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The garment and textile industries are essential sectors that significantly contribute to a

NOISIAI

nation's economic development. Fabric defect detection is a complex problem in the

textile and technology industries since the efficacy and efficiency of automatic defect
detection determine the quality and cost of any textile product. In the past, the textile industry
used manual labor to find flaws in the fabric production process. The primary disadvantages
of the manual fabric flaw identification technique are human weariness, lack of focus, and time
consumption. This article introduces an innovative automated system for detecting garment
defects powered by machine learning to revolutionize the traditional system and replace the
manual inspection system. This innovative advanced system is trained and assessed using the
500-image dataset from the Artistic Milliners Company in Pakistan. The machine learning
algorithm and image processing techniques form the foundation of Al technology, offering
the best flaw detection accuracy. This work presents an automated fabric defect detection
system driven by a supervised machine learning algorithm, i.e., SVM, that can accurately and
precisely detect "hole" and "stain" faults. The system achieves a 72% precision and 74% recall
for holes and an 85% precision and 83% recall for stains by utilizing a machine learning
algorithm, i.e., SVM. The proposed method throws up vital issues like scalability and fabric
sort flexibility. Compared to traditional manual processes, this new method lowers inspection
costs by 65%, increasing productivity and setting a standard for automated and sustainable
textile quality monitoring.
Keywords: Fabric Defects Detection, Hole Defect, Stain Defect, Machine Learning, Image
Processing
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Introduction:

Among the various industrial sectors worldwide, the textile industry holds a central
position in the global economy [1]. As international competition intensifies and consumers
demand higher standards, maintaining rigorous quality control has become increasingly vital
for the sector [2]. The quality of fabric plays a pivotal role in determining the end product’s
functionality, aesthetic appeal, and overall profitability. Fabric defects, such as color
inconsistencies, holes, thin spots, stains, and broken threads, not only reduce the visual appeal
and functionality of the final product but also compromise its comfort and durability [3]. In
order to guarantee both product quality and production efficiency, it is therefore becoming
more and more important to identify and fix fabric flaws as soon as possible [4][5]. The
ultimate objective of this endeavor is to create a machine learning—based garment inspection
system that will boost the textile industry's overall production, accuracy, and efficiency.

Detecting fabric defects has become a critical component of textile quality
management, garnering a lot of interest and study [6]. Over the past few years, considerable
efforts have been made to modernize and simplify garment inspection procedures. In
traditional methods, manual labor has often been used, leading to wrong judgments, potential
human errors, and fewer inspections [7][8]. One of the first attempts at automatic systems was
using simple computer vision algorithms to identify defects, e.g., holes, stains, or other
irregularities. However, in the real-world manufacturing environment, their ability to work
with complex patterns, textures, and textile types makes it difficult for them to be effective
[9]. To meet industry requirements, automated defect detection systems have been developed
[10]. The evolution from early image processing methods to modern machine learning—based
approaches has greatly enhanced automation and intelligence in textile quality control.

Although substantial progress has been achieved in automating garment inspection,
significant challenges persist. One of the foremost issues lies in the reliable detection and
classification of subtle defects such as micro-cracks, minute holes, faint stains, and slight color
deviations, which are often inadequately identified by conventional inspection techniques [6].
These defects may affect the overall quality of the finished product and lead to customer
dissatisfaction, increased returns, or losses for the manufacturer [11][12]. The development of
a Machine learning-based system for identifying and classifying a wide range of garment
defects is one of the main objectives of this research. The system is broken down from critical
to major and significant to minor variations, such as marks—one of the principal objectives
of this study. The implementation includes a hybrid classification framework for handling
complex defect categorization, which enhances inspection speed and efficiency while reducing
manual intervention. In addition, advanced computer vision techniques support the analysis
of intricate fabric patterns, complemented by a real-time feedback mechanism. reducing labor
costs; optimization focuses on scalability, reliability, and the speed of high-volume production
lines, and to enhance environmental sustainability and cost-effectiveness, the system aims at
prevent the production of flawed garments and reduce overall wastage [13]. In addition, the
project is designed to create a user-friendly interface with intuitive dashboards and tools for
easy integration of current work processes and setting up frameworks over time. Therefore,
the primary intent of current research is to use ML-based approaches like SVM for identifying
and classifying correct defects and quality assurance of the current techniques in the field of
fabric defect identification to detect two major flaws in jeans fabric, namely "holes & stains."
The data for this study were primarily obtained from Artistic Milliners, a prominent apparel
manufacturer headquartered in Pakistan, which is the main novelty because the dataset with
500 images is already preprocessed.

In order To address current challenges and achieve the project's goals, this study offers
a comprehensive solution built on cutting-edge machine learning technology [14]. The system
analyzed clothing samples and accurately identified flaws using supervised learning algorithms,
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such as Support Vector Machine (SVM) [15] and image processing methods [16]. In order to
build the capacity to detect faults for a variety of materials, patterns, and colors, it will test an
MI.-based model on several garment photos that have been annotated. A real-time monitoring
and feedback system that smoothly incorporates the automated inspection procedure into
current production lines will also be a part of this solution. This makes it possible for flaws to
be found and reported right away, enabling timely remedial action and reducing the effect on
the production process. A machine learning (ML)-based automated garment inspection system
might transform the garment industry, improve quality control procedures, and boost
consumer fulfillment and efficiency.

The subsequent sections present a comprehensive review of the literature, an
examination of methodological challenges and obstacles through both system and use-case
approaches, followed by the study’s findings, conclusions, and potential future directions. This
study aims to help ongoing initiatives to enhance garment inspection technologies, which have
the potential to revolutionize the textile industry.

Literature Review:

The detection of fabric defects has long been a priority in the textile industry, as
manual inspection is often labor-intensive, error-prone, and inconsistent. Recent
developments in machine learning (AI) have led to new methods that combine machine
learning and methodologies, significantly increasing the precision, speed, and dependability of
defect recognition. The following literature review examines a range of Al-driven approaches
to fabric defect detection, with particular attention to their strengths and limitations.

The presence of complex background textures presents a significant challenge for
fabric defect detection [1]. To address this, researchers have proposed enhancing Faster R-
CNN through a two-stage training process guided by Genetic Algorithms and the
incorporation of Gabor filters, resulting in the Faster GG R-CNN model. According to
experiments in [1], it outperforms the typical Faster R-CNN in accuracy, achieving a higher
mAP of 94.57% compared to 78.98%. In order to detect visual faults in patterned textiles, this
work [3] demonstrated a deep learning-based IM-RCNN using statistics from the HKBU
database. Using IM-RCNN, six categories of fabric defects—netting, carrying, knot, stain,
hole, and broken end—are identified based on segmented fabric regions. The proposed IM-
RCNN surpasses MobileNet-2, U-Net, LeNet-5, and DenseNet in overall accuracy by margins
of 6.45%, 1.66%, 4.70%, and 3.86%. Fabric inspection is essential, as undetected and
uncorrected defects lead to reduced manufacturing quality and increased compensation costs.
The method proposed in [4] employs spectral domain analysis to detect fabric defects in an
unsupervised and reliable manner. The approach utilizes the Ten Fabrics Dataset, which
comprises 27 common textile defects across 10 different fabric types. Extensive evaluations
conducted on two distinct datasets demonstrate that the proposed approach outperforms
state-of-the-art methods, achieving an accuracy of up to 94%. Convolutional neural network
(CNN)-based models have effectively identified fabric flaws [5]. However, these models suffer
from drawbacks, including longer processing times and worse accuracy due to the intricate
background texture of cloth. To address these limitations, an enhanced Region-based
Convolutional Neural Network (R-CNN) incorporating a Gabor filter and the Selective Search
algorithm was proposed. The model outperformed all other models, including Mobile Net, U-
Net, LeNet, DenseNet, IM-RCNN, and R-CNN, with an astounding accuracy of 98.21%.

The [17] study proposes the lightweight SR-NET fabric defect detection technique,
which has improved multiple feature extraction capabilities. To enhance overall model
detection performance and optimize the convolutional neural network's performance, the
Spatial Receptive-field Convolution (SRConv) module was introduced as a convolutional
module. Experimental results show that SR-NET improves mAP by 5.6% over the baseline
model while maintaining nearly constant FLLOPs and parameter counts. These results
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demonstrate SR-NET’s effectiveness for real-world production settings and its capability to
meet real-time detection requirements. This research [18] suggests a defect identification
technique based on a cascading feature extraction architecture to increase the speed and
accuracy of denim fabric flaw detection. In two studies, the pre-trained VGG16 model's
weight parameters are extracted, and in the other, the convolution layer is retrained and
modified. These two models yield a defect detection technique based on a cascade architecture.
Experimental findings demonstrate that this defect detection method may achieve 94.3%
accuracy in defect identification while increasing speed by 1-3 percentage points.

Defects have been found in this study [12] using seven distinct feature sets based on
Deep Learning Architectures, Principal Component Analysis, Gray Level Co-occurrence
Matrix, and Discrete Cosine Transform. Two distinct classification methods, K-Nearest
Neighbor and Decision Tree, have been used to categorize the retrieved characteristics. On
two separate datasets, methods were assessed for precision, recall, F1-measure, and accuracy.
M-R-M-R feature selection following ResNet18-based feature extraction resulted in the study's
best results (0.831).

Inspecting fabrics for flaws is crucial because undiscovered and unfixed flaws result in
subpar manufacturing quality and costly compensation. Manual fabric inspection presents a
major challenge in the textile industry, as incomplete or inaccurate inspections can
compromise both product quality and cost-efficiency. With recent advances in deep learning,
a wide range of machine learning algorithms have emerged as effective tools for image
classification and analysis tasks. A simple Convolutional Neural Network (CNN) machine
learning algorithm was effectively created by this study [19]. The system’s performance was
evaluated using two image resolutions, 245 X 345 and 150 X 700, revealing that image size has
a substantial influence on model performance. While combined with a reduced image size of
245x345 and while using the SMOTEENN sampling approach, the CNN model
demonstrated its best performance. The findings showed outstanding recall, accuracy,
precision, and F1 score, with respective values of 98.00%, 98.00%, 98.00%, and 98.00%.

When applied to intelligent textile defect detection, deep learning models often suffer
from limited accuracy and reduced adaptability to diverse defect types due to insufficient
training data using YOLOvV3 [2]. An upgraded generative adversarial network for data
augmentation and better fabric fault detection is suggested. The evaluation demonstrated
marked improvements in defect detection accuracy, with floats increasing from 41% to 78%,
lines from 44% to 76%, knots from 38% to 72%, holes from 42% to 67%, and stains from
41% to 64%. The enhanced YOLOv7-tiny model provides an efficient real-time solution for
woven fabric defect recognition, demonstrating robustness in processing high-resolution
images, detecting small imperfections, and addressing data imbalance [20]. The incorporation
of additional CBL layers and a dual-concatenation strategy into ERCN enhances feature
extraction capabilities. Achieving 84% mAP at 0.50 and 40% at 0.50:0.95, the model
outperforms previous approaches in practical textile applications, while also reflecting a
notable trade-off between speed and accuracy. Lightweight modules were combined to
propose the YOLOv5s-based stain color-patterned fabric defect identification technique [6].
To suppress background noise in color-patterned fabrics and guide the model’s focus toward
defect regions, coordinate attention was integrated into the feature extraction stage for
detecting minor defects. The performance of the enhanced model was evaluated on self-
constructed datasets, where the improved YOLOV5s achieved a mean average precision of
87.7% and an F1 score of 0.881—representing improvements of 2.3% and 0.02, respectively,
over the original model. The upgraded YOLOv5s model achieved a detection speed of 60.24
frames per second (GPU 1660). Following deployment on the fabric defect detection
platform, color-patterned fabric detection can occur at a rate of up to 15 m/min.
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This research [11] provides a fabric defect detection technique using the SA-Pix2pix
network and transfer learning. This solution tackles the issue of low defect picture
reconstruction accuracy caused by the generator's convolutional neural network's inadequate
capacity to simulate distant dependencies. It also addresses shortcomings in the generative
adversarial network's loss function for processing visual details. Comparative experimental
research is carried out, putting the ReNet-D model, SDDM-PS model, and our suggested
model against one another. The study comprises the detection of five different complicated
pattern fabric blemishes, which show that our technique beats both the ReNet-D and SDDM-
PS models in terms of blemish detection accuracy. The inability of models trained on small
datasets to detect underrepresented flaws limits their applicability [21]. This study proposes to
use a conditional generative adversarial network (cGAN) for fabric defect data augmentation
in order to address these problems. The suggested image-to-image translator GAN has a 6-
layered PatchGAN discriminator and a conditional U-Net generator. Information regarding
the type, shape, size, and location of the defects that need to be added to the clean fabric
sample is provided by the segmented defect mask. By adding realistic and varied synthetic
samples to the training dataset, the AI models can improve their ability to detect a wider variety
of flaws. By overcoming the constraints of small or unvarying datasets, this technique
improves the generalizability and accuracy of defect detection.

Issues and Challenges:
Machine Learning Model Turn of Events and Versatility:

Complex pieces of clothing varieties: Creating AI models capable of accommodating
various styles, materials, and clothing sizes [18].

Maintenance of robust models: Constantly refreshing and keeping up with machine
learning models to adjust to changes in style, guaranteeing the life span and adequacy of the
automated clothing review framework [22][8].

Examination Framework Execution:

Accuracy of defect identification: During garment evaluation, the machine learning
framework must ensure that it correctly identifies both minor and noticeable flaws [23].
Handling increased production levels: Making sure the automated research system can grow
to accommodate growing production volumes without losing efficiency [24][25].

Execution and Functional Contemplations:

Integrations with Existing Frameworks: The computer-based intelligence assessment
framework should be smoothly integrated into current assembly processes, with an emphasis
on similarity and minimizing disruption [26][24]. Management Coherence: Making sure the
automated assessment system meets all necessary specifications and complies with industry
norms and laws about the welfare and quality of the product [27].

Data Preprocessing and Methodology:

The proposed study concentrates on denim garment defects, particularly holes and
stains, and applies a machine learning (ML)- based approach for their detection.
Data Collection and Pre-processing:

The dataset employed in this research was provided by Artistic Milliners, a leading
clothing manufacturer based in Pakistan. The real-world industrial dataset comprises 500 high-
resolution digital images of denim jeans, captured under uniform lighting and resolution
conditions using an industrial inspection setup in standard formats (JPG or PNG). The dataset
was considered reliable and well-suited for both training and testing machine learning models.
To accurately evaluate the system's performance, 70% of the whole dataset was used for
training and 30% for testing.

There are two groups of images:
“Hole defect: Pictures of denim with holes or tears.”
“Stain defect: Pictures that show discoloration from dirt, oil, etc.”
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As the Artistic Milliners dataset was collected under controlled industrial inspection
conditions, the background, lighting, and focus remained consistent throughout.
Preprocessing was deemed unnecessary, as the preliminary analysis indicated that defects were
already clearly visible and the images were consistent in both size and quality. Although no
preprocessing techniques were applied in this study due to the dataset’s cleanliness and
readiness for use, the importance of data preprocessing in ensuring model performance should
not be underestimated. Data pre-processing is essential for improving the caliber and
usefulness of datasets for machine learning applications. Data cleaning, normalization,
augmentation, and feature extraction are standard pre-processing procedures that aid in
eliminating noise, cutting down on redundancy, and enhancing the model's overall resilience.
Pre-processing guarantees that models may attain greater accuracy and generalization without
being skewed by irrelevant or corrupted input [9]. Therefore, even if the dataset in this instance
did not require pre-processing, recognizing its value highlights how crucial this step is for
upcoming research with more intricate or unprocessed datasets.

The system unfolds under three key subheadings. First and foremost, under the
approach, the frame of the general technique and the selection of innovations stress utilizing
a Machine learning technique like SVM. Also, examine the framework's recognition and
ordering of "Hole and Stain" abandons in the "Use Case" section. Lastly, under
'Implementation’, provide tidbits of practical aspects, including the pseudo-code, the libraries
used (such as OpenCV and Tensor Stream), and the overall specialized work process. This
three-sided structure ensures that our automated garment review framework is thoroughly
examined.

System Approach:

The Support Vector Machine (SVM) algorithm was selected as the primary machine
learning technique for detecting defects in denim jeans. The supervised learning model SVM
is particularly well-suited for distinguishing between the two defect types—stains and holes—
due to its established effectiveness in binary classification tasks. SVM determines the ideal
hyperplane to optimize the margin between data points of different classes. Margin
maximization enables the model to generalize effectively, even when trained on relatively
limited datasets such as the 500 images utilized in this study. This study focused on two types
of fabric defects and SVM, when combined with image processing techniques, effectively
classified defect patterns such as irregular hole shapes and texture variations caused by stains.
The model was established using the integrated development environment (IDE). This
platform was chosen in particular because of its versatility, wide range of features, and ease of
integration with frameworks based on machine learning. In this context, creating models is
not only a technical task but also a systematic process where algorithms are developed and
refined to achieve accuracy in identifying flaws. The entire project, encompassing both the
implementation and evaluation of the model, was conducted using Visual Studio Code.

As Figure 1 shows, the bit-by-bit model of defect detection for automated garment
investigation focuses on recognizing a particular defect, specifically "Hole and Stain." With a
user-friendly interface, the model targets "Hole and Stain" defects in particular, and the system
incorporates the models into the production line for automated quality control. In order to
ensure consistent quality control, the workflow places a strong emphasis on routine
maintenance, feedback loops, and ongoing monitoring.
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Figure 1. Representation of the Fabric Defects Detection Model
Use Case Approach:

Automated garment inspection represents an application in which technologies such
as computer vision and artificial intelligence are employed to monitor and assess the quality of
garments within a production or assembly line setting. This application plans to upgrade the
effectiveness and precision of the investigation cycle, guaranteeing that articles of apparel
tulfill predefined quality guidelines and minimizing defects.
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Figure 2. Representation of Use Case

Figure 2 shows the breakdown of the steps of the use case scenario, with the initial
step for the user to interact with the system by logging in using valid credentials (username
and password). After logging in, the user interacts with the system to capture images of
garments using an appropriate device or camera. The system processes the captured images
and applies recognition algorithms to identify and analyze the features of the garments. The
system employs defect detection algorithms to identify any defects or irregularities in the
garments, such as holes or other quality issues. Based on the analysis, the system generates
detailed reports outlining the quality status of each garment, highlighting any detected defects.
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The administrator logs in to the framework using significant regulatory credentials to
access the authoritative functionalities. The administrator can update or change relevant
information, such as client credentials, framework settings, or other data essential to
framework activity. The administrator examines the generated reports to learn more about the
general framework execution, identified defects, and the quality status of the clothing items.
Based on the report's findings, the administrator may take additional actions, such as initiating
investigations, providing client feedback, or modifying the framework. Within the framework
of automated clothing examination, these methods handle critical communications between
administrators and clients. The cycle includes catching pictures, breaking down the quality of
a piece of clothing, creating reports, and permitting clients to address any recognized
imperfections. Administrators can sign in, change information, and review reports to

guarantee the framework works.

Login As Admin
L

- oo e User
/ mm.ﬁ?&m& *
Flgute 3. Representanon of the Web App of the user and admln Panel

Figure 3 shows the representation of a web framework that consolidates an easy-to-
understand administrator board for executives to regulate and control the framework's
functionalities. Meanwhile, a client entrance is given, offering an instinctive connection point
for end-clients to interface with the framework, improving openness and guaranteeing a
positive client experience.

Implementation:

During the implementation phase, the automated garment inspection study is executed
as a structured and systematic process aimed at automating quality control procedures. The
underlying step includes the foundation of a strong improvement climate, unpredictable
desigh of equipment parts, such as cameras and computational assets, and consistent
integration with selected ML algorithms like SVM. Training data comprised 70% of the
dataset, while testing data comprised 30%. The Support Vector Machine (SVM) classifier was
used during the training phase to understand the discriminative characteristics of denim flaws,
particularly holes and stains. Cross-validation was used during the training and tuning stages
to guarantee the model's resilience and reduce the possibility that the outcomes would rely on
a specific random train-test split. The model's performance and hyperparameters (such as the
kernel and regularization parameter) were accurately estimated using a k-fold (e.g., 10-fold)
cross-validation on the training set. Using 10-fold cross-validation on the training set helped
to increase the model's dependability and lower the possibility of overfitting. When using k-
fold cross-validation as shown in Figure 4, the training dataset is divided into k equal "folds,"
or subsets. Since K = 10 is a well-known criterion that jeopardizes assessment reliability and
computational efficiency, it was selected for this study. The nine folds serve as a training set
and a validation set, respectively. Each fold serves as the validation set for ten iterations of
this process, as shown in Figure 4. Averaging the performance outcomes from each iteration
then yielded a more trustworthy evaluation of the model's accuracy. The evaluation process
employs a 70/30 train-test split in conjunction with 10-fold cross-validation to ensure a
thorough and unbiased assessment of the model. Ten-fold cross-validation is applied to the
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training set, mitigating variance and overfitting associated with a single random partition, while
allowing model parameters to be optimized based on robust and reliable validation metrics.
The results are statistically sound and accurately represent the system's potential efficacy in a
production quality assurance setting because of this dual-strategy structure.

Split into training & testing
data

Final model evaluation

Split training data into k
oodalds

Perform k-fold cross-

Train / Validate

ombi
Train / Train / Traln / Traln Trakn / Teain / Train / Train / Traln / Validate / Train / Validate / Train / Validate / Train / Train /
/ Validate Validate / Traln Tradn / Traln Train / Train Tradn / Train

K-Fold Cross Validation Workflow for Model Training, Validation, and Final Evaluation

Train-test split and k-fold cross-validation are used in machine learning for model
assessment and parameter adjustment. First, an initial dataset is divided into two parts: the
testing set and the training set. The training set is then separated into what are now referred
to as folds, which are smaller sections. The model is trained on k-1 of the folds and verified
on the remaining one in k-fold cross-validation, as seen in Figure 4. This process is repeated
until each fold has served as the validation set once. Averaging the performance across all
folds provides a reliable and comprehensive assessment of the model’s effectiveness. The
optimal model and parameters are selected based on these performances. After identifying the
optimal setup, the model is instructed again on the complete training set and assessed on the
test set that was kept apart from the beginning. The final evaluation offers an objective
measure of the model’s performance on unseen, real-world data. The system’s capability to
detect fabric defects, such as stains and holes in denim, was assessed using standard

performance metrics, including Accuracy, Precision, Recall, and F1-Score.
Number of Correct Predictions
Total Predications

Accuracy:

True Positives
True Positives + False Positives

Precision:
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. True Positives
Recall: True Positives + False Negatives

Recall+Precision
F1-Score = 2 * (m)
These metrics are essential for evaluating the model’s capacity to correctly identify true
positives, minimize false positives, and generate accurate predictions. Combining several
evaluation techniques ensures a comprehensive and objective assessment of the automated
garment inspection system's performance. A well-organized pseudo-code that further
illustrates the process.
Functionaparse_xml (xml_path):
# Parse an XML file and extract defect coordinates
returnadefect_coordinates
Functionais_fabric_color (pixel):
# Check if pixel is within specified fabric color range
return a boolean result
Functionaprocess_frame(frame):
# Convera frame to HSV
# Identify fabric regions based on color
# Draw bounding boxes around fabric regions
Display a processed frame.
# Initializeacamera
cap = cv2.VideoCapture(0)
# Created a directory for screenshots
CreateDirectory("F:\FYP check\defects\defects-img\screenshots'")
# Loop through testing XML files
For eachaxml file in ListFiles("F:\FYP check\defects\defects-img\Testing",
" xml"):
defect_coordinates = parse_xml(xml_file)
# Process corresponding testing image
# Variable to store the location of the previously detected fabric
prev_fabric_location = none
# Function to continuously capture frames from the camera
Functionacapture_frames():
While a True:
ret, frame = cap.read()
If notaret:
Break
# Display a frame with bounding boxes around fabric regions
DisplayFrame ('Fabric Region Detection', frame)
# Exit loop when 'q' key is pressed
If WaitKey(1) & OxFF == ord('q'):
Break
# Start thread for capturing frames
StartThread(capture_frames, daemon=True)
# Main loop for processing frames
While True:
# Skip frames for control
For _ in range (10):
_, frame = cap.read()
# Process a frame in a separate thread
StartThread (process_frame, args=(frame,), daemon=True)

October 2025 | Vol 07 | Issue 04 Page | 2256



OPEN ( ;_” ACCESS : . . . .
A International Journal of Innovations in Science & Technology

# Release the camera and close the OpenCV window
. release ()

Destroy All Windows ()

Result and Discussion:

The dynamic sector of automated garment inspection is where our Al-powered system
is emerging as an innovative tool for quality control. Our primary technology is a machine
learning model specially trained to recognize "hole" and "satin" flaws. The journey begins with
a dataset of 500 images of garments in different materials and styles, graciously given by
Artistic Milliners (Pakistan). ML does its architectural move through the complexities of the
70% training and 30% testing datasets. The approach combines machine learning and image
processing developments, particularly on SVM. Python 3 is the foundation for our
methodology, and tools like TensorFlow and OpenCV make this possible. This ensures
computational efficiency and adaptability. The process of development is a precise move in
itself. Two slowly arranged defect detection elements standardize the dataset and create a real-
time inspection interface. After all this work, our accuracy statistics are now available.

Table 1. Performance Metrics for "hole" and “stain” Defects

Metric Hole Values | Stain Values
Precision 0.72 0.85
Recall 0.74 0.83
F1 Score 0.73 0.81

The breakdown of the data in Table 1, given above, demonstrates that each result is
more than just a number; rather, it reflects the careful preparation of genuine positives, false
positives, and false negatives. These metrics are more than statistical figures; they indicate our
model's finely tuned training details and are detailed throughout the deployment phase. The
formulas governing these accuracy measures provide a transparent understanding of where
each value comes from inside the complexities of our model's training. The model's
performance for hole detection yields an overall accuracy of 78%, with 72% precision and
74% recall rates. The model's performance for stain detection produces an overall accuracy of
84%, with a precision of 85% and a recall of 83% as stated in Table 1.

"
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Figure 4. A critical hole defect is detected | Figure 5. A Critical Stain defect is detected

on the pant. on the sky-blue denim pants
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Figure 8(A). Representation of User Interface: Real-time defect detection of stain and
report generation.
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Figure 8(B). Representation of User Interface: Real-time defect detection of holes and
report generation.

Beyond the statistical symphony, Figure 4 vividly illustrates the precise identification
of a critical hole in a garment, showcasing an 85% accuracy rate for an individual sample.
Figure 5 shows an example of accurately detecting a crucial stain in a garment, boasting an
impressive accuracy rate of 82% for an individual sample. Figure 6 shows the precise
identification of multiple holes in a garment, achieving a notable accuracy of 86%. Figure 7
shows the numerous stain defect detections in a garment. Each image is a snapshot and a
storyboard of adaptability and precision. In the diverse fabric landscape, our system doesn’t
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just detect defects; it discerns them clearly, whether it's a Hole or a Stain. As we delve into the
user interface, Figure 8 shows the user panel where defects are detected in real-time, side by
side, generating comprehensive reports. It further specifies that Figure 8(A) shows hole
detection in real-time, and Figure 8(B) shows stain detection in real-time. This integration of
cutting-edge Al with user-friendly control is a testament to the holistic excellence of our
automated garment inspection system.
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Ej Articles
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Figure 9. Admin Interface: Real-time updates for higher authorities.

Figure 9 explains the outlines of an Admin Interface tailored for an automated
garments inspection system powered by an ML-based algorithm. This interface serves as a
centralized control hub, facilitating real-time monitoring and management of the inspection
process. The automated garment inspection system is not merely a technological innovation
but a paradigm shifts towards a more sustainable, cost-effective, and efficient future for quality
control in garment manufacturing. Operational efficiency takes center stage as our automated
inspection system excels, showcasing an 80% reduction in inspection time for ‘hole’ and ‘stain’
defects compared to manual methods. This efficiency directly translates into substantial cost
savings, with a remarkable 65% reduction in labor costs associated with defect identification.
The symphony of precision, seamlessly orchestrated by Al and machine learning, is a melody
echoing through the textile industry, deﬁnin&ew standards and expectations.
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Flgure 10 Representatlon of a rnodel accuracy bar chart

Figure 10 shows the performance evaluation of an automated garment inspection
system focused on ‘hole’ and ‘stain’ detection. The green bars signify correct identifications,
both for the presence and absence of defects, and with the average no of availability or
unavailability of the defect. The efficiency of the system is determined by the same average
values, while the red bars reveal errors, with false positives and false negatives representing
cases where the model misclassified the clothing. Each bat's height shows the number or
percentage of instances in each category. The blue bar examines the overall accuracy and gives
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a percentage that sums up how well the algorithm detects "holes" and "stains." The
performance metrics, as displayed in Table 2, are compared between the suggested system and
the earlier case studies utilizing varying dataset quantities and challenges.

Table 2. Comparative Analysis results with previous case studies (for holes & stains)

Reference No. Precision % (for | Recall % (for | Accuracy % (for | Fl-score  (for
holes & stains) | holes & stains) | holes & stains) holes & stains)

2] - - 67% & 64% -

[6] 87.7% (stain) 0.881 (stain) 85% (stain) -

[28] 0.842% & | 0.819% & | 83% & 81% 0.832% &
0.821% 0.801% 0.811%

Current  Model | 0.72% & 0.85% | 0.74% & 0.83% | 78% and 84% 0.73% & 0.81%

Performance

Conclusion:

The study demonstrates the promising integration of machine learning into textile
quality monitoring. When it comes to precisely detecting all clothing flaws, the automated
inspection method outperforms traditional methods. Because hardware components enable
real-time response, examination times are notably reduced, resulting in higher productivity.
Clothing made using this initiative will fulfill strict quality requirements, a game-changing tool
for the textile production industry. To wind up, using machine learning in an automated
garment inspection system shows promise for improving the effectiveness and precision of
quality control procedures in the textile sector.

The study results focus on identifying two defects, such as holes and stains, in
garments that have produced promising outcomes and gained a remarkable degree of precision
beyond traditional methods. Hardware components facilitate real-time responsiveness; this
system shortens the examination time and significantly increases efficiency. Automated
inspection will reveal remarkable dependability under diverse circumstances; the strength of
this project is that it is a game-changing instrument for quality control in the textile production
sector. We have explored the benefits of Al from an entirely new perspective through this
study; we merge machine learning and fabric inspection to locate and repair flaws in apparel.
This study task is to find defects such as holes and stains to demonstrate the process's accuracy
and maintain quality.

In addition, it's an initial step towards a day in the future when our Al system advances
to identify flaws and more specific details, confirming that your clothing fulfills the
requirements and turns into a work of art with immaculate craftsmanship. The outcomes don't
stop there, but the system has potential for more development. This might be extended to
include other features, such as identification of unwanted strains or holes, making it applicable
to a broader range of clothing types with various defects, such as color variation, misaligned
patterns or prints, etc. Additionally, ongoing improvements might be made to improve the
accuracy of detecting problems and broaden the system's applicability to different kinds of
clothing, offering an all-in-one solution for quality control in the textile sector. Future studies
will include standard deviation, confidence intervals, ROC-AUC, and Matthews Correlation
Coefficient (MCC) to provide a more comprehensive and rigorous evaluation of model
performance. Considering all these facts, illustrating the groundwork for the broader use of
Al in fabric inspection systems will possibly help the textile manufacturing industry by
reducing time, shrinking costs, promoting productivity, and improving product quality.
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