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Abstract: To address the issues of weakened intra-modal features and inefficient cross-modal interaction
in current UAV multispectral remote sensing object detection, an object detection method that integrates
dual-stream single-modal enhancement and cross-modal feature interaction is proposed. A wavelet
transform module based on depthwise separable convolution is designed to extract and enhance the high-
frequency detail information in feature maps, thus strengthening the texture detail extraction capability of
the visible light branch. A cross-scale global information fusion module is proposed, which utilizes multi-
scale feature integration and global information extraction to enhance the detection capability of the infrared
branch for thermal objects. A multimodal hybrid self-attention fusion module is constructed to adaptively
guide the feature interaction between visible light and infrared modalities, fully exploiting spectral
complementarity. Experimental results show that the proposed method achieves mAP@0.5 of 86.7% and
86.0% on the visible-infrared multispectral datasets DVTOD and DroneVehicle, respectively, and improves
them by 1.3% and 1.9%, respectively, compared to the baseline model, effectively enhancing the

performance of UAV multispectral object detection.
Keywords: unmanned aerial vehicle; multispectral remote sensing object detection; cross modal; wavelet

transform; hybrid self-attention
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Fig.5 VisWaveBlock network architecture
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Fig.9 Comparison of mAP training curves
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Table 2 Ablation experiment
i VisWaveBlock ThermNLBlock HCMA mMAP@0.50/% mAP@0.50:0.95/% Param/10°
A x x x 85.4 52.0 16.2
B v x x 85.8 53.0 16.1
C x v x 85.7 51.9 16.3
D x x v 86.0 52.9 494
E v v x 85.9 52.3 16.2
F v v v 86.7 52.5 494

FE: <ETRARIMNKS BIBEE, v RN AR

15256 B: 755256 A H2EAt_E 5] A\ VisWaveBlock
R, 2B I R B ] 3 BN, R e]
e BT RS B . AEREH, mAP@0.50
M 85.4%FTHZ 85.8%, mAP@0.50:0.95 M 52.0%4%
A 53.0%, RIS T 0.4%A1 1.0%HH8 35 . 1X—
U SR AIE T R P AT 20 B /0N Y AR 4 o) T AL e AT
FROERSE R AE R, St o e G R T )5
S B FFIER R RE T -

2) SIS C: FESEH A MM LEBIANT
ThermNLBlock #58 . 1ZSHIE 5 R 4 )5 {5 2l
HHLH], SR T LM H AR RIE RIS, FEEET T 15
My RERFMEEGRE . SLiRa RERE,
mAP@0.50 H 85.4%FEE £ 85.7%. IX—45RIGUE T
ThermNLBlock A5 7E 3G 58 21 SMRFAE I 5 RURE QTR
58 SCRAE 7 A 201

3) SZE6 D: fESEEE A AL E5INT HCMA
R, AR T WO 5 4T AMEEAS [B] RS 828 ELALA .
B 2 RERFE S A i et 19 R AL
HIPE TR, RMEXESFFEE 3 AR i

ATIRFERS B, I SIS S RHE R 78 7l & o SE58
4ZE R EIR, mAP@O0.50 M 85.4%FTH 2 86.0%,
T 0.6%0 XKL T HCMA #RER/E B S 4 HE
PARLE F A R

4) S286 E F1 F: 256 E [FIR 5]\ VisWaveBlock
5 ThermNLBlock #iHt, H mAP@0.50 &1L 5IA
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T VisWaveBlock. ThermNLBlock & HCMA iX 3 4>
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25280 A, H mAP@O.50 AR T 1.3%5 0.5%,
78 B UE TR B A A B . BARTE
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HMEAS TS WHRFIEIESR, T HCMA NE £ R
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PRl SRS 0 G BRI o BEAh, DN T B IESE FIR B AT 4
B IR/ N A e A B HAE AN [R] 43 S 1A 3k, A3
FEFELEBAY b3 it v] WO 5 204095 3 i PR = 3
TR Al se s, SLIRgs Rk 3 k.
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Table 3 VisWaveBlock ablation experiment

Tk A5 32 AR PI% RI% mMAP@0.50/% mAP@0.50:0.95/%
A x x 89.3 77.6 85.4 52.0
B v x 86.7 80.9 85.8 53.0
c x v 88.9 79.0 85.2 52.0

TE: SRR BIBEE, v RN RS

SRS IR, FE T IREERT 73 B /N AR R
1EA] W53 32 _EAE mAP@0.50 Al mAP@0.50:0.95 F4
B A BIRTE T 0.4%F0 1.0%, HAZOHLEIET ] T
O BB ) ey SRAT SR A0 15 R 3o /I 38 O A AT R R
1858, WA B bRERAERE 77 TR AL
G0 SIS BRIZL AN A AR AR AIE DA AR S 558 B2 70 AT
T, Hmior & 5 S T RO R e R I B S
N P SRR, 3 BUINB A ME LA RO G BEARFALE

HZESINTH, NS mAP@0.50 R 0.2%, i
—BISE | B R SR SR OC 1, RIS
WG SCIE W = A R R, T 2140 53 S 7 MR A
SRR

N T P AIE HCMA BB Self Attention 5
Cross Modal Attention £ 7] WG 5 21405 3 AN A
ER, ULR S 8L B AL B & E %, ASCHFFE 1A
KX EL s, BARGERUIR 4 Frr.

* 4 HCMA 7Y@z i



Table 4 HCMA ablation experiment

AT LS5y 3 AR 53 P/% R/% mAP@0.50/% mAP@0.50:0.95/%
i N E =W HiEED 88.6 79.6 85.7 51.9
ERE=wal A RERN 88.7 79.7 85.3 51.2
e I RN R A R
SEIG R, FELAN 3K Self Attention F7E YOLOV5 Al G+ Z04h 79.2
] W/ diH Cross Modal Attention I, FEHIAE YOLOW8 Al G+ Z04h 85.4
mAP@0.05 5 mAP@0.50:0.95 43 JlikF] 85.7%5 CFT Wb 24 827
51.9%, FHLRAE. AL EAAL T2E AT WOk A S A CMADE W Lke A4 850
. P .
Self Attention. ZL4}M33Zf#H Cross Modal Attention DEYOLO T+ 204 85.5
)7 %, £ mAP@0.50 5 mAP@0.50:0.95 L7547
Sl e o N ICAFusion Al Woe+ 404h 86.3
F7T 0.4%5 0.7%. XZF N HCMA FribisiE s &
UAVCM-Net A e+ 204 86.7

BUR . 3 R B A, AERFIE Z IR 73 WL
RIIBT B, LLAMRREAN 25, T v] WG S AE B
AEXF TG . PRItE, FELLAM 73 SCHEAT Self Attention, Ff
JHt Cross Modal Attention 5] 55 7] WL yG S HAE B
X5, B A USSR . [z, #AZHMN
FE = L A AL &, PR Sm T B
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Table 5 Comparative experiments of various mainstream

methods on the DVTOD dataset

ft DroneVehicle #(#i4E b, ANFESLE &M+
HHEE RANZE 6 Fr7s - &35 % UAVCM-Net [A]FE U
T EARMEIIPERE, mAP@0.50 X3 86.0%. AHE T
FLLAEA YOLOVS, PERESRTH T 1.7 ME e 1X—
GE IR P IOAIE T A SCOTE BA BRI G

% 6 A~[A] E 3k 77 % 7 DroneVehicle %% #& & | #y %
t s2 5
Table 6 Comparative experiments of various mainstream

methods on the DroneVehicle dataset

Tk B mAP@0.50/%
YOLOV5 Al WG+ Z04h 84.1
YOLOv8 af e+ 4k 84.3

CFT w0+ Zohb 84.3
CMA-Det AW+ 2o 82.0
DEYOLO Al WG+ 204h 85.6
ICAFusion o] W+ b 84.9

UAVCM-Net w W+ Zrhb 86.0

34 AL

N T BAIE UAVCM-Net 755 =37 56 T R 4%
e, AEIZ HbREEIER . /D BE s B R E
BFEA, 5 YOLOVS Visible. YOLOVS Infrared
CMA-Det AT X EESESS, W15R 7 s,

WiRrS A mAP@0.50/%
F 7 ATAALASIN 4 R
Table 7 Visualization of detection results
Wit YOLOV8 ] WLy YOLOVS ZLAMERS CMA-Det UAVCM-Net
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