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Abstract: Aiming at the problems of complex background of aerial images, dense targets, and uneven tar-
get scale distribution in UAV traffic inspection, a multi-feature crossover under cross-layer attentional in-
teraction (Multi-feature crossover under cross-layer attentional interaction, MCAI) UAV target detection
algorithm was proposed. Firstly, an Adaptive Cross-layer Attentional Interaction (Adaptive Cross-layer
Attentional Interaction, ACAI) module was designed in the backbone network part so that the model fo-
cused on the key feature regions to achieve effective screening of global key feature information, thus fad-
ing the influence of the complex background. Secondly, a deformable self-attentive encoder (Deformable

Encoder, DeEncoder) was designed, which compensated for the lost target features by expanding the fea-
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ture layer receptive field. Finally, in order to effectively identify tiny targets at different scales in the re-

gion, the multi-scale cross-fusion module (Multi-scale cross fusion module, MSCF ) was proposed, which

fused shallow spatial information and deep semantic information by combining the wavelet transform and

feature representation in order to efficiently capture the fine-grained features of targets at different scales.
The experimental results on the VisDrone 2019-DET, BDD-100K dataset, and LZTraffic Video dataset
show that MCAI improves mAPO.5 by 3%, 2.2%, and 4. 5%, respectively, compared to the RT-DE-
TR model, which significantly improves the detection accuracy of the UAV inspection. In addition, in the
cloudy and rainy scenario, the mAP0. 5 of MCAT improves by 2. 1% compared to the RT-DETR model,

with better extreme weather robustness performance.
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Fig. 1

Multi-feature crossover UAV target detection network under cross-layer attentional interaction
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Fig.2 Sructure of the adaptive cross-layer attention interaction module
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R G-MSCF 5 R i o it v A3 b
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Tab.1 Improved module ablation experiments (%)

mAPO. 5:
Methods R P mAPQ. 5 mAP
0.95
RT-DETR 40.8 56.5 42.5 25.7 34.2
G-ACAI 41.9 57.6 44. 4 27.5 35.6
G-DMHSA 43 58.6 45.5 28.2 36.5
G-MSCF 44.2 58.8 46.1 28.5 36.8

F LI T R Beth B i 3N B bR v
fit, M 1Al %0, A RT-DETR B8 () Recall,
Precision, mAPO. 5, mAPO.5:0. 95, mAP 73 %k
40.8%,56.5%,42.5%,25. 7% ,34. 2% , H: H #x
USRS BN & o G-ACAT BB Y Recall, Preci-
sion,mAPO.5,mAP0.5:0.95, mAP ¥EHr 8 5% 43
Wk A1.9%,57.6% ,44.4% ,27.5% ,35.6% , #H
BT RT-DETREA, H LGRS HIET T 1.1%,
1.1%,1.9%,1.8%,1. 4%, X £ W A & b 5 2
R 22 B R a8 A ORI S R s i
F RN C 0 15 S R AR I 0 18 O B H AR ERAE
M U /0 35 50 (9 B2 . G-DMHSA A5 AL 78
G-ACATBL AL By L fk b, 38 7 Al A2 JE 4 B 2%
H Recall, Precision, mAPO.5, mAP0.5: 0.95,
mAP Pt 48 A5 43 i J& 43%, 58.6%, 45.5%,
28.2% ,36.5% , H1A T G-ACATHLAY 1 5K i
E— LT AR R R T 1.1%, 1%,
1.1%,0.7%,0.9% , i B 7] 2% JE 2 5 2% A 2 Fl
FH A RS W 45 47 a3k T FFAF 2 2 BT fif o T H AR R
HEAS B E 2 R 8, G-MSCF #5 %I 7£ G-DMHSA
B SLAb L, 3 T 22 R 28 Xl A B e, Re-
call ., Precision .mAPO.5,mAPO.5:0.95, mAP
W46 br o ) & 44.2%,58.8%,46.1%,28.5%,
36. 8% , HoRRAF 42 BUM il 5 BE 1 iF— B 4R T ]
PEREAF IR T T 1.2%,0.2%,0.6%,0.3%,
0.3% , B A& £ RE 28 Xl A 8 e ml IR 4F b
Ao By H 5 22 ]ROBE FRAE 14 48 BORT @A a0
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e G 1 Fil 52 9 3 %2 18 TP 40KS B2 (mean
Average Precision, mAP) £ £ %% 68 ¥F i §5
Fro SR, 05 A (mAP) ¥ ANiE W, ok
B B AR R Rk i 405, an vk B i B4R T A
AL R RS RIS A . DAt BB AN By o B T
T2 O ik AR B 1) Tk E L AR SO G S5 v, S
T U A 28 I B R A, LR R R S A A 4 2
B R (Cls) 2 A B i (Loc) 3 & A I HE 4 1%
(Dupe) \F5 5t 22 (Bkg) (I A (Miss) 5 i 0
g FEA B E i (FN) | LLRCRE 35 15000y 1E R AR
BB (FP) o 3020 B00 5 D52 00 7 07 2 A AL EE
N T AU A WP Ty T ek T ELR R T R
R HAE $2 155 TC AL A AR 43 B o 6t 1k T8 1

RNV

PRI, ol 5601 25 23 10 0 38 BT I 2 R AE 2
SRS 9 245 1 LA 2 ) 5, % JH RT-DETR AR
TR Shy S 50 S 6 A R R ASE AR AR N A 45 S B B st
7 28 00 B R S 8, U A 28 0] R 1% B2 I B TE Vs
Drone2019-DET #0455 I #47 . ¥ Je 78 FL i 5
BIRT-DETR H i A F 38 I 55 2 7 5 ) 38 B
He, 900 Hdw 4 o G-ACATL FE ML B RE L m A AT
Y i 4 8 A 44 o8 G-DMHSA, i J5 A
Z R A8 Rl e Hofin 442 G-MSCF ., [#]
it , B Epoch=100, Batch_Size=4, % A 1%y
640X 640, Momentum=—0. 9, IOU=0. 7, Scale=
0. 50 H A7 26 ) 4 1 S 9 43 B, B4 4 5
F2Hm

R2 BHERMENFEIRIE

Tab.2 Category error experiments of the improved module

Methods Cls Loc Dupe Bkg Miss FP FN
RT-DETR 20.98 3.82 0.21 2.12 13.31 10.92 37.54

G-ACAI 20.79 3.30 0.43 2.24 14.07 11. 26 37.08
G-DMHSA 20. 81 3.26 0.38 2.17 13. 86 11. 05 36. 65

G-MSCF 20.25 3.29 0.37 2.27 13.76 11.12 36.70

MFE 20 LLFE 1, RT-DETR # % 1) Cls,
Loc, Dupe, Bkg, Miss, FP fil FN 43 3] /& 20. 98,
3.82,0.21,2.12,13.31,10. 92 1 37. 54, H 5 5
Rk e 25 . FEBLIEEE b A [ IE N B 2 T
B EAEE ,G-ACATB R 1 Cls, Loc fil FN
A3 54 20,79, 3. 30 F1 37. 08, #H 4 T RT-DETR
R RD L 3 X3 H b O B AR AR A5 B 19 M R SR R
A, Cls, Loc F EN 43 Sl FEAIK T 0. 19, 0. 52 Al
0. 46, 2 WA SCBTH Y 1 38 N 95 2 1 5 )38 AR
PO 92 8 4 7 B bR B (5 8 (B R SR AR T
HbR B X 3k . 76 DL AL L, S i mT AR B 4 A 2%
J& , G-DMHSA 11y Loc, Dupe, Bkg, Miss, FP Fl
FN 43 % &2 3.26,0.38, 2.17, 13.86, 11.05 I
36. 05, 1% T G-ACATEL AL , G-DMHSA fy Loc,
Dupe, Bkg, Miss, FP #il EN 43 3 F& % T 0.04,
0.05,0.07,0.21,0. 21 f10. 43, UL A 1, ] A2 B
S A AN A CHE ER T OB X R Y B AR RRAE R R
AT 3 AR ASE TR0 O A R A A TR . B L IR I R
JE R AE Fil A B B, G-MSCF 19 Cls, Dupe, Miss 43
5 & 20.25,0.37,13.76, #1% T G-DMHSA ##

A, M Cls, Dupe, Miss 43 5 FE K T 0. 56, 0. 01 il
0.1, %M 2 REE 22 Xl & B A B G T AR
A HBREI R BERRAE . £8 ik, 78 6 AHLIK A 43
S, AR ST AR M A I )2 T T O SR LR I 2R AE R
SURG I 2 B i A8 F RT-DETR #8#
3.7 FEBEMEIIE

Shy A B T 3 TN LU T A A AR PN R S AT AL
i, A S 6% 5 22 1 B ) 38 BN 1 22 REAE 28 XU
ZEHEAT PR A R . b 216 B DX O AR R O
T DX, 2 AR e DG T B A

i &5 Al AT, MCAT B 2168 ¢ 7 FRAF X I8
P RT-DETR B 7~ iz ffE# , X & W&
MCAT RE % 3¢ 1 2 & R AR IEfE B IF A H &/
R TR 2 AR T R 28 M B R H AR OQ SRR IR
(ZE WP EFR) . Mz, RT-DETR
LAY (8RR AR OGSV A BR L RT-DETR #52 #
A e W 4% 3] 0 P R 8 A XS0 4 Y, DA T B
XF/N H AR FEAE RS o 1 MCAT AR Y 1 4R 34
AN B A LG G B H AR RRAEAE B B A L
W AE T L RE 48 A 250F) F v] AR I A TR ) B B
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KAFAE )2 8% 32 BF I A 2T ) 3 4 DX 3 Fn 4% 42
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TEPEAL A [ A2 5 (%) A 24Uk 32 B (ERF) I, 4
6 it 7, S b 8 165 X A 31 BBl o] AR i ERF
KNI FE bR o R4 T i B s K YOLOvS-De-
coder, YOLOvS8-Decoder, RT-DETR 1 MCAT ##
AR ERF #4717 H . 45 KW, MCATEE AL

4 Jry IS B A A T A R TE S )i X IR
Z S S S g = £ S 2 £
L L
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Fig.5 Model visualisation process for the MCAI network (features of interest in red)

MCATTE 4 3R G b 9 4 R A 8 07 i 2
il 1T L3 YOLOv5-Decoder, YOLOvS8-Decoder,
RT-DETR FI MCAT M % i 47 4 8% 52 B (ERF ) 2k
JER EATHE AL /N HFREE A 22 7% . YOLOvV5-
Decoder A1 YOLOvS8-Decoder fE 4" J& ERF Jy i %
BANE B 1 RT-DETR BL A & 4% B A L ET i
HW R IERZ B FEE PR EER ELX
2 JRE B IRIGE T AR, MHIILZ T, MCATHE
U b IE Y B R T R ) A8 TR B O B

WA 8, A OS2 R 4 W 0 AR 1 L 3K
e e o = G <=2 o0 2 = N S
S — (=] (= (=] (= (=T (=] (= (=] (= (=]
EE—— [
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RT-DETR MCAI
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Fig. 6 Receptive field visualization experiment
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TRAZ . M T AL % CNN B, MCAT A Y
Ji& B f A A AR S I B A BT
TR B 55 )22 VR B 1 38 BT 1 22 R AIE 28 LI 4%
TE B ARSI e VR ML, DA SCE AT G fa] 42 T A
R AR MR
3.9 EEMIE

AR SR R i ORI A B T A B 32 38
ARG B o PR B T PR . A TR R AN
T A I 4 7E 5 2 KA T R PERE AR SC S8R
7 VisDrone2019-DET 4 £& v 38 fin B Wi K AR
TP PR 2 ok ik MC AT AR B A8 B TR K <0 Y A

e PE o T 2 Sy A [ A I ASE Y A B RS R A Y TE
N L A AR R 0 45 5 . b Epoch=50,
Batch _Size=10, i A K 1% & 640X 640, Momen-
tum=0. 9,10U=0. 7, Scale=0. 5, § ¥} 3 5 7 W%
R B B R R, Bl SR A IR 55 0 LA 43 Sl B
TSR A R IE 5 R AR DA I 50 i A O A A
P& BRI o AR SORE Y X 1 8 A M B DA 48 B
mAPO. 5, mAPO.5:0.95, H ', mAPO. 5@rain
1 mAPO. 5: 0. 95@rain F& 7% B T K <09 3T #r 8
tr, mAPO. 5@clean 1 mAPO. 5:0. 95@clean 3% 7
IE#H RS IFM b5 -

%3 VisDrone2019-DET HIEE MR RS EHMETE
Tab.3 Robustness experiments on rainy weather on the VisDrone2019-DET dataset (%)
Methods mAPO. 5@clean mAPO. 5@rain mAPO. 5:0. 95@clean mAPO. 5:0. 95@rain
YOLOvV5-Decoder 33.9 21.5 19.9 11.7
YOLOv8-Deocder 32.0 20.9 18.3 11.5
RT-DETR 42.5 32.6 25.7 19
MCAI 46.1 34.7 28.5 20.7

e 3 BAT R ACT (A AL A I 52 45 45 5, &
TR YIRS AT AL . B R 3 s T, FE
KA M F , MCAI B mAPO. 5@rain 2
34.7% , mAPO.5:0.95@rain 4& 20. 7%, M YO-

LOv5-Decoder, YOLOvS8-Decoder #1 RT-DETR
KA By mAPO.5@rain J& 21.5%, 20.9%,
32.6%, mAPO.5: 0.95@rain 4 % & 11.7%,
11.5% F119% , #1 # F MCAI £ £, YOLOV5S-

(a) JRIREIB

(a) Original image

(b) BN RS EI
(b) Rain weather

K7 B R A E AR T AL
Fig. 7

Image visualisation of a rainy day
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Decoder, YOLOvS-Decoder #1 RT-DETR #5 %1 )
mAPO. 5@rain 43 ] FE K T 13.2%, 13.8% FI
2.1%, mAP0.5: 0.95@rain 4% % A% T 9%,
9.2% 1. 7% , BARBARN KA W PEH 8 B3 A5 T IE
W RS BIVEMFEAR , H MCATA I H 4 T HAb 4
T ASE AR A7 5L A vy ) A DR B2, IE B MIC AT A
FE BT RSP i B i Mk g o UL, 76 ARG R
FIFZIR T, KR Ak B8R X6 J6 A ML AG: 431 45k Ay 11
2 T BT — 5 S M RUAS ST B 1 8 2
e BN MO A 5o (' & o1 K= 78 1 UM E BT
INE 5 J T ) 58 AR ROE I e A HL HE R O
SERRAE AR S, T A R AR T g 5 25 v 04 O S I 4%
R ok T EY BT AR I I 2% R E 4 HR Y
A1, 0 T BFRRREAS B R K Ba , fE R #B
AR X, 2 KRB 28 SR G A B T LA 250l F
P IBCR A A RUBE (9 H AR AR IR AR B T B A 3
R AER . I B RE RN ETTNE
REAIE 38 SO Bk 7 B R A B E
YEf M
3.10 BUEEESH

TR UE BT B O M A A, TE Vis
Drone2019-DET £ #48 % [¥ fr i 7% 5 Hur &
TR I A TR T LY B Faster-RCNN, RetinaNet,

CenterNet, SSD, ATSS-FPN-DyHead, TOOD,
DINO, YOLOX-Tiny, GFL, RTMSet #l YOLO
25, E 4 Frs , MCAT BB AR 4 T HoAth JLFh
28 SR S ] B AR R Ik v B R G A T
fie , Hod , MCAT#ERL 5 mAP il mAPO. 543 5l J&
36.8% il 46.1% , #H % T Faster-RCNN 5. i Fil
SSD #1: ,mAP Ml mAPO. 543 M T+ T 15. 3%,
10.4% #128.2%,29.5% ; M 8 T ATSS-FPN-
DyHead #1 TOOD, mAP #l mAPO. 55 il #& 7+ T
16.4%,12.3% f116.4% ,12. 2% , 1 H MCAT
BRE L /N T ATSS-FPN-DyHead 1 TOOD ; #f]
# T DINO, GFL #l RTMDet, mAP Hl mAPO. 5
AR T T 11.5%,1.6% M1 17.5%, 14% #1
18. 4% ,14. 9% ; #H# T RetinaNet 5. 7% fll Center-
Net B8, mAP F1 mAPO. 550 B 7+ 17 20. 7%,
18.8% M1 24.4%, 23. 4% ; M1 B F YOLOX-Ti-
ny,mAP Fl mAPO. 543 M #E T+ 22% M 18.3% ;5
YOLOv3 £ B 4 b, mAP # F+ T 28.7%,
mAPO. 5T T 28.4% ;5 YOLOv4 B RIAH H
mAP T+ T 18.2% , mAPO. 53 F+ T 20.72%,
M F RT-DETR £ 8, mAP £ F+ T 4.2%,
mAPO. 54T 1 3.6% . 5 LR BIRIAA I, A L
BRI SR B R 4F 0 el fig

x4 ATEEEEELE VisDrone2019-DET t I 4 B xFLE
Tab.4 Comparison of results of different algorithmic models on VisDrone2019-DET

Method Backbone mAP mAPO. 5 Param
Faster-RCNN ResNet50 21.5 35.7 41.7
RetinaNet ResNet50 16.1 27.3 21.37
CenterNet DLA-34 12.4 22.70 25.6
SSD VGG-16 8.6 16.6 4.23
YOLOv3 MobileNet 8.1 17.7 3.75
YOLOv4 ResNet50 18.6 25.38 6.06
YOLOV5s CSPDarkNet 19.1 29.8 7.05
YOLOvV7 CSPDarkNet 22.9 34.5 37.26
RT-DETR ResNet18 32.6 42.5 21.3
ATSS-FPN-DyHead ResNet50 20.4 33.8 38.91
TOOD ResNet50 20.4 33.9 32.4
DINO DETR 25.3 44.5 47.56
YOLOX-Tiny CSPDarkNet 14.8 27.8 5.035
GFL CSPDarkNet 19.3 32.1 32.279
RTMDet CSPDarkNet 18.4 31.2 4.876
MCAI ResNet18 36.8 46.1 22.4
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Fig. 8 Visualization of the actual application scenario of the VisDrone2019-DET dataset

K8 W w7 MCAI # I M 4% 78 Vis-
Drone2019-DET £ 45 4 19 52 B 1 FH 4% 5t 7T 4 4k
CEE WP B FR) o af LUA H MCATAS I 45
U BE A% 1o B o b ARG Dt 42, % T R S s
SR fE , A SOl TP FP 1 FNAE 3645, H
gk 8 HE (TP) 3R 73 1E B 014 K6 0 0 5 1) A 25
LLEHE(EN) ik, R 2, 3 GAHE(FP) &R
ARG TR A I

Ry it — 2 B R AR SO B A ROV A SCAE ]
BDD-100K % #5 4£ 5 iE MCAT #5832 1k 1 .
W2 5 578, MCATASE YRR 55 I JLFh 28 3 7
i E bR I A B R G e D P g L
o, MCAT #5185y mAPO. 5 J& 72. 4%, #1 8% T
Faster-RCNN 24 3 |, SSD 5 ¥, mAPO. 5 77 5l $2
F+ T 37.95% M1 43.98% ; 5 RetinaNet # #I 4
Fe , mAPO.5 & J+ T 34.75% ; Al # F ATSS-
FPN-DyHead il TOOD, mAP0.5 4% 5] #& 7+ T
5.5% F13.3% ; #1% F DINO, GFL #1 RTMDet,
mAPO.5 4 ST+ T 2% ,5. 6% F 4% 5 #HE T
CenterNet B 8 | mAPO. 542 F+ 1 32% ; M4 T
YOLOX-Tiny, mAPO. 5 7+ T 10. 1% ; 5 YO-
LOv3 R YOLOv4 BT A EL , mAPO. 5 43 5l $2
T 30% F127.1% , #H% F RT-DETR # 54
mAPO. ST T 2.2% . 5 1 i K A A L

R 5 BDD-100K 337 & 09 B 5 1 B2 tL 5%
Tab.5 Overall performance comparison of BDD-100K

dataset
Method Year BackBone mAP0.5/%
Faster-RCNN 2016 ResNet50 34.45
SSD 2017  VGG-16 28.42
RetinaNet 2018  ResNet50 37.65
CenterNet 2020 DLA-34 40.40
YOLOV3 2018  MobileNet 42.4
YOLOv4 2020 CSPDarkNet 45.3
YOLOv5s 2020 CSPDarkNet 61
YOLOv7 2022 CSPDarkNet 48.7
RTDETR 2023 ResNetl8 70.2
ATSS-FPN-DyHead 2024  ResNet50 66.9
TOOD 2021  ResNet50 69.1
DINO 2023  ResNet50 70.4
YOLOX-Tiny 2021 CSPDarkNet 62.3
GFL 2020 CSPDarkNet 66.8
RTMDet 2023 CSPDarkNet 68.4
MCAI 2024  ResNetl8 72.4

Pk ) MCAT W &% 552 B 1 Bl H: b #E 28 5 5 19
%EO
16 HE T 52 BRJE A AL A 1% B0 48 b sk



% 24 ]

KRS, SRR IR H T W ERNE A X AL E K ) 3629

T MCATL M %, LLVEAS 78 52 bR 3 5% v 19 32 L fig
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Fig.9 Visualization of the actual application scenario of .Z Traffic Video
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Tab.6 Overall performance comparison of LLZ traffic vid-

% 6 LZ Traffic Video Detection Dataset i &

eo detection dataset

Baseline  Recall Precision mAP0.5 mAPO.5:0.95
YOLOv3 41.4 82.6 52.1 30.9
YOLOv5  48.5 88.1 56.7 38.6
YOLOv6  40.4 72 45.2 31.7
YOLOv8  47.4 61.3 52.1 36.7
YOLOVS-

Decoder 49.5 76.7 55.1 37.2
RT-DETR 64.9 87.9 76.1 51.7

MCAI 75.8 82.8 80. 6 59.9

UL PR ) o T RUAE H, MCAT A ) 452 74
FE 02 /o 32 VA b RS X 2, X TN 3 b
SZF MR, AR SOl TP FP I EN AE K 45 45
Horp gt @ HE (TP) o 15 B 1Y K T A B 52 9 A
Z o fLEAE(FN) e, R R D3], 8
(FP) 7R BRI, 35280 .
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