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Abstract—In denim fabric manufacturing, quality assessment
traditionally relies on visual inspection by weavers, as guided
by ABNT NBR 13484. This manual, post-production process can
delay defect detection, allowing issues to persist and recur, which
disrupts the production chain. To address this, we developed
a deep neural network for multiclass classification of common
fabric defects, including double yarns, coarse ends, harness
misdraws, slack ends, broken wefts, and soft wefts. Our model
integrates convolutional layers for feature extraction and linear
layers for classification. It was trained on 2,985 images captured
using a low-cost camera mounted above a textile manufacturing
loom in a denim manufacturing laboratory, replicating real-
world inspection conditions. Our model achieved a classification
accuracy of 89%, outperforming other state-of-the-art machine
learning algorithms. These results demonstrate the potential for
real-time defect detection during production, reducing material
waste and improving overall fabric quality.

I. INTRODUCTION

The textile industry significantly impacts the economies
of many countries worldwide. According to the Brazilian
Textile and Apparel Industry Association (Abit), the textile
and clothing sector in Brazil generated revenues of R$ 203.9
billion in 2023 [1]. Despite advancements in technologies and
modern textile production methods, challenges related to fabric
quality persist, including lack of uniformity, stains, and other
defects that reduce market value [2]. In Brazil, the Associacao
Brasileira de Normas Técnicas (ABNT) established the stan-
dard NBR 13484:2025, that outlines the procedures for defect
scoring inspection in fabrics [3].

These defects often result from poor-quality yarns, inade-
quate maintenance of automated looms, or operational errors,
such as improper handling of equipment and processes by
human operators. The negative impact of fabric defects in the
textile industry is significant, resulting in increased waste and
decreased profitability. Therefore, monitoring each production
stage and implementing an effective action plan is essential to
effectively minimize these defects.

A specific case is denim manufacturing, which produces the
raw material used in jeans. Denim is produced by interlacing
horizontal threads, called warps, and vertical threads, called
wefts. During production, different types of defects may alter
the fabric’s texture and pattern, reducing the overall quality
of the final product. Illustrative cases for jeans defects are
provided in [4].

Rather than relying on human inspection, fault defection
can be automated through the implementation of a real-
time system that integrates sensors, digital signal processing,
computer vision, and machine learning (ML) or deep learning
(DL) algorithms. A fabric inspection system can be on-loom
if it’s mounted onto the weaving machine, or off-loom, after
the manufacturing and using dedicated equipment [5]. On-
loom real-time systems can analyze data during the manu-
facturing process, identifying fabric defects, and providing
alerts, enabling weavers to promptly and accurately address
their causes. This approach aims to minimize the number
of defective pieces, reduce waste, and optimize manufactur-
ing processes, thereby improving overall efficiency. However,
fabric defect classification remain inherently challenging due
to the wide variety of fabric defect types and the limited
availability of labeled datasets for training ML and DL models.

To address these challenges, this work proposes a novel
approach tailored for real-time fabric defect detection in denim
production. The main contributions of this work are:

e A custom dataset was acquired in loco, capturing im-
ages from the weaver’s point of view (on-loom) during
fabric production. This perspective enables earlier defect
detection compared to the traditional post-manufacturing
inspection.

o A convolutional neural network (CNN) designed specifi-
cally for the multiclass classification of six types of denim
fabric defects, as well as defect-free fabric. This model
was proposed and evaluated as a key contribution of
this work, and its performance was benchmarked against
state-of-the-art machine learning algorithms.

It is important to note that both training and inference were
performed offline, apart from the data acquisition. The focus
of this work is not the deployment of a real-time monitoring
system, but rather an investigation into whether data collected
under this specific setup, combined with the proposed model,
is sufficient for accurate multiclass defect classification.

The remainder of this paper is organized as follows: Section
II reviews relevant literature and situates this study within it.
Section III details the methodological approach. Section IV
presents the results and Section V discusses its implications
and limitations. Finally, Section VI concludes the paper and
indicates possible future work.
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II. RELATED WORKS

Several approaches have been proposed for fabric inspection
across different contexts, many of which do not rely on deep
learning-based models [7]-[10]. However, in recent years,
significant advances in computer vision have been driven by
deep learning techniques, particularly the emergence of CNNs
[6]. CNNs leverage convolutional layers—specialized filters
that process input images to capture spatial hierarchies of
visual features—leading to substantial improvements in the
performance of vision-based inspection systems.

A key property of the convolution operation is translation
equivariance: when a visual feature (such as an edge, texture,
or shape) is translated within the input image, the output of the
convolution reflects the same translation. This allows CNNs to
recognize features regardless of their position in the image.

CNNs are typically trained end-to-end to automatically
extract features from structured data, eliminating the need
for manual feature engineering. Compared to fully connected
multi-layer perceptrons (MLPs), CNNs require fewer param-
eters due to weight sharing, where the same filter (or kernel)
is applied across the input image. Additionally, pooling layers

downsample the feature maps, further reducing computational
complexity. Given these characteristics, CNNs are particularly
well-suited for image classification tasks.

Table I summarizes and compares recent approaches to
fabric defect detection based on CNNs, except for [21], which
classifies denim defects in a similar setting using a fully con-
nected neural network (FCNN). It reports dataset availability
(public or private), fabric types, defect categories, and camera
positioning relative to the fabric (on-loom or off-loom), as
well as whether close-up imaging was used. For the learning
setup, it specifies the deep learning task—binary classification
(BC), multiclass classification (MCC), object detection (OD),
or segmentation (Seg.)—together with the model architecture,
learning paradigm (supervised or unsupervised), use of transfer
learning (TL), and test accuracy (ACC). Accuracy values are
rounded to the nearest whole number for classification tasks. In
cases involving non-classification or multiple tasks, the ACC
field is marked as N/A (Not Applicable).

Although our overall accuracy is lower than that reported in
related works, this result reflects specific challenges inherent to
the specific data acquisition process, which will be detailed in
the following sections. Importantly, our study tackles a distinct

TABLE I: Comparison between fabric defect detection approaches

Ref. (year) Dataset Fabric (defect) classes Task Architecture TL Learning ACC
[11] (2021) Closed Rotary screen-printed fabric.(2 - Defective = MCC Custom CNN No Supervised 61%
colour spots and misprints)
[12] (2021) TILDA® Different types (5 - holes, oil stains, yarn ~MCC DenseNet, Yes Supervised 98%
defects, flying objects and wrinkles) InceptionV3, and
Xception (Ensemble)
[13] (2021) Tianchi® + cus-  Different types (3, weft direction, warp di- BC, MCC  Deep CNN, LeNet-5 No Supervised 93%
tom rection, and no direction.)
[14] (2021)  Tianchi® Different types (Specific defects were not ~BC+OD SE-YOLOVS5 Yes Supervised 96%
highlighted).
[15] (2022) AITEX® 20 types of fabrics (12 types of defects) OD YOLOvV5 Yes Supervised N/A
[16] (2022) Opend Denim. (2 - warp and horizontal deforma- BC Custom No Supervised 97%
tion)
[17] (2023) Multiple Different types (4 - slub, hole, stain, and BC, VGG16, VGG19, Yes Supervised N/A
knot). MCC, OD  ResNetlO1,
DarkNet53, YOLOv3
[18] (2024) MVTEC AD*® Grid, carpet, texture 1 and texture 2 Seg. Convolutional No Unsupervised N/A
autoencoder
[19] (2024) Roboflow +  Different types (4 + 10 defect types) MCC ResNet-50 Yes Supervised 95%—
DAGM 2007f 100%
[20] (2024) Multiple + live  Different types (14 types of defects). OD Faster R-CNN (back- No Supervised N/A
test session bone: Resnet50)
[21] (2024) Closed Denim (3 - cut weft, soft weft, and double @~ BC FCNN No Supervised 96%
thread)
Ours Closed Denim (6 - Double yarns, coarse ends, har- MCC Custom CNN No Supervised 89%

ness misdraws, slack ends, broken wefts,

and soft wefts)

“https://tianchi.aliyun.com/competition/entrance/231666/information
bhttps://Imb.informatik.uni-freiburg.de/resources/datasets/tilda.en.html
¢ https://www.aitex.es/afid/
@https://github.com/MahdiHatami/denim-fabric-dataset
€https://www.mvtec.com/company/research/datasets/mvtec-ad

T https://iwww.kaggle.com/datasets/mhskjelvareid/dagm-2007-competition-dataset-optical-inspection



gap: prior work on CNNs and datasets has not explored mul-
ticlass classification of denim defects using images captured
directly over the loom during manufacturing.

III. MATERIALS AND METHODS

This section outlines our deep learning pipeline, including
dataset acquisition and data preprocessing, model architecture
and experimental setup, and the evaluation metrics and base-
line models.

A. Dataset Acquisition

The dataset consists of 2D images capturing the denim fab-
ric manufacturing process from raw cotton. These images were
captured in a controlled training room environment, which
minimizes common issues such as poor lighting and dust.
Additionally, this controlled setting allows for the deliberate
generation of fabric defects on demand.

Fig. 1 presents the experimental setup, with the camera
positioned above the loom. Further details about the camera
and the settings are provided in Appendix A. The images
were intended to simulate the weaver’s perspective during
the manufacturing process. For example, the camera was
positioned as close as possible to the denim output in the loom.
However, placing the camera too close to the fabric was not
feasible, as it could interfere with maintenance operation on
the loom. As a result, the level of detail in the captured defects
— measured in pixels per centimeter — was somewhat reduced.

Fig. 1: Position of the camera over the loom.

The fabric used consists of blue warp yarns and three
different materials of white-filling yarns (wefts): 100% cotton,
cotton-elastane, and polyester-elastane. Denim images were
collected both without any defects and with the six most
common types of defects. The defects were intentionally
introduced during production by the weaver, and the cor-
responding ground truth labels were annotated accordingly.
Fig. 2 illustrates the types of defects present in the dataset.

The number of images for each class, already divided
into training and test sets, is presented in Table II. Tests
were conducted with data augmentation techniques, but no
performance improvement was observed. Consequently, only
the acquired data were used for training.

(a) Double end (b) Coarse end (c) Harness misdraw

(d) Slack end (f) Soft wefts

(e) Broken wefts

Fig. 2: Examples of each type of defect.

TABLE II: Number of images for each class

Train Test
Double end 184 47
Coarse end 338 85
Harness Misdraw 302 76
Slack end 492 123
No defects 340 85
Broken wefts 496 125
Soft wefts 233 59

Total 2385 (=~ 80%) 600 (=~ 20%)

B. Data preprocessing

The region of interest (ROI) in the image is the rectangular
region of the fabric. Fig. 3 shows examples of the resulting
images with different lens modes, after cropping the ROIL.

Fig. 3: Cropped image samples from the dataset. The two
above are from the class “broken wefts” and the two below
are “No defects”.

The images were acquired on different days, with defects
introduced by different weavers. Additional variability was
introduced from changes in room illumination, slight camera
rotations, and minor translations—none of which were cor-
rected during preprocessing. Furthermore, depending on the
camera mode and mounting height, both the cropping region
and crop window size varied across captures.

In addition, preprocessing was necessary to prepare the
images for input into the proposed and baseline models (See
Subsection III-E). Images were resized to 256 x 512 pixels
with PyTorch’s anti-aliasing Gaussian filter for the proposed
CNN and ML models, except for ResNet50, which required



256 x 256 pixels. Subsequently, the images were converted to
tensors with pixel values normalized to the [0,1] range.The
mean (u) and standard deviation (o) of pixel values were
computed across the training set for each color channel. These
statistics were then used to standardize all image pixels (z;)
from both the training and test sets, according to Eq. 1.

R (1)

C. Model Architecture

The task was formulated as a multiclass classification prob-
lem with seven 2D-image classes, where the “without defects”
class was treated equally to the six defect classes. We evaluated
CNN architectures with varying numbers of convolutional lay-
ers, but increasing depth did not yield performance improve-
ments. Therefore, we report the best-performing architecture
with respect to layer depth.

Fig. 4 shows the proposed model, a CNN with four con-
volutional layers (kernel size of 3 x 3 and padding = 1)
for feature extraction, progressively increasing the number
of filters in each layer (32, 64, 128, and 256, respectively).
Each convolutional layer is followed by batch normalization, a
Rectified Linear Unit (ReLU) activation function, and 2D Max
Pooling (kernel size of 2 x 2 and stride = 2 for dimensionality
reduction).

Image features were extracted automatically by the CNN,
in contrast to our previous study that relied on manual feature
engineering followed by a multilayer perceptron for binary
classification [21]. The extracted features were flattened into
a 1D tensor to support the classification task performed by a
linear layer with 256 units, succeeded by another linear layer
whose size corresponds to the number of classes (seven). A
Dropout of 40% is applied between the linear layers to prevent
overfitting.

D. Hyperparameter and parameter optimization

For hyperparameter tuning, we performed a grid search over
batch size, learning rate, dropout, scheduler, step size, -y, and
weight decay. In total, 62 hyperparameter combinations were
evaluated, and the best-performing configuration was selected.
The resulting network comprises 33,945,863 trainable param-
eters, with weights initialized from a uniform distribution.

Training was performed using the cross-entropy loss func-
tion with the Adam optimizer. Due to the limited dataset size,
no separate validation set was created; instead, 5-Fold Cross-
Validation with 200 epochs per fold was employed. Model
evaluation was conducted on the corresponding test subset
every 20 epochs, and within each fold the best-performing
model was retained for final evaluation. Hardware and soft-
ware configurations are provided in Appendix B.

After hyperparameter tuning via grid search, the Adam
optimizer was configured with a learning rate of 0.0001,
weight decay of 1 x 1074, and a batch size of 16. A StepLR
scheduler was applied with a decay factor of v = 0.3 every
50 steps.

E. Evaluation metrics

The performance of the multiclass classification models was
assessed using four standard evaluation metrics [22]: overall
accuracy, precision, recall, and Fl-score. These metrics were
derived from the confusion matrices corresponding to each
class. Given the seven-class classification problem, a one-vs-
all strategy was used to compute class-specific metrics.

For each class k, the confusion matrix is treated as a binary
classification matrix, where class K is considered the positive
class and all others are considered negative. Based on this,
true positives (TP), false positives (FP), false negatives (FN),
and true negatives (TN) were defined accordingly.

The overall accuracy is computed as:

TP

A = . 2

Y = TPYTN + FP+ FN @

Precision and recall per class are defined, respectively, as:

TP

Recally, = =——— 3

A = TP L PN, ®)
TP

PreCiSiOnk = WkF‘Pk (4)

To account for the balance between precision and recall, we
also computed the F1-score for each class:

2 - Precisiony, - Recally, 5)
Precision;, + Recally,

Each metric ranges from 0 (lowest) to 1 (highest) performance,
providing complementary information not captured by overall
accuracy alone.

Fl-score;, =

—2D Convolutional layer
—Batch normalization
—— ReLU activation

——Max pooling

Input image

FC layer FC layer
256 units 7 units

256 x 512 ‘ ‘

Feature maps: 32@128 x 256  64@64 x 128

128@32 x 64

256@16 x 32

Fig. 4: Convolutional Neural Network Architecture.



F. Baseline models

For comparison with the proposed model, the multiclass
classification task was also performed using conventional
machine learning algorithms and another deep learning model,
all summarized in Table III. The same preprocessing pipeline
was applied across all models, including pixel value standard-
ization using Equation (1). The Adam optimizer’s learning
rate, batch size, and other training hyperparameters were kept
identical to those used in the proposed model.

TABLE III: ML and DL algorithms used for the benchmark.

Algorithm Abbrev. Properties
Decision Tree [23] DT Random state = 0 (Deterministic)
Random Forest [24] RF 100 estimators, Gini impurity cri-
teria, maximum depth = 5
K-Nearest Neighbors [25] KNN Number of neighbors = 5
Support Vector Machine SVM Linear kernel, C = 1.0
[26]
50-Layer Residual ~ ResNet50 256 Xx 256 Input size. Trans-
Network [27] fer learning using ImagenetlK
[28]. Fine-tuning using our cus-
tom dataset.
IV. RESULTS

Fig. 5 presents the loss function and the accuracy dur-
ing the model training. The training curves indicate rapid
convergence, with the training loss stabilizing before 100
epochs and the training accuracy approaching 100%. Although
a gap of approximately 10% is observed between training
and validation accuracy during the 5-fold cross-validation, the
model demonstrates consistent generalization across folds. It
is important to clarify that the “Validation Loss” refers to
the performance on the test subsets of the cross-validation
procedure, not on an independent validation set.

To complement the cross-validation analysis, Table IV and
Fig. 6 report the performance metrics per class and the
corresponding confusion matrix. The results demonstrate that
the proposed model achieved high precision, recall, and F1-
score across most classes. In particular, the Coarse end, Slack
end, and Harness misdraw classes achieved F1-scores of 0.94,
0.96, and 0.91, respectively, indicating the model’s capacity to
distinguish well-defined defect patterns with high reliability.

TABLE IV: Proposed model: Results per class.

Class Precision  Recall F1-score
Double end 0.97 0.79 0.87
Coarse end 0.90 0.98 0.94

Harness misdraw 0.92 0.91 0.91
Slack End 0.96 0.97 0.96
No defects 0.85 0.74 0.79

Broken wefts 0.82 0.90 0.85
Soft wefts 0.88 0.90 0.89

Some variability in performance is observed in classes such
as Double end and No defects, with recall values of 0.79 and
0.74, respectively. This behavior can be attributed to several
factors. First, certain defect types exhibit high visual similarity,
as suggested by the confusion between Double end and Coarse

end. Second, some images may contain more than one defect,
despite being annotated with a single label, which introduces
unavoidable ambiguity into the learning process. Finally, the
classification of No defects is particularly challenging in practi-
cal scenarios, as it involves distinguishing subtle or borderline
cases under realistic manufacturing conditions.

Loss over Training

1.2 4 —— Train Loss
k-fold CV Loss

1.0 4

0.8

0.6

Loss

0.4

0.2

0.0

0 2 4 6 8
Epochs (x20)

Accuracy over Training

1.0 4

—

0.8 q

0.6

Accuracy

0.4

0.2 q

—— Train Accuracy
k-fold CV Accuracy

0.0 T T T T T
0 2 4 6 8
Epochs (x20)

Fig. 5: Loss function and accuracy during the training of the
proposed model.

Predicted label

Double end

Coarse end

Harness Misdraw

Slack end

|2qe| aniL

No defects

Broken wefts

Soft wefts

Double end
Coarse end
Harness Misdraw
Slack end

No defects
Broken wefts
Soft wefts

Fig. 6: Confusion matrix of the proposed model in the test set.



Despite these challenges, the model maintains strong per-
formance across all classes, with all F1-scores exceeding 0.79.
These findings confirm the robustness of the proposal and its
suitability for real-world deployment in inspection tasks, even
under conditions of label noise and class similarity.

Table V presents the quantitative results of the proposed
and baseline models, rounded to two decimal places. The best
results are highlighted in bold.

TABLE V: Benchmark with ML and DL algorithms. All values
presented are macro averages.

Classifier Accuracy Precision Recall Fl-score
DT 0.84 0.83 0.84 0.83
RF 0.78 0.81 0,75 0,77
KNN 0.80 0.81 0.78 0.79
SVM (Linear) 0.87 0.88 0.87 0.87
Resnet50 0.84 0.84 0.85 0.84
Our model 0.89 0.90 0.88 0.89

V. DISCUSSION

This section addresses three main topics: (i) factors influ-
encing the performance comparison between CNN and SVM,
where the former achieved the best results; (ii) the use of
dimensionality reduction techniques for 2D visualization of
CNN-extracted features prior to classification; and (iii) practi-
cal limitations and decisions made during data acquisition that
affect the results and suggest directions for future study.

A. Performance using different models

This study addresses a scenario where deep learning models
do not always have a clear advantage over traditional machine
learning approaches. As shown in Table V, classical algorithms
such as linear SVM achieved competitive performance on the
dataset, even surpassing a pretrained ResNet-50. This finding
highlights the importance of carefully evaluating model choice
in contexts with limited data.

To mitigate the challenges of a small dataset, several
strategies were adopted to enhance generalization. Model
complexity was controlled by limiting network depth, as
deeper architectures did not improve performance. In addi-
tion. In addition K-Fold Cross-Validation, data augmentation,
and regularization techniques (weight decay, batch normal-
ization, and dropout) were applied. With these measures, the
CNN achieved robust results, and importantly, outperformed
all competing models across every evaluation metrics. This
demonstrates that, when carefully designed and regularized,
deep learning can still deliver superior performance even under
data-constrained conditions.

Beyond accuracy, additional factors influence model selec-
tion. Training time, for example, varied across models (CNN:
~ 10 hours, SVM: ~ 6 hours), though such differences
depend on hardware and implementation efficiency rather
than the learning paradigm itself. Hardware requirements
also differ: CNNs demand more GPU memory, while SVMs
rely more heavily on RAM. Thus, in real-world scenarios
such as factory-floor deployment, the choice of model must
balance predictive performance with infrastructure constraints,

latency requirements, and whether the solution is intended for
embedded edge computing.

B. Visualizing model embeddings

After training the proposed CNN, low-dimensional (2D)
embeddings were generated to visualize the learned feature
representations. For each image in the test set, features were
extracted from the convolutional layers and reduced using
the T-distributed Stochastic Neighbor Embedding (t-SNE)
technique [29]. Ideally, well-separated clusters for each class
indicate that the model effectively distinguishes among classes.
The visualization results are shown in Fig. 7.
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Fig. 7: CNN embeddings: The t-SNE dimensionality reduction
algorithm represents in the 2D-plane how the CNN is classi-
fying the test set samples.

We observe distributed and partially separated class clusters,
although some regions show overlap. This suggests that the
CNN’s feature extraction may not perfectly distinguish all
seven classes. However, the reduction to two dimensions is
highly restrictive and may not fully reflect the model’s ability
to separate classes in higher-dimensional spaces.

It is important to note that the defects are often subtle
relative to the fabric, typically involving small areas, widths,
or lengths. Furthermore, certain defects are visually similar,
particularly when oriented in the same direction, such as
broken and soft wefts. These characteristics, combined with
factors such as the camera-to-fabric distance and the need to
resize images, may affect model performance.

In real-world deployment, it would be essential to periodi-
cally acquire new images and update the CNN-based model.
With continual updates, it is expected that the feature extrac-
tion process to better distinguish classes, reducing overlap in
the 2D t-SNE visualization.

C. Considerations and Challenges

Several challenges were encountered during image acquisi-
tion, particularly related to the camera and its support struc-
ture, and computational resources for image processing and
model development were also limited. From these constraints,
several important consequences emerged, discussed as follows.



Image acquisition was not fully standardized, resulting in
a heterogeneous dataset of images and defects. Parameters
such as camera mode and height were varied, and the training
laboratory conditions differ from those in the factory. To
address this, it will be necessary to collect a new dataset
in the factory environment, ideally following a standardized
acquisition protocol. For instance, a fixed camera support
would prevent translation and rotation, preserving the relative
position to the loom and avoiding manual adjustments. This
would allow an assessment of whether standardization can lead
to higher accuracies.

A multiclass classification approach was adopted to address
the complexity of denim fabric defects. However, the presence
of additional defect types and the possibility of multiple
defects occurring simultaneously indicate that a multi-label
classification approach could be explored in future work.

Certain weave types, such as black weave, were not included
in the dataset. As a result, performance in these cases may
differ from the reported results. Although classification was
not explicitly based on weft types, it remains important to
incorporate all weave variations in future datasets to enable
the development of a more generalizable model.

Image resizing was necessary given the computational re-
sources available (See Appendix B). As shown in Fig. 3,
the original images exhibit a relatively small height-to-width
ratio, which was altered during the resizing process, resulting
in information loss, particularly along the horizontal axis.
Consequently, model performance may be lower than what
could be achieved with the original, uncropped images.

During training, CNN filters are automatically learned to
extract meaningful features for the task. Nevertheless, the
image preprocessing techniques—such as artifact removal and
defect enhancement—can further support classification, as
demonstrated in [21], [30]-[32]. For example, moiré patterns
present in some images could potentially be mitigated through
appropriate preprocessing methods.

VI. CONCLUSION AND FUTURE WORKS

We proposed a CNN-based model to classify denim fabric
images into seven distinct classes: one defect-free and six cor-
responding to common fabric defects. The main contribution
of this study lies in evaluating a deep learning performance on
real-world data acquired in loco, with images captured directly
above an automated loom during active denim production—a
realistic, industrially relevant on-loom setting. This setup sim-
ulates the perspective of a human weaver and introduces the
natural variability found in operational environments.

Despite the challenges posed by a relatively small and
heterogeneous dataset, the proposed model achieved an ac-
curacy of 89%, outperforming conventional machine learn-
ing baselines and demonstrating strong generalization across
classes. These results demonstrate robustness and potential for
practical deployment in textile manufacturing environments.
Given the acquisition conditions and processing pipeline, the
proposed system already approximates real-time inspection.

We therefore anticipate similar performance in online de-
ployment, paving the way for intelligent, automated defect
detection systems that reduce waste, improve quality control,
and support the digital transformation of the fabric industry.

Future work will focus on addressing the challenges out-
lined in Subsection V-C to enable the development of a
fully real-time fabric inspection system. Another promising
direction involves extending the deep learning task beyond
classification to incorporate spatial information about defect
locations. This could be achieved by dividing fabric images
into smaller patches and applying multiclass classification
at the patch level, by reformulating the problem as object
detection to localize defects with bounding boxes, or by
exploring unsupervised anomaly detection methods capable of
segmenting defective regions from the defect-free background
without requiring extensive labeled data. These directions aim
to enhance the practical applicability of the system in industrial
settings by improving both interpretability and localization
accuracy.

APPENDIX

A. Camera and Capture Setup details

We used a GoPro Hero 9 camera in the time-lapse mode
and the advanced Protune settings shown in Table VI.

TABLE VI: GoPro Hero 9 acquisition settings

Parameter Value \ Parameter Value
Camera Height* 72 to 80 cm (Time) Interval 5 seconds
Sharpness High CompEX 0
Color GoPro White Balance Automatic
ISO min 100 ISO max 3200
Lens mode Linear or wide | Resolution 5184 x 3888
Format JPG

2Distance from the camera lens to the denim fabric.

B. Hardware and software details

The deep learning pipeline was conducted using the setup
described in Table VII. We used Notebook 1 for Dataset
preparation, image processing, CNN training, and inference;
Notebook 2 for baseline models training; and a workstation
for hyperparameter tuning (grid search).

TABLE VII: Equipments used for the experiments

Notebook 1 Notebook 2 Workstation
CPU Intel i7-9750H  Intel i7-9750H  Two Intel Xeon Silver
GPU RTX2060 GTX1660Ti Tesla T4
RAM 16.0 Gb 24.0 Gb 128.0 Gb

We preprocessed the images using OpenCV [33], imple-
mented and trained the CNN using PyTorch [34] and the
baseline models using Scikit-Learn [35]. Table VIII describes
the software used in this work.



TABLE VIII: Software used for the experiments
Software Version \ Software Version
Operating System  Windows 11/WSL2 | Python 3.12
Cuda 12.4 Numpy 1.26
OpenCV 4.10 Pytorch 2.5.1
Scikit-image 0.24 Scikit-learn 1.6
Scipy 1.14
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