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Abstract

The image classification problem is a process that many machine learning methods are trying to solve.
Graphs, which are combinatorial mathematical structures, are frequently used in machine learning
problems. In this study, a method using machine learning based embeddings of weighted regional graphs
for image classification problem is proposed.
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1. Introduction

The contribution of artificial intelligence to the industrial field has been much more than
expected (Babina et al., 2020; Bolton et al., 2018). The development and application areas
of artificial intelligence in the industrial field, the work of many engineers and
researchers, are increasing. With Germany's determination of the Industry 4.0 framework
in 2010, this framework was accepted among the member states of the European Union
and started to be used. Later, the United States and China determined their plans and
policies for smart production and shared them with the public (Thoben et al., 2017).

Industrial Al, which combines data science, network analysis and information security,
is often used to detect defects that arise from process operation and mechanical problems.
Defects reduce product quality, negatively affect customer satisfaction and cause losses
for the business (Bullon et al., 2017; Perez et al., 207). In addition, the error that occurs at
any stage in the fabric production process negatively affects the next production stages.
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Therefore, it is very important for the enterprise to be able to detect errors in the
production process effectively and quickly (Hanbay et al., 2016).

Manual control of fabric production errors in the textile industry reduces the production
speed and increases the cost. The automatic control of this control is very important for
increasing the quality and reducing the cost in the textile industry (Song et al., 2020).
Detection algorithms are very important for the automation of detection of production
defects. Many researchers have made extensive studies in recent years for the
development of efficient detection algorithms (Mahajan et al., 2009).

2. Materials and Methods

In this study, local contrast is determined and salience is calculated by considering the
neighborhoods of an image region at various scales. This process is the distance between
the average feature vector defined on the pixels of an image subregion and the average
feature vectors of neighboring pixels. Thus, instead of combining different salience maps
for the scalar values of each feature, a feature map is obtained by using a feature vector.
For a fixed scale, the contrast-based saliency value c_ij can be calculated as follows: where
D is Euclidean distance for uncorrelated vector elements and Mahalanobis distance for
correlated elements, N_i are the pixel numbers of i-th region, and v_* are feature vectors
of respected region.

Ny N>
1 1
¢ =D mva ' N—ZZ%
p=1 q=1

where D is Euclidean distance for uncorrelated vector elements and Mahalanobis
distance for correlated elements, N_i are the pixel numbers of i-th region, and v_* are
feature vectors of respected region.

Graph theory provides a tool for mapping data structures and finding relationships
between data objects and allows the application of statistical techniques and machine

learning.

Promising research avenues in this field are interactive visual data mining combined with
graph-based data analysis. Another benefit of graph-based data structures is the
application of methods from network topology, network analysis, and data mining. The
application of graph theory to image analysis has been the focus of research some time
ago and still presents many challenges and still requires a new approach. Graphs are
main mathematical object because many pattern recognition problems are formulated
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through graphs, which are complex combinatorial objects that can model relational and

semantic information in data.

One of the most common graph structures used in image processing is region adjacency

graphs. Region adjacency graph (RAG) is a mathematical structure that encodes adjacent

regions of an image. A region 7; is defined by quadruple

R; = (k, Xk, Vi, Ar),

where k is the index number, (xy, y;) is the center of gravity and Ay is the area. In Figure

1, we present an example for RAG.

R3

R4 9

Figure 1 An example for RAG

In Figure 2, a microscopic fabric image having 100 regions and its RAG is presented.
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Figure 2 RAG for a microscopic fabric image

When converting RAGs from the original network space to the embedding space,
different models can be adopted to include different types of information or to address
different goals. Commonly used models include matrix factorization, random walk, deep
neural networks and their variations. In this study, DeepWalk, Node2vec and GraRep
methods will be used for Euclidean embeddings of RAGs.

DeepWalk (Perozzi, 2014) is a proposed deep learning approach to learn representations
of vertices in a RAG that can preserve the neighborhood structure. DeepWalk was
developed by observing that the distribution of nodes appearing in short random walks
is similar to the distribution of words in natural language. As a result of this observation,
the Skip-Gram model (Mikolov et al., 2013), a widely used word representation learning
model, is used by DeepWalk to learn the representations of vertices. DeepWalk uses a
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truncated random walk across a RAG to generate a walking sequence. For each sequence
s ={v, Uy, .., Uy}
i+w

m(gxp({vi—w» o Vigw \ Vi L @(v) = 1_[ P(vj | o(vp)).
j=

1-w

The probability of the neighborhood of v; and v; to be in this walk is maximized. In this
maximization, w is the window size and ¢ (v;) is the current representation of the vertex.
Finally, effective embedding is performed using hierarchical soft-max (Mikolov et al.,
2013).

Node2vec (Grover and Leskovec, 2016) is a method developed after DeepWalk was not
descriptive enough to capture the diversity of connection patterns in a RAG. Node2vec
defines a flexible concept of RAG neighborhood of a vertex and designs a quadratic
random walk strategy to sample neighboring vertices. It can then seamlessly interpolate
between the largest initial sampling and the depth initial sampling. Node2vec can closely
learn representations that embed vertices with the same mesh community, and can learn
from representations where vertices that share similar roles have similar embeddings.

LINE (Tang et al., 2015) has been proposed for large-scale network embeddings and can
protect first- and second-order relatives. First-order proximity is the binary proximity
observed between vertices. Second-order proximity is determined by the neighborhood
similarity of the two vertices. The conditional distribution means that vertices with
similar distributions over contexts are similar to each other. By minimizing the KL-
divergence of the two distributions and the empirical distributions, respectively,
embedding representations of vertices that can maintain first- and second-order
closenesses can be obtained. Considering that LINE preserves only first-order and
second-order affinities, GraRep (Cao et al.,, 2015) shows that k-step (k>2) proximity
should also be captured when generating global representations of the vertices. Given an
adjacency matrix 4, the elements of the A* k-step probability transition matrix represent
the probability of a k-step P(j|i) transition from vertex i to vertex j. Similar to the Skip-
Gram (Mikolov et al., 2013) model, the loss function of the vertex i can be defined as
follows:
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L (i) = Z p(li) log o(wfu;) + AEj,p, [ log o (—uiw;)].
j

In this definition, o(x) = (1 + e™™ )7L, p, (V) is the distribution over the vertices of the
RAG and j is the peak obtained with negative sampling. By reformulating the GraRep
loss function as a matrix factorization problem, the singular value decomposition for each
k-step loss function can be used directly to extract representations of the vertices. By
concentrating on the representations learned from each function, global representations
can be obtained.

Convolutional artificial neural network (CNN) is one of the most important architectures
of deep learning, which is a multi-layer feed-forward neural network model (Lauzon,
2012). CNN extracts feature from data according to spatial principle. Two-pixel values in
related images increase the classification performance of CNN on images. Although CNN
architecture is mostly used in image analysis problems, it has recently been used for
Euclidean embedding classification problems (Chan et al., 2015; Minaee et al., 2021; Sadad
et al., 2021).

CNN architecture basically consists of three layers: convolution, pooling and fully
connected layer. Unlike traditional neural networks, the convolution layer performs
automatic feature extraction and uses the pool layer for feature reduction. In Figure 3, the
general structure of the CNN architecture to be used in this study is shown. Various filters
are used in the convolution layer to extract the feature from the input 2D data emerging
from the embedding of a RAG. Intermediate processing is applied in the convolution
layer and the pooling layers. Thus, the features obtained with the help of the Rectified
Linear Unit (ReLU) activation function are not linear. With this feature in the pooling
layer, the size of their mapping is reduced. As a result, the computational effort in the
next layers is reduced and features in the text are obtained more effectively. The last layer
of the convolutional neural network is in the form of a classical fully connected neural
network. In this layer, a fully connected structure between artificial neurons represents
the properties of the 2D Euclidean data and the target class labels. The new text serves as
an input to CNN. When training is complete, CNN gives the estimated class probability.
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Figure 3 The CNN structure
3. Results

In this study, we use TILDA data set for classification of textile defects. Microscopic fabric
data are evaluated in 5 classes as cut, hole, metal contamination, thread defect and defect
free. There are 2250 pieces of 64 x 64 image data belonging to each class. The inputs of the
classification module are RAG embeddings of image data.

In Figures 4-8, samples of data set are presented. Examples of saliently detect regions and
their RAGs are also presented in Figure 9. In order to obtain same volumed embeddings,
the number of segmentations is fixed to 25 for all data elements.

Figure 4 Samples of images labelled by “cut”
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Figure 6 Samples of images labelled by “metal”

Figure 7 Samples of images labelled by “thread”
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Figure 8 Samples of images labelled by “non defect”

hole metal

thread

Figure 9 RAG examples

Since we experimentally fixed vertex number of each RAGs to 25, the 2D Euclidean
embeddings of RAGs have 25 points for both embedding methods. For each class 1800
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images are used for learning and 450 images are used for testing. In Figures 10 — 12, the

confusion matrices for each embedding method are presented.
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17

26

cut

450

haole

thread 430

fetual Class

metal 450

450

nondefect - 30

455 452 470 449 414

Predicted Class

Figure 10 Confusion matrix for DeepWalk Embedding
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Figure 11 Confusion matrix for Node2Vec Embedding
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Figure 12 Confusion matrix for GraRep Embedding
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4, Discussion and Conclusion

All textile industries compete in fabric production. The course of this competition also
depends on the losses caused by faulty fabrics. For this reason, it is very important to
detect the fault in the production process of fabric production in the textile industry. In
this study, a method is presented for the automated detection of the main defect classes
encountered in textile fabric production.

For further analysis of segmented images, it is efficient to develop a rapid mathematical
method using the topological properties of the image in each image segment. With this
point of view, graph structures are obtained from the neighborhood relations between
segments of fabric images in this study.

In this study, a 5-class classification method, including 4 different fabric defect types and
defect-free status, is carried out with the deep learning technique. The classification
model performed using the classical CNN structure took as input the Euclidean
embeddings of the RAGs of the fabric defect classes. There are different techniques in the
literature for embedding a combinatorial graph in Euclidean spaces with different
dimensions. In order to fully automate the classification process, 3 machine learning-
based embedding methods are examined in this study.

When the RAG embeddings obtained by the 3 different methods used in this study are
examined, it is seen that the accuracy rates for all methods are above 80%. Among the
methods, it is seen from the confusion matrices that the most effective one is DeepWalk.
With this approach we present in this study it is possible to establish classification models
with more effective results with different and more detailed textile fabric image data sets.
In addition, in future studies, graph convolution neural network can be used directly
instead of RAG embeddings.
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