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one-against-all. The texture features are adopted in this paper as inputs to the classifiers,
where two groups of them are used: the local binary pattern (LBP) features and the gray-level
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two different classifiers, achieving an accuracy of 91.66% when combining GLCM and SVM.
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1. Introduction

1.1. Background

To ensure the quality of welding, the traditional approach in welding environ-
ments involves using non-destructive testing (NDT) and post-weld techniques
for evaluation. In welding fields, the main non-destructive tests can be cate-
gories as: visual inspection (VT) [1], ultrasonic testing (UT), radiographic test-
ing (RT) [2], eddy current testing (ECT) [3], magnetic particle testing (MT) [4],
liquid penetrant testing (PT) [5], acoustic emission testing (AE) [6], infrared
thermography (IRT) [7], stereography [8], and computed tomography (CT) [9].
X-ray as a radiography test can be used on a variety of materials with vary-
ing densities, as it can penetrate a wide range of materials to detect internal
faults in welds [10]. Defective regions absorb greater amounts of energy, which
results in a dimmer appearance. Among the most common flaws that are pos-
sible to detect in the images of radiographic inspection are porosity (the defect
that arises from the entrapment of gas), lack of fusion (the defect resulting from
a lack of fusion between the base metal and the weld metal), cracks (linear dis-
continuities caused by the fracture of metal), solid inclusions (the defect that
arises from foreign matter trapped during welding), burn-through (excessive
penetration of the weld metal at the root zone of the base metal due to exces-
sive heat), and lack of penetration (weld penetration that is less than specified,
usually occurring at the root of the weld) [11–13].

1.2. Related work

The detection and classification of welding flaws are crucial in real-life and
industrial environments. Furthermore, this field is considered one of the most
important research topics that has been investigated. Liao and Ni [14] are con-
sidered pioneers in the use of digital radiographs to identify weld defects by
comparing pixel intensities with a Gaussian pattern in the weld region. They
demonstrated that similarity can be measured by the mean square error (MSE),
with the lowest MSE indicating a weld line. A method was subsequently devel-
oped that focuses on the geometric features of flaws to improve the accuracy
of welding defect detection using linear classifiers. It was found that having
high-quality features is more important than simply having a large number of
features for reliable classification [15]. Tuo et al. [16] achieved higher accuracy
when using the Gabor filter and the gray-level co-occurrence matrix (GLCM) in
welding defect classification. They applied principal component analysis (PCA)
to minimize the feature vector dimensions and used K-nearest neighbors (KNN)
as a comparison classifier. In the last twenty years, researchers have turned
more and more to the GLCM as a practical way to study weld images [17–19].
By extracting texture features, this approach has helped make defect detec-
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tion faster and more accurate, while reducing the need for manual inspection.
A Gabor filter can be used to characterize texture features in an automatic
system for detecting weld discontinuities, as feature extraction focuses primar-
ily on calculating the properties of localized areas. Consequently, the GLCM
displays the number of occurrences of a specific gray value in relation to an-
other gray value in the image specific spatial context specified by the user [20].
The joint application of the Gabor filter and GLCM was later extended in weld-
ing defect classification by applying support vector machine (SVM) algorithms
and evaluating performance through the receiver operating characteristic (ROC)
curve [21]. This modification enabled the study of feature morphology, such as
the size and shape of defects.
Artificial neural networks (ANNs) have made an influential contribution

to the diagnosis of weld defects based on digital radiographic testing images,
and their results have shown increasing reliability and promising validity [22].
ANNs have become increasingly popular in conjunction with other classifica-
tion methods, such as KNN and SVM, to differentiate welding flaws in images
from radiographic testing. Both morphological and texture features are adopted
to implement the segmentation process and generate the feature vector in the
classification procedure [23]. Further modifications using deep ANNs to classify
the weld defects in radiographic testing images yielded accuracies of 75.83%
to 98.75% [24]. This algorithm enables the classification of defects into more
categories, including non-penetration, crack, pore, and no-defect status. Later,
by applying deep learning algorithm pipelines for welding defects, the defect
categories were extended to include seven flaws: porosity, undercut, crack, slag
inclusion, lack of penetration, lack of fusion, and interior concavity [25].

1.3. Main contributions and outline

Based on the above discussion, further investigation into the detection and
classification of weld flaws from images is warranted. Using machine learning
and new advanced methods is worthy of study and evaluation. Furthermore,
obtaining very high performance (accuracy, precision, and recall) for the model
is the top priority.
The main contribution of this study is presented in the following points:
– an advanced algorithm that employs machine learning is proposed to de-
tect and classify weld flaws from images with very high performance (ac-
curacy, precision, and recall),
– the proposed algorithm involves capturing images with an ordinary digital
camera, enhancing them to remove noise using a common filter, such as the
adaptive median filter, and basing the classification on texture descriptors,
as it has shown very high effectiveness,
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– this is accomplished more specifically by utilizing the feature descriptors
of the local binary pattern (LBP) and GLCM, after which the classification
process commences,
– for classifiers, their selection is made using two machine learning methods:
a multiclass classification based on SVM and KNN. Thus, it is possible to
eliminate the need for specialized equipment or skilled workers who have
experience and knowledge in the field of inspection.
The remainder of this paper is outlined as follows. Section 2 presents the

proposed methodology, including the methods, the collected dataset, the classi-
fication process, and the evaluation metrics. In Sec. 3, the experimental results
are presented and discussed. In Sec. 4, the paper’s main points are summarized,
and some potential future work is highlighted.

2. Materials and methods

2.1. Datasets preparation

Film digitization is an important step in systems used to determine weld-
ing defects. As a result, the most important factors for the performance of
the above-mentioned system are the selection of an optimized scanning resolu-
tion and an acceptable level of digitization quality. Radiographic film digitization
is carried out using several systems based on American Society of Mechanical
Engineers (ASME) standards. The most common method is scanning, which
uses light transmission (transparency adapters). The dataset images were cap-
tured with a Nikon D7000 digital camera, tuned to achieve optimal contrast.
Indeed, the Nikon D7000 camera can be used for radiography using a tech-
nique called indirect digital radiography. This entails taking images of an X-ray-
exposed fluorescent screen using the camera. The camera was set up at a location
with a 400mm lens, without a flash. Dataset images were prepared by converting
them from RGB to grayscale and automatically cropping them. This step high-
lighted the welding area and a limited surrounding area. The symbols, numbers,
and markings that are often associated with welding films were eliminated. Next,
preprocessing models and approaches were used to minimize noise and enhance
contrast, allowing the main objects in the image to be distinguished from the
background, making them more discernible. Once segmentation was completed,
the two feature texture extractors (LBP and GLCM) were performed to extract
features that are highly distinctive for the classifiers. An automated system for
identifying, recognizing, and classifying the welding defects was developed us-
ing two proposed classifiers: 1) error-correcting output coding (ECOC) with an
SVM, and 2) KNN. The features and weld fault identification were obtained from
these two proposed classifiers. This proposed methodology is presented in Fig. 1.
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Fig. 1. Procedure for classifying welding defects (ECOC is an SVM learner).

The total number of images in the dataset is 72. The images are used to
cover four types of defects, which are distributed among burn-through (BT),
solid inclusions (SI), concavity (CO), and incomplete penetration (IP), as shown
in Table 1. Experts in the field of radiographic interpretation established the
ground truth knowledge for these images. Sample images containing BT are
presented in Fig. 2.

Table 1. Dataset of welding defects radiographic images.

Welding defect Number of images

SI 25

BT 17

IP 22

CO 8

Fig. 2. Sample images containing BT. This figure contains the images from our dataset.
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2.2. Image preprocessing

As an imaging system, the nature of NDT image is affected by an arbitrary
signal known as noise. This signal always appears during the process of image
capture, which includes coding, image transmission, and processing steps [26].
The presence of this noise could distort the primary data of the radiographic

images. The source of noise in digital images can cause problems and is of-
ten considered a defect in the data acquisition process. The filtering process
is a crucial and essential step in image preprocessing [27, 28]. Additionally, this
process can improve image quality. The primary function of the image filter-
ing process is to remove degradation and noise from the image, thereby achieving
a high-quality image.
Image contrast enhancement refers to a type of image manipulation that

modifies and improves an image appearance [29, 30]. It can be defined as the
dynamic range measure, which represents the entire range of intensity values
found in the image. In another definition, it is the difference between the maxi-
mum and minimum pixel values. A histogram is an essential tool to determine
whether an image has a large or small dynamic range. Therefore, for high con-
trast, the histogram should be extended to encompass the entire dynamic range.
Examples of radiographic images and image brightness improvement using dif-
ferent methods are presented in Fig. 3. The left side indicates the original im-
ages of IP that were contrast-stretched, then globally and next locally equalized,
while the right side presents the histograms of the corresponding cases. All these
improvement methods are applied to the images to find the one that provides
the highest performance. The best performance is obtained by the contrast-
stretching method.

2.3. Image segmentation

Segmentation can be described as dividing images into parts based on spec-
ified rules. These parts or areas can be considered homogeneous in certain vi-
sual aspects, such as color or density [31, 32]. The most effective and efficient
technique for segmenting and classifying images of welding inspection films is
the thresholding technique [33, 34]. An example of the segmentation process
using different thresholding techniques is presented in Fig. 4. The original im-
age (Fig. 4a) was processed using adaptive thresholding (Fig. 4b), then global
thresholding (Fig. 4c), and histogram thresholding (Fig. 4d). All these segmen-
tations methods are applied to the image. The best performance is obtained by
adaptive thresholding.

2.4. GLCM

This method is a statistical approach to analyzing gray-level values by ex-
amining their spatial distribution in images, which effectively identifies distin-
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a) b)

c) d)

e) f)

g) h)

Fig. 3. Various improvement techniques carried out on an image with IP along with their
corresponding histograms: a) original image, b) original image histogram, c) global equaliza-
tion image, d) global histogram equalization, e) local equalization image, f) contrast limited
adaptive histogram equalization (CLAHE). This figure uses the images from our dataset.
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a) b)

c) d)

Fig. 4. Segmentation process by different thresholding techniques: a) original image, b) adap-
tive thresholding, c) global thresholding, d) histogram thresholding. This figure uses the images

from our dataset.

guishing characteristics that can be used to find texture-related features [35–37].
The method can be summarized by creating a matrix that aggregates the to-
tal number of pixel pairs in the image. It represents the evaluation of the fre-
quency of two gray levels within a specified region. GLCM reveals a specific
relationship of several times in which a transition occurs between adjacent pix-
els (reflecting the correlation between two adjacent pixels within a local region).
The creation of the matrices depends on both the distance and the direction.
It shows that the reference pixel of intensity i has special relevance with the
adjacent pixel of intensity j, which is separated by a spatial distance d and
a direction θ. There are many ways for determining the spatial relationship
between two neighboring pixels, considering different angles and displacements.
This is clear in Fig. 5. After the matrix has been created, many statistics are
derived and can be applied to the GLCM. As the number of statistics reaches 14,

Fig. 5. Different co-occurrence matrix offsets to extract texture features.
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statistical tasks are characterized by accuracy. The most widely used ones are
variance, energy, homogeneity, and correlation on a large scale [38].

2.5. LBP

This factor determines the texture of an image and is based on the local
differences between neighboring pixel values. In texture analysis, this factor
presents a significant leap forward and is preferred overother previous tech-
niques in various applications, as it has undergone substantial development and
progress [39–41]. LBP is creative tool for texture classification [42]. The main
concept of this descriptor relies on two scales: local patterns and gray-level con-
trast. A local binary code is extracted for each pixel found in the image by
assigning the neighboring pixels with the value of the center pixel, which shows
the threshold.
This process characterizes the neighborhood by multiplying the threshold

values by the corresponding pixel-specific weight. Therefore, a histogram is cre-
ated to accumulate the frequencies of the different binary patterns. The basic
operator model relies on the eight neighboring pixels around the pixel in ques-
tion [43]. The texture details of the LBP are obtained originally from a 3× 3
window by the use of the gray value of the center pixel as a threshold for its
neighbors. Figure 6 shows the basic LBP operator.

Fig. 6. Basic LBP operator.

2.6. Classification

Classification is the ability to create a model or an approach that can identify
different categories in a dataset. Based on the results obtained from the train-
ing process, many outputs can be predicted. Moreover, there is a possibility of
classifying these predicted data. In this study, the KNN algorithm and the SVM
algorithm were used as classifiers during testing, both of which are well-suited
for handling non-linear problems [44–46].

2.7. Multiclass SVM classification

Various methods have been proposed to utilize SVMs for handling multi-
class problems, as they can be extended by merging multiple binary types
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into a multi-class classifier [47]. For present multi-class classification schemes,
the one-against-all model (OAA) is the most commonly used. Classification func-
tions are built between each category relative to the remaining categories. An
M-class problem is modified into M binary classification problems. The learning
step of the classifiers uses the entire training data, on the basis that the data
vectors from a certain category are labelled positive and all other samples are
labelled negative. In the testing step, classification is performed by calculating
the margin from the linear separating hyperplane. The class with the maximum
decision value is the final output. A merit of this method is that the number
of binary classifiers to be constructed is equal to the number of categories. Ac-
cording to the maximum output value of the SVM classifiers, the label of an
instance is predicted. One drawback of the OAA approach is that the dataset is
significantly unbalanced after collecting the M-1 categories [48–50].
Another approach is to build a group of one-versus-one (OVO) classifiers,

where the imbalance is less pronounced in the dataset than in the previous
method. This is achieved by separating the M-class dataset problem into M(M-
1)/2 binary classification problems and fitting a binary classification model on
each. This method appears to be overly complex, as the number of classifiers
obtained is often too large, making the model too intricate. Consequently, this
model is not suitable for solving problems that contain a large number of cat-
egories. However, if the number of categories is small, each binary classifier is
trained on a smaller subset of data. As a result, the training and tuning process
of the classifier becomes more efficient and faster. To determine the class of an
unknown sample, the obtained M(M-1)/2 binary classifiers are used, and the
class containing the most common object samples is predicted through a voting
method [48].

2.8. Evaluation metrics

To assess the quality of the classifier, a confusion matrix is used, which
provides a visual representation of its predictive power. This matrix, as shown
in Fig. 7 [51], includes the following classes: true positive, true negative, false
positive, and false negative. These classes are defined as follows:
– true-positive (TP) means the classifier predicts positive and it is positive
in fact,
– true-negative (TN) means the classifier predicts negative and it is negative
in fact,
– false-positive (FP) means the classifier predicts positive and it is negative
in fact,
– false-negative (FN) means the classifier predicts negative, and it is positive
in fact.



Machine Learning-Based Welding Defect Recognition Using GLCM Features... 11

Predicted class

Positive

True positive (TP)
False negative (FN) Sensitivity

Sensitivity

AccuracyPrecision Negative predictive 
value

TP

TP

TN

TN TP + TN

(TP + FN)

(TP + FP)

(TN + FP)

(TN + FN) (TP + TN + FP + FN)

True negative (TN)
False positive (FP)

Type II error

Type I error

Positive

Negative

Negative

Actual class

Fig. 7. Confusion matrix structure [51].

The main measures presented in the confusion matrix are discussed. Accu-
racy measures the closeness of the quantity to the actual/real value. It is con-
sidered a very effective metric if a relatively symmetric dataset is found [52, 53]:

(2.1) Accuracy =
Correct prediction
Total dataset

=
TP+ TN

TP+ TN+ FP+ FN
.

Measuring the percentage of correct predictions made by the proposed model
is precision. It is defined by dividing the number of positive examples that are
correctly classified by all the examples classified as positive by the classifier. The
following form can represent it:

(2.2) Precision =
TP

TP + FP
.

The third metric is recall, which indicates the percentage of all potential ground
truth boxes identified. It is expressed as the number of correctly categorized pos-
itive examples divided by the total number of positive examples in the data [52]:

(2.3) Recall =
TP

TP + FN
.

The experimental results from applying the proposed classifiers are presented in
the next section.

3. Experimental results and discussion

Different settings for the GLCM are explored to identify the features most
suitable for the classifier by conducting multiple tests that vary both distance and
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direction. Four directions are considered in the current work: 0◦, 45◦, 90◦,
and 135◦, with the spatial pixel distance parameter set to 2. The settings for both
direction and distance used for constructing GLCM are presented in Table 2.

Table 2. Setting of distance and direction for GLCM construction.

Parameter Setting

Item 1 2 3 4 5

Direction
and angle

[0 2]
(East)

[−2 2]
(Northeast)

[−2 0]
(North)

[−2 −2]
(Northwest)

Combination of
items (1 and 2)

Number
of features

10 10 10 10 10 + 10 = 20

Features Angular second moment, energy, entropy, contrast, maximum probability,
dissimilarity, homogeneity, GLCM mean, variance and correlation

The interpretion of all GLCM features incorporated in the current work is
presented in Table 3.

Table 3. Description and visualization of all GLCM features and offests incoportated
in the current work.

Offset Distance (d)
in pixels

Direction (θ) Description

GLCM [0 1] 1 0◦ (horizontal) Neighbor is 1 pixel
to the right

GLCM [0 2] 2 0◦ (horizontal) Neighbor is 2 pixels
to the right

GLCM [−1 1]
√
2 45◦ (diagonal) Neighbor is 1 pixel up

and 1 pixel right

GLCM [−2 2] 2
√
2 45◦ (diagonal) Neighbor is 2 pixels up

and 2 pixels right

GLCM [−1 0] 1 90◦ (vertical) Neighbor is 1 pixel up

GLCM [−2 0] 2 90◦ (vertical) Neighbor is 2 pixels up

GLCM [−1 −1]
√
2 135◦ (anti-diagonal) Neighbor is 1 pixel up

and 1 pixel left

GLCM [−2 −2] 2
√
2 135◦ (anti-diagonal) Neighbor is 2 pixels up

and 2 pixels left

It should be noted that the GLCM offsets GLCM [0 2], GLCM [−2 2],
GLCM [−2 0], and GLCM [−2 −2] are used for SVM and KNN. However, the
GLCM offsets GLCM [0 1], GLCM [−1 1], GLCM [−1 0], and GLCM [−1 −1]
are used only for SVM.
As for the parameters selected for the uniform rotation-invariant LBP, which

is adopted in this investigation, are eight neighbours (P = 8) and their re-
lationship to the central pixel. Therefore, the number of bins is 59, following
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P (P − 1) + 3. Additionally, this method is used to achieve rotation stability
by combining identical uniform patterns from different directions into a single
bin. In contrast, the remaining patterns are placed in separate bins, resulting in
a total of 10 distinct output bins (P +2). The settings for the LBP features are
presented in Table 4.

Table 4. Settings for the LBP features.

Parameter Setting

Item 1 2 3

Number of neighbors (P ) 8 8 8

Rotation invariant Yes (P + 2) No (P (P − 1) + 3) Custom normalization

Result 10 features 59 features 4248 features

For the multiclass classification using SVM, the OAA and OAO approaches
with a linear kernel are adopted. Concerning the KNN classifier, Euclidean dis-
tance is applied for measuring the distance between the test point and all refer-
ence points to obtain the KNN, and the number of neighbours is set as k = 1. To
select the most preferable combination of classifiers and feature extraction meth-
ods, the results are interpreted. The total accuracy, which shows the fraction of
cases that are classified correctly, as well as precision and recall, are evaluated
to support this selection.
Table 5 and Table 6 summarize the obtained results of the experimental

evaluation, where the performance of each group of the classifier and feature
extraction methods is evaluated using k-fold cross-validation as the error esti-
mator. In the current work, k = 4, which means that the model is trained and
evaluated four times repeatedly by randomly assigning four equal-sized sub-
groups to satisfy the validation requirements. In each attempt, the training of
the system is performed using three of the subsets, whereas the remaining subset
is used for evaluation or testing.

Table 5. Evaluation results of classification based on multiclass SVM.

Multiclass SVM classifier Accuracy [%] Precision [%] Recall [%]

GLCM [−2 2] 90.00 93.75 93.75

GLCM [0 2] 91.66 95.83 91.66

GLCM [−2 0] 90.90 93.75 95.00

GLCM [−2 −2] 90.00 93.75 93.75

GLCM {[−2 2], [0 2]} 90.00 93.75 93.75

LBP 59 features 87.50 91.66 91.66

LBP 10 features 83.33 86.66 86.66
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Table 6. Evaluation results of classification based on KNN.

KNN classifier Accuracy [%] Precision [%] Recall [%]

GLCM [−2 2] 90.00 93.75 87.50

GLCM [0 2] 87.50 91.66 91.66

GLCM [−2 0] 90.00 93.75 87.50

GLCM [−2 −2] 90.00 93.75 87.50

GLCM {[−2 2], [0 2]} 87.50 91.66 91.66

LBP 59 features 87.50 91.66 91.66

LBP 10 features 75.00 75.00 79.17

The accuracy of the SVM classifier is higher compared with that of the KNN.
Detailed results obtained by the various combinations of classifiers and features
are presented in Table 7 and Table 8. Table 7 presents the value of the highest
accuracy obtained when the GLCM technique is used to extract the features.
Evaluating the 2-pixel neighbourhood to the east [0 2] on images leads to an
accuracy value of 91.66%. Examining the neighborhood two pixels away in all
directions yields high-accuracy results. Generally, features extracted the by the
use of GLCM show satisfactory results. With five tests, the achieved accuracy
is 90% or higher, and the obtained precision and recall are also 90% or above.

Table 7. SVM multiclass classification results using GLCM features.

Multiclass SVM classifier Accuracy [%] Precision [%] Recall [%]

GLCM [−2 2] 90.00 93.75 93.75

GLCM [−1 1] 83.33 92.85 91.66

GLCM [0 2] 91.66 95.83 91.66

GLCM [0 1] 88.88 93.75 87.5

GLCM [−2 −2] 90.00 93.75 93.75

GLCM [−1 −1] 84.00 90.83 93.05

GLCM [−2 0] 90.90 93.75 95.00

GLCM [−1 0] 83.33 92.85 83.3

GLCM {[−2 2], [0 2]} 90.00 93.75 93.75

GLCM {[−1 1], [0 1]} 87.50 90.66 87.5

Combining both multiclass classifiers based on SVM and LBP features (as
presented in Table 8) results in high accuracy when the rotation invariance of
features is not considered. Thus, it can be concluded that rotation invariance
reduces accuracy, as it causes the loss of certain informative features. Therefore,
the use of rotation-invariant features yield a lower accuracy of approximately
83.33% compared with 87.50% when omitting rotation invariance. In the lat-
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Table 8. SVM multiclass classification results using LBP features.

Multiclass SVM classifier Accuracy [%] Precision [%] Recall [%]

LBP 59 features 87.50 91.66 91.66

LBP 10 features 83.33 86.66 86.66

ter case, the classifier demonstrates strong robustness, achieving a recall and
precision of 91.66%.
Regarding the KNN classifier, several preliminary tests were conducted to

determine the optimal value for the neighbourhood dimension. The conclusion
reached is that the the optimal configuration is k = 1. However, the best results
with this classifier were inferior to those obtained by the SVM classifier. The
combination of the KNN classifier and GLCM features yields the best results
with an accuracy of 90%.

4. Conclusion and future work

In this paper, two machine learning approaches were proposed for detecting
and classifying welding defects. These approaches are SVM and KNN. By using
the dataset for training and testing strategies, the SVM showed higher perfor-
mance results compared to the KNN classifier. However, the KNN clasifier relies
on matching the feature profiles between the training and testing datasets. High
similarity that exists among the images of welding inspectionleads to the close
grouping of many extracted feature values, which is a main reason for the
lower accuracy of the KNN classifier. Both GLCM and LBP techniques were used
for extracting the features. When using the LBP technique, the displacement
value is based on the closely adjacent neighbor (pixel). When using the GLCM
technique, the displacement of two pixels adopted. Future work can be outlined
as follows: 1) new software tools and classification methods can be used and
assessed, 2) the current work is restricted to the spatial domain; therefore,
the frequency domain can be explored, 3) investigating new and advanced su-
pervised/unsupervised classifiers is recommended, 4) a new technique for ex-
tracting features is recommended for investigation and assessment, 5) the study
can be expanded to include all types of welding defects. Moreover, expanding
the dataset to include a larger number of images and a wider variety of weld-
ing defect types would improve model generalization and classification reliability.
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