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Abstract: Amidst the dual challenges of energy shortages and global warming, photovoltaic
(PV) power generation has emerged as a critical technology due to its efficient utilization of
solar energy. Rooftops, as underutilized spaces, are ideal locations for installing solar panels,
avoiding the need for additional land. However, the accurate and generalized segmentation
of large-scale PV panel images remains a technical challenge, primarily due to varying
image resolutions, large image scales, and the significant imbalance between foreground
and background categories. To address these challenges, this paper proposes a novel model
based on the Res2Net architecture, an enhanced version of the classic ResNet optimized for
multi-scale feature extraction. The model integrates Spatial Feature Reconstruction and
multi-scale feature aggregation modules, enabling effective extraction of multi-scale data
features and precise reconstruction of spatial features. These improvements are particularly
designed to handle the small proportion of PV panels in images, effectively distinguishing
target features from redundant ones and improving recognition accuracy. Comparative
experiments conducted on a publicly available rooftop PV dataset demonstrate that the
proposed method achieves superior performance compared to mainstream techniques,
showcasing its effectiveness in precise PV panel segmentation.

Keywords: spatial feature reconstruction; multi-scale feature fusion; PV detection; Res2Net

1. Introduction

In the context of global energy resource depletion and climate warming, photovoltaic
(PV) power generation has become an efficient solar energy utilization solution. Accord-
ing to data from China’s National Energy Administration [1], as of June 2023, China’s
grid-connected photovoltaic capacity reached 470 gigawatts, with distributed systems
accounting for 42%. Rooftop solar energy not only offers low costs and rapid construction
but also provides additional income through electricity sales, with China’s rooftop PV
installation capacity reaching 51.1 gigawatts in 2022, accounting for 54% of the global total.
Despite the rapid development of rooftop PV technology, some regions have not fully
utilized its potential, while others have experienced electricity wastage due to excessive
development and improper layout [2]. Therefore, a detailed assessment of the develop-
ment of rooftop PV systems is particularly important for the effective management and
planning of regional distributed PV energy systems. With the rapid development of remote
sensing technology and deep learning, significant progress has been made in recent years
in automatically obtaining information on solar panel installations in specific areas. This
technology combines the efficient collection of high-resolution terrestrial feature images
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with the powerful feature extraction capabilities of deep learning algorithms, becoming
an important means of extracting rooftop and photovoltaic (PV) panel information [3-6].
Through remote sensing image analysis and the prediction of ground object information, it
not only provides a viable alternative to laborious field surveys and traditional reporting
but also demonstrates great potential in detecting and assessing solar panels regionally. In
the development and application of PV systems, numerous studies focus on improving
system efficiency and monitoring technology. Firstly, Li et al. [7] proposed an innovative
joint task learning framework that utilizes a scale-adaptive module and a location guidance
module, significantly improving the edge detection accuracy of domestic rooftop PV sys-
tems, thereby optimizing the planning and management of PV development. In terms of
monitoring technology, Qi et al. [2] effectively monitored and assessed the current state and
future potential of rooftop PV installations through a remote sensing image-based dual-
branch deep learning framework and MANet network. Additionally, addressing partial
shading issues, Giovanni et al. [8] introduced a solution to enhance the power generation
efficiency of Building-Applied Photovoltaic (BAPV) systems. This solution optimizes the
array’s output through electrical reconfiguration, enhancing performance under adverse
conditions. In forecasting and fault detection, Satpathy et al. [9] utilized a neural network
model for the short-term prediction of rooftop PV power generation, demonstrating the
model’s strengths in data capture and energy management. Concurrently, Aljafari et al. [10]
developed a fault detection and online monitoring system, integrating Internet of Things
(IoT) technology and a 1D-CNN model, significantly enhancing the reliability and efficiency
of fault detection in grid-connected PV systems. Lastly, Sulaiman et al. [11] combined oper-
ational data and Building Information Modeling (BIM) to improve and predict the energy
output of BAPV systems, providing new insights for sustainable energy management and
promoting continuous improvement in system design. However, despite the successful
application of this approach in many studies, there remain some limitations that need
further resolution: (1) In practical scenarios, spatial resolution plays a key role in semantic
segmentation, as high-resolution images provide more information for training deep learn-
ing models. Currently, segmentation accuracy at different resolutions presents challenges in
effectively utilizing spatial information across various scales. (2) Moreover, accurately and
universally segmenting various PV categories and complex terrestrial features in remote
sensing images remains a significant challenge. Consequently, training datasets may face
multiple imbalances, particularly regarding resolution, size, and foreground-background
categories. These imbalances complicate model training, leading to poor accuracy and
generalization capabilities. As illustrated in Figure 1, from left to right, the spatial resolu-
tions are 0.1 m, 0.3 m, and 0.8 m, respectively, with high-resolution scenarios being more
challenging to recognize.

To address these issues, this paper proposes a novel segmentation network, summa-
rized as follows:

1. This study introduces a new Multi-scale Feature Aggregation Network designed
to better capture PV panel information in remote sensing imagery through feature
extraction at different scales. The architecture of this network effectively integrates
features from multiple levels, fully utilizing the rich information in images, thereby
enhancing the model’s ability to recognize PV panels of varying sizes and shapes.
This multi-scale design not only increases the model’s flexibility, adapting to more
diverse ground situations, but also provides more comprehensive data support for
subsequent feature analysis.

2. Furthermore, this study proposes a new Spatial Feature Reconstruction method that
effectively captures global contextual information in horizontal and vertical directions
by reconstructing spatial features based on the unique characteristics of PV panels.
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In this process, the study focuses on modeling the rectangular key regions in the
imagery, allowing the model to more accurately locate the positions and shape features
of PV panels. This reconstruction technique not only improves the accuracy of PV
panel segmentation but also provides robust support for feature understanding in
complex scenes.

3. Finally, on the publicly available rooftop PV segmentation dataset, the proposed
method demonstrates significant advantages in performance compared to other com-
parative methods. Systematic experiments validate that the combination of the new
Multi-scale Feature Aggregation Network and Spatial Feature Reconstruction ap-
proach leads to substantial improvements in both the accuracy and robustness of the
model. This result not only verifies the effectiveness of the proposed methods but
also lays a solid foundation for future applications in the automatic recognition and

monitoring of PV panels.

Figure 1. An illustrative diagram depicting rooftop photovoltaic panels with different spatial reso-
lutions. The top row shows the original images, while the bottom row displays the corresponding
segmentation labels.

The structure of the remaining sections in this paper is as follows: In Section 2, we
present a summary of related work on rooftop photovoltaic segmentation. In Section 3, we
provide a detailed description of our proposed network. Section 4 contains details about
the dataset, evaluation metrics, implementation specifics, and a series of experiments aimed
at evaluating the performance of our crack detection method in tunnel lining structures.
Lastly, in Section 5, we conclude the paper and offer insights into future research directions.

2. Related Work

The detection, segmentation, and optimization of photovoltaic (PV) systems have
garnered significant attention in recent years, fueled by advancements in remote sensing
and deep learning technologies. Early contributions laid the foundation for PV panel
recognition but faced limitations in accuracy, efficiency, and application breadth.

In 2015, Malof et al. [12] pioneered the use of support vector machine (SVM) models
to analyze high-resolution remote sensing data from the US Geological Survey. While
their approach successfully identified whether an image contained PV panels, it was
unable to measure the exact area occupied by these panels. Building upon this, a research
group [13] employed deep convolutional neural networks (CNNs) for large-scale PV
detection, enabling pixel-level segmentation. Meanwhile, Golovko et al. [14] demonstrated
the feasibility of using low-resolution Google satellite imagery for PV panel detection,
though accuracy and computational efficiency remained significant challenges.

Recent efforts have focused on integrating deep learning with remote sensing to assess
and optimize rooftop PV potential. Yan et al. [15] developed a deep learning framework
to construct 3D building models from high-resolution satellite imagery, enabling precise
PV potential estimation. Nasrallah et al. [16] further refined this process by using instance
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segmentation to extract building boundaries and proposing an algorithm for optimal PV
panel arrangement, considering rooftop morphology to maximize energy generation in
Lebanon. Similarly, Cui et al. [17] applied an enhanced SegNeXt model to map rooftops
in rural China, combining geographical and technical factors with solar radiation data
to calculate PV potential based on national design codes. Liu et al. [18] employed Mask
R-CNN to identify rooftops and obstacles in Changsha, using EnergyPlus models to predict
energy generation under various scenarios. Lin et al. [19] used DeepLabv3+ for rooftop
extraction in Beijing, integrating meteorological data and geometric transformations to
analyze long-term carbon reduction.

The extraction of building rooftops, a critical step for PV placement, has been the
focus of several studies. Chen et al. [20] proposed a contour-guided encoder—decoder
network to improve rooftop boundary extraction, while Khan et al. [21] introduced an
encoder—decoder framework for automatic rooftop contour detection. Shao et al. [22]
presented the Building Residual Refinement Network, combining feature prediction and
residual refinement modules to improve segmentation accuracy. Chen et al. [23] designed
an Adaptive Feature Screening Network, utilizing a spatial upsampling module to extract
multi-scale building features effectively. In addition to rooftop extraction, recent work has
highlighted the importance of deep learning in optimizing PV placement. For example,
Li et al. [7] introduced a joint task learning framework with scale-adaptive and location
guidance modules, significantly improving edge detection and improving PV system
planning. Qi et al. [2] used a dual-branch deep learning framework with MANet to monitor
rooftop photovoltaic systems, providing insight into optimal module placement.

Recent studies have also explored segmentation techniques to improve the perfor-
mance of the photovoltaic system. Jie et al. [24] incorporated a gated fusion module into
EfficientUNet to identify distributed photovoltaic power stations. Hou et al. [25] combined
U-Net with EMANet to enhance the segmentation accuracy of centralized photovoltaic
systems. Costa et al. [26] evaluated 16 semantic segmentation networks, concluding that U-
Net with EfficientNet-b7 offered the best performance for PV segmentation. Wang et al. [27]
proposed PVNet, which combines coarse predictions with refinement modules to optimize
segmentation boundaries. Beyond segmentation, some studies focus on improving system
efficiency. Giovanni et al. [8] addressed the partial shading problem in Building-Applied
Photovoltaic (BAPV) Systems by optimizing electrical reconfiguration, enhancing energy
output under suboptimal conditions. Satpathy et al. [9] demonstrated the use of neural
networks for the short-term prediction of rooftop photovoltaic power, which can also
guide module placement. Sulaiman et al. [11] integrated operational data with Building
Information Modeling (BIM) to improve the design of the photovoltaic system and predict
energy output, providing valuable tools for sustainable energy management.

Although significant advances have been made in PV panel detection, rooftop extrac-
tion, and performance optimization, existing methods still face challenges in accurately
segmenting small-scale PV modules, addressing data imbalance, and optimizing place-
ments in complex environments. These gaps underscore the need for robust methods
that can integrate multi-scale processing, spatial context reconstruction, and adaptive
optimization to achieve more practical and efficient PV deployment.

3. Methods
3.1. Overview of the Proposed Method

This section provides a detailed explanation of the network’s overall architecture,
focusing on the Spatial Feature Reconstruction (SFR) module, Multi-scale Feature Aggre-

gation (MFA), and the Res2Net module. The improved network, illustrated in Figure 2,
consists of three main components: (1) a feature extraction backbone built on Res2Net
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blocks; (2) a feature enhancement mechanism leveraging the SFR and MFA modules; and
(3) an efficient feature fusion and output stage. The network adopts a U-Net framework,
structured with four stages in both the encoder and decoder. In the encoder, the channel
dimensions at each stage are 64, 128, 256, and 512, while in the decoder, they are reversed
as 512, 256, 128, and 64, aligning with the U-Net design principles.
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Figure 2. The proposed network consists of three key components: the encoding phase, skip
connections, and the decoding phase. The skip connection segment incorporates the Spatial Feature
Reconstruction (SFR) module to strengthen feature extraction. To enlarge the receptive field, Multi-
scale Feature Aggregation (MFA) is applied in the lower layers using parallel dilated convolutions.
During the decoding phase, high-level semantic features from the MFA module are merged with
low-level features to improve feature fusion.

The SFR module is introduced as a replacement for the traditional skip connection
layer, adopting a separate-and-reconstruct strategy to capture richer spatial information.
In the middle section of the network, the original structure is replaced by the MFA module,
which utilizes dilated convolutions with varying rates to capture a wider range of semantic
information. This module dynamically aggregates multi-scale features through an attention
mechanism, enhancing the network’s ability to represent complex patterns. In the decoder,
high-level semantic features from the MFA module are fused with low-level features to
improve feature integration. This design streamlines feature processing while boosting the
model’s performance and accuracy.

3.2. Res2Net Backbone

As shown in Figure 3, Res2Net [28] divides the channels in each residual block into
several groups and performs independent convolution within each group. Suppose the
number of channels for a feature map X is C. This feature map will be divided into G



Energies 2025, 18, 119

6 of 19

groups, each containing C/G channels. For each group i, the calculation can be expressed
as follows:
Yi = F(Yi1 © Xj) (1)

Here, F; denotes the convolution operation applied to the i-th group, Y; represents
the output feature map of the i-th group, and X; corresponds to the i-th channel of the
input feature map X. The symbol @ indicates the concatenation of feature maps. Finally,
the outputs Y; from all groups are concatenated to produce the final output Y of the residual
block, which is mathematically expressed as follows:

Y=Y10Yo®...®Yg )

The Res2Net architecture integrated into our method improves the model’s capacity for
multi-scale feature extraction by embedding this capability directly within a single residual
block. This design enables the model to capture both fine-grained details and broader
contextual information, making it highly effective for handling images with rooftops of
varying sizes and scales.

v
1 =1
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X1 X2 X3 X1
3x3
K2 >
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Y1 Y2 Y3 Y4
Y
1=1

Figure 3. The structural diagram of the Res2Net module.

3.3. Spatial Feature Reconstruction

To effectively address the spatial redundancy in features, we introduced the Spatial
Feature Reconstruction (SFR) [29] module depicted in Figure 4. Specifically, unlike existing
spatial reconstruction methods that typically rely on complex attention mechanisms to
extract features and assign corresponding weights to the original feature maps, the SFR
module adopts an innovative design based on feature separation and cross-reconstruction,
enabling more fine-grained selection and reorganization of spatial features. This approach
effectively reduces redundant information and improves the efficiency of information flow,
thereby further optimizing feature representation capabilities and significantly enhancing
model performance. The main operation of SFR is divided into two stages: separation
and reconstruction.
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Figure 4. The structural diagram of the proposed Spatial Feature Reconstruction module.

Separation Operation: This process aims to distinguish information-rich feature maps
from less informative ones based on their spatial content. To evaluate the information
content, trainable parameters y within the Group Normalization (GN) layer are utilized.
Initially, the input feature map X undergoes normalization, followed by the application
of a sigmoid function to scale the weight values into the range (0, 1). Weights exceeding a
predefined threshold are assigned a value of 1, while those below the threshold are set to 0.
This results in the separation of information-rich weights Wy from less informative weights.

Wy = {w;} = , ,j=12,...,C ®)
Z] 1’)/]

W = Gate(Sigmoid (W, (GN(X)))) 4)

Finally, element-wise multiplication produces weighted features X*, where X}’ con-
tains information-rich features and X' represents redundant features. Reconstruction
Operation: To reduce spatial redundancy, a cross-reconstruction operation is proposed,
which combines the information-rich features with the less informative ones to enhance
the information flow. After cross-reconstructing these two parts, they are concatenated,
resulting in a spatially refined feature map X*.

XV =W, ®X,
Xy =W, ®X,
X118 X5 = X7, (5)

Xn © X = X7,
XY UXY = XY

The Spatial Feature Reconstruction module is designed to improve spatial localization,
ensuring that even small-scale PV panels are accurately detected despite their limited
presence in high-resolution images.

3.4. Multi-Scale Feature Aggregation

The network proposed in this paper effectively addresses the scale variations in rooftop
photovoltaic systems across different scenes through the MFA (Multi-scale Feature Aggre-
gation) module. It captures multi-scale feature information, avoiding the conventional
method of directly concatenating fixed receptive field feature maps. Direct aggregation of
features at multiple scales could diminish the performance of features in high-resolution
scenes due to misleading background information. Therefore, the MFA does not uniformly
process features across all scales but instead uses a dynamic feature selection module to



Energies 2025, 18, 119

8 of 19

independently handle key features, enhancing the efficiency of feature processing. Detailed
structural information can be found in Figure 2.

During the feature extraction phase, the network first transmits the final output of
the feature pyramid encoder, denoted as Fcx < w, to four atrous convolutional branches
with varying convolution rates, achieving multi-scale feature extraction. The output maps
from each branch are then fed into their respective dynamic feature selection modules for
precise extraction of crucial feature information. Additionally, Fc . p«w is simultaneously
sent to a 1 x 1 convolution branch and a global average pooling (GAP) branch to obtain
their output feature maps.

In contrast, the MFA module addresses the limitations of existing multi-scale feature
fusion methods. Currently, mainstream methods often use dilated convolutions with dif-
ferent dilation rates to achieve multi-scale feature fusion but lack dynamic regulation of
the importance of different scale features. Building on this, we introduce an attention
mechanism to effectively allocate and aggregate weights for multi-scale features. This
improvement allows the model to more precisely capture contextual information, signifi-
cantly enhancing its representation capability in complex scenarios, thereby improving the
robustness and accuracy of the model.

To address the weakening of target area representation caused by direct Multi-scale
Feature Aggregation, a dynamic feature selection mechanism is introduced. This mech-
anism enables the model to concentrate on extracting key information from multi-scale
features and is inspired by the findings in study [30].

The dynamic feature selection mechanism comprises two key components: spatial
attention and channel attention mechanisms.

The spatial attention mechanism takes the input feature map P € RE*H*W and
processes it through a convolutional layer to generate two feature maps, K and V. These
are reshaped, fused using matrix multiplication, and passed through a softmax layer to
compute the spatial relationships between features. Meanwhile, the channel attention
mechanism processes the input feature map C with a 1 x 1 convolution, resulting in
three feature maps, Q, K, and V. These maps are reshaped, combined through matrix
multiplication, and refined with a softmax layer to capture the dependencies between
channels. Together, these attention mechanisms optimize feature selection and information
extraction, contributing to improved model performance and accuracy.

The multi-scale feature aggregation module integrates features from different levels
of the network, enabling the model to retain and utilize information across varying scales,
which is critical for distinguishing PV panels from complex rooftop environments.

3.5. Loss Function

In rooftop photovoltaic detection applications, the commonly used Binary Cross-
Entropy (BCE) loss function faces challenges due to the significantly smaller number of
photovoltaic area pixels compared to the background pixels in high-resolution scenarios
within the dataset. Using the standard BCE loss during training can cause the model
to disproportionately focus on background pixels, hindering its ability to learn features
specific to the target area. This imbalance may reduce the model’s effectiveness in rooftop
photovoltaic detection. To address this limitation, we adopt a weighted BCE loss function.
By introducing weight coefficients, this loss function adjusts the emphasis between the
photovoltaic regions and the background, ensuring a more balanced learning process.
The weighted BCE loss is defined as follows:

Lopee(W) = —wg Z logPr(yj =1]|X, W)
= ®
—wy Y logPr(y]- =0| X,W).

JEY-
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Specifically, the weight wy = % is defined for the photovoltaic area pixels, while
the weight for the background area w; is set to 1. In this context, |Y, | and |Y_| denote
the total number of photovoltaic and non-photovoltaic pixels across the entire training

dataset, respectively.

4. Experimental Results and Analysis
4.1. Implementation Details

The model was developed with the assistance of MMSegmentation 0.25.0, a special-
ized toolkit for semantic segmentation that is publicly available and based on PyTorch,
developed by Meta Platforms, Inc., located in Menlo Park, CA, USA.

The testing environment comprised a server outfitted with a single NVIDIA RTX 4090
GPU, manufactured by NVIDIA Corporation located in Santa Clara, CA, USA, which is
equipped with 24 GB of memory. A detailed summary of the experimental settings and
configurations is presented in Table 1. In addition to these general settings, the following
experimental details are provided: Batch size—the batch size was set to 8 to balance
computational efficiency and memory usage. Number of iterations—the model was trained
for 160,000 iterations, with an early stopping strategy applied if no parameter updates
occurred within 500 iterations to prevent overfitting. Learning rate schedule—the initial
learning rate was decayed by 90% every 500 iterations, enabling a gradual convergence to
the optimal parameters. Data augmentation—during training, random data augmentation
strategies were employed to improve model robustness. These strategies included random
flipping and random rotation of the training images, which helped mitigate overfitting and
enhance generalization.

Table 1. Experiments settings.

Category Item Configuration
Hardware GPU RTX 4090 x 1
Python 3.8.16
CUDA 11.3
Environment Config. Pytorch 1.11.0
MMSegmentation 0.25.0
Learning rate 0.0001
Weight decay 0.01
Loss function BCE loss function
Optimizer AdamW

4.2. Datasets

The dataset used in the experimental section was sourced from Zenodo [26] and
included various samples of photovoltaic panels. These samples were primarily composed
of images taken by the GaoFen-2 and Beijing-2 satellites, as well as drones located in
Jiangsu Province, China. The dataset was divided into three subsets corresponding to
spatial resolutions of 0.8 m, 0.3 m, and 0.1 m, named PV08, PV03, and PV01, respectively.

In the PV08 subset, the samples were further categorized into two main classes based
on the installation location of the photovoltaic panels: rooftop- and ground-mounted.
The PV03 subset was more detailed, including classifications such as rooftop photovoltaic,
shrubland photovoltaic, grassland photovoltaic, farmland photovoltaic, saline-alkali pho-
tovoltaic, and water surface photovoltaic. The PV01 subset classified panels based on the
material of the rooftop (such as concrete, steel tiles, and bricks).

Since this study focuses primarily on detecting rooftop photovoltaics, the rooftop
photovoltaic scenarios from the three datasets were extracted and merged during the
experimental process. After merging the scenes from the three resolutions, a random dataset



Energies 2025, 18, 119

10 of 19

split was performed, resulting in 776 training images and 195 testing images. Therefore,
we abbreviate the dataset as rooftop pv. The image resolutions for both PV03 and PV08
were 1024 x 1024 pixels, while the resolution for the PV01 subset was 256 x 256 pixels.
Additionally, to match the network input requirements, all images were uniformly resized
to 256 x 256 pixels.

4.3. Comparison Methods

(1) U-Net [31]: U-Net is a deep learning framework widely used for image segmentation.
It features an encoder—decoder structure with skip connections, which effectively com-
bines high-resolution spatial features with low-resolution contextual information. This
design makes it highly effective in applications such as medical image segmentation.

(2) DeepLabV3+ [32]: DeepLabV3+ is an image segmentation model that leverages atrous
convolution and pyramid pooling to extract multi-scale contextual features. This
approach enhances segmentation accuracy by capturing fine details and broader
contextual relationships.

(3) HRNet [33]: The High-Resolution Network (HRNet) maintains high-resolution repre-
sentations throughout its architecture, enabling precise multi-scale feature integration.
It has demonstrated strong performance in image segmentation and object detec-
tion tasks.

(4) PSPnet [34]: The Pyramid Scene Parsing Network (PSPNet) introduces a pyramid
pooling module to effectively capture global context information at various scales.
This capability enhances its segmentation performance in complex and diverse scenes.

(5) Segformer [35]: Segformer is an efficient image segmentation model that integrates
transformer-based and convolutional approaches. Its hybrid architecture balances
accuracy and computational efficiency, achieving high performance across various
segmentation tasks.

(6) Beit [36]: Beit is a vision transformer-based model designed for image segmentation
and other vision tasks, leveraging masked image modeling pretraining to achieve
high accuracy, particularly in large-scale datasets, though at the cost of increased
computational complexity.

(7) Maskformer [37]: Maskformer is a transformer-based model that unifies segmentation
tasks by predicting a set of binary masks with associated labels, effectively bridging
the gap between instance, semantic, and panoptic segmentation, while maintaining
high accuracy and adaptability across diverse segmentation scenarios.

(8) Mask2former [38]: Mask2Former is a versatile segmentation framework that leverages
a transformer architecture to generate masks for both object-level and pixel-level
segmentation tasks in a unified manner, achieving high performance on various
benchmark datasets.

4.4. Evaluation Metrics

In this study, we utilize three widely recognized metrics—Precision (P), Recall (R),
and the F1-score (F1)—to evaluate the performance of the models. Precision represents the
proportion of correctly identified positive predictions out of all positive predictions made
by the model, reflecting its accuracy in distinguishing positive cases. Recall, in contrast,
measures the proportion of correctly identified positive instances relative to the total
number of actual positives in the dataset, highlighting the model’s ability to capture all
relevant instances. The F1-score, calculated as the harmonic mean of precision and recall,
balances the trade-off between these two metrics, offering a comprehensive measure of the
model’s overall performance.

TP

Precision (P) = TP+ EP’

@)
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TP

Recall (R) = TP +FN’ ®
2x P xR
[=-""""

1 P+R ©)

In this context, TP represents true positives, FP denotes false positives, and FN
corresponds to false negatives. This study formulates photovoltaic (PV) detection as a
binary semantic segmentation task, aiming to differentiate PV regions from the background.
To assess the performance of the models in this task, we utilize three commonly used
semantic segmentation metrics: the mean Dice coefficient (mDice), mean accuracy (mAcc),
and mean intersection over union (mlol).

2TP
Dice = ————— | 10
M = TP+ FP+ EN (10)
k ..
mAcc = 1 Y Pi , (11)
K1k
L By
=0
P;

1 k
mlolU = K+1 ; p , (12)

k
=0y P+ ¥ Py — Py
i=0 i=0

Here, K denotes the total number of classes (in this case, K = 2 for crack and non-
crack), and p;; represents the number of pixels from class i that are predicted to belong to
class j.

4.5. Experimental Results

Figure 5 illustrates the training loss comparison across various methods over the
training steps, highlighting differences in convergence speed and optimization efficiency.
Among all methods, our proposed method (“Ours”) demonstrates a significantly faster
convergence rate, achieving stable training loss at approximately 8000 steps, whereas
other methods, such as U-Net, DeeplabV3plus, and PSPNet, require approximately 20,000
to 40,000 steps to reach similar levels of convergence. This faster convergence indicates
that our method efficiently learns meaningful features early in the training process, likely
attributed to its enhanced architectural design and robust optimization strategies.

50 Comparison of Training Losses Using Different Methods

— UNet
—— DeeplabV3plus
—— HRNet

2.5 1 PSPNet
Mask2Former
segformer

204 — Qurs
Beit

maskformer

1.5

Train Loss

1.0 4

0.5 1
1

.
RN P
}\\i"’\"\”"msfm;‘:\;&\ P S —
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Figure 5. The training loss values of different methods are presented.



Energies 2025, 18, 119

12 of 19

mloU for Different Methods

While methods like U-Net, DeeplabV3plus, and PSPNet show competitive perfor-
mance with relatively low losses, their slower convergence makes them less efficient
compared to our method. Mask2Former and Beit exhibit higher and more fluctuating losses
throughout training, suggesting their increased complexity may hinder stable optimization.
Segformer demonstrates moderate stability during training but with consistently higher
final loss values compared to our method.

Opverall, these results highlight the superiority of our method in terms of convergence
speed and training efficiency, requiring fewer steps to achieve lower loss while maintaining
robust performance, making it a more reliable and efficient approach for the task.

The combined Figure 6 compares the performance of different methods across three
key metrics: mAcc, mFscore, and mloU, highlighting the strengths of our proposed method
(“Ours”). Across all metrics, our method demonstrates faster convergence, higher stability,
and superior performance.
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Figure 6. The mIoU, mAcc, and mFscore performance metrics across different methods.

For mAcc, our method rapidly achieves the highest accuracy and maintains it consis-
tently, outperforming U-Net, DeeplabV3plus, and HRNet, while PSPNet and transformer-
based models like Mask2Former and Beit exhibit significant fluctuations and lower perfor-
mance. In terms of mFscore, our method achieves a strong balance between precision and
recall, leading other methods with faster convergence and higher stability. Lastly, in mloU,
our method achieves higher IoU values early in training and sustains them better than
competitors. PSPNet and Mask2Former show erratic fluctuations, while Beit and Segformer
struggle to stabilize. Overall, the results clearly demonstrate that our method excels in effi-
ciency, robustness, and overall performance compared to traditional and transformer-based
models, making it well suited for practical applications.

As illustrated in Table 2, we evaluated various deep learning models on PV rooftop
detection using key metrics: Precision, Recall, F1-score, mAcc, mloU, and mDice. Our
proposed model achieved the best performance across all metrics, with a Precision of
96.56%, Recall of 97.10%, F1-score of 97.75%, mAcc of 98.39%, mIoU of 94.15%, and mDice
of 96.91%. Notably, it outperformed all competing methods in F1-score, mAcc, and mDice,
demonstrating its robustness, accuracy, and superior spatial prediction capabilities.

The strong performance of our method is attributed to the use of the multi-scale
Res2Net architecture and the innovative Spatial Feature Reconstruction (SFR) and Multi-
scale Feature Aggregation (MFA) modules. The Res2Net design enables enhanced multi-
scale feature representation, capturing both fine-grained details and global context. The SFR
module effectively reduces redundant information, improving Spatial Feature Reconstruc-
tion, while the MFA module dynamically fuses multi-scale features with attention mecha-
nisms, leading to precise contextual understanding and better segmentation results. Among
competing models, HRNet and SwinLarge performed well in Recall (both exceeding 96%),
showing their ability to minimize false negatives, which is essential for sensitive tasks
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like medical imaging. HRNet also achieved a strong Fl-score of 95.54%, demonstrating a
balanced trade-off between Precision and Recall. PSPNet led in mloU (92.39%), excelling
in spatial overlap accuracy, but its overall performance fluctuated, likely due to its less
robust handling of complex spatial features. MaskFormer showed consistency with a high
mDice of 96.29%, reflecting its ability to handle positive class predictions, though it fell
short in other metrics. SegFormer, while stable, achieved moderate results, and U-Net and
DeepLabV3+ struggled to surpass 93% in any metric, highlighting limitations in capturing
multi-scale and contextual information. In conclusion, our method’s integration of ad-
vanced multi-scale feature representation and fusion techniques ensures faster convergence,
higher accuracy, and superior spatial consistency, making it highly suitable for practical
PV rooftop detection applications. These results underscore the importance of robust
architectures and innovative modules in achieving state-of-the-art performance.

Table 2. Performance metrics of various models for PV detection.

Model Precision Recall F1-Score mAcc mloU mDice
U-Net [31] 92.96 93.26 93.11 93.26 87.62 93.11
DeepLabv3+ [32] 94.81 95.99 95.39 95.99 91.43 95.39
HRNet [33] 94.77 96.36 95.54 96.36 91.70 95.54
PSPNet [34] 96.12 95.76 95.94 95.76 92.39 95.94
SegFormer [35] 93.58 93.70 93.64 93.70 88.49 93.64
Beit [36] 81.17 93.52 85.93 93.52 76.94 85.93
MaskFormer [37] 96.10 96.50 96.30 96.50 93.02 96.30
Mask2Former [38] 95.52 97.10 96.29 97.10 93.01 96.29
Ours 96.56 97.10 97.75 98.39 94.15 96.91

As shown in Table 3, our improved model is based on the Res2Net architecture,
incorporating Spatial Feature Reconstruction and multi-scale feature aggregation modules.
It achieves excellent real-time performance with 21.24 FPS while maintaining moderate
computational complexity (42.18 G Flops) and parameter count (34.25 M). Compared to
lightweight methods (e.g., U-Net and Segformer), our model significantly enhances feature
representation and accuracy while maintaining high efficiency. Compared to complex
methods (e.g., Mask2Former and BEiT), it greatly reduces computational cost and resource
requirements, achieving a balance between efficiency and accuracy, making it suitable for
tasks that require both real-time performance and precision.

Table 3. Comparison of Flops, parameters, and FPS across methods.

Method Flops Params FPS
U-Net [31] 38.35G 28.99 M 28.35
DeepLabv3+ [32] 48.67 G 60.21 M 15.42
HRNet [33] 1794 G 65.85 M 12.09
PSPNet [34] 34.23 G 46.61 M 9.48
Segformer [35] 13.52 G 3716 M 17.97
Mask2former [38] 12543 G 184.52 M 6.05
Beit [36] 96.27 G 161.38 M 6.89
Maskformer [37] 7941 G 148.54 M 12.61
Ours 42.18G 3425M 21.24

To highlight the superiority of our proposed method, we present the results of different
methods at various resolutions in Figure 7. Compared to the other evaluated approaches,
our method demonstrates a more effective ability to extract target features.

Overall, the model introduced in this paper significantly enhances performance in
the domain of rooftop PV detection through targeted improvements specific to rooftop
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PV features, demonstrating its strong potential and practical value in handling complex
detection tasks.

(©)

(@ (e) @ (@ (h) 0 Q) &)

Figure 7. Visualization results obtained by various methods selected from the Rooftop PV dataset.
From left to right column: (a) raw image; (b) ground truth; (c) Ours (d); U-Net [31]; (e) DeepLabv3+ [32];
(f) HRnet [33]; (g) Mask2Former [38]; (h) PSPNet [34]; (i) SegFormer [35]. (j) Beit [36]; (k) Mask-
Former [37].

Ablation Studies

To verify the effectiveness of the proposed modules, we performed ablation experi-
ments to evaluate the performance improvements introduced by each component. Using
the U-Net architecture as the baseline model (denoted as Baseline, B), we incrementally
integrated the enhanced backbone network Res2Net, the Multi-scale Feature Aggrega-
tion (MFA) module, and the Spatial Feature Reconstruction (SFR) module to assess their
individual contributions. As shown in Table 4, the baseline model achieved the lowest
scores across the three key metrics: F1-score, mAcc, and mloU, recording values of 93.11,
93.26, and 87.62, respectively. By incrementally introducing the aforementioned modules,
the experimental data demonstrated that each of the three modules significantly enhanced
the performance of the baseline model. Notably, the MFA module exhibited the largest im-
provement, with the Fl-score, mAcc, and mloU scores improving to 94.99, 96.75, and 92.89,
respectively. This confirms that MFA effectively enhances the model’s capability to learn
features across different scales. Additionally, the proposed Spatial Feature Reconstruction
module also significantly improved the detection accuracy of the baseline network.

To further investigate the synergistic effects of combining different modules, we con-
ducted experiments with various pairwise combinations, demonstrating that the modules
could complement and enhance each other’s performance. Notably, the combination of SFR
and MFA yielded the most substantial improvements, achieving F1-score, mAcc, and mloU
values of 96.77, 98.09, and 93.97, respectively. Finally, by integrating all three modules into
the baseline model to form the complete framework proposed in this study, the results
showed the highest performance across all metrics. The comprehensive model achieved an
F1-score of 97.75, mAcc of 98.39, and mloU of 94.15. These results validate the significant
impact and practical utility of the proposed modules in enhancing rooftop photovoltaic
detection accuracy.
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Table 4. Ablation analysis for the proposed architecture on rooftop PV datasets.
PV Dataset
Methods
Precision Recall F1-Score mAcc mloU mDice

BaseLine (B) [31] 92.96 93.26 93.11 93.26 87.62 93.11
B+Res2Net 93.45 93.79 93.62 94.64 92.95 93.78
B+SFR 94.06 94.67 94.36 95.42 92.38 94.24
B+MFA 94.67 95.32 94.99 96.75 92.89 94.76
B+Res2Net+SFR 95.38 95.94 95.66 97.34 93.47 95.38
B+Res2Net+MFA 95.77 96.14 95.95 97.72 93.58 95.78
B+MFA+SFR 96.12 97.42 96.77 98.09 93.97 96.42
Ours 97.56 97.10 97.75 98.39 94.15 96.91

As shown in Figure 8, the results clearly demonstrate the effectiveness of the proposed
modules in improving the segmentation of rooftop photovoltaic (PV) panels. The baseline
model struggles with feature extraction, showing poor focus and significant background
noise. The addition of Res2Net enhances multi-scale feature extraction, while MFA im-
proves feature aggregation and SFR refines spatial reconstruction, each addressing specific
challenges. Combining MFA and SFR shows further improvement by synergistically
enhancing feature focus and reducing background interference. The integration of all
modules (Res2Net, MFA, and SFR) achieves the best results, delivering precise and robust
segmentation by effectively capturing multi-scale details and reconstructing spatial features.
This highlights the complementary strengths of the proposed framework in addressing
resolution, scale, and foreground-background imbalance issues.

()

® (2 (h)

Figure 8. The visualized features map of the proposed different modules are shown, where (a,b) rep-
resent the original image and the label map, respectively. (c) represents the visualized feature map of
the Baseline. (d—f) represent the visualized feature maps after applying Res2Net, MFA, and SFR, re-
spectively. (g) represents the visualized feature map after combining MFA and SFR, and (h) represents
the visualized feature map with all modules combined.



Energies 2025, 18, 119

16 of 19

5. Failure Cases and Limitations

While the proposed method demonstrates strong performance in segmenting rooftop
photovoltaic (PV) panels, some limitations remain, particularly in high-resolution images
with small-scale PV targets. As shown in Figure 9, failure cases often occur in scenarios
involving small PV panels occupying a minor fraction of the image. These panels are fre-
quently missed or only partially segmented due to challenges such as scale imbalance, loss
of fine-grained details during feature extraction, and insufficient spatial context. Addition-
ally, in some instances, false positives are observed in regions with textures or reflectance
similar to PV panels, such as metallic or glossy surfaces on rooftops.

Figure 9. Failure cases of our method in high-resolution scenarios.

These limitations primarily arise from the foreground-background imbalance, where
small PV panels are underrepresented during training, and the resolution loss caused
by down-sampling in the network. To address these issues, potential solutions include
enhancing multi-scale feature extraction using attention mechanisms, adopting balanced
loss functions (e.g., focal loss) to better handle small targets, and augmenting the dataset
with diverse examples of small or occluded PV panels. These improvements could further
enhance the model’s robustness and performance in challenging scenarios.

Limitation Statement: Due to resource and time constraints, this study was limited to
a single dataset for evaluating the proposed method. While the results demonstrate the
effectiveness of our approach, its generalizability to datasets with diverse geographical
conditions, rooftop materials, and environmental backgrounds remains to be validated.
Additionally, a detailed sensitivity analysis of key hyperparameters was not conducted
in this study, which may affect the understanding of the model’s robustness and stability
under different configurations. Future research will aim to address these limitations by
testing the method on more diverse datasets and conducting comprehensive sensitivity
analyses to further assess its applicability and reliability in real-world scenarios.

6. Conclusions

This paper presents a novel model tailored for detecting rooftop photovoltaic (PV)
panels across multiple resolutions. Initially, we employ a more robust backbone network,
ResNet, and introduce a Spatial Feature Reconstruction (SFR) module. This module ef-
fectively filters out spatially redundant features and refines key characteristics of rooftop
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PV panels. Additionally, we integrate a Multi-scale Feature Aggregation (MFA) module
into the middle layers of the network. This module effectively addresses scale variations
in rooftop PV panels at different resolutions, overcoming the limitations of traditional
methods that directly concatenate fixed receptive field feature maps. By independently
processing key features through a dynamic feature selection module, we significantly en-
hance the efficiency and effectiveness of feature aggregation. Our evaluation on a rooftop
PV panel dataset demonstrates the effectiveness of our improved approach, highlighting
its important contribution to the management and planning of regional distributed PV
energy systems.

In future work, we plan to explore lightweight transformer-based models, such as
MobileViT or TinyTransformer, to enhance computational efficiency and enable deployment
on resource-constrained devices. Additionally, we aim to integrate more data modalities,
including thermal imagery for low-light scenarios, LIDAR for high-precision depth infor-
mation, and other modalities like acoustic or multispectral data to expand applicability. We
will also investigate advanced cross-modal fusion methods, such as self-supervised learn-
ing and multimodal Transformers, to maximize the potential of multimodal data. Lastly,
we intend to validate the improved model through extensive real-world experiments under
diverse conditions.
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