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Abstract: Object detection on drone imagery is widely used in many fields. However, due to the complex-
ity of the image background, the dense small objects and the dramatic scale changes, the existing object de-
tection on drone imagery methods are not accurate enough. In order to solve this problem, we propose an
accurate object detection method for drone imagery joint sell attention and branch sampling. Firstly, a
nested residual structure integrating selfl attention and convolution is designed to achieve the effective com-

bination of global and local information, which makes the model to focus on the object area and ignore in-
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valid features. Secondly, we design a feature fusion module based on branch sampling to mitigate the loss

of object information. Finally, an improved detector for small objects is added to alleviate the problem of

sharp scale changes. Furthermore, we propose a feature enhancement module to obtain more discrimina-

tive small object features. The experimental results show that the proposed algorithm performs well in var-

ious scenarios. Specifically, the mAP;, and mAP of the s model on the VisDrone2019 reached 59. 3% and

37.1% respectively, an increase of 5. 6% and 5. 4% compared with the baseline. The mAP;,and mAP on
the UAVDT reached 44. 1% and 24. 9% respectively, an increase of 5. 8% and 3. 2% compared with the

baseline.
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Fig.1 Opverall structure of the algorithm proposed in this paper

2.1 &M BEENHFFEREMN S

Jo AL H 2R 1) 5 20 B R AR AR R
2% IR OL T WSS Bam i AR E . R
AT LUAR B, 35 9 2 6 R R 42 G 7 ol 25 42
BBV R BB TOROE SHE B I, 5 2R R
FEAEA R R B L.

HTE = L B0 9 iz e TR AR TR S
b #4588 . Dosovitskiy 2 KB A EE N
BLHT ST BN T3S 50 G, I AR T — 2 B
B, BEAE X EEE PRI AN ETE A, AT
BOLE VR © 2T AL 8 S s A5 2 T
JTZ AT



2726 e K TR

31 %

TR T HRM A MR 3T M4, 38 o) 3t
LA PR AT R AR B2 B, 980 TU A 2 8000 [) i
35 Sk T AR U 9 i 4, B SRS S AR PR R A
I, 3 A5 35 B e 48 I 245 A $2 OIS J2 e AiE A
45 48 5 T E AT AR R L3 H X 5 B B sl &
W 2% 52 BR T Jry 38 J8% 52 B, TG v il 3K 4 Jmy 4R G
Foo M0 E R AL 00 a4 ey A AL R R
RZBEMER , NAFEMR R SR T AR ACE ,
MR 4 /A et . HEE AR E IR AR
WM.

Q=XW ,K=XWVv=Xw", (1)
Ho X RRBATTI, W WE W5 3R =
A LR 4 AR B OF He AT DL O i O i
T ME X 5 EMHERDQ,K,V,

T

Attention(Q, K, V )= Softmax (2)

Jd,
Hop . Q ST KT vH5 R4 AT 91 AL A 7 5]
Z AR B o BR DLV T B IR A ARG R
SR . HP d RO e il g
Softmax #HATIH— LT EBRNERBEHS V
AH 3 BV AT A5 2038 2 [ R L S A
¥4

B B 28 X 245 48 T 6 SR R A SR AT B B,
I A A B HLH K T X 4 R A B kAT AR
Li b T B 2 4R [ T R L AN
AR T BN A E RS ke
BEHNRCS, H 2546 40 2 TR o 126 405 4 & — Fil
B R 22 G540, AN 5% 25 TN R A5 B AT 1 4%
Wi, N )= AR 22 S5k Rl 2k AR B
(Multi Head Self Attention module, MHSA )it %
AN 5B, BT NRCS
P 3 g 45 A R A RN 4 SR 1R B R A R X
R SCfE B R AR AR

WA, T A HLIENR 43 B 56 07 5 38 15144, Sun
SIS 2 B R 43 R SR v Y RRAE R AT 4 )
AT A 2 e it 22 0 1158 B R R A T RS L O
S EOUN S B E DA . S R & B E AR
15 55 P R 2 0 5 43 R R A ) R AR 4 ALY JR)
TR AE S HURE 7 o TR 20T 2R R REE IR E
K53 9 5 AE B AT 4 Jey A O M AR AS ST LU
PRAIE 3= T 0 256 %t Ry & 45 2 FH 4 R 15 B AT A 2L
FREEC, 7 LT T B P A TR R e AT R

Concat
A A

MHSA

1x1 Conv
h

L d
X .
De
De
X

MHSA

1x1 Conv

A

1x1 Conv

1x1 Conv

K2 NRCS %A
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mAP 39.4 27.1 23.2 69.1 46.5 39.1 30. 4 18.3 59.2 36.9 38.9

R T % W bR R AR SR AR O I R AR I mAP,. 4> 515 %) 59. 3% ,37. 1% #138. 3%, H:

F AT P o R (1 A R 5 A B S 1 H AR R 1 mAP fl mAP, ik B K . mAP,, (KR T T §2
{Elﬁ/ﬁﬁvlsnronezowf&z%}%é%iéﬁ P fiE 2% B ik Wk m B A R HRDNet, 8 758 10 & 0 2,
17 e Marar . g ik 2 s, Hop i or HRDNet 5 v 1 4 A BG4 B 238 328 18 A SC i 42
Yilﬁ'ﬂ m 8 () mAP,,, mAP Fl mAP., 43 51 ik F) J7 i R X o HE RS B H X 4 M EE R ) A U
62.1%,38.9% F139.5% , 16 A Xt lL B 2 ik W L AR SCT AR O vk B T RS TR AE A LRy
B . BEAM, FH B LAY s BB AY mAP,,, mAP BRI A% T HRDNet (5 00T, 2 AR BE A5 98 B
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Tab.2 Comparison of results of different algorithm mod-

els on VisDrone2019 (%)
Ap- AP- AP-
Method mAP;, mAP mAP,; )
small mid large
ClusDet™  56.2 32.4 31.6 — — —
DSHNet™  51.8 30.3 30.9 — — —

HRDNet'®  62.0 35.5 35.1 — — —

wl

Yolovs-s ~ 53.7 31.7 31.4 22.0 43.7 49.5
Yolovs-m  58.6 35.4 36.8 27.6 47.6 52.4
Yolov7! 57.3 35.6 37.1 26.5 46.0 50.3
YoloX 53.5 31.4 31.7 22.5 41.5 48.5
MobileNetv3  55.4 32.9 32.9 24.5 44.3 49.5
MobileViT ~ 55.5 33.3 33.7 24.9 44.2 41.8
mSODANet™ 55.9 36.9 37.4 — — —

Ours-s 59.3 37.1 38.3 29.2 48.5 51.6

Ours-m 62.1 38.9 39.5 31.2 51.3 52.5
TE IR R R s e AR T A e R IR AR

15T AR A S5 5 . Rk, AR SCRT 4R O ik
A AL TE AL ES B AR
3.4.2 UAVDT % #EEFZHLER

H T ARGEA SO RS Tz Ak RE Ty, FATTI
BT AR T S Y B e R Y R AR ST 4 B Tk A
UAVDT 48 4 b i #5000 M 6k o 45 8 3k 3 i
N, A AT R LAY | A ST Bk A A 2 )

R3 ELEEMALFXEUAVDT BRI MEREXTLE

Tab.3 Comparison of the results of the baseline and the

algorithm in this paper on UAVDT (%)
Method EERan Car Truck  Bus All
mAP,, 73.0 15.2 26.6 38.3
Baseline-s
mAP  41.2 8.1 15.9 21.7
mAP., 73.3 19.4 39.7 44.1
Ours-s
mAP  40.9 10.9 23.0 24.9
mAP,, 72.1 855 40.5 40.4
Baseline-m
mAP  39.6 4.86 22.9 22.5
mAP,, 73.7 18.0 40.9 44.2
Ours-m

mAP  42.3 11.2 241 25.8

B RGORG B RS B4R T

FAFNZE T ARSI 7 1 AU A X L Bk A
UAVDT ¥ % R PERER L, S0 a5 L1,
AR SCHIR B D B m A AE UAVDT 8088 4 1 i)
mAP;,, mAP Fl mAP,; 53 535 3 44. 7%, 25. 3%
A28, 1%, M # T HoAh ) b 7 v m S AR Y = 30
FEAR IR B A, T s BEAL Y mAP,, Al mAP 13k
B\ M. 28 b AR SO O i HLAT B v A R DR
JE FniZ 1k B

R4 TEEEEUVAVDTHIEE PG R

Tab.4 Comparison of results of different algorithm mod-

elson UAVDT (%)

Method mAP;, mAP mAP,;
ClusDet"”! 26.5 13.9 12.5
DMNet'* 24.6 14.7 16.3
GLSAN™ 30.5 19.0 21.7
CDMNet™! 29.1 16.8 18.5
DSHNet' " 30. 4 17.8 19.7
Yolov5-s 38.3 21.7 22.6
Yolovs-m 41.4 22.6 24.1
PRDet"" 34.1 19.8 21.3
UFPMP-Det"? 38.7 24.6 28.0
Ours-s 44. 1 24.9 27.3
Ours-m 44.7 25.3 28.1

TE I PR R s B fE, T R R AL

3.5 HEXIE

AR SCHR B9 DBS-FU #5538 i I 174 4
SHEAT KA, DLAR IS BT i i RRAE R S 45 R . h
TR —REERIEAT R R 22 = B
iT#E VisDrone2019 %48 5 b #4717 A G, 45
JEUN 5 From o 24l 3 2k 4 A 2K IA A Nearest
SRR Cony FREERE , mAP,, Al mAP 4351 Ky
53.7% MI31.7% . #H# T Nearest, Bilinear #| H]
AR R 43 BITE IS J7 ) b AT 46 . 725 4
Bilinear J&5 , 155 8 M 68 A BT $2 FF o T A SC P 4
(1) DBUS #5 Heid i3 A 5] 43 32 43 i i 4T R AR IF
FE A A B — Ak J5 XS ) Y L SR B 5 SR 3 AT R
JCE N, P 1 0T PR SILU 5] A £ AR PN
Fo BT RS, DBUS B {5 3
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Tab.5 Performance comparison of different sampling

(%)

methods

Up-sampling Down-sampling

Method
Nearest Bilinear DBUS Conv Pooling DBDS
mAP,, 53.7 54.1 54.5 53.7 53.5 54.8
mAP 31.7 32.1  32.8 31.7 32.0 33.2

T I R R R LA, T R R U

=6

8 A (2] 5 85 B 22 {5 B, AR il 5 o A
Hh AT LA 1) 2 AR P A 3 T R I A B A
T e A R b B > R RE . I, 2 ]
DBUS i, 45 BRI T 4E & — Ff B — R e 7
o AE T RABEME, O A8 Bl A AR 7 — PR R
BT AR 2 T 20 — R Bk T AS SO 4
H B DBDS A5 e 7] it filE P 2% SR A 20 SR 3R AN
[l {5 8, A R0 5 B AR FE

HELSLI AR

Tab.6 Ablation experiment result

Our-Four-

mAP., mAP

Baseline  Fourhead NRCS DBUS DBDS i Parm GFLOPs FPS
ea IR(3) (%) (%)

1 J 7.028M  16.0 53.7  31.7 35.6
2 N N 7.262M 19.3 54.8  32.4 24.7
3 N N, 6.911M 19.1 56.1 34.3 25.6
4 N/ N, N, 6.583M 19.3 56.9 35.1 27.1
5 N/ N, N, 6. 942M 21.4 56.3  34.6 27.1
6 N N, N, 6.982M 21.6 56.8 35.2 26.9
7 N, N, N N 7.013M 23.4 57.1 35.2 26.5
8 N/ N, N, N, N, 6. 686M 23.6 58.3  35.9 26.9
9 N N, N N, N, Vo 7.875M 26.8 59.7  37.1 22.1

R T IR IR AR ST AR A 45 A5E B AR AR A
1APE RE BY S2 M), A SCIE B 6. 0 UAS /) Yolov5-s fE
Sy HE LAY | 3 AT I Rl S 36 6T T B 1 45 A AR
WA ST I UE . 25 RN 5 iR . X Al
TSR BAR ST

FE A U AT o] 2 i B M i, R AR R L Y
mAP,, M mAP 439 53. 7% M 31.7% ., el HE
filh b, 51 AR )2 8 43 B 3 R AR 1R R R i A
3, mAP, A mAP # K % 54.8% f132.4% ,(HZ
Boi A BT b AE o YR SRR RS T A TR R
fiE A (5 L, 938 R VR 2 R AE I v s B
PR Sk -5 2 808, mAP, Ml mAP #f — B K E
56. 1% F134.3% ,JF HZ 8 PR, NRCSHIHk
WL 45 AR E B A RS B BRIRE 24
BT B 5 ) o A R WTAE I A NRCS #H5 ,
mAP,, Fl mAP # K % 56. 9% F135.1% , S ¥ &

WIS R R . 25 B I R AR A vk T R AR
G 2 REAE B B =™ &, 1 8 DBS-FU
FROE Rl G AR P 2R B o I AT 43 3 AR e o
FRAE ] P2 5 BAG B RO o B 2R B 40 m A
DBUS 8 A1 DBDS # 5 , m AP, Al mAP # H}
BT UE BT R 43 3O AT 9 m AR B SR A 25 2R
TERFAE AL A o R P RCR L. S T XN H AR
FEFEAT RS8R 3 T FE-IR B, 5y R mlfm A 3
21 FE-IR # 8 J5 , mAP,, Fl mAP 3 K £ 59.7%
37, 100 AB ARG BE AT BT T % . %5 T FE-IRHX
BB B £ FH A T DAAR 9 5 SR 583 385 in sk
D FE-IR B8 8t o 25 i, I fil 52 56 3 Y
A SC T 1 DO S i R AT DL AR S N HILIELR
A AL I )G B o
3.6 HEBHMMERET

Shy e B A SC T 4 B A R AR T AL Bk
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SRRSO

WA 5 s, FATLE VisDrone2019 51 4 #
TE BT DU R UL JC N HL S 43 o e s
i AR RSN H AR SRR R 5 . K5
(a) J& 7R Jo NALTE I T 5 25 il 2R 00 1 i I 1% %
KB PR BT RERER.E DX
W AR ST, WnE 5(a) 8 3T A, HoAth g
B A AUR BHR A B b B R R (R B /D
J& 4 ) B H Sy H s, B 4 R I H AR R R R
T T AR SC A B T LUl o 5 A 4 R R BT A
FT5 S AT A A E . B 5(b) B R T JE AL
FEARZS Al PR 58 T 4 4R 1 B4 a2 2B R B AR
RF 26 5 W] Wk, W45 ST & B, ot 28 R v

mSODANet Yolov7

G LA S B0 B T T 41 D A ARG I A T) R Y
HAnmf 3 B A B 5(c) B 1% &/ HAR
Ty 5 PR B G I R B, A B8 0 o AR 12 23
A MU BG4 AR B0 BN — A~ F AR .
4 AR RSB0 BARS) % R, 24 B AR AT
— K BT B B R ORI I, S BOR A H AR R
BRI T T AR T vk e R S A AR I Sk 51 A
PRJE IR 2 30 T kS BT Y K b T 24
ANRE H B v A TR — RS R . [ 5(d) P
AN TR TE] g s ARG A 2R o A R A R A B
ZEDCLA AR . IR, W]
MEE A, HARME LS 15 500 5 o A AR 3k it A
45 R oK 52 B Y AL TG AR (Y F bR oK BE £
R o T A SC T i Ak m L IR RS A0 A B A
A )P A R A AT R R AE I 2 3 5t R A A T

(d)

Baseline Ours

K5 B EAE VisDrone2019 BHE 5 B ) 6 i 2% S %1 1t

Fig. 5 Comparison of detection results of different algorithms on VisDrone2019

K6 s T A R 5k 78 UAVDT %4 48
AR SR . SRR AR SO DT A IS
B 22 Bl A 2% b R BURE T S AR

45

A TR B AR b B 6 IR 45 2R R B S SO 4R
TPk RA BT PR R DORS B  Z AR RE )
G S I LB TS o i Wi RS S & Wy g
4£%O



KA, A B BRI SORAE R TE AL R F AR A 2733

DSHNet

Baseline Ours

Fl6 ARFLAEUAVDT S T A &5 R Lt

Fig. 6 Comparison of detection results of different algorithms on UAVDT
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