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Abstract—Segmenting various defects in photovoltaic
(PV) modules at the pixel-level is critical for the intelli-
gent operation and maintenance of large-scale PV plants.
However, existing approaches face two major challenges:
1) they struggle to model geometrically complex and ar-
bitrarily oriented defects, and they cannot effectively sup-
press background noise, thus resulting in discontinuous
and imprecise segmentation; 2) they suffer from excessive
computational complexity and substantial memory foot-
print, making them incompatible with resource-constrained
scenarios. To tackle these challenges, we introduce PV-
MambaSeg, a lightweight yet effective Mamba-based net-
work designed specifically for PV defect segmentation. We
introduce the vision Mamba architecture into the field of
PV defect segmentation for the first time and enhance its
capability through a novel omni-local scan (OLS) strat-
egy and the global local visual state space (GLVSS) mod-
ule. OLS performs multidirectional scanning to compre-
hensively capture structural continuity, thereby enabling
superior geometry-aware modeling of irregular defect pat-
terns. In PV defect segmentation task, OLS significantly
outperforms existing Mamba scanning strategies. GLVSS
enhances local representation by aggregating OLS features
with multiple window sizes and calibrates global–local fea-
ture responses through a channel attention mechanism.
Compared with CNN and transformer-based segmentation
models, PV-MambaSeg attains a superior balance between
performance and efficiency. Comprehensive experiments
on two real-world PV defect datasets demonstrate that
our method outperforms other state-of-the-art approaches,
achieving the highest mIoU with only 2.77 M parameters
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and 0.78 GFLOPs. This work provides a powerful and prac-
tical solution for automated PV defect segmentation. The
corresponding code will be made publicly accessible.

Index Terms—Lightweight network, photovoltaic defect
segmentation, scan strategy, vision state space model.

I. INTRODUCTION

W ITH the global energy structure accelerating its transi-
tion toward cleanliness and sustainability, photovoltaic

(PV) power generation has emerged as a cornerstone of renew-
able energy systems [1], [2]. However, as the core components
of PV power plants, PV cells are inevitably exposed to harsh
outdoor environments during long-term operation, leading to
the occurrence of various defects [3], [4]. These defects may
degrade the power generation efficiency of individual modules
and trigger cascading failures in the entire PV array, leading
to substantial economic losses and potential safety hazards [5].
Therefore, accurate and efficient defect detection and localiza-
tion in PV modules are crucial to ensuring the reliable operation
and cost-effective maintenance of PV power plants [6], [7].

In recent years, computer vision-based PV defect segmen-
tation methods have gradually replaced traditional manual in-
spection due to their higher accuracy, efficiency, and automa-
tion [8], [9], [10], [11]. They can precisely locate the positions,
sizes, and shapes of defects, providing detailed and reliable
information for subsequent maintenance. However, despite the
remarkable advancements achieved in pixel-level segmentation
of PV defects, there are still two major challenges.

The first challenge lies in modeling geometrically complex
and arbitrarily oriented defects while suppressing background
noise, which often leads to discontinuous and imprecise segmen-
tation. PV module defects exhibit high geometric variability. As
shown in Fig. 1, crack may appear as thin, continuous linear
structures with random orientations, corrosion as irregularly
shaped low-brightness regions, and contact as short, parallel
strips. Meanwhile, PV module backgrounds contain extensive
interference because of crystal dislocation that further ob-
scures defect features. Traditional convolutional neural network
(CNN)-based methods rely on local receptive fields, struggling
to capture global contextual information of defects and distin-
guish geometrically complex patterns from background noise.
Although transformer-based methods introduce self-attention to
model global dependencies, they frequently neglect the fine-
grained local semantics of irregular defects, resulting in failure
to segment small, arbitrarily oriented defects.
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(a) (b) (c) (d)

Fig. 1. Examples of typical PV cell defects. (a) and (b) are the original
image with crack and contact defects, and its corresponding defect
segmentation mask. (c) and (d) are the original image with corrosion
and contact defects, and its corresponding segmentation mask.

Furthermore, high computational cost poses a significant
challenge for PV power plant O&M. While CNN-based meth-
ods offer lower computational complexity, this efficiency is
often achieved at the cost of segmentation accuracy; conversely,
transformer-based methods deliver superior accuracy but their
substantial parameter counts and heavy computational require-
ments make them unfit for resource-constrained scenarios. This
tradeoff between segmentation quality and resource efficiency
remains a key bottleneck for PV defect segmentation.

To tackle these challenges, this article introduces PV-
MambaSeg, a lightweight yet effective Vision Mamba-based
network. Notably, this work pioneers the application of the
Vision Mamba architecture in PV defect segmentation. As a
sequence modeling framework, Mamba leverages an efficient
selective state update mechanism to balance computational
efficiency and feature modeling capability. However, directly
applying vanilla Vision Mamba to PV defect segmentation has
significant limitations: first, its scan order prioritizes sequential
token dependencies but misses the irregular spatial distribution
of PV defects, failing to fully model defect geometric continuity;
second, vision state space module lacks aggregation of local
fine-grained details and global context, leading to ambiguous
features for low contrast or mixed defects. To enhance Mamba’s
capacity, we propose the OLS strategy and the lightweight
GLVSS module. OLS captures spatial correlations across local
patch sequences through its multidirectional scanning design,
while GLVSS refines cross-scale feature representations by inte-
grating multiwindow aggregation and adaptive channel attention
calibration.

Specifically, OLS introduces three key capabilities aiming to
better capture the structural continuity and arbitrary orientations
of PV defects compared with existing scanning strategies: it
adopts multidirectional full-dimensional scanning to capture the
structural continuity of arbitrarily oriented defects; it employs
continuous patch scanning to preserve spatial correlations be-
tween adjacent regions, mitigating the omission of small defects
caused by fragmented scanning; it further leverages differenti-
ated forward–backward paths to extract fine-grained semantics,
reducing feature redundancy while enabling complete defect
feature decomposition. Complementing OLS, GLVSS refines
the extracted features by first aggregating multiwindow fea-
tures to preserve fine defect patterns and suppress background
noise, then fusing these enhanced representations with convo-
lutional fine-grained local features. Finally, the fused outputs
are calibrated via an adaptive channel attention mechanism that
dynamically balances global context and local details. Exten-
sive experiments verify that OLS outperforms existing Mamba
scanning strategies, and the integrated OLS-GLVSS framework
achieves robust and accurate PV cell defect segmentation.

PV-MambaSeg simultaneously captures geometrically com-
plex defect features, while maintaining low resource consump-
tion. As shown in Fig. 2, PV-MambaSeg achieves the highest

Fig. 2. Comparison of model performance and efficiency. Segmenta-
tion accuracy (mIoU, %) on the UCF-EL dataset [3] is plotted against
model size (Parameters, M). Each marker represents a model, and its
size is proportional to its computational cost (GFLOPs). Our model,
PV-MambaSeg, attains a leading balance between accuracy and com-
putational resources.

mIoU while preserving a significantly smaller parameter size
and GFLOPs when compared to other state-of-the-art methods.
The main contributions are presented as follows:

1) We introduce PV-MambaSeg, the first Mamba-based net-
work tailored for PV multiclass defect segmentation,
which effectively models geometrically complex defects,
suppresses background noise, and achieves low compu-
tational complexity.

2) We introduce a novel OLS strategy that enhances
Mamba’s ability to model spatial dependencies. OLS
introduces a multidirectional and continuous scanning
mechanism to capture the holistic structure of arbitrarily
oriented defects, effectively mitigating information loss.
Its differentiated forward–backward pathways further
remedy the feature redundancy inherent in conventional
scanning methods.

3) We introduce a novel GLVSS module that synergisti-
cally fuses multiscale local features with global con-
text. Through adaptive global–local feature calibration,
GLVSS dynamically balances feature responses to signif-
icantly improve the segmentation of defects with varying
scales and locations, particularly small and edge-confined
ones.

4) Comprehensive experiments on two PV defect segmen-
tation datasets verify that PV-MambaSeg establishes a
new benchmark in PV defect segmentation, attaining the
highest mIoU with merely 2.77 M parameters and 0.78
GFLOPs. It delivers a superior tradeoff between seg-
mentation accuracy and computational efficiency when
compared to existing approaches.

II. RELATED WORKS

A. Deep Learning PV Defect Segmentation Methods

Deep learning has driven significant advancements in PV
defect segmentation, transitioning the field from manual in-
spection to automated, high-efficiency defect localization and
laying a solid foundation for intelligent PV plant operation and
maintenance. Existing works have explored diverse technical
paths to address defect segmentation challenges, with notable
progress in specific scenarios and task settings.

A major subset of deep learning works focuses on segment-
ing targeted PV defect types. Qian et al. [12] presented a
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microcrack segmentation approach for PV modules that fuses
short-term and long-term deep features. Zhao et al. [13] pro-
posed the refined graph reasoning network which leverages
the complementary information among layers and global long-
range relational dependencies to learn discriminative feature
representations of hotspots. Su et al. [14] developed a residual
channelwise attention gate architecture to achieve multiscale
feature merging, complex background suppression, and defect
feature highlighting for PV farm hotspot detection. These studies
have advanced the state-of-the-art in segmenting specific defect
categories, demonstrating effective strategies for targeted defect
characteristics.

Another line of research has focused on general defect re-
gion segmentation from PV cell images. Sovetkin et al. [15]
utilized the encoder–decoder deep neural network architecture
to perform defect segmentation on thin-film module electrolu-
minescence (EL) images. Tang et al. [16] presented a linear de-
fect segmentation approach for polycrystalline silicon PV cells,
leveraging Hessian matrix-based defect feature extraction and
multiscale line detector-enabled defect feature enhancement.
Zhou et al. [17] presented a segmentation architecture based
on interactive semantic information fusion. Wang et al. [1]
adopted edge detection technology to investigate the precise
segmentation of PV defects. These works have contributed to
reliable defect region extraction, supporting basic quality control
requirements.

Recent defect segmentation studies have begun to involve the
differentiation of multitype defects by using existing methods
from the natural domain. Fioresi et al. [3] utilized a Deeplabv3
segmentation model with a ResNet-50 backbone to segment PV
defects. Mahboob et al. [11] proposed a defect detection network
based on Segformer to segment different PV defects. These
efforts have expanded the scope of defect segmentation tasks,
moving toward more comprehensive defect characterization.

Overall, existing works have significantly promoted the au-
tomation and precision of PV defect segmentation, covering
targeted defect segmentation, general defect segmentation, and
multitype defect segmentation. However, practical industrial
applications still require further improvements: balancing high-
precision multitype defect discrimination with lightweight de-
sign for resource-constrained scenarios, enhancing adaptability
to geometrically complex, arbitrarily oriented, and small-scale
defects, and optimizing computational efficiency.

To tackle these challenges, we propose the first PV defect
segmentation approach based on the visual state space model
(SSM). It efficiently models complex defect structures with low
computational overhead, achieving class-aware, high-precision
segmentation suitable for practical PV defect analysis.

B. Visual SSM

SSMs have risen as a viable and promising alternative to
transformers. Mamba is one of the most representative SSMs
and was the first to achieve breakthroughs in natural language
processing. Mamba’s linear computational complexity relative
to sequence length and selective state update mechanism enable
efficient handling of long sequences. However, Mamba blocks
were originally designed for 1-D sequences, a design constraint
that creates a barrier for direct application to 2-D image data.
To adapt SSMs to visual tasks, researchers have focused on de-
signing scanning strategies that convert 2-D image patches into
1-D sequences while preserving spatial-semantic information.
Vision Mamba [18] employs a bidirectional zigzag scanning

strategy, which traverses image patches in both forward and
backward zigzag paths to capture cross-region dependencies.
VMamba [19] extended the scanning strategy by adding two
vertical scanning paths, which enhanced the model’s capacity
to capture vertical spatial correlations. PlainMamba [20] further
optimized this approach by proposing a continuous 2-D scanning
method that maintains the spatial and semantic continuity of
image patches.

These visual state space models (VSSMs) have demonstrated
their strengths by retaining the linear computational complexity
while achieving enhanced modeling capabilities for long-range
relational dependencies, and they have demonstrated strong
performance in general visual tasks [21]. Nevertheless, when
applied to PV defect segmentation, existing VSSM scanning
strategies still have limitations. PV defects exhibit geometri-
cally complex and randomly oriented structures and are often
embedded in noisy backgrounds which demands a customized,
comprehensive multidirectional scanning strategy.

Most existing VSSM-based segmentation methods adopt
single-directional or simple bidirectional scanning. However,
these paradigms are ill-suited for capturing the structural conti-
nuity of multioriented PV defects. For instance, unidirectional
scanning can fracture the semantic integrity of elongated, diag-
onal cracks, while conventional bidirectional approaches often
introduce feature redundancy rather than complementary infor-
mation. To better handle these challenges, we propose the OLS
strategy. OLS introduces a multidirectional and differentiated
scanning mechanism specifically designed to preserve holistic
spatial continuity while mitigating feature redundancy. This
approach enables a more robust semantic decomposition of PV
defects, better adapting to their geometric complexity and the
presence of background noise.

C. Mamba-Based Defect Segmentation Methods

In recent years, Mamba and SSM based architectures have
gained significant traction as a compelling alternative to trans-
formers in industrial defect segmentation, due to their inherent
linear computational complexity and superior long-range depen-
dency modeling capabilities. Existing research in this field has
evolved along two distinct technical trajectories.

The first trajectory centers on adapting the standard scanning
paradigms from foundational vision SSMs to specific indus-
trial inspection scenarios. Most early Mamba-based defect seg-
mentation works directly to adopt the conventional scanning
paradigms from Vision Mamba, VMamba and PlainMamba,
and tailor the overall network architecture to meet the specific
requirements of diverse industrial applications. Bian et al. [22]
integrated SSMs with convolutional layers to capture both global
contextual information and local fine-grained details, achieving
accurate segmentation of tiny industrial defects. Du et al. [23]
designed an OSS Block to extract long-range spatial features
under linear complexity, enabling efficient processing of large-
scale bridge pier images. Huang [24] constructed a lightweight
Mamba segmentation framework tailored for navel orange de-
fect detection. Bao et al. [25] embedded a multidirectional
visual state space module into YOLOv8 to realize real-time
fabric defect inspection. Zhao et al. [26] combined visual SSMs
with a multiaxis interactive feature pyramid to enhance feature
representation for surface microdefect detection.

The second trajectory aims to mitigate the inherent limi-
tation of vanilla SSMs in fine-grained local detail modeling
by developing hybrid architectures that synergistically fuse
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Mamba-derived global contextual features with CNN-derived
local detail features. Wang et al. [27] built a strip steel defect
detection network that merges global VMamba features and
local CNN features through prototype interaction and dynamic
multiscale attention. Zhao et al. [28] presented a Mamba-based
multimodal fusion framework that couples dual-path encoders
and hybrid scanning strategies to fuse RGB and point cloud
data for industrial anomaly detection. Li et al. [29] developed a
CNN-Mamba hybrid paradigm for fabric defect segmentation,
where Mamba models low-frequency structural information and
CNNs supplement high-frequency detail features.

Despite the promising results attained by these two research
directions in diverse industrial scenarios, they still exhibit two
critical limitations that impede their performance when applied
to PV cell defect segmentation. First, the majority of existing
methods lack task-specific scanning designs tailored to the
unique spatial geometric characteristics of industrial defects,
notably arbitrary orientations and discontinuous structural pat-
terns. Second, insufficient research attention has been paid to
the adaptive fusion and calibration of local and global features
within visual state space modules, which severely limits their
ability to suppress complex background interference induced
by crystal dislocations in PV cells and accurately localize tiny,
low-contrast defects.

To address these aforementioned limitations, we propose
an optimized multidirectional continuous scanning strategy to
effectively model the structural continuity and arbitrary orien-
tation distribution of PV cell defects. Furthermore, we develop
a GLVSS module that achieves adaptive aggregation of multi-
scale global and local features via multiwindow grouping and
channel-aware calibration. Notably, the entire PV-MambaSeg
framework is developed under lightweight design constraints,
rendering it highly suitable for PV inspection scenarios.

III. METHODOLOGY

A. Preliminary

SSMs represent a class of sequential modeling frameworks
that map input data into a continuous state space for selec-
tive feature update. They enable linear computational complex-
ity (O(N)) while capturing long-range dependencies, which
is an advantage over transformers with quadratic complexity
(O(N 2)) [30]. The core of SSMs lies in discrete state transition
and output projection, given by

h(t) = Ah(t− 1) +Bx(t) (1)

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

Here, A and B are discretized parameters that control historical
information persistence and input integration, respectively. C
denotes the output projection matrix that transforms the hidden
state to the output dimension and D is the direct input projection
matrix that allows the input to bypass the state transition and
contribute directly to the output. Though powerful for sequence
modeling, traditional SSMs were designed for NLP and lack
adaptability to 2-D visual data.

Vision Mamba [18] addresses these limitations by adapting
SSMs to visual tasks. It retains linear complexity while introduc-
ing visual-friendly optimizations. It first translates 2-D feature
maps into 1-D sequences with convolutional priors to preserve
local spatial correlations. Then, it employs input-adaptive gating
layers to refine selective state updates, focusing on task-relevant

Fig. 3. Overall architecture of the Our PV-MambaSeg. The input image
undergoes processing via a lightweight mamba encoder [21] to extract a
set of feature maps. These feature maps are then fed into our proposed
GLVSS to produce the final segmentation mask. The OLS block shown
in the GLVSS module’s global branch utilizes our proposed multidirec-
tional scanning strategy.

features while ignoring background clutter. For PV cell defect
segmentation, Vision Mamba’s efficiency and long-range mod-
eling capability make it promising. However, existing scanning
strategies, including single-directional or simple bidirectional
with reversed order, struggle to capture multioriented defect
continuity, suffer from feature redundancy and lack targeted
noise suppression.

Building on the Vision Mamba paradigm, our work extends
this direction toward PV defect segmentation. We propose PV-
MambaSeg, the first Mamba-based network for this task. It is
enhanced by the proposed OLS strategy and GLVSS module.
OLS substantially redesigns the scanning process, replacing
the standard linear scan with a multidirectional mechanism to
effectively capture the holistic structure of arbitrarily oriented
defects. Concurrently, GLVSS introduces a sophisticated fusion
and calibration process that adaptively balances global context
with fine-grained local details, which is crucial for identifying
defects of varying scales. Collectively, these innovations allow
PV-MambaSeg to inherit the high efficiency of SSMs while over-
coming limitations of Vision Mamba in this complex industrial
domain.

B. Overall Architecture

PV-MambaSeg network is built upon a lightweight encoder–
decoder architecture, designed to achieve an excellent balance
between high segmentation precision and computational effi-
ciency. This streamlined pipeline is specifically optimized to
capture geometrically complex defect patterns while suppress-
ing the background noise in industrial PV cell images. As illus-
trated in Fig. 3, the input image is fed into a lightweight Mamba
encoder. Specifically, we adopt the SegMAN encoder [21] as
our backbone, which hierarchically extracts feature maps C2,
C3, and C4 at different scales. Following the configuration
in [21], the encoder consists of four stages, each comprising
a 3 × 3 convolution for spatial downsampling followed by a
series of local attention and state space (LASS) blocks. Each
LASS block integrates neighborhood attention for local detail
encoding and a 2-D selective scan (SS2D) for global context
modeling, both operating in linear time. The resulting multiscale
feature maps C2, C3, C4 correspond to the outputs of stages 2,
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Fig. 4. Architecture of the DWAG. This module is designed to adap-
tively recalibrate the multidirectional features from the OLS block. It
employs two parallel branches with varying kernel sizes for capturing
multiscale contextual information. This information is then used to gener-
ate a pixelwise attention gate, which enhances features from informative
scanning paths while suppressing noise.

3, and 4, respectively, with spatial resolutions of H/8, H/16,
and H/32 of the input image. Subsequently, an MLP layer is
adopted to align the channel dimensions and spatial sizes of
these feature maps, ensuring they are compatible for subsequent
fusion. After concatenation, the unified features are further fused
via a 1 × 1 convolution to generate a fused feature map Cfuse,
which aggregates multiscale information in a compact manner:

Cfuse = conv(concat(C2′, C3′, C4′)). (3)

Subsequently, Cfuse is fed into the proposed GLVSS module,
where the proposed OLS strategy is instantiated as a dedicated
OLS block in the module’s global branch to drive high-quality
global feature extraction. As an innovative scanning strategy,
OLS performs multidirectional continuous scanning to compre-
hensively capture the structural continuity of arbitrarily oriented
defects, thereby enabling improved geometry-aware modeling
of irregular defect patterns that conventional scanning methods
often struggle to capture. The GLVSS module further refines
the global features via multiwindow aggregation and adaptive
channel attention calibration, dynamically balancing the OLS-
enhanced global context and fine-grained local details. This
synergy effectively suppresses background noise while securing
precise localization of small, edge-confined defects. Finally, the
output from the GLVSS module Coutput is processed, resulting
in the final segmentation map. This streamlined architecture
ensures that the network utilizes minimal computational re-
sources while effectively handling the challenges of PV defect
segmentation.

C. Global Local Visual State Space Module

The GLVSS module is devised to synergistically fuse global
and local features, thereby enhancing defect representation
while suppressing background noise. As shown in Fig. 3, it
consists of two parallel branches, a feature fusion block, and
a residual connection.

The global branch consists of depth-wise convolution (DW-
Conv) followed by LayerNorm, an OLS block, and a dual
window aggregation gate (DWAG). Built on the Mamba archi-
tecture, the OLS block effectively captures long-range struc-
tural dependencies of defects through powerful global feature
extraction, while maintaining high computational speed and
low memory usage. While OLS effectively generates multidi-
rectional feature sequences, directly summing these sequences
treats all scanning paths equally, which may amplify noise from
less informative paths and dilute critical features. Accordingly,
we introduce the DWAG to adaptively recalibrate the importance
of each path. As shown in Fig. 4, DWAG employs parallel 3 × 3

DWConv branch and a 5 × 5 DWConv branch to create an atten-
tion gate, allowing it to dynamically aggregate multidirectional
information based on varying defect scales. The output CDWAG

is computed as:

Gk = GELU(DWConvk(COLS)) (4)

CDWAG =
∑

k∈{3,5}
DWConvk(COLS �Gk) (5)

wherek denotes the kernel size,� is elementwise multiplication,
and DWConvk represents depthwise convolution with a k × k
kernel. Finally, CDWAG undergoes a 3 × 3 DWConv followed
by LayerNorm to generate the final global branch outputCfuse_g:

Cfuse_g = LayerNorm(DWConv(CDWAG)). (6)

The local branch runs in parallel and is designed to preserve
fine-grained details, such as defect edges and textures. It consists
of a single DWConv layer that processes the initial input feature
Cfuse to strengthen local feature representation. The local branch
output Cfuse_l is computed as

Cfuse_l = DWConv(Cfuse). (7)

The outputs of the global branch Cfuse_g and the local branch
Cfuse_l are then fused synergistically. A squeeze-excitation (SE)
block is utilized to adaptively recalibrate the channels of the con-
catenated features, enhancing defect-relevant information while
suppressing background noise. Finally, a residual connection
is introduced to accelerate network convergence and reduce
information loss during feature propagation. The final output
Cout is computed as

Coutput = Cfuse + SE(concat(Cfuse_g, Cfuse_l)). (8)

D. Omni-Local Scan Strategy

To comprehensively model geometrically complex and ar-
bitrarily oriented defects, the GLVSS module incorporates the
OLS block. As illustrated in Fig. 5, the OLS block partitions
the input feature map into multiple image patches. It then per-
forms parallel scanning and diagonal scanning on these patches.
The sequences generated from these multidirectional scans are
subsequently processed using S6 equations from the Mamba
block [30] and aggregated via summation. The output feature
COLS exhibits improved geometric awareness for irregular de-
fect patterns and fully captures the structural continuity of de-
fects. Specifically, for scanning sequences Ri (i = 0, 1, . . ., 7),
the calculation of the output feature map COLS is given by

COLS =

7∑

i=0

S6(Ri). (9)

As illustrated in Fig. 6, to comprehensively model various
PV defects with improved geometric perception in multiple
directions, the OLS strategy consists of four parallel scan paths
and four diagonal scan paths. In Fig. 6, image patches of the same
color denote continuous local semantics, visually reflecting the
semantic coherence that the scanning pathways aim to capture.

For parallel scanning, a local-parallel scan (LPS) is pro-
posed. As shown in Fig. 6(a), the bidirectional zigzag parallel
scan adopted in VMamba [19] fails to consider the semantic
continuity of adjacent image patches, leading to potential per-
formance degradation. PlainMamba [20] employs continuous
bidirectional parallel scanning, yet the forward and backward
paths are identical, resulting in redundant feature extraction and
loss of local information. In contrast, LPS utilizes differentiated
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Fig. 5. Operational mechanism of the OLS block. OLS converts the 2-D feature map into multiple 1-D sequences by traversing the image patches
in eight distinct directions. These sequences are then modeled using the S6 equations, and their outputs are fused through summation to create a
unified representation that captures holistic structural continuity.

(a)

(b)

Fig. 6. Visual comparison of different Mamba scanning strategies.
(a) Parallel Scan methods: Unlike VMamba’s discontinuous scan and
PlainMamba’s redundant bidirectional scan, our proposed LPS uses
differentiated continuous paths to ensure comprehensive and nonre-
dundant feature coverage. (b) Diagonal Scan methods: Compared to
RS-Mamba’s discontinuous zigzag scan and SCMamba’s unidirectional
approach, our CDS performs continuous bidirectional scanning on both
main and minor diagonals to capture holistic structural information.
Patches of the same color represent a continuous semantic region.

forward and backward scanning pathways to extract distinct
local semantics, avoiding feature redundancy and effectively
mitigating the missed detection of edge defects.

For diagonal scanning, a cross-diagonal scan (CDS) is pro-
posed. As shown in Fig. 6(b), the bidirectional zigzag scan in
RS-Mamba [31] neglects semantic continuity. SCMamba [32]
uses continuous unidirectional diagonal scanning, which loses
information from reverse scanning. CDS performs continuous
scanning in both the main diagonal and minor diagonal di-
rections, enabling it to comprehensively capture the structural
continuity of defects.

In contrast to conventional bidirectional scanning schemes
that rely on symmetric reversal, our OLS employs differenti-
ated forward and backward scanning paths that generate two
structurally independent feature sequences. Mathematically, let
the forward scanning sequence be denoted as Sfw = [s1, s2,
. . . , sN ], where N represents the total number of image patches
and si denotes the feature of the ith patch. For existing methods,
the backward scanning sequence Sbw is merely the elementwise
reversal of the forward sequence, i.e.,Sbw = [sN , sN−1, . . ., s1].
This results in a trajectory that strictly retraces the forward
path, leading to significant feature redundancy. In contrast,
our designed backward scanning sequence satisfies Sours

bw �=

(a)

(d) (e)

(b) (c)

Fig. 7. Visualization of defect semantic capture capability of different
scanning strategies on PV cell images. (a) Original PV cell image.
(b) Defect mask patches, where the marked patches represent local de-
fect semantics. (c) Zigzag scan of VMamba [19] fails to capture continu-
ous defect semantics due to discontinuous path design. (d) Bidirectional
scan of PlainMamba [20] adopts identical forward and backward paths,
which can only capture the defect semantics in the upper-right region but
misses the defect semantics in the lower-left region. (e) Our proposed
OLS leverages differentiated forward and backward scanning pathways,
which effectively captures the defect semantics in both the upper-right
and lower-left regions, reduces feature redundancy, and enhances the
detection of edge defects.

Reverse(Sfw), following a differentiated traversal rule that
breaks the spatial symmetry of conventional bidirectional scan-
ning. This design ensures that Sours

bw captures complementary
spatial contexts distinct from Sfw, while maintaining local se-
mantic continuity.

The visualization results in Fig. 7 further verify the superiority
of the proposed differentiated bidirectional scanning in captur-
ing defect semantics. In contrast to VMamba’s zigzag scan and
PlainMamba’s identical bidirectional scan, both of which strug-
gle to fully capture continuous defect semantics or miss partial
regions, our OLS leverages differentiated forward and backward
scanning pathways to accurately capture defect semantics in all
target regions, illustrating its effectiveness in reducing feature
redundancy and enhancing edge defect detection.

IV. EXPERIMENTAL SETTINGS AND RESULTS

A. Experimental Setup

1) Dataset: To evaluate the proposed method, experiments
are conducted on two public PV cell defect segmenta-
tion datasets which are UCF-EL and PSCDE. The UCF-EL
dataset [3] contains 17 064 real PV cell images including 4114
defect-free images and the rest with at least one type of defect
(crack, contact, interconnect (Inter.), corrosion (Corr.)) with
each image accompanied by a pixel-level annotation mask.
Following the standard experimental protocol in the original
work [3], the UCF-EL dataset is randomly divided into training,
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TABLE I
PV CELL DEFECT SEGMENTATION RESULTS ON UCF-EL AND PSCDE DATASETS.

validation, and test sets with a ratio of 8:1:1 to follow the
common experimental convention, while maintaining sufficient
training samples for model optimization and reserving adequate
data for fair and reliable performance evaluation. Meanwhile
the PSCDE dataset [17] is a high-quality dataset consisting of
700 challenging defect images with diverse defect types and
fine-grained annotations, which is further split into training, vali-
dation, and test sets with a ratio of 4:2:4 to maintain a sufficiently
challenging test set while retaining enough validation data for
model selection.

2) Implementation details: PV-MambaSeg network was im-
plemented using the PyTorch framework. All experiments were
conducted on a machine equipped with an NVIDIA GeForce
RTX 3090 GPU and an Intel Core i9-10980 XE CPU. The
AdamW optimizer is adopted, with an initial learning rate of
6 × 10−5, a weight decay of 0.01, a warm-up period of 1500 it-
erations, and a batch size set to 16. The input image size is
uniformly set to 224.

3) Evaluation Metrics: For a comprehensive assessment of
the proposed PV-MambaSeg network’s performance, we use
a combination of segmentation accuracy metrics and model
complexity metrics.

For segmentation accuracy, the mean Intersection over Union
(mIoU) is used as the metric, which measures the average over-
lap between predicted defect regions and ground truth masks.
Mathematically, mIoU is computed as

mIoU =
1

K + 1

K∑

k=0

TPk

TPk + FPk + FNk
(10)

where K denotes the number of defect classes, TPk is the count
of pixels correctly classified as class k, FPk is the count of pixels
incorrectly classified as class k, and FNk is the count of pixels
belonging to class k but misclassified.

To evaluate model efficiency, we further employ four com-
plexity metrics. floating point operations (FLOPs) measures
computational load by quantifying the number of arithmetic op-
erations required for inference. Params (Parameters) quantifies
the number of trainable parameters to reflect the model’s storage
and optimization complexity. Model size represents the memory
footprint when the model is stored. Frames per second (FPS)

evaluates the model’s inference speed by measuring the number
of images processed per second. These metrics collectively
offer a balanced evaluation of both segmentation accuracy and
practical efficiency.

B. Comparison With SOTA Methods

Table I presents a comprehensive comparison of the proposed
PV-MambaSeg with 16 state-of-the-art semantic segmentation
methods, evaluated using mIoU and class-specific IoU scores.
Among these methods, DeepLabv3 [33] and Segformer [34] are
existing models adapted for PV cell defect segmentation. We
further include three specialized defect segmentation methods,
namely BiDNet [43], DS2A-Former [44], and OCINet [45],
to verify the effectiveness of our approach on industrial de-
fect scenarios. The remaining 11 methods are representative
natural-scene semantic segmentation models fine-tuned for PV
cell defect segmentation task.

Overall, PV-MambaSeg achieves a leading mean IoU of
0.6181 on the UCF-EL dataset, outperforming the second-best
method, SegMAN, by a substantial margin of 6.01% points. It
also attains superior results on the PSCDE dataset with a mean
IoU of 0.8664, surpassing the next-best GCNet by 9.22% points.
This consistent superiority stems from two core designs tailored
for PV defects: the OLS strategy enables robust geometric
modeling of complex defect morphologies, while the GLVSS
module with DWAG adaptively fuses global–local features to
suppress background noise and enhance defect representation.

For crack segmentation, PV-MambaSeg achieves an IoU of
0.7844, effectively modeling thin, irregular crack structures
through the OLS strategy, which captures structural continuity
and multiorientation features. For contact defects, it achieves
the highest IoU of 0.4162, outperforming Segformer and demon-
strating robust feature discrimination via multiscale local feature
aggregation. For the challenging interconnect defect class, PV-
MambaSeg sets a new state-of-the-art with an IoU of 0.1750,
outperforming PIDNet by 4.10% points, as the DWAG mecha-
nism dynamically emphasizes defect-rich regions and mitigates
noise interference. For corrosion defects, it achieves 0.7451,
confirming its capability to capture large, irregular defect regions
through global–local feature fusion. On the PSCDE dataset,
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Fig. 8. Visualization comparison of segmentation results between our PV-MambaSeg and five SOTA segmentation methods on PV cell defect
images. From left to right: original images, ground truth, PV-MambaSeg results, and other SOTA outputs. Green boxes mark missed detections
and yellow boxes mark misidentified regions. PV-MambaSeg accurately segments multitype, multiorientation PV cell defects, thanks to the OLS
strategy and GLVSS module’s DWAG. It outperforms other methods in reducing missed small/arbitrarily oriented defects and cluttered background
false positives, verifying its effectiveness.

PV-MambaSeg achieves competitive defect and background IoU
scores, suggesting effective mitigation of background noise.
These results indicate that the integration of OLS and GLVSS
offers a feasible way to tackle prevalent challenges in PV defect
segmentation, such as low contrast, scale variation, irregular
morphology, and background interference, and yields relatively
consistent performance improvements across different defect
categories.

Fig. 8 presents a qualitative visualization comparison between
our PV-MambaSeg and five SOTA methods. As shown in the
comparison results, other methods suffer from obvious missed
detections (marked by green boxes) and false positives (marked
by yellow boxes), especially for tiny defects, arbitrarily ori-
ented defects, and defects in cluttered background regions. In
contrast, PV-MambaSeg generates more complete, continuous,
and accurate segmentation masks, effectively reducing missed
detections and false recognitions. These visualization results
intuitively confirm the advantages of the proposed method in
handling multitype and multiorientation PV cell defects under
complex background conditions.

C. Complexity Analysis

In Table I, we conduct a comparison of the computational
complexity between PV-MambaSeg and SOTA methods using
four metrics: Params, FLOPs, model size, and FPS to assess
engineering applicability. PV-MambaSeg achieves remarkable
efficiency with only 2.77 M parameters, which is 56.6% fewer
than the lightest existing method SegMAN. In terms of compu-
tational load, it requires merely 0.78 GFLOPs, outperforming
SegMAN by 22.8% and far surpassing heavier methods like
DeepLabv3 and U-Net. For model size, PV-MambaSeg occu-
pies 31.73 MB, slightly outperforming Seaformer’s underlined

31.80 MB. In terms of inference speed, PV-MambaSeg achieves
an outstanding 548.04 FPS, outperforming the second-best
method SegMAN by 19.3%.

This efficiency stems from two key designs: 1) The OLS block
replaces dense self-attention with directional scanning, reducing
redundant computations; 2) The DWAG uses lightweight depth-
wise convolutions instead of heavy fully connected layers for
adaptive feature weighting. Thus, PV-MambaSeg balances high
segmentation accuracy and low computational cost, meeting the
practical requirements of PV cell defect segmentation.

D. Industrial Inspection Performance Evaluation

To further verify the practical effectiveness of the proposed
PV-MambaSeg in real industrial PV cell inspection, we conduct
an evaluation dedicated to industrial-oriented metrics and real-
istic data distribution. Considering that actual production lines
contain far more normal PV cells than defective ones, we opti-
mize both the training and test sets to better match engineering
practice. Specifically, we enrich the original UCF-EL training set
by adding 2000 real-world normal PV cell images, enabling all
models to learn the appearance of defect-free samples. Mean-
while, we construct a new private test set that consists of 50
defective images and 500 normal images, yielding a normal-to-
defect ratio of 10:1, which simulates defect rate in practical PV
manufacturing. Its 50 defective images are randomly selected
from the UCF-EL dataset, while 500 normal images are collected
from the public ELPV dataset [55]. All comparison methods
and our PV-MambaSeg are retrained and tested under the same
experimental settings for fair evaluation.

For evaluation, we employ important industrial metrics in-
cluding missed detection rate (MDR) and false alarm rate
(FAR). Lower MDR indicates fewer missed defects, while lower
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TABLE II
DEFECT INSPECTION PERFORMANCE COMPARISON ON AN

INSPECTION-ORIENTED PV CELL TEST SET

FAR reduces unnecessary maintenance costs caused by false
warnings. As shown in Table II, our method achieves 0.0000
MDR and 0.0098 FAR, remarkably outperforming all competing
approaches. In addition, PV-MambaSeg demonstrates favorable
precision, recall, and F1-score. These results demonstrate that
the proposed method can accurately identify defective samples
without missing real defects, while effectively suppressing false
alarms on normal samples. The favorable performance on in-
dustrial metrics validates that PV-MambaSeg is well-adapted to
real PV inspection scenarios.

E. Ablation Studies

To validate the effectiveness of key components in the pro-
posed PV-MambaSeg, especially the design rationale of the
GLVSS module and its internal components, we conduct sys-
tematic ablation experiments on the representative UCF-EL
dataset [3]. We also perform comparative evaluations between
our proposed OLS strategy and other scanning strategies. All
experiments share the same encoder and training settings to
ensure fairness.

1) Ablation study of GLVSS module: To validate the effec-
tiveness of the proposed GLVSS module as a segmentation head,
we compare it with four representative segmentation heads FCN-
Head [48], ASPPHead [33], FPNHead [49], and UPerHead [50]
under the same experimental setup. All segmentation heads
share the same lightweight encoder to ensure a fair compari-
son, with results summarized in Table III. As demonstrated in
Table III, the GLVSS module achieves the highest performance
across all metrics, with a mean IoU of 0.6181, which is 11.11%
higher than the second-best FPNHead. This significant improve-
ment is consistent across all defect categories. In terms of effi-
ciency, GLVSS maintains the lowest computational cost which
requires only 2.77 M parameters and 0.78 GFLOPs, slightly out-
performing FCNHead and far exceeding heavier decoders like
UPerHead. Its model size of 31.73 MB is also the smallest. These
results confirm that the GLVSS module achieves a better balance
between segmentation accuracy and efficiency in comparison to
mainstream segmentation head designs, validating its suitability
for PV cell defect segmentation task.

2) Ablation study of components in GLVSS module: For the
purpose of further exploring the individual and synergistic con-
tributions of the core components within the GLVSS module
namely the OLS block, DWAG, and SE fusion module, we
conduct incremental ablation experiments. Table IV summa-
rizes the results, where

√
indicates the presence of a compo-

nent and ✗ indicates its absence. All configurations share the
same lightweight encoder and training settings, with similar
computational costs. When used individually, the OLS yields
the highest mIoU, highlighting its dominant role in capturing
multi-directional defect features. The OLS+DWAG combina-
tion achieves the highest mIoU among two-component setups,
indicating that DWAG’s adaptive multiscale aggregation com-
plements OLS’s feature extraction by suppressing noise in com-
plex backgrounds. The full GLVSS module (OLS+DWAG+SE)
achieves the highest mIoU of 0.6181, and optimal performance
across all defect categories. These results validate that all three
components OLS, DWAG, and SE are indispensable and func-
tion synergistically: OLS lays the foundation for capturing
geometrically complex defects, DWAG enhances feature ag-
gregation robustness, and SE optimizes global–local feature
alignment. Their integration enables GLVSS to achieve im-
proved segmentation accuracy without increasing computational
overhead.

To further verify the rationality of the DWAG module’s multi-
scale convolution kernel design and the effectiveness of the local
branch feature enhancement strategy, additional ablation exper-
iments were conducted, with results presented in Table V. All
experimental settings were consistent with the aforementioned
component ablation to ensure the fairness and comparability of
the results.

For the DWAG module, ablation experiments were performed
on different convolution kernel sizes and their pairwise combi-
nations to explore the optimal kernel configuration for PV cell
defect segmentation. As shown in the DWAG Ablation group,
single-kernel configurations exhibit limited performance, with
3 × 3 Conv outperforming 5 × 5, 7 × 7, and 1 × 1 Conv. This is
because 3 × 3 convolution can effectively capture fine-grained
defect details common in PV cells, while 5 × 5 convolution
complements it by capturing slightly larger defect regions and
contextual information. Among all pairwise combinations, the
3 × 3 + 5 × 5 Conv combination balances performance and
rationality for PV cell defects, effectively capturing both fine
and moderate-scale defects without redundant computation. No-
tably, all DWAG configurations maintain similar computational
costs, confirming that our selected 3 × 3 + 5 × 5 kernel
combination is suitable for PV cell defect segmentation.

To evaluate the effectiveness of our local branch feature
enhancement strategy, we compared the convolutional block
in local branch against four representative feature enhance-
ment methods, including SE [51], CBAM [52], CA [53], and
SKNet [54] to verify its effectiveness for local PV cell de-
fect extraction. Results show that our convolution-based local
branch, when integrated into the full GLVSS module, outper-
forms all comparative methods. This demonstrates that our
local branch can effectively extract local defect features without
additional computational burden, whereas traditional attention-
based methods introduce unnecessary complexity, leading to
potential noise amplification and higher overhead. Notably, in
our GLVSS architecture, the SE [51] module is deliberately
positioned after the fusion of global and local branches. Since
local features contain rich high-frequency details, premature en-
hancement prior to fusion could lead to detail loss. By applying
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TABLE III
ABLATION STUDY OF GLVSS MODULE

TABLE IV
ABLATION OF DIFFERENT COMPONENTS IN GLVSS MODULE

TABLE V
ABLATION STUDIES AND COMPARISONS OF DWAG MODULE AND LOCAL BRANCH

TABLE VI
ABLATION STUDY OF DIFFERENT SCANNING STRATEGIES

SE post-fusion, the model leverages global context to guide
local feature screening, thereby achieving more discriminative
local detail enhancement from a global perspective compared to
simple local enhancement.

3) Ablation study of different scan strategies: We further
compare the proposed OLS strategy with five representative
mainstream scanning strategies from existing Mamba-based
models, including Vision Mamba [18], VMamba [19], Plain-
Mamba [20], RS-Mamba [31], and SCSegamba [32] to validate
their effectiveness in capturing geometrically complex PV cell

defects. These strategies encompass both zigzag and continuous
scanning paradigms, as well as varying numbers of directions,
enabling a comprehensive evaluation of OLS. Importantly, RS-
Mamba also uses eight directions, yet OLS substantially outper-
forms it, confirming that the gain comes from the differentiated
continuous design rather than direction quantity. All compar-
ative experiments are conducted under identical experimental
settings to ensure a fair evaluation. As presented in Table VI,
the OLS strategy attains the optimal overall performance, outper-
forming the second-best SCSegamba by 3.90%. This superiority
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TABLE VII
ABLATION OF DIFFERENT SCAN ROUTES, WHERE R0-R7 DENOTE DIFFERENT SCAN ROUTES IN THE OLS

Fig. 9. Representative failure cases. From left to right, the columns are
original images, ground truth, predictions of PV-MambaSeg and other
methods. The top row shows missed segmentation of tiny, low-contrast
cracks. The bottom row illustrates missed segmentation of crack and
interconnect in a noisy background.

is consistent across all defect categories. In terms of efficiency,
OLS requires 0.0071 s per complete scan, which is slightly
longer than Vision Mamba’s underlined 0.0043 s but comparable
to other strategies.

We also conducted ablation experiments on OLS’s scan
routes. Table VII indicates that removing any single route of OLS
leads to a performance drop compared with the complete 8-route
OLS, and the full OLS achieves the best overall performance.
This indicates that each scan route contributes meaningful defect
information and that the eight routes are complementary rather
than redundant.

Overall, the quantitative comparisons and ablation results
consistently verify that the proposed OLS outperforms existing
Mamba-based scanning strategies for PV cell defect segmenta-
tion. By comprehensively capturing structural continuity across
more directions, OLS contributes to handling the geometric
complexity of PV cell defects, validating its role as a core
innovation in PV-MambaSeg.

F. Failure Analysis

Despite the superior performance of PV-MambaSeg, there
remain failure cases in specific PV cell defect scenarios. We
analyze two representative cases in Fig. 9 to identify limitations
and provide insights for future improvements. The first case
involves missed segmentation with tiny, low-contrast cracks
which account for less than 0.1% of the image pixels and exhibit
minimal grayscale variation from the background. Though the
multidirectional scanning of OLS has alleviated this issue by
enhancing the capture of fine-grained structural continuity, it still
struggles to extract sufficient discriminative defect features from
these minute regions. The second case is missed segmentation
of crack and interconnect in a noisy background, where mixed
multitype defect features and background noise cause confusion.
The proposed DWAG module has mitigated the interference
by adaptively calibrating global and local feature weights, but
it still cannot fully resolve the feature confusion, resulting in
occasional missed segmentation. These challenges are common

across existing PV cell defect segmentation methods, not exclu-
sive to our approach.

These cases highlight that enhancing the model’s sensitivity
to tiny defects and robustness to feature confusion in noisy
background are key directions for future work. Potential solu-
tions include dedicated tiny-defect enhancement modules and
noise-aware attention mechanisms to better distinguish defects
from complex backgrounds.

V. CONCLUSION

This article presents PV-MambaSeg, which is the first
Mamba-based network tailored for PV multiclass defect
segmentation. Our model focuses on better modeling complex
geometries and balancing accuracy with efficiency through two
main components: the OLS strategy for comprehensive multi-
directional feature capture and the GLVSS module for adaptive
feature fusion.

Extensive experiments on two public PV cell defect segmen-
tation datasets demonstrate the superiority of PV-MambaSeg.
It achieves a leading mIoU while maintaining exceptional effi-
ciency, outperforming both CNN-based and transformer-based
methods in balancing accuracy and computational cost. Our fu-
ture efforts will focus on enhancing the model’s sensitivity to tiny
defects as well as its robustness in highly noisy environments,
further expanding its practical applicability.
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