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Abstract: In UAV-based photovoltaic panel defect detection, infrared and visible images provide
complementary information on thermal anomalies and surface texture structures. However, local modality
misalignment, attenuation of weak responses from tiny defects, and the high computational cost of
dual-modal models still limit detection performance and practical deployment. To address these challenges,
this study proposes a feature-enhanced lightweight dual-modal detector for UAV-based photovoltaic panel
defect detection, termed FLD-DET. Built on an infrared-visible dual-modal detection framework,
FLD-DET incorporates a dynamic sparse window (DSWin) module into the backbone feature extraction
process. DSWin enhances the retention of weak responses from tiny defects through local convolutional
inductive bias, channel compression, and adaptive attention allocation. To mitigate local spatial
discrepancies between dual-modal features, a lightweight crosssmodal attention (I.CoA) mechanism is
designed to strengthen the spatial correspondence between infrared and visible features by encoding
directional positional information. During the detection feature generation stage, FLD-DET introduces a
regional-aware feature aggregation (RAFA) head to enhance the discriminative representation between
defect regions and background regions. Experimental results show that FLD-DET achieves a favorable
balance between detection performance and inference efficiency on the aerial dual-modal photovoltaic panel
defect dataset and demonstrates good recognition capability for tiny defects. FLD-DET also obtains
competitive detection results on the MPFD dataset, indicating potential cross-scenario generalization.
Highlights:

1. Construct DSWin to preserve weak responses of tiny photovoltaic defects while reducing computation.

2. Design LCoA to enhance spatial correspondence between infrared thermal anomalies and visible texture
features.

3. Introduce RAFA to strengthen region-level discrimination between defect and background features
before detection prediction.

4. Validate FLD-DET on an aerial dual-modal photovoltaic defect dataset and the M’FD dataset,
demonstrating improved detection performance and cross-scene applicability.
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Fig.5 Samples of aerial-captured dual-modal photovoltaic panel defect dataset
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Table 2 Comparison of detection performance between FLD-DET and other advanced algorithms on the aer-

ial dual-modal photovoltaic defect dataset
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Fig.7 Visual comparison of detection results and ground-truth annotations for different models
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Table 3 Comparison of detection performance for different tiny defect categories %
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Table 4 Comparison of detection performance between FLD-DET and other advanced algorithms on the

M’FD dataset %
- AP, MAP.os § iRl ﬁ%ﬁ
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Fig.8 Radar chart comparing detection accuracy across cate-

gories on the M’FD dataset
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Table 5 Comparison of ablation results for different modules

i LCoA DSWin RAFA mAP,,/% mAP,.,,./% Params/10° FLOP/10°  #EFEaf[E] /ms

DEYOLO 52.6 44.8 6.01 8.41 3.0
1) NG 57.5 50.6 6.02 7.00 3.5
2) NG 56.5 48.9 5.74 7.73 3.2
(3) N 58.5 51.2 5.89 7.64 5.1
(4) N/ NG 58.2 50.5 5.79 8.32 2.7
(5) NG NG 60.4 51.7 5.75 8.32 3.4
(6) NG NG 59.9 51.1 5.66 7.55 3.1

FLD-DET NG NG 63.8 55.0 5.72 8.14 2.6
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Table 6 Comparison of different lightweight attention mechanisms

TR R =WA: 5\ mAP,,/% mAP, /% Params/10°  FLOP/10° e FET 1A] /ms
I 52.6 44.8 6.01 8.41 3.0
CBAM 52.3 44.3 6.01 8.41 3.2
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CA 54.6 47.2 6.02 8.41 3.3
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