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H I G H L I G H T S

• A deep semantic decoupling network is proposed for complex PV solar cell defect segmentation.• A semantic decoupling and aggregation module enhances cross-scale feature fusion.• A global-local attention module strengthens semantic consistency and detail preservation.• Extensive experiments demonstrate competitive performance and robustness on public datasets.
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A B S T R A C T

Defects in photovoltaic (PV) solar cells can signicantly degrade photoelectric conversion eciency and shorten
service life. Solar cell defect segmentation enables accurate localization of defects, thereby supporting the intel­
ligent operation and maintenance of photovoltaic power plants. However, solar cell defect segmentation faces
two major challenges. On the one hand, multiscale low-contrast defect information is dicult to extract from the
foreground features due to distracting information such as occulent regions and busbars in the background. On
the other hand, high-level semantic information is prone to being lost in the feature fusion process, leading to the
missed detection of some edge-located defects and tiny defects. To address these two challenges, a deep semantic
decoupling and integration defect segmentation network (DSDINet) is introduced which can eectively extract
rich multiscale information from the foreground features and improve the representation capability of high-level
features. Specically, we design a Semantic Information Decoupling and Aggregation (SIDA) module to decou­
ple and process the foreground and background of enriched ne-grained low-level feature maps, and then fuse
them with high-level features. For defects of dierent scales, a Multiscale Feature Exploration (MFE) module is
embedded as a built-in submodule of SIDA to mine discriminative features from decoupled foreground defect
regions. In addition, to enhance the features of edge-located defects and tiny defects, we propose a Global and
Local Attention (GLA) module that simultaneously models global semantic dependencies and local ne-grained
details. Experimental results on the public polycrystalline silicon defect segmentation dataset PSCDE demon­
strate that DSDINet achieves state-of-the-art performance, demonstrating its eectiveness for PV solar cell defect
segmentation. Source code is available at: https://github.com/Taraseu/PV-Defect-Segmentation-DSDINet.

1. Introduction

Photovoltaic power generation has undergone remarkable develop­
ment over the past decades. By the end of 2023, the total installed
capacity of PV systems reached 1.6 TW, accounting for 6.2% of global
electricity production [1]. During the manufacturing, transportation,
installation and operation of PV solar cells, various defects inevitably
occur owing to improper handling, thermal stress, or extreme weather

conditions [2]. These defects can signicantly reduce photoelectric con­
version eciency and shorten the service life, leading to substantial
waste of resources and economic losses [3,4]. Consequently, to ensure
the high-standard manufacturing and operation & maintenance (O&M)
of PV solar cells, it is essential to precisely segment defects.

Defect segmentation can provide precise details about defects, cov­
ering their shape, size, and exact position [8]. The analysis of defect
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information by PV manufacturers allows for the identication of defect
sources, leading to the optimization of production processes, the reduc­
tion of manufacturing costs, and the enhancement of product quality [9].
The O&M departments of PV power plants can quickly identify and re­
place damaged PV solar cells, ensuring their stable long-term operation.
Deep learning techniques are being employed to steer the PV industry
in a more intelligent direction. These advances not only improve the
reliability of energy systems but also facilitate the worldwide use and
spread of renewable energy, thus making a signicant contribution to
environmental protection [10].

Over the past few years, deep learning-based semantic segmentation
methods have demonstrated signicant potential in identifying defects
in PV solar cells, which have continuously improved the performance of
defect segmentation [11,12]. Despite signicant breakthroughs, accu­
rate segmentation remains a challenging task due to inherent technical
gaps that have not been fully addressed. Conventional semantic segmen­
tation models, originally designed for natural scenes, struggle to adapt
to the unique characteristics of PV solar cell images.

As shown in Fig. 1(a), foreground objects in natural scenes usually
exhibit high contrast against backgrounds and are often distributed in
large patches in the central region of the image. However, in PV solar
cell images, low-contrast defects are distributed against visually complex
backgrounds, making them dicult to distinguish. Moreover, defects
of various sizes can be distributed anywhere in the image. Therefore,
existing semantic segmentation methods generally perform well in seg­
menting large defects in the central region of PV solar cell images, but
struggle with segmenting low-contrast multiscale defects that are typical
of real-world PV scenarios. As illustrated in Fig. 1(b), even state-of-
the-art semantic segmentation approaches including STDC [5], DDRNet
[6], and PIDNet [7] still suer from discontinuous and missed detec­
tion, primarily due to their inability to handle background interference
and insucient multiscale feature extraction. In contrast, the proposed
DSDINet achieves precise and complete segmentation of PV solar cell
defects, demonstrating its superior adaptability to the unique challenges
of PV solar cell defect segmentation compared with natural-scene-based
methods.

There are two core challenges of generic natural scene segmen­
tation methods behind these issues: First, these models lack an ex­
plicit foreground–background decoupling mechanism, preventing them
from eectively extracting rich multiscale information from foreground

Fig. 1. Key challenges of PV solar cell defect segmentation and superiority of
DSDINet: (a) comparison of natural scene images and PV solar cell images.
Natural scene images have high-contrast, centrally distributed large foreground
patches. PV solar cell images feature low-contrast, multiscale defects randomly
distributed across complex backgrounds, increasing segmentation diculty. (b)
Predictions of state-of-the-art semantic segmentation methods and our DSDINet.
STDC [5], DDRNet [6], and PIDNet [7] suer from discontinuous segmentation
and missed detection of tiny and edge defects (marked by red bounding boxes)
due to background interference and insucient multiscale feature extraction.
Our DSDINet achieves precise, complete PV solar cell defect segmentation.

Fig. 2. Schematic diagram of the semantic decoupling and renement pipeline in
DSDINet. The input PV solar cell image is rst decoupled into foreground defect
features and background interference features via semantic decoupling. Then,
foreground defect semantic exploration and background distraction removal are
performed separately. Finally, the processed features are fused to generate the
precise segmentation mask, which eectively addresses background interference
and semantic information loss.

features and leaving them susceptible to background clutter, such as
occulent regions and busbars. Second, their generic feature fusion
strategies ignore the semantic discrepancy between low-level details and
high-level semantics, causing high-level semantic information to be eas­
ily lost during fusion, leading to failures in recognizing edge-located and
tiny defects.

To address these two challenges, DSDINet is introduced which can
eectively extract multiscale low-contrast defect information from the
foreground features and enhance the representation ability of deep fea­
tures. As illustrated in Fig. 2, the core of DSDINet lies in a semantic
decoupling and renement pipeline that explicitly separates foreground
defect features from background interference and renes them in ded­
icated branches. Specically, to address the issue of poor foreground
distinguishability against complex backgrounds, we introduce the SIDA
module. SIDA module decouples foreground and background features
by capturing richer low-level details and integrates them into high-level
features to enable eective fusion of multi-level semantic information.
For defects of dierent scales, an MFE module is designed to explore the
decoupled foreground features. To prevent missed detection of edge-
located defects and tiny defects, we propose a GLA module that applies
attention to both global and local features to rene the high-level fea­
tures. Overall, the main contributions of this paper can be outlined as
follows:

• A novel end-to-end deep semantic decoupling and integration
network is proposed exclusively for PV solar cell defect segmenta­
tion. By constructing a systematic decoupling-fusion-enhancement
pipeline, DSDINet eectively extracts multiscale low-contrast de­
fect features and strengthens the discriminative representation of
deep features, addressing key limitations in existing methods.• A Semantic Information Decoupling and Aggregation module is
presented to explicitly separate foreground defects from back­
ground clutter. Assisted by the designed Multiscale Feature
Exploration module, it suppresses irrelevant background inter­
ference and realizes adaptive multiscale feature extraction and
fusion.• A Global and Local Attention module is developed to simultane­
ously capture global semantic dependencies and local ne-grained
details via combined position and channel attention. It eectively
alleviates high-level semantic loss during fusion, thus reducing the
missed detection of edge and tiny defects.• Experimental results on the PV solar cell defect segmentation
dataset PSCDE [13] demonstrate that DSDINet outperforms ex­
isting state-of-the-art methods. Specically, DSDINet achieves a
6.36% improvement in F1 score and a 10.45% improvement in
defect IoU compared to the second-best method.
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2. Related work

This work is related to deep learning methods for PV solar cell defect
segmentation, semantic decoupling methods, and attention mechanisms.
These related works are briey presented in sequence.

2.1. Deep learning methods for PV solar cell defect segmentation

Semantic segmentation networks have been widely applied in the
segmentation of PV solar cell defects [14]. Fioresi et al. [15] employed
the DeepLabv3 [16] model for defect segmentation in monocrystalline
and polycrystalline silicon cells. Chen and Rahman et al. [17,18] modi­
ed U-Net and pretrained backbones to extract features from electrolu­
minescence images. Han et al. [19] applied a region proposal network
in an improved polycrystalline silicon PV solar cell defect segmenta­
tion network, thereby improving the accuracy of segmentation. Zhou
et al. [20] proposed a segmentation network through the combination
of semantic information interaction and multi-level information fusion.
Wang et al. [13] used edge detection to better localize defect edges.
Zhao et al. [21] designed an improved graph reasoning network to learn
hotspot features by the establishment of global long-range dependencies
and fully utilizing complementary information across network layers.

Despite these advances, existing PV solar cell defect segmentation
works suer from two core limitations that constitute a critical, un­
addressed knowledge gap. On one hand, most prior studies directly
retrain or slightly tweak generic semantic segmentation models which
are originally designed for high-contrast, centrally distributed natural
scene objects before applying them to PV solar cell defect segmentation
datasets. They struggle to account for the unique challenges of PV so­
lar cell images such as low-contrast defects scattered randomly across
complex backgrounds. This leads to severe background interference and
incomplete extraction of foreground defect features. On the other hand,
some networks specically designed for PV solar cell defect segmenta­
tion struggle to fully account for the unique characteristics of PV solar
cell images in their core architectures, and their code or models have
not been made publicly available. This limits reproducibility and prac­
tical adoption in the PV industry, creating a critical need for an open,
well-validated PV-tailored solution.

2.2. Semantic decoupling methods

Semantic decoupling cues have found applications in multiple visual
tasks, including salient object detection [22], camouage object detec­
tion [23], shadow detection [24], and medical image segmentation [25].
Wu et al. [22] proposed a specic network to learn the regions in the
foreground features that aect saliency prediction and to erase them
from the input image. Zheng et al. [24] established an end-to-end ar­
chitecture to explicitly learn false positives in the foreground and false
negatives in the background, while Mei et al. [23] proposed an implicit
strategy for learning this information. Both methods are designed for
natural scene tasks and lack adaptability to the low-contrast, multiscale
characteristics of PV solar cell defects. Lei et al. [25] decoupled the high­
est level features into foreground, background, and uncertain regions,
gradually reducing the uncertainty during training, but their decoupling
strategy fails to explore multiscale features and ignores ne-grained
low-level details that are critical for PV solar cell defect segmentation.

Distinct from these semantic decoupling methods, which either tar­
get natural scene tasks or neglect low-level detail preservation, our SIDA
module is specically designed for PV solar cell defect segmentation.
It decouples foreground and background features by capturing richer
low-level details and integrating them with high-level features to en­
able eective multiscale feature fusion. Additionally, the embeddedMFE
module adopts a residual-connected dilated convolution branch design
tailored to the wide size variation of PV solar cell defects. This design
enables adaptive capture of multiscale defect information without los­
ing low-contrast defect semantics which is a critical requirement for PV
solar cell images that generic methods struggle to address.

2.3. Attention mechanisms

Attention mechanisms have been widely applied in a variety of visual
tasks because they help the deep neural network focus on informative
areas while suppressing irrelevant information [26]. Channel attention
enhances the representation of important channels by learning the de­
pendencies among channels. SENet [27] is a pioneering work in channel
attention, which adaptively learns the importance of each channel, thus
enhancing signicant features and reducing the emphasis on less rele­
vant ones. Position attention enhances the representation of important
spatial locations by modeling dependencies among spatial positions.
NLNet [28] is the rst to introduce position attention in neural networks,
modeling pairwise relationships between pixels on the feature map. CT-
HiNet [29] designs a contour-texture attention module that generates
spatial attention weights frommultiscale features to highlight boundary-
and texture-relevant regions of cropland parcels. S2-IFNet [30] proposes
a linear spatial attention module that generates attention weights over
spatial positions to highlight forest land areas and suppress irrelevant
background.

Multi-attention fusion mechanisms integrate dierent types of atten­
tion mechanisms to fully utilize information from various dimensions.
CBAM [31] is the rst module to integrate channel and position attention
in a sequential manner, thereby signicantly enhancing feature repre­
sentation ability. DANet [32] models the relationships between pixels
and channels using parallel channel and position attention. JAM-R-CNN
[33] incorporates CBAM [31] into FPN to enhance multiscale features
of terraced elds, addressing their narrow and elongated shapes in high-
resolution imagery. FPENet [34] employs a mutual embedding upsample
module that facilitates mutual guidance between channel-wise semantic
features and spatial detail features. TSANet [35] introduces a Spatial-
Spectral-Temporal Attention module that captures feature correlations
along both the spatial-temporal and spectral-temporal dimensions to
enhance agricultural eld representation from satellite image time
series.

Although these methods model long-range dependencies in both
channel and position dimensions to improve network performance
across various visual tasks, they do not explicitly balance global context
modeling and local detail renement, which is a critical requirement for
PV solar cell defect segmentation. Specically, they either overempha­
size global features or focus on local features. To address this gap, we
propose a GLA module that captures global and local contexts simulta­
neously in both position and channel dimensions. This module directs
the network to focus on target defect regions, strengthens the represen­
tation ability of high-level semantic features, and eectively mitigates
the loss of semantic information for tiny and edge defects during feature
fusion.

3. Methodology

This section presents the proposed network for PV solar cell defect
segmentation. The existing PV solar cell defect segmentation methods
cannot extract rich multiscale information from the foreground features
during feature interaction, thereby leading to discontinuous and impre­
cise segmentation results. In addition, high-level semantic information
is easily lost during feature fusion, resulting in the failure to recognize
some edge-located defects and tiny defects. To address these two chal­
lenges, we present a deep semantic decoupling and integration defect
segmentation network, which can eectively extract rich multiscale in­
formation from the foreground features and enhance the representation
capability of high-level features. Three modules, i.e., the SIDA module,
the MFE module and the GLA module are integrated into this network
to ensure accurate PV solar cell defect segmentation.

3.1. Overall network structure

We propose a DSDINet based on the encoder–decoder architec­
ture for PV solar cell defect segmentation to improve the accuracy of
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Fig. 3. Overview of the proposed DSDINet. DSDINet uses a MiT backbone to ex­
tract multi-level features encoded as . The proposed GLA module renes deep
semantic feature map 4 by modeling long-range channel and position dependen­
cies to enhance edge and tiny defect representation. The proposed SIDA module,
with the MFE module embedded as its built-in submodule, decouples neighbor-
level features and conducts adaptive multiscale contextual reasoning on the
decoupled foreground defect features, then fuses the processed multiscale fea­
tures with GLA-rened high-level semantic features. The rened features from
all levels are aggregated for the nal segmentation mask.

segmentation, and a detailed view of the network structure is illustrated
in Fig. 3. Specically, we employ the Mix Transformer (MiT) [36] as the
backbone network. Compared with traditional convolutional neural net­
works (CNNs), MiT combines Transformer’s global modeling ability with
CNN’s local feature extraction ability, excelling in capturing long-range
dependencies and global context. It can provide low-resolution coarse
features and high-resolution ne-grained features. Feature maps at dif­
ferent levels are downsampled by factors of 4, 8, 16, and 32 relative to
the input image, denoted as (1 ≤  ≤ 4). Each feature map is processed
by a convolutional layer for encoding, resulting in (1 ≤  ≤ 4).

Subsequently, the feature map 4 which contains the deepest se­
mantic information is fed to the GLA module for establishment of
long-range dependencies in the channel and position dimensions of both
local and global contexts. The GLA module enhances the representation

ability of high-level semantic features, thereby reducing missed detec­
tion of edge-located defects and tiny defects. The rened high-level
feature map 4   generated by GLA serves as the key high-level
semantic input into the subsequent SIDA module, forming the founda­
tion for cross-scale feature fusion. The SIDA module then operates on
neighbor-level feature maps to decouple and rene ne-grained low-
level information. The MFE module is integrated as a built-in submodule
within SIDA, dedicated exclusively to performing adaptive multiscale
contextual reasoning on the decoupled foreground defect features, thus
ensuring the precise capture of defect information across varying scales.
After completing this multiscale enhancement, the SIDA module fuses
the processed features with the GLA-rened high-level semantic rep­
resentations, achieving a robust integration of local details and global
context. The resulting feature maps at dierent levels are concatenated
and fused to produce the nal feature map. Subsequently, a multilayer
perceptron takes the nal feature map to predict the segmentation mask.

3.2. Semantic information decoupling aggregation module

The SIDA module aims to utilize the contrastive features of decou­
pled foreground and background to guide the fusion of adjacent feature
layers. This method helps better distinguish the defects from complex
background. Specically, the SIDA module rst decouples the low-level
features into foreground and background features. As a built-in submod­
ule embedded within the SIDA module, the MFE module then performs
multiscale contextual reasoning directly on the decoupled foreground
features. Finally, the processed foreground features and the background
features are aggregated and then fused with high-level feature maps.

As demonstrated in Fig. 4(a), high-level feature map +1   is
upsampled and then subsequently normalized using a sigmoid layer.
Low-level feature map  is then multiplied by the normalized map and
its inverse to generate foreground feature map  and background fea­
ture map , respectively. Subsequently, the foreground feature map
 is fed into the MFE module for multiscale contextual reasoning. As
indicated in Fig. 4(b), MFE module is made up of four branches. The
input feature map  is processed through four dilated convolutions
with a dilation rate of  , capturing multiscale features  (). We set
 ,  ∈ {1, 2, 3, 4} to 1, 2, 4, and 8, respectively. The output of the ℎ,

Fig. 4. The structure of SIDA and its building module MFE. (a) SIDA splits low-level feature  into foreground  and background  via element-wise multiplication
and its inverse using upsampled and sigmoid-normalized high-level feature map +1  .  is processed by the proposed MFE module to generate multiscale-
enhanced foreground feature . Finally, , rened  and  are aggregated with learnable weights ,  and  and fused with upsampled +1   to output
rened feature map   . (b) MFE processes  by four dilated convolution branches with residual connections, and concatenates these features to generate
multiscale-enhanced foreground feature .
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Fig. 5. The structure of GLA its building blocks PA and CA. (a) deep feature 4 is directly processed by DA to generate global attention feature 4  while also split
into four equal-sized local maps 4() that are DA-processed and concatenated to form 4  . Finally, 4  and 4  are concatenated and rened via NCBR
to output enhanced feature 4  , boosting tiny and edge-located defect recognition. (b) PA block enhances defect location awareness. (c) CA block emphasizes
defect-informative channels.

 ∈ {1, 2, 3} MFE branch will be fed to the ( + 1)ℎ branch for further
processing:

 () =

{
( ) if  = 1
( +  ( − 1)) if 1 <  ≤ 4

(1)

where DCBR is the combination of dilated convolution, batch normal­
ization (BN) and ReLU. The foreground feature map  that integrates
information from dierent scales is obtained by concatenating and
fusing output features from all four branches:

 = 
(
( ())

) (2)

where CBR represents the combination of convolution, BN and ReLU.
This architecture facilitates the network’s ability to extract multiscale
information from the foreground, thereby enhancing its capacity to
segment defects that exhibit large-scale variations. Then, the obtained
multiscale enhanced foreground feature map  is integrated with
background feature map and image feature map:

′ = ((, (), ())) (3)

where ,  and  are the learnable parameters with an initial setting of
1. By integrating adjacent image feature maps, we substantially improve
the recognition rate of multiscale low-contrast defects to reduce discon­
tinuous and missed detection. The output rened feature map  
can be calculated as follows:

   = ′ +  ((+1  )) (4)

where U is the bilinear upsampling.
The SIDA module eectively integrates multiscale enhanced fore­

ground information into each output branch. It simultaneously captures
rich defect information from adjacent feature maps. As a result, our seg­
mentation model can learn more defect location information and more
robust semantics.

3.3. Global and local attention module

The GLA module renes the highest-level feature map 4 by si­
multaneously capturing global and local semantic dependencies, which
signicantly enhances the representation of tiny and edge-located de­
fects in deep semantic features. Its output 4   acts as the high-level
semantic guidance for subsequent SIDA modules during cross-scale fea­
ture fusion. This upstream-downstream cooperation ensures that the
high-level semantic information optimized by GLA can be eectively
transmitted to the low-level feature fusion process, and the low-level
multiscale features enhanced by SIDA can be guided by high-quality se­
mantic information, thus avoiding the loss of semantic information in
cross-scale fusion.

As shown in Fig. 5, the GLA module is composed of a local branch
and a global branch. Features from each branch pass through a Dual
Attention (DA) block to capture long-range dependencies in channel
and position dimensions. Then, the nal feature map is obtained by
integrating local and global features through a series of convolutions.
Specically, given deep feature map 4 ∈ R×× , with ,  , and
 representing channels, height, and width, respectively. For global
branch, 4 is fed into and processed through the DA block to generate
the global attention feature map 4 :

4  = (4). (5)

For the local branch, 4 is split into four equal-sized local maps 4() ∈
R×

2 ×
2 , where  ∈ {1, 2, 3, 4}:

4() = ℎ((4)) (6)

where ℎ and  denote the operations of splitting the feature
map into two parts equally along the height and width axes, respectively.
4() is processed through the DA block and then concatenated to obtain
the local attention feature map 4 :

4  = ((4())). (7)
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The output of the GLA module can be calculated as follows:

4   = ((4  , 4 )). (8)

where NCBR represents the combination of multiple convolutions, BN
and ReLU.

DA block consists of a position attention branch and a channel atten­
tion branch. As shown in Fig. 5(b) and (c), Position Attention (PA) block
strengthens the model’s ability to identify and respond to important
defect location features while Channel Attention (CA) assigns greater
signicance to channels that contain more abundant defect information.

The feature map output by the GLA module contains both global and
local enhancement information of the highest-level features. Integrating
this information into each branch of the network can eectively im­
prove the identication rate of tiny defects and edge-located defects,
thus enhancing the accuracy of defect segmentation.

4. Experiments

Under the same experimental conditions, the proposed DSDINet and
other state-of-the-art semantic segmentation approaches were trained
and tested on the public PV solar cell defect segmentation datasets
PSCDE[13] and UCF-EL [15]. Common metrics were used to evaluate
the defect segmentation performance. In addition, we also conducted
an ablation study to demonstrate the eectiveness of the proposed SIDA
module and GLA module.

4.1. Experimental setup

Dataset
PSCDE is a high-quality dataset for PV solar cell defect segmentation.

This dataset comprises 700 challenging defect images, featuring various
types of defects such as multiscale defects, dense tiny defects, occluded
defects and combination defects [13].

To further enhance the model’s generalization, this work also in­
corporates the UCF-EL dataset [15]. This publicly available benchmark
provides a substantial collection of 17,064 real-world images of PV solar
cells. The dataset is comprehensively annotated for defect segmentation,
with each image paired with a pixel-wise mask labeling background,
defect-free cell regions, and defects.
Evaluation metrics

Since defective pixels are far fewer than non-defective pixels,
the dataset is class-imbalanced. Following previous works, we use
four widely adopted metrics for evaluating our method on class-
imbalanced image segmentation data, i.e., Precision, Recall, F1 score,
and Intersection over Union (IoU). Detailed denitions of the metrics
are as follows:

Precision = 
 + 

Recall = 
 + 

F1-score = 2 × Precision × Recall
Precision + Recall

IoU = 
 +  + 

(9)

where TP represents true positives, FP represents false positives, and
FN represents false negatives. Due to the signicant variation in the
number of defective pixels across dierent images, the metrics for each
image are calculated individually. We aggregate the metrics computed
for each image and compute the mean to derive the performance metrics
throughout the dataset.

In addition to the above segmentation evaluation metrics, we also in­
troduce four computational eciency metrics to verify the engineering
application of the proposed model, including the number of parame­
ters (Params), computational complexity (GFLOPs), model size (Size),
and inference speed (FPS). Params refers to the total number of train­
able parameters in the network, which reects the memory occupation

during training and application. GFLOPs quanties the oating-point op­
erations required for forward inference, representing the computational
burden of the model. Size denotes the actual storage space occupied by
the trained model le, which is critical for resource-constrained indus­
trial devices. FPS measures the number of frames processed per second
during inference, representing the real-time processing capability of the
model.
Implementation details

We implemented DSDINet with PyTorch framework. We congured
the batch size at 4 and the initial learning rate at 6×10−5. The image res­
olution is 512× 512. We applied random horizontal and vertical ipping
for data augmentation. We initialized the backbone parameters with the
Mix Transformer [36] pre-trained on ImageNet.

4.2. Comparison with state-of-the-art semantic segmentation methods

To validate the eectiveness of DSDINet, we compared it with 12
semantic segmentation networks, including GCNet [37], ISANet [38], K-
Net [39], STDC [5], SegFormer [36], DDRNet [6], PIDNet [7], Seaformer
[40], CGRSeg [41], SCTNet [42], SegMAN [43], and GCNet [44]. The
selection of these comparison methods is guided by three core criteria
to ensure comprehensive, relevant, and fair evaluation.

First, we cover both classic and cutting-edge works. Methods like
SegFormer, STDC, and PIDNet are widely adopted for their proven ef­
fectiveness in complex scenes, while recent advances such as SegMAN
and GCNet represent the state-of-the-art in semantic segmentation, en­
abling us to verify DSDINet’s competitiveness against the latest generic
methods. Second, all selected methods are relevant to PV solar cell de­
fect segmentation scenarios. Either they have been previously applied to
PV solar cell defect tasks (e.g., SegFormer explicitly employed in prior
PV solar cell defect segmentation work) or designed for complex scenes
(e.g., PIDNet for trac scenes), ensuring they serve as meaningful rather
than trivial baselines. Third, we prioritize reproducibility and open-
source availability. Given the lack of public code for some PV-specic
methods, we only selected models with ocially released codes.

To ensure fair comparison, prediction maps for all the above net­
works were obtained by retrainingmodels with their ocial open-source
codes. Additionally, the same evaluation code was used for all prediction
maps.

Table 1 presents the comparative evaluation of DSDINet against
state-of-the-art methods on PV solar cell defect segmentation datasets:
PSCDE and UCF-EL. The results clearly show that DSDINet achieves the
best performance on both datasets. Specically, compared with PIDNet
[7], our method shows an improvement of 8.7% in F1 score and 11.48%
in IoU on PSCDE.

Performance on the UCF-EL is particularly noteworthy, as this
dataset presents dierent characteristics and challenges. DSDINet
achieves an F1 score of 0.6328 and IoU of 0.5087, outperforming
the second-best method by signicant margins of 6.74% and 11.12%
respectively. It is worth noting that the performance gap between
DSDINet and other methods is even more pronounced on UCF-EL than
on PSCDE, suggesting that our method possesses stronger generalization
ability to handle diverse defect patterns. This cross-dataset superior­
ity underscores the practical value of DSDINet for real-world industrial
applications.

Moreover, to demonstrate the engineering practicability of DSDINet
for real industrial inspection scenarios, we further report its com­
putational eciency including parameters, GFLOPs, model size and
inference speed. As shown in Table 1, DSDINet achieves the smallest
model size and the lowest number of parameters among all compared
methods, while maintaining a high inference speed. Such a favorable
trade-o between segmentation accuracy and computational eciency
conrms that DSDINet is lightweight, ecient and suitable for PV solar
cell defect inspection.

In addition, Fig. 6 provides extended qualitative results on both
PSCDE and UCF-EL test sets, covering all compared SOTA methods in
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Table 1
Defect segmentation results of DSDINet and state-of-the-art semantic segmentation methods on PSCDE and UCF-EL datasets.
Methods Year PSCDE-Test UCF-EL-Test Computational Eciency

Precision Recall F1 score IoU Precision Recall F1 score IoU Params GFLOPs Size FPS

GCNet [37] 2019 0.6131 0.4327 0.5073 0.3884 0.5789 0.5112 0.5432 0.3910 28.08 60.59 112.84 10.74
ISANet [38] 2019 0.6846 0.4860 0.5684 0.4361 0.3789 0.3123 0.3421 0.2118 44.26 41.63 111.58 10.53
K-Net [39] 2021 0.7563 0.4954 0.5987 0.4581 0.5123 0.4456 0.4765 0.3691 37.50 90.34 150.30 24.12
STDC [5] 2021 0.5477 0.3502 0.4351 0.3331 0.4456 0.3789 0.4098 0.2955 12.97 35.99 34.10 122.66
SegFormer [36] 2021 0.8061 0.6218 0.7021 0.5587 0.6012 0.5345 0.5654 0.4109 13.68 40.48 52.20 122.66
DDRNet [6] 2022 0.6489 0.4144 0.5058 0.3910 0.5567 0.4890 0.5209 0.4087 20.18 55.19 77.02 105.28
PIDNet [7] 2023 0.6055 0.8590 0.7103 0.5593 0.5678 0.5012 0.5321 0.4241 28.81 68.51 39.58 79.05
Seaformer [40] 2023 0.6897 0.5199 0.5925 0.4625 0.5123 0.4456 0.4765 0.3851 8.65 5.59 31.80 35.74
CGRSeg [41] 2024 0.4780 0.7696 0.5897 0.4433 0.4890 0.4213 0.4524 0.3678 18.10 7.60 87.50 65.30
SCTNet [42] 2024 0.6874 0.3820 0.4911 0.4372 0.2678 0.2011 0.2290 0.1464 17.40 8.50 94.46 260.58
SegMAN [43] 2025 0.5900 0.4087 0.4364 0.3703 0.5901 0.5234 0.5543 0.4571 6.38 1.01 73.53 459.47
GCNet [44] 2025 0.8109 0.6979 0.7337 0.6196 0.4456 0.3789 0.4098 0.2806 9.20 45.20 169.26 95.22

DSDINet ours 0.8243 0.7721 0.7973 0.6741 0.6679 0.6012 0.6328 0.5087 3.82 8.44 15.67 140.86

Note: Best results are highlighted in bold. Computational eciency metrics (Params, GFLOPs, Model Size, FPS) are measured under consistent hardware
settings.

Fig. 6. Qualitative comparison of our DSDINet with state-of-the-art semantic segmentation networks. Our DSDINet achieves continuous segmentation, avoids tiny and
edge defect missed detections (marked by blue bounding boxes), alleviates discontinuous defect segmentation (marked by red bounding boxes) and reduces incorrect
segmentation of non-defective areas (marked by green bounding boxes) compared to other methods.
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Table 2
The eectiveness of GLA and SIDA on PSCDE dataset.
Networks PSCDE-Test

Precision Recall F1 score IoU

(a) Baseline 0.7647 0.6529 0.7044 0.5667
(b) + GLA_G 0.8040 0.6833 0.7388 0.6007
(c) + GLA_L 0.8020 0.6723 0.7314 0.5924
(d) + GLA 0.8056 0.7116 0.7557 0.6232

(e) + SIDA_f 0.7830 0.6908 0.7340 0.5940
(f) + SIDA_fb 0.7386 0.7112 0.7248 0.5861
(g) + SIDA_ ∕ MFE 0.7770 0.6973 0.7350 0.6009
(h) + SIDA_ 0.7853 0.7346 0.7591 0.6262
(i) + SIDA 0.7882 0.7522 0.7698 0.6356

(j) + GLA + SIDA_f 0.8091 0.7242 0.7643 0.6384
(k) + GLA + SIDA_fb 0.8074 0.7313 0.7675 0.6399
(l) + GLA + SIDA_ 0.8116 0.7389 0.7735 0.6457

(m) DSDINet 0.8243 0.7721 0.7973 0.6741

Note: Best results are highlighted in bold.

Table 1. Representative examples were selected to cover tiny defects,
edge-located defects, and background-interference cases. Visually, our
DSDINet achieves complete and continuous defect segmentation results.
In the areas marked by blue bounding boxes, fewer missed detections
of tiny and edge defects are observed compared to competing meth­
ods. Similarly, the red bounding boxes show that our method may
help mitigate discontinuous segmentation. Notably, the green bound­
ing boxes highlight that our model exhibits fewer false positives caused
by background noise, demonstrating its potential benet in suppressing
interference. The primary reason is that the GLA module can explore
the semantic dependencies from both local and global perspectives on
the deep feature maps, providing initial information on the locations
of defects for the subsequent fusion of adjacent features. Moreover,
the proposed SIDA module can decouple the lower-level features and
mine multiscale defect information in the foreground features, enabling
the model to continuously segment defects and reduce incorrect seg­
mentation caused by cluttered backgrounds. Overall, DSDINet can more
comprehensively and accurately perceive defect features. Therefore, in
PV solar cell defect segmentation task, our method can achieve better
performance than other segmentation networks.

4.3. Ablation study of DSDINet

To evaluate the eectiveness of the proposed SIDA module and
GLA module in DSDINet, comprehensive ablation study is conducted
on PSCDE. We replaced both the SIDA module and the GLA module
in DSDINet with standard convolution layers to serve as our baseline.
The defect segmentation results on the PSCDE test set are reported in
Table 2, which quantitatively demonstrate the performance gains from
each module.

To further validate these improvements from a qualitative perspec­
tive, we visualize the feature renement process via heatmaps in Fig. 7.
As shown in the rst row, the raw high-level feature map 4 initially fo­
cuses on background busbars, while mid- and low-level features exhibit
signicant background noise. After renement by our GLA and SIDA
modules, 4   redirects attention to the defect regions. Meanwhile,
3   to 1   show substantial suppression of background noise
and enhanced defect semantic responses. These visual results com­
plement the qualitative ablation study, providing direct evidence that
our modules eectively address background interference and semantic
information loss.
The effectiveness of GLA

As shown in Table 2, adding global attention (b) and local at­
tention (c) to the base model (a) improves the performance of de­
fect segmentation to some extent, and their combination (d) yields
even better results, increasing IoU by 5.65%. The qualitative results
shown in Fig. 8 also indicate that the GLA module can eectively di­
rect the model to concentrate more on the defective areas, reducing
missed detection of edge-located defects and tiny defects. This con­
rms that the GLA module is benecial for accurate PV solar cell defect
segmentation.
The effectiveness of SIDA

Based on Table 2(a), the introduction of adjacent feature fusion (e),
background feature fusion (f), and foreground feature fusion (g) sig­
nicantly improves the segmentation results. Incorporating multiscale
exploration of foreground features (h) yields additional valuable in­
formation. Considering both foreground, background, and multiscale
foreground feature mining, i.e., (i), we achieved even better results. For
instance, the addition of the SIDA module results in performance im­
provements of 6.54% for F1 score and 6.89% in IoU which demonstrates

Fig. 7. Heatmap visualization of feature renement by SIDA and GLA modules. The rst row shows the original input PV solar cell image and raw feature maps from
dierent network layers, where red indicates regions of high model attention and blue indicates low attention. The second row presents the ground truth segmentation
mask and the rened feature maps after processing by GLA and SIDA modules. Notably, the raw high-level feature map 4 initially focuses on background busbars,
while 4   redirects attention to the defect regions. For SIDA-rened features 3   to 1  , background noise is signicantly suppressed and defect semantic
responses are enhanced, demonstrating the eectiveness of our modules.
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Fig. 8. Qualitative demonstration of the contributions of GLA module and SIDA module in DSDINet. The GLA module guides the model to focus on defective areas,
reducing missed detection of edge-located and tiny defects (marked by blue bounding boxes); the SIDA module alleviates discontinuous defect segmentation (marked
by red bounding boxes) and reduces incorrect segmentation of non-defective areas (marked by green bounding boxes).

that SIDA module greatly enhances our method’s capability for accu­
rate defect segmentation. The results from (j) to (l) demonstrate that
the above conclusions remain valid when partial or full SIDA module
is added to (d). Furthermore, the qualitative results in Fig. 8 show that
the SIDA module signicantly alleviates the issue of discontinuous de­
fect segmentation and reduces misclassications of non-defective areas,
which is of great signicance for the operation and maintenance of PV
power plants.

5. Conclusion

To achieve accurate segmentation of PV solar cell defects, we in­
troduce a defect segmentation network called DSDINet. To address
the challenge of low defect contrast and complex backgrounds in PV
solar cells, we introduce the Semantic Information Decoupling and
Aggregation module to decouple the low-level features into foreground
and background, which are then fused with higher-level features. Based
on this, to enhance the model’s capacity to segment defects of vari­
ous sizes, we incorporate the Multiscale Feature Exploration module
to perform multiscale context perception on the foreground features.
Furthermore, to address the challenge of losing high-level semantic
information, we design the Global and Local Attention module to ob­
tain more comprehensive defect semantics from the deepest features.
The proposed DSDINet achieves competitive performance on public
photovoltaic defect segmentation datasets, thereby validating the eec­
tiveness of DSDINet.
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