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Abstract  

In this paper an application and selected implemented algorithms destined to an Intelligent System for 

Radiogram Analysis ISAR for welds quality inspection is presented. ISAR contains both hardware and software 

solutions and it can be use to improve information contained in the radiogram, extract defects, make  

a classification of them according to norms and decide on welds quality taking into account the relevant 

regulations. The aim of ISAR is to detect and recognize weld defects by using some classification algorithms and 

make decision about welds quality. This work describes the construction of ISAR software and chosen algorithm 

implemented in the main program. Some results of particular functions of classification are presented. 
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1. Introduction  

 
Radiography is one of the most popular nondestructive testing method. It is frequently used in 

vast range of industries branches. Its technical applications focus mainly on, but are not 

limited to, assessment of quality of metal parts and their connections. One of the greatest 

drawbacks of radiography nowadays is a matter of time and cost efficiency. Radiographic 

image acquisition itself is relatively fast and moderately expensive, the problem lies in the 

process of search and classification of defects. The time and cost can be reduced by 

application of digital image processing and neural networks algorithms in order to automate 

those processes in industrial radiography system [1]. ISAR (from polish Inteligentny System 

Analizy Radiogramów), the system of automated analysis of radiograms was previously 

presented [2, 3]. This is a system dedicated to help in radiologists’ work for welds quality 

inspection. System ISAR has to improve information contained in the radiogram, extract 

defects and decide on welds quality taking into account the relevant regulations. ISAR 

contains both hardware and software parts, radiogram importing, image processing, defects 

recognition and decided about weld quality. This work presents some specialized algorithms 

and results of defects classification.  

ISAR consists of image acquisition and processing part, quality analysis functions, objects 

extraction part with thresholding and other specialized functions, e. g. IQI detection, distance 

matrix calculation and defects parameterization. Image processing part can effectively 

increase the quality of X-ray images and help with extracting information about weld defects.  
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Figure 1. The view of a main menu and a main window of ISAR. 
 

It is possible to select the way of image processing and define the commands’ sequence. The 

view of a main menu and a main window of ISAR is shown in Fig. In this work we are also 

presenting selected results of classification algorithms. 
 

2. Image importing and enhancement part  

 
The first stage of the software side of ISAR is importing the radiogram and enhancement of it 

quality. Specialized filters are implemented to reduce the noise level and to sharpen the 

outline of defects on the digital picture. This stage includes: spatial and frequency domain low 

pass and high pass filters, morphological operations, non-linear filtering and histogram 

equalization functions. The completely description of these algorithms and sample results are 

contained in others ISAR works [2, 3].  

After this processing there is possible to select an interesting area (ROI – Region of Interest) 

with automatic detection of welds area and to start some algorithms to recognize objects on 

the radiogram, which can be potentially defects of welding connection. 

 

3. Specialized ISAR algorithms 

 
The segmentation function can be use to the welds area detection. Only the image part, which 

is under interest, is taken into consideration and to the defects search. The next stage of ISAR 

is thresholding by using Sauvola, Niblack and iterative algorithms. Some results of those 

algorithms work we can find in [2, 3]. 

After thresholding the digital radiogram must be subjected to an indexation algorithm. As  

a result to each object (which is potentially defect) a specific number is assigned. A distance 

matrix generation function makes a matrix of distances between every indexed objects or only 

between objects with “group” flag value settled as “TRUE” (this flag is changed by grouping 

function, described in the next chapter). The working and results of distance matrix creator 

are shown in work [3]. 

Some data, like e.g. “group” flag and parameters of objects created in function to calculate 

features of defects (see chapter 4.1), are contained in special, dedicated for ISAR, structure of 

data, made as a “Defects.h” header file. In this structure the C++ class “vector” were used. It 

is possible, by using this method, adding a new group to the all defects data-structure as a new 

defect. Also other functions can use this structure in very easy-way to extract important data 

of some defects features and make some changes in flags or classification results. 



One of the last stages of ISAR system’s work with the analyzed radiogram is defects grouping 

according to relevant norms. It concerns groups of gas pores, warm-holes and slag inclusions. 

Grouping operation is possible after using a specialized function to compute distances 

between all of objects and to create a distance matrix for the interested area of the radiogram. 

Some large defects in small areas are bound to groups and each group is recognized as one 

object with new features. Every such group is analyzed as a one defect.  

The algorithm of defects grouping must fulfill the conditions of norms [4], on recurrence of 

grouping among others. For example, if one group of very small defects is very close to 

another group, it is possible, that these two groups should be connected in one, new group  

of the same kind defects. Because of long computation time of distance matrix creating and of 

redrawing the digital picture after each stage of grouping, there was need to make a more 

complicated algorithm. However, the simplifications made in algorithm cause made some 

small number of false alarms. In practice, we can assumed, that every “group of groups” of 

defects causes negative decision about weld quality. With this assumption we can obtain the 

similar number of false alarms. The diagram of applied grouping function is shown on Fig. 2. 

Groups of inclusions and other defects are confronted with norms [4]. 
 

 
 

Figure 2. The block-scheme of grouping algorithm.  



4. Weld imperfections identification 

 
Procedures of weld imperfections identification are curtail components of the system of 

automatic analysis of the radiograms. Level of properly classified weld imperfections will be 

deciding on the effectiveness of further procedures for analysis and evaluation of radiograms, 

and therefore also on the performance of the ISAR system. Identification follows by the need 

of carrying out the classification process. One of the possible solutions is to apply artificial 

neural network (ANN). ANNs are applied wherever there is a need for generalization of data 

patterns and distinguish their classes and at the same time the algorithm itself is not 

significant, but the result of its actions. Besides artificial neural networks, k-means clustering 

and it’s simplification have been implemented and tested. K-means is a method of finding k 

clusters in n multidimensional observations. Each cluster is defined by mean value, and each 

observation belongs to a cluster with the nearest mean. Any new observations are classified 

by finding their nearest mean. Simplified algorithm exploits the fact, that correct classification 

is a prior knowledge. It computes mean values of each class and finds nearest means exactly 

as in standard k-means. 

In this section, the results of application of described identification algorithms will be 

presented and compared. 
 

4.1. Model imperfections database 
 

Possession of real images of imperfections is essential contexts of preparing artificial 

intelligence algorithms for processing and radiogram analysis. The reliable and extensive 

database of real images of welding irregularities is required in ANN learning and verifying. 

Model radiographs are selected from a vast collection of real images of welding imperfections 

in order to collect the most representative images of imperfections from every type of objects 

being under interest. In this case, the radiograms were delivered by a company operating in 

the field of nondestructive testing especially for the need of shipbuilding industry for more 

than twenty years. The selection was made taking into account the existence of irregularities 

and imperfections in the x-ray images that best characterized a particular group of 

irregularities. This resulted in obtaining a catalog of sixty radiograms that were categorized in 

five groups according to the norms. Finally, over 1573 various defects have been selected and 

catalogued resulting in the following statistic: 4.3% of defects from group 100, 32.6% of 

defects from group 200, 27.8% of defects from group 300, 30.4% of defects from group 400 

and 4.9% of defects from group 500. For every imperfection over 60 features was calculated. 

The features describe geometrical and textural properties of objects such as shape, color, 

position in the radiogram, closest surrounding and more. Most of proposed features are 

derived from a statistical analysis. List of selected parameters are shown in Tab. 1. 

It is clearly visible that some of those features may be redundant due to a linear dependence 

among them or mutual similarity. Components that are a linear combination of other 

components have negative influence on performance of learning of AI systems. Figure 3 

shows matrix of correlation coefficients evaluated among features. For each pair of features, 

the hypothesis of no correlation was tested. Each result p of such test is the probability of 

getting a correlation as large as the observed value by random chance, when the true 

correlation is zero. It was assumed that p<0.05 stands for strong correlation. 
 

 

 



Table 1. List of selected defect’s parameters 

No. Name No. Name 

1 Elongation 17 Anisometry 

2 Ellipse angle 18 Mean Brightness 

3 Principal components elongation 19 Max Dev of Brightness 

4 Longer diagonal of ellipse 20 Center of gravity according to 

brightness (x) 

5 Shorter diagonal of ellipse 21 Center of gravity according to 

brightness (y) 

6 Ellipse area 22 Width 

7 Points outside ellipse 23 Height 

8 Angle 24 Lengthening index 

9 Area 25 Rectangularity 

10 Perimeter 26 Compactness 

11 Malinowski's coefficient 27 L/a Ratio 

12 Center of gravity (x) 28-38 Moments 

13 Center of gravity (y) 32-38 Central moments 

14 Blair-Bliss coefficient 39-45 Normalized moments 

15 Danielson's coefficient 46-60 Invariant moments 

16 Harlick's coefficient 

 

 

 
 

Figure 3. Dependence among features listed in Table 1. Dark points stand for no 

correlation. 
 

 

There are several ways to remove linear dependency between particular features. The most 

common is principal components analysis (PCA). The pareto plot in the Fig 4. shows that the 

only clear break in the amount of variance accounted for by each component is between the 

first and second components. However, that component itself explains at least 40% of  

the variance, so more components are probably needed. One can see that the first eight 

principal components explain roughly 90% of the total variability in the standardized ratings, 

so that they might be a reasonable way to reduce the dimensions. 



 
 

Figure 4. Plot of the percent variability explained by each principal component. 
 

 

4.2. Identifications algorithms 
 

The weld imperfections classification process was carried out utilizing three algorithms: ANN 

networks, k-means clustering and simplified k-means. In case of ANN algorithm, the whole 

identification process was split into two stages: first the degree of affiliation of defect being 

identified to each of five main imperfections groups [1] were assessed and then in the second 

stage the final decision was made. In both stages six different Multi-Layer Perceptron Neural 

Network (MLPNN) were utilized: five in the first and one in the last. Utilized networks 

consisted of 8 to 16 neurons in 2 hidden layers. 

K-means and simplified k-means have been tested on entire database, without splitting into 

learning and testing base (i.e. testing and learning base were the same). It was due to the 

assumption, that this was “best case scenario” for those algorithms and testing with split 

database wouldn’t exceed it with its overall performance. 

Moreover, both algorithms have been tested in four main cases: raw parameters, parameters 

after PCA, parameters after PCA and normalization and normalized parameters without PCA. 

Large amount of optimizations (1000) have been carried out in order to reduce k-means 

problem with falling into local minima. 

In order to validate the performance of the proposed algorithms the estimation was carried out 

for the model weld imperfections separated from weld database. In order to verified  

the efficacy of the identification algorithms a proper classification coefficient was computed: 
 

N

NPC
pcc =

      (1) 

where: pcc corresponds to proper classification coefficient, NPC to number of proper 

classified cases and N to total number of cases considered in the process. The value of pcc is 

within the range of 0 and 1, where 0 corresponds to zero cases properly classified and 1 to all 

cases properly classified.  

The pcc coefficient was computed considering six cases, for each weld imperfection groups 

separately as well as for all groups. The results obtained for different identifications 

algorithms were presented in Table 2. 



Table 2. Proper classification coefficient results obtained for proposed algorithms 

Identification algorithm pcc100 pcc200 pcc300 pcc400 pcc500 pcc100-500 

ANN algorithm 0,56 0,69 0,57 0,71 0,47 0,65 

k-means clustering (raw) 0,00 1,00 0,00 0,03 0,12 0,34 

k-means clustering (PCA) 0,00 1,00 0,00 0,03 0,12 0,34 

k-means clustering (PCA + norm.) 0,16 0,64 0,64 0,00 0,16 0,40 

k-means clustering (norm.) 0,46 0,33 0,25 0,59 0,35 0,39 

Simplified k-means (raw) 0,40 0,76 0,05 0,19 0,34 0,35 

Simplified k-means (PCA) 0,40 0,76 0,05 0,19 0,34 0,35 

Simplified k-means (PCA  + norm.) 0,59 0,48 0,58 0,14 0,34 0,40 

Simplified k-means (norm.)  0,71 0,44 0,28 0,63 0,57 0,47 

 

As can be seen in table 2, among tested methods artificial neural networks yield the best 

results. Only for weld imperfection group 500 the pcc is below 0.5. It can be explained by the 

lowest number of imperfections rated to that group. K-means clustering and it’s simplified 

form, even in their best case scenario, cannot exceed fifty percent of correct classifications.  

It also turned out, that PCA on its own doesn’t change results of k-means clustering, 

difference in outcome is introduced by normalization. 

 

5. Conclusions  
 

The conception of ISAR system is prepared to apply in industrial non-destructive testing. 

Presented functions do not encompass entire functionality of presented system, as it is freely 

expandable due to described programmatic approach. Finally, the system ISAR will detect 

weld defects in radiogram and help radiologist in his work as a complete intelligent system. 
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