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Defects or cracks of ceramic materials produced in welding process can jeopardize the structural health of 

important constructs such as ship and airplane. Automatic segmentation of radiograph images is an 

essential component of the much-needed automatic defect inspection system in nondestructive testing of 

ship building industries.  In this paper, we propose a method based on fuzzy logic in intensity enhancement 

and binarization. After anisotropic filtering, we apply fuzzy stretching to enhance the intensity contrast. 

Then we apply fuzzy binarization to form a defect object. In that process, we apply Fuzzy C-Means clustering 

to determine adaptive threshold parameter of the binarization. In experiment, the proposed method shows 

more stable and highly successful rate in defect detection from 80 welding radiographic images with 92.5% 

success rate compared with 53.8% of previous K-means based approach. Also, the proposed method can 

find defects from relatively thicker materials (including 16mm and 22mm) as well as thin material images 

which was regarded as a weak point of using radiographic image inspections. 
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I. INTRODUCTION 

 
Nondestructive Testing (NDT) refers to a group of analysis 

techniques to find defects and disorders of materials or a 

product without damaging its functional of shaping properties. 

In NDT of metallic pieces, the most important stage is the 

detection of welding defects which are detrimental to the final 

product quality (Thiruganam et al., 2010; Rajkolhe & Khan., 

2014). Welding is used in many engineering applications such 

as ship construction (Kahanov et al., 2015; Suratkar et al., 

2013; Zhang, 2016), automobile industries, bridge 

constructions, and aircraft machine frames constructions (Ma 

& Zhou., 2014).  In welding of ship materials, there is a great 

discrepancy between theoretical and observed fracture 

strength due to the presence of very small, microscopic flaws 

and cracks that even happens under normal conditions (Zhang, 

2016). 

There are a number of nondestructive evaluation techniques 

available for producing two-dimensional and three-

dimensional images of an object and X-ray imaging is widely 

used in industry since the experts are able to identify most 

types of defects in the images produced by this method. The 

method is based on the fact that the defective areas absorb 

more energy and thus the defects appear darker in the image. 

However, the interpretation of weld radiographs is subjective 

in that even experienced inspectors may disagree with each 

other and often time-consuming (Valavanis & Kosmopoulos, 

2010). However, radiographic analysis is regarded as a weak 

method in detecting delicate but dangerous flaws especially in 

the thick sections (Marefat et al., 2011). Furthermore, there 

can be the inspector subjectivity (Kim & Woo, 2010).  

Thus, it is natural to pursuit to build an automatic welding 

inspection system (Kim & Woo, 2010; Wang & Liao, 2002) to 

detect cracks, spiracles, and other foreign substances that 

form various types of defects to maintain the reliability of the 
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metal constructs whether they are thin or thick. 

Such automatic inspection system typically consists of three 

components such as image segmentation, feature extraction, 

and defect pattern classification. In the segmentation phase, it 

requires efficient noise removal and enhances the image 

contrast to detect the defects from the image so that the 

principal objects in the image can be more apparent than the 

background. Then, we need a meaningful set of features that 

characterizes welding defects with high discriminatory power. 

Various machine learning techniques are then applied to 

classify defect patterns using neural network (Valavanis & 

Kosmopoulos, 2010; Kesharaju et al., 2014), fuzzy K-means 

(Zapata et al., 2010), and C4.5 (Chen et al., 2013). 

However, segmentation step remains a very delicate process 

since there are many occasions having irregular types of noise 

and low contrasted images (Thiruganam et al., 2010). From 

different perspective, adaptive edge detecting algorithms with 

contour analysis (Hocenski et al., 2006; Mansoory et al., 2008) 

have been used in defect detection but these techniques are 

argued due to its sensitivity to the noise (Silveria et al., 2009). 

Automatic intelligent threshold supplements of this strategy 

(Mansoory et al., 2008; Sarin et al, 2018) also suffer from the 

low brightness contrast of given images. Actually the defect 

detection in the segmentation step can be framed as a pixel 

clustering followed by an object forming process, where the 

goal is to classify each image pixel as a defect or not (Ferguson 

et al., 2018; Kim & Song., 2016). 

With object formation by pixel clustering strategy, K-means 

(Kim & Woo, 2014) and ART2 learning (Kim et al., 2018) have 

been tried and obtain reasonable result. While being effective 

in most cases, both strategies need careful preprocessing for 

noise removal and image contrast enhancement. Also, ART2 

learning was undesirably sensitive to the boundary variable 

values so that the scalability of such strategy was questioned 

(Kim & Song ., 2017). Several filtering and binarization 

combinations are applied to find optimal defect identification 

in ceramic materials but each strategy has pros and cons (Kim 

& Song., 2017; Kim et al., 2014; Kim & Song, 2016). 

In this paper, we try to optimize automatic segmentation 

process for welding ceramic materials. We adopt anisotropic 

filtering (Kim et al., 2014) with fuzzy stretching for intensity 

contrast enhancement. Furthermore, fuzzy binarization 

algorithm is applied based on Fuzzy C-Means (FCM) clustering 

to decide adaptive threshold for the pixel classification. This 

new approach will be compared with K-means clustering based 

approach (Kim & Woo, 2014). The ceramic images tested in 

this paper have various thickness types such as 8mm, 10mm, 

11mm, 16mm, and 22mm for ship building materials. 

 

II. MATERIALS AND METHOD 

 
A. Contrast enhancement 

 

We adopt anisotropic filtering (Perona & Malik, 1990) to 

enhance the image quality since it can eliminate aliasing 

effects and reduce blurring compared with Gaussian filtering. 

It has been successful to enhance the quality of the original 

image for various applications such as satellite images 

(Grazzini et al., 2005), astronomical images (Chao & Tsai ; 

2006), medical images (Villain et al., 2003), and forensic 

images (Meihua & Zhengming., 2004). However, this scheme 

alone is not sufficient to solve our goal of image contrast 

enhancement since it smoothies the information identically in 

all directions (Abdallah et al., 2016). We use this filter only to 

enhance the general quality of input image. The filter is 

defined as equation (1). 

 

𝐼𝑡 = 𝑑𝑖𝑣(𝑐(𝑥, 𝑦, 𝑡)∇𝐼 = 𝑐(𝑥, 𝑦, 𝑡)∆𝐼 + ∇𝑐 ∙ ∇𝐼  (1) 

 

where div denotes divergence operator and ∇ and ∆ demote 

gradient and Laplacian operator respectively with conduction 

coefficient 𝑐(𝑥, 𝑦, 𝑡) . The effect of anisotropic filtering is as 

shown in Figure 1. 

 

Figure 1. The Effect of anisotropic filtering 

 

From the ceramic X-ray image of ship building material, we 

 

(a) Input Shape 

 

(b) After Filtering 
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apply horizontal and vertical histogram and extract region of 

interest (ROI) for welding. Then, remove the background with 

least square method. The result might be as shown in Figure 2. 

 

 

Figure 2. ROI after least square 

 

In order to enhance the intensity contrast to identify the 

defect area, we apply fuzzy stretching with trapezoid type 

membership function. In general, fuzzy logic based intensity 

enhancement is more noise tolerant (Shin & Jung., 2017). Our 

fuzzy stretching process can be described as follows. The 

average intensity is as shown in equation (2). 

 

𝑋𝑚 = ∑
𝑋𝑖

𝑀𝑁

𝑀𝑁
𝑖=0      (2) 

 

where Xi denotes the intensity value of current pixel and M, 

N denote the width and the height of the region respectively. 

The distance from the brightest pixel(𝐷𝑚𝑎𝑥  ) and the darkest 

pixel(𝐷𝑚𝑖𝑛) are defined as equation (3). 

 

𝐷𝑚𝑖𝑛 = |𝑋𝑚𝑎𝑥 − 𝑋𝑚|

𝐷𝑚𝑎𝑥 = |𝑋𝑚 − 𝑋𝑖𝑛𝑚|
   (3) 

 

The adjustment rate (δ) is defined as equation (4). 

 

𝑖𝑓(𝑋𝑚 > 128) 𝑡ℎ𝑒𝑛 𝛿 = 255 − 𝑋𝑚   

𝑒𝑙𝑠𝑒 𝑖𝑓(𝑋𝑚 ≤ 𝐷𝑚𝑖𝑛) 𝑡ℎ𝑒𝑛 𝛿 = 𝐷𝑚𝑖𝑛  

𝑒𝑙𝑠𝑒 𝑖𝑓(𝑋𝑚 ≥ 𝐷𝑚𝑎𝑥) 𝑡ℎ𝑒𝑛 𝛿 = 𝐷𝑚𝑎𝑥

𝑒𝑙𝑠𝑒 𝛿 = 𝑋𝑚                                             

 (4) 

 

Then the membership function of our fuzzy stretching is 

shown as Figure 3 and important interval points of the 

membership function are defined as equation (5). 

 

𝐼𝑚𝑎𝑥 = 𝑋𝑚 + 𝛿
𝐼𝑚𝑖𝑛 = 𝑋𝑚 − 𝛿

𝐼𝑚𝑖𝑑 = (𝐼𝑚𝑎𝑥 + 𝐼𝑚𝑖𝑛)/2

𝐼𝑚𝑖𝑑1 = (𝐼𝑚𝑖𝑑 + 𝐼𝑚𝑖𝑛)/2

𝐼𝑚𝑖𝑑2 = (𝐼𝑚𝑖𝑑 + 𝐼𝑚𝑎𝑥)/2

   (5) 

 

There are critical intervals that define the structure of 

trapezoid shown in Figure 3. The lower limit is in [𝐼𝑚𝑖𝑛, 𝐼𝑚𝑖𝑑1] 

as shown in Figure 4 (interval A) and the upper limit is in in 

[𝐼𝑚𝑖𝑑2, 𝐼𝑚𝑎𝑥] as shown in Figure 5 (interval C). The interval B 

defined as [𝐼𝑚𝑖𝑑1, 𝐼𝑚𝑖𝑑2] is flat 1 as shown in Figure 3. 

 

Figure 3. Membership function for fuzzy stretching 

 

 

Figure 4. Membership for lower limit 

 

 

Figure 5. Membership for upper limit 

 

With center-of-gravity method, the defuzzification process is 

defined as equation (6), (7), (8) where α, β denote the lower 

and upper limit in fuzzy stretching respectively. 

 

α =
∑ 𝑢(𝐼𝑖)𝐼𝑖

𝑚𝑖𝑑
𝑖=0

∑ 𝑢(𝐼𝑖)𝑚𝑖𝑑
𝑖=0

    (6) 

β =
∑ 𝑢(𝐼𝑗)𝐼𝑗

𝑚𝑎𝑥
𝑗=𝑚𝑖𝑑

∑ 𝑢(𝐼𝑗)𝑚𝑎𝑥
𝑗=𝑚𝑖𝑑

   (7) 

f(I) =
𝐼−𝛼

𝛽−𝛼
    (8) 

 

where f(I) is the stretched intensity value of current pixel I. 

The effect of proposed fuzzy stretching is as shown in Figure 6. 

 

Figure 6. The effect of fuzzy stretching 
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B. Defect detection with fcm based fuzzy 

binarization 

 

In the binarization process, it is important to have critical 

threshold value relatively immune to its environment. 

Especially for ceramic welding defect detection, defects appear 

in various ways such that any method with fixed threshold 

often fails to obtain proper result (Silveria et al., 2009; Kim & 

Woo, 2014; Kim & Song, 2016). In this paper, we apply fuzzy 

binarization. In that process, the binarization is only applied 

to pixels having relatively higher membership degree with 

respect to a threshold called α-cut (Kim et al., 2014). We 

propose a method to define such threshold as a function of the 

Fuzzy C-Means clustering that has been successfully used in 

medical imaging application (Kim et al., 2018). FCM is used to 

determine binarization threshold α-cut as shown in Figure 7 

and equation (12). 

The FCM process in this paper is as following; 

Step 1: Initialize c (2≤c<n) and exponential weight m 

(1≤m<∞). Also initialize the error threshold (ε) for terminating 

condition and the membership degree U(0). 

Step 2: Compute the value of central vector vij as shown in 

equation (9) for {vi | i=1, 2, …, c}. 

 

𝑣𝑖𝑗 =
∑ (𝑈𝑖𝑘)𝑚𝑥𝑘𝑗

𝑛
𝑘=1

∑ (𝑈𝑖𝑘)𝑚𝑛
𝑘=1

   (9) 

 

where X is the input pattern, 𝑖  is the cluster index, 𝑗  is the 

pattern node index. 𝑘 is the pattern index, 𝑛is the number of 

patterns, and 𝑈 is the membership function. 

Step 3: Define the distance metric as equation (10). 

 

𝑑𝑖𝑘 = √∑ (𝑥𝑘𝑗 − 𝑣𝑖𝑗)2𝑙
𝑗=1     (10) 

 

where the distance 𝑑𝑖𝑘 is defined as between the k-th pattern 

𝑥𝑘  and the central vector of the i-th cluster, and 𝑢𝑖𝑘  is the 

membership degree of 𝑥𝑘 among patterns in the i-th cluster. 

The new membership degree function 𝑈(𝑟+1)  is defined as 

equation (11). 

 

𝑈(𝑟+1) = 1/ ∑ (
𝑑𝑟𝑖𝑘

𝑑
𝑟𝑗𝑘

)2, for 𝐼𝑘 = ∅𝑐
𝑗=1   (11) 

 

where l denotes the number of pattern nodes and c denotes 

the number of clusters. 

Step 4: Compute the difference (𝑈(𝑟+1) -𝑈(𝑟) ) between the 

new membership and the previous membership degree. If the 

difference is less than the error threshold (ε), then the 

algorithm terminates otherwise go to Step 2. 

Obtained intensity values of cluster centers are then applied 

to equation (12). 

 

𝛼 − 𝑐𝑢𝑡 =
∑ 𝜂𝑖

𝑐
𝑗=1

𝑐
/255   (12) 

 

where c denotes the number of clusters and η denotes the 

cluster centre pixel. 

 

 

Figure 7. Membership function for fuzzy binarization 

 

Critical interval defining points [ 𝐼𝑚𝑖𝑛 , 𝐼𝑚𝑖𝑑 , 𝐼𝑚𝑎𝑥 ] are 

computed as equation (4) of fuzzy stretching process. Then the 

final binarization us done with equation (13). The effect of 

fuzzy binarization is shown as Figure 8. 

 

𝑖𝑓(𝑋𝑚 < 𝐼𝑚𝑖𝑛) 𝜇(𝑦) = 1                                                      

𝑒𝑙𝑠𝑒 𝑖𝑓(𝑋𝑚 > 𝐼𝑚𝑖𝑛  𝑎𝑛𝑑 𝑋𝑚 < 𝐼𝑚𝑖𝑑) 𝜇(𝑦) =
𝑋𝑚−𝐼𝑚𝑖𝑛

𝐼𝑚𝑖𝑑−𝐼𝑚𝑖𝑛

𝑒𝑙𝑠𝑒 𝑖𝑓(𝑋𝑚 > 𝐼𝑚𝑖𝑑) 𝜇(𝑦) = 0                                            

 (13) 

 

 

Figure 8. The effect of proposed fuzzy binarization 

 

III. RESULT AND DISCUSSION 

 

The proposed method is implemented with Microsoft Visual 

Studio 2017 on the IBM-compatible PC Intel(R) Core(TM) i5-

8400 CPU with 8.0 GB RAM. Welding X-ray images are from 

NDT and Radiation Safety Center at Dong-Eui University, 

Pusan, Korea. Total 80 images for defect detection testing of 

ship building ceramic materials with various thicknesses - 

8mm, 10mm, 11mm, 16mm, and 22mm. Various detection 

results with different thickness are shown in Figure 9. 
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Figure 9. Automatic defect detection examples 

 

In Figure 9, for each thickness value case, detected defect is 

represented in red at the image below the input. 

The performance of proposed method is compared with K-

means based approach (Kim & Woo, 2014) as summarized in 

Table 1. In that K-means based approach, Max-Min 

binarization was used. That strategy was cheap and easy to 

understand but the performance was unsatisfactory since K-

means could not discriminate defected pixels from normal 

area with low contrasted images. A typical example that the 

proposed method overcomes the failure of K-means based 

approach is shown in Figure 10. 

 

 

Figure 10. Comparison of proposed method with K-means 

based method 

Table 1. Defect detection performance result 

Thickness K-Means Proposed Total 

8mm 0 13 15 

10mm 16 19 20 

11mm 9 10 10 

16mm 0 8 10 

22mm 18 24 25 

Total 43 74 80 

Success 53.8% 92.5%  

 

The performance of defect detection is improved remarkably 

as shown in Table 1. Although fuzzy stretching - FCM - Fuzzy 

binarization procedure proposed in this paper is 

computationally more expensive than the simple K-means 

with Min-Max binarization approach (Kim & Woo, 2014), it is 

worth doing in that the performance of the proposed method 

is much better and more stable. The proposed method 

successfully detect welding defects in between 80% and 100% 

regardless of the thickness of given images whereas K-means 

based approach totally fails to find defects in 8mm and 16mm 

data. 

 

 

(a) 8mm Case Defect Detection 

 

(b) 10mm Case Defect Detection 

 

(c) 11mm Case Defect Detection 

 

(d) 16mm Case Defect Detection 

 

(e) 22mm Case Defect Detection 

   

            (a) Input                        (b) Failed by K-means 

 

(c) Defect Detection by Proposed Method 
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Figure 11. Failed defect detection 

 

Unfortunately, the proposed method still fails to detect 

defects in some cases as shown in Figure 11. With our post-hoc 

analysis, we find that the proposed method may have over- or 

under-estimate the cluster centre intensities in FCM process in 

failed cases. Specifically, there exists a trend to have extremely 

skewed distributions of centre points in FCM. Thus, the critical 

threshold is not appropriately given. We doubt that the fixed 

initialization of the number of clusters in FCM process is the 

reason of such failure. 

 

IV. CONCLUSION 

 
In this paper, we propose a fuzzy logic based automatic 

segmentation approach to detect welding defects of various 

thickness cases from X-rayed images. Initial noise reduction 

is done with anisotropic filtering that has no aliasing effect. 

Image intensity contrast is enhanced by least square method 

and fuzzy stretching. Then, we apply fuzzy binarization with 

environment adaptive threshold based on FCM clustering. 

Membership functions for these fuzzy control is given 

trapezoid type thus interval control should be carefully treated 

in this approach. 

In experiment with 80 images of five different thickness 

cases, the proposed method shows 92.5% success in defect 

detection that is a remarkable improvement from previous K-

means based approach. Also, there was no more than 2 cases 

of the same thickness (among 10 ~ 25 input images for each 

thickness type) of failed defect detection. 

From a post-hoc analysis of a few failed cases of this 

experiment, we doubt that the fixed number of clusters may 

cause FCM process less flexible than expected and that is the 

main source of a few failed cases of this experiment. We may 

need to explore a dynamic control strategy for FCM or a deep 

learning approach that arises very recently in this field 

(Ferguson et al., 2018) to avoid such failure. 
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