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Abstract

Due to the particular camera view of unmanned aerial vehicles, the captured objects show the
characteristics of small-scale/multi-scale, high similar appearance, complex background and large
interference in imaging, which makes it more challenging and difficult than general object detec-
tion. In order to solve this problem, based on the Path Aggregation Network (PANet) module, which
is often used to fuse multi-scale features in general target detection networks, this paper proposes
a Multi-Distance Association Dependency (MDAD) module by improving PANet, which includes
two connection modes, Connection across Different Layers (CDL) and Connection on the Same
Layer (CSL). The weak feature information of different scale feature layers is enhanced through
intensive cross-scale interactive fusion. At the same time, based on the YOLOX framework and the
proposed MDAD module, an object detection method suitable for aerial multi-scale complex ob-
jects is proposed. Experiments verified the effectiveness of the proposed MDAD module on the
public aerial object detection dataset (VisDroneDet). The proposed module is suitable for expan-
sion on backbone networks with different model sizes, and has good practical application value.
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YOLOV2 [17]. YOLOV3 [7]. TinyYOLO. YOLOV4 [8]. YOLOV5. YOLObile [18]. YOLOF [19]iIk it
K, R AR B A Tz N TS bR LARSUH . 2021 SR RLRME R K T 1% R B SRR odE Lk
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Figure 1. The main factors affecting the accuracy of images in the VisDroneDet dataset
[ 1. VisDroneDet HEEE G IIEE N T ERFR

1E5 YOLO RFIEGHII) . AR AR B AR A YOLOX, FIs it 3= 45 ¥ 2 AN B Hi 4
TEHEAT RlG 520 1 S RIS I . b, Rl G AR AE B OB B TR 1 42 7 55 W 2% (Feature Pyramid
Network, FPN) &k () i 45 3% £ X 4% (Path Aggregation Network, PANet) (415 2(a)fim), £ A _E AT R P
ANT7 1 R AR AR BAS [R5 RFAE (il G 84 . A I DR B[21] [22] [23] [24], FETMLAFERY B
HURIRRIE AN R, TR Z B B R AL 5 B 2 ISR S, T 2B B R e & s %
8 XRNME R . YOLOX HYERAR IR G M2 Se Il 1 X AHAE B BORFAE R, (H2 k=48 HRNet [25].
DenseNet [26]% 45 AL FIAT SEAH AR BURHE 25 2 il S AFAE— € F2 IS B RUFRAERL & 32 B0 7893 10 .

Figure 2. (a) Structure of PANet, (b) Structure of MDAD
2. () BBERAMBLEN, (b) ZEBXIKKHEN

N T H2TF YOLOX H1 PANet FEERORFAE Rl & SR EXRE /7, FRATTHR i —Fhesidk PANet £ 20 fH 85 SR IR
#i(Multi-Distance Association Dependency, MDAD)fRH, iZAH 45 R an e 2(b) . Bk, &
%5 )22 % $ (Connection across Different Layers, CDL)#i1[] J2 1% #2(Connection on the Same Layer, CSL)#Ffi%
773, Horh COL #8 JZ&EHa AN R M BURHIE Z HEAT 78 40 AN RFAE R & s CSL [7] 2 2 Hx [RI B BURHIE /= 12
1T IR ERFRAE LA, ORAFIERIE RIS ASE . 5 YOLOX Hif¥) PANet BSEEAH LY, Sk Ay DLEE 4
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1) EFxbiE A B AR TRl 2 RO RHIE I B8 42 2R A N 4% (Path Aggregation Network, PANet) 1%
He, $2H T Rt PANet (192 B B B #t MDAD (Multi-Distance Association Dependency) itk

2) T YOLOX HEZEFIFr# i) MDAD #idk, #ad 1 5 hnid& & i 2 RE B % H AR B beksill 77
o TEATFIIA T3 B ARK ISR 4 VisDroneDet |, SZEGIGAIE | A ST AT A HO AN 77 56 (1A 2%k

2. XTE
2.1. —HrEBseR

2016 4, LASEFEPR. StHBREFRN YOLOVL [16]EAYHEA:, B ith—F Bt B bt il #5453 21 1 ik kR
FZ M. [F4E, Liu Wei 88 A3 H 5k Z HERT I 2% (Single Shot Multibox Detector, SSD) [9], 45 AL {i
M VGG-16 1EAETM, il 1 4 EAE RS BRAERE, R A [F RS BRHE B3R T AN A RUEE B bR
ks, f 2 ROBE B ARJCH /N B AR v LASRAG 1 S 4F A MRS B2, Rt T AN [ 2 R AE B 2 [ 3 AT
A, FERE S EAMS BAR. 2017 4, Tsung-Yi Lin 25 A2 1 FPN [27], ZA AL P g 5 4 1)
ResNet-50 E N ETFM, HAGE UG B+ E MR ERIEERT 2 5 LR G, SUEMTEEFEEMKE
FFAE AT R R, AT 1S BN )RS (RS AE 4 735, A ot o T4 HE B AR AE R R RE 7 )
4, Redmon 55 A& YOLOV3 [7], XA fE % [ HR 2 M4 ResNet (5t EAR, it 1 5000 8058 K 1)
M Darknet-53, FEE% T FPN (it AR, XEARFREREHEEBAT T ENR s than s, #—DiEs
TN bR BRI B

L5 vk BARAE A AE SR AN B Bl 2 E R SEEL T SR AR OR, (HRRHERS SRS e
BATSS R, SR S R ISk B R A TE— R, BFAS RS @ MAES AR, FEEREALSAAEITR,
SPRARK RS . 2021 4E, YOLOX [20]LA YOLOV3 SPP Jin A Syt HEAT B3, #5232 5 5 O ke i =k
S, TR E AR . R B A R, IR R I SR OB NE ST N e B (R bR AR 4 I U
SimOTA (Simple Optimal Transport Assignment)% 58&, #£ MS COCO ##5 4 Fik 2| | H aidm i M RE .
{HJ2, YOLOX ' PANet fHAV X AH AT B R EEAT Rl &, #Rk =15 HRNet [25]. DenseNet [26]# 45251481
(R AR QO RY BORAE I B SR R, AR — R ERRFAE R & BRI 78 43 1) L

2.2. FEEFIEMLE

BRI — 006} H A ) AR A0 AN 25 [ B S B AR AT AL AT 55, DR AR A 4 7 35 ) %
FPN [27] J2 H it 7775 PANet [20] 292 FH Tz U8 At 4 5 22 U B FRiar PV BE o IX BeT7 VR0 AN [RI B B
BRI RFAE P 5 A8 3 3 2 K /NG — SR [F) RS EAT IR TE R AR I PF R B O, SR Z A . A B (S
BERERNNEEE, KEEEEARERRNE SR, S E N ORIk, 28, eI RHE
A AR BLEA AR RRIE 2 2 7], 2SI ERIEEE B AR, PRI CE SRR Z . [FR,
TE M [RIRFAE 2 2 7] .85 /b 41 DenseNet 3 A% (1) 25 SRk I Al &, IX 2 SRAFAE A7 B i % -

N T R AL 2 REHRFIE, Tan Mingxing %6 A7t EfficientDet H & Hi AU A FFAE 47 55 9 265
BiFPN (Bidirectional Feature Pyramid Network) [28], L 5] NJ4MBL Attention BLEE, B8 f-Hh P i A [ &
MHRFIESS E.. Guo Caoxu 55 NEFXF FPN Rl il i 2 RRAE A4 1415 B 2 Bl k> 17 52k . AN FIRHIE 2 s
B £ P A 0 2 5 KRG Ja B BT — R E 25 B2 R A R EA e B ) 8, 328 T AugFPN
(Augmented FPN)RFAF G735 45#[29], FIFH B — Bk ME % . FIARFFESE 32 A14K Rol (Region of Inter-
sect) ik £ = ML R e E IR AR AL BRIE . Tsung-Yi Lin 28 AR5 FPN 1975 2042 T Recursive-FPN
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(Recursive Feature Pyramid Network) [30], Kif£4t FPN &4 o (4 AE 5 H AE 4 N iR [F145 Backbone, i
1T RGP AE AL G o SR, IX S8 SOk MR IR & 35 I 485 (R R Bk Z AN R R0 J2 2 TR) FR e B 2 O B, Atk
AFAEFE L Z 5. GiraffeDet [31]5% ] T % Backbone. i Neck i, AR AALHSZIL T HHERI 7S
SRR, (ERRR RN T2 E A . ASFF (Adaptively Spatial Feature Fusion) [32] & 5 5281
TRRANREAE 2 R T AR AR AR R B TR IR E AT SRR, AMNORER T AR AR AR 2 A 1 L
R, M HES T AERHEE 2 A 5w B B AR, gD TR R, (AR SRR BRE, R IERL S
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Figure 3. The architecture of the proposed model

& 3. PriRfRAILH

E 3 JBR T AT SR AL I SR 404, FH T RFIESRELY) Backbone #EE . F F4FfERR A 1) MDAD
Neck b . FHF T4 H 1) Head 85k = /N5 4 1«

Backbone AEE: RH A YOLOX —FERIZEM) . XF—lmg— R AN EIME, TR Focus.
CBS. CPS1 il SPP Z55 1. I REFEEME, 7EBYEL C3. C4. C5 HHAFAE, NG SR fEah & JF f & Fm B
Frfr BRI 2 RERHEE S . BEE E T MIRBERIGI, i AR 2 HF 3 (RST) AW N R, (R4E2H
A AVRRAE S AWk, g SOE SUE WG . 5% YOLOX, A RHABE C3. C4. C5 i
H = AR RERHE B { X0, X 00 X o | 18 A0 BERGAE Rl £ S T (1) S5 BERRAE

MDAD Neck #3: 7 7ifik YOLOX ' PANet Neck HEHAELE [ J2 18 AE PR AEAH ELHR N « 1L 5%
BRAS S ) 8, A fE % HRNet [25)F1 DenseNet [26]% #1245 i B 4544, =4 T —F38 ) MDAD Neck f5
B, ZARHOEN FZBOEME)ZE BRERTE, ST ZRAZE N R A . BARESE. 4
WL AT B B AR FoRAEERAE . CBS BB RGBT RFEERAE . B AR M B sk A — B BEAS A
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JEHRHIEBEAT Concat HHEERAE, LA T 260 HARBNE S IV ERAE . IXLe1RAESZIL XA R B, AT
FOTRHERIR S, JExE B AR DR EATVE R s, FASs i L 3.2 5.

Head #tk: 5 YOLOX Jfbl, AICAE Head MEHe o TN H AR IS fr B A EAS FEHEAT ARG 1153,
A RESR AR IRG L, T ELRE N PR BRI ZR AU SIGE L - 1% Head #EHx MDAD i i 19 =/ AFLR
JEE FRRFAE 73 Sl AT AR A, B SRR IR A A2 Se i 1 > 1 K/ 5 UK IR A i T 4 PR E
PRSI FIWTATH SATE AL B AR =0 SCfE . b, IR IWaTH S8 T 0 115
R 3 x 3 A—A> 1 x 1 BRI 2 B AR EBBONA TC H bk 2 26518 #HAIH] Sigmoid #1FE 5 AL N T
DR AL H AR T HA AR, 2@l A~ 3 x 3 Fl—AN 1 x 1 BRAMUR 2 BT & B A 4 SALFRE (T
O MARbR . bR FEL ). YIRS, Head i JFRA S YOLOX —FERHR 2K bR HL

3.2. MDAD 1&gy

K 3 i R ) MDAD fRBR£5 K, 1% /2 3% 8 (Connection across Different Layers, CDL) (5[] R A/
FSAE 2 2 ) H.3%) F1 [7] 2 %% (Connection on the Same Layer, CSL) ([R5 K /INEHAE 2 2 A 3% ) 9 Ff (S
BALEIRAR, 5 =R 6 NS RF RS T S . ZASHL N A Backbone FEHLES 3. 4. 5 BBt
(112 U RFE(C3. C4. CB), ity MDAD HEHALIE S 2 RERHE, RRAESEORIZ4EE SR .
R G RHIE RN 2 RBERHE, B 0 MRHESR IR ). o

3.2.1. BRE&E]R CDL

5 |2 BRI\ R E B AR AR N HE AR AT B BEAS [R) R AR AE, 3k V4 22 OB R AIE S IR 2 40 15 R AE
55 20 SCRHIE IR A o BAAR SORT 2 2 R IR 25 AH 200 RBE R AR Rl AR R 25 AR AR 41 R BERFIE R &

KPR AR R RS : KRG R FERAE D 2 (5@ SR N R AR R S — M
LRI BEFRFIE N o WU A R Z AR B R 58 - R OO JER 1) 2 4%, IBIE 5 4e/ 0.5 fi5; KN 2
I G A B E A IE e . B4R /NN IECRIG 0.5 fF, BIEEUE K 2 fi5. DL FORFERT SRR #E
VERA R R BERHE R ZE BRI T R — B R, BAERWT:

X7 =0, (W @ X)) @)
)A(qu :V\/fj ®(Wil,j ®Xi,i) @

Horfr, X, B T BER | AN Z 0 HAE, @ NGB, W, RARNNAL x 10 KA LIS
PIRIESHL, U, (1) R B _EoRFE, BRI T ORI E TE B R T SO A A e E AN B L
H & 28 i B BE AR AE 5(‘3; 550 - VB BUFIE X, RESG—: WP R KNA 3 x 3. KN 2 (1135
FREAESH, T SO R e m A, B 2558 i I B AFAE 5<f’§ 55+ L BURFE X, RESE
KEBE PR EREER: KA E SR RN TSN R RS — AR B gy
MERE .. B BESRIGIRZREERTE . SN ESRI 4 %, @IEE0RD JE R 0.25 £5, HARXT XLk
HAGEE B TURE /AN BRI, TS RIEKRK N r=1. r=2. r = )EIEH R ZHEE M
iy EgE/ANNIESRA 0.25 £, BIEEIE K 4 45, HAX @GR EE 0 3R15 B R Y . L FoR
W
Xl =UJ (W, ®X,) ®
X7 =W @ (W @ X ) @

Horb, X FRE8 VI BGE N2 HHARAE, @ RN ERRE, W, RN L x 1. BKA LI0E
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BURMESHL U, () RonEE BB LR, SR T SURRHE@ER. - REEH T SO RS A o BEAN 56
ARG 5 | BT BUHRRAE X4 S5 1 — 2 WY BURRAE X, RS W Rom K/ A 3 x 3 B RURE S
B, T SRR R A G, AR S § B B GE XD 55 i+ 2 BrEBRRAE X, RUESE

3.2.2. EB%#E CSL

IFi) 2 T e A 1) A T BB [ RO RRAIE, VD SR TR — R A [ A B AR AR AT A . BARE T o0
R B ORI I B hE . 0T A2 AL BT HRBCR R B 8 R IAFAE, 3SR FIB B
FHAR T SURFAE AR A A0 RUREAE, BT A RRAE DAPFE 7 A A 5, RSB FAPUE & 788 (Convolutional
Block Attention Module, CBAM) [33] SEILSH AN /] (1) 22 2L AR AE HEAT 72 40 R, DA B H A 32 B XA T 2
JIIRL, Hgsaxt B AR XA R B 77, 38T H AR fLrERe
3.2.3. FHELRmME

MDAD A HRF AR R Al A FE B AR R

B X, s i (i =3 4. B)FT B j MR R AR AE (2 j = O I, X 30t T 4 ek
FRIE; 2 >0, X, % MDAD Bl & 5 HRFIE),  WHZARFAE TS R

X | =Vvi?j ®|:)~(i,j'5j:2 (SA(Xi,j—Z))’é‘j:S (SA(Xi,j—B)):| >0 ®)

Hort, s, () FORE ERAUEIE3], 5, () TR BT | =t W7, ®RRBHIRIE, [|FF
HOMEPHERAE, WS AN 1x 1 KA 1 WERIRIESH, FIT e b, X, it

(I
—Cy ([Xoy0 03,010 (X0,4)]) =350 ©®)
:CA([XI X X0, ) i=4,j>0 )
X =Cal[ X0 X2, X% 1)) 1=5j>0 ®)
Hrr, C,(-) % CBAM ERE AN, 2 j > 01, $F4E X AR B AFERILR 54 CBAM
TER IV A s 2
4. SKhw

41 WRERSHRE

BARE: YR VisDroneDet2019 HE A2 3T N ZR AR . ZE a2 i B AN = S0 471X, 4838
SRR L ER AR, B4 12 AKRAFFFAT A A BATE. NAE. MEE. BE, ZR%E.
ANNZ8 ., AIRE BIEE, SMN—A AR ZE X)), 8629 kKM, b 6471 5k I,
548 7k H T-5E, 1610 sk H T, sk EEEREAE 2000 B & A4, HbrS %0k $) 2,600,000 4. %3
PTEEG G T BN B, 4R 2HEUR AR 24350818 s BB SR D0 ™ 5, ok BUR B AR
MAEEZ, Wk 1.

SEKE: NG, NZRBIERIRECA 100 4 epoch, 1T 2 4~ epoch K #JH 3 Warmup, 7E 85
A~ epoch J5 £ 1k Moasic 3858 . {5 FBENLES T % (Stochastic Gradient Descent, SGD) itk # Fl 4 5% iR K 3
I SR R B 2 ST 4%, WIAR% 21 %09 0.01, SGD ah& BN 0.9, BUEIERN 0.0005. fFH 2 Pk
4314 2080Ti GPU 1t %, Batchsize K/N& iy 16. MRS, Batchsize K/N&H 64, [FRS, fH T Mosaic [8].
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Mixup [2018#k 355 /535, b Mosaic J7ikilid 4 5K B BE LI B4R BCEAR R A RS RN, AMY
BTN ERREOECE, BINK T RIMRE R . KU, Mixup TR BNA F EHE TT AR T
P EARRIRCR . N T RAEA SR IVERA R, 5 YOLOX BEARUFONRELAMRA, Hoh 5ASCEAR 2
5t EESE Neck #73R A T ASFI AR Bk .

4.2. KWERSHH

EBSTWERS

AT ERI MR N MDAD Z5f (W 2(b)), & fE R () PANet £5#4[34] (4nfEl 2(a)) 3k 1
M. T A RORUEA SR IVE A R, FRATTEIN ISR TSI PI R AN R ) Neck 4544 (414 4(a)
4(b)). Horr, 18 4(a)f7R THE C3. C5 JZH AV IS ANFFAE S H 5 A0, SR A SE 0 4 i 42 2% 1) e 77 X
AR REAE S H T S T RS BRI G R, XA SRR I S5 M AR FCP (Fully Connected
parallel)£5i#4); <] 4(b) 7R 744 C5 JZ 1) P52 11 AL 2 C3 JZH1, T RUARIAH 1 25 46 SR I i i 2 RFAIE 1 R A e
J1, XFEERERATFR N IT (Inverted Trapezoid) 4 #4) .

(@) (b)

Figure 4. Schematic diagram of comparative analysis of different feature fusion Neck structures

E 4. TEHHERME Neck &3ttt i RERE

SERAE RN 1 Frm. Hodr, PRIUFERR AP AR R EIE AR HEVF TR bR [2]

Table 1. Experimental results of the improved method on the VisDroneDet2019 dataset
2 1. BUE75SETE VisDroneDet2019 #iBEE FSib4ER

Method AP[%] AP50[%] AP75[%] AR1[%] ARI10[%] ARI00[%]  ARS500 [%]
YOLOX (PANet)  22.24 40.29 22.02 0.06 0.72 8.13 32.62
YOLOX (FCP)  21.74 39.17 2157 0.06 0.71 7.49 31.90
YOLOX (IT) 22.26 40.16 22.04 0.06 0.73 8.51 3273
YOLOX (MDAD) 2254 40.67 22.41 0.06 0.70 8.46 33.10
7% 1 AT LRI,

1) Fr#Jri% YOLOX (MDAD) K] AP AP50. AP75 ¥ & 73 il 22.54%. 40/67%F1 22.41%, #; YOLOX
(PANet)[] 22.24%. 40.29%7F01 22.02% Ik FEA — €T, B T AR10 #5454k, YOLOX (MDAD)H] AR
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Fabr¥iE 7 YOLOX (PANet), KGiE 1 A SCHTHE 7 1A 2otk

2) %tk YOLOX (FCP)Ail YOLOX (IT), YOLOX (IT)EA W SRS, KA 1T MXET FCP ¥
C5 EMfa— M T SR8 T C3 )2, HIMEMINRZERHERIEGE S, FIh 28 7 I ARHMHA4R
JEIRN R RAERL & 4 Fr i 7725 YOLOX (IT)%f bb, AT DU I 75 242 AR10 A1 AR100 L FHAIK T YOLO
(IT), (HRAEREE EAHFBRIMS

3) XLt YOLOX (PANet)F1 YOLOX (FCP), RJLAKIL YOLOX (PANet) 25 4, i W JE A ZAE =14
B AT LR THG Ve R, FR ST e kRt A, X E YOLOX (IT)F1 YOLOX (PANet), ]
DL IR YOLOX (IT)AHR BE4F, 1o BH {5456 T2 225 6 A b T T 10X 248 45 g 12 e B 2o

4) XTEEANFI Neck Z5H936 T LURIN,  fidm UG H Frar i i 2R AN & Bk T REAE 4 o @& 1 2
/B (PANet (1777 iy 4 4>, FCP. IT. MDAD (177 st B2 AH R4 6 ), i 5 450 Re e H 15 a5
MR B OR, BB ZE L PAT ST .
4.3. EMAIABRI
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