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One of the most common issues in manufacturing is the inability to
persistently maintain good quality, which can lead to product defects and
customer complaints. In this research, the novel implementation of deep
learning for fabric defect classification in FastAl was proposed. The residual
network structure of ResNet50 was trained through transfer learning to
classify the data set that contained five classes of fabric images: good,
burned, frayed, ripped, and stained. A novel approach to constructing the
data set was undertaken by compiling randomly downloaded fabric images
within the aforementioned five classes with a broad variety from the internet.
The effect of the two splitting methods in dividing the data into training and
validation data was investigated. Random splitting divides the data into
random class proportions, while stratified splitting maintains the original
class proportions. Models were tested offline with unseen data and reached a
mean accuracy of 92.5% for the 2-class model and 70.3% for the 5-class

model. Based on the attained accuracy and precision, no splitting method
was superior to the other. The feasibility of the system’s online
implementation was evaluated by integrating a smartphone camera to
capture and classify fabric samples, with a mean accuracy of 75.6% for the
5-class model.
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1. INTRODUCTION

Operation of production lines in manufacturing industries requires proper quality control as a means
of evaluating, maintaining, and improving product quality based on a certain standard. A quality control
process benefits from the developments in automation technology in terms of improvements in production
efficiency and product reliability [1], [2]. In the long run, the utilization of humans in the entire inspection
process in a large manufacturing process is prone to inconsistency and inefficiency [3], [4]. On the other
hand, automatic quality control offers popular solutions to the challenges, opportunities, and crucial aspects
faced by industries, making it the focus of current research [5], [6]. Automatic quality control offers stable
performance and can be suited to certain quality control methods applied in specific industries.

One main challenge in automatic fabric quality control is the variety in motives and patterns. A
unique pattern can easily create ambiguity and at a glance can be mistaken as a rip or a fray. In addition,
defects with the same terminology, i.e., burned spot or stain, may look very different from one to another in
size, shape, and color. Thus, creating a deep learning model that retains artificial intelligence (Al) to perform
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the correct fabric defect classification with a strict quality threshold needs to accommodate a vast library of
knowledge.

Some machine learning libraries such as Keras, TensorFlow, and OpenCV are capable of
performing image recognition or image classification tasks. These libraries combine the use of convolutional
neural networks (CNN) with various algorithms for optimization, data pre-processing, and data post-
processing [7]. The research history of the library’s utilization in solving industrial problems proves that the
aforementioned learning libraries are able to create accurate and robust models [8]. More recent libraries such
as FastAl and PyTorch offer a combination of high-level abstraction through simplified and intuitive
application programming interface (API) and low-level details of data processing, data augmentation, and
model architecture when more customization and control are needed [6], [9]. FastAl also provides easy
access to the state-of-the-art training techniques and experimentation tools, making it suitable for research
purposes [10].

The application of ordinary CNN with a novel pairwise-potential activation layer (PPAL) to classify
2 classes of micro-scale fabric defects has been proposed [11]. Liu et al. [12] proposed defect classification
in macro-scale detection based on the following classes: frayed, scratched, and missing yarn. Each member
of the data set can be classified into more than one defect type. The model itself was built by using transfer
learning in a 16-layer-deep CNN with several modifications. Further micro-scale classification of eight defect
types in woven fabric has been presented [5], [13]. The stages included pre-processing, background
separation, morphological processing, and classification with support vector machine (SVM). Computer-
vision using RPLidar, which focuses on the health service assistance [14]. Jun et al. [15] proposed the use of
CNN in fabric defect detection with a two-step strategy. Several defect classes were applied, however only one
fabric type and color were utilized throughout the experiment. Finally, Ramakrishnan et al. [16] presented the
use of appropriate CNN with an active contour feature for the specific type of fabric defect. Fabrics such as
silk, jute, diamond pattern, and flower pattern, each requires one separate model.

In this paper, a machine-learning-based automatic fabric defect classification system using a CNN
with ResNet50 architecture is proposed. The main contribution of the study is twofold: i) the use of FastAl in
fabric defect classification utilizing ResNet50, with one model for the whole data set with various fabric
types and ii) the presentation of a new approach in constructing the data set which consists of random images
with strong differences to increase the generality.

The system’s area of application is a novelty in the FastAl library. The pre-trained model provided
by the library allows transfer learning to obtain a more efficient training phase, because the a-priori
knowledge was further transferred and improved according to the specific task at hand [3], [14]. The
proposed system is aimed to yield higher efficiency and endurance in fabric defect classification through
image recognition than human eyes. The performance of the system is examined in the classification of five
fabric classes: good, burned, frayed, ripped, and stained.

An additional novelty of the proposed system is the construction of the data set. In this case, the
majority of the data set was constructed by fabric images, which were randomly downloaded from the
internet, complemented by fabric images self-taken by the authors. This approach was meant to close the
technical gaps associated with the lack of application generality in classification using Al due to the use of
images of which mostly have similar attributes in the data set. The original images were used without any
data pre-processing and multiplication, in terms of orientation or fragmentation. Therefore, the data set used
by the proposed system contained an enormous amount of data variation. Care was taken to ensure that the
data used in the training phase, the validation phase, and the testing phase did not intersect with each other,
whether entirely or partially.

This paper is organized as follows. First, deep learning with CNN is presented briefly. The
optimization algorithm, learning rate, and performance measure are presented. Afterward, the
implementation platforms and the stages of research are delivered, with an emphasis on data set preparation
and model building and training. Then, the results of model implementations are presented. In an offline
implementation, the system is tested in order to classify unseen fabric images. The online implementation is
conducted to test the real-time operability of the system in a hardware configuration consisting of a laptop
and a smartphone camera. This undertaking shows the versatility and portability of the system, which is a
starting point for the system to develop further and become a turnkey solution. Discussion and conclusion
sections are presented at the end of the paper.

2. METHOD
2.1. Machine learning and deep learning

Machine learning is a type of Al that focuses on building a system that uses certain algorithms to
learn from a given set of data. Machine learning imitates the way how humans learn and make decisions on

Bulletin of Electr Eng & Inf, Vol. 13, No. 5, October 2024: 3255-3267



Bulletin of Electr Eng & Inf ISSN: 2302-9285 O 3257

something, which is characterized by a learning process to obtain gradual improvement of accuracy over
time. A machine learning algorithm can analyze and find patterns in a given data. The algorithm can also
classify labeled or unlabeled data in a supervised learning or unsupervised learning condition [10], [17].
Provided that certain data belongs to a specific class, the ability to perform the classification emerges
following the training process, where the data knowledge is embedded into the system [18].

Deep learning is a subset of machine learning, which is made of a multi-layered neural network
exposed to a vast amount of data [19]. Through the learning algorithms, the network can perform elaborate tasks
such as speech and image recognition. While being able to act as a universal function approximator using a
single hidden layer only, a neural network with additional hidden layers and auxiliary connections among
neurons will be able to conduct more complex tasks through refined accuracy and optimization [18], [20], [21].

2.2. Convolutional neural networks

A CNN is a highly connected neural network with the smallest unit in the form of a residual block,
as shown in Figure 1 [22]. The residual blocks use the rectified linear unit (ReLU) activation function, as
shown in the figure. The replicated blocks can be arranged in series with an arbitrary number of layers to
create a deep neural network. The skip connection solves the problem of vanishing or exploding gradient,
where the increased number of layers causes an increase in training and testing errors. If the performance of
the overall network is affected by the difficulty of training the weights of a certain layer, then the skip
connection will override the corresponding layer and continue to the next layer.

X

skip
connection

A
Weight layer
F (XI) ReLU

Figure 1. The architecture of CNN’s residual block

The basic architecture of a CNN can be seen in Figure 2, which incorporates three processes: feature
extraction, classification, and probability distribution. The input image is processed through a convolutional
layer and a pooling layer [23]. The output of the pooling layer serves as the input to a fully connected neural
network, which uses the ReL U activation function. The output of this network is then further processed by an
activation function to determine the probability distribution of the classification.

Fully connected
neural network

Convolution
Activation
Pooling function OUtpUI
o3 Good
556 Frayed
] Ripped
Feature extraction Classification Probability
distribution

Figure 2. The basic architecture of a CNN

One type of the CNN models in FastAl is ResNet50, which is given in a pre-trained condition using
the ImageNet data set [20], [24]. As the name implies, ResNet50 is a residual network that encompasses
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50 layers with a sequence of one max pooling layer, 48 convolutional layers, and one average pooling layer
[22]. A fraction of pre-trained parameters can be kept unchanged or frozen for some training epochs, to allow
gradual adaptation of the model parameters to the new classification task [25].

In this research, the inputs to the model consisted of a batch size of 64 images per epoch. The data was
processed within 3 RGB layers, where the dimensions of all images were made uniform; 150x150 pixels. Thus,
the tensor size is [3,150,150]. The ResNet50 architecture took 7x7 kernels in each convolutional layer, with a
stride of 2. The maximum pooling layer worked with 3x3 kernels, of which the number of strides was 2.

2.3. Optimization algorithm and learning rate

Adaptive moment estimation (Adam) [26] was chosen as the algorithm to optimize the parameters
of the CNN in this research. Adam is an adaptive and efficient optimization algorithm that dynamically
updates the learning rate for each parameter using low memory requirements [27]. The parameter update in
Adam is similar to the gradient descent method with momentum and additional root mean square (RMS)
propagation. Adam uses the exponential moving average of the gradient and the square of the gradient. The
parameter update is governed by (1) to (5):

me = Bymeq + (1 = B1)ge 1
Ve = Boves + (1= B2) gt (2)
e = (11—,1;5) )
P = (13?5) )
Bris = O — N 71, )

where 8, is the parameter vector at the t" epoch and 7 is the learning rate. Furthermore, m, is the dynamic
average of the gradient, v, is the dynamic average of the square of the gradient, with 7, and ¥, as their
correction biases, respectively. B, 8,, B, and B represent the exponential decay rates; and ¢ is a small
constant, which is included to avoid a division by zero.

A learning rate is an important feature that if carefully chosen can lead to efficient training in a short
amount of time. In this research, a cyclical learning rate (CLR) approach [28] was implemented to improve
the accuracy. Here, a cycle is defined as the training fragment consisting of two steps, of which one step
corresponds to an increasing learning rate and the other step represents a decreasing learning rate. Each step
consists of a number of iterations. The maximum, minimum, and change of rate of the learning rate in a cycle
are first set. Then, based on a heuristic decision, a policy is introduced to decrease the learning rate for
several orders of magnitudes, which are less than the initial value in the corresponding cycle [29].

2.4. Performance measure

The performance of the proposed system that was used to classify the fabric conditions was
evaluated by using a confusion matrix. Such a matrix contains a tabular summary of the number of correct
and incorrect predictions made by a classifier, as shown in Table 1. As was mentioned before, the data set
contains fabric images in five classes: good, burned, frayed, ripped, and stained. If an image of a certain class
is assigned to the correct class, the classification is called true positive (TP). Otherwise, if an image is
assigned to the wrong class, then the classification is called false positive (FP). If an image is predicted to be
the one that belongs to a certain class while it actually does not, the classification is called a false negative
(FN). Finally, if an image that does not belong to a class is classified as one that does not belong to that class,
the classification is called a true negative (TN).

Table 1. The confusion matrix
Predicted class

Actual class Positive  Negative
Positive TP FN
Negative FP N
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Two measures of classification performance were chosen: accuracy and precision. Accuracy
compares the number of true classifications attempts to all classification attempts. Precision measures the
capability of the model to identify TPs among all positive classifications. The formulas to calculate the
accuracy and the precision are given in (6) and (7):

TP+TN
Accuracy = ————— (6)
TP+TN+FP+FN
.. TP
Precision = @)
TP+FP

The precision strives to make the model more cautious while performing the classification, by not
neglecting the FPs. If the distribution among the classes in the data set is uneven, a successful classification
of the majority class may disguise a failed classification of the minority class. In (7) suggests that the TP of
the majority class will overwhelm the FP of the minority class. In this case, further measures need to be
included to correctly assess the classification performance of the system. In this research, however, the data
set was arranged to be balanced, so that the accuracy and precision will be adequate to represent the
performance of the model.

2.5. Implementation platforms

Two implementation platforms were used in this research: FastAl and OpenCV. FastAl is a deep
learning library built on top of PyTorch, which is an open-source machine learning framework based on
Python programming. FastAl was developed to simplify the process of building neural networks [24]. In
addition to providing high-level components that increase productivity by cutting lines of codes usually
required in building machine learning systems, FastAl also provides low-level components that can be
customized and combined to create new neural network architecture to suit flexible user requirements [30].

OpenCV is a library of programming functions, which is used mainly for real-time computer vision
applications that include subdomains such as image recognition, event detection, and object recognition.
OpenCV was written natively in C++ but can be integrated into other languages. In this research, OpenCV
was used to capture the video frames delivered by a smartphone and preprocess the frames into a format
ready to be processed by the model under FastAl.

2.6. Stages of research

The stages of Al implementation in fabric defect classification consisted of data set construction,
model building and training, and model implementation, in the form of offline and online tests. All stages
involved the use of the FastAl platform, while the OpenCV platform was used in online testing only. Two
models were built for 2-class and 5-class classifications. The 2-class model indicates if a fabric is good or
stained, while the 5-class model indicates if a fabric is good, stained, ripped, frayed, or burned. Both models
were included in offline tests, however, only the 5-class model would be included in online tests.

2.6.1. Data set construction

The data set was extracted from two sources: random fabric images from the internet and fabric
images from the author’s self-documentation. The random fabric images consisted of a compilation of
images downloaded from the internet by using bing image downloader. A sample of the data set is shown in
Table 2.

The large variation of the fabrics in terms of shape, pattern, and color can be seen in Figure 2. In
addition, the defects also vary in shape, size, and color. Each fabric class consisted of 170 distinct images,
where 130 images were used for training and validation, while 40 images were used for testing. All images
were resized to 150x150 pixels by using the padding resize technique.

The creation of the random data set is the novelty and the strength of this research. In most of the
implementations of deep learning for classification tasks, the data set used for training, validation, and testing
consists of images with large similarities in colors, textures, and brightness. On the contrary, the ability of the
deep learning system to adapt to the great data variety and to extract information about the fabric condition
was extremely put to the test in this research. In addition, the data set was split into training, validation, and
testing data sets, which were mutually exclusive [31]. The data set was reasoned to contain adequate
variation and unbiased information about fabric conditions. On the other hand, since the data set in this
research was constructed without any reserve in variation, a moderate performance in terms of accuracy and
precision would be expected [5]. Nevertheless, the authors were convinced that if the model can perform in
learning and classification using this data set, then the model should be able to learn and classify any less
random, pre-conditioned, and pre-processed data set with significantly better performance.
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Table 2. The data set sample

Images
Random download Self-documentation
e

Class Characteristics

Burned  Destroyed and damaged by heat

or fire

Frayed  Unraveled or worn at the edge

Good Free from defects

Ripped  Badly torn, fibers pulled apart or separated

Stained  Colored patches or dirty marks

2.6.2. Model building and training

Model building is defined as the creation of the model in the implementation platform of FastAl
with the required architecture and optimal parameters. After a model is built, the parameters of the model are
to be determined through model training. The model building was initiated by importing the FastAl library
and the data set by using a set of specific commands. Training and validation were conducted simultaneously
to avoid overfitting.

Out of 650 images of all classes that were used for training and validation, 80% were used to
construct the training data and 20% were used to form the validation data. Two methods of splitting the data
into the training data and the testing data were examined: random splitting and stratified splitting. Random
splitting divides the data into training and testing data in random class proportions. On the other hand,
stratified splitting splits the data according to the original class proportions [32]. In general, stratified
splitting is more suitable for unbalanced class data proportion. If the class data proportions are balanced,
random splitting can be used to increase the generality and find better results [31].

The deep learning process was initiated by an API called learners. Several features such as the
optimization function and the performance metrics (such as error rate and accuracy) could be initiated and
defined in this object. Early stopping callbacks such as the minimum delta and the patience were also
implemented to avoid overfitting in the training process [33].
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Thereafter, the pre-trained ResNet50 model was loaded as the starting point for the training process,
which is also referred to as transfer learning. The pre-trained model was to be trained further, utilizing the
aforementioned training and validation data. The fine-tuning process conducted by the authors provided the
best learning rate training scheme of 10 unfrozen epochs followed by 5 frozen epochs. The models with the
best performance were saved for further implementation in offline and online tests.

2.6.3. Model implementation

In the model implementation, the model itself undertook offline and online tests. The offline testing
was conducted to evaluate the ability of the proposed system to classify the unseen data. This step was fully
conducted in a FastAl.

The online test was conducted to investigate the feasibility of implementing the proposed system in
a real-time automated fabric defect classification. This step was conducted in FastAl and OpenCV. The
hardware setup for the online test is depicted in Figure 3. The required hardware includes a laptop, a
smartphone, and additional lighting, as shown in Figure 3(a). Fabric samples were positioned in front of a
smartphone camera within the autofocus range of the camera, as shown in Figure 3(b).

Figure 3. The hardware setup of the online test: (a) front view and (b) side view

The ResNet50 model with the best parameters was used to classify images captured by a Samsung
A32 camera. The built-in camera of the smartphone comprises a lens with an equivalent focal length of
25 cm and a 64 MP S5KGWa3 sensor. The video mode operated in a 1080p 24 fps setting. The smartphone
camera is superior compared to a webcam because it has a higher resolution and built-in auto-focus feature.
In the online test, the video image was taken for 10 seconds, amassing 240 frames for each fabric sample to
be classified by the model. The classification results were averaged and the highest class percentage was
delivered as the sample’s final classification result.

An IP Webcam application was used to turn the smartphone into a local host with a unique IP
address and make its camera accessible from any device with internet access. A laptop was used to combine
the operation of the OpenCV in capturing the video and converting it into frames and the FastAl in executing
the classification using the proposed ResNet50 model. The lighting incorporated a 9 W lamp, with a 26 cm
beam diameter and 6500 K color temperature.

3. RESULTS AND DISCUSSION
3.1. Result of model building and training

The deep neural network ResNet50 was applied based on its original architecture, with a base
learning rate of 0.001 and a minimum delta of 0.01. The patience, which is the number of epochs the model
will be further trained even if the training results were not getting better, was set to 3. Minimum delta is the
minimum decrease of error rate that must be fulfilled before the training is continued to the next epoch.

The best 2-class and 5-class models with the lowest error rate and highest accuracy are presented in
Table 3. The number of images used in the training and validation process for the 2-class model was 260. In
the case of the 5-class model, 650 images were utilized the splitting type was varied in each model, between
random splitting and stratified splitting. Error rate and accuracy are complementary to attain a value of 1
(equivalent to 100%).
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Table 3. The best results of the model training
Model type  Number of images in training and validation data set  Splitting type  Error rate  Accuracy

2-class 260 Random 0.0576 0.9423
2-class 260 Stratified 0.0384 0.9615
5-class 650 Random 0.3077 0.6923
5-class 650 Stratified 0.2462 0.7538

3.2. Results of model test

The results of the model training were further tested by using the unseen testing data set. The
summary of the model testing arrangement is presented in Table 4. The offline test was conducted on the
2-class and the 5-class models, each with a random and stratified splitting type. Forty images (20 images
from each class) were used as the test instrument for the 2-class model. The 5-class model was tested using
200 images (40 images from each class). All images were unseen during the training and the validation. An
online test was conducted on the 5-class model only. Forty-five real fabric samples (9 samples from each
class) were used to test the model.

Table 4. The model test arrangement
Testing type  Model type  Splitting type  Test instrument

Offline 2-class Random 40 images
Stratified

Offline 5-class Random 200 images
Stratified

Online 5-class Random 45 samples
Stratified

The summary of the offline test results for the 2-class model is shown in Table 5 (random splitting)
and Table 6 (stratified splitting). For each test image, the actual class was compared with the predicted class
and the result was entered into the corresponding table cell. The accuracy was calculated across all classes,
whereas the precision was calculated for each class, and then the precision values were averaged out.

Table 5. Random splitting offline test result for the 2-class model
Predicted class

Actual class Good  Stained Precision (%)
Good 20 0 100
Stained 0 20 100
Average precision 100
Accuracy 100

Table 6. Stratified splitting offline test result for the 2-class model
Predicted class

Actual class Good  Stained Precision (%)
Good 19 1 79.2
Stained 5 15 93.8
Average precision 86.5
Accuracy 85.0

The summary of the offline test results for the 5-class model is shown in Table 7 (random splitting)
and Table 8 (stratified splitting). For the stratified splitting, the precision values among the classes varied
significantly, where good class attained 49.3% (the lowest) and stained class attained 100% (the highest). A
low precision associated with the good class indicated a large number of FP classifications. As shown in
good column in Table 8, 67 images were classified as good although the true positive was only 40, among
which only 33 were correctly classified. The high precision of stained class suggests an excellent result,
where 30 stained images were correctly classified with no FP classifications. However, the remaining 10
stained images were falsely classified into the other classes, as can be seen in the last row (denoted stained)
in Table 8. This resulted in the lower precision for the classes denoted burned, good, and ripped.

In the online test, the 5-class model was tested to classify 45 fabric samples, 9 samples from each
class. Figure 4 shows the screenshots of the webcam interface as the proposed system was tested with the
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lighting setup as described in the previous section. Figure 4(a) depicts a successful classification of a stained
orange fabric sample. The fabric with the same material (flannel) with a different color (green) and a different
defect (frayed) was also successfully classified, as shown in Figure 4(b). The five class probabilities were
shown on the screen and the prediction was taken based on the highest acquired probability. The class order
from left to right is burned, frayed, good, ripped, and stained. Figure 5 shows the screen of the laptop when the
system was verified to successfully classify unseen fabric samples under indirect daylight, which is different
from the standard lighting setup previously described. Figure 5(a) shows how an unseen patterned
handkerchief in good condition could be classified accurately by the proposed model. Another test with an
unseen sample is shown in Figure 5(b), where the model was able to classify a burned medical mask fabric.
The proposed system was proven to be operable in a different condition provided that the lighting is adequate.

Table 7. Random splitting offline test results for the 5-class model

Predicted class Precision
Actual class Burned Frayed Good Ripped Stained (%)
Burned 28 3 3 5 1 63.6
Frayed 2 32 2 2 2 84.2
Good 2 1 29 8 0 67.4
Ripped 7 2 7 24 0 55.8
Stained 5 0 2 4 29 90.6
Average precision 72.3
Accuracy 71.0

Table 8. Stratified splitting offline test results for the 5-class model

Predicted class Precision

Actual class Burned Frayed Good Ripped Stained (%)

Burned 23 1 16 0 0 62.2
Frayed 2 28 6 4 0 90.3
Good 3 0 33 4 0 49.3
Ripped 3 2 10 25 0 71.4
Stained 6 0 2 2 30 100.0
Average precision 74.6
Accuracy 69.5

i

Probabilitiess Tenso-tos

@ " ®)

Figure 4. Online test for the 5-class model with a lighting setup: (a) stained orange fabric and (b) frayed
green fabric

e

(b)

Figure 5. Online test for the 5-class model under indirect exposure to daylight: (a) good patterned fabric and
(b) burned white fabric
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The summary for the online test testing results for the 5-class model is shown in Tables 9 and 10.
Each class had 9 distinct fabric samples. As shown in both tables, only burned class in random splitting
achieved 100% precision with all 9 samples correctly classified. The respective burned and frayed classes
associated with the stratified splitting achieved 100% precision but only with 7 and 6 correct classifications.

Table 9. Random splitting online test results for the 5-class model
Predicted class

Actual class Burned Frayed Good Ripped Stained Precision (%)
Burned 9 0 0 0 0 100.0
Frayed 0 7 1 0 1 71.7
Good 0 1 6 1 1 75.0
Ripped 0 1 1 6 1 66.7
Stained 0 0 0 2 7 70.0
Average precision 77.9
Accuracy 77.8

Table 10. Startified splitting online test results of the 5-class model
Predicted class

Actual class Burned Frayed Good Ripped Stained Precision (%)
Burned 7 0 2 0 0 100.0
Frayed 0 6 3 0 0 100.0
Good 0 0 7 2 0 53.9
Ripped 0 0 1 7 1 58.3
Stained 0 0 0 3 6 85.7
Average precision 79.6
Accuracy 73.3

3.3. Discussion

The use of random splitting delivered better results in the 2-class model offline test, with an
accuracy and average precision of 100%. On the other hand, different splitting methods produced mixed
results for the offline 5-class model, where the model with random splitting achieved a slightly better
accuracy (71.0%) while the model with stratified splitting reached a slightly better average precision
(74.6%). The mixed results were also obtained in the online test for the 5-class model, where random
splitting delivered a better accuracy (77.8%) and stratified splitting gave a better average precision (79.6%).
Based on this outcome, it can be inferred that between the two splitting methods, none was clearly better than
the other. The user is urged to try both methods before making a choice.

Table 11 summarizes the mean of the results with different splitting methods. Each model has one
mean value for accuracy and average precision. The offline 2-class model achieved the highest accuracy
(92.5%) compared to 70.3% accuracy of the offline 5-class model. Classifying a fabric condition only
between good or stained was known to be a much easier task than classifying 5 different classes. In this case,
the use of a data set with a broad variety also increased the challenge in training the 5-class model.

Table 11. Summary of the testing results
Testing type  Model type  Mean of accuracy (%)  Mean of average precision (%)

Offline 2-class 925 93.3
Offline 5-class 70.3 735
Online 5-class 75.6 78.8

In the online implementation, the accuracy of the 5-class model increased to 75.6%, which could be
the result of random optimization results or due to a favorable lighting condition during the testing. The latter
might occur when the lighting intensity of the online test captured the images that matched those of the
training data set. The online implementation was easily conducted without any technical difficulty. The
acquisition of the fabric frames at a rate of 10 seconds/sample can be further optimized by finding a lower
number of frames required for the classification task. Additionally, the implementation of the online system
in a real fabric production line will require the setup of multiple cameras in multiple positions to capture the
same spot as the fabric sheet moves along the line.

A comparison with other research results was now undertaken. The proposed 2-class model obtained
92.5% accuracy with a data set of 260 images. This accuracy is lower than the value obtained by the models
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proposed by other researchers with the same task of classifying a data set with 2 classes. Liu et al. [12]
reported a 98.1% accuracy with a data set of 8,000 images, while Ouyang et al. [11] obtained 96.7%
accuracy with a data set of 896 images. In the 5-class model, the 70.3% accuracy with 650 images in this
research is to be directly compared with 96.4% accuracy with 2,246 images reported by Barman et al. [6] and
89.0+£2.0% accuracy with undisclosed images as reported by Sedikki [34]. The proposed model in this
research used one model for fabric classification with various colors, types, and defect appearances. With a
much easier classification task using one fabric type with one color, Jun et al. [15] reported an accuracy of
97%. However, ResNet50 could also reach a very high accuracy (96%) with the same task. Ramakrishnan et
al. [16] achieved an accuracy ranging from 79% to 87%. However, this is achieved with the cost of managing
multiple models.

The low accuracy obtained by the proposed models was due to the large differences among the
images in the data set. The images were neither preprocessed, augmented, nor multiplied. There are trade-
offs between the intention of increasing the generalization of the model and the lower performance. One
possible solution to improve the model performance while maintaining robustness is increasing the size of
the data set [35]. This major finding implies that future attempts to classify a data set strong variation must
involve a considerable number of image data in order to improve the model’s accuracy and precision.

4. CONCLUSION

The implementation of Al in fabric defect classification using deep learning is proposed in this
paper. A CNN with RestNet50 architecture was developed in FastAl for this purpose, which was the first
effort ever made in such a particular deep-learning implementation platform. A novel approach in
constructing the data set with a strong variation was done using randomly downloaded fabric images from the
internet without relying on data preprocessing and multiplication.

The offline 2-class model classified good and stained fabric images with a mean accuracy of 92.5%.
The offline 5-class model achieved the classification of good, burned, frayed, ripped, and stained fabric
images with a mean accuracy of 70.3%. The online 5-class model was able to classify fabric samples with a
mean accuracy of 75.6%. The online fabric defect classification system worked using a smartphone camera
and a laptop. Each static sample was observed for 10 seconds before the classification was decided. The main
contribution of this research was the effort to obtain a model with excellent generalization due to the new
approach in data set construction. However, the model needs to be improved in terms of accuracy in order to
reach a value above 90%. A future development will focus on preparing the proposed system for a real
industry implementation, where the classification accuracy must be increased by expanding the training data,
adjusting the CNN architecture, and utilizing a stronger parameter learning algorithm. In addition, the
processing time and the hardware scheme need to be further optimized to fulfill the requirement of dynamic
sample acquisition.
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