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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

b ” ) ) , EEE )/
(i iz P/% R/% mAP,./% mAP,.,../% Params/10° FLOP/10f
ms
) nf S — — 46.5 46.4 — — —
Sparse"RCNN
EA) — — 56.8 56.7 — — —
aSE 497 50.3 44.2 35.8 2.5 5.8 8.0
YOLOv12
v 56.4  59.3 62.1 53.7 2.5 5.8 7.4
Ay 51.8  48.0 41.5 33.1 2.6 6.3 1.5
YOLOv11
v 59.8  60.9 61.7 52.9 2.6 6.3 1.5
a s 377 55.8 34.7 27.7 50.7 236.7 38.7
YOLOvV9
PR 624  57.2 60.6 53.6 50.7 236.7 42.0
] L — — 51.6 41.6 72.17 — 249.17
GM-DETR 21 4h — — 55.5 44.8 72.17 — 249.17
RUABE 25 — — 56.8 46.6 72.17 — 249.17
IRFS WA 704 53.3 54.7 45.2 7.03 15.08 9.7
CMADet WA 704 53.2 54.1 45.7 33.36 17.00 14.3
ICAFusion WA 57.8 57.8 56.5 44.3 7.08 8.26 11.3
SeAFusion WA 782 56.9 56.1 43.2 7.03 15.80 9.7
FLD-DET(Ours) XUz 59.8 655 63.8 55.0 5.72 8.14 2.6

FLD-DET 7& 5| A SURE 2545 B 5 Wi 1 3 i 4 00K 52, Ul B 40 40 B e 5 B 5 T IO S A5 4 £ B
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Fig.6  Scatter plot of detection accuracy and inference time
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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 %
LAY MELAP, J ¥ e AU #4 AP B AP, /N mAP,
DEYOLO 26.2 56.3 32.0 38.2
ICAFusion 35.9 58.1 7.2 33.7
FLD-DET(Ours) 47.5 66.0 37.9 50.5

14 37 1 FLD-DET 5 336 BUNB B B0 T 80 Kl 25 5 . mAP, 3551 50.5% . et 348
Fs S SR TR o W1 VK B 2 0 R 30 AR s AR AR R A R 5 € A £
6 o 2 2 B 6K RAS S SOM AR S TAE . FLD-DET 76128 9 0 57 91, DS Win %4 s .85
135 BT I LA T RAEA X D S S G 0 390 38 7 19 /o PR 5 GF 223 R J2 1 B
b T 2 KL A, A R X B 1 6 F FLD-DET 03I i — 254 7, 2691 LCoA 095 Kt
24525 1 1 AT 1 T 75 208050 5 T LS 444 5 R T — O o BORLSOR B 55
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FLD-DET ££ 44 5 3 1 15 505 3 5 B0N B W 1 3492 B0 th e 7 10 W0 1 5 0 B0 1 865 o
AR 15512 ) DX 939 3 T AT — s T AME
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Table 4 Comparison of detection performance between FLD-DET and other advanced algorithms on the

M’FD dataset %
- AP, AP, s § iRl %E
(TN WA A%E BERE EA R
DEYOLO"" 86.6 58.9 82.4 89.9 92.3 74.1 74.0 90.8
Fusion-Mamba” 85.0 57.5 80.3 91.9 92.8 73.0 84.8 87.1
IRFS™ 81.2 55.8 78.8 90.7 92.2 69.5 72.1 83.9
Tardal™ 81.0 54.9 81.1 89.8 90.3 71.0 70.0 83.8
CDDFusion"” 80.3 54.9 77.7 89.7 90.2 69.3 68.5 86.6
U2Fusion™’! 79.2 53.8 77.5 90.1 91.4 64.3 67.7 84.1
SeAFusion™ 80.7 55.4 79.5 90.4 90.9 67.6 70.5 85.2
SwinFusion™” 80.2 54.7 78.4 89.9 90.0 67.5 67.9 87.6
DetFusion™ 80.8 53.8 80.8 83.0 92.5 69.4 87.8 71.4
PIAFusion”” 80.6 55.0 78.8 90.0 91.6 68.0 70.8 84.2
SuperFusion 83.5 56.0 83.7 93.2 91.0 77.4 70.0 85.8
IGNet®! 81.5 54.5 81.6 82.4 92.8 73.0 86.9 71.5
RI-YOLO™ 83.6 56.6 84.1 91.6 88.5 73.5 75.7 87.8
FLD-DET(Ours) 87.1 55.0 84.9 93.0 94.6 80.0 76.4 93.9
th  FLD-DET ¥ 1 I o 4 i 462 50 B L 15 2 50 JoA
e b B A RS BE AL TR KE o e, 2 DEYOLO
FLD-DET B mA, 5,00 W5 2 55.0% , 5 H Al . H D glls:ign-Mamba
B HURE BE AR Y, PR R A B AE 2 ToU {0 T (T:ngaFlusion
By B ke e ke U — 3ok . S5 IR SR, rdg 5 U2Fusion
Iy A 51 324 T RUREAS F B 0 S 9 1 0 0 SwinFusion
BRI S 0 L — E R Dekusion.
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2.5 HERICIE o IIJ{II:]‘){-%I]JE”OF(Ours)
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Fil 28 125 5 285 225 TAD A A L ) 50 595 T I £ <5 A1
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IS MUED HCHE S 14555 RS 1 L R k)

Fig.8 Radar chart comparing detection accuracy across cate-

gories on the M’FD dataset

RAFA M5 I K 21 P Aol 0 G 0 1 i RS AU &2 2 B (g 52 o R 5, S 0 7 Je e SRR B AL b i
ST, DLVEASL Hoph 57 /8 F 5 B S X RS E AT 40 A, DA W HL D TR 348 25 . S0 25 R an e 5 s, L
H T RN A R B A AT N SR, R S AT AR (1) 5] A LCoA J& ,mAP, 2 79.3% , Z W 5] A
P18 65 A 285 72 ) AR T T U 285 AR il EL AT FRURRAE T s A7 (2) N A DSWin J& , mAP,  $&7F 7.4 %0, J5 A i
12 A58 R Ao 1 5 JR S A 0 A S 3 N TS I L IR AR T /N B A SRR s BETY (3) 1l Fl RAFA S,
mAP, $& T+ 11.4 %, FLAR AL T 38 o X A2 R A L s Ak T 22 ROBERRAE A9 J0 53 7, s 1 i B 0 3t 1 11



1344 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 5, 2026

RS HFEAHRMELIEERITE
Table 5 Comparison of ablation results for different modules

il LCoA DSWin RAFA mAP,./% mAP,.,../% Params/10° FLOP/10°  #fEFE}(A]/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

TR BE

MBEHL (4~6) B2 -A S5 R T LA, S PRI A ( F i, B8 Pk e A e 0y BT $E 7t . 4
= FE 5 A, FLD-DET # mAP,; Hl mAP, ., 55 5135 £ 63.8% 1 55.0% , BAF T {28 4 PEfg .
ZAERFW ,DSWin LCoA 5 RAFA 435Il 75 5 B Al 5 L RRAF 38 5 ORI 28 W0 oy BE R ¥R VE ), = & L
ARG 0 B AN PR R T A BT R T ORS8O R B A D R
2.5.2 EE NAH T

TEAR R B AR 5 I R0 & R, A SOK LCoA 5 SE .CBAM il CA 45 82 5t 1 5 S AL 247 LL 8%,
DLVl L7 55 A5 2 R A RS 1 v A R, SE R 25 R 3R 6 I o X T AR U 245 e B G A 55, T
FIHUHIASAL T B 3G 58 A RURR AL, 3 T B e 0L 255 A% 2 22 [) 0 07 G 2R A A R 553 ) o i 1 (R B2 . SE F
1ok 3 T T A R 00 A o R X DL AR bR B 2 A A B CBAM Y HE — 2B 5] A S (]
F3 AR AR AT 32 22 4R b RS P I 2 DX g A DA o ST AT A0 5 AT Dol 22 (8] Y 4 ) X R
KFR . FOLETHFEI ML E S SE.CBAM Hl CA,LCoA 7 mAP, . HI mAP, ;I % BUG % & 45
B [E) B B3 A A AR, X 15 W] LCoA B 12 b 25 1 1 R 1% T A 280 b e BI85 A 245 Xof 5 R 440 s 32 5k s
FAE

£6 TRBETENNSM L LRGSR

Table 6 Comparison of different lightweight attention mechanisms

TR R =W 5 mAP,,/ % mAP, /% Params/10°  FLOP/10° i FET 1A] /ms
G 52.6 44.8 6.01 8.41 3.0
CBAM 52.3 44.3 6.01 8.41 3.2
DEYOLO SE 52.6 45.4 6.01 8.41 3.2
CA 54.6 47.2 6.02 8.41 3.3
LCoA 57.5 50.6 6.02 7.00 3.5
3 H£RiF

T o S AR AR R 725 B/ e 5 ARG 3000 v 555 B g ) oy B R Dk B A S A 1) o 1 S g LA B R T i X sk ]
SRR AR R R ) B, AR SCHR TR T R AE B4 5 10 T8 A ML 40 0% AR A AR g U A B B RS T 2%
FLD-DET., FLD-DET i & 45 fIF 312 B A 250 v TR I 4 A0F 28 1 A9 R A 47 3% 31, 20 9151 A DSWin .
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A Feature-Enhanced Lightweight Dual-Modal Detector for UAV -Based Photovolta-

ic Panel Defect Detection

TANG Xiaoyu"**, HE Huiyike*, HUANG Xiaodan"’, WU Wenli**

(1. School of Materials and New Energy, South China Normal University, Shanwei 516600, China;2. School of Data Science and
Engineering, South China Normal University, Shanwei 516600, China; 3. Xingzhi College, South China Normal University,
Shanwei 516600, China)

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 M?’FD 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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