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Abstract: Many industrial processes, particularly those requiring casting or welding, rely heavily on quality control. Manual
quality control processes, on the other hand, are frequently time-consuming and error-prone. To address the increased demand
for high-quality products, sophisticated visual inspection technologies are becoming increasingly important in manufacturing
lines. Convolutional Neural Networks have recently demonstrated exceptional performance in image classification and
localization tasks. Based on the Mask Region-based CNN architecture, this research proposes a solution for detecting casting
errors in X-ray pictures. The suggested defect detection system conducts flaw identification and segmentation on input pictures
at the same time, making it appropriate for a variety of defect detection jobs. It is demonstrated that training the network to
conduct defect detection and defect instance segmentation at the same time leads in greater defect detection accuracy than
training on defect detection alone. Transfer learning is used to minimizetraining data requirements while increasing the trained
model’s prediction accuracy. More precisely, the model is trained using two huge publically available picture datasets before
being fine-tuned using a relatively modest metal casting X-ray dataset. The trained model's accuracy outperforms state-of-the-art
performance on the GRIMA database of Xray images (GDXray) Castings dataset and is quick enough to be deployed in
production. On the GDXray Welds dataset, the system likewise works well.A variety of in-depth research are being undertaken to
investigate how transfer learning, multi-task learning, and multi-class learning affect the trained system's performance.

Index Terms: Non-Destructive Testing, Mask R-CNN, Image Segmentation and Annotation

L. INTRODUCTION

Quality control is an essential component of every production process [1]. Manufacturers must boost production rates while
adhering to strict quality control constraints in order to satisfy growth objectives. According to a recent assessment, the most
essential technological innovation for manufacturing company success is the creation of superior quality management systems [2].
To address the increased demand for high-quality products, sophisticated visual inspection technologies are becoming increasingly
important in manufacturing lines. Casting and welding processes, for example, might generate faults in the product that are
harmful to the final product'squality [3]. Air holes, foreign-particle inclusions, shrinkage voids, fractures, wrinkles, and casting fins
are examples ofcommon casting flaws [4]. If these casting flaws go unnoticed,they can lead to catastrophic failure of crucial
mechanical components like turbine blades, brake calipers, or vehicledriveshafts. Early identification of these faults can allow
defective goods to be recognised early in the production process, saving time and money [5]. In order to ensure consistent and cost-
effective inspection, automated quality control might be implemented. The key motivations for automated inspection systems
include quicker inspection rates, increased quality expectations, and therequirement for more quantitative product assessment that
isnot limited by the effects of human weariness. Nondestructive assessment techniques allow a product to be checked throughout the
manufacturing process without endangering the product's quality. There are several nondestructive evaluation techniques available
for creating two-dimensional and three-dimensional pictures of an object. Real-time X-ray imaging technology is frequently
employed in defect detection systems in industry, such as on-line weld defect inspection [5]. Ultrasonic and magnetic particle
inspection may also be utilized to determine the size and location of casting flaws in cast components [6, 7].

Many cutting-edge object identification algorithms have been built utilizing the region-based convolutional neural network (R-
CNN) architecture [10]. R-CNN generates bounding boxes, or region suggestions, by a method known as selective search. To detect
objects, selective search examines the picture via different-sized windows and attempts to group neighboring pixels by texture,
color, or intensity for each size. Once the suggestions have been developed, R-CNN warps the region to aregular square size and
runs it through a feature extractor A support vector machine (SVM) classifier is then used to predict whether or not an item exists in
the picture. Each component of the object identification network is replaced with a deep neural network in more modern object
detection designs, such as region-based fully convolutional networks (R-FCN) [11].
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Using current improvements in computer vision, this paper develops a quick and accurate flaw identification method. The suggested
flaw detection method is built on the Mask R-CNN architecture [12]. This architecture does object identification and instance
segmentation at the same time, making it helpful for a variety of automated inspection tasks. The suggested system is trained and
tested using the GRIMA X-ray image dataset, which was released by Grupo de Inteligencia de Maquina (GRIMA) [13].

The rest of this article is structured as follows: The first part offers an overview of related works, while the second portion provides
an overview of CNNs.

Original Image Object Detection

Image Segmentation Instance Segmentation

Figure 1 shows a variety of computer vision tasks for detecting castingflaws.

1. RELATED WORKS
The Defect Detection System section contains a full explanation of the proposed defect detection system. The section
Implementation Details and Experimental Results shows how the system is trained to detect casting errors, as well as the key
experimental results and a comparison with similar systems in the literature. The paper concludes with a number of detailed
investigations, a detailed discussion of the findings,and a brief conclusion.
Traditional computer vision approaches have been pretty thoroughly explored in their ability to identify and segment casting flaws.
Background subtraction is a prominent technique for removing the flaws and random noise from the preprocessed picture [14, 15].
With different degrees of effectiveness, background removal has been used in the welding flaw identification job. Background
removal, on the other hand, tends to be very sensitive to the picture's location and random image noise.
One of the most prominent matched filtering approaches that has been presented is the modified median (MODAN) filtering
method. Casting faults may be distinguished from thecasting's structural outlines using the MODAN-Filter, a median filter with
custom filter masks [20]. Wavelet-based approaches have been suggested by a number of researchers [4, 21]. Wavelet and
frequency-based techniques often identify flaws as high-frequency portions of the picture, when contrasted to low-frequency
background areas [22]. When identifying flaws, many of these systems do not include local and global picture information, making
it difficult to distinguish between design elements like holes and edges and casting faults.
It is customary in many classic computer vision systems to manually define a number of characteristics that may be used to
categorize individual pixels. In order to determine whether an individual picture pixel is a defect or not, a local neighborhood of
characteristics surrounding the pixel is generated and used to determine the classification.
Localized wavelet decomposition and statistical descriptors such as mean and standard deviation are two of the most used features
[4]. However, recent computer vision algorithms based on convolutional neural networks (CNNs) have essentially supplanted these
earlier fuzzy logic approaches.
According to literature, automatic surface inspection (ASI) may also be performed. Local aberrations in homogenous textures are
what ASI refers to as surface flaws. ASI techniques may be categorized into four categories based on the surface texture
characteristics [24].
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The texture primitives and displacements may be modeledusing structural approaches. Primitive measurements [25], edge features
[26], and morphological operations [27] are all popular structural techniques. Another strategy is to use statistical techniques to
examine the distribution of pixel values. Stochastic textures like ceramic tiles, castings, and wood may benefit from the statistical
method. Co-occurrence matrix [30] and histogram-based method (HBM) [28] are two of the most often used statistical approaches.
Third, filter-based approaches use texture pictures to apply filter banks. It is possible to separate filter-based approaches into spatial
(31), frequency (32), andspatial-frequency (33). To conclude, model-based techniquesgenerate picture representations by simulating
numerous defects' attributes [34].
As a result of well-archived experimental datasets, such asthe GRIMA database of X-ray pictures (GDXray), the scientific
community, including this study, is substantially enriched. [35] compares the performance of different basic approaches for flaw
segmentation using the GDXray Welds series, but only qualitatively evaluates each method. Patches of varying sizes are used in
[36] to examine casting fault identification using various computer vision algorithms.
GDXray Castings series images are reduced to 32x32 pixels and used to train and test a variety of classifiers. A basic LBP
descriptor with a linear SVM classifier provides the best results [36]. An 86.4 percent patch classification accuracy wasachieved
using many deep learning algorithms. Pretrained neural networks may be fed with resized patches of the original size of 32 by 32 by
3 pixels when using deep learningmethods [36, 37]. With 90.5 percent accuracy on the binary classification of 25 pixel patches, [38]
uses deep CNNs for weld fault segmentation. Several machine learning algorithms have recently been effectively applied to the
issue of object identification.
Faster RegionBased CNN (Faster R-CNN) and Single Shot Multibox Detector (SSD) are two significant neural network techniques
[39, 40]. There are numerous parallels between thetwo techniques, although the latter places a higher value on speed than accuracy
in the review process. [41] provides a comparison of several object detection networks. [12] Mask R-CNN is an extension of Faster
R-CNN that concurrently does object identification and instance segmentation. According to earlier research, a defect detection
system can be built using the Faster R-CNN framework. A defect detection system with object identification and instance
segmentation capabilities is being developed in this new study to expand on previous success.

1. CONVOLUTIONAL NEURAL NETWORK
Computer vision has made great strides in picture categorization, object identification, and image segmentation during the last
several years. In many image processing jobs, the introduction of deep CNNs has resulted in significant advances.
An introduction to CNNs is provided in this area of the site. The reader is directed to [43] for a more in-depth explanation. A CNN
uses a series of mathematical procedures to transform each image's pixels into a feature-rich representation. It is possible to express
images as a three-dimensional tensor with the following dimensions: height (H), width (W), color channels.
Layers are the terms used to describe the many processing processes that the input goes through when it is fed into the system. It is
possible to think of each i-th layer as having inputs and outputs of a different kind, each of which may be thought of as a different
kind of transformation. It is common to refer to a layer's outputs as a feature map. Thedevelopment of a complicated nonlinear
function that can transfer high-dimensional input (such as pictures) to usable outputs (such as classification labels) may be achieved
by merging numerous layers [43]. f(x) = fN(f2(f1(x1; 1); 2)); N), (1) where x1 is the input to the CNN and f(x) is the output may
be thought of informally as the composition of a number of functions.
Layer types in current CNNs include convolutions, pools and batch normalizations. For each parameterized kernel, the convolution
layer applies a function fi(xi;i) on the input tensor, xi. An order 3 Tensor with dimensions Hi, Wi and Di may be used as an input to
the algorithm. Tensor of order 3 convolution kernel is also H/W/Di in size. Convoluting the kernel and input is accomplished by
taking the kernel's dot product over all of the input's spatial locations.
Image gradients may be obtained by converging specific kindsof kernel images with their respective input images. The first few
convolutional layers in most current CNN designs extract characteristics such as edges and textures. Shapes of objects may be
extracted from images using convolutional layers in the network’s lower levels.
It is by design that deep neural networks are parameterized nonlinear functions.. This nonlinearity is introduced by applying an
activation function to the output of a neural network layer. The sigmoid function has traditionally been utilized as a nonlinear
activation function in neural networks, however this has changed recently. The Rectified Linear Unit (ReLU) is the most often
utilized activation function in current architectures since it performs best in terms of runtimeand generalization error. Each value, z,
in the input tensor xi, is represented by the formula f(z) = max(0, z).
Unless otherwise noted, the ReL U activation function is\used as the activation function in the defect detection system\described in
this article. It is also typical in current CNN designs to use pooling layers. Pooling layers are used to gradually reduce the
representation’'s spatial dimension.
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As a result, overfitting may be controlled. The input tensor's spatial dimensions are generally averaged or multiplied by thepooling
layer's maximum value. A 2 x 2 or 3 x 3 section of theinput tensor is commonly used for the pooling procedure. Networks may be
built that allow for an evolutionary and hierarchical growth of raw data into sophisticated feature representations by stacking
pooling and convolutional layers.

A loss function is used to train a neural network [43]. The difference between the neural network's current output and theground
truth is often measured by the loss function. Any neural network with layers that are differentiable may have their gradient of the
loss function calculated in terms of the parameters. The numerical gradients may be determined more quickly using the
backpropagation technique [47]. Stochastic gradient descent (SGD) is a gradient-based optimization approach that may be used to
determine the parameters that reduce the loss function.

A. Residual Networks

The architecture of a neural network is a key factor in determining the network’s performance. More complicated characteristics
may be calculated from a picture using deeper networks. The vanishing gradient issue [48] makes it increasingly difficult to train a
neural network as its depth increases.

In order to circumvent many of the problems that beset deep neural networks, ResNet was built. Overcoming the gradient vanishing
issue is made easier by using residual connections [48]. ResNet-101, a large ResNet variation with 101 trainable layers, is employed
as the neural network's backbone in this study [48].

Aside from solving the picture classification challenge, ResNet may be utilized for a variety of other image processing applications
as well. The intermediate layers' outputs may be utilized to represent the picture at a higher level. A feature extractor rather than a
classification network, ResNet is employed in this manner.

\

Weight Layer

X

f(x) ReLU \
identity

\

Weight Layer

f(x)+ x

Fig. 2 : Aresidual network cell layout

V. DEFECT DETECTION SYSTEM

In this part, a technique for detecting casting faults in X-ray pictures is suggested. Automated inspections may benefit from the
suggested method, which concurrently detects and segmented defects. At its core is the Mask R-CNN architecture, which serves as
the foundation for the detection system [12]. Figure 3 shows the four components that makeup the fault detection system.

To begin, the first module builds a high-level feature representation of the input picture. With the second module, a CNN is used to
identify areas of interest (Rols) in the picture using the featured image as a starting point. CNNs are used in the third module to
categorize the items in each region of interest (Rol). The picture segmentation performed in the fourth module is used to create a
binary mask for each area. The rest of this section explains each module in great depth.

A. Feature Extraxtion

As the first step in the proposed defect identification method, pixels in a picture are transformed into a high-level feature
representation. The VGG-16 architecture is used by several CNN-based object identification algorithms [10, 39, 49]. Recent
research, on the other hand, has shown that more current feature extractors provide superior outcomes [41]. On the GDXray
Castings dataset, we demonstrated that an object identification network with the ResNet-101 feature extractor outperformed a
network with a VGG-16 feature extractor in terms of bounding-box prediction accuracy [42]. As a result, the feature extraction
module uses the ResNet-101 architecture as its backbone.
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There are around 27 million parameters and 101 trainable layers in the ResNet-101 feature extractor. The limited GDXray dataset
makes it unlikely that the network can be taught to extract useful characteristics from input photos. CNN-based feature extractors
have the unique ability of generating features that may be used to a variety of image processing applications.

Region Proposal Network (CNN)

/a Class
i { Bounding Box

| Region-based Detector (CNN)
Region leamres'

Feature Extractor  Feature Tensor |

(ResNet) k

Segmentation Masks
Mask Prediction (CNN)

3ﬁ«-g:un Subnet
Fig. 3 depicts the suggested defect detection system's neural networkdesign. Using ResNet-101, a network of convolutional neural
networks, a detector based on regions and a network for region-basedproposal, this system is comprised of four main components.

For example, the suggested casting defect detection system is trained using the massive ImageNet dataset [50] in order to take use
of this characteristic. Many characteristics are extracted during training, but only a few are applicable to the more straightforward
job of detecting casting defects. Training the object identification network using GDXray Castings dataset, the system learns which
attributes are most predictive of casting faults and discards the rest. Because it's quicker to get rid of unnecessary features than it is
to learn new ones, this method tends to perform effectively.

B. Region Proposal Network

The region suggestion network is the second module in the proposed defect detection system (RPN). Any size feature map may be
sent into the RPN, and it will return a list of rectangular object recommendations, each with a score reflecting the chance that the
area includes a certain kind of item. The ResNet-101 feature extractor output is convolved with a tiny CNN to provide region
recommendations. n n spatial windows of the ResNet-101 feature map are fed into this little CNN. At a high level, the RPN output
is a vector representing the current sliding position's bounding box coordinates and likelihood of objects.

Boxes with anchors: Casting flaws may be found in a variety of sizes and shapes. In order to correctly detect casting faults,a
variety of box shapes must be evaluated at various points in the picture. Anchor boxes are a typical name for these structures. It is
possible to include every possible item in the picture by using anchors of varying aspect-ratios and scales. The RPN calculates the
probability of each anchor box containing an item at each sliding point.

There are 15 anchors in each sliding position thanks to the usage of anchor boxes with three scales and five aspect ratios. A larger
picture will have a greater number of anchors. Each of the 15WH anchors in the usual convolutional feature map (generally W x H)
is about 42,400 by 42,400 pixels.

(b)

()
Fig. 4 Maps from the "conv 4" ResNet feature extractor's final layer.the original Xray picture scaled and padding, (c) a feature
map that purports to capture horizontal gradients features that seem to catch long straight vertical edges (c) and features that
appear to capture hole-shaped objects (d).
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When designing the anchor boxes, they are sized and scaled tofit the dataset's items. People and automobiles are often detected
using anchor boxes with areas of 12,822, 25,622, and5122 pixels with aspect ratios of 1:1, 1:2 and 2:1. [39] In contrast, many
casting faults in the GDXray dataset are less than 20 20 pixels. Since the smallest anchor box is 16x16 pixels, it is decided that this
is the size. The following ratios are used: 1:1, 1:2, and 2:1.

It is possible to employ factors of 1, 2, 4, 8, and 16. Because the majority of the flaws in the dataset are less than 64 64 pixels, it is
reasonable to assume that employing scales 1, 2, and 4 will be enough for the defect identification challenge. Pretrained on a dataset
with numerous huge items, the object identification network incorporates greater sizes in order to prevent constraining the system
during this phase.

Architecture: If an item is within a box at any given position, the RPN can forecast the location of this box and its likelihood of
being contained. To begin with, the n n input from the feature extractor is transformed into a 512-d feature vector by means of a
fully connected neural network layer. Box-regression (loc) and box-classification (loc) layers both receive this feature vector as
input (cls). For each anchor box, the class layer generates 2k scores estimating the likelihood ofobject and non-object. It contains 4k
outputs, which represent the coordinate adjustments for each of the k boxes.

An in-depth explanation of the neural network'’s architecture may be found in [39]. An anchor box's objectness score is a measure of
how likely it is that the box contains an object. Itis possible to think of this objectness score as a technique to separate the
foreground from the background of a picture. Proposals for regions are picked from the top n anchor boxes based on their objectness
score at the conclusion of this round. Training: Developing the RPN includes minimizing a combined loss in classification and
regression, as has been detailed. Using the intersection over union (loU) metric, the best-matching defect bounding box b is picked
for each anchor, a. a fault is presumed to be present, and the ground-truth class label p " a = 1 is applied. A vector encoding of the
box b with regard to the anchor an is constructed and designated " in this example (b; a). Assuming an is free of defects, then the
class label is assigned to p A =0. A bounding box's distance from its proposed area is captured during training by the location loss
function Lloc [39].

With regard to an object's center coordinates, an is encoded as(xc wa), (yc ha), logw and lighT, where the box's width and height are
defined as xc and yc respectively. The width and height of the anchor are wa and ha. According to Figure 9, a predicted bounding
box and the actual ground truth are shown. The cross-entropy loss function, LCE, is used to represent the classification loss as a
function of the predicted class fcls(l; a, ) and p a. The weighted sum of the location-based loss and the categorization loss is used to
indicate the overall loss for a [41]: To put it more succinctly: L(I; 5) is equal to the sum of the values of Lloc and Lcls. are weights
selected to balance the loss of localisation and categorization. (5) is averaged across the collection of anchorsand minimized with
respect to parameters to train the object identification model.

“ Cas m.[)vf !

Fig. 5 An analysis of the Microsoft Common Objects in Context dataset yielded these top 50 locations of interest. Blue indicates
theprojected areas of interest, whereas red indicates the places of ground-truth casting fault.

It's important to be able to apply what you learn. In order to use transfer learning, the RPN is a good choice since it detects"regions
of interest” (Rols) in pictures rather than recognising specific categories of objects. Using information gained in one context to
increase generalization in another context is known as transfer learning. For domain-specific tasks with minimal training data,
transfer learning has been shown to be especially useful [51, 52].
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When using a large dataset to train an object detection network, the RPN learns to identify portions of the picture that are most
likely to contain an item without making a distinction based on the object class. First, the object identification system is pre-
trained on a big dataset with manydifferent types of objects, such as the COCO dataset from Microsoft [53]. Casting flaws are
among the interesting sections of an X-ray picture that are promptly detected using the RPN from the trained object detection
system This is the RPN's output after it was trained only on the COCO dataset (Figure 5).

C. Detectors Based on Regions

Only a limited number of area ideas are currently being selected by the flaw detection system. To categorize casting flaws, a region-
based detector (RBD) is employed to fine-tunethe bounding box coordinates for each area. Based on the Faster R-CNN object
detection network, the RBD is the regressed bounding box shape is used to trim the output of theResNet-101 feature extractor. The
problem is that thebounding box determines the size of the input. RolAlign is used to transform the input to a fixed-length feature
vector to overcome this problem [12]. Because it uses a H:W grid of smaller subwindows, RolAlign can align the large h:w Rol
window. The precise values of the input features are computedvia bilinear interpolation [54] at four regularly sampled positions
inside each sub-window. RolAlign is further described in [49] for the benefit of the reader. Regardless of the input size, the
generated feature vector has spatial dimensions H W.

Using the RolAlign layer as a starting point, a series of convolutional and fully-connected layers is applied. Two convolutional
layers and two fully linked layers make up the RBD in the proposed defect detection system. Two output vectors are generated by
the last fully linked layer: In the first vector, each of the K object classes and a background classare represented by a probability
estimate. For one of the K classes, the second vector encodes revised bounding-box coordinates. Similarly to the RPN, the RBD is
trained by minimizing a combined regression and classification loss function. Detailed information on the loss function and training
procedure is provided in [49].

Segmentation of Defects: By anticipating a segmentation mask for each Rol, instance segmentation is carried out Another CNN,
known as the instance segmentation network,is used to predict segmentation masks. The output of the feature extractor is used to
crop a block of features for input into the segmentation network. To encode M binary masks of resolution 2828, one for each of the
K classes, the instance segmentation network produces a 28 28 K-dimensional outputfor each Rol.

The output of the instance segmentation network is fed into a per-pixel sigmoid function during training. The average binary cross-
entropy loss is defined as Mask. Mask is only specified on the i-th mask for a Rol associated with ground-truth class I (other mask
outputs do not contribute to the loss). This definition of Mask enables the network to create masks for every class without rivalry
amongst the various classes. This definition of Lmask. As a result, minimization of the combined RBD and mask loss may be
used to train the instance segmentation network. Each class is projected to have one mask at the time of testing (K masks in total). It
is, however, just the ith mask that is employed, wherel is the projected class by the RBD classification branch. It is then reduced in
size to the Rol size and binarized at a threshold of 0.5, resizing the 28 x 28 floating-number mask.

Figure 6 shows a few examples of masks.

V.IMPLEMENTATION DETAILS AND EXPERIMENTALRESULTS
As previously discussed, casting defects may be detected using a defect detection system. The GDXray dataset is the primary
source of training and evaluation for the model. Car components, such as aluminum wheels and knuckles, make upthe majority of
this dataset's Castings series. Bounding Boxes that fit snugly around the casting faults are used to identify them. From 256 x 256
pixels up to 768 pixels wide, the photosin the collection are of varying sizes. According to [42], training and testing data are split in
the same manner as indicated in this paper.

A. Training

Similar to several recent object identification networks, such as Faster R-CNN and Mask R-CNN, the model is taught 12 and 39
respectively. However, the GDXray dataset contains just a few photos of casting faults of varying sizes, which necessitates a lot of
changes.

The longest edge of an image must exceed 768 pixels. 768 x 768 pixels are the final image dimensions after padding with black
pixels. In addition, the visuals are flipped horizontally and vertically throughout training. During training and testing, no extra
preprocessing is done to the photos.
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Fig.6 Floating point masks in action. Predicted bounding boxes andsegmentation masks are shown in the top and bottom rows,

respectively. As expected by the instance segmentation module, masks are shown here at a resolution of 28 28 pixels. The
segmentation masks in the proposed defect detection method are scaled to the projected bounding box's form and size.

Segmentation Masks

Figure 6 shows how transfer learning is used to minimize training time and enhance model accuracy. The weights of a ResNet-101
network trained on the ImageNet dataset are usedto initialize the ResNet-101 feature extractor. The COCO dataset is then used to
train the fault detection algorithm [53]. As explained in [41], the model's learning rates are changed during pre training. This huge
dataset guarantees that each model is properly seeded to locate common items before it is used for fault localization training.
NVIDIA K80 GPUs are used to train the COCO dataset. There are two pictures per GPU and 100 sampled Rols per image, with a
1:3 ratio of positive to negative. It is assumed that a ROI is positive in Faster R-CNN and negative in all other cases when it has loU
with a ground-truth box at least 0. After that, the GDXray dataset is used to fine-tune the flaw detection system: The RBD and
instance segmentation output layers have been enlarged to include predictions for the dataset's 80 object classes.
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Fig.7 Using GDXray with transfer learning to train a suggested flawdetection system.
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Defect and Background. Casting. Defect and Background Casting. Defect and Background Casting. Defect we start using a
Gaussian distribution with a zero mean and a 0.01 standard deviation to generate the weights for the resized layers. While all
parameters are held constant except for output layer settings, the GDXray dataset is used to train the defect detection system over an
80-epoch period. An additional 80 epochs of training are performed without any weights being held constant.

B. Inference

To test the flaw detection system, we used an Intel Xeon E5 desktop computer with eight cores running at 3.6 GHz, 32 GBof RAM,
and a single NVIDIA GTX 1080 Ti GPU (GPU). The models are compared with and without the GPU. The RBD evaluates the top
600 area ideas for each picture based on objectivity scores from the RPN. Only the BARD's top 100bounding boxes are projected to
have masks. As a part of the proposed defect detection system, a bounding box prediction accuracy test is conducted with and
without an instance-segmentation module. The GDXray Castings dataset is used to test the system's accuracy.

Each picture in the test set has been separately processed (no batching). The mean of average precision (mAP) is a statistic used to
assess each model's accuracy [55]. Using the loU metric, it is possible to verify whether a bounding box prediction is accurate.
According to the formula of = area(Bp Bgt) area(Bp Bgt) (6), the area of overlap between the predicted and ground truth
bounding boxes Bp and Bgt must be more than 0.5 in order to be regarded as a valid detection. Predictions made for both the
bounding box and segmentationmask are presented in the average precision (mAPbox and mAPseg) (mAPmask).
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C. Main Results

Casting defects may be detected with a mAPbox of 0.957, which is higher than the previous state-of-the-art performance. The
trained defect detection system's outputs are displayed in Figure 8. Compared to the Faster R-CNN model from [42], the suggested
defect detection method has better accuracy andevaluation time. The increased accuracy is attributed in large part to the advantages
of jointly predicting bounding boxes and segmentation masks, according to this theory. It takes the same amount of time to assess
both systems on the CPU,while the suggested system is quicker when examined on a GPU. Mask R-advantage CNN's over Faster
R-parallel CNN'sprocessing capabilities is most likely to blame for the discrepancy between the two implementations. [42] SSD
ResNet-101, for example, has a substantially shorter assessment time than the flaw detection system presented in this work [43, 44].
[42]

The suggested defect detection system only achieves a mAPbox of 0.931 when trained without the segmentation module. When the
proposed defect detection system is trainedconcurrently on casting defect detection and casting defect instance segmentation tasks,
the bounding-box prediction accuracy of the system is greater.

In the literature, this is a well-known advantage of multitasking [12, 39, 49]. A common representation of the input picture (from
the feature extractor) improves the accuracy of the bounding box and segmentation modules [56].In addition, the suggested method
isroughly 12 percent slower while concurrently detecting objects and segmenting images.

When object identification and instance segmentation are done concurrently, the memory requirements for training and testing are
also larger than for pure object detection. 9 percent more RAM is needed for object identification and instance segmentation when
using a GPU for inference than for object detection alone.

On the GDXray Castings test dataset, the suggested method produces just a few misclassifications. Two examples of
misclassification are given in this section. An X-ray picture shows a possible fault in the X-ray equipment, which is detected by the
suggested defect detection system. This flawis not part of the GDXray castings dataset, hence it is classified as a mistake. By
deleting bounding box predictions that are outside of the object being photographed. A misclassification using the loU measure,
where the bounding box coordinates are wrongly anticipated. In this scenario, the label is extremely subjective; the underlying truth
may be labeled as two tiny flaws rather than one huge flaw, for example.

VI. DISCUSSION
Many tests were carried out throughout the development of the suggested casting fault detecting system to better understand the
system. Here are the findings of the trials, as well as a discussion on how the suggested system works.

A. Accuracy vs. Speed Tradeoff

In most current object detecting systems, there is an inherent tradeoff between speed and accuracy [41]. Speed andaccuracy are
known to be influenced by the number of RBD area suggestions that are picked [12, 39, 49]. [12, 39, 49]. Reduced chances of
missing an item are achieved by increasing the number of area recommendations, however thisraises processing demands while
assessing networks. 3000 region ideas are often used by researchers to successfully identify complicated objects. For the defect
identification job, a variety of experiments were undertaken. Accuracy, assessment duration and number of area ideas. These
findings suggest that the usage of 600 region suggestions provides a reasonable compromise between speed and accuracy.

B. Information Needed

To train an accurate classifier, like with many other deep learning tasks, a substantial quantity of labeled data is required. Each time
the defect detection system is trained, it isgiven a varied set quantity of training data to see how it affects model accuracy. Each
trained system's mAPbox and mAPmask performance is evaluated.

Increasing the size of the training dataset from 1100 to 2308 photos improves the accuracy of object recognition (mAPbox) and
segmentation (mAPmask). Comparing the performance ofinstance segmentation and defect identification, it seems that asubstantial
quantity of training data is needed.

C. Supplementing the Training Equipment

In certain circumstances, training data augmentation has been shown to improve prediction accuracy by increasing the amount of
training datasets [12, 49]. This section examines the impact of several commonly used picture enhancement methods on the testing
accuracy.
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At training time, photos are flipped horizontally in a random fashion. When training CNNs, the label of an object is agnostic to
horizontal flipping, making this strategy advantageous. However, vertical flipping is less prevalent since numerous items like
vehicles and trains seldom appear upside down. Using Gaussian blur to decrease random noise generated by the camera or picture
compression method is a widespread practice in image processing.

In this work, the Gaussian blur augmentation approach used a Gaussian kernel with a standard deviation of 1.0 pixels for each
training picture. The trained model's resistance to noise in the input pictures may also be improved by adding Gaussian noise to
the training images [58]. Images are manipulated to include 0.05 of the picture dynamic range's standard deviation as zero-mean
Gaussian noise in this investigation. The dynamic range of an image is defined as the range between the darkest pixel and the
brightest pixel in the picture. This approach is utilized exclusively for instructional purposes, while the original photographs are
used for testing purposes.

A

Fig. 8 Examples of casting faults detected by the proposedtechnique.
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D. Learning Transfer

According to this research, transfer learning is primarily responsible for the system's great prediction accuracy. Before training on
the GDXray Casting dataset, the system generates relevant picture characteristics and excellent area recommendations for GDXray
casting images. As a result, the ResNet feature extractor is initialized using weights that have been pre-trained on the ImageNet
dataset and then trained on the COCO dataset for defect identification. The impact of transfer learning is assessed using three
different training methods: Scheme (a) uses the GDXray Castings dataset to train the proposed defect detection system without
using the ImageNet or COCO datasets for pretraining. Random weights are assigned to the feature extraction layers via Xavier
initialization [59]. While the identical training procedure is performed in Training Scheme (b), this time the weights for the feature
extractor are pre-trained using weights from the ImageNet dataset. The "Defect Detection System™ section describes how training
scheme (c) leverages pre trained ImageNet weights COCO pretraining.

The GDXray Castings test dataset is used to assess each trained system in Table 1. The resultant system has a low mAPbox of 0.651
on the GDXray Castings test dataset as a consequence of training method (a). Pretrained ImageNet is used to initialize the feature
extractor in training scheme (b), resulting in a higher mAPbox value of 0.874 on the same dataset. The mAPbox of 0.957 is
achieved by completely exploiting transfer learning in training scheme (c). On the GDXray Castings training dataset, the trained
systems are alsogiven in. As can be observed from the results, transfer learning does not alter the system's capacity to fit to the
training dataset, but rather its ability to generalize predictions to unseen pictures.

E. Segmentation of weld defects using multi-classlearning

The capacity to apply a model to a wide range of activities is very useful in a variety of contexts. Both the GDXray Castings dataset
and the GDXray Welds dataset were used to train the proposed defect detection method. Welds in this collection range in width
from 3176 to 4998 pixels and are annotated using high-resolution X-ray pictures. A total of 704 pictures are generated by
horizontally dividing each high-resolution image into 8 smaller photos for testing and training. For the training and testing sets, 80
and 20 percent ofphotos are randomly given. Instead of castings, this dataset has just been marked with masks for welds. Closed
forms in the masks are identified using a binary border-following method [61] and the bounding boxes are then wrapped around
each shape.

Welding and Casting defect detection training sets are used to teach the defect detection system. On the GDXray Welds test dataset,
the defect detection system achieved a segmentation accuracy mAPmask of 0.850 for casting flaws and welding faults. Figure 9
illustrates some of the predictions that may be made. Even with just 88 high-resolution photos in the GDXray Welds dataset, it is
possible to say that the identification and segmentation of welding flaws is very accurate. The combined training on both datasets
does not increase the accuracy of casting flaw identification.

(a) Defect Detection System (Ours)

(b) Ground Truth

Fig. 9 An picture from the GDXray Welds series was used to compare weld flaw detections to actual welds to provide the ground
truth. There are no ground truth bounding boxes shown since this isessentially an instance segmentation operation.
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F. The Zero-Shot Learning Approach to Defect Detection in Other Datasets

Defects in a broad variety of items should be able to be classified by a competent defect detection system. Because it can identify
problems in objects that are not in the training dataset, the defect detection system is considered to be generalising effectively. A
zero-shot transfer is a technique in machine learning that involves utilising a previously trained model to generate predictions on a
new dataset without havingto retrain it. The suggested flaw identification system is put to the test on a variety of X-ray pictures from
different sources tosee whether it can generalise its results

1Y Cowrng Otact O 99) AR G A

—
—_—
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Fig. 10 An X-ray picture of a jet turbine blade with defect detection and segmentation findings. There were no turbine blade photos
in thetraining set. Four of the five flaws in the picture are appropriately identified by the defect detection system. Top right defects
are wrongly classed as both Casting and Welding defects.

GDXRay Castings Training Set GDXRay Castings Test Set

Training Feature  Extractor Pretraining on MS

Scheme Initialization COCO Dataset mARyp0; AP a5 AR}, AR 05

Xavier Initialization
: 9)
a [60] (Random) No 0.970 0.960 0.651 0.420

Pretrained ImageNet

2
b Wi No 1.00 0981 0.874 0721
¢ Prewaimed TmageNet | y., 1.00 0991 0957 0930
Weights
TABLE 1

Quantitative results indicating the influence of transfer learning on the accuracy of the trained defect detection system. The bounding box prediction

accuracy mAPj,, and instance segmentation accuracy mAP,,,4 are reported on the GDXray Castings training dataset and GDXray Castings test dataset.

As illustrated in Figure 10, the system accurately detects a number of faults in an X-ray picture of a jet turbine blade. In all, there
are five casting flaws in the jet turbine blade, and four of them have been appropriately recognised. There are noturbine blades in
the GDXray dataset, therefore the system's failure to find a casting fault is not unusual. However, the system's capacity to detect
faults in photos from various datasets shows that it is generalizable and resilient.

VII. SUMMARY AND CONCLUSION
Metal casting faults may be detected and segmented simultaneously with this technology. The suggested system's ability to
concurrently identify and segment defects makes it appropriate for a wide variety of automated quality control applications. For
instance : on the GDXray Castings dataset, the suggested defect detection method has a mean average precision (mAPbox) of
0.957%, which outperforms the state-of-the-art performance for flaw identification. Transfer learning, dataset augmentation, and
multi-task learning are all used in the development of this highly accurate system. Through thorough ablation testing, we were able
to quantify the advantages of each of these paradigms.
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It is possible to accurately identify casting and welding faults using the technique proposed in this paper. Using the same network to
train on other materials like wood or glass mightbe a future goal. Defects in several materials might be detected using the
suggested defect detection system since it was built for multiclass detection.

Additive manufacturing applications might potentially benefit from the flaw detection technique proposed in this article. In areal-
world production environment, the suggested defect detection system is precise and fast enough to be helpful. It is, however,
difficult and time consuming to develop the system from scratch. Working on standardizing the representation of these models in
the future will make it simpler to disseminate the trained models. On Other Datasets, Using Zero-Shot Learning for Defect
Detection.

Classifying flaws for various types of objects is essential for an effective defect detection system. Generalization is achieved when a
flaw detection system can identify problems in items that were not included as part of the training dataset. A zero-shot transfer is a
technique in machine learning that involves utilizing a previously trained model to generate predictions on a new dataset without
having to retrain it. The trained system is tested on a variety of X-ray pictures from various sources in order to evaluate the
generalization featuresof the proposed fault detection method.

As illustrated in Figure 10, the system accurately detects a number of faults in an X-ray picture of a jet turbine blade. Four of the
five casting flaws in the jet turbine blade have been accurately detected. The lack of jet engine turbine bladesin the GDXray dataset
explains why the algorithm failed to detect one of the image's casting faults. In any case, the system's generalizability and resilience
are shown by its ability to detect faults in photos from various datasets.
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