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Abstract. In this paper, different approaches to automatic and semi-automatic data 

analysis within X-ray inspection of welds have been reviewed. The reason for the 

limited number of industrial implementations of such automatic data analysis 

solutions within the quality critical manufacturing industry segment (e.g. aerospace 

and oil and gas industry) has then been analyzed. A conceptual solution for semi-

automatic data analysis, potentially more suitable for industrial implementation in 

such quality critical applications, has been outlined and proposed together with a set 

of identified research gaps that require attention. Our proposed solution is semi-

automatic rather than fully automatic. It leverages recent developments in machine 

learning in order to minimize the human effort required to generate annotated training 

data. Thus, the method effectively selects an as small as possible dataset that needs to 

be analyzed (and annotated) by a human operator. A key ingredient of our proposed 

method is to utilize a conservative estimate of confidences, which is valuable 

feedback data for further analysis and also assists in training data generation. 

1. Introduction 

This paper is focused on the data analysis part of nondestructive evaluation (NDE) of welds 

with digital X-ray radiography. NDE with the aim of ensuring a certain level of material 

quality at manufacturing can be divided into three phases: planning, data collection, and data 

analysis. In the planning phase a hardware setup and overall procedure is derived for the 

specific application (e.g. the material defect to detect in what component geometry). In the 

data collection phase an object to be inspected is physically brought into an inspection setup 

and in the case of digital X-ray radiography a set of X-ray radiographs (1- or 2- dimensional 

images), one or more, is collected. In the third phase the collected data is analyzed, e.g. 

radiographs interpreted, and turned into quantitative information (e.g. positions and type of 

material defects) that can be utilized to take a decision on the quality of the inspected object. 

For many applications, a high level of automatization of the data collection is 

engineering art rather than an open research problem. This is however, in general, not true 

for the data analysis part which then becomes the bottle neck when it comes to increasing the 

level of automatization of the whole inspection. Solutions with fully automatic analysis do 

exist for some applications like aluminum castings (e.g. automotive wheels) or electronic 

components. However, for X-ray inspection of welds it is still an open research question. The 

overall difficulty when trying to increase the level of automatization of the data analysis is 
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for the computer algorithms to cope with variation. The variation can be for example 

variation in material defects (e.g. size, type, orientation) or the material and geometry of the 

products (e.g. weld shape and position). 

In this paper different approaches to automatic and semi-automatic data analysis 

within X-ray inspection of welds have been reviewed. The reason for the limited industrial 

implementation of such automatic data analysis solutions within the quality critical 

manufacturing industry segment (e.g. aero industry and oil and gas) has then been analyzed. 

A conceptual solution has been proposed, in theory, together with a set of identified research 

gaps that require attention. 

2. Review of scientific studies 

The automatic and computer assisted analysis of X-ray images with the objective to identify 

material defects within the imaged object can be divided into (inspired by (1; 2)) three 

overlapping categories: generic minimum prior knowledge based, typically machine learning 

(in this context the learning data is not considered prior knowledge); reference based, 

requiring a lot of prior knowledge; statistical hypothesis testing based, requiring prior 

knowledge. Some examples of prior knowledge, information, or assumptions are: the weld 

position within the radiograph; ranges for the physical size of the object; typical size, type, 

and position of relevant material defects; information formation chain from the X-ray 

physical interactions with matter. In this section the current state of the art within each 

analysis approach as well as some important differences and similarities between them will 

be described. 

All of the listed approaches typically include a preprocessing step. This step includes, 

apart from the previously described calibration and correction operations close to the detector 

hardware, noise reduction and contrast enhancement. Noise removal consists of removing 

short length scale noise (for example electronic and X-ray quantum noise) and medium or 

large length scale noise (for example intensity variations from the weld geometry or the 

overall geometry of the component) from the radiograph. 

Reference based approaches subtract an ideal (prior knowledge) radiograph from the 

acquired radiograph and evaluates the differences (3; 4), whereas the generic approach might 

for example utilize low pass filters (5), (6), and a statistical hypothesis approach typically 

assume some mathematical function or base functions at the medium and long length scale 

noise background (1). For example, in (7) and in (4), welding defects are detected as 

deviations from a curve fit, where the curve fit represents the intensity variations originating 

from the weld geometry. In some cases, for example in most additive manufacturing methods 

there exists a digital CAD-model of the object, and mathematical models of the X-ray 

inspection, e.g. (8), could potentially be used for such generalized background subtraction. 

As a rule of thumb, geometrical noise can also be suppressed by avoiding it in the first place 

by an appropriate choice of inspection procedure, e.g. single wall imaging instead of multiple 

wall imaging. 

The preprocessing step might also contain some contrast enhancement operation. 

Methods based on histogram equalization (3), where the mapping of intensity values into on-

screen gray values is adjusted, are commonly utilized. 

In statistical hypothesis testing, a test statistic is calculated inside a kernel for each 

spatial position in the radiograph (image). Utilizing a spatially invariant model (prior 

knowledge) of the expected statistics of pure noise (the physics of the X-ray interaction has 

an intrinsic randomness) standard hypothesis tests can check for the probability of the region 

containing an anomaly of not (9; 10; 1). The term anomaly is used to differentiate it from a 
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defect, since the algorithms typically stop at this stage without further characterization of the 

anomaly indication. 

After the preprocessing stage, the generic based and reference based approaches 

apply segmentation, feature extraction, and classification steps. At the segmentation step 

potential material defect indications are selected, which also may include the selection of the 

region of interest. In each segmented region a set of features is extracted (feature vector). In 

a final step classification of the defects is performed, where the classification labels may also 

include a “not a defect” label. 
There exists a multitude of segmentation methods in literature. A comprehensive 

study comparing the applicability of utilizing different segmentation methods for detecting 

different defect types in radiographs was conducted in (11). The conclusion was as follows: 

(i) edge detection (for example Canny or Laplacian edge detection) was applicable for 

detecting slag-inclusion, incomplete penetration, and transverse cracks; (ii) region growing 

was applicable for detecting lack of root penetration, undercuts, and gas cavities; (iii) 

watershed segmentation was applicable for detecting wormhole type cavities, lack of fusion, 

slag inclusion, and slag line. An overview of segmentation approaches in radiographs can 

also be found in (5). For an in-depth description of all of these segmentation methods see for 

example (12). However, it is worth noticing that region growing segmentation, where regions 

are expanded starting from seed sites are often based on a measure of variation within the 

growing region (11; 13), and are therefore similar to the already described statistical 

hypothesis testing approach. 

An alternative approach to the above segmentation methods is to use a model of the 

object of interest (for example a specific defect type) and match it against regions in the 

radiograph. Interesting results on detecting longitudinal cracks in welds with an advanced 

crack indication model has been reported (14). The matching was formulated as an 

optimization problem, and the formulated model included noise (similarity to statistical 

hypothesis testing) and parameters (similarity to adaptive segmentation methods). The 

algorithm was extended in (15) to include an estimation of the true- or false defect probability 

for each of the proposed defects, advancing it towards the classification and decision step as 

well as making it further similar to the statistical hypothesis testing approach. 

The segmentation stage is usually followed by a feature extraction step, where scalars 

measuring some representative property of the region are extracted. Geometrical features are 

common as well as texture, see Table 1. These features are then utilized in the final 

classification step. One study (16) utilizes so called Haar-like features (17) which are closely 

related to the variation among neighboring pixel values and thus similar to the statistical 

hypothesis testing approach. 

An overview of studies utilizing supervised machine learning algorithms for the 

classification step can be seen in Table 1. In supervised machine learning a classification 

algorithm is trained on data with known classification (e.g. training sets labeled by skilled 

humans) in order to make class predictions for future data, see for example (18) for an 

introduction. As can be seen in Table 1 many studies have used artificial neural networks and 

fuzzy logic systems. In addition, k-nearest neighbor and support vector machines have also 

been explored. It is worth noting also that (19) explores simulated defects, where defects are 

manually inserted into the radiographs, as training set with positive results. Since almost all 

studies are evaluated on different radiographs an objective comparison of the results is 

difficult, however the successful categorization rate ranges from 46 to 100 %. It is important 

to note that successful categorization depends highly on the variability of the input, which is 

in most cases different and unclear, hence these values should be taken rather as rough 

indications. It should be noted that since 2015 there is a publicly available database (GDXray) 

of relevant industrial radiographs (20), which some of the studies have utilized. 
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Recently, so-called Deep Learning (21) has shown great promise for many different 

data classification applications. Instead of explicit segmentation and feature selection, the 

image to be analyzed is instead divided in patches or sliding window/kernels within which 

features and implicit selected (e.g. with unsupervised learning) with minimal or no manual 

intervention; this is followed by a supervised learning phase. In (22) such a Deep Learning 

approach was explored for the weld X-ray inspection data interpretation task with the result 

of around 90 % accuracy on experimental data (GDXray). 

Most studies in Table 1, as well as the deep learning study, focused on how to detect 

and correctly classify as many defects as possible. Only one study included the estimation of 

the confidence in each predicted classification. In (23) a confidence level, referred to as 

credibility level, is estimated for the defect proposals detected by a fuzzy logic system. The 

objective of the study was to minimize the false alarm (or false positive) rate, rather than 

maximizing the detection accuracy subject to a low false positive rate. We are not aware of 

any follow-up work on this study, which elaborates further on the confidence estimation. 

The class of 3D point reconstruction algorithms can also be related to the approaches 

described above (generic, statistical, reference). In 3D point reconstruction (13) (24) the 3D 

positions of specific points (e.g. the material defect mass centers) are derived from a set of 

radiographs taken of the object at different views. It is similar to X-ray computed tomography 

but in contrast to tomography-based approaches it is not a volumetric reconstruction method. 

One might argue that the 3D point reconstruction algorithms include the decision step 

intrinsically (e.g. the threshold on the deviation from predicted measurement points, when 

deriving the 3D points of the potential material defects (13)). 3D point reconstruction-based 

approaches can also be interpreted as feature extraction methods, where the calculated 

measurement point deviations act as features; however, no study has been found connecting 

the 3D point reconstruction in this way to the statistical hypothesis testing or generic low 

prior knowledge classification approach. The concept of extracting indication features has 

however been included into the algorithm class (25) but not for defect characterization but 

for improving the robustness of the method. 

 
Table 1. Overview of studies where some type of a supervised machine learning algorithm has been used for 

classification of defects in welds, the generic low prior knowledge approach. A plus-sign is used to indicate a 

combination of and a comma-sign is used to indicate “and”. 

Study Segmentation Feature vector Classifier Probability of 
detection/Correct 
classification 
percentage [%] 

(16) 
(Dong, et. 
al. 2018) 

Fixed 
patch/sliding 
window 

Haar-like Random forest 83 

(26) 
(Kumar, 
et. al. 
2014) 

Edge, region 
growing, 
watershed  

Texture, 
geometrical 

ANN 87  

(27) 
(Zahran et. 
al., 2013) 

Morphological+
Wavelet+Regio
n growing 

Mel-Frequency 
Cepstral 
Coefficients 
(MFCCs) and 
Power density 
spectra 

ANN 75-100 

(28) 
Zapata, 
vilar, Ruiz, 
2011 

Region/Edge 
growing 

Geometrical + 
PCA 

Multiple Layer 
ANN, adaptive-
network-based 
fuzzy inference 
system (ANFIS) 

79-83 
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(29) 
(Valavanis 
et. Al., 
2010) 

Graph-based 
(region growing 
+ connectivity 
similarities)  

Geometrical, 
texture  

SVM, ANN, k-NN 46-85 

(30) (Vilar, 
et al., 
2009) 

Region/Edge 
growing 

Geometrical +  
PCA 

Multiple Layer 
ANN 

100 

(31) 
(Wang, et. 
Al., 2008) 

Multiple 
thresholds, fixed 
regions 

Geometrical, 
texture 

SVM + Hough 
Tranform (Line 
defects) 

96 

(19) 
(2007) 

Unclear  
thresholding 

Geometrical Multiple layer 
ANN 

98 

(23) 
(Kaftandjia
n et al, 
2003) 

Region based + 
reference + 
morphological 

Geometrical Fuzzy logic 80 % at 0 % false 
alarms 

(32) 
Wang and 
Liao, 2002 

Histogram 
thresholding 

Geometrical, 
position in weld 

Fuzzy k-NN, 
Multiple layer 
ANN 

92 

(33) 
(Lashkia, 
2001) 

Region growing 
after 
classification 

Contrast, 
variance 

Neuro-fuzzy 
system (Training 
set based) 

98 

3. Commercially available solutions & current implementations in industry 

Fully automatic X-ray inspection systems are established for several applications like 

electronic components or aluminum castings. For these applications, it is possible to detect 

all currently relevant defects automatically. The main challenge for these systems is mostly 

to avoid false defect detects to be detected as real defects, resulting in unnecessary scrapping 

(or repairing) of parts. There are two common modes of operating these systems: either in a 

fully automatic mode or in a controlled automatic/semi-automatic mode. In the semi-

automatic mode a human operator reviews all images with potential defect indications 

marked in the images by an automatic defect recognition (ADR) software. The purpose of 

this semi-automatic mode is to avoid scrapping parts with no real critical defects, to identify 

the false positives and thus decrease the false defect detection rate. In a typical foundry 

implementation, one person at one workplace can review the images from all X-ray 

inspection systems. The false detection rate for castings in such a setup usually is below 3 % 

of all inspected parts. 

Currently there is no commercially available solution that provides a 100 % fully 

automatic defect recognition in welds. The only systems we know of, such as XPlus from 

VisiConsult (34) or ISAR from Fraunhofer EZRT (35), only assist an operator by 

highlighting potential defects. Those solutions do not guarantee to detect all typical critical 

defects within welds. The ISAR system is capable of detecting voids, cracks, foreign material 

and inhomogeneities of the welding. It also estimates the extension of inhomogeneities in 

beam direction. However, depending on the specific application it is not capable of reliably 

detecting all defect types. 

The Fraunhofer ADR solution, ISAR, is based on a generic minimum prior 

knowledge (material thickness, type of material) approach. In a few pre-processing steps the 

orientation and extension of the weld is detected. Afterwards, with a standard image 

processing chain, special types of defects are detected with special filters; for example, 

median based algorithms are used to detect voids and pores and gradient based algorithms 

are used to detect insufficient weld penetration depths (36). Within a last step a classification 

of the defects in real and false defects is made with a support vector machine. 
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4. Proposed approach 

If the impact of a quality control failure is critical, then identifying an unexpected scenario 

is just as important as correctly handling the expected one. Therefore, automatic analysis 

algorithms must correctly handle both situations, (i) previously unseen but in principle 

detectable defects, and (ii) outlier measurements that failed for some other reason (not 

expected defect detectability). Based on the review the following approach is proposed in 

order to minimize risks in the nondestructive quality control at the industrial implementation 

of automatic and semi-automatic analysis algorithms: 1) the analysis of the evaluation results 

and the corresponding final decision should be made by humans and computer algorithms in 

collaboration; 2) human effort should primarily focus on increasing the accuracy of the 

confidence estimation in the computer algorithm results and only secondary on maximizing 

the detection rate and correct classification rate of the algorithms; 3) the analysis algorithms 

should be capable of learning from corrections made by humans. 

Most of the above points seem trivial. However, we are only aware of one scientific 

publication within the field of automatic interpretation/analysis of X-ray weld inspection 

data, that focused on confidence estimation in each analysis output by the algorithms (23), 

which—in contrast to our proposed framework—did not aim to achieve a semi-automatic 

system with a robust human-machine interaction. Broadening the literature search it was 

found that  (37) explored similar ideas as listed above in connection to nondestructive 

evaluation in the context of ultrasonic testing. The focus shift as proposed in 2) (i.e. the 

emphasis on minimizing the false positive rate via human operator feedback) is also justified 

by the fact that in the existing literature AI-based systems have shown to be capable of 

detecting and classifying defect indications in the radiographs as long as new data is similar 

to training data. The framework of active learning, see for example (38), or semi-supervised 

learning could potentially be utilized. The overall objective of those algorithm classes is to 

maximize the classification accuracy and at the same time to minimize the required amount 

of labelled training data; e.g. only querying/asking a human operator to label data that would 

add maximum of accuracy to the prediction model. 

Estimation of confidences in a machine learning-based system is most critical. A 

reliable estimate of confidences coupled with on-line learning utilizing new human labeled 

data (in cases when the AI would be low in confidence) will lead to a significant reduction 

in the fraction of analyses requiring human interpretation or annotation. The frequency of 

such difficult cases in need of human intervention will drop over time due to the successively 

improved coverage of the input domain. When the AI-based system has low confidence and 

requires human assistance, the labelled learning set grows, and new predictions for similar 

input ideally increase in their estimated confidence; in addition, outliers in the form of failed 

measurements will still not be accepted since the corresponding confidence level will remain 

low. The accuracy of the quality control should be comparable to an entirely manual approach 

based on human operators, as long as the confidence estimates are correct. It remains to 

define such a robust estimate of level of confidences. An often employed confidence measure 

is the posterior induced by the classification method (as used in  (37)), which has been 

demonstrated to be largely over-confident especially on out-of-distribution data. One 

alternative is to estimate the so-called evidence of input data, which is intrinsically linked to 

probabilistic models and unsupervised learning. Our hypothesis is that it will be in particular 

crucial for the confidence estimator to correctly identify any out-of-distribution data. 
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5. Conclusions 

A review of the last fifteen years of scientific studies on automatic analysis, interpretation, 

of image data in X-ray inspection of welds (with respect to material defects, also referred to 

as automatic defect recognition) has been conducted as well as a review of the commercial 

availability of such solutions for the industry. Even though the review of the scientific studies 

concluded that sophisticated state-of-the-art computer algorithms can achieve a high 

detection, accuracy, of the relevant critical weld material defects, we can find none of the 

solutions implemented in industry. The aim of the scientific studies was typically a fully 

automatic solution and the studies often focused on how to achieve an as high accuracy as 

possible on input data with a fixed and known variance. However, we believe this is not a 

correct aim and focus for such solutions to be industrially implementable in quality critical 

industries without risking the quality of the X-ray inspection. We propose instead to focus 

on a reliable estimate of confidence, in each computer analysis, also with respect to out of 

training distribution data; that the aim rather should be a semi-automatic approach. The 

framework of active learning machine learning together with on-line learning is proposed as 

a suitable starting point for such research. 
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