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Abstract—In the manufacturing sector, surface defect
detection is a vital technique for the integrity of goods. The
contemporary manufacturing sector demands great
examination accuracy; conventional manual visual
inspection cannot match these standards. Moreover, to
satisfy the demands of strict quality assurance criteria,
excellent quality input images from excellent quality industry
cameras are required. Therefore, it is crucial to create an
accurate object sensor that can take in excellent-quality
information and infer it in real time. The primary aim of this
work is to distinguish identical goods, continuous motion, and
poor excellence. Optimized You Only Look Once (OYOLO),
YOLOv3 anchor box size is optimized using Dove Swarm
Optimization (DSO). The proposed framework included an
improved anchor box size, a multiple-scale sensing design,
and a compact backbone built on a sparsely linked neural
network. The Next Zero-Shot challenge in surface defect
detection utilizes the Optimized You Only Look Once Zero-
Shot with Class Knowledge Graph (OYZS-CKG). OYZS-
CKG will establish a category knowledge graph and
determine the connection between novel defect classes and
base. Afterward, a Semi-supervised Fuzzy Graph
Convolutional Network (SSFGCN) is introduced to extract
features of classes. Extensive tests are conducted to illustrate
the effectiveness of the suggested strategy on two datasets:
NEU-CLS and Xsteel Surface Defect (X-SSD). The
performance evaluation metrics are precision, recall, F1-
score, and accuracy to assess its impact appropriately. The
proposed approach achieved the highest accuracy compared
with other state-of-the-art approaches: SGCN, Graph
Convolutional Network Zero-shot (GCNZ), and Zero-Shot
with Class Knowledge Graph (ZS-CKG).

Keywords—surface defect recognition, accurate object
detector, Optimized You Only Look Once (OYOLO), Dove
Swarm Optimization (DSO), Semi-supervised Fuzzy Graph
Convolutional Network (SSFGCN), zero-shot problem Class
Knowledge Graph (CKG) construction

. INTRODUCTION

Steel strip manufacturing and assembly result in various
surface flaws, including damage, scars, and seams. These
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flaws are created by several sources, each of which reflects
various manufacturing issues—the issue of line breaks by
categorizing the problems that were examined and
developed. For a while, a popular area of study was
exploring ways to obtain a collection of improved
depictions of features and make a suitable classification for
surface defects [1, 2]. Accurately classifying steel strip
imperfections is challenging due to several features,
including scattered distribution, non-defective
interferences, variety and massive modifications, and rapid
manufacturing lines. Further, surface flaws resulting from
various production lines typically possess distinct features.
In addition to having strong classification capabilities, the
steel strip interface defect classification models meet
actual time requirements. Steel strip surface defects are
categorized based on several features: form, edges, and
spatial interaction. It is challenging for conventional
techniques to obtain and utilize these properties efficiently.

Scholars invented several methods to identify defects in
metallic surfaces [3, 4]. The first is the conventional
approach, which uses statistical data and image features.
To get the detection outcomes, scholars must manually
develop a few image features and then perform statistical
evaluation on these features. Some techniques employed
include Sobel, Canny, Local Binary Pattern (LBP), and
Wavelet transform [5]. To determine the quickest
combination technique with acceptable accuracy for
classification, a variety of feature extraction techniques
Scale-Invariant Feature Transform (SIFT), Local Binary
Pattern (LBP), and Speeded-Up Robust Features (SURF))
and classifiers Backpropagation (BP), Neural Network
(NN), Extreme Learning Machine (ELM), and Support
Vector Machine (SVM)). The Machine Learning (ML)
approach typically begins with extracting certain visual
traits, which are subsequently processed by a learning
technique to identify surface defects.

SVM, Adaboost, and Artificial Neural Network
(ANN) [6] are a few methods that are often utilized. A
growing number of scholars have replaced conventional
and machine learning approaches with Deep Learning (DL)
approaches for surface defect identification in the past
decade due to the importance of DL-based computer vision

1355


mailto:samyuktha.ss2015@vit.ac.in
mailto:msubaji@vit.ac.in

Journal of Advances in Information Technology, Vol. 15, No. 12, 2024

techniques [7]. DL-based automatic defect detection
techniques may achieve complete surface flaw detection
and significantly increase the quality of goods and factory
productivity. Additionally, this technique can gather the
image’s robust and deep features, obtain the necessary
outcomes, and effectively and accurately complete the
defect detection function. Currently, Autoencoder,
Generative  Adversarial  Network  (GAN), and
Convolutional Neural Network (CNN) are the primary DL
methods and it has been utilized in defect detection.

The advancements in ML and computer vision resulted
in the proposal of numerous methods, each with unique
advantages and disadvantages. Conventional and ML
techniques are typically quickly impacted by defect scale
and noise. Moreover, the accuracy of this method needs to
be improved to achieve automatic defect detection. DL-
based classification approach is limited to classifying
images; it cannot identify the accurate location and extent
of defects. Training an enduring simulation utilizing a
graph Convolutional Neural Network (GCNN) and YOLO
is highly challenging. To accomplish the automatic
identification and localization of surface defects in steel
plates, enhance the technique’s accuracy and stability, and
shorten its average execution time. Fuzzy Logic enables us
to capture complex relationships between input features
and determine corresponding outputs flexibly and
adaptively.

This paper introduces the Optimized You Only Look
Once Zero-Shot with Class Knowledge Graph (OYZS-
CKG) model to recognize defects by introducing a Zero-
Shot problem involving the class encoder, image encoder,
and classifier module. An improved YOLOv3 network is
proposed for identifying and locating objects at steel
surface imperfections under different environmental
conditions. The DSO method is introduced on the surface
detection dataset to determine anchor boxes’ ideal size and
quantity.

This work is structured as follows: Section Il provides
the conventional Machine Learning (ML) and DL
algorithms for classifying recent works. Section |IlI
provides additional information on the proposed
approaches. Section 1V discusses the proposed technique
evaluated on two datasets, and Section V subsequently
concludes.

Il. RELATED WORK

An increasing amount of research has looked into the
application of ML and DL for surface defect recognition.
Defect-Aux-Net, described by Sampath et al. [8], depends
on multitask training with attention processes that use the
rich supplementary data from associated operations to
improve the accuracy and resilience of CNN-based surface
defect recognition. The proposed approach may achieve
0.762 as the mean average precision, 0.926 as the Dice
score, and 97.1% as the precision on defect classification,
segmentation, and recognition tasks while considerably
outperforming modern approaches. Still, the last visual
inspection phase is mostly an operator-performed manual
procedure, which is complicated in automation.

Cheon et al. [9] proposed a single CNN framework,
without feature extraction methods, that may identify
advantageous traits for error classification. Also, by
contrasting the CNN properties of the unrecognized
classes with trained categories, the proposed approach
recognizes defect classes that were missed during training.
According to studies conducted with real datasets, the
proposed ADC approach attained high defect classification
accuracy. However, classification accuracy could be
improved.

Tsai et al. [10] used two CycleGAN systems that
dynamically identify and label pixel image defects. The
input-output pairs utilized to instruct the U-Net semantic
network are the generated defect images and the
accompanying annotated outputs from the CycleGAN
networks. For application in production, it is highly
computerized and practically applicable. The findings
demonstrate the excellent detection accuracy of the
suggested DL strategy and its applicability for identifying
defects in a range of textured and structured surfaces.
These features require lengthy stages of creation since they
are unreliable and appropriate for various work.

Guo et al. [11] proposed an improved object detector
termed YOLOV4-CSP that incorporates an attention
technique and asymmetric processing. The accuracy in
detecting sliver defects is improved by the addition of
asymmetric  convergence, which improves feature
extraction in the horizontal axis of the bamboo strip
interface. The proposed approach performs exceptionally
well in the hard-to-detect classification and remarkably
well in the broader sectors. There are either extremely few
defective samples overall or a decreasing amount due to
ongoing improvements in manufacturing techniques.

Inference: The primary limitation of these techniques is
that the simulation requires a substantial volume of
annotated data, which results in highly coarse defect
localization in real-time scenarios. Secondly, most
classification tasks identify the defects with the most
excellent assurance level within the defect type, leading to
inaccurate classification findings. There are numerous
kinds of surface defects in steel, and specific defects might
intersect. Although defects in steel manufacture are
initially tiny probability events, gathering reliable datasets
for training ML approaches in the real manufacturing
setting is incredibly challenging.

Wang et al. [12] introduced Graph Convolutional
Network (GCN) that predicts the classifiers utilizing both
the classification links and the semantic embeddings. The
method accepts input semantic embeddings for every node
given a trained KG. Make predictions about the visual
classifier for every group following a sequence of graph
convolutions. During training, visual classifiers for
specific groups are provided to help scholars learn the
GCNZ. These filters are employed to forecast the visual
classifiers of unseen classes during testing. According to
the findings, the suggested method is resilient against
noise in the KG.

Kampffmeyer et al. [13] proposed a Dvali, Gabadadze
and Porrati (DGP) component that accurately designs
direct connections between far-off nodes. DGP enables us

1356



Journal of Advances in Informati

to use the knowledge graph hierarchy graph architecture
by adding more connections. These links are added
according to a node’s link to its predecessors and
descendants. To enhance information transmission in the
graph, a weighting system weights its contribution based
on the distance to the node. It is utilizing SGCN model
representation fine-tuning beats new-edge zero-shot
learning techniques.

Li et al. [14] proposed a ZS-CKG approach to the zero-
shot issue in surface defect detection in the real world. The
CKGC is suggested for building a class knowledge graph
using the suggested ZS-CKG approach to determine the
connection between the base and novel defect classes.
Then, a GCNN was used to learn class features. Because
industrial defects come in various shapes and sizes, the ZS-
CKG employs a transformer encoder that captures long-
range dependencies to extract features from defect samples
and provide discriminative defect image features. It is not
suitable for larger datasets, and it is time-consuming.

In this work, Optimized You Only Look Once
(OYOLO) is ideal for low-resolution images, continuous
motion, and distinguishing identical things. YOLOv3
framework, anchor box size is optimized using the Dove
Swarm Optimization (DSO), which is illustrated in Fig. 1.
The proposed model included an improved anchor box
size, a broad detection design, and a lightweight backbone
built on a densely linked neural network. The Zero-Shot
issue of surface defect detection is addressed by utilizing
the OYZS-CKG approach. The OYZS-CKG approach is
proposed to establish and determine the connection
between novel fault classes and base. Then, a Semi-
supervised Fuzzy Graph Convolutional Network
(SSFGCN) classifier is introduced to acquire class
features. The architecture diagram of OYZS-CKG surface
defect recognition method is shown in Fig. 1.

PROPOSED METHODOLOGY

A. Dataset Description

Two benchmark datasets, NEU-CLS and X-SDD, have
been introduced for surface defect detection.
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2) Xsteel Surface Defect Dataset (X-SDD)

The hot rolled steel strip field provided the dataset of
surface flaws of hot rolled steel strip [16]. Each defect
image has a dimension of 128x128 pixels. It is stored in
the 3-channel JPG form, as shown in Fig. 3. Images with
seven different types like 397 red iron sheets, 238 slag
inclusions, 122 iron sheet ash, 203 finishing roll printing,
134 surface scratches, the temperature mechanism’s 203
oxide scale, and the plate system’s 63 oxide scale are

(b)

Fig. 2. Example of NSE-CLS Dataset,

on Technology, Vol. 15, No. 12, 2024

1) NEU-CLS dataset

CG-Net and specific advanced algorithms were tested
during the experiments, primarily utilizing the NEU-CLS
dataset [15]. There are a total of six various kinds of
defects like Inclusion (In), Crazing (Cr), Pitted Surface
(Ps), Scratch (Sc), Patch (Pa), and Rolled-in scale (Rs) in
the NEU-CLS dataset. As observed in Fig. 2, there are 300
images for each defect type, each with a resolution of
200>200 pixels. There are 1800 grayscale images
altogether. 1620 samples were utilized for training, and
180 samples were employed to evaluate out of the NEU-
CLS dataset, which was divided in an 80%:20% ratio
between training and test sets.

NEU-CLS and Xsteel surface dataset
|

Training Set Testing Set
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I
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Fig. 1. Architecture diagram of OYZS-CKG Surface defect recognition
method.

@
(a) In, (b) Cr, (c) Pa, (d) PS, (e) RS, (f) Sc.

included in the dataset. Divide the dataset 80.00% into
training sets and 20.00% into test sets.

B. OYZS-CKG Model for Surface Defect Detection

The proposed OYZS-CKG model includes the class
encoder, image encoder, and classifier. Fig. 4 depicts the
OYZS-CKG architecture. The image encoder function
initially encodes an input image as an image feature.
Secondly, the class encoder function encodes classes as the
class features. The classification function receives the
image feature and class value to attain the image label. As
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illustrated in Fig. 4, the two stages of the OYZS-CKG
structure are the training and testing stages.

Fig. 3. Samples of seven kinds of typical surface on X-SDD, (a) Inclusion,
(b) Red iron sheet, (c) Iron sheet ash, (d) Scratches, (¢) Oxide scale of
plate system, (f) Finishing roll printing, (g) Oxide scale of temperature
system.

The class encoder module creates a CKG to determine
the connection between the base and new defect classes.

As aresult, based on the classes of the input images in both
the training and testing stages, the class encoder module
estimates the class features of the associated classes in both
phases. The image encoder module, which comprises the
transformer encoder and image processing modules, is
responsible for extracting the image’s features. Word
embedding, GCN encoder element, and CKG generation
are all included in the class encoder module. The CKGC
constructs the defect classes into a CKG, starts node
features utilizing word embedding, and employs the GCN
encoder function to learn the features of each node. The
classifier module estimates the class information using the
score it receives by multiplying the input image features
by the class features.

1) Image encoder module

Fig. 4 shows that the image encoder module is
composed of the transformer encoder module and the
image processing module. The transformer encoder needs
the image processed into a particular input form, which is
handled by the image processing module. Throughout the
training and testing phases, there is no sample among the
input image classes. To extract features, the transformer
encoder transmits the previously analyzed image.

(
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Fig. 4. Proposed OYZS-CKG model.

The image processing module divides the image into N
fixed-size series patches, and a linear block embeds the
input patches into a 1D latent variable. Subsequently,
every patch embedding and the specific token have
position embeddings, and all patch embeddings have
specific tokens added to the front. Thus, the image

processing function processes the image to the input
format the transformer encoder needs. An input image x €

. P . . i 2
R7*WXC jg divided into N fixed-size areas x}p € R™"*C,

here (H,W,C) is the length, width, and initial image

w .
=H X—is

7pz 15 the number of patches that

channels, N
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resulted, i € {1,...,N}, and (JP,JP) is the length and
width of every image patch. These patches are next
converted via a linear block to a latent vector that is one
dimension in size. Thus, an input image x € R¥*>*W*C ig
embedded to le; € R¥*P utilizing the image processing
element, which has the formal description Eq. (1).

ley = [le,plb;xzz,plb; xé,vplb] (1)

plb € REP*OXD s an element of the linear block of
embedding, and D is a D-dimensional constant latent
vector size. Next, [class] token (led = X;jq5s € RP) is
added to ley is a learnable embedding, and the patch
embeddings are supplemented by position embeddings,
and the procedure is represented by Eq. (2) and allows leJ
to remember positional data that is typical learnable 1D
position embeddings Eq. (2),

leg = [Xciasss le'o] + plbpos 2

where Epos is the [class] token position embeddings and
patch embeddings. Thus, an input image x € R¥**W*C jg
signified as legover the image processing framework.

2) Obiject detection using YOLOvV3

YOLO is employed by dividing an image into a S X S
grid of cells. Every cell becomes in charge of generating a
quantity of bounding boxes that can contain objects and
predicting P(object), the probability that an object is
present in the image. There is a confidence score for every
anticipated  bounding  box, with  confidence
being P(Object) X IOU(pred, truth) . The variation
among the predicted and ground truth bounding box is
measured utilizing Intersection Over Union (IOU). While
the boxes with a low IOU convergence with the ground
truth are assigned a low confidence score, the anticipated
boundaries nearest to the ground truth are retained and
have their confidence scores raised. The network predicts
five values for each bounding box. The bounding box’s
centroid in two directions is (x,y), and its width and
height are (w,h) The conditional probability,
P(Class|Object), is the following forecast. It computes the
likelihood that a given class will be inside one of the
bounding boxes. The ultimate estimates are shown by
numerous bounding boxes strewn around the image.
YOLO eliminates unnecessary and redundant bounding
boxes by applying Non-Maximum Suppression (NMS) to
limit the detections. Afterward, the network displays only
the essential forecasts in the image. YOLO core is a neural
network architecture termed Darknet, which was
developed by Joseph Redmon and is written in C utilizing
Nvidia’s Compute Unified Device Architecture (CUDA).
Its benefits include being swift, thin, and simple to use.

YOLOV3 employs Darknet-53 rather than Darknet-19,
in contrast to its predecessor. With 53 convolutional layers
learned on ImageNet, Darknet-53 is significantly more
sophisticated than its predecessors. Additionally, it is
speedier because the Graphical Processing Unit (GPU) is
utilized more effectively. Darknet-53 was shown to
operate 1.5 times quicker than ResNet-101 and twice as

rapidly as ResNet-152 while maintaining the same
efficiency.

Dove Swarm Optimization (DSO): It’s common
knowledge that doves look for crumbs in plazas when there
are crumbs to graze. Certain doves are content, but not all
of them. Disappointed doves can be seen flying forward to
locations in search of more crumbs. Doves are capable of
cleaning up the spots with the majority of crumbs. Some
have proposed a fresh optimum method inspired by the
foraging behavior of doves. Here, f(DP) is the
optimization objective function. Every data pattern DP is
measured at a location with crumbs; the size of crumbs at
these locations DP has f (E) crumbs. The area with the
highest number of crumbs is the optimal solution.

Step 1: After choosing, distribute the doves throughout
the solution area. Initialize sets of YOLOv3 parameters
within their ranges as dove positions. consider N the
predetermined quantity of doves.

Step 2: Select the number of epochs., e = 0 and set the
degree of satiety, s§ for doved, d = 1,...,N. There are
two methods for initializing the position vector DPy C
R™ of the dove dl.

Let [y, uq], ..., [lpr, upc] be the tiny hyper-rectangle for
the range of parameters, that is, the set of all possible
values for the variables, and let [, and u, stand for the
lower and upper bounds, respectively, for each a-
dimension in the resulting space. Squeezing the n-
dimensional hyper-rectangle into a 2D plane allows the 2D
net to cover the solution space efficiently. This is the
fundamental notion behind the proposed initialization
approach. Employ the indices i and j to identify the
rectangle cells numbered 1 through A % B. The following
are the specific steps:

Step 2-1. Setting up the four corners’ cells: The weight
vectors of the 4 corners’ neurons are set to Eq. (3),

%,1 = (lll l2t R lM)T
ﬂJA,B = (u1; u2' Ty uM)T
T
%,B = (lll l21"-1l[M/2J; u[M/2]+1!---,uM) (3)

ul%]' ll%]“' s lM)T

Step 2-2. Setting up the cells along the four edges: The
values of the cells on the four edges are initialized by (4),

D_PA,I = (ul; uz,...,

DPyp—DPy;y .
DPy ; 70_1)4‘%,1
]—1
=5_ 1%3
B—j ,
+ 2 DP, for
=2,.,B—1 (4)
DP,gz — D
Ulap — Ylpa .
DP,; = AL =8 (1) + DR,
j—1
=B—1%B
B—j )
+m%,1f01‘]=2,...3—1
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DP, ; = 11 —({i—1)+DP;,
i—1
= A '1%,A
A—1i
+A 1%4]“07‘]
=2,.,A-1
DP, B
DPp ==—="——(j—1)+DPg
B-1
i—1
zé 1%,14
+g—7DPupfori
=2,.,A-1

Step 2-3. Setting up the remainder cells: The four
neurons on the network’s corners have their weight vectors
generated. Calculate the winner numbers of each neuron
and the variance in result to assess the training outcome.
Eq. (5) represents the learning rate’s decline rate from its
original value of 0.1.

t
n@m) =no X (1 — tT) = 0.1><<1m> (5)

t is the iterative number, and 7, is the initial learning rate.
Step 3: Calculate the all-over fitness function
f (DP]-“’),j = 1,...,N as many crumbs as possible in the
dt"dove’s location at period
Step 4: Detect the dove closest to the maximum number
of crumbs considering the epoch’s max criteria e as Eq. (6),

d¢ = argmax{f (DPf)}, for j

=1,..N ©

Step 5: Utilizing the following formula, update the
degree of satisfaction for every dove as Eq. (7),

e(f(DPj)—f (DPdf)>
=1,...,N

e _ Se—l

,forj @)
Step 6: The highest degree of satisfaction among the

doves d¢, is selected depending on the maximal criterion
as follows Eq. (8),

d¢ = arglmsjasﬁ{sje},forj =1,...,N (®)

The dove, ds, chosen by Eq. (8) is the one that exhibits

the best foraging behavior. It is deserving of being
emulated by other doves within the flock.

Step 7: Utilizing the subsequent maximum criterion,
modify the location vector of each dove Eq. (9),

DPf*' = DPf +nf (DP§, — DPY) )

Here B/ is calculated as follows: Eqgs. (10-11),

S¢ —S¢ ||loP? — DP; ||

e _[bs T s

Bi = ( Sgs )(1 maxDlstance) (10
max distance : 11'2]_215)1(\,”DP]' — DP|| (11)

The parameter, 7 is the pace at which the dove position
vector is updated accordingly. The following step provides
Egs. (9)—(11).

Step 8: Proceed to step 3 and keep adding epochs (e =

e + 1) if the terminate condition is satisfied. Eq. (12) is
the termination condition,

|f<ﬂi -T(e)| < & < the set max epoch

(12)

Ny image samples, N doves, and e epochs. Egs. (6—8) can
be changed to Egs. (9) and (10). Accordingly, if the
optimization is the minimal criterion that indicates it’s the
ideal way to discover the minimal (DPf’) as Eqgs. (13) and

(14),

ds = argmin{f(DPje)},forj =1,...,N (13)

S7

ASFN 4 e<f(DPj)_f(DPdf))' iff (Dpdf) >0 (14)

ASFT + 1, if f (DPa,) # 0

=1,...,N

The updating rules are explained in Egs. (6)—(8) in the
following way,

1) A person attempts to emulate the behavior of the ideal
person in the flock after seeing how successful that
person. In order to get more food, doves will gravitate
to the bird that is satisfied. By altering the position
vector, DP? to more closely resembles the dove

position vector with its greatest degree of satiety, %S.
(ie.,ﬂJjeJr1 = DPf + nﬁje(%s - %e)), this social
learning is reproduced.

2) Adove is more likely to turn conservative and hesitant
to alter its current foraging strategy while it is at a
higher level of fullness. Conversely, a dove that is less
sated might become more motivated to alter its current
foraging strategy and more inclined to mimic the
actions of the most successful bird. By adjusting in
accordance with the significance of the first term on
the right-hand side of Eq. (3), this social impact is

: o (7SI
replicated, ( i.e.,(——] | .
Sf.

3) Social influence is essentially inversely related to the
distance between each dove and the best dove in the
flock since it progressively deteriorates as it expands.
By setting the adjustment value proportionate to the
significance of the third term on the right-hand side of
Eq. (3), this type of social impact is replicated

<. (1- looes, ||>>
i.e, [1— .
maxDistance

3) Transformer encoder

Transformer blocks are arranged in L layers within the
transformer encoder system. The transformer block
consists of the skip connection block, MLP block,
multihead self-attention (MSA) block, and normalization
(Norm). Prior to MSA and MLP blocks, normalization is
employed; connections are skipped following MSA and
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MLP blocks. Fig. 4, le, is presently employed to denote an
input image x € R™*WXC that is supplied into the
transformer encoder element. Firstly, utilizing Norm,
MSA, and skip connection blocks, le, is denoted as le’,
and the method is given by Eq. (15). There, le'; denotes the
1" layer of the transformer block. Secondly, employing
MLP, Norm, and skip connection blocks to denote le;, the
procedure may be expressed as Eq. (16). In order to denote
the image feature, le, is ultimately incorporated le; over
the transformer encoder, and [class] token le) is assigned
as x' utilizing the Norm block; this procedure may be
summed up as Eq. (17).

The transformer encoder module’s operation is stated as
follows,

le, = MSA(Norm(lel_ 1)) +le;_ 4,V

15

= 1’...’tb ( )

le;, = MLP (Norm(lel)) +le;, VI (16)
=1,-,th

x' = Norm(lep,) (17)

where tb is the number of transformer blocks. The

transformer encoder phase and the image processing phase
extract the input image x € R**W*Cas a 1D vector x’ €
R?.

4) Class encoder module

From Fig. 4, the class encoder system includes the word
embedding, SSFGCN encoder system, and CKGC. The
defect CKG is generated utilizing the surface defect class
data provided by the CKGC function. The nodes in the
generated CKG have their features prepared by the word
embedding function. Every node visual representation
may be acquired when node properties and the defect CKG
are supplied into the SSFGCN encoder module.

5) Class Knowledge Graph (CKG) construction

This module creates the defect CKG by requesting the
nodes in a current knowledge graph associated with the
defect class. The CKG establishes the connection between
the base and novel defect classes. Fig. 4 provides an
example of how a CKG is constructed. The OYZS-CKG
will generate a CKG by utilizing the WordNet knowledge
graph.

6) Word embedding

The CKG node parameters are to be initialized in this
part. Every node in the CKG has its feature generated
utilizing word embeddings that were pre-trained on
extensive language datasets. Pre-trained on Wikipedia
2014 and Gigaword 5, GloVe is employed by the ZS-CKG
to map every class into a 300-D vector form. An
unsupervised learning system called GloVe generates
vector illustrations for words. After training on
consolidated global word-word combination statistics
from a corpus, intriguing linear components of the word
vector space are displayed in the final visualizations.

7) Semi-supervised Fuzzy Graph Convolutional
Network (SSFGCN) encoder

The SSFGCN encoder receives the class knowledge
graph and node initialization features as inputs to extract
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node features. It is composed of an activation function
block and a graph convolutional block. Let X =
(xq, %3, ., Xp) € R™P be the collection of n image
vectors in p dimension. Consider G (X, A) indicate X as a
graph, and let A € R™" symbolize the pairwise
relationship between each image in X. One input layer,
multiple hidden propagation levels, and one final
Perceptron layer constitute a GCN. GCN performs the
following layer-wise propagation in hidden layers given an
input X(0) = X and graph A [17]. SSFGCN may learn an
adaptive graph representation for GCN learning because it
simultaneously incorporates graph learning and
convolution in a single network structure. Fig. 5 illustrates
that GCN consists of a single graph learning layer, many
convolution layers, and a final perceptron layer. Fig. 5
depicts the suggested graph learning network’s complete
layout.

X,

X, Sl

r
| ol

Fig. 5. Architecture of the proposed SSFGCN encoder.

S:

Determine a nonnegative function S;; = g(x;, x;) that
denotes the pairwise connection among images x; and x;
givenaninput X = (xq, x5, ..., %,) € R™P.Useasingle-
layer neural network specified by a weight vector a
(al,az,...,ap)T € RP*! to g(x;,x;). Learn a graph S
explicitly as follows Eq. (18),

Sy = g(xix7)
exp (ReLU(aT|xl- - ij)
_1exp (ReLU(aT|xi - x]-|))

where ReLU( *) max(0, -) is an activation function
that ensures that S;; is nonnegativity. The purpose of the
preceding SoftMax operation on every row of S is to
ensure that the learned graph S may fulfil the subsequent
feature Eq. (19),

n
ZSU = 1)Sij 2 0
j=1

Reduce the following loss function to maximize the
ideal weight vector Eq. (20),

(18)

(19)

n
L= Y llw = x5y + viIsiz (20)

ij=1

This means that a smaller value S;; is encouraged by a
bigger distance || x; - x; Il among image points x; and ;.
Given the S simplex feature, the second term regulates the
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learned graph S sparsity. It is suggested that graph learning
be done in a low-dimensional domain. P € RP*%, d <p is
the projection matrix utilized to parameterize the
implementation of a single-layer low-dimensional
embedding network. Specifically, the following outlines
how final graph learning is explained as Eqs. (21) and (22),

fi=xiP,i=1,....,n (21)

A;j exp (ReLU(aTP?i % D)
T iy exp (ReL (15~ 5)

S =9(%,%) = (22)
where the first graph is indicated by A. 4;;= 1 can be set

in the previous update rule if it is unavailable. The loss
function turns into Eq. (23),

n
Lo = ) 1% = Bl + viIsiz @3)

ij=1

It is possible to consider the optimal S;; as the
possibility that image x; is linked to x; as a nearby node, a
required probability property of the suggested learning
network S. Any graph CNN can integrate the universal
suggested graph learning structure. One graph learning
layer, many graph convolution layers, and a final
Perceptron layer compose the SSFGCN, as observed in
Fig. 5. The goal of the graph learning layer is to give graph
convolutional layers the best possible adaptive graph
representation S. In this case, the adaptive neighbor graph
S that the graph learning layer returns is utilized to execute
the layer-wise propagation rule in the convolutional layers
Eq. (24),

R
X)) = (DS 25D, ZX(")W(")) (24)
where k = 0,..,K — 1. Dy, = diag(dy,d,, ..., d,) isa
diagonal matrix. W € R%*%+1 js a layer-specific
trainable weight matrix per convolution layer. X%V ¢
R™*4k+1 signifies activations output in the k” layer. is a

signifies activations output in the k. Eq. (24) can be
rewritten as follows: Eq. (25),

X0 = g(sxOw ) (25)

Configure the final perceptron layer outlined below for
a semi-supervised classification Eq. (26),

Z = softmax(SX©Ow &) (26)

where W% € R%**¢ and ¢ signify the number of classes.
The label prediction of the SSFGCN network is indicated
by the final output Z € R™¢, where the label prediction
for the i node is indicated by each row Z;. Through
cooperative training of all network parameters © =
{(P,a,w®, W}  the following loss function is
minimizing Eq. (27),

Lsemi-ssreen = Lsemi-sseen + ALgL (27)

where L;; and Lgemi_sseen are explained in Eq. (23) and
(28), individually. A tradeoff parameter is defined as 1 > 0.

It is observed that when A = 0, the optimal graph S is
similarly feasible in SSFGCN and is learned exclusively
from the labeled image.

GCN describes the final perceptron layer for semi-
supervised classification [18] by Eq. (28),

Z = softmax (D2AD2X ®W®) (28)

here, W &) € R4 and ¢ signify the number of classes.
The label prediction for every image X is indicated by the
final output Z € R™*€, where the label prediction for the
i" node is indicated by each row Z;. The fuzzy membership
function [19], which measures the degree of resemblance
between the image value at that place and the ideal image
value, is limited to be from 0 to 1. Three parameters {a, b,
c} specify the triangular fuzzy membership function
Heriangte (X, @, b, €) to each image x as Eq. (29),

0,x<a
X—a
h—a ,a<x<bh
utriangle(x: a,b,c)= c—Xx (29)
,b<x<c

c—
L 0,c<x

The following is how the fuzzy membership function is
used to train the optimal weight matrices
WO, WD, w1 it minimizes the cross-entropy
loss function as Eq. (30),

c
Lsemi-sscen = — Z Z Y anij

€L j=1

(30)

where L is denoted as the labeled node set.

8) Classifier module using GCN

The classifier system multiplied the class feature
provided by the class encoder module by the image feature
gathered from the image encoder module. To obtain the
label of the input image, argmax the score. The transformer
encoder module extracts batch images as image features
x' € R"™P, whereby n is the number of batch images.
Additionally, the class encoder module extracts classes as
class features p € R*™?, while t is the number of classes.
Two linear blocks are employed to translate the class
features and image features to the same scale C. To
calculate the score le € R™ ¢ of every image that belongs
to a class, the classifier function sums the image features
and the class features utilizing a linear transformation.
Graph neural networks that function with rich relational
graph data between patches are called Graph
Convolutional Networks (GCN). Label information may
migrate from labeled to unlabeled nodes through the GCN,
which distributes label and feature data among connected
nodes. GCN has recently shown impressive results on
knowledge graphs and attracted increased attention in
knowledge graphs. GCN is employed by the knowledge
graph-based Zero-Shot recognition to encode categories as
matrices effectively. This study encodes the surface defect
class knowledge graph utilizing GCN.
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IV. RESULTS AND DISCUSSION

A single NVIDIA RTX2080S GPU, 16GB of RAM,
Intel Core 17-9700 CPU, Windows 10 OS, and the YOLO
technology are all included in the test environment. The
simulation involves adjusting the image size to 224x224
pixels, employing the Adam optimization technique to
improve the framework, setting the learning rate to 0.0001,
and training the model over 100 epochs utilizing a mini-
batch of 10. In this case, 30.00% of the data from X-SDD
and NEU-CLS should be considered the test set and
70.00% of the data from X-SDD as the train set. As a
result, there are 952 images in the train set and 408 in the
test set. The study chooses precision, recall, F1-Score, and
accuracy to contrast the algorithm to assess its impact
appropriately. True Positive (TP) denotes a properly
determined positive instance; True Negative (TN) denotes
a precisely discovered negative case; False Positive (FP)
denotes a misidentified negative case; and False Negative
(FN) denotes a mistakenly discovered positive instance for
a misidentified negative sample.

Eq. (31) displays the percentage of actual positive
samples amongst those determined as positive samples,
and it defines precision.

TP
TP + FP

Eq. (32) defines recall and shows the percentage of
positive instances in the sample that are properly
recognized.

(€2))

Precision =

Recall = —1F
ecat = Tp T FN

It is inadequate to evaluate the model accuracy only on
recall or precision. As a result, the F1—-Score was created
to take recall and precision into account simultaneously.
Eq. (33), defines the F1-Score:

(32)

Precision Recall

F1—Score = 2 X (33)

Precision + Recall

Typically, accuracy is employed to assess an algorithm’s
global accuracy, which can’t include too much data or

provide a complete assessment of the model’s
effectiveness. Eq. (34) provides the explanation,
TP +TN
Accuracy = (34)

TP + TN + FP + FN

The OYZS-CKG accuracy, recall, precision, and f-
measure for NEU-CLS and X-SDD are displayed in
Figs. 6-9. Three randomly selected classes out of the six
classes in the dataset are utilized to test and train the model
of the suggested OYZS-CKG system, while the rest of the
classes are left for analysis. As seen in Table I, a random
split produces 3 datasets for assessing the suggested
approach.

Fig. 6 shows the precision comparison of surface defect
detection methods among two datasets. The precision
result achieved by the proposed system is 75.70%, 58.23%,
and 59.27% for Split 1, Split 2, and Split 3 in NEU-CLS
dataset. The result achieved by the proposed system is
83.55% and 85.46% for Split 1 and Split 2 in X-SDD

dataset. Other methods like SGCN, GCNZ, and ZS-CKG
have lesser results of 16.19%, 22.19%, and 57.25% for
NEU-Splitl. SGCN, GCNZ, and ZS-CKG have lesser
results of 60.22%, 67.21%, and 75.48% for X-SDD-Splitl.
However, the presented empirical findings lead to the
conclusion that the OYZS-CKG utilizes the advantages of
the rapid intersecting across the GCN, making it a superior
option for the prompt identification of surface defects.

Fig. 7, this graph clarifies the recall comparison of
methods with 2 datasets. Recall results achieved by the
proposed system are 76.24%, 56.12%, and 61.48% for
Split 1, Split 2, and Split 3 in NEU-CLS dataset. The result
achieved by the proposed system is 84.72% and 86.28%
for Split 1 and Split 2 in X-SDD dataset. Other methods
like SGCN, GCNZ, and ZS-CKG have lesser results of
23.96%, 27.09%, and 60.91% for NEU-Splitl. SGCN,
GCNZ, and ZS-CKG have lesser results of 64.15%,
68.44%, and 76.21% for X-SDD-Splitl. However, the
presented empirical findings lead to the conclusion that the
OYZS-CKG utilizes the advantages of the rapid
intersecting across the GCN, making it a superior choice
for the prompt identification of surface defects. From the
surface defect image dataset, the OYZS-CKG gains the
largest recall which was with the improved training
strategy with DSO.

100
® 80
g 60 SGCN
‘" | ]
§ 40
& 20 GCNZ
0
obyoﬁé@ob&ob&\,@é\@ o
& & +E_’<> ‘F‘_)Q 0OYZS-CKG
Dataset

Fig. 6. Precision vs. Zero-Shot based on Knowledge Graph Methods

100
= 80
S— 60
§ 40 B SGCN
“ 2 I GCNZ
O \. T T T
S QO D WD Z5-CKG
S TS
&0’ &'&0’ N %Q’ OYZS-CKG
¥
Dataset

Fig. 7. Recall vs. Zero-Shot based on knowledge graph methods.

Fig. 8, this graph clarifies the F1-Score comparison of
methods with 2 datasets. F1—-Score results achieved by the
proposed system are 75.70%, 58.23%, and 59.27% for
Split 1, Split 2, and Split 3 in NEU-CLS dataset. The result
achieved by the proposed system is 83.55% and 85.46%
for Split 1 and Split 2 in X-SDD dataset. Other methods
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like SGCN, GCNZ, and ZS-CKG have lesser results of
16.19%, 22.19%, and 57.25% for NEU-Splitl. SGCN,
GCNZ, and ZS-CKG have lesser results of 62.12%,
67.82%, and 75.84% for X-SDD-Splitl. It was found that
the results of OYZS-CKG developed a new DNN method
that provides a 10-layer for testing the satisfactory network
for surface defect detection without any barrier, and thus,
it is more effective than the existing methods.

Fig. 9, this graph clarifies the accuracy comparison of
methods with 2 datasets. These methods are implemented
on SGCN, GCNZ, ZS-CKG, and OYZS-CKG. From the
graph, it can be observed that the recommended OYZS-
CKG produces superior surface defect identification
outcomes than the previous approaches. The accuracy
result achieved by the proposed system is 80.86%, 54.74%,
and 66.15% for Split 1, Split 2, and Split 3 in the NEU-
CLS dataset. The result achieved by the proposed system
is 85.19% and 88.14% for Split 1 and Split 2 in X-SDD
dataset. Other methods like SGCN, GCNZ, and ZS-CKG
have lesser results of 23.96%, 27.09%, and 60.91% for
NEU-Splitl. SGCN, GCNZ, and ZS-CKG have lesser
results of 61.44%, 66.17%, and 76.57% for X-SDD-Split1.
Based on this method, they explained that the OYZS-CKG
was developed to decrease the barriers of detecting surface
defects and be computationally efficient, which led to
improved detection accuracy in the technique.

__100
X 80
@ 60
5 40 m SGCN
$ 20
ORI GCNZ
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LSS OVZS-CKG
¥ ¥
Dataset

Fig. 8. F1-Score vs. Zero-Shot based on knowledge graph methods.
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Fig. 9. Accuracy vs. Zero-Shot based on knowledge graph methods.

TABLE 1. RANDOM SPLIT THE DATASETS FOR TRAINING AND TESTING

Dataset Train Test
NEU-Splitl Cr, In, Pa Sc, PS, RS
NEU-Split2 Sc, PS, RS Cr, In, Pa
NEU-Split3 Cr, Pa, Sc In, PS, RS

X-SDD-Split1l In, Re,Ir, Sc OSPS, Fi, OSTS

X-SDD-Split2 Ir, Sc, OSPS, Fi OSTS, In, Re

V. CONCLUSION AND FUTURE WORK

This work introduces a new method to detect surface
defects from images using OYZS-CKG. It is effective at
classifying images automatically to identify specific
features from a vast number of images with surface defects.
OYZS-CKG is an automatic detection method. Features
are automatically learned from manually annotated image
patches. DSO was implemented to optimize the YOLOV3
structure, which makes it possible to find superior
solutions successfully. In this research, an approach called
OYZS-CKG is proposed for Zero-Shot identification in
surface defect recognition. The CKGC of the proposed
approach is intended to generate a CKG to determine the
relationship between the base and new defect classes. To
extract the features of defect samples, the OYZS-CKG
uses a transformer encoder that captures long-range
interactions. A semi-supervised  Fuzzy  Graph
Convolutional Network (SSFGCN) is introduced to
integrate graph convolution and learning into a single
network framework. It determines the ideal graph layout
for graph CNN in semi-supervised learning. The efficiency
of the suggested strategy is demonstrated by the
comprehensive studies executed on the NEU-CLS and X-
SSD datasets, which yielded the highest accuracy
outcomes of 98.8636% for NEU-CLS and 94.2029% for
X-SDD. Subsequent research focuses on enhancing the
adaptability and resilience of the suggested technique by
incorporating 3-D reconstruction and classification for
Rail Surface Defect Detection using zero-shot learning.
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