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Abstract: Objectives: As an essential component of urban renewable energy, the assessment of rooftop
photovoltaic (PV) potential depends on the accurate identification of structural characteristics. In particular,
determining rooftop area and orientation is crucial for reliable PV capacity evaluation. Current mainstream
approaches employ deep learning models to extract rooftop area and orientation from aerial imagery for PV
resource assessment. However, variations in solar azimuth angles during image acquisition lead to differences
in rooftop shadow distribution, resulting in significant apparent discrepancies among rooftops with the same
orientation. Consequently, deep learning models may misclassify rooftop structural features. Methods: To
address this core limitation, a novel framework for robust solar energy potential estimation is proposed.
First, the advanced semantic segmentation architecture DeepLabv3+ is employed to simultaneously de-

lineate rooftop boundaries and classify each rooftop region into primary orientation categories from input
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aerial imagery. Second, recognizing the susceptibility of visual-based orientation classification to shadow—in-
duced errors, the framework incorporates a refinement stage. This stage integrates photovoltaic geographical
information system (PVGIS) data, a validated source for location—specific historical and modeled solar radia-
tion data. A multi—orientation quantitative integration strategy is employed, which utilizes the PVGIS to cal-
culate the theoretical annual solar irradiation. By weighting and synthesizing these PV GIS—calculated values,
the strategy effectively mitigates errors caused by visual misclassification. Results: The results on the roof in-
formation dataset indicate that Deeplabv3—+ outperforms other models and improves the performance of
the proposed framework. The quantitative integration strategy narrows the relative error in solar potential
estimation. For 4, 8, and 16 orientation categories, the proposed framework reduces estimation errors to
0.15%, 0.76%, and 1.07%, respectively. By excluding disturbances of flat roofs, relative errors are fur-
ther reduced to 0.04% , 0.49%, and 0.68%, respectively, which confirming the effectiveness of our frame-
work. Conclusions: By combining high—resolution rooftop segmentation and orientation with geospatial irra-
diation modeling and a quantitative mechanism to resolve orientation ambiguity, the proposed framework
effectively mitigates a primary source of error in aerial image—based solar potential assessment. This signifi-
cantly enhances estimation accuracy, providing a more reliable tool for urban—scale renewable energy plan-
ning and investment decisions.

Key words: rooftop photovoltaic power generation; solar potential assessment; deep learning; rooftop

orientation perception; multi—directional quantitative integration
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DeeplLabv3+ 81.44 89.15 75.01 85.07 54.33 63.18
HRNet 80.69 88.75 73.41 84.29 55.8 65.94
PSPNet 80.39 88.57 72.53 82.98 52.43 60.93
UNet 79.64 87.79 72.27 83.21 51.44 60.66
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Table 2 IoU Values of Each Category Under
Scheme 1/%
8] N [i] E [ Si Wi CFTURT
DeepLabv3+  86.65 82.98  86.23  80.19 55.96
HRNet 86.34 82.52 85.32 79.32 54.11
PSPNet 86.41 81.37 86.03  78.48 53.50
UNet 85.83 80.91 85.08  78.57 50.98
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Table 3 ToU Values of Each Category Under Scheme 2/ %
o Nl NE fi] E [ SE i S 1l SW il W il NWi CETR
DeepLabv3—+ 80.55 75.39 71.55 76.86 74.01 74.28 71.43 77.93 51.61
HRNet 78.06 75.07 71.52 76.15 74.73 67.71 66.32 76.99 51.03
PSPNet 77.67 70.59 69.48 75.31 73.93 70.42 67.33 75.39 48.89
UNet 77.97 70.15 69.28 74.41 73.58 70.16 67.61 75.41 47.76
T4 FRITEEHNMUE/ Y
Table 4 ToU Values of Each Category Under Scheme 3/ %
. N NNE NE ENE Ef ESE SE SSE K SSW SW  WSW Wi WNW NW NNW T
[ R [ I m A Ia] 1] fi] o R
DeepLabv3+ 75.72 10.86 43.37 80.75 60.08 19.03 65.19 82.15 76.66 7.78 23.07 76.53 44.57 10.21 69.66 83.52 52.29
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Table 5 ToU Metrics for Roof Types with Different Data Augmentation Methods/ %
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Quantitative Integration Strategies in Scheme 1
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Quantitative Integration Strategies in Scheme 2
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