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Abstract— In the fabrication industry, the non-destructive 

testing (NDT) is more necessary part for maintain the welding 

quality. Various types of NDT techniques using to provide 

better quality inspection. Today permanent record is required 

to using radiographic testing that’s identify the surface and 

sub-surface defect of welded part. In Radiographic testing 

film interpretation to required more competent person and its 

takes lot of time. Artificial intelligence to using to prepare 

algorithms that automatically interpret the existing 

radiographic data. Automatically detecting welding 

defect(Slag, Cracks, porosity, Pinhole, LOF, LOP etc.) by 

using CNN which is a deep learning basis. 
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I. INTRODUCTION 

NDT to evaluate the properties of a material, component, 

structure or system for characteristic differences or welding 

defects and discontinuities without causing damage to the 

original part. NDT also known as non-destructive 

examination (NDE), non-destructive inspection (NDI) and 

non-destructive evaluation (NDE) Visual Testing, Liquid 

Penetration Testing, Magnetic Particle Inspection Testing, 

Radiographic Testing, and Ultrasonic Testing, Leak Testing 

etc.  

 Radiographic testing method to examining the 

internal structure of any component to identify its integrity. 

RT uses x-rays and gamma-rays to produce a radiographic 

film of the weld component and job that shows changes in 

thickness, defects or flaws etc. details to ensure optimum 

quality. RT of welds to ensure the weld quality is a widely 

used industrial area. RT in welding is a highly dependable 

way to detect weld defects like cracks, porosity, inclusions, 

voids, lack of fusion, etc. in weld interiors. Because of its high 

dependability, radiographic testing is widely used in the oil & 

gas, aerospace, transport, military, automotive, 

manufacturing, offshore, petrochemical, marine and power 

generation industries. 

 CNN is a type of deep learning model for processing 

data that has a grid pattern, such as images, and designed to 

automatically and adaptively learn spatial hierarchies of 

features, from low- to high-level patterns.  

 A neural network generally consists of artificial 

“neurons” that interchange messages between each other. The 

connections have numeric mass that are adjust during the 

training process, so that a perfect trained network will 

respond properly.  

 The network consists of multiple layers of feature-

detecting “neurons”. Network each layer has many neurons 

that respond to different sets of inputs from the previous 

layers, The layers are built up so that the first layer detects a 

set of original patterns in the input, the second layer detects 

patterns of patterns, the third layer detects patterns of those 

patterns, and so on.  

 In Radiographic testing process to combine with 

artificial intelligence to carried out best results. 

 Design an automatic recognition of weld defects requires 

a powerful formalism.  

Weld quality checked by CNN artificial intelligence. 

 The weld quality can be assessed more comprehensively 

by considering the weld quality level. 

 Inspection system to classify and identify the 

defects. The input to the classifier will be given by using 

scanned database of radiographs taken under different 

circumference to train the model. In this work to we develop 

an intelligent tool, which proceed with an automatic 

classification and a pattern recognition scheme. 

II. LITERATURE REVIEW 

A. Lawson: 

An application of machine vision, incorporating neural 

networks, which aims to fully automate real-time 

radiographic inspection in welding process was described. 

The current methodology adopted comprised two distinct 

stages - the segmentation of the weld from the background 

content of the radiographic image, and the segmentation of 

suspect defect areas inside the weld region itself. In the first 

stage, a back propagation neural network has been employed 

to adaptively and accurately segment the weld region from a 

given image. The training of the network was achieved with 

a single image showing a typical weld in the run which is to 

be inspected, coupled with a very simple schematic weld 

'template'. The second processing stage utilizes a further back 

propagation network which is trained on a test set of image 

data previously segmented by a conventional adaptive 

threshold method.  

B. G Wang: 

Radiographic testing is a well-established non-destructive 

testing method to detect subsurface welding defects. A 

automatic computer-aided identification system was 

implemented to recognize different types of welding defects 

in radiographic images. Image-processing techniques such as 

background subtraction and histogram thresholding were 

implemented to separate defects from the background. 

Twelve numeric features were extracted to represent each 

defect instance.  

C. Sezgin: 

We conduct an exhaustive survey of image thresholding 

methods, categorize them, express their formulas under a 

uniform notation, and finally carry their performance 

comparison. The thresholding methods are categorized 

according to the information they are exploiting, such as 
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histogram shape, measurement space clustering, entropy, 

object attributes, spatial correlation, and local gray-level 

surface. 40 selected thresholding methods from various 

categories are compared in the context of nondestructive 

testing applications as well as for document images. The 

comparison is based on the combined performance measures. 

We identify the thresholding algorithms that perform 

uniformly better over nondestructive testing and document 

image applications 

D. P. Baniukiewicz: 

Weld quality assurance is important for the safe exploitation 

of many products and constructions. This paper summarizes 

work on an advanced system for automated radiogram 

analysis. The most important parts of the process of 

radiogram analysis such as segmentation, thresholding and 

defect recognition and classification are discussed. A 

complex classifier composed of artificial neural networks and 

a fuzzy logic system is proposed and discussed in detail. The 

proposed classifier shows better performance and flexibility 

than the normal neural networks classifiers. 

III. METHODOLOGY 

Convolutional Neural Networks specialized in image 

recognition. CNN is mainly work on this these three steps 

Image recognition, Object detection & Segmentation. 

There are three types of layers in Convolutional Neural 

Networks: 

1) Convolutional Layer: In neural network each input 

neuron is connected to the next hidden layer. In CNN, 

only a small region of the input layer neurons connect to 

the neuron hidden layer. 

2) Pooling Layer: The pooling layer is used to reduce the 

dimensionality of the feature map. There will be multiple 

activation & pooling layers inside the hidden layer of the 

CNN. 

3) Fully-Connected layer: Fully Connected Layers form the 

last few layers in the network. The input to the fully 

connected layer is the output from the final Pooling or 

Convolutional Layer, which is flattened and then fed into 

the fully connected layer. 

 In this study, we are working on object recognition 

in image data using the weld defects dataset for RT Digital 

film image recognition. 

 The weld defect dataset consists of images of True 

and defects images from a variety of RT digital film. Each 

film image is a 256 X256 pixel square. In this dataset 100 film 

images are used to train the model and 90 film images are 

used to test the model. There are various type of film and each 

film classes to predict. 

 Install the Tensor flow library and import the dataset 

as a train and test dataset. 

 Preprocessing it is often necessary to start with the 

preprocessing stage in order to reduce or eliminate the noise 

enclosing in the film and improve its visibility. This 

procedure permits to obtain an image which would facilitate 

later the identification of the weld defects being able to be 

present in the welded joint. Nevertheless, the first task in 

image preprocessing is the selection of the region of interest.  

 Region of interest (ROI) is a reduced zone of the 

image where the processing will apply. Region of interest 

(ROI) to prevents detection of false defects outside the weld. 

We can select only one region per film, as we can have 

several regions of interests per film.  

 
Fig. 3.1: Region of interest 

 Noise reduction Radiographic images show 

substantial variation depending on the testing technique 

adopted as well as the material being inspected, which makes 

it difficult to choose a standard filter for noise elimination. 

Therefore, the right choice is normally made empirically; 

bearing in mind that use of these filters must not alter the 

relevant information on those images. The application of a 

median type low pass filter is carried out in this paper. This 

filter performs better than the major averaging filters because 

it can remove noise from input images with a minimum 

amount of blurring effect.  

 The main disadvantage of median filtering in a 

rectangular neighborhood is its damaging of thin lines and 

sharp corners in the image. This can be avoided if another 

shape of neighborhood is used illustrates the neighborhood 

used by median filter in our application, where the horizontal 

CNN is a mathematical construct that is typically composed 

of three types of layers (or building blocks): convolution, 

pooling, and fully connected layers. The first two, 

convolution and pooling layers, perform feature extraction, 

whereas the third, a fully connected layer, maps the extracted 

features into final output, such as classification. A 

convolution layer plays a key role in CNN, which is 

composed of a stack of mathematical operations, such as 

convolution, a specialized type of linear operation. In digital 

images, pixel values are stored in a two-dimensional (2D) 

grid, i.e., an array of numbers (Fig. 2), and a small grid of 

parameters called kernel, an optimizable feature extractor, is 

applied at each image position, which makes CNNs highly 

efficient for image processing, since a feature may occur 

anywhere in the image. As one layer feeds its output into the 

next layer, extracted features can hierarchically and 

progressively become more complex. The process of 

optimizing parameters such as kernels is called training, 

which is performed so as to minimize the difference between 

outputs and ground truth labels through an optimization 

algorithm called backpropagation and gradient descent, 

among others. 

javascript:;
https://insightsimaging.springeropen.com/articles/10.1007/s13244-018-0639-9#Fig2


Weld Defect Classification In Radiographic Testing By Using Artificial Intelligence 

 (IJSRD/Vol. 10/Issue 3/2022/042) 

 

 All rights reserved by www.ijsrd.com 143 

 
Fig. 3.2: CNN process 

Step 1: Choose a Dataset:- RT Weld defects data collect in 

the form of digital images. 

Step 2: Prepare Dataset for Training:- All digital weld defects 

data divide according to defects and create different-different 

defects folder and resizing the each image 250x250. 

Step 3: Create Training Data:- two type of dataset prepare for 

model training and test purpose.  

Step 4: Shuffle the Dataset:- each data shuffle for training 

purpose. 

Step 5: Assigning Labels and Features:- This shape of both 

the lists will be used in Classification using the Neural 

Networks. 

Step 6: Normalizing X and converting labels to categorical 

data 

Step 7: Split X and Y for use in CNN 

Step 8: Define, compile and train the CNN Model 

Step 9: Accuracy and Score of model 

 In these 9 simple steps, you would be ready to train 

your own Convolutional Neural Networks model and solve 

real-world problems using these skills.  

IV. CONCLUSION 

We developed Artificial intelligence based system to 

automatically detect defects in welds components. Standard 

metrics in NDE were adopted for CNN methods were 

compared. A field experiment was conducted in a real 

industry setting. The best method using combined achieved 

high sensitivity, accurate sizing and acceptable false call rate, 

sufficient for weld requirements. Using virtual flaws was 

found to increase the detection capability of the model, and 

combining original and virtual flaw data. Small acceptable 

defects when close to undetectable, contributing to false call 

rate and small misses, but not unfavourably impacting 

performance on the more critical, large defects. We 

established CNN based weld defect detection can reach high 

performance and be deployed in real industry environments. 
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