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1. Introduction

There are various methods to identify damage in different
conditions according to the importance of the structure,
severity of damage, and type of damage. In general,
structural damage detection methods can be divided into
two categories: destructive methods and non-destructive
methods. In destructive methods, which are often
accompanied by testing or sampling of the original
structure, the structure is changed and even in some cases
it cannot be used anymore. Therefore, these methods are
severely limited and as a result, in the field of damage
identification, non-destructive methods will be more
suitable option for continuous examination of the
structure’'s condition, identification of possible damages,
and safety evaluation.

Recent advances regarding computers, sensors, and
other electronic technologies have turned non-destructive
methods into effective, easy, and cost-effective methods
for damage detection. Non-destructive methods are also
divided into two categories: local and general damage
detection methods.

Welding quality control (as one of the methods of
making connections in steel buildings) has an important
position in identifying damage in steel structures. Among
the methods for detecting damage in welding, we can refer
to objective inspection, magnetic field, ultrasonic,
radiography, microwave, eddy current, thermal field, and
image processing.

Defects that may appear in the appearance of the
welding include the following: 1) Lack of Fusion (LOF);
2) Lack of Penetration (LOP); 3) Porosity; 4) Undercut; 5)
Slag Inclusion; 6) Overlap; 7) Spatter; 8) Cracks.

2. Materials and methods

The Internet can be the largest source for providing images
as software data, but because the more the number of
images in the database the more accurate the software will
be, other sources have been used to prepare images. These
sources are technical and professional education centers
and schools. Defects in these samples are identified by
experienced weld inspectors before they are used in

machine learning. For the proper use of captured images,
the images that are given as input to the software are pre-
processed by the user and modified in terms of framing. In
this research, 52 photos of spatter class, 56 slag inclusion
impurities, 104 undercuts, and 80 cracks were included for
the database which are actually balanced data. Validating
the model with usual factors is considered valid.
Moreover, pre-processing was done on the images that
automatically detects the weld area through deep learning.
In addition to the mentioned cases, the data augmentation
method can be a suitable approach to generate more
training data. In this way, they enhance the samples
through a number of random transformations that produce
acceptable images. The model deals with more aspects of
the data and generalizes better.

This research designs a program using image
processing and artificial intelligence methods that can
accurately detect and identify welding defects. Python
programming language and OpenCV framework are used
for image processing, Keras library is used to build and
implement deep neural network, and Tensor platform is
used for to detect and predict defects.

Convolutional neural networks (CNN) are very similar
to artificial neural networks. The neural network takes all
the training data in the input layer. It then passes the data
through the hidden layers and changes the values based on
the weight of each node. Finally, it returns its value in the
output layer. Convolutional neural network is a special
type of neural network with multiple layers. It processes
data that has a grid arrangement and then extracts
important features. A big advantage of using CNN is that
you don't need to do many processing steps on the images.

3. Results and discussion

Figure 1 and 2 show the accuracy and cost in the training
process, where the horizontal axis represents the number
of training steps (dimensionless). Moreover, the vertical
axis in Figure 1 shows the cost of training and in Figure 2
the accuracy of training. The vertical axes are scaled from
zero to one. Examining Figure 1 and 2 shows that the
system did not suffer from overfitting in the training phase.
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The input images apply changes so that the program can
process it. Then the model is trained to analyze and process
the image and by extracting the features of the image,
predict the percentage belonging to each of the classes.
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Figure 1. The cost of training compared to the increase of
training steps
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Figure 2. Validation compared to increasing training steps

4. Conclusion

This research proposed a method that can be used for

detecting welding defects with the help of a machine and

without the need for skilled inspectors. For using this
method, it is enough to give the digital image of the tested
weld to the software and conclude the health status of the
weld. If the weld has several defects at the same time, the
software expresses the contribution of each of the defects
as a percentage. In order to validate the method and ensure
the effectiveness of the software, several samples of
defective welding images in which the amount of each type
of welding defect was determined by expert welding
inspectors were given to the machine, and the machine
detected each defect with at least 85% accuracy.

According to the results of this research and the
examples that were evaluated by this method, the
following advantages can be considered for the proposed
method:

- The use of this method and software can greatly reduce
the need for skilled welding inspectors to detect
external defects;

- The use of machines can significantly reduce human error
in detecting external defects and even identify
secondary defects;

- By using the proposed method, the time required to check
welding defects with a large number is significantly
reduced.




(/\1—Vr‘)’£" & ‘r‘a‘wj.’jﬁ' J//.o_‘ L,.«.,L;g.a

w99 39 (il 08 (Swikigo

https://civil-ferdowsi.um.ac.ir/

/\.//Z’»')p IZ/: -

T s SOl bl p bl (b Sl oolitul b g S A Dge (2Ll
DOI: 10.22067/jfcei.2022.75044.1118

\ (

R ARESECIETPS Valo 250 s

92 Gt 23U s 5 G S s B e Rl B el ST lille A 58l e S R oS Sl 5SS oSy
s ol 3 S5 s Dl 34 o S (e Cond) oty S 0 il O s i (508 S8 ool [ Ll g pilsd sl U
ot sl > Al Yo (g palh e Lol (sl U 30 oo Col (S0l 5 gt il oolizd pute 315 (S i jl paid Splgo Olioo
b s sl Coae coilio Coo 5 S35 L Ol3s roe (8,500 polo] o peile ol jloslizal 5 ism I fole o slal (oS a0 U 53,5 o slgily
S ool _slal i soleiiy Ay S0 L Olabl (s 2 o olin] sy pead 1 S s il sy Sl )ai oS 450l e 5050k 2 2,8 bl
Gl S LS L 3 e il (oS 4 LT Cdles Comds 5 i3S AR 3y ol et s Ol Lo 5 ] Cnis S 45 s e
Jlesléza [ L cdas o Il ol igen LS ol L2 L s gl e (Ao 43 A0 (oY) S5 U6 Cdo b il yi o (o0lgidig o, das o OLES
DS E Al 350 (S St b e i b g lie o e g oalh e (olgiiy g,

el 2l Gont S s 31 JLd IS me aSCE rar sl e (SIS S0 STY

Identification of Apparent Welding Defects Using Computer Vision Based on Deep Learning

Mussa Mahmoudi Soroush Ghaderi Faezeh Mahmoudi

Abstract One of the welding controls in health monitoring of structures is to visually control the appearance of welding
defects (cracks, Spatter, Overlap, Lack of Fusion). Currently, according to regulations, the appearance quality of welding
is controlled by an inspector visually. The accuracy of work in this method depends on the skill level of the inspector. Non
using of equipment and technology leads to a high error in identifying visual defects. In this research, a method is
proposed to be able to more accurately identify the appearance of welding defects with the help of imaging using machine
vision based on deep learning. Convolutional network is used for deep learning to extract features from the image. The
results show that the proposed method can identify welding defects with an acceptable accuracy (over 85%). Also, the
results show that by using the proposed method, welding defects are evaluated more quickly compared to the traditional
method.

Keywords appearance welding defects, Convolutional Neural Network, image processing, deep learning, computer
vision.
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