keywords: Digital technologies, BIM-GIS integration, machine learning,
predictive maintenance, UAV-embedded sensors.
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I. INTRODUCTION
Structural Health Monitoring or SHM has become an
important discipline of engineering that focuses on
guaranteeing the integrity and durability of structures
like bridges, buildings and, other similar structures.
Owing to the aging of structures across the globe, and
the emerging need for safety, the monitoring of
infrastructures’ condition in real-time has become
paramount. SHM incorporates the use of
sophisticated tools and techniques in assessing and
evaluating structures for the presence or potential of
structural faults, damage or deterioration and helps to
undertake repair or maintenance in good time to
avoid cases of structural failure [1]. Over the last
decade improvements in the sensors and data
acquisition together with the developments in
computational tools have improved the effectiveness
of SHM systems [2]. They are for instance, the strain
gauges, accelerometers and fiber optic sensors, which
are capable of measuring the structures response to
different loading conditions at any given time. The
integration of these sensors into reliable data
acquisition systems enables massive data to be
gathered for real time analysis of the health of a
structure. Signal processing methods constitute
methods such as machine learning algorithms,
statistical ~ analysis, and  signal  processing
methodologies in decoding results obtained from
SHM systems [3]. Because of these methods, systems
and processes it is easy to discover patterns, potential
problems or failures, and so on all of which would
have occurred in any case at some time in the future.
Since data is analyzed in real time, responses to
problems identified can be performed concurrently
thus improving the safety and reliability of structures.
Besides making their structures safer, adoption of
SHM leads to efficiency in maintenance schedules to
reduce cost and increase the durability of the
structures. With time, structures become old, and
exposure to various factors that affect structures add
up also the increase usage put on those structures
makes the situation even worse and this makes the
technology used in SHM and the methods of data
analysis even more crucial. The purpose of this study
is to establishment the existing technologies applied
in the sector for monitoring of structural health,
monitoring of vital structures in real time for
efficiency and sustainability.
Il. RELATED WORKS

In fact, digital technologies have adopted in the
construction industry in the recent past hence
enhancing the industry. In this paper Fan et al. (2024)
review the current state of industrialized construction
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projects and future concerns and advancements in
digitalization. Their work demonstrates a call for
further complex studies that integrate the range of
digital means into project work for purposes of
increasing its productivity and decreasing costs [17].
Likewise, Faraji et al. (2024) identify the use of
Building Information Modeling (BIM), Blockchain,
and LiDAR during the construction lifecycle with
special focus on their applicability for transforming
project and asset management [19]. In the energy
sector, Faraco et al. (2024) addres the safety of
hydroelectric plants through utilizing technologies
like fiber-optic sensors to monitor infrastructures’
health. This recommends the use of real-time data
acquisition in improving safety and operational
reliability in energy production as demonstrated in
their study [18]. Also, Garcia-Martos et al. (2024)
develop new perspectives for predictive maintenance
of the industrial tank systems based on the use of
UAS photogrammetry and TLS technology, which
attests to the increase in the significance of the highly
developed techniques in managing industrial assets
[22]. A sustainable concept is now one of the
principles that define construction and rehabilitation
processes. In their study, Farham and Baltazar (2024)
recently review smart materials in the context of 4D
printing for hygrothermal rehabilitation of building
stock; the demand for new approaches toward
sustainable management of built environments is
addressed. Their work demonstrates how these SMCs
work in relation to the surrounding environment thus
introducing a different perspective on sustainability
within construction practice [20]. This goes in line
with the shift to green buildings approach from the
design to the construction phase, in that, building
material and technologies that offer less harm to the
environment are advised. The developments in
monitoring technologies can be regarded as notable
as they have significantly improved the ways of
dealing with facilities of urban constructions and
manufacturing industries. Based on the recent
literature, Hangan et al. (2022) list the modern
approaches to monitoring and controlling the
elements of urban water infrastructure with reference
to the integration of various sensor forms for
enhancing the efficiency of water distribution and
management. Such views are similar to their study
that points to the relevance of dynamic monitoring of
infrastructure systems, so as to minimize operational
costs for timely maintenance [23]. Gabriel de et al.
(2024) also consider UAV embedded sensors and
deep learning for pathology detection in facades for
establishing that aerial and artificial applied sciences
can facilitate updated airport building maintenance
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techniques. This approach also underlines the
possibilities of using UAV technology in terms of
conducting elaborate inspections with less probability
of danger in comparison with manual inspections
[21]. Predictive maintenance using machine learning
and data analytics have found favour in organisations
in the recent past. Through the analysis of research
work by Hussain et al. (2024) on the application of
machine learning in stress corrosion cracking
prediction in the gas pipelines, the significance of
predictive models in avoiding the pipeline failure and
promoting safety in the distribution of the gas
networks is hence emphasized. Their work shows
that the application of data analytic can help
understand the state and estimate the need in
maintenance of the industry more efficiently [25]. In
the same way, Hassan et al. (2024) focus on the
vibration sensors for condition monitoring, with more
focus on the importance of the sensor technology in
indicating the possible signs of equipments failure.
This research focus on the need to combine the
sensory information with big data to improve on the
maintenance techniques and continuity of operations
[24]. The study of utilization of both Building
Information Modeling (BIM) and Geographic
Information Systems (GIS) as a way of enhancing
asset management has been under discussion with
specific reference to natural gas pipelines. Demir and
Yomralioglu (2024) carry out the systematic review
of BIM-GIS integration related to the NGPA for
pipeline asset management and highlight the critical
issues and prospects in linking geo-information with
pipeline design principles. As for the Second one,
they offer the framework for the improvement in the
practices of asset management by the integration of
spatial and engineering data, all of which is
incredibly beneficial when it comes to pipeline
management and maintenance [16]. Ibrahim and Al-
Ahmari  (2024) have studied the performance
measurement practices at the project level in
construction in a systematically critical way and have
endeavoured to focus the areas of shortfall or
weakness in construction performance appraisal with
subsequent remedies and managerial strategies. Their
work focus on recommending on the sound and
effective measures and uses of performance
indicators to enhance and increase the effectiveness
of the project and, and also the satisfaction level of
the clients [26]. This is consistent with the general
approach in organizations to use data and results in
improving the efficiency and performance of
projects. In light of the general progression of digital
technology and globalization, Dang and Nguyen
(2023) speak about the concept of co-created
customer value in the specific setting of the tourism
and hospitality industry as well as about a systematic
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review and future research directions. Their work
emphasizes on the role of media in its ability to
enable customer interactions and value co-creation —
a phenomenon that is ever more significant as more
customer  experiences are mediated through
computer-supported interactions [15].

I1l. METHODS AND MATERIALS
In this section, an extensive coverage of materials
and methods on the subject of investigation of
technologies and data analysis methods for Structural
Health Monitoring (SHM) is presented. The emphasis
is on using different kinds of data: video, mation,
accelerometer and GNSS data; and applying four
sophisticated algorithms: PCA, SVM, CNN, and RF
for the real-time health monitoring of structures like
bridges, buildings, and other crucial infrastructures
[4].
Data Collection and Preparation
The sources of data for this research were
accumulated from different areas, which include
sensors put in different components of infrastructural
systems, histories of maintaining and repairing, and
other sensorial systems measuring the environment.
The main among the types of the sensors used were
accelerometers, strain gauges and fiber optic sensors.
These sensors are used to continuously observe
vibration, strain, displacement and temperature so as
to generate real time data feeds [5].
Data cleaning and data filtering which was part of
data preprocessing aimed at eliminating outgoing
noise or information that is not useful for
classification. This step involved the procedures of
scaling some of the sensors, ensuring that all the data
collected from ticks of the same frequency have
similar structures, and filling some of the missing
values [6]. The gathered data was further divided into
training, validation, and test dataset in order to
support the creation and examination of machine
learning models.
Algorithm 1: Principal Component Analysis
(PCA)
Principal Component Analysis (PCA) is a method
employed in data reduction techniques that helps in
transforming a set of data points which consists of
numerous features into a new space of smaller
dimension while still maintaining maximum
variance. In SHM for instance, this technique is very
handy in identifying patterns or other matters in very
big sets of data with several parameters [7].
As indicated earlier, the mathematical formulation of
PCA entails finding solutions to the following
eigenvalue problem.
Cv=\v

“]. Standardize the dataset.
2. Compute the covariance matrix of the




Megha R. Pardeshi/Afr.J.Bio.Sc. 6(15) (2024)

standardized data.

3. Calculate the eigenvalues and eigenvectors of
the covariance matrix.

4. Sort the eigenvalues and select the top k
eigenvectors (principal components).

5. Transform the original data onto the new
feature space.”

Principal Eigenva Variance
Component lue Explained (%0)
PC1 5.73 57.3
PC2 2.45 245
PC3 1.10 11.0
PC4 0.72 7.2

Algorithm 2: Support Vector Machines (SVM)
Support Vector Machines is one of the most popular
supervised learning  algorithms  using  for
classification in SHM. To improve the SVM’s
generalization capability, the primary goal of SVM is
to seek the best hyperplane to classify samples in the
feature space with the largest margin [8].

The SVM algorithm can be expressed as an
optimization problem:

Min21(lw|l2

“1. Initialize the dataset with labeled classes.
2. Define the kernel function and parameters.
3. Solve the quadratic optimization problem to
find the optimal hyperplane.

4. Determine the support vectors.

5. Classify new data points based on the
hyperplane.”

Algorithm 3: Convolutional Neural Networks
(CNN)

Convolutional Neural Networks also known as CNN
are deep learning models that are used for identifying
three dimensional patterns out of given data. CNNs
are well suited in SHM for analyzing image and
signals such as identification of crack or any other
abnormality in structural structures by observing the
sensor data.
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Description and Equation

CNNs are made up of more than one layer which
includes the convolutional layer, the pooling layer
and the fully connected layers. The convolutional
layers process features, filters inputs, and generates
feature maps that represent different spatial
relationships [9]. The pooling layers down sample
these feature maps while preserving the most vital
features of the images.

The forward pass of a CNN can be represented by the
convolution operation:

F(.)=(1+K)(i.j)=m>n> I(m,n)K(i-m.j—n)

“1. Initialize the convolutional and pooling
layers with specified kernel sizes.

2. Pass the input data through the
convolutional layers to compute feature maps.
3. Apply pooling layers to reduce the spatial
dimensions.

4. Flatten the pooled feature maps and pass
them through fully connected layers.

5. Output the final classification or regression
result.”

Layer Type Kernel | Numb Output
Size er of Shape
Filters

Convolutional | 3x3 32 64x64x32
Convolutional | 3x3 64 32x32x64
Pooling 2x2 - 16x16x64
Fully - - 1024
Connected
Output Layer | - - 1 (binary)

Algorithm 4: Random Forests (RF)

Random Forests or simply RF is an extensive
learning program that uses many Decision Trees in
order to achieve a higher accuracy and relaxation of
overfitting [10]. Again, in SHM, RF has a great
advantage in dealing with a large number of input
variables and it performs both classification and
regression.

The prediction of a Random Forest model can be
expressed as:
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y"=N1i=1Y NTi(x)

“1. For each tree in the forest:

a. Draw a bootstrap sample from the training
data.

b. Build a decision tree using a random subset
of features for each split.
2. Aggregate the predictions of all trees for a
final output.
3. Use majority voting for classification or
average for regression.”

IV. EXPERIMENTS

In this section, we describe the experiments that were
performed on the algorithms used in SHM for Real
Time Application of Structural Health Monitoring for
Bridges, Building and Other Civil Structures. Our
choice of techniques includes the PCA to analyze
multi-sensor data, SVM for wused in data
classification, CNN for image analysis, and RF for
classification of data from multiple sensors [11]. The
experiments are designed to evaluate the applicability
of these algorithms in regard to the detection of
anomalies and prediction of structural failures for
SHM.

Systemdentification

Structural model update
Structural condition assessment
Prediction of remaining service life

Data
acquistion /

Data transfer
and storage

Data
Management

Figure 1: Structural Health Monitoring
Experimental Setup
Data Sources
The experiments were conducted with the help of
many data sets obtained from different sensors
installed in different structures such as bridges, high
rise buildings and tunnels. Gauss, acceleration, strain,
displacement and fiber optic are subparts of the
database contains time series data that mimic
different features of structure loading response and
the impact of the environment [12].
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Data Preparation

In order to make the collected raw data more
consistent and reliable they had to go through some
preprocessing. Low-pass filtering method was
employed in order to reduce the random noise which
arise from sensor measurements. This is to ensure
that continuity of time-series data is not disrupted
hence some of the missing values were imputed using
interpolation methods [13]. To ensure a direct
comparison of the resulting signals of different sensor
and structural components, data normalization was
used to bring all variables from the specified range to
make them comparable.

Algorithm Implementation

All of the four algorithms were coded with the help
of programming language Python, along with the
assistance of libraries like Scikit-learn, TensorFlow,
and PyTorch. The data was divided into training,
validation and test split: 60% for training, 20% for
validation and another 20% for testing [14]. Each of
the algorithms was then fine tuned to find the best
values for hyperparameters which entails using a grid
search and cross-validation.

...........................................................

' \
| Data analysis steps |
i i

!
' literature review process ' Data collection phases '
' 1

Phase 1. 'sustainable
civilinfrastructure
structural health
monitoring (SHM) +
‘management/
implementation
I'process!/ ‘matter’, etc.

' '

Step1. Define the b [stepr. codngstuey| |

! | onSHMthemes | !
(phases) and

activities

Objective 1
SHM

implementation

framework

topics and search
strategy

Step2. Coding study
based on the
dataset in the main
review domain

Objective 2.
Influencing factor
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N Phase 2. Amulti-round
1 |iterative searching process| |
based on subfields of the |1
main review field

H Step 2. Conduct open ]
coding, axial coding,
| |
1 | and selective coding | ,

Phase 3. Search for

literature in related
fields outside the main
review field.

1| Step3. Integrate theories
from subfields of SHM
through coding study

Objective 3.
The influencing
factor
relationship
theory

Step 4. Propose a new
scheme

Figure 2: Literature Review on the Structural Health Monitoring
(SHM) of Sustainable Civil Infrastructure

Algorithm-Specific Experiments

Principal Component Analysis (PCA)

Experimental Procedure: PCA was then used on
the training data in order to find those features which
contribute to the greatest variance. Therefore, three
most significant principal components were chosen
on the basis of these eigenvalues, which jointly
account for more than 85 percent of variance in data.
After transforming the dataset, the Mahalanobis
distance Of new data points to the mean of the
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transformed data was used to select anomalies based
on the defined threshold.

Results: The use of PCA was able to achieve the
intended goal of data dimensionality reduction which
otherwise was difficult to interpret. We achieved
82% of accuracy in detecting anomalies and the
recall of 78% [27]. Nevertheless, future work of PCA
was constrained by its linearity that was not able to
cope with non-linear patterns inside the data.
Support Vector Machines (SVM)

Experimental Procedure: To train the SVM model,
the labeled training data was used, the kernel used
being the radial basis function (RBF) since it is
known to hold higher capability of handling
nonlinear relations. The basic values which include
the regularization parameter (C) and the kernel
coefficient (gamma) were tuned using cross-
validation as the algorithm [28].

Results: Using SVM, the case classification was
above 90% while producing a precision of 88% and a
recall of 85%. The model was able to successfully
detect abnormalities and it also showed good
tolerance to any noise in the sensor data. However, in
our experiment, SVM was affected by the quality of
the labeled data and the hyperparameters selection
which in return depended on data pre processing and
feature engineering.

Convolutional Neural Networks (CNN)
Experimental Procedure: A CNN model was
developed with multiple convolution layer and
pooling layers accompanied with fully connected
layers. Supervised learning approach was followed
where the labeled data included normal state and the
damaged state of the same object. Other forms of
data augmentation techniques like the random
rotations, scaling were also utilized to ensure that the
training data is not limited and the model does not get
overfitting.

Results: In this case, CNN model boosted the
classification accuracy standing at 93 %, the
precision which was 92% and the recall of 90%. The
model stood out for appreciable performance in the
recognition of intricate patterns and features and
outperformed other in the detection of cracks and
damages [29]. However, CNNs demanded a lot of
time and high computer power to train and thus had a
lack of interpretability when compared to other
traditional Al learning techniques.
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Figure 3: Structural Health Monitoring for Advanced Composite
Structures

Random Forests (RF)

Experimental Procedure: The RF model was
constructed using 100 decision trees and each tree
was estimated on bootstrap sample of the training
data. This is because maximum depth was limited to
avoid deep trees from overfitting; and the number of
features considered when splitting was also tuned by
cross-validation.

Results: Overall, the authors were able to achieve
91% classification accuracy with 89% precision and
87% recall using the RF model. The model also
proved effective in high dimensions and indicated the
relative effectiveness of used features [30]. However,
as RF is an ensemble of learnt decision trees, it was
computationally  expensive and the accuracy
depended on several parameters including the
number of trees and the maximum depth of decision
trees.

Comparative Analysis

The comparisons of the four algorithms based on
quantitative indexes such as accuracy, precision,
recall, F1 score, computational time and model
interpretability were also conducted.

Algo | Acc | Prec | Re | F1 | Comp | Inter
rith | urac | ision | cal | Sc | utatio | preta
m y (%) | | ore nal bility

(%) % | (% | Time
) | ) (©)
PCA | 82 82 78 |80 |12 High
SVM | 90 88 85 | 86. | 18 Mode
5 rate
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CNN | 93 92 90 | 91 |45 Low
Rand | 91 89 87 |88 |30 Mode
om rate
Fores

ts

Comparative Analysis:

1. Accuracy: The highest accuracy was
depicted with CNN which stood at 93%
while RF accuracy score stand was 91%.
SVM also vyielded a good result with an
average of 90 percent accuracy while PCA
was the least accurate of all with 82 percent
accuracy.

2. Precision and Recall: CNN achieved the
highest precision which was 92% and the
highest recall which was 90%. RF and SVM
have also demonstrated the high accuracy
with the values of the precision and recall
higher than 85%. Another classifier that was
deemed to be good for dimensionality
reduction was the PCA but due to the
rigidity of a linear classifier, it had relatively
low precision and recall than the other
classifiers.

3. Computational Time: The quickest
working was the PCA which took just 12
seconds since it is the simplest algorithm.
SVM and RF required relatively moderate
computational time of 18 and 30 seconds,
respectively while CNN that has a deeper
structure took 45 seconds.
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Figure 4: Structural Health Monitoring Market Size, Share,
Forecast 2030
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applicati
ons.

V. CONCLUSION

Consequently, this research has offered a detailed
analysis of the digital innovation in the traditional
sectors including tourism, construction, energy, and
infrastructure  management industries. Through
analysing the case of the application of BIM-GIS,
blockchain, LiDAR, and UAVs into the building
projects, the study outline how they are changing
practices, improving performance, and adopting
sustainable solutions. It is concluded that, the aspect
of digitalisation is significant in enhancing the
organisational  efficiency of wvarious project
environments and creating the culture of value co-
creation for project successes. Especially, the use of
smart materials and real-time monitoring systems that
have been described in the context of hydroelectric
plants or building maintenance at large proves to be a
meaningful step towards the sustainable management
and safe operational condition. Moreover, Al and its
concrete use of machine learning in predictive
maintenance of equipment and stress corrosion
cracking prediction in the gas pipelines show the
future of Al where various structural weaknesses can
be predicted and neutralized in advance making the
system secure and reliable. Finally, the research
focuses on the steady continuation of the
implementing innovation in the different fields and
use of digital technologies to address today’s
requirement and future adaptation. Further research
should aim at finding out a way of eliminating the
hindrances that surround the adoption of the digital
technologies as a way of enhancing their utility. In
this respect, industries can go on filling the gap
between conventional methodologies and technical
progress, which will ultimately direct the way to
sustainable development, laterality, and improved
performance in the environment that is getting more
and more digital.
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