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Abstract
Most of the tragedies on any bridge structure have been
the cause of high-density crowd behavior as a response
to trampling as well as the crushing scenario. There-
fore, it is most important to monitor such unforeseen
situations by sensing the load imposed on the bridge
structures. This scenario may arise where crowd move-
ment is huge on these types of bridges. Similarly, the
fiber Bragg grating (FBG) is a promising technology
for structural health monitoring applications. In this
work, an Internet of Things based FBG optical sensing
scheme is proposed to monitor real-time strain distribu-
tion throughout the bridge structures and localization
of load imposed on the structure from a central control
room. A suspension bridge model is designed by refer-
ring to a real bridge scenario and these FBG sensors
are deployed to validate the proposed machine learn-
ing models. In this article, the performances of two
machine learning strategies are discussed for the accu-
rate estimation of load and its position by acquiring high
sensitive FBG sensors signals at a very high data rate.
The algorithms include K-nearest neighbor (KNN) and
random forest (RF); which are applied on each sensing
data source, and then validated using a prototype sus-
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pension bridgemodel integrated with three FBG sensors
(1532 nm, 1538 nm, and1541 nm) on a single optical
fiber cable.
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Structural Health Monitoring

1 INTRODUCTION

Fiber Bragg gratings (FBGs) are used as passive optical sensors for various purposes like structural
health monitoring (SHM), biomedical sensors, chemical sensors, sensors in aerospace applica-
tions where EM radiation may create abnormalities during measurement. These sensors can
be used to measure various measurands like strain, displacement, velocity, acceleration, vibra-
tion, tilt angle, and so on. These FBG sensors are primarily sensitive to the effect of strain
on the grating region. Various transduction principles are used to convert the effect of strain
change into other physical sensing mechanisms like strain change to displacement and effect of
dynamic strain to vibration measurement.1 These FBG sensors are capable to sense very min-
imum strain and temperature change of resolution about 0.4μstrain and 0.05◦C, respectively.
The commercial FBG sensors are having strain sensitivity of 1.2 pm/μstrain and 11 pm/oC,
respectively.2–4

An FBG-based sensor offers various other advantages over other electronic sensors
such as immunity to EMI radiation, high sensitivity, multiplexing, as well as distributed
sensing capacity.1,2,5–7 In a similar context, the Internet of Things (IoT)-based distributed
sensing approach will provide better scalability compared with an offline monitoring
mechanism.8–10 Thereby, FBG sensing systems can be integrated into an IoT framework
for better signal processing, historical data management, scalable solutions, and smart deci-
sion support along with notification generations. These systems have added advantages
to provide a complete monitoring, processing, and notification (MPN) approach where
cross-platform service is not an issue. The major benefit is to connect a large volume of
users to the proposed sensing system through smart devices like Android/IOS devices and
tablets.

This article comprises the other five sections such as literature review on FBG sensors,
experimental setup, proposed methodology, result analysis of the proposed methodology, and
conclusion.

A detailed literature review is discussed in the second section of this article. The focus
of this literature review is to perform a study on different experimental works published
in the various research articles to date. Furthermore, the implementation of a test case
on the experimental work is discussed in this third section. Similarly, the fourth and fifth
sections of this article give a result-based analysis between two proposed machine learn-
ing models for the analysis of structural parameters such as load distribution and localiza-
tion technique. The other interest of this proposed framework is to share the knowledge
on the design of an indigenous experimental prototype for the testing of different SHM
applications.
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2 LITERATURE REVIEW

The literature review is formed on two aspects of the SHM experimentations such as the deploy-
ment of sensors on the experimental testbed and the evaluation of effective machine learning
models for the analysis of load flow on the structure.

First, a detailed study is done on the various types of optical sensors and optical sensing
schemes reported to date for themeasurement of several physical quantities such as displacement,
velocity, tilt angle, cracks, pressure, and so on.

Several research articles are published on the architecture of remote measurement schemes
in SHM applications. The usage of FBG sensors and connecting FGB sensing systems to IoT
environments in SHM applications are not much explored. Similarly, IoT is an emerging field of
research as data velocity, data variety, data volume, and data securities are the major concerns of
all researchers. The FBG sensingmechanisms are not cost-effective solutions in every application,
but it is mostly preferred as the speed of measurement, site maintenance, and dynamic analysis
of structures is never been a problem for the industries. The machine learning models can be fit-
ted to the IoT models for the monitoring of real-time SHM information remotely from a control
station. Rekha et al (2018) have proposed wireless sensor network (WSN) based SHM framework
and the decision support mechanism to generate adequate notifications for the authorities.11 In
the article, Rekha et al (2018), a wireless sensor network (WSN) based experiment was conducted
to collect real-time data from the structure. The state monitoring and reporting mechanism were
proposed in this work. The complete system was designed using WSN and smartphone android
application. The proposed system utilizes electronic sensors and the data collection is performed
as static measuring quantities. Continuous signal recording using high speed and high accuracy
based sensors; data analysis and decision support system (DSS) based approaches are not dis-
cussed in this article. Furthermore, the speed of data acquisition is not discussed in the above
article.11 Apart from the above aspects, it is obvious that the sensitivity of conventional sensors
in the WSN techniques cannot match the sensitivity and resolution of FBG sensing mechanisms.

Similarly, the article published by Yasuda and Miyazaki (2017) portrayed structural integrity
F-test (SI-F) for the monitoring of fatigue crack in a structure. The strain distribution was also
evaluated using finite element analysis (FEA) of the same structure. The real-time sensor data
were collected from a WSN model connected to a cloud infrastructure using the 3G network. In
this research article, a fatigue crack of 20mm length and 3mm depth was successfully detected
using conventional strain sensors.12 These conventional sensors are not capable to detect very
small cracks less than 20mm length and 3mm depth.

Alavi and Buttlar (2019) have presented a detailed literature review on smartphone-based
monitoring of civil structures. In a similar context, a case study on the deployment of VDO cam-
eras in the civil structures is presented in a detailed manner. The detection is a very small pothole
that is not possible to detect in the current scenario and also the DSS based models are not dis-
cussed in this article.Historical datamanagement is also discussed in the article.13 Machine learn-
ing has been applied for IoT privacy,14 security,15,16 healthcare,17 intelligent transport systems,18
and IoT devices.19

Mustapha et al (2020) have proposed twomachine learningmodels for the estimation of crowd
flow on a bridge structure. They have shown a sensor fusion technique by employing FBG sensing
and inertial measurement units (IMUs) for the estimation of crowd flow. The estimation models
proposed in this article are convolutional neural networks (CNN) and support vector machines
(SVM).20 The proposed technique is based on a conventional sensor-based structural monitoring
application to monitor the real-time status of the crowd flow on the bridge structure.
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Bao et al (2019) have presented an anomaly diagnosis approach using a deep learning model,
computer vision-based crack identificationmodel, andmachine learning-based condition assess-
ment approach for the bridge structure. This article provides a brief technological utilization of
different methodologies for the SHM application. This article shows a computational approach
to identify certain aspects of SHM technology. On the other hand, the sensing scheme is not
discussed in the article. The testing is performed by the simulated data set generated using
computation modeling.21

Similarly, Li et al (2019) proposed a theoretical sensing scheme using finite element analysis
(FEA) and an experimental test case to validate the theoreticalmodel. Two FBG sensors are devel-
oped with an overall sensitivity of 7.72 and−2.94 pm/με, respectively. The overall sensitivities are
6.43 and−2.45 times of the strain sensitivity of a bare FBG sensor. These sensors aremost suitable
in varying temperature environments for critical mechanical types of equipment.22 The article Li
et al (2019), shows the design and development of the sensor only, and the data acquisition, signal
processing, and analysis are not discussed.

Furthermore, many research reports have been published on the FBG sensing mechanism in
SHM applications. There are various kinds of research works published until now. Some works
are based on the development of good accuracy based FBG sensors, calibration models for FBG
sensors, localization of fractures, and development of novel sensors for pressure, temperature,
soil strength, air particle monitoring. Few research articles are listed in Table 1 which depicts the
novelty approach of the proposed sensing mechanism.

In a similar context, the development of new FBG sensors and sensing methodologies are
studied in this section. The relevant studies are listed in Table 2 where different FBG sensing
mechanisms used in SHM applications are discussed with their advantages. From the above
review, it is summarized that the SHM application covers a wide variety of technological chal-
lenges and there aremany verticals in the SHMbased strategies. The generic view of the structural
healthmonitoring (SHM) is portrayed in Figure 1 where various technological aspects are shown.
The FBG sensor-based SHM application comes in the first category of the list shown in Figure 1.
The above review is performed to gather parametric performance evacuation of various SHM
applications and technological comparisons.

It is observed from the review that various types of technologies are used to perform SHM
applications such as WSN, IoT, and soft approaches. On the other hand, the load analysis using
FBG sensing technology and IoT-driven decision support system are notmuch discussed together
in most of the research articles. These two research aspects are discussed in this article in a
detailed manner and the experimental setup is also presented in this work. The further section of
the article discusses the components used in the experimental setup, real-time signal recording
from the test suspension bridge model, machine learning models to predict the load and posi-
tion using three FBGs distributed on one section of the bridge model, IoT-based decision support
model.

3 EXPERIMENTAL SETUP

Three FBG sensors are bonded to the deck of the suspension bridge model consisting of gray cast
iron material having a tensile strength of 170MPa. The stress, strain, and maximum deformation
of the suspension bridge model are analyzed using ANSYS finite element analysis (FEA) tech-
nique. It is observed that the regions of the deck near-vertical support are exposed to maximum
strain and the center region of the deck is exposed to maximum deformation during gravitational
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TABLE 1 Some of the research highlighted on FBG sensor in SHM applications

Author Proposed methodology Key findings

Yu et al (2018) Proposed a low-velocity impact
methodology using detrended
fluctuation analysis and centroid
localization algorithm for SHM
application23

Presented the average error of
localization about 31.5mm using
the proposed methodology

Mieloszyk and
Ostachowicz (2017)

SHM was implemented on a wind
turbine model to detect the damage
and localize it24

Identified the location of the damage

Li et al (2019) Discussed fiber Bragg grating (FBG)
demodulator based tunable lasers
used for SHM applications. Sensor
accuracy was also discussed25

The improvement scheme of FBG
interrogation accuracy from
±3 pm to ±1 pm was proposed

Tahar et al (2017) Proposed a fiber Bragg grating sensors
(FBGS) based on wireless sensor
technology for the measurement of
strain and temperature in structural
health monitoring applications25

An efficient method to accurately
measure the variations of strain,
temperature, and humidity by
developing a model using FBG
sensing technology

Sindagi et al (2018) Discussed the crowd monitoring and
estimation using the support vector
machine (SVM) and neural network
(NN) based approach26

The crowd tackling and danger
notification using the decision
support system approach is
presented

Zhan et al (2008) Presented advanced computer
vision-based method to study the
crowd movement. The crowd density
is also discussed27

Face recognition, head, and
pedestrian movement tracking is
presented

Zhang et al (2016) Discussed a multi-column-based
convolutional neural network (CNN)
model to locate the density using
image processing technique28

Local density and people per square
meter are estimated using the
proposed methodology.

Sindagi et al (2017) Proposed a crowd count classification
model and various density levels are
presented using the image processing
technique29

The proposed model classifies the
crowd level from the image into
different density levels

Jiao et al (2018) Presented a multisensor data through
CNN based multisensor golf swing
classification. They have used sensors
such as accelerometers, gyroscopes,
and strain gauges30

A smart golf club integrated solution
is proposed in the research

Alavi and Buttlar (2019) Discussed a smartphone-based
structural health monitoring
application and communication
technologies with sensors31

The installation scheme and
estimated cost factor are
presented in the article
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TABLE 2 Research and development on FBG sensing schemes in SHM applications

Author Proposed methodology Key findings

Li et al (2019) Two FBG sensors are developed with an
overall sensitivity of 7.72 pm/με and
−2.94 pm/με, respectively22

The overall sensitivities are 6.43 and
−2.45 times of the strain sensitivity of
a bare FBG sensor

Koerdt et al (2016) The optical, thermomechanical, and
mechanical characterization of an
ultraviolet laser-based generation of
Bragg gratings in a perfluorinated
polymer optical fiber (POF) is
performed50

It is observed that the polymer optical
fibers are feasible in contrast to glass
optical fibers. The results are also
promising regarding stability and
reliability

Zheng et al (2018) In this study, the structural adhesive was
used to join the FBGs with steel wire,
and the relevant measurability and
reliability of the adhesive-bonded FBGs
with steel wire were investigated by
loading and unloading cyclic test and
fatigue test in the application of FBGs to
monitor bridge cable force51

It was found that there was a linear
relationship between the load and the
wavelength for both the loading and
the unloading phases, and the data
line from the loading process was
parallel to that of the unloading
process

F IGURE 1 Generic
technological aspects of
SHM applications [Color
figure can be viewed at
wileyonlinelibrary.com]

load. Therefore, three specific positions are chosen to fix the FBG sensors (1532, 1538, 1541 nm)
for real-time data recording. The sensor positions are marked in Figure 2A where a one-half
section of the bridge model is considered to have experimented as the other half is similar to
the first one. During data recording, five individual positions are considered where the loads in
kilograms are applied for the testing of prediction algorithms.

First, the sensors are fabricated at CGCRI, Kolkata, India using a femtosecond laser
direct-writing system (femtoFBG writing system). The sensors are interfaced with Ibsen IMON
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F I GURE 2 A, Experimental setup of the prototype suspension bridge structure, FBG sensors, and FEA
model using ANSYS. B, Experimental setup of the FBG Sensor Interrogation unit with SLED light source [Color
figure can be viewed at wileyonlinelibrary.com]
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512 High-speed FBG interrogator, Ibsen SLED light source, and the signal acquisition is per-
formed via LAN interface with the host PC. Furthermore, the wavelength shift is recorded
using IMON 512 FBG Interrogator (1528-1568 nm, 2.5 kHz) to develop the load estimation and
localization model.

The data acquisition is performed using the LabVIEW DLL library file supplied by the ven-
dor. The complete experimental setup is shown in Figure 2A where the dimensions of the bridge
model and the strain distribution profile obtained from the FEA model are also portrayed. The
experimental setup for the Interrogation unit with SLED wideband light source is shown in
Figure 2B.

4 PROPOSED METHODOLOGY

The FBG sensors are characterized by the Braggwavelength (λB) which is sensitive to temperature
and strain change. According to the FBGs characteristic sensing principle, the Bragg wavelength
shifts with the change in exposed temperature and strain. The FBGs fabrication process is an
expensive and highly precise methodology.32–34 According to coupled-mode theory, the Bragg
wavelength (λB) is closely related to the effective refractive index (neff) and FBG period (Λ) as per
Equation (1).

𝜆B = 2neff𝛬. (1)

In summary, the central reflection wavelength shift (ΔλB) of the Bragg sensor is affected by
temperature (ΔT) and strain (ε), the relationship between these physical parameters is given by
Equation (2).

Δ𝜆B
𝜆B

= (1 − 𝜌e)𝜀 + (∝ +ξ)ΔT. (2)

In Equation (2), the parameters such as ρe, ∝, and ξ are the photoelastic coeffi-
cients, thermal expansion coefficient, and thermo-optic coefficient, respectively. Further-
more, the gauge factor (G) of the FBG strain sensor can also be represented as in
Equation (3).32,34,36

G = (1 − 𝜌e) ∗ (𝜆B∕1e6). (3)

Similarly, the reflection and transmission of FBG sensor concerning the wavelength (λ) can
be formulated as in Equations (4) and (5), respectively.

r(𝜆) = iKsinh(QL)
Qcosh(QL) − iΔ𝛽 sinh(QL)

, (4)

t(𝜆) = Q
Qcosh(QL) − iΔ𝛽 sinh(QL)

, (5)

where Q(λ) =
√|K|2 − |Δ𝛽|2.

The coupling strength is represented by K(λ) = (Δnπ)/λ, where Δn is the index modula-
tion and L is the grating length. Δβ = (2πneff)(λ−1 −λB−1) is the phase mismatch. The above
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parameters will allow calculating the transmission and reflection of the FBG sensor. The
above equations represent the grating wavelength (λB) is closely related to the strain input
supplied to the FBGs. Alternatively, to use stress instead of strain (for anisotropic material),
the relationship between several stress components can be mathematically represented as in
Equation (6).32–36

𝜀 = 1
E
(𝜎zz + 𝜈𝜎xx + 𝜈𝜎yy), (6)

where E is Young’s modulus of elasticity and ν is the poison’s ratio of the FBG core-cladding
material. These are the average value of the FBG core-cladding compound. Similarly, σxx, σyy are
the transverse stresses and σzz is the longitudinal stress component. FromEquations (4) and (5), it
is observed that the reflected and transmitted wavelengths from the FBG sensor are just a mirror
image to each other. The received power (P) at the photodetector after transmitting twice through
3 dB coupler, the power can be represented as in Equation (7). The incident light power per unit
wavelength is represented as Io.

P(λ) = Io ∫
+∞

−∞
r(𝜆) t(𝜆)d𝜆. (7)

The experiment is carried out by applying different loads (in kilograms) at the predefined
positions of the suspension bridge structure and further, the wavelength shifts due to applied
load are recorded for the implementation of the proposed estimation model. The complete block
diagram of the proposed methodology for the proper estimation of the applied load and posi-
tion on the bridge structure is shown in Figure 3. Two estimation models such as K-nearest
neighbor (KNN) and random forest (RF) are tested during the experiment. The accuracy, mean
square error (MSE), root mean square error (RMSE), and R-squared value of each model are
calculated to summarize the best possible method for this application. The configuration set-
tings and analytical modeling behind the above distinct steps are explained in the subsequent
subsections.

4.1 Moving average filter

The moving average filter is the most commonly adopted and easily developed signal filtering
mechanism in almost all the DSP applications. This filtering mechanism is an optimal filtering
scheme for reducing random noise while retaining a sharp step response. Due to this advan-
tage, it is widely used in most of the common time-domain filtering schemes but it is having
a very bad reputation in frequency domain filtering due to its inability to separate one band of
frequencies from another. There are other filtering approaches are available such as Gaussian,
multiple-pass moving average, and Blackman filter. These filtering schemes are having better
performance in the frequency domain but the computation time is quite high due to its com-
plexity. In this work, we have utilized a moving average filter of window size of 80 and the
filtered signal “y(n)” is estimated as shown in Equation (8) where the input signal is represented
as “x(n).”

y(n) =
(
1∕windowsize

)
[x(n) + x(n − 1) + … + x(n − (windowsize − 1))]. (8)
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F IGURE 3 Block diagram of the proposed methodology and flow model [Color figure can be viewed at
wileyonlinelibrary.com]

4.2 K-nearest neighbor (KNN) model

The KNN technique is widely used in various machine learning applications. This algorithm is
a supervised learning methodology and it is a nonparametric algorithm.37,38 This is also called a
lazy learner algorithm where it does not learn from the training data set immediately. The basic
principle of this technique is based on the classification of training data sets when it founds new
data as input.39 This KNN algorithm is chosen to be fitted for our application because the signal
from the FBG sensor is always noisy and the data set is very large when more number of sen-
sors will be fitted to such SHM applications. Apart from that, this method is a simple training
approach and the implementation is easy. The training of KNNmodel solely depends on the best
suitable value of “k” and the training performance is often better when the “k” is large.37–40 The
pseudo-code of the KNN algorithm used in this article is shown below.

Step 1: Choose the number of K of the neighbours
Step 2: Evaluate the Euclidean distance of the K number of neighbours
The Euclidean distance between two points A and B having coordinates (X1,Y 1) and (X2,Y 2)

respectively can be represented as

√
(X2 − X1)2 + (Y2 − Y1)2

Step 3: Select the K nearest neighbours as per the Euclidean distance
Step 4: Count the number of datasets among these K number of neighbours in each category
Step 5: Assign the new data point to the category where the number of neighbours are

maximum
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In this application, we have considered k = 10 as this gives better accuracy for predicting load
and position values from the sensor wavelength shifts.

4.3 Random forest (RF) model

The random forest algorithm is a supervised learning algorithm where key concept is based on
the number of trees distributed randomly like a forest.25,41 The learning accuracy of this algorithm
is based on the number of trees present in the classification method. The larger is the number of
trees, the greater will be the accuracy of prediction.42,43 The trees represent the number of rule
sets and these rules are used to perform the predictions. The major advantage of this technique is
the limits of overfitting.44,45 As the numbers of trees are limitless, so the classifier never over fits
the model. Another advantage of this technique is that this model can handle missing values and
the classifier can be tuned for categorical parameters.45–47 The pseudo-code of the classification
model and prediction process is shown below.

Developing random forest model.
Step 1: Select “K” numbers of features randomly out of “m” numbers of features where K≪m
Step 2: Calculate node “d” among “K” numbers of features
Step 3: Splitting of node into Daughter Nodes using best split approach
Step 4: Repeat the step 1 to 3 until “L” numbers of nodes has been obtained
Step 5: Repeat the step 1 to 4 to build forest having “N” numbers of trees
Developing prediction model.
Step 1: Consider the features and calculate the outcome from the decision tree
Step 2: Evaluate the “Votes” by estimating every predicted targets
Step 3: Consider only the highest voted predicted values as the final output of the model

4.4 IoT decision support

The decision support model is developed and integrates with the proposed estimation model to
generate adequate notifications for the city authority. The estimated load and position from the
proposed prediction model is compared inside the decision model. The complete IoT decision
support model consists of three broad functionalities such as detection, diagnosis, delivery, and
so on. The detection functionality is the FBG sensing mechanism and estimation model; which
produces load and position information to the diagnosis functionality. Furthermore, the diagnosis
functionality contains rule-basedmodules to compare the estimated loadwith the threshold levels
and generates case-based reasoning tokens.48,49 These tokens are nothing but the key statements
for the notifications. The finalmodule is the delivery, which integrates the decision supportmodel
with the user application and application integration such as a web-based framework.8–10 The
proposed IoT decision support model to generate adequate notifications by integrating with user
application software is shown in Figure 4.

5 RESULTS AND DISCUSSION

The experimental analysis is performed on the prototype suspension bridge model by installing
three FBG sensors. The steps followed during this experimental analysis are discussed in this
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F IGURE 4 Decision support model to generate adequate notifications [Color figure can be viewed at
wileyonlinelibrary.com]

section. First, the finite element analysis (FEA) of the structure is performed; and the maxi-
mum principal strain andmaximum principal stress profile are evaluated using ANSYS software.
Figure 5A,B shows the strain and stress distribution over the deck of the structure, respectively.
It is observed from the FEA model is that the strain is maximum at two regions where the deck
rests on the two vertical pillars.

The complete structure has three sections of 30.48 cmon both ends and 60.96 cm at themiddle
portion. Therefore, one-half length of the bridge structure (60.96 cm from one end) is sufficient
to evaluate the real-time analysis of the load and position estimation using three FBG sensors.

Three FBG sensors are bonded on the deck plate to analyze the mathematical parameters
observed from the FEA model and physical signals from the FBG Interrogator. The snapshot of
the FBG sensors bonded on the deck of the suspension bridge model is shown in Figure 6A. The
magnified portion of a single FBG sensor on the deck is shown in Figure 6B.

The FBG sensors are bonded as per their sensitive axis which is marked on the deck of the
suspension bridge model. The broadband spectrum of the SLED source is shown in Figure 7.
The real-time sensor signals are acquired using the FBG interrogator is shown in Figure 8. These
are time-series signals with some noise components present due to optical losses present in the
couplers, connectors, and external effects. As shown in Figure 8, the snapshot of the magnified
portion of the unfiltered signal is quite significant and it is filtered using the proposed moving
average filter.
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F I GURE 5 A, Maximum principal strain distribution. B, Maximum principal stress distribution [Color
figure can be viewed at wileyonlinelibrary.com]

The unfiltered signals from the FBG sensors are filtered using the proposed moving average
filter algorithm. The recorded response of the proposed filtering scheme is shown in Figure 9. The
recording is taken from the IBSEN IMON FBG interrogator and Figure 9 shows the unfiltered
with filtered signal together.

Furthermore, the load analysis is performed by applying standard weights at seven distinct
positions marked on the deck from length (L = 0 cm) to the center position (L = 60.96 cm) of the
deck. The signal recording using the IBSEN IMON FBG interrogator is discussed in Section 3
of this article. The signal recording is performed for the three FBG sensors and the wavelength
shift concerning load, the position is plotted in Figures 10, 11, and 12. It is observed from the
wavelength shift that the amplitude is minimum at the positions 3 and 7 for all the three FBG
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F IGURE 6 A, Three FBG sensors bonded on the deck of the suspension bridge. B, A magnified portion of a
single FBG sensor bonded on the deck [Color figure can be viewed at wileyonlinelibrary.com]

F IGURE 7 Optical spectrum of
the SLED source (40 nm band) [Color
figure can be viewed at
wileyonlinelibrary.com]

sensors. This summarizes the placement of support pillars near those positions on which the
deck rests by the suspension strings. This gives a virtual picture of the bridge structure and lower
support of the deck.

Furthermore, the wavelength shift of three FBG sensors (S1, S2, S3) is used to tune the load
and position estimation models such as K-nearest neighbor (KNN) and random forest (RF). The
load and position estimation models are tested by evaluating the prediction errors such as MSE,
RMSE, R-squared value, and accuracy. The comparative analysis between actual load (kg) and
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F I GURE 8 Unfiltered sensor signals
from the IBSEN IMON FBG interrogator
[Color figure can be viewed at
wileyonlinelibrary.com]

F IGURE 9 Filtered
sensor signals from the IBSEN
IMON FBG interrogator
[Color figure can be viewed
at wileyonlinelibrary.com]

estimated load (kg) for two proposedmodels is performed. Figure 13 shows the deviation from the
actual load concerning the estimated loads using KNN and RFmodels. It is observed in Figure 13
that the KNN estimationmodel produces amuch higher deviation from the actual load compared
with the random forest (RF) based model. The error is quite higher from the applied load 2.5 to
4 kg in the case of KNNbasedmodel. The performance characteristics of the proposed soft sensing
scheme are listed in Table 3. Furthermore, the load sensitivity at the predefined positions is found
as 2.378272243 nm/g. Figure 12 also shows a magnified portion of such the highest deviation
region.

Similarly, the position estimation is also performed using KNN and RF-based model; the pre-
diction performance is shown in Figure 13. It is observed that the KNN-based position estimation
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F IGURE 10 Wavelength
shift of FBG sensor (S1) for
different applied load at seven
distinct positions [Color figure
can be viewed at
wileyonlinelibrary.com]

F IGURE 11 Wavelength shift
of FBG sensor (S2)for different
applied load at seven distinct
positions [Color figure can be
viewed at wileyonlinelibrary.com]

model produces the highest residual error compared with RF-based estimation. Figure 14 also
shows the magnified portion of the maximum deviation from the actual positions.

The two proposed estimation models are analyzed and the performance analysis is also per-
formed by evaluating prediction errors using MSE, RMSE, R-squared value, and accuracy. The
errors and performance parameters are listed in Table 4 for both applied load and position.

It is observed that the accuracy of the random forest (RF) model is quite high compared with
KNN-based model. The accuracy highest in the case of RF-based estimation and the errors are
also lower compared with KNN.

Finally, the RF model is tested with known loads of 1 and 4 kg at position 3. The RF model
accurately estimates the position 3 and applied loads. The estimated load and position are iden-
tified with the 3D view of the prototype suspension bridge model as shown in Figures 15 and 16.
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F I GURE 12 Wavelength shift
of FBG sensor (S3) for different
applied load at seven distinct
positions [Color figure can be
viewed at wileyonlinelibrary.com]

F IGURE 13 Performance of KNN and
RF models for the estimation of applied
loads (kg) [Color figure can be viewed at
wileyonlinelibrary.com]

TABLE 3 Characteristics
of the proposed soft sensing
model

Characteristics

Strain sensitivity (pm/μ𝜀) 0.502623329

Load sensitivity at the test positions (pm/g) 2378.272243

Prediction accuracy of RF model for the applied load 95.9183%

It can be observed in Figures 15 and 16 that the red color intensity is increased with the increase
in the applied load at position 3 on the bridge structure.

Finally, the IoT decision support model is developed and tested with different loads at
predefined positions on the prototype suspension bridge structure. The test notifications gener-
ated from the decision support model are listed in Table 5. Finally, the web-based framework
is developed using LabVIEW web GUI, which will be used by the authority for real-time
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F IGURE 14 Performance of KNN and
RF models for the estimation of positions
[Color figure can be viewed at
wileyonlinelibrary.com]

Method MSE RMSE R-squared Accuracy Remark

KNN (load
estimation)

0.0816 0.2857 0.9231 91.8367 Low accuracy

KNN (position
estimation)

0.5306 0.7284 0.8673 95.9183 Low accuracy

RF (load
estimation)

0.0408 0.202 0.9615 95.9183 Good accuracy

RF (position
estimation)

0.5306 0.7284 0.8673 95.9184 Good accuracy

TABLE 4 Performance
analysis of the load and
position estimation models

F IGURE 15 3D view
of the prototype suspension
bridge model for 1 kg load
applied at position 3 [Color
figure can be viewed at
wileyonlinelibrary.com]
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F I GURE 16 3D view
of the prototype suspension
bridge model for 4 kg load
applied at position 3 [Color
figure can be viewed at
wileyonlinelibrary.com]

TABLE 5 Test results of the developed GUI application

Sl no Applied load (kg) Position Notification

1 0 1 No load applied on the deck at position 1

2 2 3 Midthreshold limit exceeds at position 3

3 4 5 Reaching maximum load limit at position 5

monitoring of the load flow on the bridge structure throughout the year. The snapshot of the
web framework and notification generated using a test load input at position 1 is shown in
Figure 17.

6 CONCLUSION

FBG sensing technology is widely accepted in many SHM applications. Efficient signal process-
ing, calibration, load prediction, and position localization in SHM application using FBG sensors
is a challenging task. In this article, the proposedmachine learningmodel based load and position
estimation techniques such as KNN and RFmodels are implemented in the prototype suspension
bridge structure.

6.1 Findings

The load calibration is successfully implemented during this research and estimation errors are
evaluated. Firstly, the load sensitivity at the predefined positions is obtained as 2.378272243 nm/g
using the fabricated FBG sensors with the help of a femtosecond laser direct-writing system
(femtoFBG writing system). Further, it is obtained that the load prediction and its position local-
ization using the RF model produces minimum MSE of 0.0408 and 0.5306, respectively. On the
other hand, the KNN based model produces much higher MSE of 0.0816 and 0.5306 for the pre-
diction of the load aswell as its position, respectively. Apart from that, it is also observed that three
FBG sensors (1532, 1538, 1541 nm) are sufficient enough to predict the applied load and its posi-
tion throughout the length of the bridge structure. In a similar context, the proposed technique
shows the implementation of a soft sensing technique where three FBG sensors are sufficient to
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monitor the load distribution throughout the deck of the prototype suspension bridgemodel. The
results show that the proposed RF model produces very good prediction accuracy for the applied
load and its position to develop an IoT-driven visualization framework. This approach can be used
to visualize the load at any point on a suspension bridge structure by installing commercial-grade
FBG sensors and FBG interrogators in a real bridge structure. Finally, the IoT basedDecision Sup-
port model is successfully implemented and tested with various test loads applied to predefined
positions on the deck of the suspension bridge prototype structure.
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