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Abstract: In recent decades, the rapid development of transportation infrastructure safety,
such as highways, bridges, and tunnels has greatly promoted the development of the regional
economy. The structures with safety hazards and emergencies need continuous monitoring
over time. The integrated artificial intelligence algorithms with sensor responses can provide
real-time information for further analysis and decision-making for the transportation system,
improving the circulation efficiency of the transportation network, ensuring the stability of
road structures, and avoiding irreparable damage. This paper aims to develop an efficient
and low-cost method to help detect early-stage transportation infrastructure damage through
permanent or periodic monitoring. In this research, we used LiDAR scanning units (terrestrial
LiDAR fixed on holders and movable units fixed on UAVs) integrated with a novel deep
neural network (DNN) for structural monitoring of bridges based on the 3D mapping of bridge
displacement compiled from LiDAR scanning over time. The monitoring model is based on a
recurrent neural network with long short-term memory blocks (RNN-LSTM) since the LiDAR
scanning datasets have a time-dependent and memory-dependent behavior. The response of
the proposed DNN achieved a high accuracy rate, regression rate, and F-score equal to 96.43%,
93.77%, and 91.65%, respectively. A deep analysis of the confusion matrix and a side-by-side
look at predicted and actual conditions highlight how well the model can tell apart different
traditional methods to estimate the bridge displacement in literature. So, the data from LiDAR

and DNN models can be combined to analyze the monitoring of transportation infrastructure.

Keywords: structural health monitoring; LiDAR scanning; bridge displacement; deep

learning; recurrent neural network; long short-term memory blocks

1. Introduction

People generally expect a safe and convenient travel experience in the transportation
industry. For safety in transportation systems, there’s a need to focus on preventive
maintenance and safety checks of infrastructure. It should be keeping a monitoring on
how things are performing over time, improving how we gather data, and upgrading our
testing and maintenance technology. Furthermore, adopting new materials and tech can
help us make better infrastructure that lasts longer [1].

With more mountain highways being built, there are lots of bridges popping up
along the routes, making bridge safety inspections super important for keeping the
highways in good shape. Right now, these inspections mostly depend on manual
checks, and there are quite a few challenges to deal with, especially since it can be

slow and inefficient [2], due to the subjective nature of visual assessments, which isn’t
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always reliable, especially when it comes to special structures that need regular checks,
Human eyes can only do so much, especially when inspections require climbing to
tough spots [3]. Managers face a big task here: they need to find a way to manage these
bridges better, create solid plans, and keep track of their health in real-time. Ensuring
safety is crucial for people’s lives and property [4].

Measuring a structural displacement is really important for construction because
it’s one of the main points to check the structural safety. Understanding the
displacement of structures can estimate the load-carrying capacity of bridges, figure
out the dynamic characteristics of structures, and improve the structure’s finite element
model. There are various methods to measure this displacement, which can be divided
into two main types: contact and non-contact techniques [5]. Common contact
sensors include accelerometers [6], strain gauges [7], inclinometers [8], and global
navigation satellite systems (GNSS) [9, 10]. But there are some drawbacks with
accelerometers—they often deal with significant low-frequency drift or miss out on
crucial low-frequency data. Furthermore, using strain gauges and inclinometers usually
requires installing a lot of sensors, even if trying to get a reading from one point.

LiDAR, which stands for light detection and ranging, is a useful tool for measuring
displacement without any contact. It figures out how far away something is by using
either the time of flight (ToF) method or a phase-based approach [11,12]. After that,
it calculates the displacement based on the change in distance. One of the things
about LiDAR, compared to other methods of noncontact instruments, is that it can
capture 3D displacement and is less affected by lighting conditions. Furthermore,
unlike vision-based methods that need a scale factor to change capture area movement
in pixels to actual physical displacement, LIDAR can measure displacement directly in
physical length units. This makes calculations a lot easier.

Terrestrial LiDAR has proven that it is effective for checking structures and
measuring deformation. He et al. [13] along with Tan et al. [14] confirmed that
terrestrial LIDAR 1is accurate enough for monitoring bridge deformations in real-time.
Artese et al. [15] established a comprehensive method that combined a terrestrial
LiDAR, and finite element analysis, which they then used to evaluate medieval masonry
bridges. Sedek and Serwa [16] showcased the strong potential of terrestrial LIDAR for
identifying building defects, ensuring quality control, and tracking spatial deformations.
Park et al. [17] used terrestrial LIDAR to monitor the steel beams’ deformation,
and managed to provide deformation data from single-point cloud data. Meanwhile,
Mohammadi et al. [18], Xu et al. [19] and Yang et al. [20] applied terrestrial LiDAR to
look into how composite arch structures behave under sustained loads, paying particular
attention to the masonry arch’s bottom surface model where it meets the reinforced
concrete supports.

There have been some attempts to use LiDAR for measuring structural
displacements [21-25]. For instance, one study used a long-range, high-precision
LiDAR that could measure displacements within a range of 3 to 5 mm [21]. But the
downside is that using LiDAR often involves lengthy scanning times and adjustments,
which can limit its usefulness for measuring dynamic displacements.

With advancements in Unmanned Aerial Vehicle (UAV), LiDAR, and visual tech,
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new opportunities are available for bridge safety. While UAV inspections can help, they
still need manual checks, which can lead to missed problems. Furthermore, there’s no
solid system right now for collecting and analyzing monitoring data, which also makes
it hard to predict future issues based on provided data [26].

Langhammer and colleagues [27] developed a 3D model of a reservoir aimed at
managing water and planning for flood control. They combined UAV with LiDAR
technology, finding that LIDAR gave a more accurate estimate of the basin’s volume.
In another study, Li et al. [28] looked at two UAV-based systems—photogrammetry,
and UAV and LiDAR—raw point cloud does a better job of capturing variations in the
landforms compared to photogrammetry. Meanwhile, Rogers et al. [29] pointed out how
effective LiDAR is for mapping vegetation, especially when used on UAV platforms.

Recent improvements in 3D reconstruction using artificial intelligence (Al)
algorithms [30-34] have really opened doors for using them in displacement
monitoring [35-37] via LiDAR combined with Al algorithms. With point cloud
maps taken by Terrestrial LIDAR or LiDAR fixed on UAY, it can track structural
displacement by comparing these point clouds of structural surfaces from different
times using suitable Al algorithms. This is a novel and effective way to the best of the
author’s knowledge to monitor displacements in retaining structures, addressing the
limitations and challenges that Terrestrial LIDAR or LiDAR fixed on UAV often face
as mentioned in literature.

This paper is set to introduce a new approach combining LiDAR scanning
technology and deep neural networks for inspecting hidden damage in bridges. The
main goal is to enhance how we visualize and make decisions about maintenance along
highways, decrease the need for manual inspection, and improve resource allocation

and safety ratings on roadways.

2. Methodology

LiDAR-based structural assessments have definitely gained more interest in the
structural health monitoring (SHM) field over the past few decades. However, there
are still some challenges when it comes to the non-contact sensing method. One
of the difficult parts of using LIDAR for monitoring is getting a high-quality, dense
and uniform. If there are errors in the point cloud, it can lead to extra data or gaps,
which negatively affect the ability of algorithms to detect any structural damage. The
quality of the data collected by a LiDAR scanner depends on several factors, such
as: (1) occlusions or extra objects in the way, (2) the properties of the surfaces being
scanned, (3) how the scanner is positioned, (4) the specs of the scanner itself, and (5)
the conditions of the environment. One of the biggest obstacles to obtaining a usable
point cloud for structural analysis is dealing with all this excess data that needs to be
sorted. Furthermore, it can get in the way, making it difficult to gather data on the
actual things that matter.

This research begins by studying the actual needs for inspecting and maintaining
private bridges. Using LiDAR scanning units (Terrestrial LIDAR and movable units
fixed on UAV) integrated with a novel deep neural network (DNN) for structural
monitoring of bridges based on the 3D mapping of bridge displacement compiled
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from LiDAR scanning over time. The RNN-LSTM is selected to analyze the LIDAR
point cloud maps, since the LiDAR scanning datasets have a time-dependent and
memory-dependent behavior. The displacement value will be calculated by comparing
these point clouds of bridge surfaces from different times using a suitable RNN-LSTM
by searching for the node where the deformation occurred. The proposed displacement
estimation technique response achieved a high accuracy rate, regression rate, and
F-score. So, the data from LiDAR and DNN models can be combined to analyze
the monitoring of transportation infrastructure. Figure 1 illustrates the proposed
displacement estimation technique.
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Figure 1. Schematic diagram of the proposed monitoring technique of the bridge.
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2.1. Vehicle load classification

Collecting real-time data on passing vehicles is very difficult. We’re talking about
things like weight, type, spacing, and speed. So, first, its need to sort all the vehicles
by weight or type. Then, figure out the key traits for different vehicle types, like axle
load, wheelbase, track, and the maximum speed for each vehicle type.

On highways, there are tons of different vehicles, and transportation departments
have their own ways of classifying them. Given the kind of traffic and the goals of this
study, we really need to sort these vehicles and look closely at each group. Usually,
highway agencies divide the vehicles into two main types: passenger cars and trucks.
Then, each of those categories gets more specific based on how much they can carry,
with about five subcategories. We can see the details in Table 1.

Table 1. Vehicle classification standards of the highway management department.

Type Car (seat) Truck (ton)
Type 1 <7 <2
Type 2 8&-19 2-5
Type 3 20-39 510
Type 4 >40 10-15
Type 5 no >15

2.2. LiDAR technology

LiDAR tech is effective because it uses remote sensing to get good captures of
the Earth’s surface. Basically, it helps to check out what happened down there and
collect all data in detailed geographical info. With LiDAR, you can create high-quality
3D digital models that show everything really well. The data results in a point cloud
map, which is beneficial for mapping out whole cities. This way, decision-makers
can identify structures and important areas with high accuracy, down to the millimeter
level, see Figure 2 for an example. Furthermore, the LiDAR can be used to identify
and extract details about infrastructure like roads, bridges, tunnels, and even vegetation.

Furthermore, it helps detect problems like surface wear or changes in the slope.

Figure 2. The LiDAR scanning fundamentals.
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In bridges, the 3D LiDAR scanning is one of the effective monitoring technologies.
First, it can give a highly accurate assessment of bridges that the usual inspection
methods miss. Furthermore, it’s automated, which means even a person without an
experienced background can use it, it’s perfect for the bridge inspectors. So it can set
up the assessment rules easily. LiDAR is a neat digital tool that creates 3D maps of
structures by collecting all various of coordinate data. It helps to detect things such
as settling issues, cracks, and corrosion. Also, it decreases the risks and can speed
up construction compared to traditional inspection methods, and it can collect the data
anytime—day or night—on any structure.

3D LiDAR scanning abilities for bridge monitoring

Detecting and measuring issues with bridge structures can really help detect any
stability concerns. It can use point cloud maps from LiDAR scans to easily find
physical damage on bridges. With some easy algorithms, data about things like surface
wear or concrete loss from vehicle collisions can be extracted. Figure 3a shows how
can see that it’s easy to estimate visible damage using the surface data from LiDAR
scans. Figure 3b shows how to get accurate vertical clearance data, with millimeter
precision using the LiDAR data. Figure 3¢ shows how we found four damaged areas
on two out of the four beams we scanned, and measured the mass loss and volume
for each damaged area. Finally, Figure 3d displays the load-deflection measurements
at different points using the 3D LiDAR scanner, showing how deflection is clear for

position 1 when a truck is loaded.
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LiDAR Scan Displacement Field

(d) The load-deflection measurements.

Figure 3. 3D LiDAR Scanning Abilities for Bridges Monitoring [37].

2.3. RNN-LSTM configuration

In this study, we opted for the RNN-LSTM model over a traditional feedforward
neural network to monitor bridge damage. This choice makes sense because the datasets
from LiDAR sensors are both time-dependent and memory-dependent. The LSTM
helps address the issue where the error signal used for training the network tends to
diminish exponentially as we go further back in time within the RNN, illustrated in
Figure 4. This figure outlines the deep learning model we proposed to describe the
restoring force in the hysteretic structural system of the bridge. Here, the input consists
of the LiDAR sensor datasets, while the output focuses on detecting and classifying
bridge damage [38].

Figure 4. Structure of the LSTM cell and weight connections [38].

At each moment in a time series, an LSTM cell monitors a hidden vector and a
memory vector, which help it manage its updates and outputs effectively. The output
or activation for each LSTM cell is defined as follows:

hy =T,.tanh (C}) (1)

where I, is the output gate that controls the amount of information shared from memory
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(C}), and here’s how it’s calculated:
Ly =o(Wo. [he—1, Xi] + o). )

So here’s the deal: at any given time step (¢), we have the input for the LSTM (X;)
and we’re using the sigmoid activation function (o). There’s this weight matrix (W,)
that controls how the output gate operates. Then we’ve got h;_1, which is the activation
or hidden vector from the previous time step (t — 1) taken from the last LSTM cell. Plus,
there’s a bias (b,) that comes into play when we’re figuring out the output.

Now, C; represents the memory cell or vector that helps forget some of what’s
currently stored (C;—1), pulls from the previous LSTM cell, and takes in new memory

content (ét). We can define that as follows:
C; =T7.Cr 1 +T,.Ch. 3)
Here’s how the content of the new memory (@) gets updated:
C, = tanh (W,. [hy—1, X¢] + be). 4)

So we have this weight matrix, W,, and it pretty much controls how our new
memory operates. Then there’s the bias, b., which plays a role in shaping that memory.

In Equation (3), we introduce Iy, which helps figure out how much of the current
memory we need to forget, hence the name forget gate. Then there’s I',,, another part
that manages how much new info we actually add to the memory cell, which we refer
to as the update/input gate. Since these gates are in charge of what’s stored in memory,
their values have to stay between zero and one. We accomplish that by using the

sigmoid function in their setup. The next calculations will show us how that works.
Uy =o(Wy. [hi—1, Xi] + by) )

r,= U(Wu [htfla Xt] + bu) (6)

In this configuration, Wy and W,, are the weight matrices that control how the
forget gate and the input/update gate operate. Essentially, h; and C; are the outputs
from the LSTM cell at time step ¢, which get sent to the next cell at time step ¢ + 1. If
the LSTM cell at time step ¢ generates this output, here’s how we can calculate it:

O, = softmax(Wy.h; + b,). @)

Figure 5 illustrates the structure of the LSTM cell.
2.3.1. Bidirectional LSTM

Bidirectional architecture is essentially a flexible framework that can be integrated
with any RNN model, LSTM included. In a biLSTM (or bidirectional LSTM) cell, we’ll
find two standard unidirectional LSTM cells working together: one analyzes past time
steps and the other looks at future ones. Figure 6 gives us a picture of how a biLSTM

cell is structured.
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xtl

Figure 5. A single block diagram in an RNN-LSTM [39].

Figure 6. The biLSTM structure.

At each time step, the biLSTM keeps track of two hidden states—one for
the past and another for the future. This feature really boosts its performance for
sequence-related tasks, like text classification. Speaking of that, we’ve categorized
structural damage detection as a sequence classification problem in this study [40].

So, if a biLSTM cell generates an output at a particular time step, here’s how we
can compute it:

n

Oy = softmax(WO.[ﬁt, ]+ bo) ®)

— —
here, h; and h, refer to the activations of the forward and backward biLSTM cells at

time step .
2.3.2. Bayesian genetic algorithms

There are several ways to make Bayesian genetic algorithms (BGA) work better
for objective functions (f), like using Gaussian processes [41—43], random forests [44],
and tree-structured Parzen estimators [45,46]. If we check out Figure 7, we’ll see
a comparison of the Grid search, Random search, and BGA optimization methods
for tuning the model’s hyperparameters. The numbered circles show how well the

model did using each method. It’s interesting to note that while the Grid search covers

9
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Hyperparameter 2

Hyperparameter 1

broader areas, BGA optimization techniques can explore different combinations more
intelligently and often find the best solutions with fewer tests. For this study, we
decided to go with BGA techniques to speed up and enhance training.

®
o Og O

()

(b) ©

Figure 7. The comparison between (a) grid search vs. (b) random search. vs. (¢) BGA
optimization techniques for tuning the model’s hyperparameters.

3. Case study

3.1. Bridge overview

Figure 8 presents the Huangshan River Bridge in the Zhuji section, Huangshan
City, China. The Bridge has 439.52 m length, 12 m width, and 14 x 30 m for bridge
upper structure of simply supported prestressed concrete composite box beams. The
lower part of the bridge is U-shaped and adopts pile-type piers. The design load of the
bridge is 20 t for cars and 120 t for trailers.

Figure 8. Huangshan River Bridge.

3.2. Bridge test via LIDAR

In this study, we performed a group of Terrestrial LiDAR units fixed on holders
and movable units fixed on UAVs in shooting places to apply the field test on bridges
in common use for structural monitoring in places where the visual inspection is
impossible beyond human control and verify the reliability of the proposed method
as shown in Figure 9.

10
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Figure 9. Image acquisition from UAV and LiDAR.

3.3. Feature extraction

The setup features an RNN-LSTM that starts with an input layer for the LIDAR
point cloud maps of the bridge, incorporating the mode shapes of the bridge. This is
followed by three 1D convolutional layers designed to eliminate data outliers (Figure
10), each with its own configurations: the first layer is set to 56 x 128, the second
to 28 x 256, and the third to 14 x 512. Then, we include two sub-sampling LSTM
layers, sized at 14 x 512 and 7 x 512. Afterward, we flatten all the 2D arrays from the
pooled feature maps into a single long vector containing 25,088 elements. The output
layer uses a softmax activation function to predict the bridge displacement. It’s also
important to note that while both the RNN and CNN models share similar architectures,
they differ in the feature extraction areas near the input layer. We evaluate both the cost
and accuracy of these models, checking the test set accuracy before and after training.

To speed up training and improve accuracy, we used the BGA technique.
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Figure 10. The deep learning network includes three 1-D convolutional layers, full connection
layers, two sub-sampling LSTM layers, and a softmax layer.

Extracting related functions is the main task of creating a global map, and it
can be easy to perform localized tasks by providing the environment and shapes
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around the environment of environmental or bridge load. Figure 11 shows a simple
workflow architecture, including training the load locations and feature extraction. In
this part of the study, we must analyze the method of solving the localization and
mapping problems of bridge displacement, and these problems can be expanded to
other autonomous systems. Our method is only based on LiDAR measurements to
locate the load. We assume that the LIDAR scanning and ground real locations are in
the body frame, and each location has a corresponding scan at each time stamp. We
use non-semantic functions to distinguish some related prototypes. Compared with a
single object (such as a pole or edge), this technology can detect various objects in the
environment, which is very beneficial to the environment with less texture data. We

choose to use a cluster algorithm to extract clusters, which constitute our non-semantic

characteristics.
4z PY LiDAR Point Cloud of Bridge LIDAR Data Maps )
@ T
() @ >,
LW R
o° o -
@
[ )

Features Extraction

4 ) ® N
. LSTM unit t b
() .0 R =
| 0 —EE- - -EE—
o ,° ;

\ RNN-LSTM j

Training DNN Model

Figure 11. Workflow architecture diagram.
Note: Features are extracted from LiDAR scans (black dots) and an RNN-LSTM is trained to estimate the real position of damages (red
dot).

Let P, be a LiDAR scanning at time ¢:

Py = {pt,i}ie[L Dy ©)

where p;; = [zi, yi, 2], Dy is the points number of LIDAR at time ¢, and S; =
[st, i, st,;] is the actual position at time ¢. We apply a clustering method to fix the

centers number to a certain value:
Ct = {Ctii}iG[l, /Dt} (10)

Where ¢i; = [£i, Ui, i, Dt is the clusters number, C} is the centers group of the
clusters and c; ; is the center point of the cluster 7, where ¢ € [1, Dt} . For simplicity
in the following we assume that the number of clusters remains constant along the
trajectory (D = D, forall 1).
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As the target of this work is to find the bridge displacement

[atvl,am, ...... , Dt] that will minimize the position(p) using objective
function f ((wy4, ¢4, ars) —S¢) at time ¢t = 1,... T with constraints
Wi 1, We2, ..o Wy g € RY, ay1,0u2,..., o b, € RT. Where T is the last

timestamp value, wy, ; are some weights at the measuring cluster.

In order to estimate the bridge displacement at various positions efficiently and
at low cost to avoid the huge and complicated mathematical processes above, we
established a new technique using a novel DNN based on RNN-LSTM, which feeds the
cluster features at time ¢ and various positions as input, and the estimated displacement

of each position of the bridge is returned, as shown in Figure 1.

3.4. Training, validation, and test sets

In this research, we selected the mean square error (MSE) for optimizing the
network parameters such as the weights and bias in the layers. The training mode uses
the cluster features at time ¢ and various positions to adjust the network parameters
for controlling the hidden layer numbers that change due to the training mode results.
We obtain satisfactory results at the output of the network after several iterations of
testing. The training ends when the MSE becomes a steady state at the low value of
MSE. The RNN-LSTM setup, training, and testing model functions are presented in
Figure 12. The training performance of the suggested DNN is presented in Figure 13
where an Epoch refers to one cycle through the full training dataset. The training key
parameters are presented in Table 2. The steps of the MATLAB code of RNN training

and evaluating are presented in Algorithm 1.

~
» Extract the training data from the cluster features at time ¢t and
various positions of the LIiDAR scanning of bridge under cars loading

as presented in Subsection 3.1. )

~
Divide the extracting dataset into two groups of a dataset, the first
one will be used for training the DNN for displacement estimation
with various positions of bridge.

J

The second group of a dataset will be used for the testing process of the
estimated data in previous point. The convergence between estimation data
from DNN and data from LiDAR scanning means the DNN is well-trained,
and it indicates that the DNN in systematic form for generalization. The
training performance of the suggested DNN is presented in Figure 13 where
an Kpoch refers to one cycle through the full training dataset.

J

* The DNN will be used for estimating displacement in a bridge
A8 over time (t) with various positions of bridge. The M%(t) at any
positions will be estimated based on LiDAR scanning data.

Esti
Response

Figure 12. The steps of DNN training to estimate the bridge displacement.

Table 2. RNN key parameters.

Training time Gauge Training rate Attenuation factor

75s 36 10—4 10—6




Sound & Vibration 2026, 60(4), 4028.

—Train

E; —¥alidation
—Test

*E-' Best T

S

L

=

z

o

3

[=2

w

c ]

@

@

=

0 2 4 6 8 10

10 Epochs

Figure 13. RNN Training Performance.

Algorithm 1 Training and evaluating the RNN

1
2
2
3
4
5:
6
7
8
9

10:
11:
12:
13:

14
15

: algorithm RNN

: input: P: p; ; dataset, t: time, c¢,; dataset, wy ;, St W: Network parameter matrix weight w;; and bias b;

: output: score of DNN trained model on the dataset to estimate bridge displacement c; ; for various €, EPD
: let f'be the feature set 3d matrix

: for i in the dataset do

let f; be the feature set matrix of sample 1
forjin i do
Vi  vectorize(; )
append V; to f;
append f; to f
firain, ftests lirain, ltest <— the split feature set and prediction into train subset and test subset
M + DNN (ftraina lt'ra.in)
score «— evaluation (1, l¢est, M)
return score

: end for
: end for

4. Results and discussions

4.1. Displacement analysis

To measure displacement using LiDAR data, first we collected the point cloud

data at different time points as shown in Section 3.3, then compared the point clouds

to identify changes in the positions of specific points or features, allowing for the

calculation of displacement.

L.

Point-to-Point: Compare the coordinates of corresponding points in the aligned
point clouds to determine the displacement vector.

Surface-Based: Compare the surfaces of the point clouds to identify changes in
shape or position.

Grid-Based: Create a grid on the point cloud and compare the displacement of
grid points.

Triangle Grid-Based: displacement is calculated using three points on the same

14
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line.
5. Least Squares-Based: Calculate the distance to each point by selecting a random

line.

Laser scanning was performed at four positions on the bridge with each load case
lasting 50 s, and a total of 40 scans were obtained (including no-load conditions).
The displacement evaluation technique is based on the bridge point cloud data. The
maximum displacement occurs at 219.76 m in the center of the bridge, and the
displacement results are presented in Figures 14 and 15 before and after bridge damage
occurred respectively, where the 1% position at 109.88 m from the bridge center, the
27 position at 164.82 m from the bridge center, and the 3" position at 192.29 m from
the bridge center.

x104 .

1.5
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2 position
1%t position
Bridge center

0.5
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Figure 14. The bridge displacement before damages, where the 1! position at 109.88 m, 2"

position at 164.82 m, and 3™ position at 192.29 m from the bridge center.
Note: A scale factor of 107 is applied to the y-axis, as indicated at the top of the axis.

4.2. Proposed method accuracy and reliability evaluation

We look at four main things to check how well the proposed method is doing: the
false negative rate (FNR), false positive rate (FPR), true negative rate (TNR), and true

positive rate (TPR). Here’s how we can tweak the performance based on those:

N
accuracy rate (P%) = # (11)
TPR FPR

) Nrpr
regression rate (R%) = —————— 12
g (%) Nrpr + NrNR (12)
2N
F score (F'%) = TR (13)

" 2Nrpr+ Npngr + Nrpr
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In this research, we prepared 40 datasets from LiDAR measurement to test things
out, splitting them into 8 groups based on the output displacement in the pavement to
get results for g;, go and so on up to gg. This all happened after running a thousand
iterations, or epochs, to check if the CNN really works. Overall, the performance
metrics were very good, with P% at 96.43%, R% at 93.77%, and F'% at 91.65%. So,
it looks like this method can accurately detect displacement in the pavement. Figure
16 shows how those P%, R%, and F'% values changed over those 1, 000 Epochs.
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Figure 15. The bridge displacement after damage, where the 1% position is at 109.88 m, the
27 position at 164.82 m, and the 3™ position at 192.29 m from the bridge center.

Note: A scale factor of 107# is applied to the y-axis, as indicated at the top of the axis.
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Figure 16. The training proceeded with a comparison based on the displacement in the bridge.
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To improve the experimental section of a deep learning study, we compared the
performance of the proposed model (RNN-LSTM based on a LiDAR response) against
two other traditional methods (contact technique) to estimate the bridge displacement in
literature such as CNN based fiber optic sensors response by Sun et al. [47], and ANN
based strain gauge and accelerometer response by Ma et al. [48]. This contextualizes
the model’s efficacy and demonstrates its advantage over existing methods. The results
of multiple models are often compared using a confusion matrix and a side-by-side look
at baselines and proposed models highlight how well the model can tell apart bridge
displacement estimation.

The confusion matrix is presented in Figure 17. It outlines how effectively each
model for bridge displacement estimation for the RNN-LSTM is based on a LIDAR
response. The confusion matrix is plotted for algorithms that have better F1-score
values. Just so we know, any values below 1% are considered zero in these matrices.
Figure 17 indicates that the RNN-LSTM based a LiDAR response is performing quite
well, showing higher average accuracy and appearing to have the advantage over other
contact techniques. Average accuracies are 89.42%, and 92.46%, for the ANN and
CNN respectively.
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(c) ANN based strain gauge and accelerometer response.

Figure 17. The confusion matrices for the RNN-LSTM and other algorithms used in the
literature.
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5. Conclusion

In this work, the LiDAR scanning units (Terrestrial LiDAR fixed on holders
and movable units fixed on UAV) were integrated with a novel deep neural network
(DNN) for damage monitoring of bridges. Considering the analysis conducted in this
study, the monitoring model is based on the RNN-LSTM platform since the LiDAR
scanning datasets are a time time-dependent and memory-dependent. The displacement
estimation technique was applied using the point cloud of the bridge at four positions
on the bridge (1% position at 109.88 m from the bridge center, the 2" position at 164.82
m from the bridge center, and the 3™ position at 192.29 m from the bridge center) for
50 s for each load case that was collected for training the DNN, and we found that
the maximum displacement occurs at the center of the bridge at 219.76 m before and
after bridge damages occurred. It has been found that the response of the proposed
DNN achieved high rates of P%, R%, and F% equal to 96.43%, 93.77%, and 91.65%
respectively. It stands out in the confusion matrix analysis, plus a LiDAR response
(non-contact technique) of bridge displacement predicted and actual conditions against
two other traditional methods (contact technique) to estimate the bridge displacement
in literature such CNN based fiber optic sensors response, and ANN based strain gauge
and accelerometer response, highlights the distinguish the model between the different
levels of bridge displacement estimation. So, the data from LiDAR and DNN models

can be combined to analyze the monitoring of transportation infrastructure.
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