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Efficient Tracking for UAVs Based on Siamese Network

WANG lJian-Hao, YE Ming, YAO Jia-Feng
(College of Mechanical & Electrical Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 210016, China)

Abstract: In the field of visual tracking, most deep learning-based trackers overemphasize accuracy while overlooking
efficiency, thereby hindering their deployment on mobile platforms such as drones. In this study, a deep cross guidance
Siamese network (SiamDCGQG) is put forward. To better deploy on edge computing devices, a unique backbone structure
based on MobileNetV3-small is devised. Given the complexity of drone scenarios, the traditional method of regressing
target boxes using Dirac J distribution has significant drawbacks. To overcome the blurring effects inherent in bounding
boxes, the regression branch is converted into predicting offset distribution, and the learned distribution is used to guide
classification accuracy. Excellent performances on multiple aerial tracking benchmarks demonstrate the proposed
approach’s robustness and efficiency. On an Intel i5 12th generation CPU, SiamDCG runs 167 times faster than
SiamRPN++, while using 98 times fewer parameters and 410 times fewer FLOPs.

Key words: object tracking; lightweight network; Siamese network; unmanned aerial vehicle (UAV)
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XFT GPU KU TIRBE % 2] (deep learning, DL) ]
J7ENP T UAV sl 558 1A BR, Sebrrf DCF
PRERS T H s AR T2 S, SR T T DCF [ 3R
R R BTGV R I UAV s S i 5. 5—
J7 1, BEEFENTRNRN, N T 3RS SRR, 2T DL
1) BR R 78 AR A9 R B2 2k, M DAY R i ) ) S 1 ) 25K

N T R S ) B, AR SRR T AN BT AR A Y 2%
f] anchor-free %% SiamDCG (deep cross guidance
Siamese network). 9 T 18/ AL ) 248, FF H AR
CPU B A 4f, 14 H MobileNetV3-small'*E Ny
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excite, NL R7m i H AR LRS-, 3X B HS AR h-
swish, RE %75 ReLU, NBN /R4 BN JH— b # 1k,
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ZOPKAH N 1B 2, W /NI ER, XA T E
AL 2.
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4 28°x24 Bneck, 3x3 88 24 — RE 1
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7 1440 Bneck, 5%5 240 40 V HS 1
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13 796 Conv2d, 1x1 — 576 N HS 1
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SECHR [301/8 K, FAVEM L T — A5 2K-
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IoU (C-IoU) k&7 2 5emE. IEANRTSCHT IR 21, 1hP 4
5 23T FRE IR 3 AR T AN R — AN TE AR, 173X A AT X
Ty 53 3N & WA 17 353 UW, BRI, 24T
] 10 5 A7 J5T B 5 P e, 4 I E TR0 A 23 A 1] v
A A o AT LU R0, TR 4 8 At 5 H AR 2 LU ),
R BER G3 A  BU B 3H AR A B 5 Aot B
7, SCHRARN T 98t 5 <30 2 @ 13 71 5 Top-k+mean
EARR), a2 (10) Fros. BRSOk 75 b 1ok 5 AL i
Joi By A B 0 IR, B AAE H R A I AU AT T
— € BRI
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Horr, BUARIAR 4 20 &, X B, A, B
AR B AL AL bY, Bl BB B A e 19 =
[1° (30), 1 (1), -+ I ()], w € {L, 1,7, b}, Frp F € RAK+D
T F ARG HFE, Concar(-) fC M IE E#E, Topk(-)
B AR B4 A5 1 Top-k1H, mean(-) XK JLAS Top-k 1]
HIH.

PRI AR SCAE SR PRI RN 1 3 AT i 3 1) — 7328
FiE (distribution-guided binary classification module,
DGBCM), F T4 [al A HE 73 3 27 > B 1) — e o A 1 1 5t
THE BRI 2 70287 SCrh, Bk &l 2 H1i) DGBCM
PR, o TERER T & 0 KR AP s s/ S5, BT
R XA T — N L AR IF s ), PR A S
rh OR AR TS 5 DX PR RRAAE ) B3 1 AN T ) P AE A
A, MR T-58 2 TIE T 5, A< K2 R 0 A5 1, 5
& ) ] 5 0 3K T, SR T % B0 N A 3fe o> A
i, KRR IR R R A, $id 7 2810 5. DGBCM
FIgE RN (11) Fros:

clscaou = Clsforeground Q@ (W26 (W1 F) (11)

Ho, Pt st (10) FERRISETHRFAE, Wi, Wa i1
MBI, Wi e RPAED W,y € RXP |k j Top-k 1S4,

ARG E HEE R (FEAR Sk =4, p = 64). LA
Mo 37483 ReLU F Sigmoid, clsforeground f7E S5 K
Gy SCHER 2 38E (T B0 A0 5t AR ), clscatou
A Classification-loU [ 7 Jii S RLA 70 IR 45 3.

S 1) C-loU 1932853 3C i EREAM I ZRER 1 R
Z 59115k, RIARAESSAT8 16 1) R, ARS8 SRR [30]
{1 T quality focal loss (QFL) k85 C-IoU 43359 ¢
I Z:

Ly = ~ [yl (1= log(1-y,) +3log(y,)) (12)
oo, Bl — NS, ASCRI 2.0, SR EGALE I

739 GT W2, y, BB B I TR,
)5, SiamDCG 45 5% pR E Bl Sy

L= Lga+ A1 Lciou + A2Lan (13)

Hr, 4y Ml S5, A, =025, 1, =3.0.

4 TR
4.1 SKIGHRTS

SHR A AL S Python WAy 3.8.17
Al PyTorch 2.0.1 #EZESEHL, 7E Windows 10 #5:1E R4t
L, /4 CPU 254 13th Gen Intel(R) Core™ i9-
13900K, GPU Ay GeForce RTX 4090 317 SE5, 4411
search K/NA 255%255%3 (%, 1, IHIE£), template [
KANN127x127%3 (58, &, WIEH), BAEMEILE
backbone #8747, WIFTSC TR FH #8711 MobileNetV3-
small 5, 5 H A H SCHR [13]19 45 H I T 2 st
TN,

SiamDCG FrH EI I 2R A i i) b F SCaE
i (COCO)PY, ImageNet DETP, ImageNet #14 H
FREE I (VID)P?, Y ouTube-BBP?), 2019 4 ) K i A 5
bR BRI e I e R 4R (LaSOT)P I Y H AR R
BRI EBE S (GOT-10k)™, —3LiIIZ: T 50 4> epochs,
AT 5 A~ epochs 2> F M 0.001 7] 0.005, 2 J5 1)
45 /> epochs i F M\ 0.005 ZE 9k 2] 0.000 5, 15 FH BE AL
FE T BEENIZRM 25, Zh & E v 0.9, ALE N 0.005,
TEHT 10 4> epochs %45 backbone IS H, 7 HAEZ J5
i1 40 > epochs F % backbone, 317 #AA S HI 25,
JIr i th 1) X % 1 5o Do 380 o 1) 5 g4 T I 2R 1. A
A AR RIS S 26 LI 4 B,
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PEAG AT DASSIE SR B e 8 fo B LI 2 o R 2% A T IR R
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DTB70: DTB70" f04& 70 A~/ & (1112 3137 5 75 %
et ELAT BRSP4 T AU IR 5. BE5 AR 4T M VP Ak
WATIRER S &, 25 R WK 4 fioR, 7T LLE BIA
i F& Success & J& Precision SiamDCG #HUE T
SOTA KRN, AL antt, FHXTT 28 2 4/ TCTrack,
SiamDCG 7E Success J7 405G 1.9%, TE Precision J7 T
A5 1.3%.

UAV123_10fps: UAV123_10fps”*MH /& iy 123 4
KA 5 ¥4 B, AR & UAV 123 10fps KA i
Bl AR, AR R, D RN T ER R K
{ER NG SERR UAV AT R 5, WK 4 ] DUE
W, 5 HAB PR ER 8 A L SiamDCG H AT ¥ 4T (1 & # 1k,
A TE Success i&F& Preicision J7 H &R T 55 2 4
TCTrack.

WA T8 4 A rh BR B 3 B, IE 0 S SC R T T R
F1, T ANURER TAE RS RE— 20 i T BRER 1) 5
JE, R — e PusiE B, I HEER, A AT LA

6

B SIS 6 AR AL SR L. Wil 5 BT, SiamDCG 5
HoAth BRER A8 AR T LA B P 1 24 T B i, 7
T R A2 2l (fast motion, FM), 14 #F% (low reso-
lution, LR), FHEA#14A& T4 (similar object, SO), HAHEAE
A (illumination variation, IV) ZEixX 8875 AN AL L) HE
ERERHI 5, Al LUE 3] SiamDCG #HUS 7 SOTA 1)
RI.AE/FEERE, /£ IV BLE SO kb, Siam-
DCG &8t T 5 2 4 1) TCTrack, TCTrack BT 784
R T AER 1 T 38021 Ji it (4 17 545 S50 AT A8 45 R I 2%
FA — 52 (B (R X T 1 FHE [ a3 2 S R
T Dirac 6 734w, XS T AR 5, 01V, B
SR G WA BAE — B RE B B oRAR 11X L8384k 45 R 1Y)
w72, AH AR LLIRAN H AR 1E PR ER L R b i AR A BT 45
KHME R, AT SO, A3 5| A DGBCM @it 1]
IFHE R 3 At — B4R 00 3K, Fem 1 o R 5,
IEREHT AR 5, SiamDCG 51 H AL H.
UAVTrack112_L: Ry T 5 uE A SCHE H () PR R 28 1
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