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Defect Inspection Of Casting Product Surface Using CNN

Hariharan Purushothaman

Abstract— A molten substance is placed into a mould, and the solidified material is expelled or broken out of
the mould as the completed product. This procedure is also known as casting or melting. The researchers in this
study are working on a method for evaluating surface quality using cast photos. The present technique employs
a novel methodology that employs memory-augmented adversarial autoencoders for surface defect
identification and localization, enabling real-time defect detection and localization from defect-free samples. A
simple algorithm model may be developed to identify end-to-end threats. An accurate and automated image
analysis of the surface cast is one of the best approaches for finding flaws in cast goods such as sand castings
and die castings. In this work, a defect-free casting was identified by evaluating several casting photos of the
same product. The next stage was to use convolutional neural network models to see if the casting was accurate.
For instance, when examining the colours and textures of cast, neural networks were shown to be capable of
mimicking human decision-making. Using the Django framework We studied a variety of surfaces as inputs for
convolutional neural networks in order to analyse surface faults in a robust manner. Using our suggested
method, we achieved a maximum accuracy of 98-99 percent.
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l. INTRODUCTION

According to the global production and manufacturing sector, after completing the manufacturing
programme on a large production line, quality control and inspection processes are crucial for assuring
dimensional correctness and disclosing surface flaws such as cracks, dents, and scratches. As competition in the
manufacturing business heats up, producers must raise production rates while maintaining strong quality control
requirements. According to statistical research, around 20-30% of defective items are generated as a result of
the manufacturing industry every month. If this trend continues, the manufacturing sector will continue to
produce substandard products on a daily basis. This is a significant setback for the manufacturing industry.
Many approaches have been applied globally to tackle this. Since everything in the twenty-first century has
become automated, we decided to automate the defect detection process by employing artificial intelligence and
deep learning algorithms to replicate the way a human brain thinks in order to solve problems quickly and
professionally. We constructed a mathematical model to calculate the cutoff based on the successful examples in
the training set. In manufacturing output, the proportion of genetic flaw data is typically great, although the
proportion of input that is defective is typically tiny. Around 5 percent for the rout computerized manufacturing
systems. In average, the criterion adaptation efficiency increases as the data increases. The calculated result of
certified production lines is also greater, showing that the supervised learning is regular throughout.
The graph below (fig:1) depicts the production fault in surface casting from late 1870 to the present. This global
data indicates that the production of faulty items is decreasing day by day.
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FIG 1. Manufacturing defect in surface casting

The below fig:2 shows the rise of Al in the industrial industry is seen in the graph below. Especially when it
comes to spotting flaws. Al has shown to be a lifesaver in today's modern environment.
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FIG 2: Growth of Al in manufacturing industry

To meet the increased requirement for elevated products, a fresh class of intelligent machine vision
equipment is growing in manufacturing plants. It will generate many different sorts of faults impacting the wear
resistance and toughness of steel due to the steel rolling process environment, the manufacturing method, and
other constraints. When steel is heated, it can generate fractures in rare circumstances owing to incorrect
processing or low steel quality. Inclusion flaws on the steel surface can be caused by a number of nonmetallic
inclusions or an unclean rolling mill environment. Plaque flaws can emerge if there is corrosion, emulsification,
or other conditions on the surface of the steel. Because of the high temperatures and extensive exposure period,
they will produce pitted surfaces, i.e., coarse grains and other defects. Steel manufacturers and end users may
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pay significant financial and reputational consequences if surface flaws are not addressed in a timely manner.
Image segmentation may be used to compare the fault detection process.

A Existing system

Vast quantities of data about the ideal product look are accessible at the moment of learning in
commercial inspection and testing, but only a few faulty samples are offeredMemory-augmented Adversarial
Autoencoder to identify and pinpoint faults in legitimate exploiting genetic flaw data alone for training phase in
this study. Images were rebuilt using an adversarial autoencoder and identification findings from the Fréchet
Markov Distance in this study. Based on the quantitative properties of genetic flaw training / test set, a criterion
was developed. We added a storage unit and revised the rebuilding squared error in a novel way to prevent
situations when the restoration capacity is very powerful or very poor, leading in fault diagnosis being
overlooked.In addition, the research cutoff calculation technique is suggested to suit a variety of commercial
objectives. Three samples from the manufacturing process and two reference samples have been used to
evaluate MAA's precision, reliability, and operational cost. The results reveal that the suggested process is
working and flexible to the actual aspects of factory output.

B. Cause Analysis

The dataset were classified under two primary categories, including one that was subsequently
segmented under giant categories. Cnn models effectively remove large groups of data. Various groups utilise
varying numbers of samples to differentiate themselves, and there is a growing association between the number
of samples.Using the following graph, we illustrate the recognition rate of six groups of data and shows the
convolution layer of each data.

TYPES OF DEFECT OCCURS ON
SURFACE CASTING PRODUCTS
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FIG 3: Types of defect occurs on surface casting products

The above pie-chart (fig:3) shows the major types of defect which occurs in surface casting products. In this it
shows 5 kinds of defect namely defect on tuning using machine, visual imperfection on surface, defective
sandholes and blowholes, shrinkage defect, cold blast.
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FIG 4: Recognition rate analysis
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TABLE:1 and FIG:4 captures the quantities of 6 sets of samples, as well as the detection accuracy summed
across two tier and 3 tier, and is analyzed with the help of 6 categories of input.

Convo-Layer Detection accuracy Summed value
Layer-2 75% 89% 78% 80.66
Layer-3 80% 7% 98% 88.33%

TABLE 1: Recognition rate analysis table

In the TABLE:1 above, the three fully connected layer has a larger error margin over the two fully
connected layer for the equivalent data. Following to the research, the detection performance of CNN rises as
the number of fully connected layers grows, since the greater tiers there have been, greater characteristics are
accessible for picture identification.Moreover, the experiment indicates that CNN do have adequate
performance in processing casting images defects, but its recognition performance is good.

Il.  LITERATURE SURVEY

According to George-Christopher Vosniakos(2022), it is critical to detect whether strong aluminium
die molds include ground flaws. There are both defects and exclusions in visual processing inspections. In this
project, a machine learning system was set up to acquire whole surface data. Locales were created using typical
modifications and screening in regions where defects are anticipated to occur. Following that, an extensive
sound level border retrieval was performed. Using accurate analytics, characteristics linked with defective parts
were established. An advanced algorithm has been invented to evaluate components as faulty or healthy
utilizing Backpropagation Convolutional Neural Networks rather thanthe often used Svms. We examined
numerous characteristic permutations to establish which four cnns would provide the optimum overwhelmingly
good prediction performance of 90%.

To discover faults, majority contemporary screen detection systems rely on human testing techniques.
Unfortunately, when it comes to detecting faults, these approaches are inefficient and inaccurate. For active
surface identification, we offer an enhanced Faster-Convolutional Neural Network technique based on a Rapid
R-CNN. This approach optimizes the symmetrical screening methodology in order to soften the photographic
roughness foreground. A contour multilayer ResNet50 system paired with a densely connected network could be
utilized to gather faulty high - level feature maps, enhancing the channel's ability to express aspects of nonlinear
flaws while also solving the difficulties of of expressing the many sorts of errors. Rather than Pixelwise , the
method in this research utilized Area of Information Alignment (AOI Align)to more precisely pinpoint the
location of problems.

Any industry that manufactures large quantities has recently come to rely on quality inspection. Al
algorithms with low computational costs have become necessary for identifying such defective products so as to
reduce human error. By comparing and contrasting various pre-trained and custom-built architectures, we can
detect defects in casting products by examining the model size, performance, and CPU latency. Compared with
pre-trained mobile architectures, custom architectures offer superior accuracy. A custom model performs six to
nine times faster than lightweight algorithms such as MobileNetV2 and NasNet. Compared to the most powerful
models such as MobileNetV2 and NasNet, the number of training parameters and size of the custom
architectures are significantly lower (*383 times and *116 times). Additionally, experimentation has been
conducted to increase the robustness and generalizability of the custom architectures. Hence Bharath Kumar
Bolla(2022) has proven that transfer learning models might not always be ideal for deployment on Edge and loT
devices.

Qifan Jin(2022) introduced employing optical judgment to identify surface faults, which has already
been extensively applied in commercial product testing for decades. Data on flaws is difficult to collect, and
documenting information from a huge number of faults will take a significant amount of time and materials.
Even so, this research examined technique for identifying imperfections of manufactured goods with a tiny
proportion of marked metrics, classifying them as conventional picture computation production or
manufacturing microscale investigative techniques and deep training raw material ground fault diagnosis
constant and reliable for a tiny number of observations. Visual manufacturing methods for recognizing surface
imperfections on commercial goods are categorized as probabilistic, spectroscopic, and parametric
methodologies. Techniques for assessing imperfections in commercial items are characterised based on deep
learning-based functionalities such as feature extraction, transfer learning, prototype fine-tuning, semi-
supervised, poorly controlled, and non-training methods.
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Lin Zhu (2022) implemented that production process is concerned in deep learning-based diagnostic
approaches. N nevertheless, existing techniques are mostly hampered by a vast volume of testing phase with
excellent labels, and it is also impossible to discern factual inaccuracies consecutively in practise. As a response,
this research recommends a defect detection mechanism based on an enhanced semi-supervised multipurpose
recursive neural network to increase accuracy rate and picture attributes. In the first stage, training data is hand-
labeled by defect type, and synthetic neural networks are formed using credible observations about faults. As a
result, the GAN prejudicial network is applied to improve an inclusive supervised classification surface for
identifying flaws of various sorts. Furthermore, the exclusionary network's semisupervised inputs deliver
feedback to the conceptual system, enabling it to strengthen picture characteristics and eliminate contour
disappearance. Finally, testing study revealed that the suggested technique provides high-quality picture
components than the traditional GAN methodology. Consequently, accuracy of the classification has enhanced
by 3.13 percent, 2.31 percent, 2.47 percent, and 3.15 percent for the ResNet model, MobileNet v3 prototype,
and VGG-19 prototype, correspondingly.

According to Filip Nikolic (2022), the new study use deep learning to diagnose permeability defects in
aluminium alloys. The aim of the research is to construct a CNN architecture that can forecast permeability
issues in high magnification microscope images. Images of refined samples of different aluminium alloys with
considerable imperfections were used to train the model. Porosity faults of various sorts were included. In the
test set, the suggested custom CNN structure worked admirably, properly classifying functional photos and
making mistakes in just 253 images. As a result, the accuracy rate achieved was 94 percent.

Object recognition enhances the effectiveness, quality, and dependability of fault identification
dramatically. Superior dielectric illumination platforms and appropriate image capture technology are required
for acquiring high-quality pictures in visual inspection. Deep learning is having a significant impact on the field
of computer vision, and image computation is a critical technology for acquiring defect information. This paper
methodically discusses a brief history as well as the highly advanced technologies in optical lighting, picture
capture, computer vision, and image recognition in the forms of visual inspection. The current breakthroughs in
robotic vision-based manufacturing defect detection are highlighted. Supervised classification tends to be
critical to the foreseeable evolution of the field of vision observation. Thus, after discussing standard defect
detection techniques, a full explanation of the application of artificial intelligence in defect classification,
localization, and segmentation follows. Zhonghe Ren,Fengzhou Fang(2021) has derived that the prospective
possibilities for automated visual technology development are being investigated.

Mounir Arioua.(2021) explained that the quality assurance is indeed one of the manufacturing
processes that may most benefit from technological advancements. Object recognition, as a modern innovation,
enables quick and accurate examinations and assists producers boost the effectiveness of industrial facilities.
Data from imaging devices will be reviewed to identify and notify faulty goods, explore the sources of flaws,
and ensure rapid and skilled engagement in Market sector. In this connection, the object recognition model
proposed approach blends the monitoring of faulty goods with the enhancement of production techniques by
forecasting the best suitable assembly process conditions to achieve a genetic flaw item. The proposed model
leverages all input information from international sources and today's manufacturing chain to fulfill process
improvement goals from a Smart manufacturing standpoint, employing anticipatory survey to examine trends
over time and recommend preventative efforts to strengthen quality. To assess the envisaged system, a direct
comparison of numerous ml algorithms, including both object segmentation and systems engineering models, is
done.

In manufacturing industry's extensive intelligent development has created new needs for industrial
product quality assessment. Chen Y(2021) highlights the present state of machine learning approaches for
surface defect identification, a critical component of industrial product quality inspection. According to the
employment of surface features, the use of traditional computer vision active surface identification approaches
in overall manufacturing surface defect detection is classified into three components: roughness characteristics,
colour information, and structure attributes. The common fundamental issues and remedies in commercialized
surface fault diagnosis are then thoroughly described; major challenges include the true issue, the appropriate
portion problem, the tiny target issue, and the lopsided specimen difficulty. Ultimately, the most popular
statistical series for high tech manufacturing fracture surfaces in modern years are more meticulously
articulated, and the most recent scientific approaches and methods on the MVVTec AD source of data are
analysed, to deliver several data for potential advanced manufacturing ground accident detection technology
innovation.

Surface flaws in metal sheets have a substantial impact on the quality, safety, use, and aesthetics of
goods in modern industries. In many manufacturing companies, steel is the most significant building material.
Detecting steel product quality concerns and classifying steel faults is a difficult and time-consuming manual
task. With recent advancements in Al, powerful deep learning algorithms can now be used for optical quality
control and defect classification. The suggested method uses VGG16 as a feature representation to appropriately
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categorise the defect presence based on the mapped features to automate steel surface defect classification.
Siddhi V Kulkarni (2021) implemented that the system's adequately built neural network reaches a precision of
97 percent.

Anomalies Recognition on any steel substrate is a key and necessary interaction for controlling the
properties of any industrial good. Existing flaw datasets are not obtainable for the region of the dissimilar model
due to information scale and type of abnormalities. There are a number of recognition moves that are inept and
imprecise. S.manish reddy has created his own neural organisation model in this research, as well as stacking
the VGG-16 model with ImageNet loads. This model can deal with absconds on a variety of scales. Ultimately,
extensive studies on two datasets demonstrate that the suggested technique is broad and capable of meeting the
accuracy requirements for ferrous planar surface distinguishing proof.

111. DATA COLLECTION
A training set is used for training, whereas a test set is used for testing. To generalise to other data, the model is
trained on a set of data with a known outcome. To test our models, we will utilise Python's Tensor-Flow library
and the Keras technique. We will use the test dataset (or subset) to put our models to the test.

A Constructing the Model for Defect Detection

FIG 5: Model pipeline for defectdetection

For deep learning, a lot of images from the past should be collected. This model needs to be trained and
tested so it can find the right pattern and predict correctly. Below diagram shows the dataflow of our working
model. For that pipeline is constructed. Firstly the image dataset is collected then it is pre-processed and then it
is trained and tested. The trained data set is used to detect the defect of the casting product

B. Import the Given Image from Dataset

FIG 6: Image dataset

This image dataset(fig:6) is available in kaggle
(https://blog.jovian.ai/steel-molded-product-image-classification-for-quality-inspection-using-pytorch-
72¢696d205f3). From the above url we took the image dataset for our proposed model.
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FIG 7: Process flow for defect detection

First, we obtain the necessary dataset from kaggle or another digital site. The dataset is then cleaned, highly
processed, and specially formulated for deployment. We successfully trained our dataset to our proposed model
. Once the data has been processed using the CNN algorithm. After training the dataset, we evaluated the CNN
model with a large number of pictures to boost performance or precision

C. TO BUILD THE PROPOSED SYSTEM USING THE PROVIDED DATASET

Using classifiers and the fit generator function, we can train our dataset. Furthermore, we may train our dataset
with the entire number of iterations, evaluation set, and evaluation phases. These design demonstrates how a
layered input picture is learned and stored in a neural network to produce the desired output.

Comnvofution

channels flattened ™

\ J
_ N
\'f N\
Feature Extraction Classification

Fig8: Architecture layer of the proposed system

1IV. WORKING PROCESS OF LAYERS IN CNN MODEL
Specifically, Convolutional Neural Networks (ConvNets/CNs) are Deep Learning algorithms that can
identify various aspects/objects in an image, assign a certain weight (learnable bias) to each of them and be able
to distinguish between them. When compared with other algorithms for classifying data, a ConvNet requires less
pre-processing.
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FIG 9: Workingflowof CNN model

In FIG:9 we can infer the working flow of CNN model, starts from collection of Data which includes (splitting
the data, train and test the data. Then it will move to the pre-processing stage and then build a classification
model. Once the model is constructed it can be used to Predict the surface defect.

Convolution layer could learn features/properties with sufficient support, but primitive approaches need hand-
engineering filters. Fully connected layers are composed of cells (heurons) and are comparable of neural
connection found in the human cortex. They are modeled after the Visual Cortex structure. The Receptive Field
describes the region of the visual field in which individual neurons respond to stimuli. Four layers of their
network include 1,024 input units, 256 units in the first hidden layer, eight units in the second hidden layer, and
two units in their output layer.

A).Input Layer in CNN:The input vector of CNN is comprised of picture data. 3-D arrays have been used to depict
these pictures. It must be transformed into a separate cell. If you have a 24 x 24 = 576 picture, it must be transformed to
576 x 1 until being supplied into the interface.

B).Convo2layer: It is quite simple to perform 2D convolution at its core: the kernel is just a small matrix of
weights. With this kernel, the 2D input data is examined, elementwise multiplication on the input section this is
presently on is performed, as well as the outcomes are summed together to form sole output picture element.

This experiment was replicated for every area that the kernel slips through, transforming the two -
dimensional feature array into a new 2-D feature array. Based on this algorithm, the output features are the
weighted sums of the input features that lie roughly where an output pixel would lie on the input layer (with the
weights being the kernel values). Whether or not an input feature falls within this "roughly same location", is
determined by whether it falls within the kernel area that produced the output. Accordingly, the kernel's size
directly determines the number (or few) input features that are combined to create a new feature.

An entirely connected layer contrasts sharply with this. Five times five features equal 25 input features,
and three times three equals nine output features. The weight matrix for this layer would be 25*9 = 225, with
each of the output features being the weighted sum of each and every input feature. The result of this transfcarry
out the transformation using only 9 parameters with each output feature, rather than analyzing or zooming in on
every input feature, but only looking at input features that comehly the same lo.Please take note of this, as it will
be critical to our discussion later.

C).Conv layer: Convolutional layers make up most of the CNN. Training involves gaining an understanding of
the parameters of several filters (or kernels) within the system. Generally, smaller filters are used than those that
are based on images. They create an activation map by converging with the image. Convolution filter rates the
dot product between each element and the input at every position in the image when it is slid across the width
and height. Feature extraction is also done via this layer. Thus, convolved layers are sometimes called feature
extractors. Convolution is performed by connecting a part of the input image to the Convolution layer. As shown
earlier, this is the first step. Second, the dot product between the receptive field and the filter, which would be a
specific section of such pixel intensity with almost the equivalent dimensions as that of the classifier, must be
determined. This operation yields a single integer result. The screening is then applied to another input vector
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with similar picture input using a Stride. Once the entire picture has been processed, the image will be processed
again. New input layers will be added with each processing layer.An overlay layer called the convo layer is often
referred to as the feature extractor layer since it's used to extract features from an image. First, a piece of the input
image is converted into a cnn model in order to conduct convolution and calculate the matrix multiplication
among the input vector and the stimulus field.(which equals the filter size) and the filter.

An image can be transformed into a convolutional layer by applying filters to it, or by applying another feature
map to one. The user specifies the majority of the parameters in this area of the network. Kernels and their sizes
are the most important parameters.

D).Max pooling layer:A convolution algorithm that takes the largest value from an area that is convoluted is
known as max pooling. Convolutional neural networks implement the Max Pooling technique by carrying
forward only the most relevant information during convolutionThe pooling layer minimizes the amount of the
picture after convolution. Here, two convolution layers are employed. Without merging or with optimum
merging, FC after the Convo layer will be computationally expensive.Maximum pooling is the sole way to
minimise the geographical region of the source image. To maximise the pooling effect, two-depth slices were
used. Due to the transformation from 4-by-4 to 4-by-4, the input is reduced from 4 to 2 dimensions.
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FIG 10: Maxpollinglayer

E).Fully connected layer (FC):Full-Connected Layers are essentially feed-forward neural networks.In most
networks, these layers are at the top. After being flattened, the outcome of the finished Pooling is sent across the
completely linked level.

In a completely linked layer, there are neurons, values, and prejudices. Neurons in this layer are
connected to neurons in other layers. It is possible to distinguish several different categories of neuronal
connectivity. completely linked layer serves as a classifier within the convolutional neural network. A
convolution level, grouping level, and initiation level map the actual information to the secret layer feature
space, while the full connection layer creates a representation of the "spread latent representation™ to the sample
indicator area. Essentially, these networks are totally linked because each neuron is coupled to each other in
each layer. Using 2 level of completely linked inputs and outputs, this diagram illustrates how an input is
described and predicted.

The fully connected layer consists of neurons, weights, and biases. Neural connections occur between layers.
Through training, this layer can determine whether an image is in one category or another.
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Hidden Layer

FIG 11: Fullyconnectedlayer

F).Flattenlayer: The image obtained after the convolving is flattened by using it. Contains all the connections in
this model and is used to make it a fully connected model. Density: It is the output layer is composed of only
one neuron, making it easier to avoid over fitting the dataset. Dropout: It helps prevent over fitting to the
dataset.

Flatten is used to execute a flattening operation on input. If a layer is flattened after its input shape has been set to
(batch size, 2), its output will also be (batch size, 4).

G).Dense layer:The typical deeply linked neural network layer is the dense layer. It is the most popular and
widely utilised layer.The dense layer conducts matrix-vector multiplication in the foreground. The matrix
contents are indeed variables that may be learned and changed via training algorithm.

output = activation(dot(input, kernel) + bias)

The layer's tensor product, tf.tensordot, is computed if the inputs have a rank higher than 2 (using TF.tensordot).
The kernel outputs a function along axis 2 of the input, and it recursively follows the sub-tensors, which have the
shape (1, 1, s1). For example, if the kernel receives input with parameters (batch-size, p0, p1), it builds a function
with structure (s1, units) and iteratively follows the sub-tensors which have shape (1, 1, s1). There will be an
output shape consisting of (batch_size, p0, units).

Furthermore, with the exception of the employable characteristic, after a layer has been invoked oncethe
attributes cannot be modified. Input layers will be created before the current layer when keras receives a popular
kwarg input_shape. If an InputLayer is explicitly defined, then input layers will be created before the current
layer.

H).Dropout Layer: This prevents overfitting by setting an input unit to zero at each training step while a
frequency of rate is randomly chosen. The sum over all inputs is unchanged if any inputs are not set to 0.

When training is set to True, the Dropout layer is enabled so that no values are dropped during inference. The
training parameter will be set appropriately to True when using model.fit, and in other contexts, the parameter
can be explicitly set to True when calling the layer.

I).Soft-max /Logistic layer:The softmax value is utilised as the kernel function in cnn architecture that forecast
multivariate statistical distributions. When a class membership is needed on more than two class labels, softmax
is utilised as the activation function in multiclass classification tasks. The final layer of CNN is known as the
Soft-max. The final layer is expected at the completion of the Convolution layers. Logistic is used for binary
classification, and soft-max is used for multi-classification.

The last layer of CNN is the Logistic or Softmax layer. The Logistic layer comes after FC. Multi-classification is
accomplished with logistic and binary classification is achieved withsoftmax.
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FIG 12: CNN model trained dataset loss values

J).Output Layer:An artificial neural network's output layer refers to the neurons that produce given outputs for
the program. Output layer neurons are synthesized much like other artificial neurons in the neural network, but
they are observed or built in a different way, since they are the final nodes of the network. Using three separate
layers of feedforward neural networks provides basic models that are easy to understand. Intelligent, advanced
neural networks may have multiple layers - and as said, each of these layers may be constructed differently.
Acrtificial neurons resemble the biological system's axons in that they contain some weighted inputs, a
transformation function, and an activation function. It is possible to design output layer neurons differently for
the sake of streamlining and improving results after each iteration.As a result of coalescing output layers, the
final result is concretely produced. The 3 layer need to be viewed in conjunction with one another to understand
the neural network better. Hot encoded label consisting of one item. You now clearly comprehend and
understand CNN.Label is encoded in a one-hot fashion as part of the output layer.

V. SURFACE DEFECT PREDICTION AND IMPLEMENTATION

We describe in this paper methods for detecting surface defects based on deep learning. Different
labels used to label the data define the various components of the process. These components include fully
supervised, unsupervised, semi-supervised, weakly supervised, and un-supervised methods of learning.
(Process). The fully supervised model uses a representation learning method and a metric learning method.
Depending on the structure of the network, classification networks, detection networks, and segmentation
networks can also be identified. Currently, supervised learning is getting the most attention, but unsupervised
learning is also important to research. These methods are further divided into subtypes based on their processing
characteristics. We provide input images via the Keras processing package. There was a conversion of the image
into an array value using the pillows and the array functions package. Previously, surface defects have been
categorized. Already a dataset of sign language has been classified. Using the predicted function, we must then
predict surface defects.

.| Surfce defect
Imagze

Clsssification

FIG 13: Image classification model

By detecting image dataset, classification, the surface defect recognition method recognizes sign the
image by using a two-channel architecture. Surface defect images are used as input in the construction of an
initial layer of a CNN. Convolutional neural networks are used in the Training phase to categorise input visuals
based on the characteristics retrieved from the image pixels. Once the images are trained it can detect the fault-

WWW.ijres.org 433 | Page



Defect Inspection Of Casting Product Surface Using CNN

ness of the product. Once the defect image is recognized it will move the data to the Arduino mega. This will go
through serial communication and make the servo motor to push the defect product to the defective conveyor
side. The defective products are then collected and again refurbished to get the quality non-defective product.
This will make the production industry more reliable and trust-worthy for customers.

| POWER SUPPLY

Line-scan
camera Serial
T communication
M
Defect .| ARDUINO
detection using : v
cnn MEGA »| Servo motor
4
Cloud server |

Fig 14:Block diagram for automated defect detection

A).Alexnet:The AlexNet convolutional neural network has made fundamental contributions to deep
learning, particularly in the implementation of artificial intelligence to computer vision systems. AlexNet,
a convolutional network, is the first to employ GPU technology to improve performance. The AlexNet
architecture consists of 5 convo layer, 3 max-pooling layers, 2 standardization layers, 2 completely linked
layers, and 1 softmax layer. Every convolutional layer has convolutional filters and a rectified linear
activation unit. This produces one maximum-pool.
(https://upload.wikimedia.org/wikipedia/commons/thumb/c/cc/Comparison_image neural networks.svg/720px-
Comparison_image_neural_networks.svg.png) — linklink for the below figure 16 and 17.

AlexNet
Image: 224 (height) x 224 (width) x 3 (channels)

Convolution with 11x11kernel+4stride:54x54x96
v RelLu
Pool with 3x3 max. kernel+2 stride: 26x26x96

" Convolution with 5x5 kernel+2 pad:26x26x256
» RelLu
Pool with 3x3 max.kernel+2stride: 12x12x256

Convolution with 3x3 kernel+1 pad:12x12x384
v Relu
Convolution with 3x3 kernel+1 pad:12x12x384
» Relu
Convolution with 3x3 kernel+1 pad:12x12x256
+ RelLu
Pool with 3x3 max.kernel+2stride:5x5x256
, flatten
Dense: 4096 fully connected neurons
= v BRelu, dropout p=0.5
Dense: 4096 fully connected neurons
/' ReLu, dropout p=0.5
Dense: 1000 fully connected neurons

Output: 1 of '1000 classes

FIG 15:Architecture of AlexNet
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B).Lenet: Convolutional neural networks, for example, such as LeNet, were among the first to promote deep
learning. LeNet is the end result of countless years of meticulous analysis and many iterations.
This architecture consist of 2 conv layer with kernal, 2 max-pooling layer, 3 dense layer or fully connected

neurons, 1 softmax layer respectively.

Image: 28 (height) x 28 (width) x 1 (channel)
Convolution with 5x5 kemel+2padding 28x28x6
Pool with 2x2 average kernel+2 stride: 14x14x6
Convolution with 5x5 ke'mel (nopad):10x10x16
Pool with 2x2 average kernel+2 stride: 5x5x16
Dense: 120 fully connected neurons
Dense: 84 fully connected neurons
Dense: 10 fully connected neurons

Output: 1 of 10 classes

LeNet

| sigmoid

| sigmoid
o fatten
| sigmoid

. sigmoid

FIG 16: Architecture of LeNet

Modeol acouracy

FIG 17: Accuracy and loss graph

In the above graph, you can see the model accuracy continues to rise as the epoch increases. Training the model
again and again will increase its accuracy through epochs. To gain the accuracy we expected, we gave the epoch
upto 20 in this model. As a result, our accuracy is between 98-99%. In general, CNNs are highly capable of
detecting objects, classifying images and predicting their behavior.

VI. POTENTIAL INITIATIVES:
e To achieve better outcomes, a powerful Al-edge detecting sensor can be employed.
e By linking the entire defect detection process to the cloud platform, clear data visualisation is obtained.
e More surface casting goods should be trained so that future manufacturing companies can reduce the

number of defects in the items they make.
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VII. INFERENCE

In this research, an image defect processing method based on CNN is applied to the situation of casting
castings, and the dependability of the CNN architecture is assessed as a result. Experiments show that a CNN
architecture integrating artificial intelligence techniques with historical science and engineering disciplines is
possible and efficient for detecting casting problems. The use of CNNs in this study is pretty simple, and the
detection performance is fairly broad, but it meets the criteria. Our future study will concentrate on enhancing
and speeding up picture defect analysis in order to connect this project with hardware kit, minimise overall
duration, and automate the identification and localization of metal surface faults.

ALEXNET, an improved CNN object detection model, was combined with the improved LENET model for the
best results. With an accuracy of 0.982, the final model represents a significant improvement over the single
classification model, which was 0.975, and the object detection model, which was 0.972. Furthermore, the
model can detect real time manufacturing defect detection (automation) along with improved accuracy for
defect-free production.
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