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Single Target Tracking for UAV Based on Deep Learning

XIE Zhi-feng,ZHOU Nuo,LIANG Jun "
(School of Software , South China Normal University , Foshan 528225, China)

Abstract; Unmanned aerial vehicle ( UAV ) single target tracking refers to real — time processing of videos captured during UAV
movement, accurately and stably tracking a moving target. UAV single target tracking is greatly affected by the environment, with issues
such as changes in lighting, background interference, target occlusion, and interference from similar targets, resulting in the need for
further improvement in tracking accuracy. We focus on these issues and creatively optimize the SiamRPN++ model and loss function.
The main research contributions are as follows:in terms of network backbone, we introduce the attention mechanism network structure
SENet and combine it with the original ResNet50 model to form Se_ResNet50,improving the accuracy and effectiveness of singles target
tracking. In terms of loss function, we use Balanced L1 Loss to enhance the key regression gradients and achieve a more balanced training
in classification, overall localization,and precise localization. Based on the structure of SiamRPN++, we optimize the Backbone and Loss
functions. Experiments were conducted using the ILSVRC2013 and ILSVRC2014 DET datasets for training and VOT2018 and OTB100
as test datasets to verify training accuracy. Ultimately ,tracking accuracy was improved to a certain extent compared to the original.
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(@ResNet50 & Weight_L1_Loss 0.415 1.545 330.0 0.098
(5®MobileNetV2 & Weight_L1_Loss 0.303 1.124 240.0 0.093
(®ResNet101 & Weight_L1_Loss 0.346 1.559 333.0 0.079
(DResNet152 & Weight_L1_Loss 0.332 1.803 385.0 0.074

% 6 SE_ResNet40,SE_ResNetl01,SE_ResNet152,
ResNet50 , MobileNetV2 ,ResNet101 F=
ResNet152 # OTB st 4E 4 R

Backbone & Loss Success Precision

(DSE_ResNet50 & Balanced_L1_Loss 0.345 0.485
(QSE_ResNet101 & Balanced_L1_Loss 0.236 0.371
(3)SE_ResNetl52 & Balanced_L1_Loss  0.235 0.369
(@ResNet50 & Weight_L1_Loss 0.331 0.470
(3MobileNetV2 & Weight_L1_Loss 0.205 0.318
(G)ResNet101 & Weight_L1_Loss 0.190 0.257
(DResNet152 & Weight_L1_Loss 0.185 0.283

T S A s YRR 265 RS JRE Kok R R P E ) S
M5 @), ©FN Q@ AT A5 0N TR S A A Y Y 1 2%

TREEXT B 520 . EAPLAL Loss BRI AT HE T, i
BN ResNet ZEIREE I AN BRI FHARAUEBE . 7E4%
s br oy, A B R BE. X ResNet50,
ResNet101 f) EAO 645 FF T 19.39% ,ResNet152 H
EAO #6845 FFET 24.49% . ULHH TR 48 VR B TG 1%
PRIERIERE, RS D, DR, Loss LN
Balanced L1 Loss, 0] LI AN [] ) 2% TR J3 X 44 At
RIR SR, 7616 ] SE_ResNet101 1 SE_ResNet152
M5 5 5 SE_ResNet50 8 L, P 7£ Accuracy
TEHRER TR T 15. 54% ; {F Robustness ¥ & B Tt ;
7 Lost Number J7 0 # [+ T 2/ 18.37% ; £ EAO
1, SE_ResNet101 1 SE_ResNet152 8 tr4H[E], #
FET 22.90% , I 3R H 4l 2 B 8 35 im0 2% R B )
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VOT £ T PFAl 5 A5 24 A FEAIK, 7€ Accuracy 1 EAO J5
T FEARICEE, X 6 %l , OTB PFAl ¥ di th =R 7
BN 44 BE 5 Success #11 Precision 5§15 345 #58 K F
FERFAR . BRI, SiamRPN ++ & Al 45 7 v 5% it SE- 42
AR ) B — s BREE

X He IR A FR ) ResNet50 & Weight_L1_Loss, fifi
A Balanced L1 Loss 1Y SE _ ResNetl01 #l1 SE _
ResNetl52 7 Accuracy 4 1 B & T %, H & 7
Robustness A7 B R4 T+, 3 EAO 5 J5UA B AH LY 22 #E
BN, Mi#E SE_ResNet50 H1BE T Accuracy J7 i T [,
HAbAA B BT, Bmxf e s hr@mGE, @
@, BEUEAE{L 4L Backbone F Loss J& A B W32 7},
Horp i B F 2 A 19 2 SE_ResNet50 & Balanced L1
Loss, 7E#< 6 H1,SE_ResNet50 & Balanced L1 Loss [
LA, % H JF A &Y ResNet50 & Weight_L1_Loss,
Success F Precision 73 H4E 5 T 4.23% M 3.19% . %
TR, fi ik SE_ResNet50 & Balanced L1 Loss Jii ()
SB_SiamRPN+-+ 15 B €5 H 1 MUK i 12 75 180 8 A7 A [ 7
FERER

e L IRA R SE 264, 285 10 ~20 Yk AR
45 )5 ,SB_SiamRPN++5 SiamCar, SiamFC £l SiamRPN
++[if3 219 VOT,OTB $ia 45 R sk 7 % 8 s,

%7 SB_SiamRPN++, SiamCar, SiamFC #=

SiamRPN++#) VOT ;L7 4E 4 R

Network Accuracy  Robustness Lost Number EAO
(DSB_SiamRPN++  0.399 0.918 196.0 0.131
@SiamCar 0.471 1.793 383.0 0.095
(3SiamFC 0.451 0.965 206.0 0.133
@SiamRPN++ 0.415 1.545 330.0 0.098

% 8 SB_SiamRPN++, SiamCar, SiamFC #=
SiamRPN++#7 OTB ML+ RfE 4 R

Network Success Precision
(DSB_SiamRPN++ 0.345 0.485
@SiamCar 0.338 0.482
®SiamFC 0.455 0.614
@)SiamRPN++ 0.331 0.470

T 7 W, Accuracy J5 T SiamCar # 5, SB _
SiamRPN++5 1%, #7122 0. 072 ; £ Robustness /7' 1, SB_
SiamRPN++# Ik, SiamCar i /5, #H# F SiamRPN++,
SB_SiamRPN++ %1 T 40. 58% , %4#i 5 SiamFC AHiT ;
TE Loss Number J7 Tfi, 55 Robustness 25 {81, SB _
SiamRPN++ fH# T SiamRPN + + £ &5 T 40. 61% ; 1F
EAO J71f , SiamFC 5 SB_SiamRPN ++ 52 56 %5 4 AH it
P B AR R T b S LA P A58

£ 8 1, Success Fl1 Precision J7 1] SiamFC A9 %%

a2t WA A, SB_SiamRPN ++7£ OTB 1 3 A 5 8 4
B EAXT T SiamRPN + + 45 AT A 45 R L 19 3
Ft, H5 SiamCar fY 52 5 8 AT

NI AR S B0 K g 2 I T SB_SiamRPN ++ 5 2%
YRR AT T SiamRPN++43 % KT, 5 SiamCar
JT S PR R AL, SiamFC F VB 1 R0 500 4 £ e
SB_SiamRPN++# &, SB_SiamRPN++ ) Robustness $&
Fr b, X F SiamFC L JE A 5L 3, BIkkAH
SiamFC 2: 1. SB_SiamRPN ++45 % ¥ 47, SB_SiamRPN
+4%F L HAB P S AR

4 ZRiE

H T, TEAMUAE AR Tz N, Jf B2
HARIRER R R A 52 OCTE . TEAT 55 U B R0 42 2 4 40T
TE BRI €, 15 B A BRI T8 A AN B el i vl A
TG i A BN 2K 5 B PR HE AT 55 5 3 S8 o e AT
% IO SiamRPN++ 534 64T T BCmiiL, %
4E H 7E Backbone Fll Loss PR& 7 1A, BUAS T W 28 1 2
PERE S . AHXTT SiamRPN++ 531k | 76 {5 457 A 2 FE AR
BRI OLR, FEAR TR 2235, IF | TR B 1
Bk

RS — i i B ARiB R EE A L A Y
HERR WS AT A 2, (H X 2238 BRI VA B R 5E 7 e K 0 &2
A%, REAET AL FAGRNREFAY N H . 1) SiamRPN %
A B ELAT A I S IR R R R R A TR AR
SRR R A X AR AT el A R A S

S TR AT A

(1) Backbone . fii i SENet 5 ResNet fil &, ik T
BRI F 0, SR T S PORG A R A S0 45 S T
. SENet Y Sigmoid £l Scale #EA/EMH KMk T =
i, SE_ResNet50 W48 BA H Z A4k, 815
T A B 52 2 AE OGPk A ] 42 Tt il T ResNet50
P X D0 o, DR 28 TR B TR | HLANAF A6 B T 2 R,

(2)Loss . fii il Balanced L1 Loss, g 58 f- #4271 [
VAR RE 27 > S A7, 42 1 IR AT 55 A
HERE

TEAR R AT LAAR S22 i b g

(1) FEEE A5 0, AT AR 30 R T 22 1 4 s 4
. ILSVRC2018 i ILSVRC2019, MS COCO % ## 4
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Yk,

(2) 1£ Backbone J7 Ifi, it BE ¥ ResNet T & A
ResNeXt, A 472 T3 68 ), 5 28 el i) TAE i
DA K DG e 368 8 5 5 45 T S 80 b A 0 TR A s i) 2SR
(A5
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