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Abstract: Fabric defect inspection is a critical quality assurance task in textile engineering, as surface 

defects such as holes, spots, and irregular textures can significantly reduce product quality and 

manufacturing efficiency. Conventional manual inspection is time-consuming and subjective, while 

existing automated vision systems based on convolutional neural networks and YOLO architectures 

often face limitations in detecting small-scale defects, handling complex fabric textures, and 

maintaining robustness under uneven illumination conditions. To address these challenges, this 

study proposes CBAM-ECA-YOLO, an automated fabric defect inspection framework tailored for 

textile engineering applications. The proposed framework builds upon the YOLOv8 baseline and 

integrates two complementary attention mechanisms: the Convolutional Block Attention Module 

(CBAM) to enhance spatial and channel-wise feature representation, and Efficient Channel 

Attention (ECA) to improve inter-channel dependency modeling with minimal computational 

overhead. These enhancements enable the model to effectively emphasize defect-relevant regions 

while suppressing background noise caused by fabric patterns and lighting variations. Extensive 

experiments conducted on a publicly available fabric defect dataset demonstrate that the proposed 

framework achieves superior detection performance compared to the baseline YOLOv8 model, with 

notable improvements in mean Average Precision while preserving real-time inference speed. The 

results indicate that CBAM-ECA-YOLO provides a robust and efficient solution for automated 

fabric defect inspection, making it well suited for deployment in modern textile manufacturing and 

quality control systems. 
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INTRODUCTION 

1.1 Background and Importance 

         Fabric defect detection is a critical quality 

control task in textile engineering, as surface 

defects such as holes, stains, slubs, and knots 

directly affect fabric performance, customer 

satisfaction, and production costs. With the 

increasing scale and speed of modern textile 

manufacturing, automated inspection systems 

have become essential to reduce material waste 

and ensure consistent quality across production 

lines [1]. Conventional manual inspection 

suffers from human fatigue, subjectivity, and 

inconsistency, particularly for complex textures 

and subtle defects, resulting in low efficiency 

and unreliable performance in continuous 

industrial environments [2]. 

         Advances in machine learning have 

enabled convolutional neural networks (CNNs) 

to learn discriminative texture features for 

accurate defect classification, while object 

detection frameworks such as YOLO support 
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real-time defect localization and identification 

[3,4]. However, many existing approaches rely 

on complex architectures, extensive parameter 

tuning, or large annotated datasets, limiting 

scalability and practical deployment in textile 

factories [5]. Within the Industry 4.0 paradigm, 

textile inspection systems are increasingly 

expected to balance accuracy, efficiency, and 

transparency, motivating research into 

lightweight models, configuration-efficient 

optimization, semi-supervised learning, and 

explainable artificial intelligence [1,6]. 

         Recent progress in object detection further 

strengthens automated fabric inspection through 

lightweight architectures and attention-driven 

feature enhancement. FD-YOLO, based on the 

YOLOv11n framework, demonstrates that 

integrating multi-scale attention and cross-scale 

feature fusion can improve sensitivity to small 

and subtle defects while maintaining real-time 

performance [7]. More broadly, textile 

inspection research has evolved from rule-based 

vision systems toward data-driven machine 

vision frameworks applicable across diverse 

materials and production stages [8,9]. 

Comprehensive reviews emphasize that modern 

textile quality control increasingly adopts 

intelligent vision systems aligned with Industry 

4.0, integrating real-time analytics, automation, 

and scalable learning across the textile 

production chain [10–12]. Extensions of 

YOLO-based inspection to related domains, 

such as leather surface defect detection, further 

confirm the robustness and adaptability of real-

time detectors under complex textures and 

illumination conditions [13]. 

1.2 Challenges in Fabric Defect Detection 

        One major challenge in fabric defect 

detection is identifying subtle and low-contrast 

defects, which often manifest as minor texture 

irregularities rather than clear structural 

anomalies. Such defects are scarce in datasets 

and visually similar to normal fabric patterns, 

making discriminative learning difficult. Recent 

studies show that even attention-enhanced deep 

networks struggle to capture fine-grained 

texture variations when training samples are 

limited [14], particularly when defect cues are 

easily masked by normal texture fluctuations 

[15]. 

         Dense and repetitive fabric textures further 

complicate defect localization by introducing 

strong background interference. High-frequency 

structural patterns lead to feature redundancy 

and confusion between texture variation and 

actual defects. Reviews of fabric inspection 

systems indicate that insufficient modeling of 

normal texture distributions is a primary cause 

of false detections [16]. Texture-aware one-

stage detectors demonstrate that incorporating 

texture perception and adaptive feature fusion is 

essential for distinguishing defects embedded in 

dense backgrounds [17]. 

        In real manufacturing environments, 

illumination variation and small defect scale 

present additional challenges. Nonuniform 

lighting caused by surface reflectivity and 

material diversity significantly alters fabric 

appearance, reducing inspection robustness 

[18]. Meanwhile, many defects occupy only a 

small image region with fuzzy boundaries, 

resulting in poor feature representation and 

missed detections [19]. Although illuminance-

invariant modeling, multiscale fusion, and 

lightweight biologically inspired frameworks 

have been proposed to address these issues [20–

22], achieving robust detection under combined 

texture, illumination, and scale variations 

remains an open research problem. 

1.3 Deep Learning for Fabric Inspection 

        Deep learning plays a central role in 

automated fabric inspection, with convolutional 

neural networks (CNNs) widely adopted for 

learning discriminative texture features under 

complex fabric backgrounds. However, CNN 

architectures originally designed for natural 

images often contain redundant parameters for 

defect detection, motivating pruning and 

optimization strategies to improve inference 
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efficiency for industrial deployment [23]. Real-

time CNN-based inspection systems further 

demonstrate that task-specific preprocessing and 

hard negative mining can enhance defect 

visibility and classification performance in loom 

environments [24]. More recent models 

incorporate global context modeling and 

bidirectional feature fusion to improve 

sensitivity to weak and low-contrast defects 

[25]. 

         Attention mechanisms inspired by 

transformer architectures have increasingly 

influenced fabric inspection by enhancing 

global context awareness and feature 

discrimination. Hybrid CNN–attention designs 

effectively amplify subtle defect cues while 

suppressing background interference in complex 

textured scenarios [25]. In parallel, YOLO-

based object detectors have gained prominence 

due to their unified architecture and real-time 

performance. Feature-augmented YOLO 

variants integrate attention modules, additional 

detection heads, and advanced feature fusion to 

improve small defect localization without 

sacrificing speed [26]. Practical YOLOv4-based 

systems validate the feasibility of online textile 

inspection with industrial frame rates [27], 

while recent reviews highlight the shift toward 

lightweight and attention-enhanced YOLO 

architectures for modern textile quality control 

[28]. 

1.4 Research Gap and Contributions 

         Despite substantial progress in deep 

learning–based fabric defect inspection, several 

limitations persist in real industrial settings. 

CNN-based methods often struggle to 

distinguish subtle defects embedded in dense 

and repetitive textures, while transformer-

inspired models typically incur high 

computational overhead that restricts real-time 

deployment. Although YOLO-based detectors 

provide a favorable trade-off between accuracy 

and speed, existing variants are not sufficiently 

tailored to fabric-specific challenges such as 

small defect scale, low contrast, and strong 

background interference. In addition, most 

approaches rely on single-attention mechanisms 

and standard RGB inputs, limiting their ability 

to enhance defect-relevant features under 

complex texture and illumination conditions. 

        To address these gaps, this work proposes 

a CBAM–ECA–YOLOv8 framework that 

integrates complementary attention mechanisms 

with a multi-channel input representation for 

robust and efficient fabric defect detection. The 

main contributions are summarized as follows: 

1. A CBAM–ECA–YOLOv8 architecture 

specifically designed for fabric defect 

inspection, achieving enhanced feature 

refinement while preserving real-time 

inference capability. 

2. A four-channel RGB–grayscale input 

strategy that improves texture contrast 

and enhances the visibility of subtle 

defect patterns. 

3. Dual attention integration, employing 

CBAM in the backbone and ECA in the 

detection head to jointly strengthen 

spatial and channel-wise feature 

representations with minimal 

computational overhead. 

4. A hybrid WIoU–NWD localization loss 

that improves the detection and 

localization accuracy of small and low-

contrast fabric defects. 

5. Comprehensive experimental validation 

demonstrating superior detection 

accuracy and real-time performance 

compared with the baseline YOLOv8 

model. 

        The remainder of this article is organized 

as follows. Section 2 reviews related work, 

Section 3 presents the proposed methodology, 

Section 4 describes the experimental setup, and 

Section 5 discusses the results. 
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2. RELATED WORK 

2.1 Traditional Fabric Defect Detection 

         Traditional fabric defect detection 

methods rely on handcrafted features and 

classical image processing techniques due to 

their low computational cost and 

interpretability. These methods are commonly 

categorized into statistical, spectral, structural, 

and model-based approaches and form the 

foundation of early textile inspection systems 

[29]. Texture analysis is widely used to model 

repetitive fabric patterns, as texture features are 

strongly correlated with fabric structure and 

quality parameters [30]. Model-based 

approaches using geometric and structural 

descriptors have also been explored to detect 

surface irregularities with robustness to noise 

and scale variations [31]. 

Among spectral methods, Gabor filters are 

extensively employed for fabric defect detection 

because of their ability to capture orientation- 

and scale-sensitive texture information. 

Optimized Gabor filter banks combined with 

adaptive thresholding effectively suppress 

background textures and enhance defect 

regions, while multi-scale filtering improves 

detection of defects with varying sizes and 

orientations [32,33]. More recently, Gabor 

features have been integrated with deep learning 

architectures, including U-Net–ViT hybrids and 

region-based detectors, to improve robustness 

and defect localization accuracy [34,35]. 

Thresholding-based techniques aim to separate 

defect and background regions using intensity 

or feature distributions. Adaptive and multi-

level thresholding, as well as dynamic local 

sensitivity adjustment, improve performance 

under nonuniform illumination and noise 

[32,36]. However, these methods generally 

struggle with subtle or low-contrast defects and 

lack adaptability across diverse fabric materials 

and inspection scenarios [37,38]. 

Overall, while traditional methods provide 

valuable insights into texture modeling and 

defect characterization, their dependence on 

handcrafted features and sensitivity to imaging 

conditions limit scalability, motivating the 

transition toward learning-based inspection 

frameworks. 

2.2 CNN-Based Approaches 

          Convolutional Neural Networks (CNNs) 

are widely adopted for fabric defect detection 

due to their strong texture feature learning 

capability. Early studies mainly employed 

classification networks such as VGG, Inception, 

and ResNet, where transfer and residual 

learning improved recognition accuracy but 

lacked pixel-level defect localization required 

for industrial inspection [39]. To address this 

limitation, U-Net–based encoder–decoder 

architectures were introduced for end-to-end 

segmentation. Lightweight variants such as 

Mobile-Unet improved efficiency through 

depthwise separable convolutions [40], while 

attention-enhanced models like AGUR-Net 

further improved segmentation performance on 

color-patterned fabrics using gated skip 

connections and multi-scale features [41]. 

However, U-Net-based methods often suffer 

from high computational cost and sensitivity to 

reconstruction noise. 

          Reconstruction-based CNN frameworks 

have also been explored for unsupervised defect 

detection, combining pixel- and feature-level 

reconstruction to improve anomaly localization 

in complex fabrics [42]. Despite improved 

robustness, these approaches typically rely on 

multi-branch architectures and post-processing, 

increasing model complexity. ResNet-based 

CNN classifiers remain popular due to stable 

optimization and strong feature extraction. Two-

stage frameworks combining local patch 

classification and global decision strategies have 

shown effective defect detection under 

controlled conditions [43], while self-transfer 

learning methods reduce annotation dependency 

and improve generalization with limited 

GSJ: Volume 14, Issue 3, March 2026 
ISSN 2320-9186 584

GSJ© 2026 
www.globalscientificjournal.com



samples [44]. Nevertheless, such classifiers are 

generally limited to patch-level analysis and 

lack end-to-end localization. 

        Recent reviews indicate that CNN-based 

approaches, including U-Net and ResNet 

variants, provide strong texture modeling but 

struggle to balance localization accuracy, 

computational efficiency, and robustness under 

complex textures and illumination variations 

[45,46], motivating the development of unified 

and lightweight detection frameworks. 

2.3 YOLO-Based Fabric Inspection 

         YOLO-based object detectors are widely 

used in fabric defect inspection due to their 

unified architecture and real-time performance. 

Early studies based on YOLOv3 optimized 

anchor generation and multi-scale feature fusion 

to improve defect localization in gray and 

patterned fabrics, demonstrating the feasibility 

of one-stage detectors for industrial textile 

inspection [47,48]. Subsequent works extended 

these approaches to deeper models such as 

YOLOv4 and YOLOv5. YOLOv4-based 

systems achieved reliable real-time inspection 

through data preprocessing and augmentation 

strategies [49], while attention-enhanced 

YOLOv5 variants integrated squeeze-and-

excitation mechanisms to improve feature 

discrimination and robustness [50]. Lightweight 

models such as YOLOv7-tinier further reduced 

parameter size while maintaining high detection 

accuracy and real-time speed, supporting 

deployment in resource-constrained 

environments [51]. 

         Despite these advances, detecting small 

and subtle fabric defects remains challenging 

due to limited pixel representation and 

interference from dense textures. To address this 

issue, several studies enhanced low-level feature 

reuse, added prediction layers, and incorporated 

attention mechanisms to improve sensitivity to 

small defects [52,53]. More recent YOLOv8-

based approaches, such as DCFE-YOLO, 

indicate that feature fusion efficiency and 

localization loss design still limit accurate 

detection of small and elongated defects [54]. 

Overall, existing YOLO-based methods 

typically rely on single attention or isolated 

feature enhancement strategies, which restrict 

their ability to simultaneously model spatial and 

channel-wise defect characteristics, motivating 

the development of multi-attention YOLO 

frameworks for accurate and real-time fabric 

defect inspection. 

3. METHODOLOGY 

3.1 YOLOv8 Baseline 

           The proposed fabric defect detection 

framework is built upon the YOLOv8 

architecture, one of the most recent and efficient 

advancements in the YOLO family. YOLOv8 

achieves an excellent balance between detection 

accuracy, inference speed, and computational 

efficiency through its anchor-free design and 

optimized training strategy. The architecture 

consists of three primary components: a 

backbone for feature extraction, a neck for 

multi-scale feature fusion, and a detection head 

for object classification and localization. 

        During preprocessing, fabric images are 

resized to 640 × 640 pixels and undergo 

normalization and data augmentation to improve 

robustness against variations in texture, color, 

and illumination commonly encountered in 

textile manufacturing environments. These 

processed images are then passed to the 

backbone network. 

        The backbone adopts a Cross Stage Partial 

(CSP) Darknet structure with C2f modules, 

which enhance gradient propagation while 

reducing feature redundancy. This design is 

particularly beneficial for fabric defect 

detection, where subtle anomalies such as 

broken yarns, holes, stains, or misweaves may 

appear across highly repetitive patterns. A 

Spatial Pyramid Pooling–Fast (SPPF) layer is 

employed at the end of the backbone to  
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aggregate multi-scale contextual information 

efficiently, enabling effective detection of 

defects of varying sizes and shapes. 

       The neck utilizes a Path Aggregation 

Network (PAN) to fuse features from shallow 

and deep layers, strengthening the 

representation of both fine-grained and large-

scale defects. This is crucial for accurately 

identifying defects that vary in size, orientation, 

and contrast against complex fabric 

backgrounds. 

      The YOLOv8 detection head follows an 

anchor-free and decoupled design, where 

classification and localization tasks are 

optimized independently. A Task-Aligned 

Assigner improves the matching between 

predictions and ground truths, resulting in faster 

convergence and improved localization 

accuracy. 

       Overall, YOLOv8 serves as a robust 

baseline for fabric defect detection, offering fast 

inference, reliable feature extraction, and 

adaptability to complex textile textures and 

production-line environments. 

3.2 Proposed WCE-YOLOv8 

Architecture 

            The overall architecture of the proposed 

CBAM-ECA-YOLOv8 framework is illustrated 

in Fig. 1. The model extends the YOLOv8 

baseline by integrating multi-channel input 

fusion, dual attention mechanisms, and a hybrid 

loss function to enhance defect detection 

performance under challenging textile 

conditions such as uneven lighting, dense weave 

patterns, and low-contrast defects. 

         To enhance texture discrimination, the 

model employs a four-channel input consisting 

of RGB channels and an additional grayscale 

channel.     The grayscale channel strengthens 

texture contrast and emphasizes structural 

irregularities, which is especially effective for 

detecting subtle fabric defects such as fine 

scratches, pinholes, or yarn inconsistencies that 

may not be clearly visible in color images alone. 

         In the backbone, a Convolutional Block 

Attention Module (CBAM) is integrated to 

enhance both channel-wise and spatial feature 

representation. CBAM guides the network to 

focus on defect-relevant regions while 

suppressing repetitive background patterns 

inherent in fabric surfaces. This attention-driven 

refinement significantly improves the detection 

of small, faint, or irregular defects. 

         Overall, the proposed CBAM-ECA-

YOLOv8 framework achieves an optimal 

balance between accuracy, efficiency, and 

robustness, making it well-suited for real-world 

fabric defect detection applications. 

3.3 Convolutional Block Attention 

Module (CBAM) 

            The CBAM module enhances the 

network’s ability to focus on defect-relevant 

features while suppressing background noise 

from repetitive fabric textures. As illustrated in 

Fig. 2, CBAM refines feature maps through two 

sequential stages: channel attention followed by 

spatial attention. 

        In the channel attention stage, CBAM 

analyzes inter-channel relationships to 

determine which feature channels are most 

informative for fabric defect characteristics. By 

combining global average pooling and max 

pooling operations, the module generates 

channel-wise attention weights that emphasize 

defect-sensitive features while reducing 

redundant or irrelevant responses. 

         In the spatial attention stage, CBAM 

identifies critical spatial regions within the 

feature maps. This mechanism allows the 

network to highlight defect locations such as 

tears, stains, or weaving faults while minimizing 

the influence of background textures and 

lighting variations. 
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          By sequentially applying channel and 

spatial attention, CBAM significantly enhances 

both global and local feature representation, 

enabling robust detection of subtle fabric 

defects under complex industrial conditions

 

Fig.1. Overall architecture of the proposed WCE-YOLOv8 model integrating CBAM and ECA 

attention mechanisms for concrete crack detection.
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Fig. 2. Structure of the CBAM module for feature refinement

 

Fig.3. Structure of the ECA module for lightweight channel attention. 

3.4 Efficient Channel Attention (ECA) 

           The ECA module is incorporated into the 

detection head to further refine feature 

representation with minimal computational 

overhead. Unlike traditional attention 

mechanisms that rely on fully connected layers, 

ECA uses a lightweight one-dimensional 

convolution to model local cross-channel 

dependencies efficiently. The structure of the 

ECA module is shown in Fig. 3. 

         ECA first applies global average pooling 

to compress spatial information into a channel 

descriptor. A one-dimensional convolution with 

an adaptively determined kernel size then 

captures channel-wise interactions, allowing the 

model to emphasize defect-relevant features 

without introducing additional parameters. The 

resulting attention weights are applied to the 

feature maps via element-wise multiplication. 

        By integrating ECA into the detection 

head, the proposed model improves sensitivity 

to small-scale fabric defects while maintaining 

real-time inference performance suitable for 

industrial inspection systems. 

3.5 Loss Function 

          To improve bounding box regression 

accuracy for small, thin, and irregular fabric 

defects, the proposed CBAM-ECA-YOLOv8 
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model employs a hybrid loss function 

combining WIoU and NWD. 

        WIoU introduces position-sensitive 

weighting that prioritizes high-quality 

predictions and reduces the impact of poorly 

aligned samples. This enhances localization 

precision in challenging fabric scenes with 

complex textures or low contrast. 

         NWD models predicted and ground-truth 

bounding boxes as Gaussian distributions and 

measures their spatial similarity. Unlike 

traditional IoU-based losses, NWD provides 

smoother gradients and more stable 

optimization, which is particularly beneficial for 

detecting tiny or discontinuous fabric defects. 

       By combining WIoU and NWD, the 

proposed loss function improves both geometric 

accuracy and robustness, leading to more stable 

training  

and superior fabric defect detection 

performance. 

 

Fig. 4. Representative samples of spot defects from the FabricSpotDefect dataset. 

4. EXPERIMENT SETUP 

           This section presents the experimental 

setup, including the dataset, implementation 

environment, training parameters, and 

evaluation metrics used to comprehensively 

assess and validate the proposed WCE-

YOLOv8 model. 

4.1 Dataset 

         The experiments in this study were 

primarily conducted using the publicly available 

FabricSpotDefect dataset [55], an annotated 

benchmark designed for spot defect detection in 

textile materials. The dataset consists of fabric 

images containing both defective and non-

defective samples, covering various fabric types 

and surface textures. 

        The images were collected under diverse 

real-world conditions, including variations in 

illumination, texture patterns, and background 

appearance, providing a realistic and 

challenging evaluation environment, as 

illustrated in Fig. 4. 

         To evaluate the generalization capability 

of the proposed model, additional experiments 

were conducted using the Fabric Defects 

Dataset, which contains different categories of 

fabric defects and visual characteristics not seen 

during training. This cross-dataset evaluation 

helps assess the robustness of the proposed 

approach under varying defect patterns and 

imaging conditions. 

         For experimental consistency, the datasets 

were divided into 70% training, 20% validation, 

and 10% testing subsets. Prior to training, all 

images were resized and normalized to ensure a 

uniform input resolution while preserving 

critical defect characteristics. 

4.2 Implementation Details 

           The experiments were conducted on a 

system with an NVIDIA RTX 2070 GPU, Intel 
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Core i9 CPU, 32 GB RAM, 500 GB SSD, and 1 

TB HDD, using PyTorch with CUDA 

acceleration. 

          The model was trained for 400 epochs 

with a batch size of 16, learning rate 0.01, 

momentum 0.937, and weight decay 0.0005. 

Dataset split: 70% training, 20% validation, and 

10% testing. Data augmentation included 

random flipping, rotation, brightness and 

contrast adjustment, and Gaussian noise to 

improve robustness under varying lighting and 

texture conditions. 

4.3 Evaluation Metrics 

         To evaluate the performance of the 

proposed WCE-YOLOv8 model, standard 

object detection metrics were employed. 

Precision, Recall, and F1-score were used to 

assess detection accuracy and the balance 

between missed and false detections. Mean 

Average Precision (mAP) served as the primary 

performance indicator and was computed as 

mAP@50 (IoU = 0.5) and mAP@50–95, 

averaged over IoU thresholds from 0.5 to 0.95, 

reflecting localization accuracy and detection 

consistency. 

         Computational efficiency was assessed 

using the number of model parameters and 

inference time per image, providing insight into 

the model’s suitability for real-time fabric 

inspection. Together, these metrics offer a 

balanced evaluation of detection accuracy and 

computational efficiency. 

5. RESULTS AND DISCUSSION 

        This section presents the experimental 

results of the proposed WCE-YOLOv8 model, 

emphasizing its detection accuracy, robustness, 

and efficiency through quantitative metrics and 

comparative analyses. 

5.1. Quantitative Results 

        Table 1 presents the ablation study results, 

illustrating the contribution of each proposed 

component, including the grayscale input  

 

channel, CBAM, ECA, and the combined WIoU 

with NWD loss, to the overall performance of 

the WCE-YOLOv8 model.
Variant Precision Recall F1-score IoU Params (M) 

Base YOLOv8 0.931 0.941 0.936 0.885 22.94 

+ Gray Channel 0.940 0.950 0.945 0.892 23.12 

+ CBAM 0.948 0.958 0.953 0.902 22.45 

+ ECA 0.952 0.962 0.957 0.910 23.46 

+ WIoU + NWD 0.956 0.968 0.962 0.918 23.52 

Tab.1. Ablation study of the proposed WCE-YOLOv8 model with different module configurations.  

         As shown in Table 1, the baseline 

YOLOv8 model achieves a precision of 0.931, 

recall of 0.941, F1-score of 0.936, and IoU of 

0.885. Adding the grayscale input channel 

improves texture contrast and leads to consistent 

gains across all metrics, increasing the F1-score 

to 0.945 and the IoU to 0.892. The introduction 

of CBAM further enhances feature 

representation, particularly improving recall and 

localization accuracy, resulting in an F1-score 

of 0.953 and an IoU of 0.902. Incorporating 

ECA yields additional improvements in 

precision and overall stability, achieving an F1-

score of 0.957 and an IoU of 0.910. Finally, the 

full model using the WIoU and NWD loss 

functions delivers the best overall performance, 

with a precision of 0.956, recall of 0.968, F1-

score of 0.962, and IoU of 0.918, confirming the 

effectiveness of the proposed enhancements 

with only a modest increase in model 

parameters. 

        To further assess the effectiveness of the 

proposed WCE-YOLOv8 model, Table 2 
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compares its performance with other 

representative object detection frameworks, 

highlighting its competitive accuracy and 

detection stability on the FabricSpotDefect 

dataset.

Model Precision (%) Recall (%) F1-score (%) mAP50 (%) mAP50–95 

(%) 

Parameters 

(M) 

YOLOv3 89.82 84.6 86.63 81.22 48.18 61.9 

YOLOv5s 90.13 87.2 82.17 83.89 50.21 7.3 

YOLOv7 88.12 85.4 85.29 82.63 47.25 6.9 

YOLOv8s 92.56 88.1 88.33 86.17 51.44 11.1 

Proposed 94.6 92.8 93.7 89.3 53.7 23.5 

Tab. 2. Comparison of experimental results for various object detection models. 

As shown in Table 2, the proposed WCE-

YOLOv8 model consistently outperforms 

existing YOLO variants in overall detection 

performance. Compared with YOLOv3, 

YOLOv5s, YOLOv7, and YOLOv8s, it 

achieves the highest recall of 92.8% and F1-

score of 93.7%, indicating improved detection 

of fine and subtle defects. Although YOLOv8s 

shows strong precision, its recall and overall 

balance remain inferior to the proposed method. 

WCE-YOLOv8 also attains superior mAP50 

and mAP50–95 values of 89.3% and 53.7%, 

respectively, demonstrating robust performance 

across varying defect scales and complex 

backgrounds. While the proposed model has a 

higher parameter count, the resulting accuracy 

gains justify this increase, offering a practical 

trade-off between detection performance and 

computational complexity for fabric defect 

inspection. 

5.2 Qualitative Results 

         This section visually compares baseline 

YOLO models and the proposed WCE-

YOLOv8 on representative crack images, 

emphasizing improved accuracy, localization, 

and robustness under varying conditions. 

 

(a) 

 

(b) 
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(c) 

 
 (d) 

 
 (e)  

 

Fig. 5. Validation performance curves of the proposed WCE-YOLOv8 model on the 

FabricSpotDefect dataset, showing (a) Accuracy, (b) F1-score, (c) IoU, (d) Precision, and (e) Recall 

over training epochs. To avoid visual overcrowding, only a representative segment of the training 

process (first 30 epochs) is shown; the complete 400-epoch training exhibits a similar stable 

convergence trend.

        As shown in Fig. 5, the proposed WCE-

YOLOv8 model demonstrates stable 

convergence and strong generalization on the 

FabricSpotDefect dataset. For clarity, only the 

first 30 epochs are displayed, as the full 400-

epoch training follows a similar stable trend. 

Validation accuracy remains above 96%, while 

precision and recall stay within 0.93–0.97 and 

0.92–0.97, respectively. The F1-score stabilizes 

around 0.94–0.96, and IoU values remain within 

0.88–0.94, indicating accurate localization and 

balanced detection performance. Minor mid-

training fluctuations are rapidly corrected, 

suggesting effective regularization. 

        Fig. 6 presents a qualitative comparison 

using ground-truth bounding boxes. Earlier 

models such as YOLOv3 and YOLOv5 

frequently miss thin or discontinuous defects, 

while YOLOv7 and YOLOv8 still produce 

fragmented detections under complex 

backgrounds. In contrast, WCE-YOLOv8 

generates tighter and more continuous bounding 

boxes that better align with the ground truth, 

reducing false detections and improving 

localization consistency. These results confirm 

that CBAM and ECA integration enhances 

feature representation and spatial focus for 

fabric defect detection. 

GSJ: Volume 14, Issue 3, March 2026 
ISSN 2320-9186 592

GSJ© 2026 
www.globalscientificjournal.com



 

Fig. 6. Comparative visualization results of different YOLO-based models and the proposed 

approach on fabric defect detection. 

5.3 CROSS-DATASET EVALUATION 

ON CrackSeg9k 

          To further evaluate the generalization 

capability of the proposed WCE-YOLOv8 

model, a cross-dataset experiment was 

conducted using the CrackSeg9K dataset. 

Although CrackSeg9K focuses on concrete 

crack images rather than textile defects, it 

provides a challenging benchmark characterized 

by fine-grained and low-contrast structural 

patterns. The model trained on the 

FabricSpotDefect dataset was directly evaluated 

on CrackSeg9K without fine-tuning to assess 

robustness to unseen surface defect 

characteristics. As reported in Table 3, the 

proposed model consistently outperforms the 

baseline across all evaluation metrics, 

demonstrating improved cross-domain 

generalization ability. In addition, Fig. 7 

presents qualitative results showing ground-

truth and predicted bounding boxes under 

diverse surface textures and illumination 

conditions, further confirming the model’s 

ability to accurately localize crack regions 

despite significant domain differences. 

Model Precision 

(%) 
Recall 

(%) 
F1-

score 

(%) 

mAP50 

(%) 
mAP50–

95 (%) 

Baseline 80.8 86.9 83.7 84.6 48.9 

Proposed 83.2 89.4 86.2 86.8 50.7 

 

Tab.3. Cross-dataset quantitative performance on the 

CrackSeg9k dataset 
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Fig. 7. Ground-truth (green) and predicted (red) bounding boxes under diverse surface textures and 

illumination conditions. 

CONCLUSION AND DISCUSSION 

          This study proposed an enhanced fabric 

defect detection framework, termed WCE-

YOLOv8, which integrates a grayscale input 

channel, CBAM in the backbone, ECA in the 

detection head, and a hybrid WIoU–NWD loss 

to improve feature representation and 

localization of fine and low-contrast defects 

under complex textures and uneven 

illumination. 

        Experimental results on the 

FabricSpotDefect dataset demonstrate that 

WCE-YOLOv8 consistently outperforms 

standard YOLO variants across precision, recall, 

F1-score, and mAP metrics. Ablation studies 

verify that each component contributes to 

performance gains, while qualitative results 

show tighter and more continuous bounding 

boxes with reduced false detections in 

challenging backgrounds. 

        Cross-dataset evaluation on the 

CrackSeg9K dataset, conducted without fine-

tuning, further confirms the robustness and 

generalization capability of the proposed 

framework under significant domain shifts. 

       Despite these advantages, the model 

introduces a higher parameter count of 

approximately 23.5 million and still exhibits 

occasional false positives under highly textured 

or extreme illumination conditions. Future work 

will focus on reducing model complexity 

through lightweight attention mechanisms and 

extending the framework to broader industrial 

surface defect inspection scenarios. 
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