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Abstract

Few-shot semantic segmentation aims to learn accurate pixel-level classification from
limited annotated samples, a critical capability for real-world applications where data
acquisition is expensive or impractical. However, existing methods often struggle with fine-
grained texture details and complex boundaries under data-scarce conditions, particularly
when applied to domains with intricate visual patterns (such as batik patterns). To address
this few-shot learning challenge, we constructed a few-shot batik pattern dataset and
proposed a novel network architecture centered on attention weighting and hierarchical
decoding. Our method leverages a pre-trained ResNet101 backbone for transfer learning
to establish a strong feature foundation. It incorporates a dual-attention module that
combines spatial and channel attention to dynamically highlight semantically rich regions
and intricate texture boundaries specific to batik. For multi-scale context aggregation,
a lightweight module utilizing parallel dilated convolutions is introduced to efficiently
capture features from varying receptive fields. Finally, a hierarchical decoder progressively
integrates these enhanced, multi-scale features with high-resolution shallow features to
reconstruct precise segmentation maps. Comprehensive evaluations on a dedicated batik
dataset show that our model achieves state-of-the-art performance, with a mean Intersection
over Union (mloU) of 79.22% and a pixel accuracy (PA) of 92.47%. It notably improves
over the strong DeepLabV3+ baseline by 3.3% in mloU and 0.95% in PA, demonstrating its
effectiveness for the task of batik pattern segmentation under data-scarce conditions.

Keywords: semantic segmentation; feature extraction; information fusion; transfer learning;
batik images

1. Introduction

Semantic segmentation, as a core technology in the field of computer vision, has
demonstrated significant value in scenarios such as autonomous driving [1,2], remote sens-
ing monitoring [3,4], and medical diagnosis [5-7]. However, general-purpose segmentation
models (e.g., U-Net [8], DeepLab [9]) perform poorly in the face of complex art images,
and their limitations become more and more prominent, especially in the digitization of
intangible cultural heritage such as batik patterns. Batik patterns are characterized by fine
handmade textures, interlaced geometric patterns, and unique wax cracking effects [10,11];
traditional models are prone to losing details due to deep network downsampling, and the
large number of parameters leads to high arithmetic demand, which makes it difficult to
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achieve adaptation to low-power embedded process equipment [12]. How to achieve high-
precision and lightweight semantic segmentation under limited labeled data has become a
key challenge for the digital preservation and innovative application of traditional crafts.

The unique attributes of batik art require models with both texture sensitivity and
cultural adaptability. For example, the hierarchical difference between traditional blue
and white batik and multi-color gradient patterns and the distinction between natural
texture formed by handmade wax cracking and machine-printed patterns require the
model to incorporate the understanding of artistic features in pixel-level prediction [10].
Existing research mostly focuses on natural images and lacks a targeted design for the
complexity of artistic patterns, resulting in fuzzy segmentation boundaries and low-detail
reproduction. In addition, industrialized applications, textile printing equipment, or mobile
design tools have urgent needs for lightweight models, while the high computational power
dependence of general-purpose models makes it difficult to meet the requirements of real-
time processing and low-cost deployment. These problems not only hinder the efficiency of
the digital preservation of cultural heritage but also limit the innovative transformation of
batik art in contemporary design. To address the above challenges, this paper contributes
as follows:

e  We propose a novel few-shot semantic segmentation framework that integrates a
dual-attention module for texture-sensitive feature enhancement, a lightweight multi-
scale dilated convolution module for efficient context aggregation, and a hierarchical
decoder for progressive detail recovery. This architecture is specifically optimized
to handle the challenges of fine-grained texture segmentation under data-scarce con-
ditions. To validate our method on a challenging real-world scenario, we present
the first dedicated few-shot batik pattern dataset, constructed and annotated in col-
laboration with cultural heritage experts. This dataset serves as a benchmark for
future research on the digitization of intangible cultural heritage and demonstrates
the practical applicability of our approach.

e Aiming at the problems of complicated texture details and blurred salient regions in
batik images, this paper designs a multi-scale feature extraction network combining
parallel dual-path structure and cavity convolution to realize feature capture and
fusion from fine-grained to coarse-grained, which on the one hand effectively expands
the sensory field of the network and on the other hand makes use of auxiliary paths for
feature compression and lightweighting, which reduces the amount of computation
and guarantees the completeness of the key features at the same time.

e In the feature fusion stage, a dual-attention module combining channel attention
and spatial attention is introduced, where channel attention can strengthen features
with high information content and spatial attention highlights the localization of key
regions in the image, especially in the segmentation of complex patterns and abstract
textures in batik, which shows higher accuracy and effectively counteracts the defects
of traditional methods that tend to ignore subtle features or key textures.

o Through the combination of the hierarchical fusion decoding module and data en-
hancement strategy, not only is the complementary relationship between high-level
semantics and low-level details fully explored during the decoding process, which
improves the adaptability of the model to diversified interferences and deformations,
but the overfitting risk of few-shot samples is also alleviated through various data
enhancement operations such as rotating, flipping, cropping, etc., and the model’s
robustness and generalization ability are further strengthened.

Through comparative experiments conducted with mainstream semantic image seg-
mentation methods such as Google’s DeepLabV3+, the method in this paper achieved
significant improvement in both the segmentation accuracy of batik images and the at-
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tention to batik patterns, which provides a strong technical support for the automated
processing and inheritance of batik images.

2. Related Works

Few-shot sample semantic segmentation refers to the mining of generalizable feature
representations to achieve high-precision pixel-level segmentation of new categories of
targets when the available annotation samples are extremely limited to effectively address
segmentation needs in data-scarce scenarios. A series of achievements have already been
made in the field of few-shot semantic segmentation. Guo et al. [13] propose a novel
end-to-end model named GFormer to enhance generalization on unseen classes. Its key
contribution is the introduction of an adversarial prototype generator that distinguishes
between positive and negative examples. By using different but visually similar categories
as negative samples against the target (positive) support classes, the model learns more
discriminative features. Combined with a modified ViT encoder that reduces overfitting
to image content and a prototype-guided decoder, this approach significantly improves
segmentation accuracy for novel classes in few-shot settings. Lee et al. [14] propose a
semi-supervised, few-shot learning framework for pointwise vortex-induced vibration
detection in structural health monitoring. Its core contribution is a practical methodology
that requires only a small set of labeled real non-VIV samples and synthetic VIV data
to bootstrap an initial model. This model then pseudo-labels large-scale unlabeled data
and is refined through sequential transfer learning, effectively eliminating the need for
extensive manual annotation. The integration of regularization techniques (high softmax
threshold and label smoothing) ensures robustness against diverse, unseen environmental
conditions, providing a scalable and cost-effective solution for real-world monitoring. He
etal. [15] proposed a new cross-domain few-shot sample semantic segmentation framework
called APSeg, which realizes cross-domain adaptation without additional fine-tuning by
using the Segment Anything Model (SAM) with huge pretrained features and combin-
ing it with the Dual Prototype Anchor Transform (DPAT) and MetaPrompt Generation
(MPG) modules, robustly maps semantic features and automatically generates semantic
features by fusing the support with the query samples’ prototype information, and then
automatically generates semantic features by fusing the support with the query samples’
prototype information. By fusing support and query sample prototype information to
robustly map semantic features and automatically generate cue vectors instead of man-
ual input, it significantly improves segmentation accuracy and simplifies the reasoning
process, providing an efficient and robust end-to-end solution for cross-domain semantic
segmentation in low-labeling environments. Aiming at the association noise problem
caused by cross-category local similarities and intra-class differences in few-shot sample
semantic segmentation, Liu et al. [16] proposed FECANet based on feature enhancement
and context awareness: firstly, noise is suppressed and semantic consistency is enhanced by
cross-attention and channel-attention and then an association reconstruction module that
integrates dense overall associations and multi-scale self-similar contextual information is
constructed, which guides the network to capture more complete and fine-grained query-
support matching patterns and finally introduces a residual decoder to refine the output
multiple times and extract the target boundary effectively. To address the challenge of
few-shot sample semantic segmentation relying on large-scale annotations, Ding et al. [17]
proposed the Self-Regularizing Prototype Network (SRPN): by comprehensively evaluating
the prototyping effect in the support set, explicitly optimizing the prototype’s representa-
tion of interclass distinguishability and intraclass completeness, and utilizing a distance
metric named the fidelity distance metric and iterative query inference mechanism to fully
retain key semantic and detail information to effectively migrate to the query set under
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the premise of accurately reconstructing the semantics of the support set, it achieves more
accurate and robust pixel-level segmentation of unseen classes. Cao et al. [18] proposed a
support set prototype vector as the query of the transformer decoder, which is combined
with the key—value mechanism of the query image to generate an adaptive segmentation
kernel (ProtoFormer), which significantly enhances the ability of spatial detail capture and
target focusing and thus achieves excellent segmentation performance under the condi-
tion of few-shot samples. Lu et al. [19] proposed a fractional normalization fusion and a
cross-covariance transformer-based prediction correction method (PCN) to deal with the
problems of skewed prediction and over-confidence for the base and new classes. This is
based on the prediction correction method (PCN), which effectively alleviates bias while
improving generalized few-shot sample semantic segmentation accuracy.

The aforementioned few-shot segmentation methods generally face bottlenecks such as
insufficient cross-domain adaptability, feature expression susceptibility to noise interference,
insufficiently fine-grained prototype generation and detail capture, etc. APSeg focuses on
interactive cueing and out-of-domain generalization, while FECANet emphasizes feature
augmentation and contextual reconfiguration, but relatively insufficiently balances the
frequency-domain details and category imbalance; the auto-regularized prototype network
(ARPN) inverts constraints on the quality of the prototypes but does not take full advantage
of the complex texture and multi-scalar semantic segmentation. ProtoFormer and PCN
focus on prototype matching or predictive correction transformers. This is based on the
above limitations and shortcomings of the few-shot sample semantic segmentation models
for batik data.

Cross-domain transfer learning is a method of feature mapping and knowledge mi-
gration between source and target domains to mitigate data distribution differences and
improve the learning performance of the target task. There are different schemes for cross-
domain migration learning in different application scenarios. Gao et al. [20], for the domain
difference between ground and UAV images, based on a deep convolutional network and
differential preprocessing strategy to achieve accurate recognition of multi-source weed
images by a single model, successfully migrated the training results of the source domain to
the target domain. Cuttano et al. [21] proposed the CoRTe method, which can be applied to
the target domain through relative confidence screening and a self-refined pseudo-labeling
strategy. This achieves reliable cross-domain migration learning from black-box source
models to lightweight target models without direct access to source data and model de-
tails. Tan et al. [22] proposed two new metrics, F-OTCE and JC-OTCE, which achieve
accurate quantification of cross-domain cross-task migration learning through optimal
transfer and conditional entropy without additional auxiliary tasks and applied the results
of cross-domain cross-task migration learning to the target domain. Li et al. [23] proposed
a single-model cross-domain migration framework for multi-target load monitoring by
fixing the feature extraction layer and fine-tuning the output layer of the target domain to
achieve efficient migration and adaptation of cross-domain power features, which can be
used in different datasets. By fixing the feature extraction layer and fine-tuning the target
domain output layer, efficient migration and adaptation of power features across domains
can be realized, which significantly reduces the annotation requirement and maintains
excellent decomposition accuracy on different datasets and equipment types. For the
cross-modal domain problem caused by the difference between optical and SAR imaging,
Gao et al. [24] proposed the ADCG network, which uses lightweight dense connections
and a convolutional attention module to perform pixel-level feature conversion, effectively
alleviating the insufficient labeling and category imbalance of SAR data and significantly
improving the ship identification accuracy. Fang et al. [25] proposed a new framework
of deep cross-domain migration learning based on a particle swarm algorithm, which
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significantly improves the cross-domain anomaly detection accuracy by separating the
conditional domain differences between normal and abnormal samples and integrating
the edge distribution and conditional distribution. Wang et al. [26] propose a novel Cross-
Dimensional Information Transfer Framework (CDITF) to bridge the fundamental gap
between computer vision (CV) and bioelectrical signal domains. Its key contribution is a
cross-task domain adaptation method (CDITF-CTDA) that jointly addresses the dimen-
sional disparity (1D vs. 2D data) and task/label inconsistency between these domains. By
using parallel encoding-decoding modules to map both data types into a shared feature
space while preserving their discriminative characteristics and synergistically integrating
feature and label information for adaptation, the framework enables effective knowledge
transfer from label-rich CV data to label-scarce bioelectrical signal analysis. This achieves
successful cross-dimensional, cross-domain learning with limited medical labels, consis-
tently improving performance metrics like AUC.

Existing research focuses on cross-domain migration in general-purpose scenarios,
including feature mapping between optical-radar images, cross-domain fusion of multi-
source remote sensing images, non-intrusive load monitoring, multicategory target detec-
tion and identification, etc. Although it is effective in reducing annotation requirements
and improving generalization ability, most of the methods rely on domains where the
feature distribution is relatively stable or the size of the training samples is large. For the
scene of batik pattern segmentation details and lack of annotation, these methods have
limitations in feature extraction fineness and embedded deployment requirements.

To address the above issues, this paper proposes improved methods. In the field of
few-shot semantic segmentation, this paper designs a two-way coding feature extraction
architecture, a hierarchical fusion decoding architecture, and a two-phase fusion decoding
architecture to address the difficulties in batik images such as sparse samples, varied
textures, and category imbalance. In cross-domain transfer learning, we employ a fine-
tuning strategy leveraging pre-trained models, freezing low-level generic features, tuning
high-level decision modules, and integrating targeted optimizations via data augmentation
and lightweight architecture design.

3. Methods

As a typical representative of intangible cultural heritage, the batik pattern dataset
has few-shot samples, high complexity, and unique process characteristics. On the one
hand, the handmade characteristics lead to a limited data size that is unlikely to meet the
comprehensive training requirements of deep learning models. On the other hand, the
interweaving of the gradient texture formed by the halo-dye penetration of batik and the
fine ice crack texture leads traditional segmentation models to easily fall into the dual
predicament of overfitting and computational redundancy, making it difficult to balance
segmentation accuracy and operational efficiency. Aiming at the above problems, this study
proposes a lightweight semantic segmentation framework for few-shot sample scenarios.
First, a cross-domain feature migration mechanism was constructed based on the idea of
transfer learning, and deep semantic a priori features were extracted from a pre-trained
model using ResNet101, which can effectively alleviate the problem of insufficient feature
characterization under few-shot sample training and improve the robustness and general-
ization ability of the model at the same time. Secondly, to reduce the model parameter size
while strengthening the ability to focus on the haloed boundaries and detail regions in the
batik image, this study designed a lightweight dual-attention module, which adopts spatial-
channel separated weight calculation to strengthen the focus on the target region from
multiple perspectives and suppress background redundant information. In addition, to
take into account the multi-scale feature capture of microstructure and macro-morphology,
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ResNet101

this study constructed a multi-branch inflationary convolutional structure, which reduces
the computation amount while maintaining the comprehensive characterization capability
of texture details and global semantics through parallel dilated convolutional layers. A
progressive feature fusion strategy is adopted in the hierarchical decoder, which makes
full use of the encoder’s shallow texture features and deep semantic features for dynamic
multiplexing, thus effectively improving the segmentation accuracy in the decoding stage.

3.1. Modeling Framework

The model framework of this study is shown in Figure 1; its core architecture adopts
a hierarchical progressive feature processing mechanism to realize efficient extraction
and reconstruction of semantic information through multi-module collaboration. The
algorithmic process contains four modules: depth migration-based trunk feature extraction
module, dual-attention feature enhancement module, lightweight multi-scale feature fusion
module, and hierarchical semantic decoding module. This model framework reduces the
parameter scale and computational complexity while guaranteeing the model accuracy.

FAM —_> Decoder
) [T T /

Figure 1. Overall network structure.

Aiming at the characteristic of the scarcity of batik pattern samples, this model adopts
ResNet101 as the backbone network and effectively migrates the pre-trained knowledge to
the target domain through the migration learning strategy. In the dual-attention feature
enhancement module in the spatial dimension, PAM constructs the dynamic sensory field
by deformable convolution and realizes pixel-level feature recalibration by using a spatial
location correlation matrix; in the channel dimension, CAM adopts a lightweight module
to generate the channel weight vectors by global average pooling. The outputs of both are
fused by adaptive weighting to form an enhanced feature map. This module introduces a
parameter-sharing mechanism so that the dual-attention sub-network shares the underlying
convolutional kernel, effectively controlling the model complexity. Hollow space pyramid
pooling is adopted for multi-scale context extraction of attention enhancement features
and parallel convolution with differentiated expansion rates is used to capture different
granularity features and reduce computational redundancy. The feature reorganization
unit is designed to achieve channel compression by a 1 x 1 convolution and cross-scale
feature interaction using depth-separable convolution. To achieve a balance between
detail preservation and semantic restoration, the upsampling phase of this model adopts a
lightweight progressive feature decoding strategy.

3.2. Backbone Feature Extraction Module

ResNet101 is a deep convolutional neural network based on a residual learning frame-
work, and its core design idea mitigates the gradient vanishing problem in deep net-
works through Skip Connection, thus supporting the stable training of ultra-hundred-layer
networks. As shown in the model structure (Figure 2), the network adopts a staged
feature extraction strategy, which compresses the feature map resolution by downsam-
pling step by step and gradually increases the channel dimensions to capture multi-level
semantic information.

https:/ /doi.org/10.3390/ electronics15061242


https://doi.org/10.3390/electronics15061242

Electronics 2026, 15, 1242

7 of 23

4x

Image 380x 380

output

7x7, 64, stride 2 size: 190x190

| i

convl X 3.3 nax pool,

stride 2
<164 — output L;w-Level
3x3: 64 size: 95x95 ~~Lcaturey @
1x1, 256
stride 1
conv2 x 1x1, 128 Layer2

3x3, 128 output Features
Ix1, 512 size: 48x48 Decoder
stride 2

v v
conv3 X 1x1,256
3%3, 256 output
IXIz 1024 size: 24x24
stride 2 i
v
convd x 1x1,512
3x3, 512 outont X Dual Attention
1x1, 2048 | owp Features |
stridel size: 24x24 ——>
! ‘ Dilated
Convolution
avg pool output —
fc 1000 size: 1x1

Figure 2. Backbone residual network diagram.

In the input stage, the conv0 layer uses 7 x 7 large-size convolutional kernels (number
of channels 64, stride size 2) to downsample the input image from the original resolution of
380 x 380 to 190 x 190. This design quickly captures the local texture features through a
larger sensory field and at the same time realizes the compression of spatial dimensions
by utilizing a stride size of 2, which significantly reduces the amount of subsequent com-
putation. Subsequently, the conv1_x layer further reduces the feature map size to 95 x 95
by 3 x 3 maximum pooling (stride 2), an operation that effectively reduces redundant
computation while preserving significant features. Low-level features (LLFs) then enter
the decoder module, where shallow features may be multiplexed through cross-layer
connections to enhance detail retention in few-shot sample scenarios.

The core residual module (conv2_x to conv4_x) adopts the classic bottleneck structure,
with the conv2_x stage downsampling the feature map from 95 x 95 to 48 x 48 with a
stride of 2 while extending the number of channels from 64 to 512 through a1 x 1/128
— 3 x3/128 —+ 1 x 1/512 structure. The high-level feature extraction stage (conv3_x
vs. conv4_x) strengthens the semantic characterization capability through progressive
channel expansion (512 — 1024 — 2048). conv3_x uses a stride of 2 to downsample the
resolution to 24 x 24, while conv4_x maintains the resolution constant through a stride
of 1, at which point a dilated convolution is used to expand the receptive field without
increasing the number of parameters. This is to extend the sensory field to improve
the generalization ability in few-shot sample learning. Global average pooling (GAP)
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compresses the 24 x 24 x 2048 feature map into 2048-dimensional vectors, which are
mapped to 1000 classes of classification results by a fully connected layer.

3.3. Dual-Attention Feature Enhancement Module

In the dual-attention mechanism shown in Figure 3, the green module PAM on the left
(centered on the spatial dimensionality operations of Q, K, and V) is mainly responsible for
capturing the long-range dependencies of features on the spatial domain. The input feature
map X € REXHXW g rearranged into three tensors of queries (Q), keys (K), and values (V)
for generating the spatial attention distributions: the queries and keys are transformed into
RHWXS versus R§ *HW respectively, to obtain a spatial attention distribution via matrix
multiplication to obtain a correlation map of RFW*HW followed by softmax normalization
to obtain a spatial attention matrix A,. This attention matrix can be viewed as a weighted
mapping that establishes explicit associations between spatial locations to measure the
degree of dependency between different pixels (or feature locations). The attention matrix
is then multiplied by the numerical tensor V € R&HW to obtain the feature representation
RE*HW that incorporates the global spatial context. After the corresponding reshape
operation, it is multiplied element by element with the original feature map according to
the channel dimension to obtain M, which enables the network to explicitly capture pixel
correlations in the global context and feed such global information into the feature map.
The spatial attention module effectively improves the sensitivity to the target or scene,
enabling the network to have better performance in tasks such as parsing object edges,
region consistency, and detail inference.

( ASPP )

£ » concat | E
(DN )
AL/ L/
A A
Mp reshape MC reshape
(HW) X (W) -
Ap AC
1 ]
sof tmax Cx (W) sof tmax CX (W)
HAX (C//8) _ <o (C//8) XHW CXHW HEXC
reshape &|transpose reshape reshape reshape reshape & transpose | Teshape
Ce JCx )Cv J e ) Cx ) (v )
\ 4

CXHXW X CXHXW
Features

Figure 3. Dual-attention feature enhancement module diagram.
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In contrast, the blue module CAM on the right side focuses on modeling global
relationships on the channel domain, adopting a similar idea of attention computation as

on the left side, but transforming the shapes of Q, K, and V into forms that are capable of
RC xHW

RCXC,

interacting in the channel dimension: the query and key features are rearranged to

and RHWXC

, respectively, so that the resulting attention matrix A, is computed as
used to characterize the degree of inter-channel dependence. By softmax normalization, this
channel attention matrix reveals which channels are more discriminative or more correlated
with other channels. A, is multiplied by the numerical tensor V. € R&*HW to obtain

the channel-enhanced contextual features R©*HW

, which are then multiplied element by
element with the original features to obtain M.. After the two modules have captured
the information in the spatial domain and the channel domain, respectively, the features
are fused with the original features by concatenating them with subsequent operations,
such as space pyramid pooling (ASPP). The features are then fused through concatenation
and subsequent operations such as ASPP, thus giving the network the ability to model
long-term dependencies at both the pixel and channel levels. The final output features can
take into account the global context of spatial locations and channel relationships, which
not only preserve the fine boundaries of the target but also strengthen the collaborative
effect of the channels in determining the target category or scene semantics, which enables

the model to achieve better representation in semantic segmentation visual tasks.

3.4. Lightweight Multi-Scale Feature Fusion Module

This paper adopts a lightweight multi-scale feature fusion module shown in Figure 4,
whose core design is based on a parallel multi-branch structure with an efficient feature
interaction mechanism, aiming to capture multi-level spatial context information with a low
number of parameters and low computational complexity. The main body of the module
consists of four heterogeneous branches: the main branch performs channel dimensionality
reduction on the input features through a 1 x 1 convolution to reduce the subsequent
computation; the three parallel subbranches adopt the 3 x 3 depth-separable expansion
convolution with expansion rates of 6, 12, and 18, respectively, and construct multi-level
sensory fields by differentiating the expansion rates under the premise of avoiding explicit
downsampling to efficiently capture the local details, medium-scope semantics, and global
context information. The last branch uses a global image pooling layer to extract spatially
independent global statistical features, which are spliced with the outputs of the first four
branches after adjusting the dimensionality by a 1 x 1 convolution to form a cross-scale
complementary feature representation.

In terms of lightweight design, the introduction of expansion convolution makes the
network expand the effective sensory field without increasing the number of parameters.
The feature fusion stage adopts channel splicing instead of element-by-element summation
to avoid the problem of information suppression between features of different scales, while
the output channels of each branch are compressed by the front 1 x 1 convolution to ensure
that the total number of channels after splicing does not exceed the input dimensions, to
control the memory occupation.

Compared with existing multi-scale fusion approaches such as AFPN [27], CM-
NET [28], and Zoom Text Detector [29], which are primarily designed for object detection
or text recognition with large-scale training data, our lightweight module offers distinct
advantages for few-shot texture segmentation: (1) parameter efficiency through depth-
separable convolutions, reducing overfitting risk; (2) texture-sensitive receptive field design
using dilated convolutions with carefully chosen rates; (3) explicit global context modeling
via a separate pooling branch; and (4) seamless integration with attention mechanisms
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for feature refinement. These characteristics make our module particularly suitable for
fine-grained segmentation tasks with limited training samples.

x1 Conv

i

L

/

rate 6

—>
Attention Concat
Feature y r
-

We’ght rate 12 > — >

—
X
Features )

> -

Image
Pooling

Figure 4. Lightweight multi-scale feature fusion module map.

This module achieves multi-granularity feature decoupling at the microscopic level
through heterogeneous expansion rate design and attention co-optimization. The nested
structure of depthwise separable convolution and channel compression is used to reduce
the computational density under the premise of guaranteeing the feature expressive power.
The complementary design of global pooled branches and local convolutional branches
enables the network to model long-range dependencies and local structural patterns at the
same time.

3.5. Hierarchical Semantic Decoding Module

To better demonstrate the decoding process of the whole network, this model is multi-
optimized in terms of feature fusion and upsampling strategies. As shown in Figure 5, the
decoder consists of four serial layers that combine the multi-level features from ResNet101
with the information provided by the dilated convolution (DC) and attention (DA) modules
at different stages to achieve accurate recovery of the target region. The core idea of
this decoding structure is: first reduce the computational cost by average pooling and
upsampling while retaining the necessary spatial details; then extract the multi-scale
semantic representations by using the dilation convolution and enhance the key regions
by combining them with the attention module; and, finally, fuse with the shallow features
from ResNet101 to ensure the finesse and accuracy of the high-resolution output.
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Figure 5. Hierarchical semantic decoding module diagram.

The first layer of the decoder extracts features mainly from the second layer of
ResNet101 and performs dimensionality reduction through average pooling to reduce
the subsequent computational complexity. After an upsampling operation, these features
are scaled to a higher resolution.

Based on this, the features from the inflated convolution module are further fused
and combined with the features from ResNet101 through the same upsampling operation
to form the F1 features. The main goal of this layer is to utilize the multi-scale features
extracted by the expansion convolution and the low-level features extracted by ResNet101
to improve the spatial resolution through the upsampling operation and provide richer
feature information for the subsequent layers.

In the second layer, the decoder receives the F1 features from the previous layer and
fuses them with the features from the attention module. DA features are processed by a
1 x 1 convolution and then upsampled. These processed DA features are subjected to a
concatenation operation with F1 features to generate F2 features. This process ensures that
the decoder can fully utilize the useful information learned from the attentional feature
module while combining the details of the F1 features to lay the foundation for subsequent
feature fusion.

The main function of the third-layer decoder is to fuse the F2 features with the output
of the inflated convolution module. The DC features are upsampled to restore spatial reso-
lution. The F2 features are then concatenated with the upsampled DC features to generate
F3 features. The focus of this layer is to continue to utilize the multi-scale information to
enhance the spatial details of the F2 features while keeping the semantic information of the
original image undistorted.

The final layer of the decoder is responsible for combining the F3 features with inputs
from ResNet101 low-level features. At this layer, the F3 features are first fused with the
low-level features from ResNet101 to generate F4 features. The F4 features are processed
by a 3 x 3 convolution to further extract finer features. After the upsampling operation,
the final semantic segmentation result is obtained. The core purpose of this layer is to
recover more detailed information by fusing low-level features, which, in turn, improves
the accuracy and quality of the semantic segmentation graph.

Through the above-layered design, the model can fully retain the key information
from the deep and shallow layers in the decoding stage, which ensures the completeness of
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the segmentation result at the semantic level and also takes into account the accuracy of
the spatial resolution. The synergistic effect of the expansion convolution and the attention
mechanism enables the multi-scale context to be effectively utilized while suppressing the
interference of background noise. Ultimately, by fusing with low-level features again at the
last layer, the model can output a more detailed semantic segmentation map, providing
robust feature representation and high-quality segmentation results for tasks such as scene
understanding and target detection.

While our hierarchical decoder shares high-level similarities with feature pyramid
networks [30], it differs fundamentally in three aspects: (1) progressive bidirectional fusion:
unlike standard top-down FPNs, our decoder integrates features in a layered manner
where each stage combines outputs from previous layers with newly processed features
(DA, DC) to enable gradual refinement; (2) multi-stage attention integration: attention
enhancement is applied not once but at multiple stages (Layer2), and attention-weighted
features are subsequently fused with multi-scale context (Layer3), creating a synergistic
effect; and (3) texture-optimized design: the specific combination of dilated rates (6,12,18)
and hierarchical fusion order is empirically optimized for capturing the multi-scale nature
of batik textures, from fine wax cracks to overall pattern structures.

4. Experimental Evaluation
4.1. Datasets

A sample of the batik dataset is shown in Figure 6, where the same category of batik
patterns contains a variety of styles that are richly textured and abstracted.

Figure 6. Examples of batik patterns and their labeled drawings.

This study used the LabelMe tool to label batik patterns and generate image labels
in PASCAL VOC data format for subsequent training. In this study, image data was
collected and organized from various sources, which contain 106 images of butterfly
patterns, 109 images of fish patterns, and 47 images of multi-category patterns. Each image
was cropped into 380 x 380 pixel image blocks as input images. Dataset statistics are shown
in Table 1.
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Table 1. Dataset statistics.

Aspect Details

3 semantic classes: butterfly, fish,
Number of Classes background (plus multi-category images
containing both butterfly and fish)

Butterfly: 106 images; fish: 109 images;

Number of Images per Class multi-category: 47 images (containing
both classes)
Total Annotated Images 262

Varied by source; all resized/cropped to
380 x 380 pixels for model input

PASCAL VOC format (polygon-based
segmentation masks)

Image Resolution

Annotation Format

Pixel-level semantic masks; each image
annotated by cultural heritage experts to
ensure accuracy of fine details (e.g.,
antennae, eyes, scale patterns)

Annotation Granularity

As shown in Figure 6, the intra-class variation included (a) butterfly: wing shape
(symmetric/asymmetric), pattern density (sparse/dense), orientation (various angles), size
variation; (b) fish: body shape (elongated/round), fin types, scale patterns, tail shapes; and
(c) multi-category: spatial arrangements (overlapping/separated), relative sizes, composi-
tion complexity.

The details of annotation granularity were as follows: (a) tool used: LabelMe an-
notation tool, (b) annotation process: each image was annotated with polygon masks
at the object level and then converted to pixel-level semantic labels, (c) expert involve-
ment: annotation protocol was developed in collaboration with batik cultural heritage
experts to ensure accurate identification of pattern elements, (d) quality control: each
annotation was reviewed by a second annotator; ambiguous cases were resolved through
expert consultation.

In the experiment, the dataset was divided into training and validation sets for each
category, following an 80/20 split. Specifically, from the 106 butterfly images, 85 were
used for training and 21 for validation; from the 109 fish images, 87 were used for training
and 22 for validation; and from the 47 multi-category images, 38 were used for training
and 9 for validation. This resulted in a total of 210 training images and 52 validation
images. The validation set included images containing only fish patterns, only butterfly
patterns, and composite images containing elemental patterns (such as fish and butterflies).
These images covered every category and level of complexity to better reflect the model’s
semantic segmentation ability and generalization.

4.2. Experimental Environment and Parameter Settings

In this study, Linux Ubuntu 20.04 was used as the experimental environment, based on
the hardware configuration of Intel(R) Core(TM) i7 13700F, 32 GB of RAM, and a GeForce
RTX 4090 GPU with 24 GB of graphics memory. The software tools used included PyTorch
2.0.1 and CUDA 12.2.

To improve the diversity of the data and the generalization ability of the model,
data augmentation operations such as scaling, rotating, and flipping were performed
on the original images in this paper. Feature backbone extraction was performed using
four convolutional layers and one average pooling layer of ResNet101 and pretrained on
PASCAL VOC. To ensure fairness, the input image size of all comparison models was
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380 x 380, the learning rate was 1 x 10~2, the momentum was 0.9, the batch size was 8, and
the training termination condition was set to 20 consecutive epochs of model performance
without enhancement, and the optimal model parameters were saved.

To account for split sensitivity in few-shot segmentation, we performed 5-fold cross-
validation with 3 random seeds per fold, resulting in 15 independent runs for each experi-
ment. The reported results are the means across all runs, with standard deviations and 95%
confidence intervals.

4.3. Evaluation Indicators

To evaluate the semantic segmentation performance of the model, this study analyzed
and compared the experimental results in terms of both quantitative assessment and
subjective evaluation. The quantitative evaluation mainly quantified the segmentation
accuracy and robustness of the model by calculating two evaluation metrics, pixel accuracy
(PA) and Mean Intersection over Union (mloU). The subjective evaluation mainly focused
on analyzing the model’s segmentation effect on batik patterns of different categories and
complexity by observing the resultant images of semantic segmentation.

Pixel accuracy (PA), also known as global accuracy, is a metric for measuring the
number of correctly classified pixels as a percentage of the total number of pixels. As
shown in Equation (1), PA reflects a classification model’s ability to predict all samples,
and a higher accuracy indicates a more accurate model. njj denotes the number of correctly
categorized samples in category j, tj denotes the total number of samples in category j, and
the accuracy rate is defined as the ratio of the number of correctly categorized samples to
the total number of samples in all categories.

K no
o »

The Intersection over Union (IoU) for a specific category j is given in Equation (2),

PA =

where k denotes the number of categories and n;; represents the number of pixels with true
label i that are predicted as label j. The IoU is calculated as the ratio of the intersection
(i-e., correctly classified pixels n;) to the union (i.e., total pixels in either the ground truth
or prediction for category j). This metric reflects the segmentation accuracy for each
individual category.

1
ity i + Tf g nji —

Mean Intersection over Union (mloU), shown in Equation (3), is a metric used to

IOUj =

2

evaluate the performance of a semantic segmentation model that calculates the degree of

overlap between the true and predicted labels. mloU was higher, which indicated that the

model was more capable of predicting all the categories. mloU was the number of pixels

that calculated the IoU for each category; then, the average value of all the category IoUs

was found. .

mloU = % ™ n]]k
i=1 Lo Dij + Xt nji — 0y

)

4.4. Ablation Study
4.4.1. Encoder Ablation Experiment

The results of the ablation experiments in Table 2 systematically reveal the mechanisms
by which different encoder modules contributed to the semantic segmentation performance.

https:/ /doi.org/10.3390/electronics15061242


https://doi.org/10.3390/electronics15061242

Electronics 2026, 15, 1242 15 of 23

Table 2. Encoder ablation experiment results.

Backbone Description mloU PA

ResNet101 None 54.51% 82.37%

ResNet101 Dual-Attention Feature Enhancement 76.02% 91.34%
Module

ResNet101 Dual-Attention + Multi-scale Features 79.22% 92.47%

The baseline model based on ResNet101 achieved 54.51% and 82.37% in mloU and PA
metrics, respectively, a result that validates the effectiveness of the baseline architecture
at the level of feature extraction but also exposes its limitations in terms of insufficient
feature characterization capability in complex scenarios. When the dual-attention feature
enhancement module was introduced, this significantly improved to 76.02% (relative im-
provement of 21.51%), and the PA reached 91.34% (relative improvement of 8.97%), which
confirms that the module could effectively enhance the response strength of the key fea-
tures through the dual-attention mechanism of channel and space. After further adopting
the lightweight multi-scale feature fusion module, the model performance continued to
improve to mloU 79.22% and PA 92.47%; the 3.2 percentage point gain in mloU verifies
the importance of cross-scale feature fusion for spatial detail preservation. The module
achieves a balance between sensory field expansion and local feature preservation through
the feature fusion mechanism.

It should be noted that the baseline ResNet101 model was fine-tuned from ImageNet
pre-trained weights, not trained from scratch. However, its relatively low performance
(54.51% mloU) can be attributed to two factors: (1) the substantial domain gap between nat-
ural images and batik patterns, which featured unique handmade textures, wax-cracking
effects, and gradient halos not present in ImageNet, and (2) the limited training data
(210 images) in the few-shot setting, which constrained effective fine-tuning. The signifi-
cant improvement (21.51% absolute gain) achieved by adding the dual-attention module
demonstrates that attention mechanisms were particularly effective at bridging this domain
gap by dynamically enhancing batik-specific features while suppressing irrelevant patterns.

4.4.2. Decoder Ablation Experiment

To explore the effect of different decoders on the performance of semantic segmentation
models, ablation experiments were done for the decoders. As shown in Table 3, this
systematically verified the optimization effect of layered decoding on the performance of
semantic segmentation by gradually introducing the layered decoder module.

Table 3. Decoder ablation experiment results.

Backbone Description mloU PA
ResNet101  Decoder (Layerl + Layer4) 73.43% 90.65%
ResNet101  Decoder (Layerl + Layer2 + Layer4) 75.65% 91.48%

ResNet101  Decoder (Layerl + Layer2 + Layer3 + Layer4)  79.22% 92.47%

When Layer1 (containing AvgPool and DC features of ResNet101 Layer2) and Layer4
(low-level feature fusion module) were used to form the base decoder, the model obtained
73.43% of mIoU and 90.65% of PA on the test set, which indicates that the combination of
void convolution-based context modeling and shallow features already possessed basic
segmentation capability. After the introduction of Layer2 (with the DA dual-attention
mechanism and extended convolution), this was significantly improved by 2.22 percentage
points to 75.65%, and the PA increased by 0.83 percentage points to 91.48%, which was
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attributed to the fact that the dual-attention module effectively enhanced feature discrimina-
tion through channel and spatial co-modeling, while the extended convolution maintained
the feature resolution while enlarging the sensory field, and the two of them synergistically
optimized the semantic representation of middle and high-level features.

When the complete integration of Layer3 (with DC feature upsampling and cross-layer
connectivity) was used to build a four-level decoding architecture, the model performance
achieved the most substantial improvement, with mIoU reaching 79.22% and PA rising
to 92.47%, which was 5.79% and 1.82% higher than for the baseline model, respectively.
This result shows that Layer3 achieves dynamic alignment of deep semantic information
with mid-level detailed features through multi-scale feature extraction with a progressive
upsampling mechanism by cavity convolution, while cross-layer connectivity constructs a
hierarchical feature pyramid through feature splicing operations, which enables the model
to capture both global context and local boundary information. It is worth noting that the
performance gain showed a nonlinear growth trend with the deepening of decoder layers,
and the introduction of Layer3 brought a 3.57% jump in mloU, which was significantly
higher than the gain magnitude of Layer2, verifying the necessity of the multi-level feature
refinement mechanism in complex scene parsing. The experimental results fully demon-
strate that the layer decoder designed in this study realizes the progressive reconstruction
of semantic information from coarse-grained to fine-grained through the refined feature
recalibration of the DA module, the multi-scale context fusion of the DC module, and the
progressive feature upsampling strategy, which provides an effective decoding scheme to
improve segmentation accuracy.

4.4.3. Decoder Ablation with Progressive Component Addition

The results of the decoder ablation study with progressive component addition are
shown in Table 4.

Table 4. Decoder ablation study result.

Hierarchical

Model Decoder Components Attention mloU PA
Structure
A: Baseline . . . . . X X o o
Decoder Simple upsampling + skip connections (no hierarchy) 71.23% 89.45%
B+ Atter.ltlon Baseline + DA module at decoder input v X 75.82% 91.12%
Weighting
C: + Hierarchical = Baseline + layered fusion (Layerl + Layer2 + Layer3 + X v 76.94% 91.78%
Structure Layer4)
D: Full Model Hierarchical decoder + integrated attention weighting v v 79.22% 92.47%

Baseline Decoder (A): Simple decoder with two upsampling layers and skip connec-
tions from ResNet101, achieving 71.23% mloU.

+Attention Weighting (B): Adding the dual-attention module at the decoder input
improves mloU by 4.59% (to 75.82%), confirming that attention effectively enhances
feature discriminability.

+Hierarchical Structure (C): Implementing the four-layer progressive fusion without
attention improves mloU by 5.71% (to 76.94%), validating that hierarchical decoding alone
captures multi-scale information.

Full Model (D): The complete model with both hierarchical structure and integrated
attention achieves 79.22% mloU, with the attention mechanism providing an additional
2.28% gain on top of the hierarchical structure.

To systematically evaluate the contribution of each decoder component, we con-
ducted an ablation study with progressive integration. As shown in Table 5, the baseline
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decoder (simple upsampling + skip connections) achieved 71.23% mloU. Adding the
dual-attention module improved performance by 4.59%, demonstrating its effectiveness
in enhancing texture-sensitive features. Implementing the hierarchical structure without
attention yielded a 5.71% improvement, indicating that progressive multi-scale fusion alone
captures valuable information. The full model, combining both components, achieved
79.22% mloU, with the attention mechanism providing an additional 2.28% gain on top of
the hierarchical structure. This confirms that attention weighting and hierarchical decoding
are complementary—hierarchical fusion provides rich multi-scale context, while attention
selectively enhances the most discriminative features within that context.

Table 5. Comparative experimental results of multi-scale feature fusion modules.

Backbone Description mloU PA

ResNet101 SERIES 77.89% 92.32%
ResNet101 PARALLEL 75.79% 91.44%
ResNet101 INTEGRATION 79.22% 92.47%

4.5. Comparative Experiment
4.5.1. Comparative Experiments of Multi-Scale Feature Fusion Modules

The lightweight multi-scale feature fusion module proposed in this paper improves the
model’s ability to represent complex visual patterns by hierarchically integrating features
from different receptive fields and attention mechanisms.

As shown in Figure 7c, a three-level feature fusion mechanism was adopted to capture
multi-scale spatial context information through dilated convolution, whose differential
expansion rate could effectively cover the feature distribution from local details to global
structure; a dual-attention mechanism was introduced to perform adaptive recalibration of
channel and spatial dimensions to strengthen the response strength of important feature
regions; and the original input features (X) were deeply spliced to the above-optimized
features through cross-layer connections, forming a model with both detail-preserving and
semantic features. Compared with the traditional baseline model (e.g., Figure 7a using
only linear superposition), this design avoids the problem of detail loss caused by the
traditional cascade operation (e.g., Figure 7b simply splicing DA and DC) by introducing
the hopping connection to retain the underlying high-resolution information. During the
feature fusion process, the inflated sampling strategy of dilated convolution complements
the feature selection property of the attention mechanism, where the former explicitly
constructs a multi-scale feature pyramid by parameterization and the latter implicitly
mines long-distance dependencies between features in a data-driven manner.

1
T T concat

DC concat DC
DA DA DC DA
! ! ! |
X X X X X
(a) (b) (c)

Figure 7. Comparison of multi-scale feature fusion modules, (a) linear cascade; (b) simple concatena-
tion; (c) three-level fusion with hopping connection.
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This section validates the superiority of the proposed hierarchical fusion architecture
by systematically comparing the performance differences of different multi-scale feature
fusion strategies in semantic segmentation tasks, as shown in Table 5.

The experimental data show that the baseline model (a) with the serial structure
achieved 92.32% in pixel accuracy (PA), but its mean intersection and merger ratio (mloU)
was only 77.89%, reflecting the significant deficiencies of the model in category boundary
delineation and complex scene adaptation; the model (b) with simple parallel splicing
suffered from insufficient feature interactions, resulting in a comprehensive degradation of
performance (mloU 75.79%, PA 91.44%). In contrast, model (c) achieved a breakthrough
improvement of 79.22% in mloU through a three-level feature fusion mechanism, which
was statistically significant (p < 0.01) in terms of performance gains of 1.33% and 3.43%
over models (a) and (b), respectively. The significant advantage of the mIoU of model (c)
confirms that it is more suitable for the core requirement of semantic segmentation—the
metric integrates the accuracy of category prediction with the completeness of region
coverage, whereas model (c) effectively mitigates intra-class discrepancy and inter-class
confusion through the multi-scale context capture by dilated convolution and the dual-
attention feature recalibration problems.

4.5.2. Dominant Model Comparison Experiment

In the segmentation task of the batik dataset, the quantitative comparison in Table 6
shows that the mainstream model and the proposed method present significant perfor-
mance stratification in terms of parameter size (Params), mean intersection, merger ratio
(mloU), and pixel accuracy (PA).

Table 6. Validation results of the dominant model on the batik dataset.

Methods Params mloU PA
FCNS8 134.28 M 64.69% 86.72%
SegNet 72.55 M 67.70% 87.99%
DucHdc 69.17 M 70.58% 89.64%
UperNet 126.08 M 71.46% 89.89%
DeepLabV3+ 59.34 M 75.92% 91.52%
Proposed 76.65 M 79.22%*3-3% 92.47%+095%

Few-shot segmentation is known to exhibit high variance due to sample sensitivity. To
address this, we report the mean performance with standard deviations and confidence
intervals across 15 independent runs. Our method achieved the lowest variance (o = 1.43)
among all compared methods, indicating that the attention-weighted hierarchical decoder
provides more stable and reliable performance across different data splits and initializations.
Statistical significance testing confirms that the improvements over all baselines are highly
significant (p < 0.001).

Among the traditional models, DeepLabV3+ achieved the optimal baseline perfor-
mance (mloU =75.92%, PA = 91.52%) by the 59.34 M parameter count and the context fusion
capability of space pyramid pooling (ASPP), with an improvement of 8.22% compared to
SegNet (72.55 M, mloU = 67.70%) with similar parameter counts, verifying the effectiveness
of multi-scale feature extraction. FCN8 (134.28 M), which had the largest number of param-
eters, had only 64.69% more due to the lack of a dynamic feature weighting mechanism,
exposing the imbalance between model capacity and efficiency. The proposed method
achieved mloU = 79.22% with PA = 92.47%, with 76.65 M parameters (17.31% increase over
DeepLabV3+), which is a 3.3% and 0.95% improvement over the optimal baseline.

In the analysis of the validation curves of the batik dataset (shown in Figure 8), the
models showed significant divergence in data trends, convergence speed, stability, and
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final performance. Traditional models (e.g., FCN8, SegNet) had a slow mloU growth rate at
the initial stage (epoch < 500) and fell into performance saturation after epoch > 2000 due
to insufficient feature fusion capability, accompanied by periodic oscillations. DeepLabV3+
reached a peak near epoch = 1500 by the cavity convolution but subsequently showed
a slight degradation due to the fixed receptive field limitation. In contrast, the pro-
posed method was enhanced by dual-attention features, and the mloU exceeded 75% at
epoch = 800 and converged stably to 79.22% after epoch = 2000. Stability analysis showed
that the traditional model fluctuated at the late stage of training due to the insufficient
adaptation ability of the few-shot samples. The performance comparison showed that the
proposed method improved the mloU by 3.3% over the optimal baseline (DeepLabV3+)
under the condition that the number of parameters (76.65 M) only increased by 17.31%,
which verifies its superiority in terms of accuracy and lightweight trade-off.
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Figure 8. Comparison of mloU curves of mainstream models on batik dataset.

To evaluate the effectiveness of the proposed method in semantic segmentation and
texture recognition of batik patterns, this section compares the visual detection results
of UperNet, DeepLabV3+, and the proposed model on the batik dataset, as shown in
Figure 9: Figure 9a is the original RGB image, Figure 9b is the manually labeled real labels,
Figure 9c¢,d represent the segmentation prediction results of UperNet and DeepLabV3+
segmentation prediction results, and Figure 9e shows the output of the proposed model
in this study. The blue boxes label the classification differences in different categories or
texture regions, while the red boxes compare the accuracy of the engraving of edges and
detailed textures.
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(b) () (d) (e)

Figure 9. Visualization of segmentation results on the batik dataset: (a) RGB input images; (b) ground
truth labels; (c) UperNet results; (d) DeepLabV3+ results; (e) our proposed method (BMFNet). Blue
boxes highlight the comparison of category classification: row 1 (butterfly antenna), row 2 (fish eye),
and row 3 (overlapping pattern separation). Red boxes indicate the comparison of edge texture
information: row 1 (wing edge precision), row 2 (scale texture detail), and row 3 (fine ice-crack
texture preservation).

To provide a more detailed analysis, we highlight specific regions using colored boxes.
The blue boxes in Figure 9 indicate areas where classification accuracy differs between
methods. For example, as shown in the first row, the butterfly antenna was correctly
identified only by our method, while baseline models misclassified it as background. As
shown in the second row, the fish eye region was completely missed by UperNet and
only partially captured by DeepLabV3+, whereas our method accurately segmented it. As
shown in the third row, the overlapping butterfly and fish patterns were incorrectly merged
by baseline models, but our method successfully separated them.

The red boxes highlight boundary precision and texture details. As shown in the
first row, the butterfly wing edges produced by our method were significantly smoother
and more accurate than the blurred or jagged boundaries from baseline models. As
shown in the second row, the fine scale texture of the fish was preserved only by our
method, while baseline models either smoothed over or completely lost this detail. As
shown in the third row, the delicate ice-crack texture, a characteristic feature of batik, was
successfully captured by our method but was absent in the baseline results. These visual
comparisons demonstrate that our approach not only improves classification accuracy
but also enhances boundary precision and texture preservation, which are critical for
high-quality segmentation of cultural heritage patterns.

From the results, it can be seen that UperNet may suffer from texture erosion in
localized areas, while DeepLabV3+ has a limited ability to differentiate fine boundaries
and misclassified blocks. The proposed model achieves an improvement in the accuracy of
overall texture boundary, detailed parts, and complex contours, which not only improves
the integrity of target category recognition but also effectively suppresses background
noise interference and makes the segmented region more compatible with the real label. Its
superior performance in multi-scale feature fusion and high-precision texture segmentation
is demonstrated.

https:/ /doi.org/10.3390/ electronics15061242


https://doi.org/10.3390/electronics15061242

Electronics 2026, 15, 1242

21 0f23

(a) Input image

r & & f 2023093028 - PAM1 attention heatmap
S | 0.12
3 0.10
A ) 0.08
‘ 0.06
0.04
0.02
0.00

To further illustrate the role of the attention-weighting mechanism, this study vi-
sualized the attention heatmaps of representative samples and compared the responses
of shallow and deep attention layers. Specifically, Figure 10 presents the comparison of
shallow and deep attention heatmaps for a single-category sample, while Figure 11 presents
the comparison for a composite-category sample. The results show that PAM1 mainly
exhibited sparse, local, high-response regions, whereas PAM3 formed more continuous
activations over a wider range, indicating that as the network depth increased, the model’s
focus gradually shifted from local salient patterns to the modeling of overall structure and
contextual information. For both single-category and composite-category samples, the deep
attention layer demonstrated stronger global perceptual capability than the shallow atten-
tion layer. Overall, the visualization results of the attention heatmaps are consistent with
the quantitative experimental results, indicating that the collaborative effect of attention
weighting and hierarchical decoding helped improve the model’s performance.

(b) Ground truth (c) Shallow attention (PAM1) (d) Deep attention (PAM3)
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Figure 10. Comparison of shallow and deep attention heatmaps for a single-category sample.

(b) Ground truth (c) Shallow attention (PAM1) (d) Deep attention (PAM3)
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Figure 11. Comparison of shallow and deep attention heatmaps for a composite-category sample.

5. Conclusions

This paper proposed a few-shot sample semantic segmentation algorithm for batik
based on attention weighting and hierarchical decoding. The innovative architecture
realizes accurate parsing of complex textures through a multi-level feature interaction
mechanism. The network uses ResNet101 as the backbone network to construct the mi-
gration learning module, extracts the base features using the pre-training parameters, and
combines the dual-attention feature enhancement module to achieve the spatial and chan-
nel cocalibration—the spatial attention strengthens the texture contour response through
the feature map positional correlation modeling, while the channel attention is based on
the global pooling dynamic recalibration of feature channel weights, and their cascade
operation enables the model to effectively focus on key texture regions under few-shot
samples. The architecture achieves a balance between texture detail preservation and
model generalization capability under very-few-shot sample constraints through the syner-
gistic optimization of migration learning initialization, attention-guided feature selection,
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lightweight multi-scale fusion, and hierarchical decoding, which provides a reliable tech-
nical solution for the digital preservation of intangible cultural heritage. The algorithm
proposed in this paper demonstrates robustness to noise and localized fuzzy regions in
the actual batik pattern segmentation task and maintains good feature discrimination per-
formance under few-shot sample conditions. For batik patterns of different sizes, shapes,
and texture styles, the experimental results further demonstrate the model’s adaptability to
complex scenes.

Future work includes the following: (1) Aiming at the fine features of batik, such as
“fine wax cracks and gradient halos”, a super-resolution fusion mechanism will be intro-
duced to first improve the detail resolution of images before segmentation, thereby reducing
the missed segmentation and missegmentation of small-scale textures. (2) Combining the
textual information of intangible cultural heritage, a multi-modal semantic segmentation
method will be designed to enhance the segmentation quality of batik images. (3) This study
lacked a sufficient comparison with strong baselines such as PANet (Prototype Alignment
Network), PFENet, and HSNet, which could be included in future studies.
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