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Abstract

Fabric defect detection is essential for quality assurance in textile manufacturing, where
manual inspection is inefficient and error-prone. This paper presents a real-time deep
learning-based system leveraging YOLOv11 for detecting defects such as holes, color
bleeding and creases on solid-colored, patternless cotton and linen fabrics using edge
computing. The system runs on an NVIDIA Jetson Orin Nano platform and supports real-
time inference, Message Queuing Telemetry (MQTT)-based defect reporting, and optional
Real-Time Messaging Protocol (RTMP) video streaming or local recording storage. Each
detected defect is logged with class, confidence score, location and unique ID in a Comma
Separated Values (CSV) file for further analysis. The proposed solution operates with
two RealSense cameras placed approximately 1 m from the fabric under controlled lighting
conditions, tested in a real industrial setting. The system achieves a mean Average Precision
(mAP@O0.5) exceeding 82% across multiple synchronized video sources while maintaining
low latency and consistent performance. The architecture is designed to be modular and
scalable, supporting plug-and-play deployment in industrial environments. Its flexibility
in integrating different camera sources, deep learning models, and output configurations
makes it a robust platform for further enhancements, such as adaptive learning mechanisms,
real-time alerts, or integration with Manufacturing Execution System /Enterprise Resource
Planning (MES/ERP) pipelines. This approach advances automated textile inspection and
reduces dependency on manual processes.

Keywords: computer vision; deep learning; edge computing; fabric defect detection

1. Introduction

The textile industry is one of the most significant industries in Portugal, accounting
for approximately 8 % of the country’s total exports [1]. The Portuguese textile industry
has undergone substantial modernization and innovation, with a focus on producing high-
quality, value-added products. However, the growing demand for fast fashion has led to a
corresponding increase in the generation of textile waste. Among the various consequences
of this accelerated and globalized production model are the severe environmental impacts
associated with the large volumes of textile waste that are discarded due to manufacturing
defects. Despite the amount of textile waste sent to landfills decreasing from 21% to 12% in
Europe between 2010 and 2022, incineration increased from 10% to 14% during the same
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period. The amount of textile waste generated by EU member states is approximately
6.94 million tonnes, which represents 16 kg per person [2].

Preventive measures, particularly the early detection of textile defects during the initial
stages of the production process, play a crucial role in reducing environmental impact by
minimizing textile waste and enhancing economic efficiency by lowering operation and
production costs associated with undetected defects. The predominant method for textile
inspection remains traditional visual assessment performed by experienced inspectors.
However, this approach is inherently inconsistent and susceptible to errors due to human
limitations such as fatigue and visual strain. Moreover, it involves significant operational
costs, which can be reduced through the implementation of automated inspection systems.
It is estimated that the price of fabrics can be negatively affected by 45-64% due to the
presence of defects [3]. It has also been estimated that the defect detection efficiency of
traditional visual inspection is approximately 75 %, with performance declining further
under conditions of increased fatigue and strain [4].

Initially, to improve the accuracy and reliability of fabric defect detection, several
studies have been conducted [4-7], primarily employing statistical analysis [8-11], spectral
analysis [12-15], and model-based analysis [5-8]. Nevertheless, these conventional methods
often encounter limitations related to low noise tolerance, limited adaptability to diverse
fabric textures, and constraints in real-time applicability.

In parallel with advances in hardware processing capabilities, recent innovations have
leveraged deep learning architectures, particularly convolutional neural networks (CNNs),
to overcome the limitations of traditional methods. More specifically, in the domain of
object detection, models such as You Only Look Once (YOLO) [9], Single Shot Detector
(SSD) [10], and Faster R-CNN [11], among other classic approaches, have been successfully
applied in various contexts, including intruder detection in home systems [12] and disease
identification in plant leaves [13].

In the context of automatic fabric defect detection within industrial environments, key
challenges include noise interference, system processing speed, the quality of the training
dataset, and model generalization. Data acquired in complex industrial settings are highly
susceptible to external variables such as lighting variations and background noise, which
can significantly degrade the detection accuracy of machine learning (ML) models [14].
Consequently, constructing a high-quality and representative dataset is essential for achiev-
ing reliable performance. Recent research suggests that data augmentation techniques can
enhance dataset diversity, thereby improving the robustness and generation capability of
deep learning models [15].

This paper proposes an automatic system for detecting holes, color bleeding, and
crease defects on plain solid multicolor, patternless cotton and linen textiles, integrating
computer vision and deep learning into an edge-computing platform capable of real-time
defect identification. The system supports wireless visualization of operational status and
records all detected defects for post-processing and analysis. The objective is to develop
a low-power, adaptable, non-invasive, autonomous solution that facilitates the adoption
of automatic quality control in already existing equipment used in textile manufactur-
ing, thereby minimizing reliance on manual inspection processes while maintaining high
standards with minimal investment. This system was implemented in an industrial envi-
ronment, and the obtained results are presented and analyzed. The main contributions are
listed as follows:

1.  This paper introduces an automatic fabric defect detection system that integrates
a lightweight framework, such as Ultralytics” YOLO, with an edge device like the
NVIDIA Jetson Orin Nano, aiming to reduce processing latency and enhance produc-
tion line efficiency.
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2. Arobust dataset consisting of images taken from fabrics with different colors is used,
contributing to a more generalized model.

3. Advanced data augmentation techniques are employed to train a more robust model
capable of generalizing across diverse industrial environments.

4.  In order to accommodate the constrained resources of edge devices, the trained
model is optimized using TensorRT, ensuring compliance with real-time perfor-
mance requirements.

Collectively, these contributions constitute a scalable and efficient automatic defect
detection system suitable for a wide range of industrial applications.

The remainder of this paper is organized as follows: Section 2 reviews related work;
Section 3 details the architecture and implementation of the proposed system; Section 4
presents and analyzes the experimental results; Section 5 discusses the results obtained;
and Section 6 finishes the paper with conclusions and future work.

2. State of the Art

In general, automatic fabric defect detection relies on a structured pipeline aimed at
replacing manual visual inspection with intelligent systems that offer enhanced speed,
accuracy and consistency. The core architecture of such systems typically comprises four pri-
mary stages: (i) image acquisition; (ii) pre-processing; (iii) feature extraction; and (iv) classi-
fication. These stages collectively guide the entire workflow, from image capture to final
defect classification, as illustrated in Figure 1.

Image Aquisiton ~———> Pre-processing —> Feature Extraction ——> Classification

Figure 1. Fabric defect detection general architecture [16].

This processing flow is a foundational component of both traditional and artificial
intelligence (Al)-based fabric defect detection systems [16]. In recent years, the majority of
research efforts have concentrated on advanced algorithms that leverage the advantages of
deep learning, particularly in terms of feature extraction, processing speed and deployment
feasibility on resource-constrained systems [4]. Nevertheless, earlier studies have explored
the application of conventional image processing techniques for fabric defect detection,
providing valuable insights into the evolution of the field [17]. In this section, the main
concepts, actions and algorithms to be integrated into each block are analyzed.

2.1. Image Acquisition

The first stage is responsible for acquiring the image that will feed the entire control
algorithm. Therefore, implementing a precise and robust system requires a high-quality
acquisition setup to reduce the need for extensive post-processing. This setup, in addition
to providing adequate lighting, must include a camera with high image resolution, contrast,
and consistent illumination to ensure continuous and reliable defect detection, even for the
most subtle flaws.

From a mechanical system perspective, the following components can be identified:
(i) cameras—responsible for image capture; (ii) lighting—ensures uniform illumination and
highlights defects; (iii) optics—adjusts focus and decouples the field of view from depth of
field; (iv) mechanical motion systems—responsible for linear movement and continuous
fabric inspection.

Regarding cameras, there are different types of technologies available on the market.
For example, area-scan cameras capture two-dimensional (2D) images similarly to a stan-
dard photographic camera. Authors of [18] described a low-cost, real-time defect inspection
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system using an area-scan camera coupled with MATLAB processing. Their study showed
this configuration was effective for static or slow-moving items but highlighted limitations
in the field of view and throughput in high-speed industrial settings. In terms of defect
detection, they are capable of identifying stains, lines, pattern inconsistencies, and loose
threads. Despite being low-cost and ideal for prototypes, they have a limited field of view
and relatively low efficiency.

Line-scan cameras capture one line of pixels at a time and are particularly suited
for detecting surfaces in continuous motion. Authors of [19] developed an automated
optical inspection (AQI) system using line-scan cameras for fabric inspection and reported
high spatial resolution and suitability for fast-moving rolls of fabric. However, they noted
challenges with illumination uniformity and the need for precise synchronization with
fabric movement to avoid distortion or missed defects. This type of camera is ideal for
high-speed, continuous production lines. In terms of defect detection, they enable the
identification of broken threads, transverse lines, fine stains, and contrast points (both
dark and light). While they are well-suited for large, continuous surfaces and offer high-
resolution imaging, their use requires precise synchronization with the fabric’s movement
as well as consistent and uniform lighting.

Multispectral cameras are capable of capturing images across different bands of light,
such as RGB, infrared, and ultraviolet. Authors of [20] applied multispectral imaging to
Jacquard fabrics and showed enhanced detection of both visible and invisible defects. They
emphasized its strength in detecting chemical stains and yarn inconsistencies that evade
Red, Green and Blue (RGB)-only methods. However, they acknowledged the computational
overhead and strict requirements for controlled lighting conditions as major constraints.
These cameras are suitable for identifying defects that are not visible to the human eye,
including chemical stains, invisible contaminations, variations in yarn composition, or
inconsistencies in dye absorption. Although they offer the advantage of detecting both
textural and chemical anomalies, they require constant, controlled lighting and significant
processing power to operate effectively.

Red, Green, Blue, and Depth (RGB-D) cameras enable the simultaneous capture of
RGB images along with depth maps, utilizing infrared sensors and stereoscopic techniques.
Authors of [21] utilized RGB-D data for three-dimensional (3D) textile inspection, focusing
on volumetric and structural anomalies. Their work showed that depth data helps dis-
tinguish between shadows and real defects, but the need for depth normalization, high
processing cost, and complex camera calibration are noted as limitations. These cameras
are particularly suited for identifying three-dimensional defects such as wrinkles, folds,
creases, surface deformations, and texture irregularities. They offer advantages such as low
acquisition cost, real-time capture capability, and good portability. However, their precision
is generally lower compared to other industrial imaging systems, and their performance
tends to decline on reflective or very smooth surfaces, such as silk or satin.

Lastly, thermal cameras capture the heat emissions from objects. As such, they are best
suited for identifying thermal-related defects, such as overheating, uneven heat dissipation,
or friction. The author of [22] proposed a novel thermal defect detection method for fabric
surfaces. They demonstrated success in identifying defects invisible to visual spectrum
imaging, such as yarn density variation. However, they reported high sensitivity to
ambient temperature changes and thermal noise, which can lead to false positives without
environmental control. Although they enable the detection of defects that are not visible
through color or texture analysis, they are highly sensitive to thermal noise and require
controlled environmental conditions to ensure accurate readings.
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2.2. Pre-Processing

Pre-processing constitutes a complementary stage to image acquisition, aiming to
improve the quality and consistency of the captured images [23,24]. By employing various
enhancement techniques, it is possible to reduce undesirable variations, highlight relevant
features, and normalize the image. In scenarios involving uneven illumination, reflections,
or image noise, minimizing these inconsistencies is essential to prevent them from being
misinterpreted as defects. The authors of [25] addressed uneven lighting by applying
global gamma correction and local MS-BOX filtering, followed by saliency enhancement.
This approach improved contrast and feature clarity but risked over-enhancement, which
could obscure genuine defects or introduce false ones. Feature enhancement facilitates the
identification of textures, edges, or fabric structures, thereby contributing to more accurate
defect detection.

The authors of [5] utilized saliency mapping to highlight defect-prone regions under
varying illumination conditions. Their technique effectively reduced background-induced
false positives but also had limitations—it could diminish low-contrast defects that lacked
strong saliency cues. Image normalization further increases the robustness of detection
algorithms by enabling better generalization across varying acquisition conditions.

The authors of [26] employed adaptive thresholding and filtering to identify conduc-
tive anomalies in smart textiles. Their results showed high accuracy, but they emphasized
that threshold parameters must be tuned to the specific fabric type and lighting setup
to avoid false positives from benign texture deviations. However, care must be taken
during this process to avoid suppressing genuine defects or exaggerating normal texture
patterns, which could result in false negatives or false positives, respectively. Authors
across multiple studies have reported that while preprocessing enhances system reliability,
it must be calibrated with domain knowledge to avoid overfitting to lighting or texture
idiosyncrasies [5,25].

The authors of [27] propose a method using the Inverse Discrete Fourier Transform
that removes most of the periodic patterns, returning a uniform image where only defective
areas are preserved. They also apply wavelet shrinkage to denoise the returned image.

Gaussian filtering is a very common practice in image noise reduction. It works by
smoothing an image through averaging neighbouring pixels with weights from a Gaussian
distribution, thus reducing noise and detail. If applied in excess, it can have downsides
like vanishing very small defects. The authors of [28] indicate that noise is generated
due to factors such as environment or signal noise, so they use it to filter out that noise,
avoiding misdetections.

Sobel filtering, on the other hand, is commonly used for edge detection by utilizing
two 3 x 3 convolution kernels to calculate the gradient at each pixel in horizontal and
vertical directions. The magnitude and direction of the gradient are then used to determine
the presence and orientation of edges. The authors of [29] propose a method of fabric defect
detection where a Sobel Operator is used to detect the edges of each image, obtaining a
coarse binary image. Using this technique alone generated too many false alarms, so they
applied a Patch Statistics Algorithm to reduce defect noise.

Histogram equalization enables the normalization of brightness intensity across the
entire image, making dark areas more visible and bright regions more distinct. This
enhancement improves the visibility of hidden details, increases contrast between different
regions, and emphasizes textures. As a result, it proves to be a useful technique for
detecting holes, tears, and creases, as it enhances contrast along irregular edges and
highlights shadows between distinct surfaces. Authors of [30,31] implemented histogram
equalization as a crucial preprocessing step, employing it on grayscale images before
segmentation and neural classification. They observed improved feature separation but
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also highlighted that the equalized grayscale images could not capture chromatic nuances,
which are essential for identifying certain textile defects. Since discoloration is a color-based
defect rather than one based on contrast or intensity, histogram equalization may suppress
these chromatic variations, making it unsuitable for detecting such defects.

Image data augmentation is a widely adopted technique to expand limited datasets
and improve generalization by artificially expanding the diversity of data. This approach
reduces overfitting and improves robustness against common challenges in textile datasets,
including uneven illumination and noisy environments. Empirical studies demonstrate
that models trained using data augmentation often outperform those relying on explicit
regularization techniques [32,33]. Data augmentation techniques include geometric modifi-
cations (rotation, flipping, cropping), color and intensity adjustments (brightness, contrast,
exposure), noise injection, as well as advanced mix-based methods like MixUp, CutMix,
and CutOut [34].

The authors of [33] compare three different augmentation sets, composed of simple
transformations such as flipping, exposure, blurring, and mosaicking. Results show that
augmentation techniques have a positive impact on the model result, with a higher mean
Average Precision(mAP) while using all the mentioned techniques. However, they ob-
served that the usage of blur can reduce precision and thus emphasize the need to choose
augmentation methods carefully. Corroborating this, ref. [34] notes that there is a lack of
data augmentation approaches tailored to industrial settings, where most defect detection
tasks still rely on conventional augmentation techniques.

2.3. Feature Extraction

Feature extraction is a critical step in the fabric defect detection pipeline, as it aims to
identify and quantify relevant patterns from the image that allow for reliable differentiation
between defective and non-defective fabrics. This stage transforms raw visual data into a
set of descriptive attributes that serve as input for the classification module [35,36].

Among classical paradigms, Gabor filters are widely employed for enhancing texture
patterns across multiple scales and orientations. The authors of [37] apply Gabor filters ef-
fectively by eliminating texture interference, enhancing the model’s ability to detect various
fabric defects, including tiny defects and those in uneven fabrics with creases. In combi-
nation with GA for parameter tuning, they achieved an improvement of approximately
16% compared to the same vanilla model.

In more recent approaches, feature extraction is performed implicitly within deep
learning models—especially CNNs—which learn optimal filters directly from labeled data.
In this CNN, early convolutional layers learn to detect basic visual elements like edges, tex-
tures, and corners, and as the network deepens, intermediate layers combine these simple
patterns into more abstract representations of texture motifs and structural anomalies. Acti-
vation functions [38] (e.g., Rectified Linear Unit(ReLU) [39]), batch normalization [40], and
pooling layers [41] further refine and stabilize these learned representations, emphasizing
the most relevant features while reducing overfitting.

Regardless of the technique, the quality and discriminative power of extracted features
are pivotal to the robustness and generalizability of the defect detection system, particularly
under variable lighting, textures, and fabric movement.

2.4. Classification

The classification stage is the final decision-making process, where extracted features
are analyzed to determine whether a defect is present, and if so, to identify its type. This
step is critical, as it defines the overall performance of the system in terms of accuracy,
sensitivity, and reliability.
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Although limited, the literature includes some comparative analyses of different al-
gorithms applied to textile defect detection. In [42], a comparative study is conducted
involving Faster R-CNN, Cascade R-CNN, and nine versions of the YOLO algorithm. The
study reports performance metrics such as mean Average Precision at IoU (Intersection
over Union) threshold 0.5 (mAP@0.5), frames per second (FPS), and Giga Floating Point Op-
erations per Second (GFLOPS). The results indicate that YOLO-based models outperform
Faster R-CNN and Cascade R-CNN in terms of both detection accuracy and process-
ing efficiency, with consistent improvements observed across successive YOLO versions.
Specifically, YOLOv5s achieves the highest acquisition speed (590.88 FPS), while YOLOv11s
demonstrates superior computational efficiency (21.3 GFLOPS). The proposed enhanced
version of YOLOvSs attains the highest detection accuracy, achieving 0.446 mAP@0.5.

In addition to defect detection accuracy, performance in real-time systems is equally
critical. The following sections provide a more detailed analysis of the different algorithms
under consideration.

i. Traditional classifiers

The term traditional classifiers in this field refers to statistical and shallow Machine
Learning (ML) models [43] that assign a label to the input image or vector [28]. Common
examples include Support Vector Machines (SVM), k-Nearest Neighbors (KNN), and
Decision Trees, which have been commonly used in systems based on handcrafted features.
Authors of [44] applied a hybrid approach using Histogram of Oriented Gradients (HOG)
features with SVM classification to detect fabric defects in grayscale images. Their results
showed high classification accuracy with strong generalization on small datasets. However,
they emphasized that SVM performance was sensitive to feature scaling and suffered
under inconsistent lighting and complex background textures, necessitating extensive
preprocessing to remain reliable. In the case of Decision Tree-based applications, the
authors of [45] applied a Decision Tree-based Random Forest classifier on Gabor and
Gray Level Co-Occurrence Matrix (GLCM) features. While the model effectively handled
class diversity, it noted increased computational cost during training and a degradation
in accuracy under noisy and unstructured textile backgrounds. In another example of
KNN algorithm applications, the authors of [46] implemented a KNN classifier using
multi-scale contour features. Their system reached a high classification accuracy (95.48%)
and outperformed several alternatives. However, it also misclassified non-defective fabrics
with high edge curvature, demonstrating vulnerability to subtle shape distortions and
overlapping features among classes. Some other models rely heavily on hand-crafted
low-level features, presenting issues with adaptability and generalization for variations in
the defect’s classification [47].

Those previous classifier models, instead of learning automatically, require engineered
features (e.g., HOG) [48], which necessitate a significant effort in complex visual analyses
involving numerous variants and patterns. Another defect is that these methods lack
recognition of spatial relations in the image, such as certain shapes, contexts, and textural
continuity [49]. In terms of scalability, these models also present some issues; for example,
the SVM can require a vast amount of CPU usage, which makes those classifiers impractical
for edge deployment.

In recent years, other systems have been developed, such as deep learning object
detectors (CNN-based detectors), obtaining better results [50], because of their ability
to detect and localize instances of objects in images, bounding boxes and classes for
each object. The advent of CNNs has significantly enhanced the classification process by
combining feature extraction and classification into a unified framework. These models
can detect highly subtle and nonlinear patterns, making them ideal for industrial scenarios.
Modern architectures like YOLO, SSD, and Faster R-CNN have been successfully applied
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to classify and localize multiple defect types in real time, offering both high accuracy and
operational speed.

ii.  Faster R-CNN:

Faster R-CNN is a two-stage detection algorithm that employs a Region Proposal
Network (RPN) to generate object bounding boxes [11]. At the first stage, a selective search
algorithm is applied to perform large-scale region extraction. The method also integrates
SVMs for classification, which significantly accelerates detection speed [51]. Under these
conditions, such models can achieve an Average Precision of 42.7% and an inference speed
of 17 fps [50].

Due to its computational capacity, this model adapts efficiently to the analysis of
various fabric types through its hybrid approach, which combines filtering and statistical
approximations to improve accuracy [51]. This characteristic is particularly advantageous
for detecting small flaws, as the dataset can be oriented toward small targets.

Authors of [37] proposed an enhanced Faster R-CNN model incorporating Gabor
filters and a Genetic Algorithm (GA) optimization strategy. The term Genetic Algorithm
Faster R-CNN (Faster R-CNN) achieved a mean average precision (mAP) of 94.57%, outper-
forming vanilla Faster R-CNN (78.98%) by better suppressing texture noise and improving
localization. Despite its accuracy gains, the model incurred higher computational demands
due to the additional Gabor preprocessing and GA training stages, potentially limiting its
suitability for real-time or edge applications.

Nevertheless, due to its high computational requirements, the model suffers from
reduced inference speed, which limits its applicability in real-time scenarios. This issue
is better addressed by single-stage detectors such as SSD and YOLO [50]. Another dis-
advantage is the necessity of defining numerous parameters, like learning rate and loss
rate, to optimize the algorithm, which increases both the time and expertise required for
deployment, training, or model updates [52].

iii. SSD (Single Shot MultiBox Detector):

The SSD algorithm, proposed by Liu et al. [10], is based on the principle of single-shot
multibox detection. Specifically, this method relies on multi-scale feature maps, where each
map location predicts bounding boxes and confidence scores, using a set of predefined
default boxes for detecting objects of various sizes [10]. During training, these boxes are
adjusted to achieve better alignment with the target defect [10].

Liu et. Al. demonstrated this algorithm enables real-time execution, providing both
speed and accuracy when such requirements are critical, while maintaining lower computa-
tional complexity compared to Faster R-CNN [10]. Experimental results [53] demonstrated
that the classical SSD model is effective for fabric defect detection, successfully identify-
ing multiple defect categories such as holes, oil stains, surface debris, and broken yarns,
confirming its suitability for textile inspection tasks. However, the baseline SSD often
generated disproportionately large bounding boxes when detecting very small defects,
leading to reduced detection confidence.

Some handcrafted variations, as in Liu et al. [54], created the Lightweight SSD (LW-
SSD), a parallel dilated convolution method that utilizes dual-channel attention mecha-
nisms. This approach achieves a 58% parameter reduction while maintaining a 48 fps
detection speed, providing technical support for real-time detection on embedded plat-
forms. Xie et al. [55] enhanced the traditional SSD by adjusting default boxes for long strip
defect detection, demonstrating effective performance with high-speed detection and accu-
rate detection of various defects on fabric surfaces with different textures in some datasets,
achieving a mAP of 42.8% compared to Faster R-CNN (36.3%) and YOLOV3 (38.0%).
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Authors of [55] introduced an enhanced SSD model for detecting fabric defects in
real time. Their CNN-based system demonstrated high speed and robustness, particu-
larly in identifying multiple defect types within complex textile structures. Nonetheless,
the authors cited limitations including the need for large annotated datasets and per-
formance sensitivity to fabric scale variations, which could lead to missed detections in
fine-grained defects.

iv..  YOLOV5:

YOLO family framework is characterized by its single-shot detection structure consist-
ing of a backbone, neck and head components, using a single neural network process to
predict bounding boxes and class probabilities [9], and it has been increasingly adopted,
as it aligns well with industrial requirements, offering real-time object detection, high
accuracy, computational efficiency, and suitability for deployment on edge devices [56].

By reducing network parameters using Cross-Stage Partial Network (CSPNet) in the
head and PANet in the neck, along with residual structures and auto-anchor mechanismes,
the model achieves faster and more lightweight performance compared to earlier YOLO
versions [57]. It also introduced built-in Mosaic augmentation, which randomly combines
four images with random sizes, allowing the detection of smaller objects accurately and
reducing dataset size requirements [58].

The authors of [59] propose an improved YOLOv5s6 model integrating new advanced
modules such as C2f (cross-stage partial bottleneck with two convolutions), BotTrans-
former and GeLU (Gaussian Error Linear Unit), achieving improvements of 11% to 12% in
mAP0.5:0.95 compared with the standard YOLOv5s6 model. Their work obtains substan-
tially better results than the yarn hairiness evaluation machine USTER TESTER 3, which
they also use as a comparison.

The authors of [60] propose a YOLOv5-based algorithm combined with Large Selective
Kernel (LSK) and an improved Lightweight Replication-based Generalized Feature Pyramid
Network (Light-repGFPN), achieving a defect detection accuracy of 90.3% for flaw, dirt, fold,
and hole types in nonwoven fabric. To obtain these results, a dedicated defect acquisition
system was developed, comprising a stable light source, a hyperspectral camera positioned
at a short distance, and a compact sample table. The analyzed defects exhibited high
contrast against a uniformly white fabric background.

v.  YOLOvVS

YOLOvV8 employs a backbone structure similar to YOLOv5 but replaces the CSPLayer
with the newly introduced C2f module. The C2f enhances detection accuracy by integrating
high-level features with contextual information [61]. YOLOvVS uses an anchor-free model
with a decoupled head to process objectness, classification, and regression tasks indepen-
dently. This design allows each branch to focus on its task and improves the model’s overall
accuracy [62].

The authors of [63] directly compared YOLOvV5, YOLOvVS and Faster R-CNN for real-
time fabric defect detection, and concluded that while YOLOvS5 delivers higher detection
speed at 118 FPS, its accuracy is comparatively lower, with a mAP of 0.686. In contrast,
YOLOVS attains a mAP of 0.756 with a speed of 103.5 fps, thereby surpassing both YOLOv5
and Faster R-CNN in terms of accuracy and efficiency.

Corroborating with that, ref. [56] presents a comparison between YOLOVS and its
predecessors, showcasing its superior performance, which achieves higher throughput
with a comparable number of parameters, suggesting architecture-level optimizations that
enhance hardware efficiency.

As demonstrated by official benchmarks [64], YOLOv5n achieves the fastest inference
time for resource-limited equipment compared to other YOLO family frameworks, making
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it a suitable choice for high-speed, hardware-optimized applications. Independent analysis,
such as [65], also emphasizes the benefits of YOLOVS5 in embedded systems, as it uses less
power and utilizes less memory, while also demonstrating higher FPS (140 compared to
110 for YOLOV8) with lower mAP (0.503 compared to 0.568 for YOLOVS).

vi. YOLOvl11:

YOLOV11 introduced key advancements by replacing the C2f block with the newly
introduced C3k2 (Cross Stage Partial block with kernel size of 2), a more computationally
efficient variant of the CSP bottleneck [66]. YOLOv11 also introduces the C2PSA (Convolu-
tional block with Parallel Spatial Attention) block, which sets it apart from YOLOVS, as it
lacks this specific attention mechanism. This mechanism strengthens spatial attention by
guiding the model toward critical image regions, thereby improving detection accuracy for
small or partially occluded objects [57].

A recent survey [57] states that the introduced enhancements improve performance
in dense and complex textile patterns, enabling more accurate detection of overlapping
and small-scale defects, and that by maintaining precise localization even under high-
speed manufacturing conditions, these models strengthen the connection between research
progress and industrial deployment, advancing real-time textile quality control.

The authors of [67] propose a variant of YOLOv11n, a lightweight, optimized version
for edge deployment. The study does a comparison involving SSD, Faster R-CNN and
6 variants of the YOLO framework. It reports performance metrics such as mean Average
Precision at IoU threshold 0.5 (mAP@0.5), frames per second, and Giga Floating Point
Operations per Second (GFLOPS). Authors conclude that YOLOv11n is the most optimized
model, consuming fewer computational resources and having the smallest model size. The
proposed model outperforms YOLOv11n with a 2.1% increase in mAP@0.5.

A similar approach is carried out by [68] in which authors compare Faster R-CNN,
Cascade R-CNN, AutoAssign, RT-DETRv2s, 6 YOLO variants and their custom variant.
Results show the proposed variant outperformed all other models, achieving 0.693 and
0.707 mAP@0.5 on two datasets, respectively, while the YOLOv11n baseline achieved the
second-highest scores.

vii. Comparison

Based on the state-of-the-art review, traditional algorithms remain prevalent due to
their long-standing implementation and reliability. However, there is a notable and ongoing
shift towards YOLO-based algorithms and their variants, driven by their architectural ad-
vantages, which support continuous performance improvements and facilitate integration
into more comprehensive solutions.

A comparative framework was developed to highlight the most impactful features for
the selection of the model to be further investigated. The comparison relies on evaluations
reported by several authors [54,57,69,70] and considers key aspects relevant to visual
fabric defect detection, namely accuracy, computational requirements, raw fabric detection,
patterned fabric detection, and FPS. This comparative study resulted in the quantitative
data presented in Table 1.

Following this study, accuracy was initially evaluated. The models demonstrating the
highest accuracy were Faster R-CNN, YOLOv8n and YOLOv11n, a critical consideration for
real-time applications in textile production lines. Regarding computational requirements,
the YOLO models exhibited the lowest demands, making them particularly suitable for
deployment in edge devices. In raw fabric defect detection, YOLOv11n and Faster R-CNN
achieved superior performance, despite other models also delivering competitive results.
For patterned fabric defect detection, YOLOv8n, YOLOv11n, and Faster R-CNN showed
the most consistent performance. Finally, in terms of FPS, the YOLO-based architecture
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achieved the highest rates, a feature that, combined with accuracy, is essential for real-time
defect detection in production environments.

Table 1. Visual object detection models comparison (based on [54,57,69,70]).

Model Accuracy

Computational =~ Raw Fabric = Pattern Fabric

: . . FP Rel
Requirements Detection Detection S elevance

Useful speed

SSD Medium/High Low/Moderate Good Low High vs. accuracy for

Faster
R-CNN

YOLOv5n Medium/High

YOLOv8n High

YOLOvlln  High

Very High

raw fabric
High precision
High High High Low benchmark if
latency is allowed
Lightweight YOLO
baseline, for low
Very Low Good Good Very High latency and very
constrained
environments
State-of-the-art
Very Low Good High Very High efficiency for
nano models.
Good balance of
Very Low High High Very High accuracy and
edge performance

EfficientDet was also included in the analysis, as it achieves competitive accuracy
levels while maintaining low computational requirements, which favors its implementation
on edge devices [71]. However, the limited number of comparative studies and references
in the literature prevents conclusive assessments of its capabilities relative to the other
models considered.

From the comparative analysis, YOLOv11ln was identified as the most promising
model. As one of the most recent versions of the YOLO family, it combines a lightweight
architecture suitable for deployment on edge devices with real-time detection capabilities
and high accuracy in fabric defect detection. Although Faster R-CNN also achieved
competitive results, its high computational cost renders it impractical for edge-based
applications. Consequently, YOLOv11n is considered the most suitable candidate for
further experimentation in the subsequent stages of this study.

3. Methodology

This section describes the methodology employed for the development and deploy-
ment of an Al-based computer vision system for fabric defect detection in a real industrial
environment. Among the various types of fabrics produced, solid-color uniform cotton
and linen fabrics with weights between 120 and 160 g/m? are the most prevalent and
are manufactured in continuous production. Consequently, the system was primarily
designed for the detection of defects in solid-color uniform fabrics. Nevertheless, it is
necessary to maintain versatility across various color variations (e.g., white, green, brown,
navy blue, black) and fabric weights, which impact material transparency. Darker colored
textiles are particularly challenging for color bleeding and crease detection due to their
low contrast. Additionally, lower thickness introduces noise, as the fabric material has
see-through capabilities.

Figure 2a presents an overview of the existing loom equipment in the factory, consist-
ing of multiple mechanical rollers that regulate and maintain uniform tension across the
fabric, ensuring it remains evenly stretched during the unrolling process. The image clearly
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shows the transition between two different fabrics, one lighter and the other darker in tone.
On the other hand, Figure 2b shows fabrics with different weights, highlighting the issue
related to the material’s transparency.

(b)

Figure 2. Example of rolling loom equipment in the factory: (a) side-view showing various rollers
responsible for stretching the fabric; (b) transition between different fabric samples.

The objective is to develop a solution capable of detecting anomalies, like holes, creases
and color bleeding, in a rolling fabric with 1200 m of length in real time at an average speed
of 15 m/min, with high accuracy and efficiency, while minimizing latency and dependence
on manual inspection.

This section is organized into three main components:

e  System architecture: the end-to-end pipeline design, including hardware and soft-
ware components;

e Deployment setup: the implementation and integration of the system in a produc-
tion environment;

e  Performance evaluation metrics: the criteria used to assess the system’s performance.

By addressing the functional and environmental requirements of the deployment
scenario, the methodology ensures that the solution is robust, scalable, and aligned with
the operational needs of textile production lines.

3.1. System Architecture

The proposed system extends the conventional architecture for computer vision-based
defect detection, as illustrated in Figure 3, by integrating edge Al deployment, defect
localization, and cloud data storage. These enhancements are specifically designed to
address the real-time requirements of fabric inspection in industrial environments.

The architecture includes the following core components:

e  Model Training: A labeled dataset of fabric images, including three defect types with
one being predominant, the crease defect, as shown in Table 2, is used to train a deep
learning model on a Graphics Processing Unit (GPU) cluster. The trained model is
optimized (e.g., pruned, quantized) for edge deployment.

e Image Acquisition: RGB-D cameras (Intel RealSense D435i) installed on the production
line continuously capture image frames of the rolling fabric.
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e Edge Device (NVIDIA Jetson Orin Nano): This device executes the Al inference
pipeline locally, minimizing latency and enabling real-time defect detection without
relying on constant cloud communication.

e  Visual Feedback: The output of the detection process is presented in real time through
a monitoring dashboard, by distance through RTMP Streaming or locally saved record-
ings. This allows operators to supervise and analyze the inspection process.

e Database: Detected defects are stored on a cloud database for traceability, reporting,
and further statistical analysis.

Frames - Defect Info - Database Monitoring —
Edge Database ————
Device
+ Local Video File
Model (NVIDIA Jetson + DisplayPort -
Optimization Orin Nano) « RTMP Streamin
Model Rl ] 9 B

Visual Feedback

Visual Feedback

Figure 3. Proposed system architecture for the implemented computer vision-based defect detection.

Table 2. Distribution of the number of instances per defect in the dataset.

Defect Type Instances
Hole 2169
Crease 27,126
Color bleeding 1365
Total 30,660

The imbalance present in this dataset, as shown in Table 2, is caused by the fact that
creases are the most common defect in the company’s use case, so they appear in a more
substantial number per frame, even in images showing other types of defects.

This modular architecture supports scalability and real-time operation while ensuring
seamless integration with existing industrial infrastructure. A more detailed analysis of the
constitution and functionalities in this architecture is carried out in the following topics.

i.  Image acquisition

Among the available imaging alternatives, the Intel RealSense D435i camera was
selected due to its cost-effectiveness and availability within the laboratory environment.
This device provides RGB images at a resolution of 1920 x 1080 pixels and depth images
at 1280 x 720 pixels, supporting frame rates of up to 90 FPS [72]. Its compact design and
affordability render it a suitable choice for experimental validation. Preliminary evaluations
indicate that the camera performs reliably under controlled lighting conditions, exhibiting
satisfactory accuracy in the detection of structural defects such as creases and perforations.
However, its effectiveness is reduced when identifying chromatic anomalies, including
discoloration and subtle color variations.

The looms employed by the textile manufacturer have a working width of 3.4 m, while
the fabrics processed typically do not exceed 3 m in width. To ensure complete coverage of
the inspection area and to minimize the risk of missing small-scale defects, two cameras
were deployed. These cameras were used not only to capture raw image data but also to
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support subsequent inference tasks. Due to the field of view of each camera, an overlap
region is present, allowing the same defect to be detected by both devices, which enhances
detection reliability.

ii.  Pre-processing

In this study, images were initially acquired at a resolution of 1920 x 1080 pixels to
ensure high detail. To maintain compatibility with the YOLO architecture and preserve
model performance, all images were subsequently resized to the standard input size of
640 x 640 pixels. Grayscale conversion was considered as a potential preprocessing step
to enhance the visibility of structural defects such as holes and creases; however, it was
ultimately discarded, as it significantly impairs the detection of chromatic anomalies, such
as color bleeding, which relies on color information.

To address real-world industrial conditions—including illumination variability and
noise induced by vibrations from legacy loom systems—a series of data augmentation
techniques was applied. These included controlled variations in brightness within the range
of —25 % to +25 % and the addition of Gaussian noise up to 0.5 % of the pixels. To further
improve the model’s robustness and generalization to diverse defect types, additional
augmentation was employed, including random rotations within a range of —15 ° to
+15° (degrees). Worth mentioning, YOLO's built-in mosaic augment flag parameter was
evaluated, and performance was compared with and without this option.

All these techniques were evaluated incrementally to assess their individual impact on
model performance. Results are presented in Table 3. Analyzing the obtained mAP@50 val-
ues, the impact of augmentation techniques on improving detection performance is evident.
Notably, brightness adjustment consistently contributes to enhanced results. Although
individual augmentation techniques yield only marginal improvements, the combination
of all techniques leads to a substantial increase in overall defect detection effectiveness,
achieving a mAP@50 of 0.821.

Table 3. Comparison of different augmentation techniques.

Augmentation Techniques mAP@50
No Augmentation 0.751
Mosaic 0.806
Mosaic + Brightness 0.802
Mosaic + Noise 0.781
Mosaic + Rotation 0.804
Mosaic + Brightness + Noise 0.811
Mosaic + Brightness + Rotation 0.793
Mosaic + Noise + Rotation 0.767
Mosaic + Brightness + Noise + Rotation 0.821

iii. Feature Extraction

YOLOv11’s integrated feature extraction modules were employed to generate feature
maps encoding information related to textures, shapes, and object components. Several of
these modules represent advancements over previous YOLO versions, including the C3k2
block and the component. The C3k2 block is applied in the early stages of the network
to perform downsampling by progressively reducing spatial resolution while increasing
the number of channels, thereby enhancing computational efficiency. The C2SPA module
implements a spatial attention mechanism that enables the model to prioritize salient
regions within the image, thereby improving detection accuracy for defects of varying sizes
and positions.
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iv.  Classification

Classification is performed in the model’s head, which functions as the prediction
mechanism by providing object localization and classification based on the extracted
feature maps. This component consists of a series of Conv2D layers that reduce the feature
representations to the required outputs for bounding box coordinates and class predictions,
which the final Detect Layer subsequently processes.

3.2. Setup Implementation

The proposed defect detection system was deployed on a real industrial textile inspec-
tion line.

The implementation required careful integration of the hardware components with the
physical environment and adaptation to operational constraints, as shown in Figure 4. The
conveyor system rolled the fabric at a constant speed of approximately 15 m per minute,
similar to real production conditions.

(©)

Figure 4. Real industrial environment setup of the fabric defect detection system: (a) general overview;
(b) detailed integration of the camera with the lighting; (c) monitoring visualization feedback for the
user with emphasis on defect recognition.

Figure 4a presents a general overview of the existing textile mechanical system in the
factory, showing the integration of the proposed system. To ensure consistent illumination,
lamps were strategically integrated in proximity to the cameras, as shown in Figure 4b.

The integration of this system must follow the add-on concept, being easy to integrate
with existing systems, which may have differences between them, from manufacturer to
manufacturer, but should not be invasive. In other words, it should not require mechanical
changes to existing systems in the factory. Thus, the installation process required minor
mechanical adjustments to accommodate the hardware and ensure safety, durability, and
stability under continuous operation conditions.

The setup was implemented on a fabric rolling line, with the following key aspects:

e  Camera positioning: As shown in Figure 4a, two Realsense D435i RGB-D cameras
were installed above the rolling fabric, fastened securely to a metallic pipe at a fixed
distance of approximately 1 m from the fabric. This configuration enabled a field of
view of approximately 1 m in height and 3 m in width. The cameras were oriented
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perpendicularly to the fabric surface, aligned with the direction of fabric movement,
and positioned close to the light sources to reduce shadows and reflections. Each
camera was connected via Video for Linux Two (V4L2) and processed locally on the
Jetson Orin Nano. The camera feeds were configured at a resolution of 640 x 480 pixels
and a frame rate of 30 FPS.

e Edge Device Integration: An NVIDIA Jetson Orin Nano, NVIDIA, Santa Clara, CA,
USA, device was securely mounted near the cameras, with all cables routed and fixed
to avoid interference with machine operation. This close proximity minimizes data
transmission latency and supports real-time inference.

e Lighting Adjustments: 120 cm width supplemental diffuse LED lights were installed
above the fabric to ensure consistent illumination across the surface, as shown in
Figure 4b. Poor lighting conditions from the industrial floor initially caused false
positives due to shadows and inconsistent texture appearance. By adjusting the angle
and intensity of the lighting, these issues were mitigated.

e A display was connected to the NVIDIA Jetson Orin Nano edge device using Dis-
playPort, showing the real-time camera feed with bounding boxes over detected
defects. This visual feedback interface provides operators with immediate insight
into the inspection process, as shown in Figure 4c. The system continuously analyzes
the incoming frames and overlays the localization results, which are then recorded
and stored.

e  Defect metadata and localization info are sent via MQTT to a central database for
traceability, remote access and historical analysis.

3.3. Dataset Preparation and Model Training

A custom dataset was built collecting video directly from the production line using
the same camera model and setup described previously, in a setup similar to Figure 4.
The working loom was video recorded to replicate the real inspection conditions. The
recordings were processed using an algorithm that extracted one frame every 30 frames,
resulting in one image per second, for each camera. This procedure resulted in a dataset
comprising 5104 annotated fabric images. Due to the large volume of collected images, only
a subset was annotated. Image annotation was performed using the Roboflow platform
(https:/ /roboflow.com/), adhering to the YOLO format. Three defect classes were defined:
Hole, Crease, and Color Bleeding. To simulate the variability typically encountered in
industrial environments, data augmentation techniques were applied, resulting in a sig-
nificant increase in dataset size to 12,774 images. These augmentations aimed to improve
the generalization capability of the detection model by introducing variations in lighting,
orientation, scale, and other visual attributes.

An example of data augmentation is illustrated in Figure 5, where image rotation is
applied. This technique increases the diversity of visual patterns by altering the orientation
of defects, thereby enhancing the robustness and generalization capability of the detection
algorithm across different fabric alignments and defect configurations.

Another example of data augmentation is brightness adjustment, as illustrated in
Figure 6. This approach generates variations in image contrast for the same defect type,
enabling the model to learn more effectively under differing lighting conditions. As a
result, the system becomes more resilient to illumination changes commonly encountered
in industrial environments.

Another form of data augmentation involves the addition of noise, as shown in
Figure 7. Introducing noise into the training images helps prevent the model from over-
fitting to overly specific visual features of the defects. This strategy enhances the model’s


https://roboflow.com/

Electronics 2025, 14, 3692

17 of 27

ability to generalize, enabling it to detect defects reliably even in the presence of signal
interference or image degradation.

@) (b)

Figure 5. Example of rotation augmentation: (a) original image; (b) rotated image.

.
(@) |

(b)

Figure 6. Example of brightness adjustment augmentation: (a) image with lower brightness; (b) image

with higher brightness.

@) (b)

Figure 7. Example of noise addition augmentation: (a) original image; (b) image with added noise.

The dataset was divided into training (75%), validation (15%) and test (10%) subsets.
Model training was carried out using YOLOv11n, a lightweight variant optimized for edge
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deployment scenarios. The training process employed a batch size of 16 over 1000 epochs,
with early stopping after 50 epochs with no improvements based on the mAP computed on
the validation set. Upon completion, the model was validated and subsequently exported
to the TensorRT (.engine) format, enabling optimized inference performance on NVIDIA
Jetson platforms.

3.4. Real-Time Processing System

Given the stringent requirements for real-time defect detection and data privacy,
cloud-based processing was considered unsuitable due to potential latency, bandwidth
constraints, and increased risk of data loss. In time-sensitive applications such as textile
inspection, even minor delays in detection can result in unnoticed defects, leading to
reduced product quality and increased material waste.

To address these challenges, local (edge) processing was adopted, offering low-latency
inference, independence from network connectivity, and enhanced system reliability. The
selected hardware platform was the NVIDIA Jetson Orin Nano 8 GB, a compact and efficient
edge Al module specifically designed for embedded Al workloads.

As illustrated in Figure 8, the NVIDIA Jetson Orin Nano is equipped with a high-
performance GPU based on the NVIDIA Ampere architecture, featuring 1024 CUDA cores
and 32 Tensor cores. This configuration enables efficient and high-speed deep learning
inference directly at the edge, close to the point of data acquisition, thereby minimizing
latency and supporting real-time processing requirements.

Figure 8. NVIDIA Jetson Orin Nano [73].

The edge device was tasked with the following operations:

e Capturing image streams from the RGB-D cameras;

e  [Executing the inference pipeline using an optimized deep learning model;

e Displaying real-time detection results on a local monitor;

e  Transmitting detection metadata to the database for logging and traceability purposes.

Owing to its hardware acceleration capabilities and efficient power consumption
(below 15 W), the Jetson Orin Nano delivered sufficient processing throughput without the
need for external cooling systems or extensive infrastructure.

Inference performance was evaluated directly on the Jetson Orin Nano using a model
optimized and converted to TensorRT with FP16 precision. The corresponding results are
presented in Table 4.

Table 4. Inference speed benchmark.

Metric Value

Inference Time (ms) ~10 ms
FPS ~100 fps
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The achieved throughput of approximately 100 FPS ensures that the system com-
fortably meets real-time processing requirements, even under high fabric speeds and
multi-camera input scenarios. This performance margin provides scalability for future
enhancements, such as higher-resolution image inputs or the inclusion of additional defect
classes, without necessitating significant hardware modifications.

Furthermore, leveraging an edge device confers advantages including improved data
privacy, reduced dependence on network connectivity, and immediate feedback, thereby
constituting a robust and production-ready solution for continuous industrial deployment.

3.5. Evaluation Metrics

To objectively assess the performance of the fabric defect detection system, both
detection quality and inference efficiency were evaluated using standard computer vision
metrics. The evaluation focused on the system’s capability to accurately identify and
localize fabric defects. The methodology involved the following metrics.

The first metric considered was the precision (P), which quantifies the proportion
of correctly identified positive detections relative to all positive predictions. Precision is
defined considering Equation (1), where TP represents the number of true positives and FP

the number of false positives.
TP

~ TP+ FP

The second metric was recall (R), which measures the proportion of actual defects

p 1)

correctly detected by the system, thus reflecting the sensitivity of the model. Recall is given
by Equation (2), where FN denotes false negatives. High recall indicates a low rate of

issed defects.
missed defects TP

R=1p1EN @

Once P and R are obtained, the F1 factor can be calculated, with the help of Equation (3),

as the harmonic mean of these two metrics, providing a balanced measure that accounts
for both false positives and false negatives.

_2><P><R

F1 = PR 3)

The next parameter was the average precision (AP). To determine the AP, Equation (4)
was used, integrating the precision-recall curve. AP represents the area under this curve
for a given defect class, summarizing the trade-off between Precision and Recall across
different thresholds.

AP = /01 P(R)dR )

To extend this to multi-class scenarios, the mAP was used. As shown in Equation (5),
mAP is the average of AP values across all C classes. Model performance was evaluated
using mean Average Precision at an IoU threshold of 0.5 (mAP@0.5). Here, IoU is defined
as the ratio of the area of overlap to the area of union between the predicted bounding box
and the ground-truth bounding box. It is particularly relevant for evaluating the overall
performance of multi-class object detection systems.

chzl AP(c)

AP =
" C

(5)
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Given the real-time nature of the application, latency and throughput were also critical
evaluation factors. The inference speed was measured as the time taken by the model to
process a single image on the edge device, as expressed in Equation (6).

1000

FpS = Inference Speed(ms) ©)

Together, these metrics provide a comprehensive framework for evaluating the perfor-
mance of the fabric defect detection system. Precision, Recall, and F1 score provide insights
into the model’s capability to correctly identify defects while balancing false positives and
false negatives. AP and mAP offer a more granular assessment across multiple defect classes
and decision thresholds, which is essential for multi-class classification tasks. Additionally,
inference speed, expressed in FPS, ensures that the model complies with the real-time
processing requirements characteristic of industrial fabric inspection. The combined use of
these quantitative indicators validates the system'’s effectiveness both in terms of detection
accuracy and operational reliability under production conditions.

4. Experimental Results

This section presents the different experimental results obtained, before and after
processing, for the different fabric defects: (i) hole; (ii) color bleeding; (iii) crease.

Following visual detection examples for each defect type, a performance metrics table
summarizes the model’s Precision, Recall, F1 score, and mean Average Precision (mAP@50)
across classes.

4.1. Hole Defect Detection

Figure 9a illustrates an example of a hole located at the right edge of the fabric image.
Figure 9b shows the detection system correctly identifying this defect as a “hole” with
a confidence score of 0.87, indicated by the blue bounding box. The confidence level is
relatively high, which demonstrates the model’s sensitivity to this type of defect, as well as
its capability to effectively differentiate such features from the background.

hole 0.87

() (b)
Figure 9. Example of hole detection: (a) manual user identification; (b) image processing identification.

4.2. Color Bleeding Detection

The second case, shown in Figure 10, depicts a faded area located at the bottom of
the image. The original image shown in Figure 10a reveals a horizontal band where the
fabric exhibits reduced saturation, likely caused by wear or printing inconsistencies. In
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Figure 10b, the model accurately identifies this region as color bleeding, assigning a high
confidence score of 0.85, which reflects strong certainty in the classification.

(@) (b)

Figure 10. Example of color bleeding detection: (a) manual user identification; (b) image with processing.

4.3. Crease Detection

The third example, presented in Figure 11, illustrates vertical creases across the fabric
surface. In the annotated image shown in Figure 11a, multiple vertical lines are evident,
suggesting defects caused by folding or tension irregularities. Figure 11b demonstrates
that the model successfully detects these features as creases, assigning confidence scores
that vary across the detections, with the highest score reaching 0.81. Lower-confidence
predictions, such as 0.41 and 0.65, are also observed, reflecting uncertainty in certain areas,
which may correspond to noise or faint crease patterns.

crease 0.81

u"’
I crease 0.41 | w
‘crease 0.65 L
(b)

(@)

Figure 11. Example of crease detection: (a) manual user identification; (b) image with processing.

4.4. Performance Metrics

Following visual validation, the overall performance of the system was quantitatively
assessed using the object detection metrics introduced in Section 3.5 The evaluation results
are summarized in Table 5, presenting detailed performance metrics for each defect class
individually, as well as the overall average across all classes.

The model demonstrates solid overall performance, achieving a precision of 0.75,
a recall of 0.78, an F1 score of 0.765, and a mAP@50 of 0.821. These results indicate a
well-balanced trade-off between detection accuracy and completeness.
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Table 5. Model performance evaluation metrics.
Classes Precision Recall F1 Score mAP(@50)
all 0.750 0.780 0.765 0.821
hole 0.890 0.760 0.820 0.870
color bleeding 0.620 0.810 0.702 0.850
crease 0.730 0.760 0.745 0.750

Analyzing individual classes, the hole class exhibits the highest performance, with a
precision of 0.89 and a mAP of 0.87, although its recall of 0.76 suggests that some instances
were not detected. The color bleeding class achieved the highest recall (0.81), indicating
strong sensitivity to true positives; however, its lower precision (0.62) points to a higher
rate of false positives. The crease class presents balanced performance across metrics, with
an F1 score of 0.745 and the lowest mAP (0.75), highlighting opportunities for improvement
in localization accuracy.

Overall, the model proves to be reliable and capable of real-time operation. Key areas
for further enhancement include reducing false positives in the color bleeding class and
improving recall for the hole class.

5. Discussion

Following the implementation of the proposed methodology and its integration into
the NVIDIA Jetson Orin Nano platform, an experimental evaluation was conducted. This
process focused on analyzing multicolor, patternless cotton and linen fabric, as it is the
textile company’s most frequently manufactured product. The system aimed to detect three
common defect types: (i) holes, (ii) color bleeding, and (iii) creases. Given the range of
defects targeted, certain limitations in system performance were anticipated, particularly
due to incompatibilities in applying uniform preprocessing strategies across different defect
classes. This challenge highlights the need for hybrid solutions tailored to specific defect
characteristics, thereby optimizing overall system performance. Nevertheless, the primary
objective was to develop a low-cost, compact, and versatile system compatible with a
variety of loom configurations. Based on the experimental data, the system achieved a
mean Average Precision (mAP) of over 75%, indicating a consistent level of robustness
in detecting the specified defects. Although the overall performance can be considered
modest, it is adequate for the intended application within a broader, multi-stage quality
control pipeline. The per-class accuracy scores were 0.89 for holes, 0.62 for color bleeding,
and 0.73 for creases. Analysis of the results indicates that the system performs more
effectively in detecting physical anomalies (such as holes and creases) than visual defects
like color bleeding. This disparity is primarily attributed to two factors: the characteristics
of the imaging hardware (as discussed in Section 2.1) and the absence of defect-specific
preprocessing techniques:

e  The camera employed is optimized for capturing depth and structural features, en-
hancing the system’s ability to detect physical deformations. However, its limited
color sensitivity impairs performance in identifying chromatic irregularities.

e Additionally, no preprocessing techniques tailored to specific defect types were em-
ployed. While methods such as contrast enhancement or grayscale adjustment could
improve the detection of particular features, they were intentionally omitted to pre-
serve the generalizability of the system. The detection model was designed to operate
without class-specific preprocessing, aiming to provide unified detection capabilities
across both physical and visual defects.
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Alternative strategies to enhance the detection of color-related defects, such as color
bleeding, could involve the application of sensor fusion using multispectral cameras. These
cameras can isolate the defect’s color wavelength and highlight the defect. The use of these
cameras could also be useful for detecting non-chromatic defects, such as holes, by using a
distinctive colored background panel. Another alternative could be the manipulation of
the image in the HSV color space by adjusting the Hue, Saturation, and Value attributes
of the image, highlighting the defect. This approach, although very useful for chromatic
defect detection, requires prior knowledge of the current fabric HSV values and constant
updating as different color fabric loops are placed throughout the loom and also could
negatively affect the detection of other defects such as creases.

Considering the imbalance in the defects present in the dataset, the model is prone to
being biased towards the majority defect, having poor generalization for the minority ones.
Another concern is that it can have misleading performance metrics, for example, having
95% accuracy in the majority class and 5% in minorities. One solution could be rebalancing
by eliminating a proportion of these images but even in frames with other defects, creases
are still present. Given that creases are present even in images with other types of defects,
augmentation exacerbates the imbalance even further.

This study focused on detecting defects in plain, solid-colored cotton and linen fabrics,
representing a specific industrial scenario. However, this choice introduces a notable
limitation in the model’s generalizability, as it may not perform reliably on other common
fabric types, such as patterned, textured, or multicolored materials.

6. Conclusions and Further Work

This study presented the implementation and integration of a defect detection system
tailored for the textile industry. The proposed solution is cost-effective, compact, and
easily adaptable to various types of textile looms. It demonstrated versatility in detecting
common fabric defects such as holes, color bleeding, and creases. Experimental results
confirm the system’s balanced and consistent performance across the targeted defect classes,
while its small physical footprint facilitates straightforward integration into constrained
industrial environments.

For future work, it would be beneficial to enhance the algorithms by incorporating
preprocessing steps tailored to each type of defect, in order to improve the individual iden-
tification of each defect. It would also be of interest to evaluate the system’s performance
under different background conditions, such as constant backlighting or a uniform color
background, to enhance contrast. Another relevant direction for improving the individual
identification of defects is the use of sensor fusion, combining different types of cam-
eras. While the current setup has shown promising results in detecting holes and creases,
additional cameras—better suited for identifying issues such as color bleeding—could
complement the existing system by integrating data from multiple sources.

Another promising direction involves assessing the system’s performance over ex-
tended operational periods, such as an entire workday. This includes analyzing its behavior
over the full length of fabric rolls and under mechanical vibrations typical of loom op-
eration. Based on these insights, the development of specialized mechanical mounts or
dampers for the cameras may improve system stability and consistency across different
loom configurations.

Overdetection, caused by common areas captured by both cameras, can also hap-
pen, and it is a needed optimization in order to perform an accurate evaluation in real-
world settings.

Given the dataset’s limitations—specifically non-textured and non-patterned fabrics—
future work should aim to expand the dataset to encompass a broader diversity of fabric
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types. This can be achieved through the collection of images in real-world environments or
the generation of synthetic data. Such an approach is expected to enhance model robustness
and improve its applicability across a wider range of real-world textile scenarios.
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Abbreviations

The following abbreviations are used in this manuscript:

2D Two-Dimensional

3D Three-Dimensional

Al Artificial Intelligence

AOI Automated Optical Inspection

AP Average Precision

C2f Cross-stage partial bottleneck with two convolutions
C2PSA Convolutional block with Parallel Spatial Attention
C3k2 Cross Stage Partial with kernel size 2
CNN Convolutional Neural Network
CSPNet Cross-Stage Partial Network

Ccsv Comma-Separated Values

CUDA Compute Unified Device Architecture
DCN Deformable Convolution Network

FN False Negatives

FP False Positives

FP16 Floating-Point 16bits

FPS Frames Per Second

GA Genetic Algorithm

GB Giga Bytes

GLCM Gray-Level Co-occurrence Matrix

GPU Graphics Processing Unit

HOG Histogram of Oriented Gradients

IoU Intersection over Union

K-NN K-Nearest Neighbours

LED Light-Emitting Diode

Light-repGFPN  Lightweight Replication-based Generalized Feature Pyramid Network
LSK Large Selective Kernel

LW-SSD Single Shot Detector

mAP Mean Average Precision

MES/ERP Execution System/Enterprise Resource
ML Machine Learning

mm millimeter
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MPCA MaxPool with Coordinate Attention
MQTT Message Queuing Telemetry Transport
ms milliseconds

P Precision

R Recall

ReLU Rectified Linear Unit

RGB Red, Green and Blue

RGB-D Red, Green, Blue and Depth

RTMP Real-Time Messaging Protocol

SSD Single Shot Detector

SVM Support Vector Machine

TP True Positives

YOLO You Only Look Once
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