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ABSTRACT: The application of deep learning in fabric defect detection has become increasingly widespread. To
address false positives and false negatives in fabric roll seam detection, and to improve automation efficiency and
product quality, we propose the Multi-scale Context DeepLabV3+ (MSC-DeepLabV3+), a semantic segmentation
network designed for fabric roll seam detection, based on DeepLabV3+. The model improvements include enhancing
the backbone performance through optimization of the UIB-MobileNetV2 network; designing the Dynamic Atrous
and Sliding-window Fusion (DASF) module to improve adaptability to multi-scale seam structures with dynamic
dilation rates and a sliding-window mechanism; and utilizing the Progressive Low-level Feature Fusion (PLFF)
module to progressively restore seam boundary details via shallow feature fusion. Additionally, an enhanced 3-SE
attention mechanism is employed, replacing the direct concatenation operation. Experimental results show that MSC-
DeepLabV3+ outperforms classical and recent segmentation models. Compared to DeepLabV3+ with an Xception
backbone, MSC-DeepLabV3+ achieves a mean intersection over union (mloU) of 92.30% and the boundary F-
score (BF) of 92.54%, representing improvements of 3.04% and 3.14%, respectively. Moreover, the model complexity
is significantly reduced, with the model parameters (params) decreasing to 3.44M and Frames Per Second (FPS)
increasing from 101 to 273, demonstrating its potential for deployment in resource-constrained industrial scenarios.

KEYWORDS: Fabric roll seam detection; semantic segmentation; deep learning; lightweight network; multi-scale
feature extraction; improved attention mechanism

1 Introduction

During automated weaving and cutting, the need for continuous fabric splicing and hemming inevitably
results in the formation of linear structures in fabric rolls, such as hem and joint seams, which are
considered potential quality defects [1]. The accuracy of joint seam positioning directly affects the precision of
subsequent cutting and automatic obstacle avoidance. Inaccurate positioning causes dimensional deviations
and fabric wastage. Hem seams reflect both the manufacturing process and the appearance quality of
the finished product, while detection errors lower the product pass rate. Therefore, accurate joint seam
detection is crucial for ensuring product quality and production efficiency, making it a key challenge in textile
manufacturing [2]. Fabric roll seam detection still mainly relies on manual inspection, which is inefficient,
error-prone, and costly [3]. Some studies have used capacitive or thickness sensors for seam detection, but
these sensors can only detect large-scale structural variations, which have poor sensitivity to subtle seam
features and fail to provide accurate boundary information.
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As computer vision advances, machine vision-based methods have been increasingly applied to fabric
defect inspection [4]. Early methods primarily relied on handcrafted statistical and frequency-domain
features, such as Local Binary Patterns (LBP) [5,6], Markov Random Fields (MRF) [7], Fourier Transform
(FT) [8], and Wavelet Transform (WT) [9], combined with rule-based or traditional learning algorithms for
defect recognition. Some studies also utilized thermal imaging by analyzing surface temperature gradients
to identify hidden defects [10,11]. Although these methods improved detection accuracy compared to
manual inspection, they rely on manually designed features and are sensitive to texture variations, lighting
inconsistencies, and noise. As a result, traditional algorithms struggle to distinguish slender structures like
seam heads, which often have blurred boundaries and textures similar to the background [12].

With the rapid development of deep learning, convolutional neural networks (CNNs) have achieved
significant progress in feature representation and detection accuracy. Object detection models are widely
used in industrial quality inspection due to their high inference speed and localization precision. Xu et al.
proposed the YOLOvV8-FPCA model, which improves sewing defect detection by enhancing the small
object detection head and integrating an attention mechanism [13]. Guo et al. integrated the Atrous Spatial
Pyramid Pooling (ASPP) module and channel attention mechanism into the YOLOV5 framework to improve
resistance to interference in fabric defect detection [14]. However, object detection frameworks rely on
rectangular bounding boxes for region localization [15], which has notable limitations in detecting slender
fabric roll seams. These boxes often fail to capture the linear trajectory and local bending of the seams, leading
to boundary loss or truncation. Additionally, object detection methods usually provide only rough outlines,
lacking precise contour details. This makes the output unsuitable for tasks like detailed analysis and automatic
cropping. In contrast, semantic segmentation models process pixels individually, fully reconstructing seam
morphology, preserving boundary continuity, and providing more precise contours. As a result, semantic
segmentation is more effective for detecting slender structures [16].

Semantic segmentation predicts the class of each pixel in an image, enabling precise classification
and spatial localization [17]. This field has evolved from FCN’s pixel-level prediction [18] to UNet’s
skip-connection architecture [19], PSPNet’s multi-scale contextual fusion [20], and DeepLabV3+’s dilated
convolutions with encoder-decoder fusion mechanisms [21], continuously improving segmentation accuracy
and boundary preservation. However, many existing models for semantic segmentation are designed for
general applications. When applied to textile detection, these models often struggle with complex textures
and lighting variations. Guo et al. introduced adaptive channel and category weighting strategies for PSPNet
to address sample imbalance and improve recognition accuracy in complex backgrounds, but its ability to
generalize across different scenarios remains limited [22]. Hu et al. proposed a seam break detection method
based on UNet, achieving precise localization, yet it is still susceptible to interference from variable lighting
and complex textures [23].

Segmenting slender objects often faces challenges such as discontinuous shapes and background inter-
ference, particularly in complex textured backgrounds. Research indicates that DeepLabV3+, incorporating
dilated convolutions and ASPP modules, effectively captures long-range contextual information. It achieves
optimal performance in segmenting slender objects on datasets like Cityscapes and PASCAL VOC 2012 [24].
Nguyen applied DeepLabV3+ to sewing thread defect segmentation, combining it with an EfficientNet-
Bl encoder to enhance detection accuracy, although boundary discontinuities persisted in the predicted
regions [25]. Bai and Jing Mobile-DeepLab integrates a lightweight network with the DeepLab framework,
though its generalization capability is limited by small sample sizes [26]. Liu et al’s FP-DeepLab achieves
fabric defect detection by enhancing the backbone network and multi-scale features, but remains limited to
specific textile scenarios [27].
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Existing models based on DeepLabV3+ and its variants mainly focus on improving feature extraction
by enhancing the backbone network. However, they still rely on the ASPP module, which uses fixed dilation
rates. This limitation leads to suboptimal performance in handling multi-scale objects and fine details,
especially in tasks with complex structures like fabric roll seams. In seam detection, these limitations become
more pronounced, as seams vary in scale, orientation, and texture, requiring more flexible and adaptive
feature processing.

To address these limitations, we propose MSC-DeepLabV3+, a targeted improvement model based
on DeepLabV3+, offering an end-to-end lightweight semantic segmentation solution. Building upon the
encoder-decoder structure of DeepLabV3+, our model addresses the challenges of parameter efficiency and
detail extraction, leading to improved fabric roll seam segmentation accuracy while reducing the parameter
count and computational complexity. The main contributions are as follows:

1. Different from traditional defect classification and target localization algorithms, we propose the MSC-
DeepLabV3+ based on DeepLabV3+, which optimizes multi-scale adaptability for fabric roll seam
segmentation, addressing the limitations of traditional methods and achieving precise segmentation of
slender seams.

2. 'The UIB-MobileNetV2 backbone was designed to optimize the feature extraction network, the DASF
module was proposed to address the limitations of fixed dilation rates, and the PLFF module was
introduced to progressively restore seam boundary details. By integrating these enhancements, the model
achieves improved segmentation accuracy.

3. The model strikes a balance between reduced parameters and computational complexity, enabling it to
effectively support real-time deployment on resource-constrained industrial platforms, while preserving
high segmentation accuracy.

2 Proposed Model

DeepLabV3+ adopts an encoder-decoder architecture. In the encoder, the Xception backbone generates
shallow and deep feature maps at different resolutions for feature extraction. The ASPP module employs
dilated convolutions to capture multi-scale features. In the decoder, bilinear upsampling is applied to
align and fuse shallow and deep feature maps, generating the final segmentation prediction. Based on
DeepLabV3+, we propose MSC-DeepLabV3+, as shown in Fig. 1. Our model utilizes a lightweight UIB-
MobileNetV2 backbone for feature extraction from fabric seam images. The DASF module improves the
model’s adaptability to multi-scale seam structures by dynamically adjusting dilation rates. In the decoder, the
PLFF module integrates multi-level features, enhancing boundary details and maintaining spatial continuity
for precise segmentation.

2.1 Replacement of the Backbone Feature Extraction Network

Seam defects exhibit varied and complex textures. The Xception backbone is computationally expensive,
making it unsuitable for real-time detection. While MobileNetV2 is known for its lightweight design, its fixed
Inverted Bottleneck (IB) block limits multi-scale perception and boundary capture.

To address this issue, we introduce a configurable Universal Inverted Bottleneck (UIB) block, which
replaces the traditional IB block in MobileNetV2. The UIB block enhances feature representation and
multi-scale modeling capabilities while maintaining a low parameter count. As shown in Fig. 2, the UIB
block optimizes the traditional IB block by introducing flexible components such as expansion layers,
projection layers, and optional depthwise convolutions, supporting four substructures. These components
allow for task-specific adjustments in kernel size, stride, and position. By integrating the UIB block into
the feature layers of MobileNetV2, we first expand the feature dimensions with additional depth, followed
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by lightweight convolution using ConvNext for multi-scale feature extraction. Finally, features are refined
using the traditional IB block, resulting in an efficient backbone designed for seam head segmentation—UIB-
MobileNetV2. The network structure of UIB-MobileNetV?2 is detailed in Table 1. This design preserves the
model’s lightweight nature while also enhancing multi-scale feature extraction and texture representation,
thereby improving the feature expression for seam segmentation.
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Figure 2: Universal inverted bottleneck (UIB) blocks



Comput Mater Contin. 2026;87(2):19 5

Table 1: UIB-MobileNetV2 network structure

Layer Block Input Initial DW  Middle DW Stride Exp Output
Layer0 Conv 512 x 512 x 3 3 x 3 Conv - 2 - 256 x 256 x 32
Layerl Conv 256 x 256 x 32 3 x 3 Conv - 1 - 256 x 256 x 16
Layer2 Extra DW 256 x 256 x 16 3 x3DW 3x3DW 2 3 128 x 128 x 24
ConvNext 128 x 128 x 24 3x3DW - 1 2 128 x 128 x 24
Extra DW 128 x 128 x 24 5x5DW 5x5DW 2 3 64 x 64 x 32
Layer3 ConvNext 64 x 64 x 32 5x5DW - 1 2 64 x 64 x 32
IB 64 x 64 x 32 - 3x3DW 1 8 64 x 64 x 32
Extra DW 64 x 64 x 32 3 x3DW 3x3DW 2 2 32 x32x64
Layerd ConvNext 32 x 32 x 64 3x3DW - 1 3 32 x 32 x 64
IB 32 x 32 x 64 - 3x3DW 1 6 32 x 32 x 64
IB 32 x 32 x 64 - 3x3DW 1 6 32 x 32 x 64
Extra DW 32 x 32 x 64 3x3DW 3 x3DW 1 6 32 x 32 x 96
Layer5 ConvNext 32 x 32 %96 3x3DW - 1 4 32 x 32 x96
ConvNext 32 x32x96 3x3DW - 1 4 32 x 32 x 96
IB 32 x32x96 - 3x3DW 2 6 16 x 16 x 160
IB 16 x 16 x 160 - 3x3DW 1 8 16 x 16 x 160
Layer6
IB 16 x 16 x 160 - 3x3DW 1 8 16 x 16 x 160
IB 16 x 16 x 160 - 3x3DW 1 8 16 x 16 x 320
Layer7 Conv 16 x 16 x 320 1 x1Conv - 1 - 16 x 16 x 1280

2.2 Improved 3-SE Attention Mechanism

Seam defects are elongated and complex, which makes the fusion of multi-scale features prone to
aliasing and unstable boundaries. To address this, we propose the improved 3-SE attention mechanism,
an enhancement based on Squeeze-and-Excitation Networks (SENet), where the standard Squeeze and
Excitation (SE) module structure, shown in Fig. 3a. This mechanism incorporates boundary-weighted
statistics and branch-specific competitive normalization to selectively adapt multi-scale features, improving
boundary detection and reducing feature dilution.
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Figure 3: Standard SE module structure (a); Proposed 3-SE module structure (b)

Given three features to be fused, F, F,, F3 € REXCHXW "\ye first perform element-wise addition to
obtain the fused feature:

Fsym =Fi+ F, + F3 (1)

Using the fused feature Fi,,,, a boundary weight map E € RE*C*H*W j5 generated. This map extracts
edge clues through shallow convolutions and nonlinear mapping, and obtains pixel-level weight distributions
via Sigmoid normalization. The process assigns higher weights to seam-head edge pixels while setting

background region weights close to zero. Subsequently, weighted mean and variance statistics are computed
for each channel using this weight map:

_ Z:h)WE(I/l”’v)Fsum (C, h, W)
) Zh,WE(h>W) + €

u(c) (2)
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where ¢ is the numerical stabilization term. The mean p(c) describes the overall activation level of the
channel in the boundary region, while the variance var(c) characterizes the dispersion of the activation
distribution. These two components are concatenated to form the channel descriptor:

z = [p;var] e RB2C (4)

This explicitly enhances the contribution of the boundary region in the statistical features. Inputting the
descriptor z into a two-layer fully connected network with Rectified Linear Unit (ReLU) activation yields a
three-branch scoring vector:

[Sla 523 53] = FCZ (ReLU (FCI (Z))) c RBX3C (5)
This is reshaped to [B, 3, C,1,1] and undergoes Softmax normalization along the branch dimension:

o) - P ()
N e (5 (0)

3
Ywile)=1 (7)
i=1

(6)

Obtain per-channel weights w;, w;, ws for the three feature streams. Finally, weight and sum each branch
feature per channel:

A

Fi:wi(DFi (8)
Fout:ﬁl+ﬁ2+ﬁ3 (9)

As shown in Fig. 3b, the Improved 3-SE attention mechanism reduces feature dilution during feature
fusion by establishing competitive relationships. Each channel adaptively selects the most relevant scale
features, enhancing the response and structural continuity in the seam-head boundary region, which may
improve segmentation accuracy, particularly in low-contrast areas.

2.3 DASF Module

The width and orientation of seam defects vary, and if the receptive field does not match the target
scale, boundary discontinuities and fine details may be lost. The original ASPP module uses a fixed dilation
rate, making it ineffective for processing both fine and large-scale seam structures, while its multi-branch
convolutions lead to high computational costs. To improve multi-scale adaptability for seam heads, We
propose the DASF module. It introduces dynamic dilation rate adjustments and channel sliding-window
strategies to model multi-scale contexts and enhance feature continuity.

As shown in Fig. 4, DASF extends the multi-branch parallelism of ASPP with three branches: the first
uses a 1 x 1 convolution to compress and retain local information; the second applies channel-grouped
sliding-window convolution with dynamic dilation to enhance multi-scale perception; and the third captures
large-scale context through global average pooling. The three feature streams are weighted and fused using
the 3-SE attention mechanism to generate feature maps with improved contextual continuity.
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Asshown in Fig. 5, the second branch is the core of DASE. Unlike fixed dilated convolutions, it partitions
feature maps using overlapping sliding windows, which reduces parameter overhead while improving feature
coherence across channels. These overlapping windows help reduce semantic fragmentation and promote
better coherence between local and global features.
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Figure 5: Second branch of the DASF module

For the high-level features X € RE*C*H*W gutput by the backbone network, this module partitions them
into multiple sub-channel blocks {X;}}_,. Each sub-block has dimensions X € RBXCXHXW ' where C' < C.
The window size and stride are adjustable (e.g., 160 and 80) to accommodate different resolutions, with
overlapping regions enhancing information exchange.

Additionally, a learnable dilation rate offset is introduced for each convolutional branch:
d; =d; + Ad; (10)

here, d; represents the initial dilation rate, and Ad; denotes the learnable offset parameter. The initial
dilation rates are set to {6, 12, 18} for the three branches, respectively. The learnable offset parameters are
initialized from a normal distribution with a mean of 0 and a standard deviation of 0.1, with the dilation rates
constrained within +1 of their initial values to ensure stability and computational efficiency. The design of
the DASF module allows the receptive field to adapt to variations in seam width and orientation, alleviating
issues of boundary discontinuities and detail loss that might occur with fixed dilation rates.
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2.4 PLFF Module

Seam defect boundaries are slender and highly sensitive to positioning accuracy. Directly concatenating
deep and shallow features can cause semantic conflicts and noise, resulting in blurred boundaries and
inaccurate localization. The original DeepLabV3+ decoder relies on a single shallow feature layer for edge
compensation, leading to insufficient multi-scale information integration. To address this, we propose
the PLFF module, which uses a two-step fusion strategy to resolve semantic discrepancies, as illustrated
in Fig. 6a. In the feature preparation stage, PLFF extracts three low-level feature maps from the UIB-
MobileNetV2 backbone: primary (Layerl, 256 x 256), intermediate (Layer2, 128 x 128), and deep-low-level
(Layer3, 128 x 128) features. These are compressed into 24 channels using Depthwise Separable Convolution
(DPConv, Fig. 6b) and unified to 128 x 128 resolution via bilinear interpolation for consistency.

Lyl DPConv
Features DPConv ,’/ - N \\‘
Depthwise Conv
High-level |
Features DPCony ) Pointwise Conv
! 1
Layer2 3-Branch 3-Branch Fuse ; GN
Features DPCony SENet SENet Features |
i RELU
LR DPConv
Features Dropout

Figure 6: PLFF module structure (a); DPConv structure (b)

For progressive fusion, high-level features from the DASF module are compressed to 24 channels using
DPConv and fused with the intermediate and deep-low-level features using the 3-SE attention mechanism. In
the second stage, the refined features are further fused with the primary and intermediate low-level features to
restore spatial details and enhance boundary localization. The intermediate feature is reused in both stages to
ensure consistency. Finally, the fused shallow-enhanced features are concatenated with the high-level features
and passed into the decoder for final prediction.

3 Experimental Environment and Evaluation Criteria
3.1 Experimental Environment

All experiments were conducted on Windows 10 with Python 3.8 and the PyTorch 2.4.1 framework,
utilizing CUDA 12.4. The hardware configuration included an Intel Core i7-14700KF processor and an
NVIDIA GeForce RTX 4070 Ti SUPER (16 GB VRAM).

The training process consisted of two stages. In the initial stage, the backbone parameters were frozen,
and training focused solely on the top layers to facilitate rapid convergence. After 50 epochs, all layers were
unfrozen, and the entire network was trained to further optimize performance. During the frozen phase, a
smaller batch size was used, which was subsequently increased during the unfrozen phase.

All experiments were conducted using images with a resolution of 512 x 512 pixels, a batch size of 4,
and a total of 200 training epochs. The Adam with Weight Decay (AdamW) optimizer, with a momentum
of 0.9, was employed to help prevent overfitting. The learning rate started at 1 x 10~* and decayed according
to a cosine annealing schedule, with a minimum value of 1 x 107°. Random shuffling enabled to enhance
robustness, and class weights were set to 1:2:3 to address class imbalance, ensuring balanced loss during
training. Performance was evaluated on the validation set every 5 epochs, with early stopping applied if
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validation performance did not improve over 5 consecutive evaluations. The model with the best validation
performance was then selected for final testing.

3.2 Datasets

This study uses two datasets: the Fabric Roll Seam Defect (FSD) dataset from industrial production
lines and the publicly available AITEX Fabric Defect Dataset. The FSD dataset contains 642 high-resolution
fabric roll seam images, captured with a Hikvision MV-CA050-10GM camera controlled by a Beckhoff C6030
PLC. The dataset features various fabric backgrounds, with each image may containing 1 to 2 types of seams,
oriented in different directions. Two types of seams are present: hem seams, which are typically narrower
(1-2 mm), and joint seams, which are wider, reaching up to 15 mm, as shown in Fig. 7a. The AITEX dataset
contains defects such as cracks and loose threads, divided into 256 x 256 sub-images for visualization and
generalization evaluation, as shown in Fig. 7b. To improve model generalization and reduce overfitting,
data augmentation techniques, including random rotations, blurring, salt-and-pepper noise, and brightness
adjustment, were applied. The augmented dataset was split into training, validation, and test sets in an 8:1:1
ratio. All images in the FSD dataset were annotated using LabelMe, with annotations performed by the author
to ensure consistency. Table 2 provides detailed information on the datasets.

(a)
(b)
Figure 7: FSD dataset (a)—Red: Joint seams, Green: Hem seams; AITEX dataset (b)
Table 2: Detailed information on the datasets
Dataset Infage Training Validation Test set Joint seam  Hem seam Total
size set set count count
FSD 512 x 512 1576 176 176 1361 856 1928

AITEX 256 x 256 960 120 120 - - 1200
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3.3 Evaluation Criteria

To evaluate the model's segmentation performance, we use Intersection over Union (IoU), Mean
Intersection over Union (mIoU), Mean Pixel Accuracy (mPA), and Boundary F-score (BF).

ii 1 &
IoU=— P - , mloU = —— >"ToU (11)
2j=o Pij * Lj=o Pji — Pii k+1i5
1 ¢ Dii
mPA = TP, (12)
k+1 Z(:) Z?:opij
TP TP
P, = —b,Rb - b (13)
TPb + FPy, TPb + FNy
2x P, xR
BF = w (14)
Pb + Rb

where, p;; represents the number of pixels correctly classified as class 7, p;; represents the number of pixels
from class incorrectly predicted as class j, k +1 represents the total number of classes, TP} represents
True Positives at the boundaries, FP;, represents False Positives at the boundaries, FN,, represents False
Positives at the boundaries, P}, represents the proportion of true boundary pixels correctly predicted out of
all predicted boundary pixels, R;, represents the proportion of true boundary pixels correctly predicted out of
all true boundary pixels. [oU measures the overlap between predicted and actual regions, with higher values
indicating better performance. mIoU is the average IoU across all categories, reflecting overall performance.
mPA measures pixel-level accuracy. BF assesses boundary localization by combining precision and recall.

Frames per second (FPS) measures the number of images the network can process per second. FPS was
tested with a batch size of 1, FP32 precision, and a 512 x 512 input. The test was run for 100 iterations, and the
average inference time was calculated and converted to FPS.

4 Experimental Process and Analysis

This chapter presents experimental results to demonstrate the advantages of the proposed model in
seam head segmentation.

4.1 Backbone Replacement Experiments

To evaluate the UIB-MobileNetV2 backbone for seam head segmentation, we compared it with
baseline models: HRNet, ResNet50, ResNet101, MobileNetV2, and Xception using the FSD dataset. The fully
connected layers and classification heads of each backbone were removed, leaving only the feature extraction
component connected to the DeepLabV3+ decoder. As shown in Table 3, Xception achieved the highest
accuracy (mIoU = 89.38%), but its large parameter count and computational overhead were prohibitive. Both
MobileNetV2 and UIB-MobileNetV2 achieved accuracy close to Xception while maintaining a significantly
smaller parameter size. Notably, UIB-MobileNetV2 achieved mIoU = 89.27% with 5.65 M parameters, and
its per-class results were comparable to those of Xception, offering an optimal balance between segmentation
accuracy and real-time performance.

4.2 DASF Module Comparison Experiments

To evaluate the DASF module’s performance in seam head segmentation, we conducted comparative
experiments on the FSD dataset using the UIB-MobileNetV2 backbone, analyzing both overall performance
and internal design.
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Table 3: Performance comparison of backbone networks

Params Joint Hem

Backbone Size/MB GFLOPS/G Params/M mloU/% 10U/% 1oU/% mPA/%
Hrnet 273.59 187.09 71.72 79.91 91.37 54.16 83.51
ResNet50 151.68 59.85 39.76 84.98 93.71 58.66 92.36
ResNetl01 22413 79.35 58.75 86.26 93.96 63.18 92.63
MobileNetV?2 22.44 52.88 5.82 88.91 94.84 72.56 94.75
Xception 209.75 166.85 54.71 89.38 94.45 74.41 96.47
UIB-MobileNetV2 21.58 52.34 5.65 89.27 94.11 74.47 96.43

We conducted comparative experiments between the DASF and ASPP modules. As shown in Table 4,
DASF reduces model parameters by 38.2%, decreases computational complexity by 8.6%, and improves
mloU from 89.27% to 90.92% compared to ASPP. Additionally, DASF reduces core branch parameters by
1.58M. These results show that DASF improves accuracy and efficiency while reducing model complexity.

Table 4: Comparison of DASF and ASPP modules

P h
Baseline .arams Params/M GFLOPS/G mloU/% Core branc
size/MB params/M
ASPP 21.58 5.65 52.34 89.27 2.21
DASF 13.34 3.49 47.83 90.92 0.63

For internal design, we compared the performance of fixed and learnable configurations for the DASF
module across different dilation rate combinations, as shown in Table 5. The learnable dynamic dilation
rate consistently outperformed the fixed configuration, reducing edge discontinuities and detail loss, and
improving the model’s adaptability to seam heads of varying scales. The learnable setting of {6, 12, 18}
achieved the best performance (mIoU = 90.92%) and was chosen as the default configuration for the
DASF module.

Table 5: Impact of fixed vs. learnable dilation rates on DASF module performance

Dilationrate  Dynamic  mlIoU/%  JointIoU/% Hem IoU/%

{6,12,18} Fixed 89.78 93.80 76.37
{6,12,18} Learnable 90.92 94.68 78.79
{4, 8,12} Fixed 90.03 93.21 77.78
{4,8,12} Learnable 90.45 93.86 78.29
{3,9,15} Fixed 89.68 93.87 75.99
{3,9,15} Learnable 90.20 93.82 77.60

4.3 Ablation Studies

The ablation results show the impact of each module on MSC-DeepLabV3+’s performance. As shown
in Table 6, baseline model, using MobileNetV?2 as the backbone in DeepLabV3+, achieved 88.91% mIoU,
indicating limited boundary perception. Adding the UIB-MobileNetV2 backbone improved mloU to
89.27%, enhancing feature extraction. The DASF module further increased mIoU to 90.92%, improving
structural continuity. The PLFF module contributed to boundary restoration, raising mIoU to 90.81%, though



Comput Mater Contin. 2026;87(2):19 13

it slightly reduced performance compared to DASE. Combining all modules led to the best performance,
with mIoU of 92.30% and BF of 92.54%, demonstrating the complementary contributions of the modules.
This combination achieved optimal performance while reducing parameters and GFLOPS. Additionally, we
compared the performance of the model with and without data augmentation based on the improvements
proposed in this paper. As shown in Table 7, the model with data augmentation outperforms the model
without augmentation in both mIoU and BF metrics.

Table 6: Ablation experiments with different modules

L‘:fl:l‘)’(‘)’;‘el DASE PLFF BF/% I{)‘;‘J‘/‘; 1?3/1;, mIoU/% mPA/% Params/M  GFLOPS/G
- - - 8885 94.84 72.56 8891 9475 5.82 52.88
J - - 89.02 94.11 74.47 8927  96.43 5.65 52.34
J J - 904l 94,68 78.79 9092 9691 3.49 4769
J -/ 957 94.92 78.16 90.81  96.52 5.60 50.57
J J v 9254 95.41 82.07 9230 9747 3.44 46.14

Table 7: Ablation experiments with data augmentation

Model Data augmentation mloU/%  BF/%

Vv 86.45 84.64
- 92.30 92.54

MSC-DeepLabV3+

4.4 Comparison with Mainstream Semantic Segmentation Models

To evaluate MSC-DeepLabV3+’s performance in seam segmentation, we compared it with models such
as HRNet, PSPNet, UNet, SegFormer, DeepLabV3+, and SFC_DeepLabv3+ [28] using the FSD dataset,
all under the same experimental configuration. As shown in Table 8, high-precision models like PSPNet
(ResNet50), UNet (ResNet50), and DeepLabV3+ (Xception) achieve mIoU scores between 84% and 90%,
but their parameter counts exceed 40 million, leading to high computational overhead and inference
speeds below 110 FPS. Lightweight models such as PSPNet (MobileNetV2) achieve, but with significantly
reduced segmentation accuracy. SegFormer-Bl achieves mIoU = 90.47% and BF = 91.83%, demonstrating
good accuracy, but its parameter size is still significant. The SFC_DeepLabv3+, an improved lightweight
segmentation model, achieves FPS = 185 and BF = 91.59%, but still lags behind MSC-DeepLabV3+. In
contrast, MSC-DeepLabV3+ achieves 92.30% mloU and 92.54% BF at 273 FPS, outperforming existing
methods in both accuracy and efficiency. To better visualize the comparison, we generated an mIoU-FPS
performance distribution plot for both the “accuracy-first” and “speed-first” strategies. As shown in Fig. 8,
MSC-DeepLabV3+ occupies the optimal region in both strategies, delivering both high accuracy and
high speed.
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Table 8: Comparison of model efficiency and performance

P
Model Backbone Params/M .arams GFLOPS/G FPS mloU/% BF/%
size/MB
HRNet HRNetV2 9.64 37.63 32.81 67 88.39 85.85
PSPNet ResNet50 46.71 178.17 118.43 166 84.18 81.93
PSPNet MobileNetV2 2.38 9.06 6.031 429 81.78 79.99
UNet VGGI6 10.73 41.09 370.38 61 89.45 88.37
UNet ResNet50 43.93 167.59 184.13 106 90.28 90.46
SegFormer Bl 13.68 52.18 26.495 167 90.47 91.83
DeepLabV3+ Xception 54.71 209.75 166.85 101 89.38 89.66
DeepLabV3+ MobileNetV2 5.82 22.44 52.88 309 88.91 88.85
SEC_DeepLabv3+ MobileNetV2 6.27 26.27 57.83 185 90.91 91.59
UIB-
44 13.7 46.14 27 2. 2.54
Ours MobileNetV2 3 3.75 6 3 92.30 92.5
: : : : : 05 95
300 1 N FPS —@— mloU : :’1;1]:1\? c(l
A UNet
* v SegFormer
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Figure 8: Comparison of “Accuracy-First” and “Speed-First” strategies

4.5 Visualization Comparison

To further validate the model’s discriminative ability and reliability, we used the Grad-CAM visual-
ization method to analyze feature activation responses. This technique generates heatmaps that highlight
the regions of interest identified during deep neural network inference. As shown in the Fig. 9, the
regions captured by MSC-DeepLabV3+ closely align with the actual distribution of seam heads, effectively
emphasizing slender boundaries. This confirms that the model’s predictions are based on target-relevant
features rather than background noise. These results not only validate the model’s reliability but also enhance
its interpretability, providing valuable insights for future optimization and industrial deployment.
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Figure 9: Overlapped heatmap (a) Joint seams heatmaps (b) Hem seams heatmaps

To visually compare segmentation performance across various seam-head scenarios and elongated
defects, we present visualization results from models trained on the FSD and AITEX datasets and tested
on their respective datasets. Fig. 10 shows that existing mainstream methods often suffer from edge dis-
continuities and local missed detections in weakly textured or slender regions, resulting in fragmented
or inconsistent contours. In contrast, the proposed MSC-DeepLabV3+ generates segmentation maps with
continuous boundaries and well-defined structures, effectively suppressing background interference and
false positives. Moreover, it shows stable performance on the AITEX dataset, indicating a promising
generalization ability across diverse scenarios.
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Figure 10: (Continued)
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Figure 10: Comparison of different methods for visualization (a) Original (b) Label (c¢) Hrnet (d) Pspnet (e) Unet
(f) Segformer (g) DeepLabV3+ (Xception) (h) DeepLabV3+ (MobileNetV2) (i) Ours

4.6 Feasibility Analysis for Model Deployment

Conducting a feasibility analysis during the design of deep learning models is crucial for assessing
their adaptability and effectiveness in practical applications. Smaller model sizes and lower computational
costs lead to faster inference speeds, making models more suitable for deployment on resource-constrained
hardware. The model proposed in this paper, with a 512 x 512 input resolution, uses approximately
815.83 MB of memory, enabling stable operation on embedded devices, as shown in

We evaluated the model’s inference speed across multiple hardware platforms, with results shown in
in . The model achieves 43 FPS even on the Jetson Orin Nano platform. The number of parameters
affects both computational cost and training time, while the model size reflects its memory footprint.
Smaller models with fewer parameters generally offer faster inference, making them suitable for real-time
applications. In industrial settings, detecting a single image in under 33 ms (i.e., over 30 FPS) qualifies
as real-time detection. Based on these results, our model is theoretically capable of meeting real-time
detection requirements.
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Table 9: Resource consumption for model deployment

Input size (MB): 3.15
Forward/backward pass size (MB): 798.90
Params size (MB): 13.79
Estimated total size (MB): 815.83
GFLOPS(G): 46.14

Params (M): 3.44

Table 10: Comparison of FPS for different embedded platforms

Platform Jetson orin NX Google coral TPU Jetson orin nano
FPS 130 52 43

5 Conclusion

In this paper, we introduce MSC-DeepLabV3+, based on DeepLabV3+, with UIB-MobileNetV2 as
the backbone network and integrated DASF and PLFF modules. The model addresses several challenges in
fabric roll seam detection while significantly reducing computational complexity. Through comprehensive
ablation experiments, we demonstrate the individual and combined contributions of these modules to
segmentation performance. After integrating all enhancements, the model achieves relative improvements
0f 3.04% in mIoU and 3.14% in BE. Comparisons with mainstream segmentation models on our dataset show
that MSC-DeepLabV3+ achieves mloU and BF of 92.30% and 92.54%, respectively, outperforming these
models. Furthermore, MSC-DeepLabV3+ also exhibits advantages in parameter efficiency, model size, and
inference speed.

However, there are still some limitations. Firstly, the DASF module, while enhancing multi-scale
adaptability with dynamic dilation rates, may fail when seam structures deviate from the training data or
when background patterns resemble finer fabric roll seams. Additionally, during feature fusion, the model
tends to focus on prominent seams, potentially overlooking subtle details, which could affect detection
accuracy in complex production scenarios. The current implementation has not been fully evaluated
under varying conditions such as lighting changes, occlusion, or different fabric textures, and the model’s
robustness in these scenarios requires further validation. Moreover, the FSD dataset used in this study is
relatively limited, and future work should expand it to include a broader range of fabrics and seam types.
Fabric anomalies, such as broken threads and loose ends, may also interfere with detection and impact
model accuracy.

Future work will involve pre-training the model on a wider variety of fabric and seam types to enhance
its segmentation and detection capabilities in real-world applications. We will also explore open-set defect
detection, enabling the model to handle defect types not present in the training data, thus improving its
generalization ability. Additionally, we plan to optimize the model through techniques such as quantization
and pruning, making it more suitable for deployment on industrial devices and further enhancing its
applicability in real-time industrial monitoring. Furthermore, we are committed to integrating motion
control and machine vision on the same platform, which will achieve excellent real-time performance,
significantly improve device efficiency, and minimize redundant delays in motion and robotic control.
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