
Received 18 May 2025, accepted 19 July 2025, date of publication 28 July 2025, date of current version 13 August 2025.

Digital Object Identifier 10.1109/ACCESS.2025.3593335

Real-Time Defect Detection for Fast-Moving
Fabrics on Circular Knitting Machine Under
Various Illumination Conditions
YAN-QIN NI 1, PEI-KAI HUANG 2, (Graduate Student Member, IEEE), CHING-HAN YANG3,
CHIN-CHUN CHANG 4, (Member, IEEE), WEI-JEN WANG 1, (Member, IEEE),
AND DERON LIANG 1
1Department of Computer Science and Information Engineering, National Central University, Taoyuan City 320317, Taiwan
2College of Computer and Cyber Security, Fujian Normal University, Fuzhou 350007, China
3Institute for Information Industry, Taipei 10622, Taiwan
4Department of Computer Science and Engineering, National Taiwan Ocean University, Keelung 202301, Taiwan

Corresponding author: Deron Liang (drliang@csie.ncu.edu.tw)

This study was supported by the National Science and Technology Council of Taiwan, under grants 113-2221-E-008-109-MY2, and the
Software Research Center, National Central University.

ABSTRACT In industrial production, automated inspection methods for circular knitting machines often
encounter several challenges. First, the rapid movement of fabrics on these machines makes it difficult
for existing fabric defect detection methods to effectively capture and process the motion. Next, due to
practical constraints aimed at maintaining high yield rates, collecting sufficient abnormal fabric samples for
model training is costly and limited. Furthermore, circular knitting machines typically operate under varying
illumination conditions, further complicating the task of accurate fabric defect detection. Additionally, these
methods usually fail to identify the cutline patterns that are integral to the design of the fabric and mistake
cutlines for v-line defects. Therefore, existing fabric defect detection methods often struggle to balance real-
time processing, few-shot learning, and high accuracy under various illumination conditions To address the
aforementioned challenges, we adopt a few-shot learning approach and propose a novel real-time fabric
defect detection method for circular knitting machines, aiming to achieve high accuracy even under varying
illumination conditions. The proposed mechanism consists of two components, the LBUnet and the false
alarm filter for cutlines. First, to tackle the challenges of real-time detection, limited training data, and
varying illumination conditions, we develop a lightweight semantic segmentation model, LBUnet, which
leverages local binary (LB) convolution to effectively handle variable lighting conditions. Next, to address the
specific challenge of detecting V-line defects, we propose a false-alarm filteringmethod that ensures accurate
defect identification by utilizing time-series data composed of consecutive segmentation maps generated by
LBUnet. Extensive experiments demonstrate that the proposed method delivers both high defect detection
accuracy and real-time processing performance for fast-moving fabrics on circular knitting machines under
diverse lighting conditions. Specifically, using only LBUnet, our approach achieved an average Mean
Intersection over Union (mIoU) of 86.24%with an average processing time of just 4 milliseconds per image.
When the false-alarm filtering component was incorporated, the system achieved 100% accuracy in detecting
cutlines.

INDEX TERMS Fabric defect detection, local binary convolution, circular knitting, real-time detection,
few-shot learning, various illumination conditions.
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I. INTRODUCTION
Defect detection is crucial for quality and efficiency in
textile manufacturing because defects not only compromise
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quality but also lead to waste. Conventional automatic optical
inspection (AOI) methods, which involve an intricate array
of devices for data acquisition, including RGB sensors and
illumination kits, are typically employed after production
before the textiles are moved to the finished product ware-
house [1]. However, thesemethods often require a subsequent
round of manual examination for defect validation [1].
In AOI, semantic segmentation is the most commonly used
technique [2]. Knitted fabric is commonly used in clothing
manufacturing. To produce knit fabric, manufacturers usually
use circular knitting machines. Conventional AOI methods
are also suboptimal because they are only applied after the
knitted fabric [3], and existing AOI methods tend to provide
inconsistent segmentation performance under certain condi-
tions in real time [2], [4], [5], [6], particularly in high-speed
circular knitting machines. These methods often focus on
solving specific challenges, such as real-time detection,
handling complex lighting conditions, or dealing with data
scarcity, but fail to address the need for accurate, real-time
defect detection in fast-moving production environments.

Therefore, a real-time method for detecting defects during
knitting is required. Considering the continuous nature of the
knitting process and the high speed at which the machine
operates, this method must be robust against data scarcity
and variations in illumination conditions and textile type [7].
In particular, themethodmust be capable of detecting patterns
that are integral to the design of the fabric (e.g., cutlines)
and not mistake them for defects. In general, the real-time
method often faces several key challenges during industrial
production:

1) Real-time detection: The high-speed operation of
circular knitting machines on production lines requires
the accurate capture and analysis of hundreds of images
per minute in real time. This imposes significant
demands on the processing speed and responsiveness
of the detection system.

2) Scarcity of abnormal data: Due to the variety and
limited quantities of products, abnormal fabric samples
are rare, and the annotation process is both complex
and time-consuming. As a result, it is essential to
reduce dependence on large volumes of labeled data to
effectively support production optimization.

3) Varying illumination conditions: Uneven lighting in
circular knitting machine environments poses a major
challenge. Owing to spatial and budget constraints,
it is impractical to deploy large-scale hardware such
as RGB sensors and dedicated lighting systems. This
results in images with inconsistent color gradients
and illumination, which significantly hampers accurate
fabric feature extraction.

4) V-line defect detection: Distinguishing between actual
vertical line defects (v-lines) and intentional cutlines
in knitted fabric is particularly difficult, as they appear
visually similar. Preventing false alarms in such cases
is crucial for reliable defect detection (as illustrated
in Fig. 1).

FIGURE 1. In the left panel, the photographed area (during green)
includes a partially captured cutline that resembles and might be
mistakenly classified as a v-line. The full cutline is shown in the right
panel.

FIGURE 2. Proposed RFDC mechanism implemented in a defect detection
setup: (A) Circular knitting machine and inspection mechanism; the black
area highlights the monitor that displays information about the
segmented defects. (B) Internal view of a knitting machine. (C) Industrial
camera inside a knitting machine. (D) Finished fabric, resembling a
circular pocket. (E) Segment map of the defect image displayed on the
monitor.

In this paper, we propose a mechanism called Real-time
Fabric defect Detection on Circular knitting machine (RFDC)
to address the above challenges. In particular, we adopt a
few-shot learning approach and propose a novel real-time
fabric defect detection method for circular knitting machines,
aiming to maintain high accuracy even under varying
illumination conditions. The proposed RFDC mechanism
is a comprehensive inspection solution that includes a
novel lightweight deep learning model, LBUnet, which is
capable of real-time semantic segmentation and a false-alarm
component to realize accurate defect identification. In par-
ticular, the proposed RFDC mechanism consists of two
components, the LBUnet and the false alarm filter for
cutlines. First, to tackle the challenges of real-time detection,
limited training samples, and varying illumination conditions,
we design a lightweight semantic segmentation model,
LBUnet, which incorporates local binary (LB) convolution
to effectively adapt to lighting variations while maintaining
high detection accuracy. Next, to address the issue of v-
line defects, we propose a false-alarm filtering method
that ensures accurate defect identification by leveraging
time-series data composed of consecutive segmentation maps
generated by LBUnet. This filteringmechanism distinguishes
true defects from intentional fabric patterns, such as cutlines,
thereby reducing false alarms.
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To evaluate the effectiveness of the proposed RFDC,
we have deployed the mechanism on a circular knitting
machine, as shown on Fig. 2. This mechanism comprises
the following components (Fig. 2): an edge server (Fig. 2A,
bottom part) to which the captured images are sent for
rapid processing and defect detection; an industrial black-
and-white camera (Fig. 2C) that captures real-time images
of textiles during production at a shutter speed of 30 ms;
and a monitor that displays semantic segmentation maps
(Fig. 2E) in real time, with problematic areas clearly marked.
The proposed LBUnet was inspired by U-Net [8]. The
deep learning model for knit fabric defection detection is
accurate, lightweight, and robust to variable illumination
conditions owing to its use of local binary convolution,
a residual dense connection module, and the concatenation of
multiscale features. The proposed RFDCmechanism can also
distinguish between defects and cutlines in images that have
been subjected to semantic segmentation. Cutlines integral
to the fabric can be segmented to generate false alarms.
However, the proposed mechanism continually identifies and
eliminates these false alarms, which often occur at each
rotation cycle of the knitting process. Experiments were
conducted to verify the mechanism’s effectiveness in this
regard. The results revealed that the LBUnet achieved an
average mean intersection over union (mIoU) of 86.08% and
a false-alarm interception rate of 100%.

The primary contribution of this research is the proposed
practical strategy for real-time detection of fabric defects.
The RFDCmechanism offers a quantum leap in the detection
of fabric defects. The main contributions of this paper are
threefold:

1) The proposed LBUnet is pioneering in its application
during the knitting process, providing real-time func-
tionality while maintaining accuracy and robustness
against environmental noise and various illumination
conditions. It only requires 15 normal and 15 cutline
samples for model training.

2) We introduce a novel dataset for knitting fabrics, com-
prising 16,414 images across three fabric categories
under varied lighting conditions. This dataset enables
research in real-time defect detection and allows for
differentiating cutlines from actual defects, the dataset
details are provided in the GitHub repository.1 The
proposed LBUnet model achieves an optimal 250 FPS
with only 15 training samples on each category.

3) The experimental results highlight the effectiveness of
the proposed mechanism, with an average mIoU of
86.08% and a 100% false-alarm interception rate for
the circular knitting machine.

The remainder of this paper is organized as follows.
Section II presents a literature review, Section III outlines
the datasets used, Section IV details the operations of
the proposed method, Section V presents the experimental
results, and Section VI concludes the study.

1https://github.com/yokeira5/Circular_Knitting_Dataset

II. RELATED WORK
Quality inspection is an essential procedure for ensuring
product quality in the fabric manufacturing industry. In the
literature, there are three main topics concerning fabric
defection detection: real-time defection [6], [9], [10], [11],
[12], [13], [14], [15], [16], [17], few-shot learning [4], [18],
[19], [20], [21], [22], [23], [24], [25], [26], [27], and various
illumination and noise conditions [12], [28], [29], [30], [31],
[32]. We will introduce related studies in the following
subsections and then provide a summary of these related
studies.

A. REAL-TIME DETECTION
Real-time detection is a critical concern in industrial inspec-
tion, with the aim of enabling real-time anomaly detection on
production lines. In this context, three main kinds of efficient
segmentation methods are discussed as follows:

1) Lightweight backbone. DFANet [14] and AYOLOv3-
Tiny [6] employ a lightweight backbone to reduce
computational costs and introduce a cross-level fea-
ture aggregation module to enhance performance.
DFNet [15] uses the ‘‘Partial Order Pruning’’ algorithm
to realize a lightweight backbone and an efficient
decoder. RD-Unet [2] employs an attention mechanism
and a simple autoencoder backbone. ICNet [16] uses
a multiscale image cascade to balance speed and
accuracy. Notice that, lightweight backbones often
result in lower accuracy and difficulty in complex or
detailed feature representation.

2) Multi-branch architecture. BiSeNetV1 [17] and
BiSeNetV2 [10] introduce two-stream paths to sepa-
rately capture low-level details and high-level context
information. Ma et al. [13] proposed a knowledge
distillation method that improves the performance of
lightweight models by segmenting fabric defects to
balance model efficiency and detection performance.

3) Small input resolution: RetinaNet [12] accelerates
models via effective loss optimization to reduce input
size and increase throughput. Although a smaller input
resolution can be effective, it often overlooks detailed
appearances around boundaries and small objects.
In addition to choosing these strategies, the use of
hardware optimization techniques [9], [11] is another
common method to improve the inference speed.

B. FEW-SHOT SEGMENTATION
Few-shot segmentation (FSS) aims to create a generic
model by using only a few labeled samples. Due to
the limited amount of annotated data, it is essential to
thoroughly extract category information from support images
for FSS tasks. Mainstream FSS methods can be broadly
categorized into two types based on how they extract sup-
port information: prototypical feature learning and affinity
learning. Most prototypical feature learning methods [20],
[21], [27] compress masked support features into one or
more prototypes for feature comparison or aggregation. For
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TABLE 1. Summary of the related work.

instance, SG-One [27] uses cosine similarity to compare the
prototype obtained through masked average pooling with the
query features for segmentation. However, relying solely on
highly compressed prototypes can lead to information loss,
which results in poor segmentation performance. In contrast,
affinity learning methods [23] consider fine-grained pairwise
relationships between the support and query features to
preserve details. For example, CyCTR [26] employs a
cycle-consistent attentionmechanism to selectively aggregate
support features. Shi et al. [23] applied attention weights
between the support and query features to achieve additive
aggregation of support masks. Despite achieving promising
results, pixel-level correlation can suffer false matches due
to intraclass variations and cluttered backgrounds. To meet
the requirement of anomaly positioning without the need for
real defective images, some data augmentation methods [4],
[18], [19], [22] and GAN-based methods [28] synthesize
pixel-level defective images. For example, LSeg [24] and
GroupViT [25] integrate large language models (LLMs) with
visual data to realize semantic segmentation without explicit
pixel-level annotations. However, these LLM-based methods
are not well suited to industrial images. In addition, recent

one-class detection techniques [35], [36], [37] that leverage
feature generation to simulate the missing abnormal features
during training also present a promising direction worth
exploring for fabric defect detection.

C. ILLUMINATION WITH NOISE
To eliminate the effects of illumination, numerous prior
intrinsic image decomposition approaches have been
explored. Li et al. [29] proposed an intrinsic image decompo-
sition method that incorporates nonlocal texture constraints
into traditional techniques. Shen and Yeo [30] maximized
the chromatic information by assuming that neighboring
pixels with similar chromaticities share the same reflectance.
FabricGAN [28] enhances GAN for data augmentation in
fabric defect detection by generating images under different
illumination conditions with different numbers of defects
to improve data diversity. However, the quality of the
images generated by FabricGAN [28] is highly dependent
on the training data and architecture of the GAN, which
can sometimes result in less realistic effects. Zhao et al. [18]
improved the algorithm based on YOLOv5 and constructed
a special dataset for textile defect detection through
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TABLE 2. Summary of training and test datasets that differed by texture type and illumination condition.

mirror flipping, noise injection, brightness adjustment,
and other techniques. The performance of the model
developed by Zhao et al. may also be limited by the
diversity and representativeness of the enhanced data.
RetinaNet [12] introduced a multiscale Retinex algorithm
to mitigate the impact of illumination changes on fabric
defect detection. This algorithm logarithmically transforms
images to improve the entropy, contrast, and average
gradient of image information while preserving local details.
The multiscale Retinex algorithm effectively reduces this
influence. Sun et al. [32] used mean filtering to eliminate
noise, proposed an adaptive threshold method based on
brightness to eliminate the influence of uneven illumination,
and achieved foreground and background separation. Kazim
Yildiz et al. [31] presented a novel thermally based fabric
defect detection technique that uses a thermal camera. This
approach eliminates the need for specialist operators and
provides a cost-effective solution for detecting fabric defects
under different illumination conditions.

D. SUMMARY
The discussedmethods are summarized in Table 1. To address
the issue of real-time processing, current approaches
employ data augmentation [18], [19], [22] and specialized
CNN-based networks, including multibranch CNN archi-
tectures [5], [9], [10], [13], [17], lightweight CNN-based
backbones [2], [4], [6], [11], [14], [15], [16], [33], [34],
zoom input resolution techniques [12], and GPU hardware
acceleration [9]. To address the few-shot detection problem,
current methods employ data augmentation [4], [18], [19],
[22], [28] and specialized CNN-based networks such as pro-
totype networks [20], [21], [27], affinity learning [23], [26],
and large language models [24], [25]. In addition, to handle
illumination noise, current approaches employ image pro-
cessing [29], [30], [32] and thermal techniques [31]. Among
the existing methods, very few are capable of handling
two or more challenges. PWWU-Net [4] performs FSS and
real-time detection, and RD-Unet [2] performs real-time
detection and manages illumination noise. PSPNetKD [13] is
a recent real-time method that can achieve 60 FPS, and FDS-
Net [5] introduces innovative approaches that demonstrate
outstanding performance in fabric defect detection. No exist-
ing methods address all challenges simultaneously.

III. DATASETS
We trained and evaluated the proposed RFDC mechanism
on six datasets that were collected using the setup shown

FIGURE 3. Samples of normal (defect-free, cutline, and partial-cutline)
fabrics (a)-(i) and defective fabrics (j)-(r). they illustrates three types of
fabric textures across various conditions. For Texture 1, images (a), (d),
and (g) showcase normal (defect-free), partial-cutline, and cutline,
respectively. (b), (e), and (h) correspond to Texture 2, while images (c), (f),
and (i) represent Texture 3.

in Fig. 2, the dataset details are provided in the GitHub
repository.2 The camera was positioned at a fixed distance

2https://github.com/yokeira5/Circular_Knitting_Dataset
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FIGURE 4. Examples of fabric images under varying illumination
conditions: samples from (a) dataset-1 with gray levels ranging
from 102 to 117; (b) dataset-2, 70–79; (c) dataset-3, 36–46; (d) dataset-4,
69-78; (e) dataset-5, 152–194; and (f) dataset-6, 155–203.

of approximately 15 cm from the fabric surface, and images
were captured at a resolution of 640 × 800 pixels at 30 FPS.
This setup ensured that the camera capture rate exceeded the
knitting speed of the circular knitting machine. The industrial
camera then resized the images to a resolution of 320 ×

400 pixels and sent them to an edge server for processing
using the proposed LBUnet for defect segmentation. Images
of identified defects were then displayed on a monitor.
Because each image took approximately 10–15 ms to
be transmitted, each segmentation instance was completed
rapidly within 15 ms. Each dataset contained images of
raw white cloth with three distinct knit textures denoted as
Textures 1, 2, and 3 (Fig. 3(a)-Fig. 3(c)). Images captured
under uniform and uneven illumination conditions were
also included to ensure that the model was robust against
variations in illumination conditions.

Table 2 summarizes these datasets and their segmentation
into training and testing sets for different illumination
conditions. Fig. 4 presents sample images from different
datasets captured under varying illumination conditions.
The datasets contained 15687 images, including images
of defective samples (Fig. 3). In particular, we collected
six datasets: Dataset 1 (Texture 1, uniform illumination),
Dataset 2 (Texture 2, uniform illumination), Dataset 3 (Tex-
ture 3, uniform illumination), Dataset 4 (Texture 1, uneven
illumination), Dataset 5 (Texture 2, uniform illumination),
and Dataset 6 (Texture 3, uniform illumination). Note
that ‘‘uniform illumination’’ refers to conditions where the
lighting environment remains consistent between the training
and testing data, whereas ‘‘uneven illumination’’ indicates
discrepancies in lighting conditions between training and
testing, leading to inconsistencies in image appearance. All
fabric was produced on the same knitting machine, and all
images were captured at predefined intervals (Fig. 2C).
Each training dataset included 30 randomly selected

images, including 15 images of normal fabric and 15 images
of fabric with a cutline. Images of defective samples were not
included because capturing these images in a rapidly chang-
ing production line is difficult [38]. In particular, the training
and testing datasets did not overlap. Images in the testing

dataset were collected sequentially to reflect the dynamic
nature of real-world industrial processes.

IV. PROPOSED MECHANISM
The proposed RFDC mechanism is based on a lightweight
deep learning detection model (LBUnet) and employs a
filter-based postprocessing component with a mechanism to
identify cutlines. The images were analyzed immediately
after being captured. LBUnet is designed to be flexible
and robust against illumination variations through transfer
learning with pretrained weights. A filter-based postprocess-
ing component exploits time-series data to refine detection
results and identify cutlines to ensure accuracy. Furthermore,
to prevent false alarms, the proposed RFDC mechanism
distinguishes between v-lines and cutlines by subjecting the
semantic segmentation results of the deep learning model to
a buffer for subsequent classification. In general, v-lines and
partial cutlines are difficult to distinguish from each other.
This buffering approach allows for the temporal validation
of potential defects, ensuring that the differentiation between
a defect and (intentionally placed) cutline is both accurate
and reliable. The operating flow of the RFDC mechanism,
including the timing and validation criteria, is detailed in
Section IV-B and is presented in Fig. 6.

A. LBUnet
The texture of a piece of fabric is defined by its repeating
microstructures. A detection method must be sufficiently
sensitive to local structural changes to detect subtle anoma-
lies, such as missing or disarrayed threads. This challenge
is complicated by variations in the illumination conditions
under which fabric images are captured, which introduce
noise and inconsistencies into the data.

LBUnet is based on U-Net [8]. A typical U-Net model has
a systematic structure with downsampling and upsampling
paths. For LBUnet, we halved the channel count at each
level, thereby optimizing the network to focus on pertinent
features for fabric textures while avoiding overfitting due to
illumination variations. In the encoder, residual convolution
(Fig. 5 is used to mitigate the vanishing gradient problem
and enhance feature propagation without requiring several
parameters. LBUnet employs local binary convolution [39]
(Fig. 5, left panel) to enhance its sensitivity to different
texture types and robustness against variations in illumination
conditions. Local binary convolution uses binary weights and
fixed nonlearnable filters to replace traditional convolutional
layers, which significantly reduces the number of trainable
parameters in the model. This not only enhances computa-
tional efficiency but also simplifies the network structure,
effectively preventing overcomplexity in models trained on
small datasets without sacrificing performance.

The LBUnet encoder (Fig. 5) operates as follows. First,
a local binary convolution layer with a 1 × 1 kernel
is used to expand the number of feature dimensions and
capture fine textural variations. Subsequently, a series of
3 × 3 convolutions with maximum pooling are applied to
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FIGURE 5. The proposed LBUnet architecture.

FIGURE 6. Flow of defect detection using RFDC.

downsample the feature maps to emphasize the key textural
features. A residual block is added after the last convolution
step, with each block comprising two weight layers with
ReLU activation and an element-wise addition operation;
This is repeated three times to deepen the model’s feature
extraction capabilities.

The LBUnet decoder (Fig. 5, right panel) operates as
follows. First, deconvolution is used for upsampling to refine
the feature maps, and this is complemented by repeated 3 ×

3 convolutions and skip connections that merge the output of
the decoder with the encoder’s feature maps, thus preserving
spatial information. The process culminates with processing
by a convolution layer that acts on the tensor to produce an
output that matches the original image size.

The aforementioned architecture reduces the LBUnet size
to approximately 2.59 MB relative to that of U-Net. These
computational savings give LBUnet higher throughput and
enable its application in edge devices or resource-scarce
environments.

B. FILTER-BASED POSTPROCESSING COMPONENT
The proposed RFDCmechanism operates as follows (Fig. 6).
First, LBUnet performs semantic analysis to identify poten-
tial anomalies. For each input image, the mechanism creates
a semantic segmentation map in which all defects and
cutlines are marked. As mentioned, cutlines do not represent
defects but closely resemble v-line defects (when captured
partially). Thus, the mechanism must determine whether a
marked segmentation map contains only a cutline. A filter-
based component is then used to distinguish between cutlines
and v-line defects based on time-series data that contain
a sequence of incoming segmentation maps. The proposed

mechanism categorizes fabric features in a segmentation map
into one of the following four classes:

• Cutline class: A segmentation map with only a full-view
cutline is categorized as a ‘‘cutline’’ class by the
filter-based postprocessing component.

• V-line class: A segmentation map that contains only a
v-line defect or a partial view of a cutline is categorized
as a ‘‘v-line’’ class. This categorization is tentative; the
filter does not report this categorization immediately.
Instead, the categorization result is temporarily stored
in a buffer for verification through additional data.

• Normal class: A segmentation map with no marks is
categorized as a ‘‘normal’’ class.

• ‘‘Others’’ class: A segmentation map with any marked
defect (excluding v-line defects) is categorized as an
‘‘others’’ class, which is considered defective.

FIGURE 7. Captured cutline images in chronological order, where ‘‘L’’
refers to a v-line image and ‘‘C’’ a cutline image.

The identification of cutlines is governed by rules based
on predictable cutline patterns in the knitting process;
specifically, cutlines are always preceded and succeeded
by a v-line. Thus, a time series of cutline images always
has a continuous sequence of v-line segmentation maps,
followed by a set of several cutline segmentation maps and
then one or more v-line segmentation maps. Owing to the
varying rotational speed of the knitting machine during each
rotation cycle, the number of cutlines is greater than the
number of v-lines (Fig. 7). This time-series pattern sets
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FIGURE 8. Examples of images captured under six illumination levels of fabrics of different textures and with different defects. Original
fabric images (first column) and semantic segmentation results (second to fifth columns). The semantic segmentation results highlight the
defects detected in each fabric sample.

(intentionally designed) cutlines apart from defective v-lines.
When the RFDC identifies either a cutline or a v-line, the
corresponding segmentation maps are stored in a buffer.
The content of the buffer is retrieved by the filter-based
component when the component detects a normal class.
Subsequently, the retrieved buffer content is assessed to
determine whether the aforementioned cutline pattern is
present (Fig. 7). If the cutline is normal, the component
clears the buffer and continues detection. However, if the
component determines that a v-line defect or some other
defect is present, the mechanism issues an alarm, and the
monitor displays a segmentation map for the defective
image (Fig. 2(E)).

To classify a segmentation map into the normal, cutline,
v-line, and ‘‘others’’ classes, the RFDC mechanism projects
the 2D detected segmentation result onto the 1D vector by
summing the vertical pixels of the detected segmentation
result. In a segmentation map, 1 and 0 represent marked and
normal pixels, respectively. Specifically, the projection from
a 2D segment map A of size N × M onto a 1D vector V of
size M is as follows:

vj =

N−1∑
i=0

aij (1)

where aij is the pixel (i,j) of A and vj is the jth element of V .
Subsequently, the sum of all pixels in the segmentation map

is calculated as follows:

S =

M−1∑
j=0

vj (2)

where S is the sum of all pixels in the segmentation map. S
is then roughly classified as normal or non-normal (cutline,
v-line, and others) as follows:

ŷ =

{
0 (Normal), if S = 0;
1 (Non-normal), otherwise

(3)

where ŷ is the initial classification for the segmentation map
and ŷ = 0 and ŷ = 1 correspond to the normal and
non-normal (cutline, v-line, and others) classes, respectively.
If ŷ = 1, further classification is required (Fig. 8).
To distinguish between cutlines, v-lines, and other defects,
the RFDC calculates the mean and variance of the 1D
vector V to estimate the dispersion of the segmentation map,
as follows:

µ =

M−1∑
j=0

vj
M

(4)

σ =

√√√√√M−1∑
j=0

(vj − µ)2

M
(5)

where µ and σ are the mean and variance, respectively, of the
1D vector V . As mentioned, the RFDC distinguishes cutlines
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from other defects based on the time-series cutline pattern; it
does so using the variance of the projected 1D vector of the
segmentation map as follows:

ŷ =


0 (Cutline), if Fc ≤ σ < Fd ;
1 (V-line), if σ < Fc;
1 (Defect), otherwise.

(6)

where ŷ = 0 indicates that the fabric is normal with a cutline,
and ŷ = 1 indicates that the fabric is non-normal. Fc ≤ σ<Fd
indicates the presence of a cutline, and σ<Fc indicates the
presence of a v-line. Eq. 6 uses two predefined values, Fc
and Fd , which calculated from the training cutline datasets,
Fc is minimum variance obtained from the segment maps in
thr training datasets, while Fd the maximum variance. During
inference, we assess whether the non-normal σ falls within
this cutline variance range to determine if it corresponds to a
cutline.

After the RFDC has classified all instances, it places
cutline and v-line results into a buffer and retrieves them
only when a normal instance is detected. Subsequently, the
proposed mechanism analyzes the buffer data to determine
whether they show a sequence of continuous segmentation
maps taken from the cutline images (full or partial view).
Specifically, the mechanism applies a rule that states that a
buffer image is normal if and only if it (1) is flanked by v-lines
at both sides and (2) has more v-lines than cutlines.

V. EXPERIMENTAL RESULTS
We used the six datasets described in Section III to evaluate
the performance of the proposed LBUnet relative to that
of four real-time and state-of-the-art fabric AOI methods:
RD-Unet [2], PWWU-Net [4], U-net [8],PSPNetKD [13],
FDS-Net [5], GLASS [40], URD [41], and GeneralAD [42].
The proposed mechanism was noted to be the only one that
could filter false alarms during knitting. The experiments
were conducted on a system with an Nvidia GeForce RTX
3090 graphics card. The training optimizer was Adam with a
learning rate of 0.001. The images were processed at a batch
size of 8. We conducted two experiments under different
illumination conditions: one under uniform illumination and
the other under uneven illumination.

A. DATASET
We add a few-shot segmentation dataset as experiment
dataset, FSSD-12 [43], to address the severely insufficient
pixel-wise labeled defect samples in existing works. there
are twelve classes in FSSD-12, including abrasion-mask,
iron-sheet ash, liquid, oxide-scale, oil-spot, water-spot, patch,
punching, red-iron sheet, roll-printing, scratch, and inclusion,
samples as shown in Fig. 9.

B. EXPERIMENTAL FOR UNIFORM ILLUMINATION
This experiment used three datasets: Dataset 1 for Texture 1,
Dataset 2 for Texture 2, and Dataset 3 for Texture 3. Because

FIGURE 9. Samples of defect images from FSSD-12 [43] (defect area
marked in red).

all images in the three datasets were captured under uniform
illumination, the AOI method could easily identify defects.

C. EXPERIMENTAL FOR UNEVEN ILLUMINATION
This experiment used Dataset 4 for Texture 1, Dataset 5 for
Texture 2, and Dataset 6 for Texture 3. For each dataset, the
illumination conditions of the testing group differed from
those of the training group. The reason for using varying
illumination conditions was that we intended to simulate
different illumination conditions during model training and
inference. This should be common in industrial production
environments.

D. EVALUATION METRICS
All methods were evaluated on the same datasets for a fair
comparison. The semantic segmentation performance was
evaluated using the mIoU as follows [43]:

mIoU =
1
k

k−1∑
i=0

TPi
TPi + FPi + FNi

(7)

where TPi is the number of true-positive pixels in class i,
FPi is the number of false-positive pixels, FNi is the number
of false-negative pixels, and k is the number of classes (i.e.,
normal and defective).We evaluated the speed of the methods
in terms of FPS, number of parameters, and accuracy.

E. COMPARISON RESULTS
1) EVALUATION OF DEFECT SEGMENTATION
PERFORMANCE
First, we compare the performance of various methods
on the proposed dataset. To ensure a fair comparison,
we adopt official or widely recognized implementations of
eachmethod and evaluate them under consistent experimental
settings—such as using the same training and testing splits
from our custom dataset, the same number of training epochs,
and identical hyperparameters. Furthermore, we assess
each method’s performance under different experimental
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TABLE 3. Fabric segmentation results obtained using different AOI deep
learning methods on training and testing datasets at the same
illumination level.

scenarios, including both uniform and uneven illumination
conditions.

Under uniform illumination conditions, in terms of the
average mIoU, LBUnet outperformed RD-Unet by 3.92%,
FDS-Net by 5.06%, U-net by 11.32%, PSPNetKD by
19.61%, and PWWU-Net by 11.25% (Table 3). PWWU-Net
and RD-Unet performed well in detecting cutlines (Fig. 8).
FDS-Net was generally capable of detecting defects but could
not accurately identify hole defects (‘‘Defect’’ row in Fig. 8).
PSPNetKD [13] employs knowledge distillation to address
the real-time processing challenges, resulting in improved
speed. However, this approach compromises the precision of
identifying and locating anomalies or defects.

Under uneven illumination conditions (Table 4), FDS-
Net [5] and RD-Unet [2] misclassified the edges and
low-contrast areas of the images as defects (Fig. 8, second
and fourth rows). PWWU-Net [4] and PSPNetKD [13]
tended to incorrectly identify all unevenly illuminated
images as normal. In contrast, the proposed model provided
accurate classifications with few false positives and precise
delineations of defective regions.

Next, we further evaluate the generalization capabil-
ity of the methods by conducting experiments on pub-
licly available open datasets, as shown in Table 5.
Although recent approaches employ various anomaly syn-
thesis techniques—such as GLASS [40], which combines

TABLE 4. Fabric segmentation results under uneven illumination.

feature- and image-level synthesis; GeneralAD [42], which
generates patch-wise pseudo anomalies using Vision Trans-
formers; and URD [41], which guides reconstruction via
synthesized anomaly regions—these methods still yield
unsatisfactory results on the FSSD-12 dataset [43], as indi-
cated by their lower mIoU scores in segmentation tasks.
In contrast, the proposed method achieves significantly
better performance, demonstrating strong generalization by
producing more accurate and compact segmentation results,
as evidenced by its higher mIoU scores on the FSSD-12
dataset [43].

F. ABLATION STUDY
1) IMPACT OF DIFFERENT MODULE COMBINATIONS
In Table 6, we analyze the impact of different module
combinations on performance under the protocol defined for
Dataset 1. First, comparing Unet + Naive prediction with
LBUnet + Naive prediction, we observe that LBUnet—an
enhanced version of Unet incorporating local binary (LB)
convolution—demonstrates superior robustness to lighting
variations, resulting in improved segmentation performance
under varying illumination conditions. Next, comparing
LBUnet + Naive prediction with LBUnet + Filter-based
detection, we find that the proposed filter-based detection
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TABLE 5. Performance comparison on the FSSD-12 dataset [43] using the mIoU metric.

TABLE 6. Ablation study on different module combinations on the protocol Dataset 1.

TABLE 7. Ablation study on different network architectures using the protocol Dataset 1.

method enables more accurate defect identification by
leveraging time-series information from consecutive segmen-
tation maps. This false-alarm filtering mechanism effectively
differentiates actual defects from intentional fabric patterns,
such as cutlines, thereby reducing false alarms.

2) IMPACT OF DIFFERENT NETWORK LAYERS
In Table 7, we examine how different network architecture
configurations affect performance and inference speed under
the protocol of Dataset 1. Here, EB and DB refer to the
encoder blocks and decoder blocks of the proposed LBUnet,
as illustrated in Fig. 5. Initially, when using only EB1
and DB1, the model achieves extremely high FPS but fails
to accurately detect normal samples, cutlines, and defects,
leading to poor overall performance. As additional encoder
and decoder blocks are included, we observe a consistent
improvement in detection performance, accompanied by a
gradual decrease in FPS. Given that 250 FPS is more than
sufficient for real-time industrial applications, we adopt the
configuration with EB1 + EB2 + EB3 + EB4 + DB3
+ DB2 + DB1 as the default model. Furthermore, this
speed-accuracy trade-off can be flexibly adjusted to meet the
specific requirements of different production environments.
In particular, to meet the minimum requirements of pro-
duction environments, the deployed fabric detection model
must achieve a speed of at least 30 FAS per second in real-
world scenarios, completing image acquisition, transmission,
analysis, and display within 30 milliseconds.

3) IMPACT OF DIFFERENT NUMBER OF TRAINING SAMPLES
In Table 8, we investigate the impact of using varying
numbers of normal and cutline samples on performance under
the protocol of Dataset 1. Initially, with only a few training
samples (e.g., 5 normal and 5 cutline samples), the proposed

TABLE 8. Ablation study on different normal and cutline samples under
the protocol Dataset 1.

method performs poorly in detecting normal, cutline, and
defect samples due to the extremely limited training data.
As the number of training samples increases, performance
improves gradually. Moreover, when the number of nor-
mal and cutline samples exceeds 15 each, we observe
that performance begins to plateau. Considering practical
application scenarios, where a balance between the amount of
training data and detection performance is essential, we adopt
15 normal samples and 15 cutline samples for training based
on the findings from this ablation study.

4) COMPUTATIONAL SPEED
LBUnet also exhibited the fastest computational speed
among the compared methods (Table 9). It had 247% fewer
parameters than the best of the other four methods, which is
PSPNetKD [13], and a 4.3-fold higher average FPS than did
the best of the other methods. Therefore, LBUnet provided
superior performance at significantly lower computational
costs than the compared methods.

5) SIMULATION OF REAL-TIME DEFECT DETECTION DURING
KNITTING
Fig. 10 shows time-series fabric data examples. The proposed
RFDC mechanism is the first method capable of defect
detection during knitting. Thus, it could not be evaluated
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FIGURE 10. Time-series fabric data examples for defect detection in the dataset. Columns t0 to t7 represent different time points. Rows
show images with cutlines, line defects, and hole defects. At some time points, such as t0, cutlines and line defects have the same
features, which could lead to false alarms during classification.

TABLE 9. Computational complexity (measured in terms of FPS and
number of parameters) of proposed LBUnet and the three compared
methods.

TABLE 10. Fabric segmentation under uneven illumination.

against the other three methods. Only the filtering efficiency
of the proposed mechanism can be evaluated. To simulate
the image capture process during knitting, we fed each
image from the testing group of a dataset into the RFDC
mechanism in chronological order. To evaluate the ability of
the proposed RFDC mechanism to prevent false alarms, two
sets of experiments were conducted using the six datasets: one
experiment involved applying filter-based defect detection,
and the other did not involve applying such detection.
The proposed filter-based postprocessing component sig-
nificantly enhanced the accuracy of distinguishing between
actual defects and cutlines (Table 10).

FIGURE 11. Examples of fabric defects (Defect area marked in red)
alongside their corresponding segmentation results (Defect area marked
in white), the first row shows simple defect samples and the second to
fourth rows present complex defects.

6) VISUALIZATION OF FABRIC DEFECT DETECTION
In Fig. 11, we compare the segmentation results on fabric
defect images using several recent methods. Starting with
the first row, which contains samples of simple defects,
we observe that other methods tend to incorrectly classify
normal regions as defective, while the proposed method
accurately and compactly highlights only the defective
regions. In the second to fourth rows, which display samples
of more complex defects, the proposed method consistently
demonstrates precise and reliable detection performance.
It accurately and compactly identifies defective regions,
maintaining the same high-quality segmentation results as
seen with the simple defects.

VI. CONCLUSION
We have introduced a mechanism for Real-time Fabric
defect detection on Circular knitting machine (RFDC).
The proposed mechanism is based on a deep learning
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segmentation model, LBUnet; it also features a false-alarm
filter that prevents cutlines from being mistakenly classified
as defects when captured partially or fully by a camera.
First, to enable real-time deployment for industrial fabric
detection, we propose a lightweight LBUnet with only 2.59M
parameters. Next, we replace standard convolution layers
with local binary convolution within LBUnet to enhance
the model’s robustness to illumination variations during the
inference stage. Hence, LBUnet not only achieves high-speed
response but also demonstrates strong robustness to illu-
mination variations. In addition, the proposed mechanism
handles time-series data and different types of fabric textures
well. The experimental results indicated that the proposed
mechanism exhibited strong performance when applied to
data for three types of fabric and six illumination conditions.
Therefore, the proposed mechanism is suitable for use in
complex industrial environments. The speed of the proposed
model mechanism was determined to be 250 FPS, which
far exceeds the industry minimum of 25 FPS for AOI; it
also exceeded those of competing AOI methods [2], [4],
[8], [13], [40], [41], [42] by at least 430%. The RFDC
mechanism achieved an average mIoU of 86.25% under
uniform illumination and 81.70% under uneven illumination,
outperforming models such as PSPNetKD, PWWU-Net, U-
Net, FDS-Net, GLASS, URD, GeneralAD, and RD-Unet
(whose mIoU ranged from 65.49% to 82.66%). Moreover,
the RFDC demonstrated superior robustness to variations
in lighting conditions and successfully filtered out all false
alarms. Future research can explore applying the RFDC
to other domains or further enhancing its architecture for
improved performance.
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