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Abstract

In decision-making, NS permits the representation of information with three membership functions: indeterminacy
(1, false (F), and truth (T). All components in an NS have indeterminacy, non-, and membership degrees that are
autonomous and vary from (0-1). This generates NS particularly appropriate in composite decision-making
situations where information is incomplete, ambiguous, or contradictory, which allows strong and more complex
solutions and analysis. Detecting road damage accurately and quickly enables the capability of road maintenance
agencies to generate timely maintenance to road surfaces, retain optimum road conditions, enhance the safety of
transportation, and reduce transportation charges. Research on road damage detection using Al models achieved
more attention at present, particularly in smart cities. This paper develops a Boosting Road Damage Detection
using DEMATEL with Bipolar Neutrosophic Dombi and Siberian Tiger Optimization (BRDD-DBNDSTO)
algorithm. The presented BRDD-DBNDSTO technique is mainly intended to improve the accuracy and reliability
of road damage classification for intelligent smart city infrastructure. To accomplish this, the BRDD-DBNDSTO
technique employs adaptive bilateral filtering (ABF) using image preprocessing to effectively enhance image
quality by reducing noise. Then, the SqueezeNet method was used to create a collection of feature vectors. For the
classification and detection of road damage, the DEMATEL with bipolar neutrosophic Dombi model is exploited.
At last, the Siberian tiger optimization (STO) algorithm is used to adjust the parameters related to the classifier
model. To guarantee the improved performance of the BRDD-DBNDSTO method, an extensive experimental
study was carried out and the gained outcomes illustrate the improvement of the BRDD-DBNDSTO model across
the existing techniques.

Keywords: Bipolar Neutrosophic Set; DEMATEL; Bipolar Neutrosophic Dombi; Road Damage Detection;
Siberian Tiger Optimization

1. Introduction

To deal with inconsistency and uncertainty is a major importance problem for investigators that research
mathematical representation [1]. Investigators have presented several estimates to make mathematical modeling
some difficulties comprising inconsistency and uncertainty data. A few famous estimates are fuzzy set concept
presented and intuitionistic fuzzy set (IFS) concept presented. A fuzzy set (FS) was recognized by membership
function and an IFS was recognized by non- and membership functions [2]. Nevertheless, FSs and IFSs do not
process the inconsistent and indeterminant information. Hence, neutrosophic set (NS) concept was presented as a
generality of FS and IFS depending on Neutrosophy which is a subdivision of philosophy. Roadways are
significant public properties that offer noticeable, longer-range advantages to society because they encourage
financial growth in markets by guaranteeing mobility and admittance for people and goods [3]. Preserving roads
immediately in perfect condition is crucial to the keenness and maintainable growth of national, regional, and local
markets [4]. Road infrastructure should be properly retained to withstand and exploit these advantages which need
road maintenance specialists to have required support and strong devices to precisely respond to road condition
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complications [5]. Weak road conditions are the reason for numerous issues such as making road navigation
difficulties and raising accident risk for drivers, growing repair costs for vehicles by using these roads, and
eventually high road-repair costs owing to irreversible decline of road substructures and surfaces [6].

Furthermore, it allows the growth of machine learning (ML) methods for automatic detection of road damage, an
important device for infrastructure monitoring and disaster awareness. Of the increasing tendency of Atrtificial
Intelligence (Al)-based automating applications, numerous Road Damage Datasets have been presented in the past
few years [7]. This has intensely transformed with the initiation of the computer vision (CV) models depending
on deep learning (DL) structures, which have established great steps in many CV tasks and have gradually
completed their method into road inspection methods [8]. The usage of DL can play an important part in resolving
real-world difficulties after the developments in computer schemes, mainly graphical processing units (GPUs) [9].
The Automation of DL in domains of different fields can be simple, like agriculture, proper water resources supply,
medical, in-city surveillance, and facial expression identification. Recently, the most stimulating subject was
cracks, damage, and pothole recognition of road surfaces using Al [10]. Particularly, DL offers numerous study
models to recognize loss to road surfaces.

This paper develops a Boosting Road Damage Detection using DEMATEL with Bipolar Neutrosophic Dombi and
Siberian Tiger Optimization (BRDD-DBNDSTO) algorithm. To accomplish this, the BRDD-DBNDSTO
technique employs adaptive bilateral filtering (ABF) using image preprocessing to effectively enhance image
quality by reducing noise. Then, the SqueezeNet method was used to create a collection of feature vectors. For the
classification and detection of road damage, the DEMATEL with bipolar neutrosophic Dombi model is exploited.
At last, the Siberian tiger optimization (STO) algorithm is used to adjust the parameters related to the classifier
model. To guarantee the improved performance of the BRDD-DBNDSTO model, an comprehensive empirical
study was conducted, and the results showed that the BRDD-DBNDSTO technique outperforms recent methods.

2. Related Works

Merolla et al. [11] proposed a new model for enhancing road security over the classification and detection of traffic
signs and road surface damage with progressive DL algorithms. This combined model supports dynamic
maintenance approaches, enhancing road security and allocation of resources for the Molise area and the
Campobasso city. The resultant method uses cutting-edge technology like Cloud Computing and Higher-
Performance Computing with GPU application. Chu et al. [12] presented a decision support system (DSS) for an
independent road information scheme for smart cities improvement by the usage of DL. The introduced DSS
mechanisms in layers while primarily the road images were coordinates and captured assigned to the image using
the GPS assistance, interconnected to the decision layer to discover the potholes and cracks, which provided data
to the maintenance department and the drivers. CNN-based method has been presented for pothole crack detection
(PCD), for the decision layer. Adewopo and Elsayed [13] implemented a complete exploration learning of main
accidental detection methods, flaking light on the degrees of further advanced methods while giving a complete
summary of different traffic accidental kinds such as T-bone collisions, rear-end collisions, and frontal influence
accidents. This new model presented the I3D-CONVLSTM2D architectural method, a lightweight solution tailor-
made clearly for accidental detection in smart cities traffic monitoring.

Silva et al. [14] introduced an original automatic road damage detection model using UAV images and DL
algorithms. Conserving road structure is crucial to ensure a safer and supportable transportation system.
Nevertheless, the physical set of road loss data is unsafe and time-consuming for humans. Hence, UAVs and Al
technology are presented to increase road damage detection’s accuracy and efficiency considerably. In [15], a
complete vehicle security structure tailor-made especially for smart cities in AloT has been presented. This
structure combines a particular sensor that successfully monitors the alcohol content of drivers. In cases of higher
alcohol levels, the method uses GSM and GPS technologies to spontaneously regulate the speed of vehicles while
instantaneously informing relevant experts for quick intervention. In [16], a solution of RHD depending on CVIS
was presented. Initially, a higher-execution heavy action detection method was designated. With a meta-learning
model, crucial features are simplified from fewer-shot data of RH. Then, a lightweight RHD method was calculated
to guarantee its smoother implication on an OCD. Finally, a knowledge distillation (KD) architecture has been
applied to increasingly distillation the features.

3. Materials and Methods

In this article, we have presented a new BRDD-DBNDSTO algorithm. The proposed BRDD-DBNDSTO approach
is mainly intended to enhance the accuracy and reliability of road damage classification for intelligent smart city
infrastructure. To accomplish this, the BRDD-DBNDSTO technique has classification, feature extraction, image
pre-processing, and hyperparameter tuning are depicted in Fig. 1.
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Figure 1. Overall flow of BRDD-DBNDSTO algorithm
A. Image Preprocessing: ABF Model

Primarily, the BRDD-DBNDSTO technique employs ABF using image preprocessing to effectively enhance
image quality by reducing noise. ABF is a critical image preprocessing model in the detection of road damage, as
it efficiently decreases noise while maintaining significant important details in road surface images [17]. This
method improves the visibilities of refined damage features, allowing more precise classification and feature
extraction. By increasing image qualities, ABF makes a major contribution to the strength of ML methods
employed in automatic road condition estimations.
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Figure 2. Structure of SqueezeNet
B. Feature Extraction: SqueezeNet

Then, the SqueezeNet method was used to create a collection of feature vectors. SqueezeNet is chosen for the
developed research [18]. The structure of CNN was presented in the year 2016. It is recognized for its effective
design, which has very little computational complexity necessities. However, it upholds great accuracy even with
these complex needs. It contains 8 fire blocks (fire2 to fire9), a convolutional layer (Convl), and a last
convolutional layer (Conv10). The Fire block is the main advance in SqueezeNet. It is a specific module that is
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intended to improve the efficiency of the network. Every fire block starts with a layer of squeeze. It includes a set
of 1x1 convolutional filters. This squeeze layer decreases the intensity of input data by compacting its features.
Therefore, it limits the amount of input channels to the following layers. After the squeeze layer, the structure
divides into dual layers of expansion, one with 3x3 convolutional filters and the other with 1x1 convolutional
filters. This mixture of squeeze-and-expand mechanism lets SqueezeNet decrease the size of the model and
computational needs. Fig. 2 represents the framework of SqueezeNet.

C. Classification: DEMATEL with Bipolar Neutrosophic Dombi

For the classification and detection of road damage, the DEMATEL with bipolar neutrosophic Dombi model is
exploited. The below-mentioned section provides a summary of the descriptions linked to the Heronian mean
(HM), bipolar neutrosophic set (BNS), and Bipolar Neutrosophic Dombi-based Improved Generalized Weighted
Heronian mean (BND-IGWHM) operators [19]. These definitions are mainly employed in incorporating the BND-
IGWHM operator into the DEMATEL model.

Definitionl. BNS

Assume X as a set of non-empty. A BNS A4 is described as demonstrated:
A={{x,TH(x),I"(x), F*(x), T~ (x), I (x), F(x)}: x € X}, (1)

where T, I*,F* : X - [1,0]and T~,I7,F~: X - [—1,0].

Here, the T (x), I (x), F*(x) signifies positive membership degree, whereas T~ (x), I (x), F~(x) is negative
membership degree of an element x € X.

Definition2. Deneutrosophication of BNS

Assume that 4; = (t}, i, i}, ti, i, fi; } is a BNS. Deneutrosophication of A;; is well-defined as below:
u(Ai)

1\/((1 — )%+ (()* + (fi}’)z) N ((1 — (=t;)))? + (=ij)? + (_fi]_')z) @

|2 3 3

Definition3. BND- IGWHM
Let p,g =0,y >0, and Af = (¢}, i, £, t;%, i £;©) is a relation of BNS with weight w; =
(Wi, W, ..., wp)T fulfilling w,, € [0,1] and ¥, w;, = 1. Next, BND — [GWHMP4 is named (BND-IGWHM)
operator and is specified by

BND — IGWHMP(A};, A%, ..., AT}
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This section suggests a variation of DEMATEL called BND-IGWHM DEMATEL, which is mainly beneficial for
resolving clusters of decision-making. Let that there are n measures of the problem definite as C = {C, C,, ..., C,,}.
Assume that K = {K;, K,, ..., K,,,} is set of experts and w,. = {r = 1,2, ..., m} denotes the corresponding weight of
experts whereas 0 < w, < 1 and Y7, w,. = 1. The conditions were assessed by specialists utilizing the Bipolar
neutrosophic linguistic variable.

-1

<[+

Algorithm
Step 1: Build the direct-relation matrices.

Assume XX = (Ag-)nxn as the direct-relation matrices, which are defined as

[0 A% L A’fn]

AS 0 L AK

XK= (Ag')nxn =: 21 . . :an, (4)
lax, 4%, .. o |

Here, A;; Denotes the Bipolar neutrosophic linguistic variables signifying the grade of influence amongst the
criteria of i and j, set by the Kth expert. The option of Bipolar neutrosophic variable, which ranges from “no
influence (NI)” to “very high influence (VHI)”.

Step 2: Accumulate the direct-relation matrices.

The direct-relation matrices in BNSs are combined utilizing the BND-IGWHM operator, which is definite by Eq.
(3). The aggregated direct-relation matrix is signified as A, SO

0 Ay .. A
A= (Aijdnxn = ;421 0 Agzn )
Ay Apy oo 0
where A;; = BND — IGWHMPA(A};, A%, ..., AT}
= {¢ef i bt fi b =12, .,m
Step 3: Calculate the deneutrosophication of Bipolar neutrosophic.
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Deneutrosophication is the procedure of attaining crisp humbers from Bipolar neutrosophic numbers. From the
aggregated matrix, A is computed utilizing Eq. (2). Assume 4; as a crisp number matrix, then the crisp matrix, A’
is signified as below:

0 A, .. A,
A = (Ajnxn = 24’21 0 o A?" (6)
A, Ay .. O
Step 4: Normalize the section from direct-relation matrix D, which is originated utilizing Eg. (7).
D= lA', (7
S
whereas
n n
= max| ) Ay e ) 4 ®
j=1 i=1
and the matrix D is stated below:
0 A, .. A,
D = (A} ) = [f‘51 o - AZ] ©
la, 4, .. ol
From Eq. (7) and (8), the element of A;; = T 1A:i11'mfx s ,Where 0 < 4;; < 1.
Step 5: Build the total-relation matrix.
The matrix of total-relation, T is attained by employing Eq. (9), whereas I represents an identity matrix, so
T =D( —D)™* (10)

Step 6: Create the causal diagram.

The sum of ith rows (R;) and jth columns (C]) of the matrix of total-relation T, are calculated utilizing Egs. (10)
and (11), correspondingly. The horizontal axis (Ri +Cj), called Prominence, displays the ranking of every
criterion, while the vertical axis (R; — C;), named Relation, measures the cause-effect of the set. If the value of
(R; — ;) is positive, then the statements state that a factor fits the causal set, and if the value of (R; — ;) is
negative, then it is an effect group.

r

-
Il
Jy

N = [Rilax1 = [Am]nxl(l =12,..,n) (11)

n
lixn = ) [4"lixn( = 1.2, ...,7). (12)
=1

i

Step 7: Build the value of threshold and the network relationship map (NRM).

To describe the important relation amongst norms while holding the intricacy of the complete method at a
managing level, it’s essential to fix a value of threshold t, which performs as a filter on insignificant effected in
the matrix of total-relation. The t is described by taking an average of the element in the matrix T. In the matrix
T, the elements are expected to be O if their values are lesser than ¢, which indicates that their influence is lesser
than those of the other measures. Hence, a novel total-relation matrix can be attained, and a system relationship
mapping can be built.
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D. Parameter Optimizer: STO Algorithm

Finally, the STO method was used to adjust the parameters associated with the classifier method. At first, start by
allocating a randomly generated number to signify the Northeast tiger population [20]. Moreover, randomly define
the specific tiger’s positions in a pre-defined range. In the hunting stage, the individuals with better values of
objective function conclude the recommended prey locations for another individual.

PP = {X;|k € {1,2, .., N} A F < F;} U {Xpese} (13)

Here, N indicates the numerical value. Pick an individual randomly from this group to be the objective for ith
individual’s searches.

xf}Sl = xi‘j + Ti,j . (TPL’] - Il',j . xi,j) (14)
Whereas, x/*** signifies the revised position of ith individual, x}*' denotes the jth dimension. When updating

individual locations, novel places will help to improve the value of objective function.

P1S51 P1S1 :
X_{Xl- ,  FPS1<F, (15)

J X;, else
While an objective function value signifies the value linked with ith individual.
In second step, individual positions are upgraded as per the hunting method:

;i - (ub; — Lb;
X1 =y L2 ( t’ ) (16)

¥ = {XiPl.S'l'FiPl.S‘Z < Fi
i

= 17
X;, else A7)

Here, X752 means the revised position of ith individual, F/*2 signifies the objective function values.

The phase of battling bears is classified into dual stages such as offensive and confrontational. The spatial position
of ith individual is given below:

g+ 1 (o = Ly xig), Fe <F

XP251 = {

Lj (18)

Xpp+ 1 (e = Ljxyg),  else

Here, X/?5" denotes a revised position of ith individual, X/ 7" signifies its jth dimension. If an individual’s fresh
location enhances an amount of the objective function, this new location is studied:

P2S1 P251 ,
xi={Xi < (19)

X;, else
In the combat stage, the neighboring places to the battle locations are defined at random.
T'. .
x5 =+ %(ubj — b)) (20)
Here, j ranges from 1 to m; t envelops arange 1 to T; and I ranges from 1 to N.
Alter the present location depending on the objective function values:

P252  ;P252 _
Xi={Xi , BT < F 1)

X;, else

The STO method obtains a fitness function (FF) to achieve increased classifier performance. It outlines a positive
integer to illustrate the bigger performance of the solutions of the candidate. In this paper, the decline of the
classifier rate of error has been determined as the FF.

fitness(x;) = ClassifierErrorRate(x;)

no of misclassified samples

100 22
Total no of samples : (22)
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4, Performance Validation

During this part, the empirical validation of the BRDD-DBNDSTO model has been validated within the dataset.
The dataset holds 4000 images over four classes as denoted in Table 1.

Table 1: Details of Dataset

Classes No. of Images
Linear Cracks 1000
Peeling 1000
Alligator Cracks 1000
Potholes 1000
Total Images 4000

Fig. 3 shows the classifier results of the BRDD-DBNDSTO algorithm. Figs. 3a-3b demonstrate confusion matrix
with precise identification and classification of all classes above 70%TRAPH and 30%TESPH. Fig. 3c presents
the PR analysis, signifying maximal performance around all class labels. Simultaneously, Fig. 3d represents the
ROC investigation, revealing proficient results with high ROC values for discrete class labels.

Confusion Matrix Confusion Matrix
Actual Training Phase (70%) Predicted Actual Testing Phase (30%) Predicted

(a) (b)
Precision-Recall Curve ROC-Curve
1.0 j 1.0
0.8 - 0.8 -
§ 0.6 - E 0.6 -
E a
E 0.4 & 0.4
H
=
.24 — Linear Cracks 0.2 —— Linear Cracks
—— Peeling —— Peeling
—— Alligator Cracks —— Alligator Cracks
g.0 —— Potholes 0.0 —— Potholes
0.5 0.4 0.5 0.6 6.7 0.8 0.9 1.0 0.0 0.2 0.4 0.6 0.8 10
Recall False Positive Rate
(c) (d)
Figure 3. Classifier outcomes of (a-b) 70%TRAPH and 30%TESPH of confusion matrices, (c) curve of PR and
(d) curve of ROC

Table 2 and Fig. 4 exemplify the classifier results of the BRDD-DBNDSTO system under 70% TRAPH and 30%
TESPH. The results indicate that the BRDD-DBNDSTO algorithm appropriately well-known the samples. With
70%TRAPH, the BRDD-DBNDSTO methodology deals with average accu,, prec,, reca;, Flscores AUCscore
and MCC of 98.86%, 97.71%, 97.71%, 97.71%, 98.48%, and 96.95%, respectively. In the meantime, with
30%TESPH, the BRDD-DBNDSTO model states average accu,, precy, reca;, Flgcore, AUCscore and MCC of
98.92%, 97.85%, 97.82%, 97.83%, 98.55%, and 97.11%, correspondingly.
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Table 2: Classifier outcomes of BRDD-DBNDSTO method under 70%TRAPH and 30%TESPH

Classes | Accu,, | Prec, | Reca,; | Fl e | AUCpre | McC
70% TRAPH

Linear Cracks 98.96 98.32 97.64 97.98 98.53 97.28
Peeling 98.68 97.81 96.82 97.31 98.05 96.44
Alligator Cracks 98.50 96.01 97.96 96.97 98.32 95.99
Potholes 99.29 98.72 98.44 98.58 99.00 98.10
Average 98.86 97.71 97.71 97.71 98.48 96.95
30% TESPH

Linear Cracks 98.75 97.84 96.80 97.32 98.07 96.50
Peeling 99.17 98.70 98.06 98.38 98.80 97.82
Alligator Cracks 98.42 96.52 97.44 96.98 98.10 95.91
Potholes 99.33 98.33 98.99 98.66 99.22 98.22
Average 98.92 97.85 97.82 97.83 98.55 97.11

Average Values (%)

mcc
. Training Phase (70%)

AUC Score

. Testing Phase (30%) F1-Score -
Recall -

Precision

Accuracy |

140 120

80

Figure 4. Average of BRDD-DBNDSTO method under 70%TRAPH and 30%TESPH

The training accu,, (TRAAC) and validation accu,, (VLAAC) performance of the BRDD-DBNDSTO model is
depicted in Fig. 5. The accu,,values are figured through the interval of 0-25 epoch counts. The figure highlighted
the TRAAC and VLAAC values show growing tendencies that indicate the capabilities of the BRDD-DBNDSTO
algorithm with enhanced performance across various iterations. Moreover, the TRAAC and VLAAC stay adjacent
across the epoch counts, which indicates lesser overfitting and demonstrates maximum performance of the BRDD-
DBNDSTO algorithm, assuring consistent prediction on undetected instances.

Training and Validation Accuracy

.98 - -
—=— Training

——— Validation

0.96

0.94

0.92 1

Accuracy

8.90 1

0.88

Epochs

Figure 5. Accu,, Curve of BRDD-DBNDSTO method
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Training and Validation Loss

—=— Training
Validation
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0.254

0.204

0.154

0.10 4

Epochs

Figure 6. Loss curve of BRDD-DBNDSTO method

In Fig. 6, the TRA loss (TRALS) and VLA loss (VLALS) graphs of the BRDD-DBNDSTO technique are shown.
The loss values are calculated for 0-25 epochs. It is showcased that the TRALS and VLALS values establish
subsiding tendencies, disclosing the proficiency of the BRDD-DBNDSTO method in balancing a trade-off
between data fitting and generality. The repeated fall in loss values pledges the advanced functioning of the
BRDD-DBNDSTO model and tuning the prediction results gradually.

Table 3 and Fig. 7 examine the comparison results of the BRDD-DBNDSTO method using recent models [21].
The study featured that the RetinaNet, MobileNet, AlexNet, GoogleNet, and RDD-HGSENN methods have stated
worse performance. Although, OFWNN-RDD algorithm has got closer results. Additionally, the BRDD-
DBNDSTO technique stated superior performance with greatest accu,, prec,, reca;, and Flg.,. of 98.92%,
97.85%, 97.82%, and 97.83% correspondingly.

Table 3: Comparative analysis of BRDD-DBNDSTO model with recent models

Methods Accu,, Prec, Reca; Flgore
BRDD-DBNDSTO 98.92 97.85 97.82 97.83
OFWNN-RDD 98.64 97.23 97.22 97.20
RDD-HGSENN 98.09 96.32 96.41 96.36
AlexNet Model 92.91 93.59 93.91 93.01
GoogleNet Method 91.53 92.31 91.39 91.47
RetinaNet Algorithm 90.76 89.52 89.85 90.23
MobileNet Classifier 90.09 90.93 89.03 89.21
I-IBRIIJD-I;)BNIDSTIO i ﬁ doodleuét Method |
[ OFWNN-RDD I RetinaNet Algorithm |
== RDD-HGSENN =3 MobileNet Classifier -|
[ AlexNet Model i
100
98

Values (%)
&

1 IFE N I

Accuracy Precision Recall Fl-Score

Figure 7. Comparative analysis of BRDD-DBNDSTO model with recent methods
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5. Conclusion

In this article, we have introduced a new BRDD-DBNDSTO algorithm. The proposed BRDD-DBNDSTO method
is mainly intended to enhance the accuracy and reliability of road damage classification for intelligent smart city
infrastructure. To accomplish this, the BRDD-DBNDSTO technique employs ABF using image preprocessing to
effectively enhance image quality by reducing noise. Then, the SqueezeNet method was used to create a collection
of feature vectors. For the classification and detection of road damage, the DEMATEL with BND model is
exploited. Eventually, the STO model can be used to adjust the parameters associated with the classifier method.
To guarantee the improved performance of the BRDD-DBNDSTO method, an extensive experimental study was
carried out and the gained outcomes illustrate the improvement of the BRDD-DBNDSTO model across the existing
techniques.
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