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Abstract: To address the high cost of online detection
equipment and the low adaptability and accuracy of online
detection models that are caused by uneven lighting, high
noise, low contrast and so on, a block-based template
matching method incorporating fabric texture characteristics
is proposed. Firstly, the template image set is evenly
divided into N groups of sub-templates at the same positions
to mitigate the effects of image illumination, reduce the
model computation, and enhance the detection speed, with
all image blocks being preprocessed. Then, the feature
value information is extracted from the processed set of sub-
templates at the same position, extracting two gray-level co-
occurrence matrix (GLCM) feature values for each image
block. These two feature values are then fused to construct
a matching template. The mean feature value of all image
blocks at the same position is calculated and used as the
threshold for template detection, enabling automatic
selection of template thresholds for different positions.
Finally, the feature values of the image blocks in the
experimental set are traversed and matched with sub-
templates at the same positions to obtain fabric defect
detection results. The detection experiments are conducted
on a platform that simulates a fabric weaving environment,
using defective gray fabrics from a weaving factory as the
detected objects. The outcomes demonstrate the efficacy of
the proposed method in detecting defects in gray fabrics, the
mitigation of the impact of uneven external lighting on
detection outcomes, and the enhancement of detection
accuracy and adaptability.
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0 Introduction

In the textile industry, factors, including machine
malfunctions, yarn breaks and improper manual
operations, could result in various types of fabric defects,
thereby causing significant economic losses for textile
companies "', At present, defect detection in textiles
mainly relies on manual detection. Statistics show that the
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error rate of manual detection is generally 35% —55% " .
When the fabric width exceeds 2 m and the detection
speed is higher than 30 m/min, the missed detection rate
can reach as high as 60% "', Two types of commercially
available automated fabric detection systems for the
domestic and international textile industry are online
detection and offline detection'®’. Although offline
automated fabric detection systems can improve the
detection efficiency, their high cost limits widespread
adoption . Online automated fabric detection systems
integrated into weaving machines offer several
advantages, including the elimination of the need for
detection workshops and the provision of real-time
feedback on the fabric quality'®. However, due to
constraints such as the weaving workshop environment,
installation space and system cost, online automated
fabric detection systems face challenges in detecting
defects under conditions of uneven lighting, high noise
and low contrast'”. The improvement of the detection
accuracy and algorithm adaptability under these conditions
remains a critical issue.

Currently, some methods are relatively mature in the
detection of fabric defects. Mak et al."""’ proposed a real-
time computer vision system for detecting defects in
fabrics, enabling online defect detection. This system
detects defects by automatically tuning the Gabor functions
to match the texture information. Schneider et al. '
introduced a high-precision online fabric defect detection
system integrated with the loom machinery and software.
However, these two online detection systems have certain
issues; they have high requirements for the image quality
and are heavily reliant on advanced hardware equipment.
Furthermore, they rarely consider addressing related
problems, such as uneven lighting, through software
upgrades. Consequently, these factors lead to high
detection costs and low accuracy when handling fabrics in
varying widths.

Template matching is one of the key technologies in
the field of computer vision. Its basic principle involves
the comparison of the similarity between a template image
and the target image, thus offering advantages such as
simplicity and high accuracy. Template matching has
found widespread application in the target recognition on
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regular surfaces (such as metals) , workpiece positioning
and object tracking'”’. Shi et al. """ developed a
monitoring system for a stamping material collection line
that utilized vision-based non-contact detection
technology in conjunction with artificial intelligence ( Al)
image algorithms. This system autonomously executes
template matching with reference images, facilitating
real-time online monitoring of diverse regions of the
drawing components amid strong vibrations and complex
lighting conditions. Wang et al.'"*' proposed a real-time
online template matching method which focused on edge
features, improving the matching accuracy and effectively
overcoming disturbances such as lighting and occlusion.
However, woven fabrics, composed of interwoven warp
and weft yarns, possess complex surface characteristics
that cannot be effectively handled by conventional
template matching methods for defect detection. The
gray-level co-occurrence matrix ( GLCM ), a classical
method in the texture analysis, identifies defects by
assessing the disruption of statistical texture features. Its
application in fabric defect detection has been extensive.
Hamdi et al. '™ utilized the GLCM to calculate the
Euclidean distance between each GLCM and a reference
matrix. They then compared the distances to pre-
determined thresholds, achieving a high detection
accuracy. Gustian et al.""®’ combined the GLCM with the
principal component analysis for feature extraction and
used multi-class support vector machines with Gaussian
kernels or radial basis functions for classification, thereby
enhancing the algorithm ’ s recognition precision.
However, the diverse defect characteristics of fabrics
make it challenging to directly identify defects based
solely on statistical texture features.

The traditional statistical-based fabric detection
methods have a low success rate in detecting fabrics with
inconspicuous textures or fine structures. Moreover, the
computational process is time-consuming due to the large
volume of data""”’. While deep learning methods offer a
high accuracy, they necessitate tens of thousands of
samples for training, rendering the collection process in
factory  environments labor-intensive and  time-
consuming. Although defect generalization methods can
increase the sample size, the discrepancies between
generated samples and actual factory defects often result
in suboptimal detection performance. Furthermore, deep
learning methods are highly reliant on complex hardware
systems """, In comparison to these approaches, the
method proposed in this paper requires only a few
hundred images to generate templates, significantly
reducing both the required sample size and computational
resources.

Based on the preceding analysis, this study aims to
propose a novel real-time online detection method that
integrates the strengths of the template matching for real-

time online detection and GLCM for texture feature
description. Experimental validation on industrial fabric
samples reveals that the proposed method attains a higher
detection accuracy and better adaptability, particularly in
challenging conditions such as uneven lighting, high
noise and low contrast, while fulfilling the requirements
for online detection.

1 Design Principles and Framework

The statistical template matching method is
predicated on the utilization of feature values derived
from the GLCM obtained from blocks at the same
positions to construct matching templates. This
methodology enables the algorithm to effectively capture
essential characteristics of fabric textures and defects. The
matching process entails a comparison of the feature
values of experimental images with those of the
established templates. To enhance adaptability, the
method partitions the template set into sub-templates,
creating smaller templates for various positions and
facilitating image matching within the same region. This
strategy mitigates issues such as uneven lighting across
different areas caused by variations in illumination and
weaving  processes. Furthermore,, the  method
automatically determines the threshold for sub-templates
by calculating the mean of the feature values, thus
eliminating the need for manual adjustments based on
prior experience.

The framework of the proposed method is illustrated
in Fig. 1 and comprises the following steps.

1) Dataset classification. The captured fabric images
are divided into two groups: a non-defective template set
and a defective experimental set.

2) Image cropping and block division. The fabric
images are uniformly cropped and divided into smaller
blocks, splitting each image into N groups of sub-
templates (X,, X,, ---, X, ), where N denotes the total
number of sub-templates.

3) Image preprocessing. The cropped and divided
fabric images undergo histogram equalization and gray-
level compression processing.

4. ) Feature extraction and template creation. By
utilizing Haralick * s feature extraction method ™', the
feature values of K sub-image blocks X, at corresponding
positions within the template set are computed. These
feature values are then fused across N groups of blocks at
the same positions to create N matching templates.

5) Template matching. By using the N matching
templates, the feature values of each sub-block in the
experimental set images are traversed and matched with
the corresponding templates. Defective samples are
identified, and the image is classified as defective or non-
defective based on the presence of marked defects.
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Fig. 1 Framework of fabric defect detection

2 Fabric Defect Detection Method

2.1 Image cropping and block division

In fabric defect detection, images captured by
industrial cameras are frequently influenced by the harsh
factory environment, resulting in uneven lighting
conditions and low image resolution. The direct
utilization of statistical GLCM feature values for the
construction of matching templates significantly increases
the computational load during feature value calculation.
This poses a significant challenge in meeting the real-time
detection  requirements of  factory  applications.
Furthermore, the low quality of the captured images has a
detrimental effect on the accuracy of the template
matching process. To address these issues, this study
employs an image block processing approach. The fabric
image is divided into N small square blocks, and the
feature values of each block are calculated independently.
This approach effectively reduces the computational
burden and establishes a foundation for real-time template
matching. Furthermore, the employment of block
processing facilitates the calculation of localized feature
statistics, thereby mitigating the impact of uneven
lighting across the entire fabric image. If the captured
image is m X m pixels and each small block is p X p
pixels, the number of blocks N can be expressed as

N=(m/p) x (n/p). (1)

The proposed algorithm utilizes a sub-block as a
template, with the sub-block size being a critical
parameter that exerts a direct influence on the detection
performance. The image size employed in this study is
2 592 X 1 944 pixels. If the sub-block is of insufficient
size, it may fail to capture the complete fabric texture
information, although it can better highlight defects.
Conversely, if the sub-block is too large, it captures
more comprehensive fabric texture information, but the

relative proportion of defective areas within the sub-block
decreases, adversely affecting the detection accuracy. For
gray fabric production, it is a common occurrence for
small cottonseed shells to be present on the fabric surface
as a normal feature. To avoid the misclassification of
these defects while ensuring the maximization of defect
information retention, a sub-block size of 75 X 75 pixels
was selected. This size strikes a balance between
capturing sufficient texture details and minimizing false
detections. Before creating matching templates, it is
necessary to crop excess pixels from the image edges to
ensure uniform dimensions across all images. For
unknown fabric types, where defect sizes and distribution
patterns are unpredictable, defects may otherwise fall
between sub-blocks or be cropped out at the edges, as
illustrated in Fig. 2. To address this issue, a multi-
position block cutting method is designed. This method
involves the shifting of the cropping region in five
directions; top left, bottom left, bottom right, top right
and center, as illustrated in Fig. 3. The application of
multi-position cropping to the template set results in the
generation of 850 sub-block templates for each position,
thereby yielding templates for five distinct positions. A
similar approach is adopted for the experimental set,
where multi-position cropping and block processing are
first applied to generate five positional images of
experimental sub-blocks, and then each block is matched
to the template at the corresponding positions.

(a) (b)

Fig. 2 Special position defects; (a) defects between sub-

blocks; (b) defects at cropped edge
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2 3

Fig. 3 Multi-position block cropping method

2.2 Preprocessing of fabric images

The background texture of woven fabrics exhibits
periodic and regular characteristics, which can severely
interfere with defect detection and classification. Image
enhancement techniques are employed to suppress noise
from the background texture. Histogram equalization is
employed to adjust the grayscale distribution of the
image, thereby ensuring more uniform distribution of the
grayscale levels. This enhances both image contrast and
overall quality, thereby improving the effectiveness of
defect detection'®"’. Histogram equalization is a widely
adopted technique for fabric texture denoising and
enhancing contrast. It operates by transforming the
image’ s cumulative distribution function ( CDF) , which

(©

is derived from the frequency values of each grayscale
level in the histogram. Here, the frequency value
represents the number of pixels in the image at a specific
grayscale level. By mapping the original pixel values to
new equalized values based on the CDF, a histogram-
equalized image is produced. The process enhances image
contrast and minimizes interference from periodic fabric
textures. The calculation is

C(v)=round( (L-1)XC,(v)), (2)

where C (v) is the equalized grayscale level; L is the
number of grayscale levels in the image, typically 256;
C,(v) is the value of the CDF at a grayscale level of v in
the original image.

Histogram equalization is performed on both
defect-free and cotton ball defect images after block
division, as described by Eq. (2 ). The visual
comparison of images before and after histogram
equalization is presented in Fig. 4. It is evident that
histogram equalization improves the clarity of fabric
images by suppressing background texture noise while
enhancing the texture features in both normal and
defective regions.

)

Fig. 4  Histogram-equalized images; ( a) defect-free image; (b)) defect-free image after histogram

equalization; (c) cotton ball defect image; (d) cotton ball defect image after histogram equalization

Typically, after histogram equalization, the matrix
gray levels of an image are distributed in 0—255. The
computational complexity of the GLCM is determined by
both the image’ s grayscale levels and its size. Directly
calculating the GLCM for images with 0—-255 gray levels
results in an excessive computational load and high

resource usage *>'. Therefore, the compression of the

image’ s gray level is required. Normally, gray levels are
compressed to 8, 16 or 32. Using too low gray levels
may compromise the fabric’ s texture structure, while
using too high gray levels may slow down the algorithm’s
computation speed. To balance the reduction in
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computational complexity with maintaining the image
accuracy, the gray levels of fabric images are compressed
to 16.
2.3 Feature extraction

The GLCM is an effective method for describing image
texture information. It uses a matrix based on the gray level
and the relative position relationship between pixel pairs,
recording the frequency of occurrences of gray level
combinations of adjacent pixels at specific directions and

1 1 9 11 16
4 5 9 14 2
7 9 14 1 3
16 9 1 3 10

(a)
Fig. 5

The selection of the step size and direction
parameters of the GLCM is very important. A large step
size leads to the weakening of local texture features,
which affects the detection accuracy, while a small step
size captures local texture information, which is
important for the detection of small or fine blemishes.
Therefore, a step size of one pixel is employed to ensure
the accurate capture of texture features. We extracted
symbiotic matrix features in four directions (0°, 45°,
90° and 135°), each of which can yield different feature
values, which is too complex to represent texture
features, so the feature values obtained in these four
directions are averaged as the window feature values.
This setup aims to minimize the influence of directional
textures on the feature extraction results.

The GLCM cannot describe texture features directly. In
this research, two statistical features (energy and entropy)
of the GLCM are calculated to represent the texture features
of the image block X,. Energy reflects the uniformity of the
grayscale distribution in the image, whereas entropy
quantifies the quantity of information in the image and
reflects the degree of textural non-uniformity. Energy and
entropy feature values are computed as

N -1N_-1

=3 3 (P, ),

i=0 j=0

(3)

GLCM with d=1 and 6§ =0 (a) grayscale levels; (b)

distances in the image ®”'. After gray-level compression,

as shown in Fig.5(a), for each pair of pixels (i, j) in the
compressed image, pixel pairs with a specific distance d and
direction 6 are identified. The frequency at which this pair of
grayscale values appear is counted, and this count represents
the pixel value A (i, j) in the GLCM. The size of the
GLCM corresponds to the number of compressed grayscale
levels. For d=1 and 8 =0, the GLCM computed from the
image in Fig.5(a) is shown in Fig.5(b).
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(b)
GLCM corresponding to 16 gray levels

N -1N_-1
£ g

T =- z ZP<L,]>1nP(La.])’

i=0 j=0

(4)

where G and T are the energy and entropy feature values,
respectively; P(i, j) is the value at the ith row and jth
column of the GLCM; N, is the number of compressed
grayscale levels.

The energy and entropy feature values of the image
block X, are computed by using Eqs. (3) and (4),
specifically for subtle defect types such as broken warp
and small cotton ball defects. The findings are displayed
in Fig. 6. Broken warp defects appear in column 21 of the
image, as shown in Fig. 6 (b). The feature values of
column 21 are represented by the red dots after the feature
values have been arranged, as shown in Figs. 6(c) and
6(d). Cotton ball defects are in row 10 and column 25 of
the image, as shown in Fig. 6(f). After feature sorting,
the feature values of these rows and columns are
represented by the red dots, as shown in Figs. 6(g) and
6(h). Compared to cotton balls and broken warps, other
types of defects are more noticeable in terms of the size
and characteristics. Therefore, the energy and entropy
feature values of the image block X, are used as template
matching metrics to effectively separate defective image
blocks.
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Fig. 6 Analysis of image characteristics of broken warp and cotton ball with inconspicuous defects; (a) original image of broken

warp; (b) histogram equalization of broken warp after image blocking; (c) energy feature map of broken warp; (d)
entropy feature map of broken warp; (e) original image of cotton ball; (f) histogram equalization of cotton ball after image
blocking; (g) energy feature map of cotton ball; (h) entropy feature map of cotton ball

2.4 Template creation

Based on the above analysis, the feature values of
the defective blocks are larger than those of normal
texture blocks, while the feature values of the normal
texture blocks exhibit smaller variations. Due to the large
size of the captured image (2 592 x 1 944 pixels),
there are differences in the light intensity at different
positions, causing the feature values of normal texture
blocks to have smaller variations. To mitigate this effect,
the concept of chunked template matching is proposed.

N sets of distinct feature values are generated by
calculating the feature values of each block X, at each
position after the fabric template set has undergone block
division and preprocessing. Multiple matching templates

are created for various positions within the template set
to minimize the variation in feature values between
regions. Figure 7 displays the feature value information
for each block X, at each position in the template set.
The feature values follow a Gaussian distribution, with
most values distributed around the mean, which helps to
summarize the center of the template the most
effectively. The feature values of all blocks X, at the
same position in the template set are used to describe the
regional texture information. To ensure template
invariance, the computed mean of the feature values for
all blocks X, at the same position is statistically used to
automatically generate the template threshold for that
position.
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Fig. 7 Energy and entropy Gaussian distribution of block images at the same position; (a) probability distribution of energy

feature values; (b) probability distribution of entropy feature values

Template information typically consists of all
feature data from the template image. To fully exploit
the image features, this study creates a multidimensional
Gaussian feature template by using the feature values of
all blocks at the same position in the template set. In this
process, a one-dimensional Gaussian distribution is
extended to a two-dimensional Gaussian distribution to
improve the template-matching relationship. Firstly,
extract two texture feature values, energy and entropy,
from all blocks at the same position in the fabric
template set. Secondly, integrate these feature values

ensity

ility d

Probab

from all blocks to construct the matching template
information. The resulting three-dimensional Gaussian
distribution probability density function is shown in
Fig.8(a), and Fig. 8(b) presents the contour plot of
Fig.8(a) on a two-dimensional plane. Then, in the
feature space, find an optimal feature curve based on the
Gaussian distribution contours to form the feature-
matching template, ensuring that the entire or most
template samples are contained within the curve.
Finally, match the feature values with the feature
template.

1.76

Entropy

0.020 0.022 0.024
Energy

)

Fig.8 Same position of match templates; (a) Gaussian template; (b) contour plot

Given a target image block X,, let G, and T,
represent the feature values for energy and entropy of the
target image block, where i = 1, 2, ---;, N (N= 850,
five groups in total ) and i indicates different position
blocks. There is a significant difference in the feature
values between normal and abnormal texture regions in
the fabric. The mean feature values of all image blocks X
at the same position in the template are used as the
threshold for calculating the image template match. The
offset of the feature values of the target image block X,
relative to the threshold is used as the descriptor. If the
feature values of the target image block fall within the
defined feature curve, the sample is considered similar to
the template and is classified as a normal point.
Conversely, if the feature values do not match the
template, the sample is classified as an abnormal point.
The result of the template matching is

1G= > kg x i,
T, —/.L/.‘> ky X,

P, = (5)

where P, is the matching result; u, and u, are the mean

values of the energy and entropy feature values for all
image blocks X, at the same position in the template,
respectively; k, and k, are the ratio thresholds for the
template. The detection results for different values of k,
and k, are shown in Table 1.

Table 1 Detection results for different ratio thresholds
Ratio threshold

Correct detection False detection

k, k, rate P/ % rate P,/ %
0.02 0. 02 100 21.2
0.02 0.03 100 19.0
0.03 0. 02 96.5 18.5
0.03 0.03 93.9 9.0
0.03 0.04 89.6 7.4
0. 04 0.03 89.0 4.3
0.04 0.04 87.3 4.3

A ratio threshold of 0.03 leads to a high correct
detection rate and a reasonably low false detection rate.
The highest correct detection rate and the highest false
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detection rate are observed when the ratio thresholds are
set at 0.02. The lowest rates of correct detection and
false detection occur when the ratio thresholds are set at
0.04. After comparing the false detection rate and the
correct detection rate, k, and k, are selected at 0.03 to
improve the ability to identify the defective area.

3 Experimental Results and Analyses

3.1 Experimental test

To validate the effectiveness of the method, a fabric
defect visual detection experimental system was set up, as
shown in Fig. 9.

Industrial CMOS
camera
Screw

LED light
source module

Guide roller

Tension weight

Fig.9 Image detection experimental system

This replicates the operational environment of real-
time detection. The hardware system is composed of two
major modules: the motion control module and the image
capture module. With the fabric feeding speed of
0.2 m/min in the weaving process, the servo motor does
not need a high speed. The planetary reducer motor at the
maximum speed of 125 r/min could meet the
requirements of the longitudinal feeding movement. The
motion control module utilizes the servo motor as the
driving unit. The longitudinal feeding of the fabric on the
equipment platform is completed by driving the
coordinated operation of the rollers for rolling the fabric
and the rollers for feeding the fabric. Tension weights,
positioned between the guide rollers, assist in tensioning
and balancing the fabric by utilizing the weights’
gravitational force. The image capture module utilizes a
2 592x1 944 pixel CMOS area scan camera ( Maishiv
Technology Co., Ltd., China) and transmits data via a

Frequency

(@

Fig. 11

Gigabit Ethernet network interface. Since the feeding
speed of the weaving equipment is lower than
0.03 m/min, the use of a mobile camera for image
capture can effectively reduce the cost of the detection
experimental system"*’. The light emitting diode ( LED)
is selected as the light source for the system.

In the experimental setup, the camera moves
laterally by being mounted on a moving ball-screw slide,
covering the full width of the fabric. The fabric width is
1 000. 0 mm, and the simulated fabric feeding speed is set
at 0.2 m/min. The working distance between the camera
and the fabric is fixed at 250.5 mm, resulting in a
camera’s view field of 334.0 mm X 250.5 mm. Given
the width of the view field of 334. 0 mm, to ensure that all
areas of the fabric are captured completely and
unobtrusively, transverse shots are taken over a round-trip
movement in 24 s, and five images need to be captured.
Figure 10 shows an illustration of the visual coverage of
the fabric as realized in the proposed detection system. In
a single imaging cycle, the fabric moves 80. 0 mm in the
y-direction, and there is an overlap in the captured
images, ensuring that all areas of the fabric are thoroughly
captured horizontally and vertically without missing
anything.
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Shooting completes a round trip in the x-direction in 24 s

Fig. 10 Scheme of image capture module

The image capture module employs a low-cost
CMOS camera. The images of the fabric collected under
simulated factory lighting conditions exhibit poor quality
and low resolution. Statistical analyses are conducted on
the image quality collected in the simulated weaving
environment, as shown in Fig. 11.
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A thorough analysis of the grayscale histogram of the
collected fabric image reveals a distribution that is
concentrated in the middle-right region of the image,
exhibiting two distinct peaks. This indicates the presence
of two main grayscale values in the image, corresponding
to shadowed and bright areas, which are attributable to
variations in lighting conditions. The image also
demonstrates a certain degree of contrast, and it is
evident that the overall quality of the collected images is
relatively low.  However, the wuneven lighting
phenomenon shows a consistent pattern during the
collection process, with the center appearing brighter and
the edges darker. To address this issue, the block-based
template creation method proposed in this paper involves
generating templates for regions under the same lighting
conditions. Concurrently, the corresponding regions of
the experimental image are matched with the templates,
thereby effectively resolving the problem of low-quality
images caused by uneven lighting.

Fabric defects are categorized into more than 30
types, and the fabric utilized in the experiments of this
paper is generated by the actual production process in the
factory ™', The experimental system involves the capture
of 806 images (308 defect-free template images, 357
defect images and 141 defect-free test images ). The
software system for the detection method in this study
incorporates an AMD Ryzen 75800U processor (2 GHz
and 16 GB), with programming conducted in C++ on
Visual Studio 2019.

3.2 Evaluation metrics and comparison results

To evaluate the performance of the defect detection
method, two metrics are utilized: P, and P,. P_is a
measure of the system’ s capacity to correctly identify

Table 2 Results for different

positive samples, while P; is a proportion of negative
samples that are erroneously classified as positive samples
by the detection system. P_and P, can be calculated as

P, =N,/(N, +N,), (6)

tp

P.=N,/(N,

fp

+Nln)7 (7>

fp

where N represents the number of defective test samples
correctly identified as defective; N, represents the
number of non-defective test samples incorrectly
identified as defective; N, represents the number of
defective test samples that are not detected as defective;
N, represents the number of non-defective test samples
correctly identified as non-defective.

The experimental fabric from this study was utilized
as a control to compare with current classical and state-of-
the-art fabric defect detection methods, to validate the
accuracy and adaptability of the proposed algorithm. For
the fabric defect detection method based on GLCM
features, a 5 X 5 sliding window was used to compute
entropy in four directions ™. The means of these four
directional feature values was taken as the value for the
center of the sliding window, resulting in a feature map.
The defect detection method based on the Itti saliency
model utilized down-sampling pyramids and Gabor filters
to obtain brightness and orientation features'™ . These
features were then normalized to produce a fabric defect
saliency map. The most common defects in fabrics
produced by the textile factory include broken warps,
broken wefts, cotton balls and so on. The results of
experiments on these defects are shown in Table 2 and
Fig. 12.

defect detection methods

Method Type Number Correct False P/% Overall P./%  Overall P,/%
number number

Broken warps 57 57 0 100
Broken wefts 60 60 0 100

Ours Cotton balls 111 93 0 83.8 93.9 9.0
Broken holes 69 69 0 100
Normal 141 128 13 91.0
Broken warps 57 45 0 78.9
Broken wefts 60 50 0 83.3

Ref. [27] Cotton balls 111 89 0 80. 1 85.1 14.9
Broken holes 69 69 0 100
Normal 141 120 21 85.1
Broken warps 57 48 0 84.2
Broken wefts 60 53 0 88.3

Ref. [ 28] Cotton balls 111 87 0 78.4 86.5 17.0
Broken holes 69 69 0 100
Normal 141 117 24 83.0
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Cotton ball Broken weft ~ Broken warp ~ Broken hole

Defect image | ] '

Ours | 5 | . '

Fig. 12 Defect detection results in different types of fabrics

Current fabric defect detection methods generally
achieve a P_ of approximately 80% —-90% for warp defects

in fabrics™’. As shown in Table 2, the proposed method
achieves a P_ of 100% in detecting defects such as broken
warps, wefts and holes. In contrast, the other methods
demonstrate a lower P, for all defects except broken holes.

The cotton ball detection is a challenging task due to
several factors; the size of cotton balls varies significantly
(from a few millimeters to several centimeters ), the
color of cotton balls is like that of the fabric, and
distinguishing between small cotton balls and cottonseed
shells is difficult. The primary issues in detection are the
false positives, where cottonseed shells are erroneously
identified as cotton balls, and the failure to detect genuine
cotton balls. However, the current fabric defect detection
methods have less research on cotton ball defects and
cottonseed shells, and cotton ball defects are the current
difficulty in detection'” . Images obtained in weaving
environments, with issues such as uneven lighting,
further reduce the contrast of cotton ball features,
increasing the detection difficulty. The proposed method
achieves a P_of 83. 8% for cotton balls, which is higher
than that of other comparative methods.

The method in Ref. [ 27] employs the GLCM to
directly compute feature values across the entire image,
which results in longer processing time and more
difficulties in meeting real-time detection requirements.
Additionally, the texture differences between broken
warps and normal textures are minimal, resulting in poor
feature map display. The method in Ref. [ 28 ] employs
the Gabor filtering to process the entire image, which
makes some cottonseed shell features more prominent,
consequently leading to a higher false detection rate.
Furthermore , the low-contrast detection images frequently
contain numerous bright spots in the periphery, which
affect the detection performance. In comparison to these
two methods, the proposed method is less affected by
cottonseed shells and uneven lighting.

The average time taken by the method in this paper
to process an image is 1 463 ms, while the production
speed of commercially available weaving equipment is
generally within 0. 03 m/min. Given the image capture

range and a fabric width of 2 m, the automatic
detection method’ s processing efficiency is estimated at
0.25 m/min, meeting the timeliness requirements for
online detection.

4 Conclusions

Current online fabric defect detection methods
primarily rely on expensive hardware facilities, which
results in high costs. Moreover, these methods often
neglect the challenges posed by uneven lighting and the
resulting degradation in the image quality under factory
conditions. To address these issues, this paper proposes
an online fabric defect detection method based on
statistical template matching. The proposed method
integrates the statistical analysis with the template
matching by leveraging the GLCM to extract features
from localized image blocks. These features are fused
into a multidimensional template, which is then used to
match the feature values of the images being inspected.

The experimental results demonstrate the efficacy of
the proposed method in capturing the texture information
of fabrics. The method exhibits a robust detection
performance, even under conditions of uneven lighting.
The method achieves an overall accuracy that exceeds
93% , at an average processing time of 1 463 ms.
Furthermore, the method functions without relying on
complex hardware, thereby significantly reducing the cost
of manual inspection and meeting the requirements for
real-time defect detection. However, challenges persist,
particularly  in  distinguishing  between  similar
characteristics of cotton balls and cottonseeds. Further
research is necessary to enhance the detection accuracy in
these scenarios.
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