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Abstract: Recent urban growth and an aging urban infrastructure have made the safe and
efficient management of the roads, bridges, buildings, drainage systems and water
distribution networks quite difficult. Traditional inspections mainly rely on field visits and
manual observation, but this approach is likely to fail to detect early signs of deterioration.
The proposed solution is a smart and adaptive sensing system which integrates [oT sensors
with predictive analytics for the continuous monitoring of city infrastructure. The envisioned
system consists of a cloud-based monitoring platform and penetrators equipped with a
network of distributed sensors to measure strain, vibration, crack width, displacement,
temperature, moisture, water level, flow, and pressure. An urban infrastructure dataset was
developed using simulation to study the proposed approach in both normal, warning and
critical operating conditions. Abnormal behaviour was detected from sensor observations and
probability of infrastructure deterioration was estimated by using predictive modelling. The
analysis demonstrated that a continuous loT-based monitoring system would be able to detect
abnormal structural service conditions before periodic inspections. The combined time-series
and condition-based variables was the most successful analytical approach evaluated, with
the best classification performance. The study findings suggest that, when combined with the

109 | Page


mailto:cezameer26@gmail.com
mailto:ayushibachikwar@gmail.com
mailto:tikknavalkar@gmail.com
mailto:vaibhavkomalwar43@gmail.com
http://doi.org/10.64771/jsetms.2026.v03.i01.pp109-119

Journal of Science Engineering Technology and Management Science ISSN: 3049-0952
Volume 03, Issue 01, January 2026 www.jsetms.com

benefits of sensing technology, cloud communication and predictive analytics can help to
speed up preventive maintenance, enhance infrastructure safety, minimize over- or under-
inspections and allow civil engineering authorities to more effectively apply their
maintenance resources.

Keywords: 10T; Urban Infrastructure; Predictive Analytics; Structural Monitoring; Smart
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Introduction:

The physical fabric of modern cities is provided by urban infrastructure. Roadways, bridges,
public life, drainage systems, pipelines, retaining walls, and transportation systems must stay
in place and functional throughout their useful lives. These infrastructure systems however
are continually subjected to the influences of traffic loading, variations in climate and
weather, corrosion, water penetration, ageing of materials, vibration, settlement, extreme
environmental conditions etc. If the deterioration is not caught early, it can be a simple
problem to become a very expensive repair issue, or a serious safety issue.

Traditional civil infrastructure management method is mainly designating the scheduled
inspection model. The periodic inspection of a structure is the responsibility of maintenance
teams or engineers, and typically involves documenting visible problems, including cracking,
corrosion, settlement, deformation, surface damage, leakage or pavement distresses, that
occur during maintenance activities. While this practice is still needed, it does not work as
well if the inspections are conducted with a time delay. Any such changes in structure or
operations that occur between inspections may thus not be perceived.

As the Internet of Things (IoT) technology has emerged, opportunities have been created for
new applications to monitor infrastructure. IoT systems enable the collection and transfer of
information continuously by integrating and linking sensors, communication technologies,
cloud resources, and analytical tools. Previous researchers on IoT highlighted the need of
interconnected sensing devices, with data processing capabilities in cloud infrastructure,
while researchers on smart cities showed how urban IoT networks can contribute to the
service and management of urban infrastructure (Atzori et al., 2010; Gubbi et al., 2013;
Zanella et al., 2014).

In the field of civil engineering, IoT sensors can catalog the various quantities: strain,
acceleration, vibration, temperature, humidity, displacement, crack movement, water
pressure, flow and environmental exposure. The data collected may not simply be used to
report on current status, but also may be used for analysis using predictive approaches.
Predictive analytics looks for patterns from past and current data and can provide an
indication of whether a monitored component is trending towards an abnormal condition or a
critical condition.

Thus, the emergence of IoT and predictive analytics marks a key shift away from reactive
maintenance to condition-based and predictive infrastructure management. Instead of waiting
for the observed deterioration or failure, patterns of unusual occurrences can be detected,
priorities can be set for inspections and maintenance can be done in advance of significant

110 | Page


https://creativecommons.org/licenses/by-nc-nd/4.0/

Journal of Science Engineering Technology and Management Science ISSN: 3049-0952
Volume 03, Issue 01, January 2026 www.jsetms.com

deterioration or failure. The aim of the present study is to design and test a smart monitoring
concept towards various types of urban civil infrastructure.

Related Works:

Early research in structural health monitoring demonstrated the importance of sensor-based
observation for evaluating changes in civil structures. Spencer, Ruiz-Sandoval, and Kurata
(2004) discussed the potential of smart sensors containing processing and wireless
communication capabilities for monitoring infrastructure. Their work highlighted both the
opportunities and technical difficulties associated with large distributed sensor networks.
Lynch and Loh (2006) reviewed wireless sensors and wireless sensor networks for structural
health monitoring. They observed that wireless sensing could reduce the dependence on
extensive cabling while also allowing local processing of structural response information.
This development was important for large structures where traditional wired monitoring
networks may be expensive or difficult to install.

Farrar and Worden (2007) presented structural health monitoring as a systematic process for
identifying changes that may influence structural performance. Their work strengthened the
connection between sensing, damage identification, and data analysis within engineering
monitoring systems.

With the growth of 10T, sensing systems became increasingly connected to cloud platforms
and urban communication networks. Atzori et al. (2010) described 10T as an integration of
sensing, identification, communication, and intelligent processing technologies. Gubbi et al.
(2013) further discussed cloud-oriented IoT architecture and the use of distributed sensing for
environmental and urban applications. Zanella et al. (2014) specifically examined IoT
architecture for smart cities and demonstrated the role of interconnected devices in urban
services.

More recent civil engineering studies have concentrated on combining sensor measurements
with intelligent analytical methods. Avci et al. (2021) reviewed machine-learning and deep-
learning methods for vibration-based damage detection in civil structures and showed the
growing relevance of data-driven methods in structural condition assessment.

Mishra, Lourengo, and Ramana (2022) reviewed loT-based structural health monitoring and
identified applications including crack detection, vibration monitoring, concrete performance
assessment, corrosion diagnosis, road-condition monitoring, and seismic vulnerability
assessment. Their study emphasized the ability of IoT systems to provide real-time civil
infrastructure information through cloud-based platforms.

Recent work has also connected civil infrastructure monitoring with digital-twin and
predictive-management concepts. Reviews of digital twins for civil infrastructure show that
continuously updated physical and digital information can support infrastructure assessment,
maintenance, and future performance evaluation.

Bhatta and Dang (2024) further reviewed IoT-based structural health monitoring for
buildings, bridges, and other civil structures, highlighting the increasing importance of real-
time monitoring while also identifying issues related to communication reliability, sensor
durability, data management, and implementation cost.

The existing literature demonstrates considerable progress in sensing and structural health
monitoring. However, there remains a need for integrated frameworks in which different
categories of urban infrastructure can be monitored within a common system and the
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collected information can be converted into predictive maintenance decisions. The present
study addresses this requirement by combining IoT sensing, condition classification, and
predictive analytics within a unified civil infrastructure monitoring framework.
Objectives of the Study:
1. To develop an loT-based framework for continuous monitoring of structural,
environmental, and operational parameters of urban civil infrastructure.
2. To apply predictive analytics for early identification of abnormal conditions and
estimation of infrastructure deterioration.
3. To evaluate the potential of smart monitoring for improving maintenance planning,
inspection efficiency, and urban infrastructure safety.
Material and Methods:
The study adopted a simulation-based quantitative methodology for evaluating an integrated
smart infrastructure monitoring system. The proposed framework represents a typical urban
monitoring environment containing bridges, roads, municipal buildings, drainage points, and
water-distribution components.
Monitoring Framework:
The monitoring system was divided into four main layers:
Sensing Layer:
IoT sensors were assigned to infrastructure components according to the physical parameter
being monitored.
Communication Layer:
Sensor observations were transferred through Wi-Fi, Lora WAN, cellular communication, or
gateway devices.
Data and Cloud Layer:
Incoming information was stored in a centralized database. Time stamps and infrastructure
identification numbers were attached to each observation.
Analytics and Decision Layer:
The collected information was processed using threshold analysis, trend analysis, anomaly
detection, and predictive classification. Alerts were categorized as Normal, Warning, or
Critical.
Table 1. Proposed IoT Monitoring Arrangement

Infrastructure IoT Sensor Parameter Civil Engineering Purpose

Component Monitored

Bridge Strain gauge Structural strain | Identification of unusual
stress behaviour

Bridge Accelerometer Vibration Monitoring dynamic
response

Building Crack sensor Crack width Detection of crack
propagation

Building Tilt sensor Inclination Identification of abnormal
movement

Road Vibration/condition Surface Detection of pavement

sensor response deterioration
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Drainage system Water-level sensor Water depth Flood and blockage
monitoring

Water pipeline Pressure sensor Pressure Leakage or pressure-loss
detection

Water network Flow sensor Discharge Identification of abnormal
flow

All assets Temperature sensor Temperature Environmental correction

All assets Humidity/moisture Moisture Exposure and durability

sensor assessment

Dataset Development
Since an actual municipal monitoring database was not supplied for the study, a simulated
dataset representing 90 days of monitoring was prepared. The model contained four
infrastructure groups:

e 4 bridge monitoring locations,

e 4 road segments,

e 3 public building locations,

e 4 drainage and water-network locations.
Sensor observations were generated at regular time intervals under three infrastructure-
condition categories: Normal, Warning, and Critical.
A total of 18,000 monitoring records were considered after data cleaning. Each record
contained the asset identification, monitoring time, sensor value, environmental condition,
previous sensor trend, and infrastructure-condition category.
Data pre-processing:
The following operations were carried out before analysis:

o removal of duplicate observations;

o identification of missing values;

o smoothing of isolated sensor noise;

o normalization of numerical parameters;

e calculation of moving averages;

e calculation of rate of change;

o classification of threshold exceedance;

e separation of training and testing datasets.
Seventy percent of the observations were used for model training and 30% were retained for
testing.
Predictive Analytical Models:
Three predictive approaches were examined:
Random Forest: used for classifying infrastructure condition from multiple sensor
parameters.
Gradient Boosting: used to improve classification of complex relationships between
environmental and structural variables.
Long Short-Term Memory (LSTM): used for analysing temporal behaviour where present
infrastructure condition depends on previous sensor observations.

113 | Page



Journal of Science Engineering Technology and Management Science ISSN: 3049-0952
Volume 03, Issue 01, January 2026 www.jsetms.com

Model performance was evaluated using accuracy, precision, recall, and F1-score.
The standard measures were calculated as:

., ~ TP + TN
Ay = TP Y TN+ FP + FN
procision — TP
reclsion = TP +FP
Recall = —F
et = TP FN
and

Precision X Recall
Fl1=2X%

Precision + Recall
where TP represents true positives, TN represents true negatives, FP represents false
positives, and FN represents false negatives.
Condition Classification
To convert sensor observations into engineering information, three general condition levels
were adopted.
Table 2. Infrastructure Condition Classification

Condition | General Sensor Behaviour Engineering Recommended Action
Interpretation

Normal Stable and within expected Infrastructure Routine monitoring
range operating normally

Warning | Gradual increase or moderate | Possible deterioration | Detailed inspection
threshold exceedance developing

Critical Rapid change or major High probability of Immediate engineering
threshold exceedance serious defect assessment

The thresholds in an actual field implementation should be determined separately for every
structure using design requirements, material properties, baseline observations, relevant
standards, and engineering judgement.

Analysis of the Study:

The analysis was done in three phases. First, the distribution of the conditions of
infrastructure was found. Second, abnormal behaviour was detected by analysing the trends
of the sensors. Third, the predictive models were compared to check their classification
performance in infrastructure condition.

The 18,000 monitoring simulations indicated that the majority (72%) were of normal
operating behaviour, about 20% were related to warning behaviour, and 8% of the
simulations were related to critical behaviour. This distribution represents a monitoring
system where the majority of infrastructure can be operated, and smaller number of
infrastructure needs engineering attention.

Table 3. Distribution of Monitoring Observations

Infrastructure Condition | Number of Records | Percentage
Normal 12,960 72%
Warning 3,600 20%
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8%
100%

Critical
Total

1,440
18,000

The individual trends produced by the sensor analysis revealed that use of combinations of
variables is more informative than use of individual variables. An isolated case of bridge
vibration could be due to travel load using a temporary structure. But with an increasing
vibration coupled with abnormal strain and a trend of vibration increases over time is better
evidence that engineering inspection might be needed.

The same applies to buildings, high levels of moisture alone are not a sign of structural
damage. If together with the increase in the crack width/displacement, high moisture exists,
then together the observation parameters are helpful to have information for the condition.
Water-level data was most useful as a time series for drainage infrastructure. Rapid increase
can be followed by unusually slow decrease - consider partial blockage or inadequate
discharge capacity. The criteria in the pipeline monitoring were the pressure drop and
abnormal flow, combinations of which were considered as possible leakage signatures.
Predictive Model Performance

The three models were evaluated using the testing portion of the simulated monitoring
database.

Table 4. Performance of Predictive Models

Predictive Model | Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%)
Random Forest 91.8 90.6 89.7 90.1
Gradient Boosting | 93.6 92.5 91.9 92.2
LSTM 95.1 943 93.7 94.0

The LSTM-based approach achieved the highest simulated classification accuracy of 95.1%.
Its stronger performance can be associated with its ability to consider sequences of
observations instead of analysing measurements independently. This characteristic is relevant
to civil infrastructure because deterioration normally develops progressively over time.
Gradient Boosting also achieved strong performance, with an accuracy of 93.6%, while
Random Forest obtained 91.8%. The results indicate that conventional machine-learning
models can still provide useful infrastructure-condition classification where computational
resources or historical datasets are limited.

Comparison with Conventional Monitoring

The potential operational differences between conventional inspection and the proposed
smart monitoring approach were also examined.

Table 5. Conventional and Smart Infrastructure Monitoring

Monitoring Factor Conventional Approach | IoT-Predictive Approach
Data collection Periodic Continuous or near real time
Inspection dependency High Moderate

Early abnormality detection Limited High

Remote monitoring Limited Available

Historical trend analysis Often manual Automated

Maintenance approach Reactive/periodic Condition-based/predictive
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Warning generation After inspection Automated
Data volume Low to moderate High
Initial technology cost Lower Higher
Long-term monitoring capability | Moderate High

The comparison suggests that IoT monitoring should not be considered a complete
replacement for professional civil engineering inspection.

Results and Discussion:

The study shows it is possible to get a more current insight on the condition of the
infrastructure by integrating the use of sensors. The study illustrates how IoT sensors can,
when combined with predictive analytics, allow for a more up-to-date view on infrastructure
condition than periodic inspection. Structural and environmental variables can be
continuously measured to allow observation of changes over time in addition to conditions
observed on a building inspection.

A key finding is that using a combination of sensor parameters may prove valuable. The
deterioration of infrastructure can hardly be measured with just one parameter. Operating
conditions, occupancy, rainfall, humidity, temperature, wind and traffic can influence the
structural response of a building. Thus, measuring more sensor parameters together gives
more confidence in representing the health of the infrastructure.

Finally, through simulated analytical results, it illustrates the value of information depending
upon time. The best classification results were achieved by the LSTM method due to the fact
that deterioration in infrastructure frequently has a continuous aspect to it. It may be more
important that the strain and displacement are increasing gradually over time and the crack
width, water level or pressure variation are increasing separately.
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These results align with the common trend of using machine-learning methods to identify
anomalous trends in structure health monitoring data. The approach of using machine-
learning and deep-learning (ML/DL) techniques has been increasingly studied for vibration-
based structural damage assessment and other civil engineering projects.

The system from a maintenance point of view could help infrastructure managers prioritise
scarce resources. A large number of urban assets might be subjected to inspection based on a
scheduled timetable, and significant amounts of time could be devoted to reviewing those
assets that are in satisfactory condition. An intelligent surveillance system would be able to
detect and assign higher priority of supervision on assets showing abnormal behavior.

In extreme environmental events the system can also be beneficial. Changes in infrastructure
response can occur very quickly during periods of heavy rainfall, flooding events,
earthquakes, or periods of unusually high levels of traffic loading and/or extreme
temperatures. The continuous monitoring enables an engineer to study such changes from a
distance and decide whether to go on location.

Some challenges have been presented, however, when using IoT for monitoring. Sensors are
mounted on infrastructure structures, and come with the challenges of moisture, dust,
temperature fluctuations, vibration, vandalism and power constraints. The interruption of
signals or network failures can also affect wireless communication. For large sensor
networks, collecting a lot of data will result in the need for secure data storage, processing
reliability, calibration and cyber-security.

The other factor to consider is false alarm control. It should not assume that all of the short-
term fluctuations are infrastructures damage. The engineering knowledge and baseline
monitoring, along with the structural design information and field validation are therefore
needed to establish threshold limits.

Average costs are a limit, too. Initial investment for installing sensors, communication
gateways, cloud services, data-management platforms and maintenance systems. However,
the potential benefit over the long-term may be worth a lot if failures are avoided
surreptitiously, unnecessary inspections are avoided, or a failure can be stopped in time
before a situation grows too serious.

It needs to be noted that the present numerical results are for a set of data from a simulation
context and, thus, should be interpreted as an illustration of the proposed methodology and
not as a result of a direct measurement at an actual municipality. Next steps in the field will
involve placement of IoT sensors on existing bridges, roads, buildings, etc., drainage systems,
or pipelines and their expected predictions for a period of sufficient duration for the
inspection to take place.

Conclusion:

The paper proposes a holistic approach to smart monitoring of civil infrastructures in cities
using the synergistic use of [oT based sensors and predictive analytics. The framework can be
used to gather structural, environmental and operational data on an ongoing basis and be
converted to condition-based engineering information.

The simulation-based analysis showed that the information collected by the sensors can be
segmented into "normal", "warning", and "critical" conditions, and applied for predictive
maintenance of infrastructure. From all the analytical methods analysed, LSTM model gave
the best simulated classification accuracy followed by Gradient Boosting and Random Forest.
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The results also indicated that the use of several parameters and study on their behaviour
through time can have more meaningful information, as compared to using the individual
sensor parameters.

Its ability to monitor the condition of an infrastructure through IOT can help identify issues
early, do condition assessments remotely, optimize inspection frequency and schedule
maintenance more effectively. It's especially well-suited for areas that are urban in nature and
have a lot of bridges, roads, buildings, drainage, and utility networks that have to be managed
at once.

These benefits notwithstanding, usage of smart monitoring systems should be an additional
choice rather than a replacement to professional civil engineering inspection. What is
necessary for successful implementation are reliable sensors, the correct threshold values,
cyber security, communication stability, regular calibration, and engineering interpretation.
Some challenges for future research are that: long-term field validation, integration with
Building Information Modelling and digital twins, producing long-term predictive models for
each asset, and creating city-scale monitoring dashboards. These developments can play a
role in safer, resilient and efficient urban infrastructure.
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