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Abstract 

The metal-to-metal connection uses a special welding 

process, the quality control of which is so important that 

today the visual control method of destructive analysis has 

almost replaced the automatic non-destructive detection of 

welding defects. Among non-destructive methods, this 

particular method is more comprehensive due to the 

cheapness of radiography compared to other non-

destructive methods and the simplicity of radiographic 

image analysis. However, the diagnosis of human welding 

defects may be related to errors due to the low quality of 

radiographic images. Therefore, today's radiographic 

images are analyzed by computer and automated image 

processing methods. In this work, a clustering method has 

been used to detect welding defects. The process is to first 

remove the negative effects such as noise in the image 

through preprocessing, improve the image quality, and then 

implement the fuzzy C-means (FCM) algorithm to identify 

welding defects. In this work, the independent variable is 

the number of clusters in the fuzzy clustering, and it has 

been shown that the accuracy of detecting defects in 

welding images increases as the number of clusters 

increases. Furthermore, based on the obtained results, the 

average accuracy of the method for small cracks, large 

cracks, and void defects is 92.01%, 94.67%, and 99.92%, 

respectively. 
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I. INTRODUCTION  

With the development of various welding process 

applications and their entry into the industry, this process 

has been proposed as the most important process for joining 

metal parts and has been considered for various 

applications like air conditioning and heating systems due 

to its main advantages such as speed and efficiency [1-3], 

rotating equipment [4-5], intelligent systems [6-7] and 

many types of electronic equipment [8-9], which are used 

in different industries including aerospace [10], solar 

energy [11-12], fuel cell [13-14], electrical [15-16], 

nanometer [17-18], automotive [19-20] applications. 

Since welding quality control is a very important issue, in 

addition to visual inspection methods and destructive 

analysis, non-destructive testing (NDT) is also considered 

by the public in welding control. Due to increasing success, 

non-destructive methods have found their way into various 

industries including foundry and non-metallic industries. 

Liquid penetrant testing (LPT), magnetic particle testing 

(MPT), and eddy current testing (EDT) are used to identify 

surface defects in welds, and industrial radiography and 

ultrasonic testing are used to identify deep defects in welds 

[21]. 

Since X-ray image analysis is simpler and less expensive 

than ultrasonic inspection, and X-ray is cheaper and more 

durable than ultrasonic inspection, this method has received 

more attention and is more widely used in the industry. In 

film-based radiographic methods, the results are subject to 

human error based on the quality and clarity of the film and 

depending on the welding position, but in newer methods 

using computer-based image processing and machine 
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vision, high-quality and high-resolution Films can be 

produced and welding defects identified in the shortest time 

and in the most accurate way [22]. 

Due to the importance and role of NDT in ensuring proper 

weld performance, these tests have been extensively 

studied and compared by many researchers in the field. The 

most common NDT tests are radiographic imaging, 

ultrasound, and magnetic resonance imaging. Gamma 

radiographic testing (GRT) is one of the common and 

important applications of radioisotopes in the industry [23-

25]. 

GRT is used in the industry to evaluate welding 

performance by radiographic images. The advantages of 

gamma imaging compared to other methods are 

comprehensive performance, non-disruption, high speed, 

and low cost. Gamma testing uses gamma-ray isotopes to 

check for weld defects. An operator or computer is used to 

interpret these images. For automatic interpretation, images 

are first stored digitally, then image quality is improved by 

preprocessing algorithms, and finally, methods related to 

defect detection are applied. Various methods can be used 

to identify defects in images [26-29]. 

The method proposed by Suhaila Abd Halim et al. Focus 

on pinpointing weld areas and defect areas with precision. 

The algorithm uses non-destructive testing methods to 

determine weld defects. Any defect that prevents successful 

welding is called a welding defect. Edge extraction of 

segmented weld defects to analyze defects. In this 

approach, welding defect detection can be improved by 

detecting welding defects and examining geometric 

features [30]. 

Another approach was proposed by H. Kasban et al., who 

extracted features from radiographic images to detect 

welding defects. In this method, the image is first converted 

into a one-dimensional signal. In the next step, for each 

transform, the common Mel-frequency coefficient cepstral 

and polynomial coefficients of the signal are obtained. 

Then, to extract features and compare them with each other, 

they obtained wavelet and discrete Fourier transforms. 16 

radiographs including Gaussian noise, speckle noise and 

Poisson noise and 72 weld defects have been used to 

evaluate the effectiveness of the method. According to the 

research results, the method can be used to automatically 

detect welding defects in radiographic images as well as in 

noisy environments [31]. 

In [32], the authors used geometric methods to find and 

classify welding defects in radiographs. First, for each 

segmented part, a set of 41 descriptors with the same 

texture patterns and geometric features is obtained, and this 

set is then used as the input to the classifier. The classifier 

uses image specifications with welding defects to learn how 

to classify each object in the class. Validated results using 

three methods of support vector machines, neural networks 

and k-nearest neighbors are examined. 

Among smoothing and denoising strategies, non-linear 

strategies were found to convey more satisfactory results 

compared to direct strategies. Some nonlinear methods 

using anisotropic diffusion filters (ADF), non-local means 

(NLM), fourth-order partial differential equations (PDE), 

range and domain filter grouping, nonlinear Gaussian 

filters and bilateral filters and their Extended filters for 

triangles [33-34], and are well known. In this paper, an 

anisotropic diffusion-based scheme is proposed to solve the 

problem of the deformed position of welds in noisy images. 

Perona and Malik were the first to use the anisotropic 

diffusion equation for image smoothing and edge finding. 

This classic strategy is called the P-M model [35], which 

enhances edge detection, image upscaling, image 

smoothing, image reconstruction, and intra-image feature 

partitioning. In [36, 37], two methods were proposed, 

followed by the P-M model, which has convinced many to 

date. Carter et al. [36] proposed a scheme that uses a 

Gaussian filter for pre-denoising before each iteration of 

the spread function. This scheme can effectively reduce 

noise; therefore, determining a reasonable value for the σ 

parameter of the Gaussian filter remains a problem. 

Rudin et al. [37] proposed a nonlinear Total Variation (TV) 

strategy. This scheme uses only gradients to have a better 

effect on the stairs. For a long time later, some modified 

anisotropic diffusion (AD) models with different schemes 

have been drawn closer for digital image processing. The 

modified AD models can be classified into two categories 

according to denoising processing and edge protection. On 

denoising strategies utilizing neighborhood data for 

propagation preparation, Tsai and Chao et al. Several 

anisotropic diffusion-based methods [38–43] have been 

proposed for noise removal and defect detection in 

sputtered glass, astronomical images, lean thin-film 

transistor images, solar wafers, and surface images. Tsai 

and Chao [38] defined an anisotropic diffusion (TCAD) 

strategy to detect defects in sputtered glass substrates with 

uneven texture. This strategy adaptively adjusts the 

importance of edge gradients using a non-negative 

decreasing function with a hardening gradient threshold as 

the diffusion coefficient. Chao and Tsai [39] encouraged to 

proposal an enhanced anisotropic diffusion strategy called 

CTAD. To remove noisy stars from nebula images, the 

strategy incorporates nearby grayscale fluctuation data into 

the propagation coefficient work. Another adaptation of the 

diffusion model [40] called CTAD-TFT effectively 

sharpens and smoothes low-contrast surface images, 

especially in glass substrates for lean thin-film transistor-

liquid gemstones, used in classical PM. Weighted 

sharpening spread function smoothing process model. 
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In the subsequent sections of this paper, the proposed 

method is reviewed and numerical results are obtained from 

the implementation of the proposed method. 

 

II. FUZZY C-MEANS CLUSTERING 

ALGORITHM 

In 1965, Lotfizadeh proposed fuzzy set theory, which 

became the basis of fuzzy clustering. Each cluster in fuzzy 

clustering has a set of members, and each member can 

belong to several other clusters with different membership 

ratios [41]. Fuzzy clustering of sets S to v clusters is defined 

by v membership function Uj. The following relationships 

are properties of membership functions: 

𝑈𝑗: 𝑆 → [0.1] 𝑗 = 1.2. … . 𝑣                                                  (1) 

∑ 𝑈𝑗

𝑣

𝑗=1
(𝑥𝑖) = 1 𝑖 = 1.2. … . 𝑙                                          (2) 

0 < ∑ 𝑈𝑗

𝑙

𝑖=1
(𝑥𝑖) < 𝑙 𝑗 = 1.2. … . 𝑣                                  (3) 

In the above relationship, Uj is the membership function. 

In this type of clustering, each xi vector can be assigned to 

each cluster with membership in the interval [0,1] specified 

by the membership function Uj [42]. 

In the fuzzy clustering algorithm, like the K-mean 

algorithm, it is necessary to preliminarily determine the 

number of clusters. In this method, the objective function 

is defined as follows. 

𝐽𝑚(𝑈, 𝑍; 𝑋) = ∑ ∑ 𝑢𝑖𝑘
𝑚

𝑛

𝑘=1

𝑐

𝑖=1

𝐷𝑖𝑘
2 = ∑ ∑ 𝑢𝑖𝑘

𝑚

𝑛

𝑘=1

𝑐

𝑖=1

‖𝑥𝑘 − 𝑣𝑖‖2        (4) 

Where 𝐷𝑖𝑘
2  is the distance between the data 𝑥𝑘 and the 

center of the cluster i. m ∈ [0, ∞) also determines the fuzzy 

value of the algorithm (usually m = 2). If m→1, the 

clustering will go into hard clustering, if m→∞, the 

clustering will go into fuzzy clustering. The membership 

degree of each data to each cluster is determined by the 

membership matrix 𝑈 = [𝑢𝑖𝑘]𝑐×𝑛 = (𝑢1. 𝑢1. … 𝑢𝑙)  where 

c represents the number of clusters and n represents the 

number of clusters data. The values of matrix U can be 

between 0 and 1, and the values of each column must sum 

to 1[43]. 

∑ 𝑢𝑖𝑘 = 1 . ∀ 𝑘 = 1.2. … . 𝑛

𝑐

𝑖=1

                                             (5) 

Using Equation (8) as well as minimizing the objective 

function, the following equations are obtained: 

𝑢𝑖𝑘 =
1

∑ (
𝑑𝑖𝑘

𝑑𝑗𝑘
)

2/(𝑚−1)
𝑐
𝑗=1

                                                    (6) 

𝑣𝑖 =
∑ 𝑢𝑖𝑘

𝑚𝑥𝑘
𝑛
𝑘=1

∑ 𝑢𝑖𝑘
𝑚𝑛

𝑘=1

                                                             (7) 

FCM includes the following steps: 

1- Initialize parameters c, m and U. 

2- Randomly select primary cluster centers. 

3- Determine the center (vi) of the new cluster. 

4- Determine the membership matrix of the clusters from 

the clusters computed in the second step. 

5- If the condition ‖𝑈𝑙+1 − 𝑈𝑙‖ <∈ holds, the algorithm 

terminates. 

In this algorithm, the determination of convergence and 

data training is also unsupervised. Disadvantages of this 

algorithm include long computation time and sensitivity to 

the selection of primary cluster centers [44]. 

 

III. PROPOSED METHOD 

Our proposed method consists of four steps; 1- capturing 

digital radiographs, 2- improving images (preprocessing 

stage), 3- segmenting images, and finally 4- finding 

welding defects. Each stage consists of multiple processes, 

each of which separately provides input to the next stage by 

performing its tasks correctly. Digital radiographs can be 

provided by digital cameras or scanners. During the 

recording of these photos, there may be damaging 

environmental effects on the quality of the photos, and 

noise may appear in the photos. First, the task of the image 

improvement part is to bring the image quality to the 

desired level and prepare it for the next step. Then, in the 

segmentation stage, try to identify large weld areas and 

separate them from the image background. Finally, the 

images are clustered by the FCM algorithm to find 

candidate defect regions, and after the images are 

completely classified, these regions are identified and 

compared with the actual defect regions to obtain the 

accuracy of the proposed method. The flowchart of the 

proposed method is shown in Fig. (1). In the following, 

each stage of the work is explained independently [45]. 

 

A.Digital radiographs 

Digital radiographs can be provided by digital cameras or 

scanners, which will have good quality images if their 

imaging clarity is 2400 dpi. 
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Fig. 1. Flowchart of the proposed method. 

 

B. Pre-processing 

Some of the problems with detecting welding defects 

through image processing are: 

• Low image brightness 

• Gray focus, low image contrast 

• Images with blurred edges 

• Large noise in the image 

Due to the above problems, the following methods can be 

used in the proposed algorithm: 

 

A.  Histogram Equalization 

One of the uses of a histogram is to increase the contrast of 

low-contrast images. When the image contrast is low, it 

means that the difference between the minimum and 

maximum brightness of the image is small. Adjust the 

histogram to increase the contrast of the input image as 

much as possible. Figure (2) shows the image before and 

after histogram equalization: 

 

 

 

 

 

 

 

 

 

 

Original Histogram Original Image 

 

 

New Histogram New Image 

 

 

Fig. 2. Histogram Equalization in the images to improve the 

quality [46] 

 

In this work, a histogram equalization operation is used to 

improve the contrast of the image. This improves the quality 

of the input image and leads to more accurate noise removal 

and region separation [46]. 

 

B.   NOISE REMOVAL FILTERS 

In this step, image noise is reduced by using various filters. 

Filters suitable for this purpose are the average filter and the 

medium filter. An intermediate filter is a nonlinear low-pass 

filter used to remove speckle noise from an image. This filter 

removes noise without removing or destroying pixels. This 

filter is commonly used to remove noise in radiographic 

images. In this work, a medium filter is used to remove salt 

and pepper noise [47]. In this work, a 3*3 mask is used to filter 

the image. 

 

Histogram with Noise Image with Noise 

 

 

H 

 

istogram without Noise 

 

 

Image without Noise 

 

 

 

  Fig. 3. Noise removal from the image using the medium filter [47] 
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IV. WELD AREA SEPARATION 

Images taken from welds include additional information 

such as length, item characteristics, and weld number. It is 

better to separate the weld area in the image from other 

additional information and use it as input for the main 

processing. Figure (4) also shows the separation of the 

redundant area from the welded area. Separating these 

areas is a very important operation. In this work, a threshold 

operation has been used to separate these regions. 

 

 

 
Fig. 4. Separation of excess areas from the weld area: a. original 

image, b. weld area.[46] 

 

V.  FIND THE DEFECT AREA USING IMAGE 

SEGMENTATION WITH FCM 

The regions that need to be segmented and extracted are the 

only ones that need to be welded, separating irrelevant 

information from the image. For this, segmentation 

methods commonly used in radiographic images are used, 

i.e. a set of filters such as Kirsch, bridge, smoothing or 

Prewi to find important information (welding defects) in 

the image pixels. At this step, the segmentation can be 

performed using a fuzzy clustering algorithm. For example, 

Figure (5) shows the segmentation of a welding image 

using a blurring algorithm. The image is segmented for 

many different regions. The more regions, the better the 

segmentation quality. 

To extract weld crack regions, FCM considers segmenting 

the image and selects the darkest clusters as crack regions. 

Then, with the help of attributes such as size, non-defective 

areas of the weld are identified and removed. 

 

 
Fig. 5. Segmentation of a welding radiograph [47] 

 

VI. SIMULATION RESULTS 

In this section, simulation results of the proposed method 

for evaluating system performance are presented. In the 

following, first a description of the data collected and their 

classification into several different groups according to the 

type of cracks and weld defects, and then the output of each 

step of the proposed method is explained in order to better 

understand the different groups of systems Images are 

given. Finally, the accuracy of the method on different 

types of data is given. 

 

A.  Data 

The input data of the proposed method is a collection of 

radiographic images, which are divided into 3 different 

categories [47], which are: 1- Data with cavity defects. 2- 

Data with large cracks 3- Data with small cracks. To 

simulate the real environment, the images have different 

qualities and different noises, examples of each category 

can be seen in Figure (6). 

 

 
Fig. 6. Preliminary images, a. Large cracks, b. Small cracks, c. 

Cavities 

 

Due to the efficiency of the proposed method in this work, 

multiple images use different features. In Figure (7) you 

can see an example of images used to evaluate the proposed 

method. The range of images used to evaluate the proposed 

method includes cracks and voids with various sizes and 
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shapes. Furthermore, the background of the image has 

various shapes, which can indicate the accuracy of the 

proposed method in the initial separation of the welding 

area from the background image. 

 

 
Fig. 7. The different type of images used to evaluate the 

proposed method, including cracks and cavities with various 

dimensions and shapes 

 

B. Implementation  

After collecting the data and classifying them into different 

groups, execute the proposed algorithm described in the 

previous section. 

1- In the first step, load the real image obtained from the 

database. 

2- Next, the image is split into 0 and 1 parts. This means 

that all pixels below a threshold level become 0, and pixels 

above that threshold level become 1. In this way, the whole 

image is divided into two parts. Figure (8.b) shows the 

binary and segmented main image. 

3- Since the purpose is to identify the weld area, the area 

around the metal should be removed and only the main area 

known as the weld area should be identified. To this end, at 

this stage, the largest area is selected as the welding area, 

and the rest are zero. Figure (8.c) shows the binary image 

after separation of the weld area. 

4- In this step, the weld area is cut on the master image and 

the type of weld cracks are divided into the desired area, 

depending on whether they are in the center of the area or 

at the top and bottom of the area. Figure (8.d) shows a large 

crack cut in the welded area on the original image. 

5- Then perform the main phase of the work, which is 

clustering using the FCM algorithm. In this way, the 

parameters of the FCM algorithm are first determined, and 

then the algorithm is executed to divide the image into 

several clusters. The desired image is then divided into 

different parts based on these clusters, and the final image 

clusters are obtained according to the FCM algorithm. 

Figure (8.e) also shows the initial image segmented by the 

FCM algorithm. 

6- In the last step, extract the area related to the weld crack 

from the entire desired area. In this step, the weld crack 

region is extracted, and considering the image segmented 

with FCM, the darkest cluster is selected as the crack 

region. Figure (8.f) shows the extraction of defect regions 

using the FCM algorithm. 

 

 
b 

 
a 

 
d 

 
c 

 
f 

 
e 

Fig. 8. Different steps of the proposed method in images with 

large cracks: original image, b. Binary and segmented raw 

images, c. Binary image after separation of welding regions, d. 

Cut out the welded area in the original image, eg. Initial image 

for FCM segmentation, f. Defect regions are extracted using the 

FCM algorithm. 

 

 

C. Evaluate the proposed method 

Finally, to evaluate the proposed algorithm, the correct 

areas of the weld cracks in the image, called Ground Truth, 

are first obtained manually, then these Ground Truth areas 

are compared with the areas obtained using the FCM 

algorithm, and the areas are correctly detected with the 

FCM algorithm according to the number of, the accuracy 

of the proposed method is obtained. 

 

 
Fig. 9. Comparison of defect areas for large cracks in a. Original 

images b. Using the proposed method 
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Fig. 10. Comparison of defect areas for small cracks in a. 

Original images b. Using the proposed method 

 

 
Fig. 11. Comparison of defect areas for cavities in a. Original 

images b. Using the proposed method 

 

The accuracy of weld defect detection in this system is 

measured by using the correct length and area detected by 

the algorithm. The average accuracies for all defects of 

large and small cracks and voids are listed in Table (1). 

The results in Table 1 show that the proposed algorithm has 

an average accuracy of 92.01%, 94.67% and 99.92% for 

weld defect detection of small cracks, large cracks and 

voids, respectively. 

The results of this study show that the best performance of 

the algorithm is on void defects, while the weakest 

performance of the algorithm is on small cracks. 

 

TABLE 1. Mean accuracy for all type of defects detection 

Mean Accuracy (%) Type of defect 

92.01% Small cracks 

94.67% Large cracks 

99.92% Cavities 

  

  

  

It should be noted that since the FCM algorithm sometimes 

fails to find cluster heads in local optimization, to avoid this 

problem, the results are recorded after 50 iterations per 

image. 
 

VII. CONCLUSIONS 

Automated methods are widely used to interpret and 

determine weld quality in radiographic images because of 

their simplicity, speed, and low cost. Numerous algorithms 

have been proposed to automatically detect welding 

defects, which are implemented with the help of machine 

vision techniques and digital image processing. In this 

work, an automatic method based on fuzzy clustering is 

used to detect regions related to welding defects. The FCM 

algorithm is a very effective method in digital image 

processing, and the algorithm also achieves high precision 

in the segmentation and detection of welding defects. 

 

TABLE 2. Description of Parameters 

Nomenclature 

U Total number of Matrix 
NL
M 

Non-Local Means 

𝑣 Clusters PDE 
Fourth Order Partial 

Differential Equation 

e  Rib Height (m) 
P–M 
Mod

el 

Perona and Malik 

Model 

c 
indicates the number of 

clusters 
FCM 

Fuzzy C-Means 
Algorithm 

u Matrix  NDT Non-Destructive Test 

x , y, 

z 

Cartesian Coordinate in 

Horizontal, Vertical, 
Depth Direction  

LPT 
Liquid Penetrant 

Testing 

i Number of rows MPT Magnetic Particle Test  

j Number of column  EDT Eddy Current Testing  

 t Total GRT 
Gamma Radiography 

Test 

AD Anisotropic Diffusion 
TCA

D 

Tsai and Chao an 

anisotropic diffusion 

strategy 

ADF 
Anisotropic Diffusion 
Filter  
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