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A B S T R A C T

In the textile manufacturing industry, fabric defect detection is essential for ensuring product quality. Traditional 
approaches based on Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) often encounter 
scalability issues, particularly due to the high computational complexity of the self-attention mechanism in ViTs. 
To address these limitations, this study introduces FabricMamba, a real-time defect detection framework built on 
the You Only Look Once version 8 (YOLOv8) CNN architecture. The model enhances detection precision and 
efficiency for complex fabric defects in high-resolution images while minimizing computational cost. YOLOv8 
was selected as the base model due to its strong balance between accuracy and inference speed, which is critical 
in fast-paced textile production settings. FabricMamba extends YOLOv8 with several innovations: the Parallel 
Large Separable Kernel Attention (P-LSKA) mechanism for multi-scale perception, the Visual State Space Module 
(MVSS) for long-range dependency modeling, the lightweight DySample module for reduced resource usage, and 
Programmable Gradient Information (PGI) to optimize training without increasing inference complexity.

Extensive evaluations were conducted using a proprietary industrial fabric defect dataset and two public 
benchmarks, TILDA Textile Texture Database and FDDS Object Detection Dataset. FabricMamba achieved a mean 
Average Precision (mAP) of 90.0 %, 97.7 %, and 39.1 % on the respective datasets, outperforming the YOLOv8 
baseline by 1.8 %, 2.3 %, and 2.0 %. Compared to Mamba-YOLO, FabricMamba reduced model size and 
computational requirements by 36.7 % and 33.1 %, respectively, with recall improving by 2.9 %, 1.4 %, and 4.0 
%. These results confirm the model effectiveness and practical potential for industrial fabric inspection tasks.

1. Introduction

The textile industry constitutes a fundamental component of the 
global economy, encompassing a comprehensive sequence of processes 
from raw material preparation to the manufacturing of finished prod
ucts. During the fabric production process, a range of surface defects, 
including holes, oil stains, and misweaves, may arise due to factors such 
as equipment degradation, operational inaccuracies, and environmental 
conditions. Therefore, accurate detection of fabric surface defects is 
essential for textile enterprises aiming to improve product quality and 
maintain competitiveness in the market (Guo et al., 2024).

Conventional methods for detecting cloth defects primarily rely on 
manual visual inspection, which is heavily dependent on the inspector 

experience and subjectivity (Rasheed et al., 2020). Such methods are 
often associated with inconsistent results and reduced detection accu
racy, particularly when inspectors experience fatigue or distraction. 
Recent advances in computer vision technologies have driven the 
development of automated and intelligent systems for fabric defect 
detection (Bai and Jing, 2024; Zhao et al., 2025). Among these, deep 
learning-based object detection techniques have emerged as powerful 
tools, owing to their ability to extract high-level features and accurately 
recognize defects. Recent research in this domain has concentrated on 
enhancing the performance of Convolutional Neural Networks (CNNs) 
and Vision Transformers (ViTs). For instance, (Bai and Jing, 2024), 
developed Mobile-Deeplab, a lightweight CNN-based model capable of 
real-time, end-to-end defect segmentation. Zhang et al. (2023)
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introduced a U-shaped Swin Transformer network utilizing a Quadtree 
attention mechanism for unsupervised detection of defects in yarn-dyed 
fabrics (Zhang et al., 2023). Additionally, Yang et al. (2024) proposed a 
hybrid architecture that combines the local feature extraction strengths 
of CNNs with the global contextual modeling capabilities of visual 
transformers (R. Yang et al., 2024). These developments address specific 
limitations inherent in each architecture: CNNs frequently struggle to 
capture long-range dependencies and subtle defect characteristics, while 
ViTs, although effective in modeling complex patterns, are constrained 
by high computational demands due to their quadratic complexity in 
relation to input size (Sampath et al., 2022).

Within this research context, the Mamba architecture, developed 
within the framework of State Space Models (SSMs), has received 
considerable attention for its capacity to manage long-range interactions 
with linear computational complexity (An et al., 2024). Mamba extends 
beyond the spatial limitations of CNNs by leveraging global receptive 
fields and dynamic weighting, while avoiding the computational over
head commonly associated with Transformer models. Its application in 
fabric defect detection offers the dual advantage of improved detection 
accuracy and increased processing efficiency, thereby facilitating rapid 
and reliable classification of complex defect types in real-world 
manufacturing environments. This study contributes to the advance
ment of fabric defect detection through the development of a novel 
framework, referred to as FabricMamba. This model integrates large 
kernel attention mechanisms with a visual state space architecture to 
achieve high-precision, real-time defect detection without increasing 
computational burden. A key component of the proposed framework is 
the Parallel Large Separable Kernel Attention module, which enhances 
the model ability to perceive variations in object scale and shape across 
diverse textile surfaces. Furthermore, the Multi-dimensional Visual State 
Space (MVSS) module enables the capture of long-range dependencies 
and global contextual information, thereby increasing the robustness of 
defect detection in complex background conditions.

The remainder of this manuscript is organized as follows. Section 2
provides a comprehensive review of recent developments in fabric 
defect detection using computer vision, with a focus on large-kernel 
attention mechanisms and state space modeling in visual applications. 
Section 3 presents the proposed automated fabric defect detection 
pipeline, including the detailed design of the FabricMamba model. 
Subsections 3.3 and 3.4 provide an in-depth analysis of the P-LSKA and 
MVSS modules, respectively. Section 4 evaluates the performance of the 
proposed model on an industrial dataset as well as two publicly available 
datasets, TILDA and FDDS, and compares the results with state-of-the- 
art approaches. Finally, Section 5 concludes the study with a discus
sion of the model performance, limitations, and implications for indus
trial deployment.

2. Literature review

With the rapid development of computer vision technology, the use 
of visual techniques for defect detection in fabric manufacturing has 
become a research hotspot (Ngan et al., 2011). Traditional methods, 
relying on predefined algorithms and features, may struggle to capture 
very subtle or complex patterns in images. In contrast, deep learning 
models, by constructing complex network structures, are capable of 
recognizing and processing more subtle and complex image features 
(Arshad and Shahzad, 2024; Jing et al., 2019). In recent years, an 
increasing number of researchers have adopted deep learning-based 
approaches for fabric defect detection. Among these, architectures 
based on the YOLO family have demonstrated promising results. How
ever, alternative methods have also been explored, including the use of 
Faster R-CNN with attention mechanisms for high-precision detection, 
U-Net variants for pixel-level segmentation, and transformer-based ar
chitectures to enhance feature representation. Each of these approaches 
presents unique advantages and limitations in terms of detection accu
racy, computational efficiency, and generalization capability. For 

instance (Yue et al., 2022), developed a fabric defect detection method 
based on YOLOv4, aiming to improve the detection of small-scale de
fects. The method utilized the k-means algorithm (Ikotun et al., 2023) to 
cluster ground truth bounding boxes and optimize anchor box selection. 
A convolutional block attention module was integrated into the back
bone feature extractor, and the Complete Intersection over Union 
(CIOU) loss function was replaced with a Center-enhanced Intersection 
over Union (CEIOU) loss function (Zheng et al., 2022) improving both 
classification and localization performance.

Recent developments in YOLO-based architectures have significantly 
advanced the detection of small and irregular targets. Li et al. (2022)
proposed an improved YOLOv4 algorithm that replaces the Mosaic 
augmentation with a small-target enhancement strategy and optimizes 
anchor box sizing, achieving a detection accuracy of 93.2 % for small 
objects (Q. Li et al., 2022). Tian et al. (2024) addressed class imbalance 
and weak feature extraction in YOLOv5 by integrating a coordinate 
attention mechanism into the backbone, resulting in improvements of 2 
% in mean Average Precision (mAP) at an Intersection over Union (IoU) 
threshold of 0.50 (mAP50) and 3 % in mAP50–95 (Tian et al., 2024).

Peng et al. (2023) further enhanced YOLOv7 for the detection of 
small and irregularly shaped objects by incorporating a channel and 
spatial attention module, which increased mAP precision by 2.06 % 
compared to the baseline model (Peng et al., 2023). Mobile-YOLO, a 
lightweight three-stage model combining MobileNetV3-small with 
YOLOv8, enhances fiberglass fabric defect detection. Efficient Channel 
Attention replaces the SE module to reduce complexity, while Global 
and Similarity Attention Modules improve context modeling and feature 
fusion. The model achieves 99.4 % accuracy at 186 FPS, enabling 
real-time industrial use (Li and Kang, 2024).

Over the past decade, researchers have experimented with different 
kernel sizes in CNNs to improve their performance in image recognition 
tasks, but found that increasing the kernel size could lead to decreased 
performance (Chansong and Supratid, 2021; Tomen and van Gemert, 
2021). In efforts to reduce the performance disparity between CNNs and 
hierarchical architectures such as Transformers, ConvNeXt (Todi et al., 
2023) incorporated elements from Transformer designs into the ResNet 
framework. This approach demonstrated that moderate increases in 
kernel size, particularly up to 7 × 7, could improve performance, 
although further increases yielded limited additional gains. ReplkNet 
(Ding et al., 2022) extended this direction by employing significantly 
larger kernels, such as 31 × 31, within the MobileNetV2 framework. 
This adjustment expanded the effective receptive field and resulted in 
performance improvements in image classification and object detection 
tasks. Nonetheless, the elevated computational burden associated with 
such large kernels presents challenges for deployment in 
resource-sensitive applications, including image segmentation tasks. 
The Visual Attention Network (VAN) proposed by (Guo et al., 2023) 
combined CNN feature extraction with self-attention mechanisms, 
introducing a Large Kernel Attention (LKA) module. This module 
enhanced both local feature representation and the modeling of 
long-range dependencies. It achieved a larger receptive field through the 
use of dilated convolutions and included channel-wise adaptability. 
Despite its advantages, LKA parameter count increases quadratically 
with kernel size, leading to greater computational demands.

To mitigate this issue (Lau et al., 2024), introduced a Large Separable 
Kernel Attention (LSKA) mechanism. This strategy incorporated sepa
rable convolutional kernels, including depthwise and dilated depthwise 
convolutions (Wang et al., 2020), along with an attention mechanism. 
The LSKA design significantly reduced computational complexity while 
preserving the performance benefits of large receptive fields.

State Space Models (SSMs) offer a principled approach for modeling 
temporal dependencies and have recently gained attention in deep 
learning for their ability to capture long-range patterns in sequential 
data. Structured parameterizations have been shown to improve 
training efficiency and scalability, with successful applications in tasks 
such as speech synthesis, indicating strong potential for broader use in 
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sequence modeling (Kitamura and Itou, 2023). Rooted in continuous 
control theory and incorporating methods such as HiPPO initialization 
(Gu et al., 2020), SSMs offer a principled alternative to traditional 
sequence modeling techniques. The Linear State-Space Layer (LSSL) 
model highlighted the potential of SSMs for addressing long-range de
pendencies, though it was limited by high computational and memory 
demands. To mitigate these challenges, the Structured State Space for 
Sequence Modeling (S4) model was introduced, employing diagonal 
parameter structures and normalization to improve efficiency (Gu et al., 
2021). Visual adaptations of State Space Models (SSMs) have been 
proposed to address the limitations of conventional convolutional and 
attention-based architectures in capturing long-range dependencies 
with computational efficiency. These models extend SSM principles to 
two-dimensional data, enabling global receptive fields with linear 
complexity. One example is the integration of Mamba into convolutional 
architectures for medical image segmentation. VMC-UNet, for instance, 
combines Mamba with CNNs to enhance feature representation, 
demonstrating improved accuracy in breast tumor segmentation tasks 
through effective fusion of local and global features (Wang et al., 2024).

In the context of fabric defect detection, visual recognition methods 
are typically based on CNNs and Vision Transformers (ViTs). Although 
ViTs offer improved global context modeling compared to CNNs, their 
practical scalability is constrained by the quadratic growth in compu
tational complexity introduced by the self-attention mechanism as input 
size increases (R. Yang et al., 2024). To address this limitation, the 
present study adopts the high-performance and extensively validated 
YOLOv8 model as the foundational architecture. By leveraging the ef
ficiency of the YOLO series in combination with the Mamba model, 
which offers effective long-range dependency modeling under linear 
computational complexity, and by incorporating large kernel attention 
through a streamlined architectural design, a novel real-time fabric 
surface defect detection model is introduced. Termed FabricMamba, this 
architecture achieves reduced computational overhead while preserving 
high detection accuracy. It enables accelerated inference and improves 
adaptability in complex textile environments, offering a practical and 
computationally efficient solution for industrial-scale fabric inspection 
tasks.

Recent work in real-time intelligent systems has demonstrated the 
utility of neural network-based methods for adaptive control and 
decision-making. Recurrent neural networks have improved trajectory 
tracking and robustness in quadrotor UAVs through model reference 
adaptive control and fuzzy PID architectures (Madebo et al., 2024; 
Wanore Madebo et al., 2024). Similarly, path planning approaches 
combining bidirectional rapidly-exploring random trees with adaptive 
Monte Carlo localization have enhanced navigation in uncertain envi
ronments (Ayalew et al., 2024). While these studies lie outside the fabric 
inspection domain, they share key priorities in real-time, adaptive, and 
resource-efficient computation systems. These priorities closely align 
with the computational requirements of high-performance fabric defect 
detection.

Existing visual inspection models such as VAN (Guo et al., 2023) and 
ConvNet (Liu et al., 2022) have attempted to address the performance 
disparity between CNNs and Transformer-based architectures. However, 
these approaches continue to encounter limitations in computational 
efficiency and feature expressiveness. FabricMamba addresses these 
concerns by achieving linear computational complexity, thereby over
coming the quadratic scaling challenges of ViTs. In contrast to the Large 
Kernel Attention (LKA) module employed in VAN, which scales 
quadratically with kernel size and consequently increases the number of 
parameters, FabricMamba employs a Parallel LSKA module. This design 
utilizes separable kernels to reduce computational resource re
quirements while maintaining feature extraction capabilities. Further
more, while previous State Space Model (SSM)-based approaches, such 
as Mamba-UNet (X. Yang et al., 2024), utilize unidirectional modeling 
strategies, FabricMamba incorporates a Multi-directional Visual State 
Space Module. This module is capable of capturing defect features from 

multiple orientations, thereby enhancing the representation of complex 
fabric textures and improving defect localization. The integration of 
multi-directional modeling, separable attention mechanisms, and effi
cient architectural design collectively contributes to the robust perfor
mance and industrial applicability of the proposed model.

3. Research contributions

In light of the limitations of current methodologies and the ongoing 
need to improve both the accuracy and speed of real-time fabric defect 
detection in industrial applications, this study proposes a YOLO-Mamba 
model that combines the strengths of Convolutional Neural Networks 
(CNNs) and the Mamba State Space architecture. The primary contri
butions of this research are as follows: 

1) Development of the FabricMamba Model: To address the challenges 
posed by diverse defect types, varying object scales, and complex 
textile backgrounds, this work introduces the FabricMamba model. 
By integrating large kernel attention mechanisms with the Mamba 
State Space framework and the YOLO detection backbone, this 
approach achieves real-time defect detection without increasing 
computational resource consumption. This integration represents the 
first application of large kernel attention within a visual state space 
model in the context of fabric defect detection, marking a significant 
advancement in the field.

2) Proposal of a Parallel LSKA Mechanism: To improve detection per
formance across varying defect scales and morphologies, a Parallel 
LSKA mechanism is proposed. This module enhances the Spatial 
Pyramid Pooling-Fast (SPPF) component by incorporating large 
separable convolutional kernels within a parallel architecture. The 
design enables the extraction of multi-scale spatial features, en
hances information flow, and supports adaptive learning processes, 
thereby increasing the model sensitivity to irregular and fine-grained 
defects.

3) Introduction of the MVSS Module: In response to the difficulty of 
detecting defects against complex and noisy fabric backgrounds, the 
MVSS module is introduced. This component leverages a global 
receptive field and long-range dependency modeling capabilities 
inherent in state space models, and is further augmented with multi- 
layer perceptrons (MLPs) to process high-dimensional feature rep
resentations. The module facilitates more robust feature extraction, 
enhancing the network ability to generalize across diverse textile 
patterns and improving performance on datasets with complex visual 
characteristics.

4. Methodology

4.1. Automatic defect detection system for garments

The garment manufacturing and defect detection process encom
passes several key stages, from raw materials to the final product. After 
receiving a customer order, the factory first prepares the raw materials 
and conducts quality inspections to ensure that the fabric and acces
sories meet the required standards. The fabric is then produced through 
cutting and sewing processes. In the finished product stage, an auto
mated fabric surface defect detection algorithm is used for a compre
hensive visual inspection, with a focus on issues such as holes and oil 
stains, ensuring that the garment meets the quality standards for ship
ment. In this research, the proposed FabricMamba algorithm is applied 
during the fabric appearance inspection stage to achieve precise real- 
time defect detection. A complete flowchart of the automated garment 
production system is shown in Fig. 1.

4.2. Overall architecture of FabricMamba

The overall architecture of FabricMamba is illustrated in Fig. 2
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primarily consisting of three core components: the FabricMamba Back
bone, Feature Pyramid Networks (FPN), and the Head. The Fab
ricMamba Backbone is mainly used for extracting preliminary features 
from the input image, converting the input into feature maps of three 
different scales that contain multi-level feature information. The 
YOLOv8 network utilizes the SPPF module at the end of the Backbone to 
further pool feature maps of different scales, thus accommodating tar
gets of varying sizes. Based on LSKA, the FabricMamba model proposes a 
parallel LSKA architecture to further enhance the SPPF. LSKA captures 
extensive contextual information of the image through cascaded 
depthwise convolution and dilated depthwise convolution, subsequently 
generating attention maps. These attention maps are used to weight the 

original features, significantly enhancing the network focus on key 
features and boosting the overall performance of the model. Through the 
parallel architecture, each LSKA independently processes the multi-level 
outputs from the SPPF, capturing a broader range of contextual infor
mation, allowing each LSKA module to focus on extracting specific 
features, and then merging these features to improve the model feature 
representation capability.

In the FPN section, the FabricMamba model adopts the concept of 
PA-FPN (Jianqiang Zhang et al., 2024), achieving effective fusion be
tween feature maps through a clever combination of upsampling and 
downsampling operations. Specifically, the FabricMamba model first 
utilizes upsampling techniques to enlarge the lower-level feature maps 

Fig. 1. Flow diagram of automatic defect detection system for garments.

Fig. 2. Overall architecture of FabricMamba. Left: backbone for hierarchical feature extraction; middle: FPN for multi-scale feature fusion; right: detection head for 
defect classification and localization: top: detailed structure of the C2F and CBS modules.
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to match the dimensions of the higher-level feature maps, thereby 
facilitating interaction between features of different scales. Concur
rently, the FabricMamba model also employs downsampling methods to 
enrich the dimensionality and depth of feature fusion. The combination 
of these two branches not only enhances the expressiveness of the fea
tures but also improves the model ability to capture multi-scale infor
mation, thus maintaining detail while also capturing a broader range of 
contextual information. Additionally, the FabricMamba model in
troduces the MVSS module to replace C2f for capturing richer gradient 
information flow and employs a lightweight dynamic upsampler, DyS
ample (Junyi Zhang et al., 2024), for upsampling, further reducing 
computational resource consumption. Through the collaborative oper
ation of the FabricMamba Backbone and FPN, the network generates 
feature maps at three different scales, which are each fed into corre
sponding detection heads to perform classification and bounding box 
regression tasks, thereby effectively identifying defects in the images.

During the model training process, this research introduces the PGI 
module (Wang et al., 2024) to assist in training, thereby further 
enhancing training efficiency. During the inference stage, this module is 
removed to reduce computational overhead.

4.3. Parallel large kernel attention integration

In this research, to effectively address the multi-scale feature chal
lenges in fabric defect detection, the proposed Parallel LSKA mechanism 
effectively combines the advantages of LSKA, aiming to significantly 
enhance the SPPF module perception of defects of various scales and 
shapes.

The Parallel Large Separable Kernel Attention (P-LSKA) module, as 
shown in Fig. 3, integrates the efficient attention mechanism of LSKA, 
applying the Parallel LSKA mechanism proposed in this study to SPPF. In 
this module, the input data first goes through a 1x1 convolution layer for 
preliminary feature extraction, keeping the channel count unchanged, 
and then these features are evenly split into two sub-inputs. Subse
quently, the two branches of the P-LSKA module work in parallel, each 
combining the sub-input with the corresponding output from multi-level 
max pooling layers. This process ensures that each LSKA can indepen
dently focus on deep and shallow key features. Ultimately, by inte
grating the unique perspectives of deep and shallow features, the P-LSKA 
module not only enhances the expressiveness of the features but also 
strengthens the model ability to capture multi-scale information, 

thereby addressing the detection difficulties caused by the diverse sizes 
of fabric defects and significantly improving the overall robustness of 
the model.

The P-LSKA module receives an input feature map X ∈ RCin×H×W and 
outputs an enhanced feature map Y ∈ RCout×H×W through a series of 
processing steps. First, a 1x1 convolution reduces the number of chan
nels, followed by multiple max pooling operations to generate multi- 
scale feature maps. These feature maps are then concatenated to form 
two distinct inputs, each processed by the LSKA.

In each LSKA, convolution operations use (1, 3) and (3, 1) kernels to 
extract features in horizontal and vertical directions, capturing edges 
and textures from different orientations. Subsequently, (1, 5) and (5, 1) 
kernels perform broader convolutions, with dilated convolutions 
expanding the receptive field and enhancing feature extraction capa
bilities. This multi-scale feature extraction method, combined with 
directional convolutions, effectively captures features of various scales 
and directions, enriching and improving feature extraction accuracy.

Finally, the outputs from the two LSKA processes are concatenated 
and passed through a 1x1 convolution to obtain the final output. This 
process effectively enhances the feature map expressive power, making 
it more suitable for subsequent tasks. Table 1 shows the pseudocode of 
the module.

4.4. Visual State Space Module

State space models can be viewed as linear time-invariant systems, 
where the core concept is to effectively map input stimuli x(t) ∈ RL to 
output responses y(t) ∈ RL through implicit latent states h(t) ∈ CN. The 
mapping relationship can be represented by a set of linear ordinary 
differential equations as illustrated in Eqs. (1) and (2) (Gu and Dao, 
2024): 

hʹ(t) = Ah(t) + Bx(t) (1) 

y(t) = Ch(t) + Dx(t) (2) 

where A ∈ CN×N, B,C ∈ CN , and D ∈ C1 are the weighting parameter.
In the design of deep learning frameworks, models based on discrete 

time are commonly used to meet computational demands. This requires 
the transformation of continuous equations, which describe and analyze 
system dynamics, into discrete models. Specifically, it involves dis
cretizing the system continuous-time ordinary differential equations 

Fig. 3. Overview of the P-LSKA module. The left shows the full module structure; the right details the internal LSKA block.
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into an equivalent discrete-time representation. This transformation is 
typically achieved by applying a zero-order hold strategy to the input 
signal, thereby constructing a discrete-time state space model (SSM), as 
illustrated in Eqs. (3)–(8) (Liu et al., 2024). Here, the influence of the 
current control quantity on the output is considered negligible. 

hk = Ahk− 1 + Bxk (3) 

yk = Chk + Dxk (4) 

A = eAΔt (5) 

B =
(
eAΔt − I

)
A− 1B (6) 

C = C (7) 

D = D (8) 

Where, A ∈ CN×N, B, C ∈ CN, and D ∈ C1 are the weighting parameter. 
Δt is the time step in the discretization process. A is a discretized state 
transition matrix calculated from the matrix exponent. B is the dis
cretized input matrix considering zero-order holding. I is the identity 
matrix, which is used to subtract the identity matrix from the matrix 
exponent when calculating the discretized input matrix to calculate the 
delta of state transitions, with dimensions consistent with the system 
state matrix A. C is the output matrix and D is the direct transfer matrix, 
both of which usually remain constant during discretization.

The Mamba architecture incorporates a selective scanning mecha
nism, implemented in visual tasks through the two-dimensional Selec
tive Scanning (SS2D) module (Shen et al., 2025).

This module enables deep integration with the Mamba framework 
via a multi-directional sequence reconstruction strategy. The input 
image is processed along four distinct directional paths, unfolding image 

blocks into sequences that preserve spatial continuity specific to each 
scanning orientation. These sequences are subsequently processed in 
parallel using enhanced S6 units, each of which adopts Mamba dynamic 
parameter generation mechanism. In this context, state-space parame
ters Δt, A, B, and C are derived adaptively during inference. Following 
parallel processing, the sequences are merged to reconstruct the output 
image. Unlike the original Mamba model, which employs a unidirec
tional parameter system, SS2D constructs independent parameter gen
eration channels for each directional path. This design allows for the 
adaptive weighting of parameters based on directional characteristics, 
enabling each pixel to incorporate contextual information from all 
orientations.

To address the challenges posed by complex backgrounds in fabric 
defect detection, this study introduces the Visual State Space Module 
(MVSS). MVSS combines the long-range dependency modeling strengths 
of the Mamba framework with the efficient feature extraction capabil
ities of MLP. This integration enhances the network ability to capture 
critical visual features within high-dimensional data. The module en
ables dynamic attention to key regions in visually intricate textile pat
terns while maintaining low computational complexity, thereby 
supporting real-time applicability in industrial defect detection tasks.

The Visual State Space Module (MVSS), illustrated in Fig. 4, adopts a 
cascaded architecture specifically designed to address complex scenes 
and diverse defect types in fabric inspection tasks. The module receives 
input feature maps, which are initially processed through a 1 × 1 con
volutional layer to extract preliminary representations. These feature 
maps are then evenly divided along the channel dimension. One portion 
is routed through a residual connection, while the other is forwarded to 
the MVSS Block for further processing. Within the MVSS Block, the input 
features are first standardized using a normalization layer to enhance 
data stability and consistency. The normalized features are then pro
jected into a higher-dimensional space through a linear transformation 
and processed by the SS2D module, which performs selective scanning 
in four spatial directions using state space modeling techniques. These 
complementary directional traversals expand the global receptive field 
and enable the extraction of critical spatial features from multiple per
spectives. A subsequent linear layer adjusts the output channel dimen
sion to match that of the original input. An attention map is then 
generated and regularized via the DropPath method (Yang et al., 2022) 
which mitigates overfitting while preserving essential information. The 
resulting features are combined with the residual branch to complete the 
block.

To enhance feature representation, each MVSS block includes a 
multi-layer perceptron (MLP) module composed of layer normalization, 
linear projections, non-linear activation functions, and DropPath regu
larization. This design facilitates deep feature refinement by capturing 
complex interactions and latent structures across dimensions. A residual 
connection is applied after MLP processing to preserve gradient flow and 
promote model stability (Xie, 2024).

The outputs from multiple MVSS blocks are concatenated and 
aggregated using a learnable weighting mechanism, enabling compre
hensive high-dimensional feature fusion. This approach leverages the 
representational power of MLPs to enhance feature extraction and apply 
dynamic spatial attention. As a result, the model demonstrates increased 
sensitivity to informative regions within the input. Additionally, the 
architecture supports efficient modeling of long-range dependencies 
with linear computational complexity, offering a balanced trade-off 
between accuracy and computational cost. The pseudocode for the 
MVSS module is presented in Table 2.

4.5. Programmable Gradient Information (PGI)

During the training process of deep neural networks, gradient in
formation is crucial for guiding the update of network parameters. 
However, as the network depth increases, information loss inevitably 
occurs during the forward propagation of input data, making it difficult 

Table 1 
Pseudocode of the P-LSKA module.

Algorithm: P-LSKA Module

Input: X ∈ RCin×H×W ​
Output: Y ∈ RCout×H×W ​
1: c ← Cin /2 ▹ Step 1: Compute hidden channels
2: xprocessed ← Conv2D(X, c, 1 × 1) ▹ Step 2: 1x1 convolution to reduce 

channels
3: y1 ← MaxPool2D(xprocessed, 5 × 5) ▹ Step 3: First max pooling
4: y2 ← MaxPool2D(y1, 5 × 5) ▹ Step 4: Second max pooling
5: input1 ← Concat (xprocessed, y1, y2, 

MaxPool2D(y2))
▹ Step 5: Prepare first LSKA input

6: out1 ← LSKA(input1, c × 4) ▹ Step 6: First LSKA processing
7: input2 ← Concat((xprocessed, y1, y2, 

MaxPool2D(xprocessed))
▹ Step 7: Prepare second LSKA input

8: out2 ← LSKA(input2, c × 4) ▹ Step 8: Second LSKA processing
9: out ← Concat (out1, out2) ▹ Step 9: Concatenate the two LSKA outputs
10: Y ← Conv2D(out, Cout, 1 × 1) ▹ Step 10: 1x1 convolution to get final 

output
11: Return Y ▹ Step 11: Output the fused feature map
– ​
Function: LSKA ​
Input: X ∈ Rdim×H×W ​
Output: Attention-enhanced feature 

map
​

1: u ← X ▹ Clone input feature map
2: attn ← DW-Conv2D(X, 1 × 3) ▹ Apply horizontal convolution
3: attn ← DW-Conv2D(attn, 3 × 1) ▹ Apply vertical convolution
4: attn ← DW-D-Conv2D(attn, 1 × 5, 

dilation = 2)
▹ Apply dilated horizontal convolution

5: attn ← DW-D-Conv2D(attn, 5 × 1, 
dilation = 2)

▹ Apply dilated vertical convolution

6: attn ← Conv2D(attn, dim, 1 × 1) ▹ Generate the attention map using a 1 × 1 
convolution

7: Return u × attn ▹ Multiply the original feature map with the 
attention map element-wise
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for deep features to retain key information from shallow features. This 
phenomenon is known as the information bottleneck problem (Tishby 
and Zaslavsky, 2015). To overcome this challenge, the FabricMamba 
model introduces the PGI module to assist training, as shown in Fig. 5. 
The core idea of this module is to add an auxiliary reversible branch and 
introduce auxiliary supervisory signals at different levels, thereby 

providing additional gradient information to the main network, effec
tively correcting and enhancing the original gradient flow. It is worth 
mentioning that the PGI module can be removed during the inference 
stage, thus it does not add any extra computational burden.

5. Experimental results and analysis

To validate the effectiveness of the proposed defect detection system, 
a case study is reported in which various textured fabric images with 
common industrial defects were selected for analysis. Due to their visual 
irregularities, these fabrics pose challenges to traditional defect detec
tion techniques and are often difficult to accurately identify. Therefore, 
more advanced detection methods are applied to these complex textured 
fabrics to ensure the accurate identification and localization of various 
defects, thereby improving the efficiency and accuracy of quality control 
in the fabric manufacturing process.

5.1. Datasets and implementation details

In this research, a series of experimental tests was conducted on three 
datasets, including a clothing fabric defect dataset collected from a real 
factory setting, here referred to as ESQUEL dataset, as well as two 
publicly available datasets: TILDA (Andersen, 2021) and FDDS (Fabric, 
2024). The ESQUEL dataset, collected from an industrial partner, pro
vides a realistic representation of fabric defects encountered in actual 
manufacturing settings. Its inclusion ensures the proposed method 
practical applicability. The TILDA dataset, released by Irvin Andersen on 
the Roboflow platform, provides a diverse and annotated collection of 
fabric defect images, supporting comprehensive evaluation of defect 
detection models. The FDDS dataset from the Roboflow computer vision 
project complements these by simulating complex real-world fabric in
spection scenarios. By testing on these datasets with varying charac
teristics, the study validates the proposed FabricMamba model 
robustness and generalization capabilities across different fabric types 
and defect patterns.

Data collection and annotation were conducted under different 
lighting conditions and for various styles of clothing. To preserve more 
details, this study uses a high-resolution MV-CS200-10UM industrial 
camera, adjusting the image resolution to 2560 × 2560 during model 

Fig. 4. Architecture of the MVSS module. The left panel shows the full MVSS structure; the middle illustrates the MVSS Block; the right details the SS2D and 
MLP components.

Table 2 
Pseudocode of the MVSS module.

Algorithm: MVSS Module

Input: X ∈ RCin×H×W ​
Output: Y ∈ RCout×H×W ​
1: Initialize hidden channels: c ← int(cout 

* 0.5)
▹ Step 1: Apply 1 × 1 convolution to 
double hidden channels

2: cv1 ← Conv(X, 2 * c, 1 × 1)
3: Split cv1 output into two parts: y1, y2 ← 

cv1.chunk(2, 1)
​

4: Initialize y ← [y1, y2] ​
5: for each MVSS Block layer m in 

ModuleList:
▹ Step 2: Apply MVSS Block 
transformation

ynew ← m(y[-1])
Append ynew to y

6: Concatenate all feature maps in y along 
channel dimension

​

7: Y ← Conv(Concatenated_y, cout, 1 × 1) ▹ Step 3: Fuse features using 1 × 1 
convolution

8: Return Y ▹ Step 4: Output the final feature map
– ​
Function: MVSS Block ​
Input: X ∈ Rhiddendim×H×W ​
Output: Enhanced feature map ​
1: Permute input X to (0, 2, 3, 1) format ▹ Prepare input for processing
2: Xnorm ← norm_layer(X) ▹ Apply normalization
3: Xssm ← op(Xnorm) ▹ Apply SS2D operation
4: X ← X + drop_path(Xssm) ▹ Add residual connection with 

DropPath
5: Xnorm2 ← norm_layer(X) ▹ Apply second normalization
6: Xmlp ← mlp(Xnorm2) ▹ Apply MLP transformation
7: X ← X + drop_path(Xmlp) ▹ Add residual connection with 

DropPath
8: Permute X back to original dimensions 

(0, 3, 1, 2)
▹ Restore original shape

9: Return X ▹ Output enhanced feature map
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training. Additionally, to better integrate with existing production lines, 
the YGV-2, commonly used in the garment defect inspection process in 
textile factories, is employed for backlighting, and image data is 
collected in the factory environment. Image augmentation techniques 
were applied to the ESQUEL dataset. such as rotation, flipping, and 
adding random noise, expanding the dataset to 1397 images, which 
includes 1116 training images and 281 validation images. This dataset 
contains three types of fabric defects: Hole, Float Thread, and Oil Stain. 
These three defects represent common types found in factories, with 
holes being the most frequent and unacceptable in textile factories, thus 
having the highest proportion. Table 3 shows the specific distribution of 
these defects in the ESQUEL dataset.

To further validate the robustness of the proposed system, additional 
experimental tests were carried out on two publicly available datasets. 
The TILDA dataset is a textile texture database sourced from the German 
Research Foundation. The dataset was augmented to 1286 images by 
flipping and scaling the fabric images, which includes 1028 training 
images and 258 test images. This dataset contains four types of fabric 
defects: Hole, Objects, Oil Spot, and Thread Error. The FDDS dataset is 
sourced from the Roboflow computer vision project and includes 1236 
training images and 285 validation images, without any data augmen
tation techniques, accurately simulating the complex scenarios 
encountered in real-world fabric defect detection tasks. This dataset 
includes four types of fabric defects: Cut, Hole, Stain, and Thread Error.

The experimental tests were carried out on a specific hardware 
server, using the Pytorch deep learning framework for algorithm 
development and model training. The hardware specifications include a 
14th generation Core i7-14700KF processor, 32 GB of memory, and an 
RTX4090D 24 GB graphics card, ensuring an efficient computing envi
ronment. In terms of training settings, all models uniformly used the 
SGD optimization algorithm with a batch size of 64, enabled mixed 
precision training, and used the LambdaLR learning rate scheduler with 

an initial learning rate of 0.01 and a weight decay of 0.0005. Mosaic 
data augmentation was employed during the training process and was 
turned off in the last ten rounds.

5.2. Evaluation metrics

The performance of the fabric defect detection system is evaluated 
using the key object detection metrics described in Eqs. 9–14 (Padilla 
et al., 2020): 

Precision =
TP

TP + FP
(9) 

Recall =
TP

TP + FN
(10) 

AR =
1
N

∑N

i=1
Recalli (11) 

AP =

∫ 1

0
Precision(r)dr (12) 

mAP =
1
N

∑N

i=1
APi (13) 

F1 = 2 ×
Precision × Recall
Precision + Recall

(14) 

Where TP (True Positives) represents the number of correct predictions 
of defects, and FP (False Positives) represents the number of incorrect 
predictions of defects as present when they are not. Precisioni represents 
the precision for the i-th category, and N is the total number of cate
gories. FN represents False Negatives, which are the actual positive 
samples that were incorrectly predicted as negative. Recalli represents 
the recall of the i-th category. AR is the average of the recall rates across 
all categories. APi represents the Average Precision score for the i-th 
category, measuring the accuracy of the model predictions by calcu
lating the area under the precision-recall curve for that specific category. 
mAP is a comprehensive metric for evaluating the localization and 
classification performance of object detection models across multiple 
categories. mAP50 refers to the AP at an IoU threshold of 0.5, while 

Fig. 5. Architecture of the PGI module; top: auxiliary reversible branch for feature refinement; bottom: main FabricMamba network for multi-scale defect detection.

Table 3 
Distribution of defect categories in the training and validation sets of the 
ESQUEL dataset.

Classes Train Val Total

Hole 704 171 875
Float Thread 255 48 303
Oil Stain 330 62 392
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mAP50-95 represents the AP across IoU thresholds from 0.5 to 0.95. The 
F1 score is the harmonic mean of precision and recall, used to evaluate 
the overall performance of a model.

5.3. Comparison with state-of-the-art methods

Table 4 reports the experimental results of the FabricMamba model 
on the ESQUEL dataset. Tables 5 and 6 present the comparative evalu
ation of FabricMamba against state-of-the-art methods on the TILDA and 
FDDS datasets, respectively. To account for the effects of training vari
ability and to ensure statistical reliability, each model was trained and 
evaluated multiple times using different random seeds. The results in 
each table include mean values derived from these repeated trials. The 
highest-performing metrics across all methods are indicated in bold for 
clarity.

As shown in Tables 1–3, the FabricMamba model achieved the 
highest mAP scores across all three datasets, recording 90.0 % on 
ESQUEL, 97.7 % on TILDA, and 39.1 % on FDDS. These results represent 
a substantial improvement over the baseline YOLOv8 model. In com
parison with other state-of-the-art detectors in the YOLO series, the 
proposed method consistently maintained high detection accuracy, 
particularly for critical defect categories such as “Hole,” which are 
considered unacceptable in industrial fabric production. For instance, on 
the ESQUEL dataset, FabricMamba achieved an Average Precision (AP) 
of 90.0 % for the “Hole” category and 89.7 % for “Oil Spot.” On the 
TILDA dataset, the corresponding AP values were 98.5 % and 99.5 %, 
respectively. In the FDDS dataset, FabricMamba achieved an AP of 39.6 
% for the “Cut” category. These values consistently surpassed those of 
competing models. The results indicate that conventional YOLO-based 
models, constrained by local receptive fields, have limited ability to 
detect subtle or small-scale defects within complex fabric textures. 
Although Mamba-YOLO introduces a state-space model to address this 
limitation, its unidirectional sequence modeling restricts the capacity to 
capture multi-directional defect features.

To assess the robustness and statistical significance of the perfor
mance improvements, a five-fold cross-validation procedure was con
ducted on the ESQUEL dataset. Additionally, a paired samples t-test was 
employed to compare the mAP50 performance of FabricMamba against 
the YOLOv8 baseline. As reported in Table 7, the observed performance 
improvement was statistically significant (p < 0.05). Furthermore, the 
standard deviation of results was reduced by 47.3 %, indicating greater 
model robustness and reduced sensitivity to data partitioning.

The bar chart in Fig. 6 demonstrates that YOLOv9 and YOLOv10 
exhibit notable efficiency in terms of computational resources, with 
YOLOv9 utilizing 2.0 million parameters and 7.7 GFLOPs, and YOLOv10 
employing 2.7 million parameters and 8.2 GFLOPs. FabricMamba, by 
comparison, operates with 3.8 million parameters and 9.1 GFLOPs, 
indicating a modest increase in computational complexity. Despite the 
slightly higher resource consumption, FabricMamba achieves superior 
detection performance. On the ESQUEL dataset, FabricMamba out
performed YOLOv9 and YOLOv10 by 3.0 % and 1.9 %, respectively, in 
terms of mAP. On the TILDA dataset, the improvement over YOLOv9 
and YOLOv10 was 1.9 % and 1.6 %, respectively. In the FDDS dataset, 

the corresponding gains were 0.6 % and 4.9 %.
When compared to Mamba-YOLO, FabricMamba demonstrated 

enhanced efficiency, with reductions of 36.7 % in model size and 33.1 % 
in computational demand, while maintaining superior accuracy. These 
findings suggest that FabricMamba achieves a balanced trade-off be
tween model complexity and computational efficiency. While YOLOv9 
and YOLOv10 exhibit lower resource requirements, this comes at the 
cost of reduced classification accuracy. In contrast, FabricMamba in
tegrates two key architectural enhancements that contribute to its 
improved performance. The P-LSKA module enhances multi-scale 
feature representation, and the MVSS module increases the global 
receptive field, enabling more effective differentiation of subtle defects 
within complex fabric patterns. These architectural improvements 
directly address the specific challenges in fabric defect detection while 
maintaining computational efficiency for real-time industrial 
applications.

5.4. Ablation experiments

Table 8 describes the individual contributions of the various modules 
integrated in the FabricMamba model evaluated on the ESQUEL, TILDA 
and FDDS datasets respectively. These modules include S- The F1 score 
serves as a balanced metric for evaluating model performance, 
rewarding models that successfully minimize false positives while 
maximizing true positives. P-LSKA, MVSS, DySample, and PGI. A high 
F1 score reflects an effective balance between precision and recall.

The mean Average Precision (mAP) measures the average precision 
across all categories and incorporates both precision and recall, along 
with model performance at varying confidence thresholds. In object 
detection tasks, mAP is the most widely adopted evaluation metric, of
fering a comprehensive assessment of a model detection capabilities 
across multiple categories and confidence levels.

As presented in Table 5, the integration of the P-LSKA, MVSS, DyS
ample, and PGI modules results in the highest performance across all 
three evaluated datasets. The inclusion of these components leads to 
consistent improvements in both the average F1 score (Avg_F1) and 
mAP, indicating the effectiveness of the modular architecture in 
enhancing detection performance on benchmark fabric defect datasets. 
It is notable that even in the absence of PGI-assisted training, the Fab
ricMamba model maintains a high mAP, reflecting its inherent 
robustness.

An analysis of computational overhead reveals that the P-LSKA 
module increases the number of parameters by approximately 18.8 % 
and raising FLOPs by 6.9 %. In contrast, the MVSS module introduces no 
additional computational cost or parameter increase compared to the 
baseline. Despite the modest rise in resource consumption, the full 
FabricMamba model demonstrates clear performance gains relative to 
the YOLOv8 baseline. These results confirm that the proposed archi
tecture achieves an effective balance between computational efficiency 
and detection accuracy, making it suitable for real-time industrial 
deployment.

Table 4 
Comparison of the performance of different methods on ESQUEL dataset.

Method Year Hole AP (%) Float Thread Oil Stain mAP50 (%) mAP50-95 (%) AR(%) Dataset

YOLOv3 (Redmon and Farhadi, 2018) 2018 87.8 91.7 84.6 88.0 56.4 82.3 ESQUEL
YOLOv5 2020 88.1 86.9 89.1 88.0 55.7 82.6
YOLOv6 (C. Li et al., 2022) 2020 83.1 89.7 89.1 87.3 53.3 83.0
YOLOv7 2022 83.3 90.8 87.3 87.2 53.0 83.1
YOLOv8 2023 87.0 89.1 88.4 88.2 58.4 81.0
YOLOv9 2024 85.5 90.4 84.9 87.0 55.4 80.4
YOLOv10 (Wang et al., 2024) 2024 90.0 88.5 85.7 88.1 58.5 81.3
Mamba YOLO (Wang et al., 2024) 2024 86.8 87.8 87.6 87.4 57.0 82.9
FabricMamba 2024 90.0 90.2 89.7 90.0 60.1 83.9
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5.5. Visualization of detection results

Figs. 7–9 show the results of the FabricMamba network model used 
on three datasets for fabric surface defect detection, along with a heat
map visualization. The display for each dataset includes three rows: the 
first row shows the original test images, the second row displays the 
detection results with different defects marked in various colors and 
annotated with defect categories and confidence levels. The third row 
shows the corresponding heatmaps, in which the red areas represent the 
defect regions of interest.

This research utilizes the HiResCAM (Wu et al., 2024) visualization 
method to demonstrate the model performance in the backbone 
network. Regardless of the size variations of the target objects, Fab
ricMamba is able to allocate higher weights to the detection areas and 

maintains high sensitivity to the locations of objects. Thanks to the 
design of P-LSKA and MVSS, the detector effectively captures the local 
and global fusion features of position information for objects of various 
sizes.

This visualization highlights FabricMamba focus on environmental 
and defect target areas. It demonstrates the model ability to accurately 
locate fabric defects within complex backgrounds and effectively extract 
critical features from visual noise, achieving precise identification and 
annotation. Additionally, it accounts for environmental heat loss, 
ensuring minimal interference from surrounding areas. These results 
validate the model effectiveness in capturing diverse surface charac
teristics under real-world conditions, showcasing its robust detection 
capabilities, making it well-suited for real-time fabric defect detection in 
industrial manufacturing settings.

Table 5 
Comparison of the performance of different methods on the TILDA dataset.

Method Year AP (%) mAP50 (%) mAP50-95 (%) AR(%) Dataset

Hole Objects Oil Spot Thread Error

YOLOv3 2018 88.7 91.3 99.4 93.6 93.2 77.3 90.5 TILDA
YOLOv5 2020 95.5 96.0 99.3 94.6 96.3 79.6 92.4
YOLOv6 2020 89.3 95.4 99.5 93.2 94.4 75.7 90.7
YOLOv7 2022 90.8 92.9 98.9 96.8 94.9 69.8 90.4
YOLOv8 2023 92.4 94.3 99.5 95.5 95.4 76.1 93.0
YOLOv9 2024 92.1 94.4 99.5 97.2 95.8 81.7 91.8
YOLOv10 2024 84.7 95.1 99.4 95.3 96.1 81.8 90.3
Mamba YOLO 2024 93.9 97.1 99.5 97.9 97.1 83.9 95.2
FabricMamba 2024 98.5 96.8 99.5 95.8 97.7 84.1 94.4

Table 6 
Comparison of the performance of different methods on the FDDS dataset.

Method Year AP (%) mAP50(%) mAP50-95(%) AR(%) Dataset

Cut Hole Stain Thread Error

YOLOv3 2018 29.7 36.0 40.6 35.4 35.4 14.9 39.4 FDDS
YOLOv5 2020 33.4 32.5 31 41.1 34.5 14.3 42.8
YOLOv6 2020 37.2 28.7 32.5 32.3 32.7 13.9 39.1
YOLOv7 2022 28.6 33.9 39.2 20.9 30.7 13.5 33.0
YOLOv8 2023 35.3 32.4 39.9 40.8 37.1 16.5 40.9
YOLOv9 2024 37.0 36.4 33.2 47.7 38.5 16.4 42.0
YOLOv10 2024 35.4 23.5 33.4 44.6 34.2 14.5 43.3
Mamba YOLO 2024 35.2 35.1 36.5 48.1 38.7 16.4 42.0
FabricMamba 2024 39.6 35.5 38.0 43.2 39.1 16.9 44.9

Table 7 
Paired t-test results of YOLOv8 and FabricMamba on mAP50.

Evaluation Method YOLOv8 mAP50 FabricMamba mAP50 Improvement t-value p-value

Original 88.2 90.0 +1.80 – –
Re-evaluation 96.52 ± 0.85 97.76 ± 0.43 +1.24 − 4.032 0.016

Fig. 6. Comparison of different network models in terms of parameters (M) and FLOPs (G).
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6. Conclusions

This study introduced state space models into the domain of fabric 
defect detection, presenting a novel detector that combines large-kernel 
attention with visual state space modeling. The proposed architecture 
integrated the efficiency of separable large-kernel attention for local 
feature extraction with the long-range dependency modeling capabil
ities of state space representations. The model, named FabricMamba, 

was evaluated on one proprietary industrial dataset and two public 
datasets (TILDA and FDDS), achieving the highest mAP scores of 90.0 %, 
97.7 %, and 39.1 %, respectively. These results surpassed YOLOv8 by 
1.8 %, 2.3 %, and 2.0 %, and recall improvements of 2.9 %, 1.4 %, and 
4.0 % were also observed. FabricMamba consistently outperformed 
Mamba-YOLO across all datasets. These findings demonstrate that the 
proposed model delivers improved robustness, generalization, and effi
ciency, making a meaningful contribution to the development of high- 

Table 8 
Performance of different components in the FabricMamba network.

P-LSKA MVSS DySample PGI F1 AP (%) AR (%) mAP50 (%) mAP50 -95(%) Dataset

✔ ​ ​ ✔ 0.95 95.0 95.8 97.1 83.6 TILDA
​ ✔ ​ ✔ 0.95 95.9 93.8 96.4 82.7
​ ​ ✔ ✔ 0.96 97.3 94.8 96.8 82.5
✔ ✔ ✔ ​ 0.95 96.0 94.4 97.4 82.7
✔ ✔ ✔ ✔ 0.96 96.8 94.4 97.7 84.1
✔ ​ ​ ✔ 0.41 37.5 45.0 35.9 15.6 FDDS
​ ✔ ​ ✔ 0.43 41.3 46.5 35.3 14.5
​ ​ ✔ ✔ 0.43 39.5 47.3 38.6 15.9
✔ ✔ ✔ ​ 0.43 42.6 43.6 37.7 15.9
✔ ✔ ✔ ✔ 0.44 43.0 44.9 39.1 16.9
✔ ​ ​ ✔ 0.86 91.7 81.5 88.4 57.4 ESQUEL
​ ✔ ​ ✔ 0.89 95.1 83.1 88.1 56.0
​ ​ ✔ ✔ 0.86 94.6 79.0 88.4 58.2
✔ ✔ ✔ ​ 0.86 92.6 80.0 88.2 57.8
✔ ✔ ✔ ✔ 0.87 94.5 83.9 90.0 60.1

Fig. 7. Detection results of test samples on the TILDA dataset and corresponding heat maps; red areas in the heatmaps indicate defects regions of interest. (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.)
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performance defect detection systems for textile manufacturing. The 
model architecture, with its global receptive field and ability to capture 
long-range dependencies, suggests strong potential for generalization to 
novel fabric materials and unseen defect patterns. This adaptability 
stems from FabricMamba ability to extract fundamental structural 
anomalies rather than focusing on specific appearance characteristics, 
although additional testing across a wider range of fabric types would 
further validate this capability.

The FabricMamba method developed in this research already fea
tures a relatively compact model size, but there remains scope for 
further optimization. Future research will explore model compression 
techniques to reduce the model footprint and enhance its suitability for 
deployment on resource-constrained platforms, including mobile and 
embedded systems. On-site testing conducted in real factory settings 
demonstrated that the proposed system substantially improves produc
tion efficiency, reduces manual labor requirements and error rates, and 
lowers both operational costs and the frequency of rework. In addition, 
by minimizing material waste and defect occurrence, the automated 
detection process contributes to more sustainable manufacturing prac
tices, supporting industry goals for eco-efficiency and reduced envi
ronmental impact.

Looking ahead, the FabricMamba architecture could be extended to 
other industrial domains such as metal surface inspection, plastic 
component evaluation, and quality assurance in electronics 
manufacturing. Furthermore, future research may incorporate rein
forcement learning methods to enable adaptive detection systems 

capable of continuous performance refinement through real-time pro
duction feedback. These developments would further enhance the model 
generalization ability and reduce the need for retraining when applied to 
new materials or previously unseen defect types, reinforcing its value in 
dynamic and heterogeneous production environments.
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