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Efficient Tracking for UAVs Based on Siamese Network

WANG Jian-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 ¢ 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 aefial 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; ligﬁtweight network; Siamese network; unmanned aerial vehicle (UAV)
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9 14°x40 Bneck, 5x5 144 48 v HS 1
10 14°x40 Bneck, 5x5 288 9%  HS 2
11 7°x96 Bneck, 5x5 576 96  HS 1
12 7°%96 Bneck, 5%5 576 9% Y HS 1
13 7°x96 Conv2d, 1x1 — 576 N HS 1
14 7°x576 Pool, 7x7 — - — — 1
15 I’x576 Conv2d, IxI,NBN  — 1280 — HS 1
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XA G ATAE. T B T30 S 22 SR AE IEAE AR, [
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HEUH
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Horb, b, b 43 5l 7R TR AE B AT H A5 HE BE ) 0 A5,
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/N EH A box HIXT MZAKE, a1 Lu o] R4, vag H
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ZCHR[301E &, FATAEM 2% A 7 — AN 432K
5] Y I A5 SRR R 1) 23 S S, AR SCHR 2 A Classification-
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¢ ) 30 FERE R 3 A5 10 AU — AN AR, T X A7 Ak
TR 53 3N & WA 18 32 U, BRI, 24T
] 10 5 A7 J5T B 5 P e, 4% I E TR0 A 53 A 1] v
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78, SCERAF T TR 5 “yiﬂ”%ﬁi}‘ii‘l‘ﬁ Top-k+mean
{4 B0, 2 (LO) . TR SR Fh 5 0 s 5 i
JoR 2 3 A B 3 FORN, B 24 HE ARG T AR S T
—E W)

F = Concat (Topk(I*) ,mean (Topk(I*))) (10)

Horr, BUEARIEAR 4 AW &, X B ¥, A, B
AR L AL b)Y, MolI KBS B A: 19 =
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RFFEA G HFE, Concar(-) QK MIE E R, Topk(-)
B AR B 445 1 Top-k1H, mean(-) 1R JLAS Top-k I
HIH.

PRI AR SCAE SR PRI A RN 1 3 At 4 3 1) — 7328

i (distribution-guided binary classification modules. |

DGBCM), Fi T4 [ THE 53 52 2 > B 19— e 4345 1195
V(3 B 50 45 24 30, B 2 Y DGBCM
P T 0T BRI o ) PV P BTSSR, T
5 XL T — AN A 1 T s 1), RS S
A S5 I SRR BB 1 S A T AR
A5, i T4 2 AT A, AR R R R T AG B i, %
8 3 [ R R TG 2 L, 46 B 58 1 0 48 e - 43 A
B, BB I 1 TR, 35854 2K 107 . DGBCM
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Gy SCH AR 2 38E (T B0 A0 5t AR ), clscatou
A Classification-loU [ 7 Jii S @A 70 IR 45 3.

FE ) C-loU 1532853 3C i EREA I ZRER 1 R
Z 59114, IAFESSAT- ) a8, A S0 SCHR[30]
{1 T quality focal loss (QFL) k85 C-IoU 43355 ¢
I Z:

L= 9=yl ((1-)log(1=yp) #5log(v,))  (12)
e, pR—AS RSB, A S0 B 2.0, SRFE AR

5326 GT hRGES v, R BAFA L B HITUIAR 5.
% 5, SiamDCG 451 2K pR £ B

L= Lga+ A1 Lciou + A2Lan (13)

Hr, 4y flp 2S5, A, =0.25, 1, =3.0.

4 FRAH
4.1 KIS

SO IR AL A Python WA 3.8.17
Al PyTorch 2.0.1 #EZESEHL, 7E Windows 10 #5:/E R4t
L, /4 CPU 254 13th Gen Intel(R) Core™ i9-
13900K, GPU A GeForce RTX 4090 HE{7 5256, PIZ% 1)
search K/NA 255%255%3 (5, /&, gﬁﬁ\éiﬁ), template ]
KANH 127x127%30(5E, i, iéfai%&), 28 A P 4%k
backbone #4% li SET ik {8 L £k B34 9 MobileNetV3-
small 25#1, 3 FLFF SCHRT 13174 44t A0 001 25 L o6 3
il

SiamDCG Jit 2 1 SR 861 Sk i) b F SCd
i (COCO)PY, ImageNet DETP?, ImageNet #L55 H
FRKE I (VID)P, YouTube-BBE*, 2019 4 f) A Hi A 2
L o R B T e R v B4 4 (LaSOT)P A8 F H A i
BRI UEROR £ (GOT-10k), —3L31%: 7 50 4> epoch,
AT 5 4> epoch 222 M 0.001 LT+ 0.005, 2 J5 1)
45 A~ epoch ff F M 0.005 ZE98F] 0.000 5, 18 FH BEALES
JE R FRE ISR 4, ZhE i BN 0.9, BLE ZEIEA 0.005,
TEHT 10 /> epoch %45 backbone IS4, It HAEZ )5
1 40 4~ epoch H 1% backbone, 317 B4R 2 H0i)I1 45,
JIT B Hh 1 9 248 )11 2 LA iy 380 s 1) 5 sREAT I . L
PRI RS 28 LI 4 Fos.
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4.2 5HMHRZERREFEEIILE
FEIX RS, A S0 SiamDCG ZE bR 23 b BRI
SEHE E 5 A T 19 MR EGURER S TR L.
UAVI123: UAVI23PM8 & 123 MEATA IR B
AR 5, BT 110000 W, 7T HFMAEN
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0 50k 100k 150k 200k 250k 300k 0 50k 100k 150k 200k 250k 300k
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Bl 4 UIZRan kil sioth 25 \

DTB70: DTB70"* f34% 70 4~/ & [1iE 537 S 45 %
T B A B T AU A AL 7 51, B 05 118 47 DA
RATEREE P S . 45 B E 4 Fros, ATLAE 3], A

& Success it /& Precision, SiamDCG #BHE 1% 15 |

SOTA R I, AL anitk, A5 2 4 K TCTrack,
SiamDCG 7E Success J7 [H 415G 1.9%, 1 Precision 77 1f
%% 1.3%. g !

UAV123_10fps: UAV123_10fpsP 2 i 123 4
KA 5 ¥ B, AL & UAV 123 10fps HIMA i
Bl AR, AR R, D RN T ERER K
{HR BRI SERR UAV KATHI3 5, WK 4 ] DUE
W, 5 HAR PR ER S A EE SiamDCG H AT ¥ 47 (& #e 1k,
ANETE Success I& 4/ Precision J7H #3128 2 4
TCTrack.

WA T8 4 A rh BR B 3 B, IE 0 S SC R T T R
F1, AN RER TAE RS RE— 20 i T BRER 1) 5
JE, R — e PusiE B, I HEER, A AT LA
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A 2R 8 1 L Ll A 1 26 1 T B b, 1
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FKUL. HABFEREMAZ, £ TV LUK SO 1Bk A+, Siam-
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