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High-speed tracking algorithm based on negative example mining and
feature fusion

LI Hong-jin', PENG Li'»*f

(1. Engineering Research Center of Internet of Things Technology Applications of Ministry of Education, Jiangnan
University, Wuxi 214122, China; 2. Internet of Things Application Technology Key Construction Laboratory, Wuxi
Taihu College, Wuxi 214064, China)

Abstract: With the wide application of object tracking technology in a variety of vision tasks, the real-time requirements
for tracking algorithms are becoming increasingly important. Although the fully-convolutional siamese network algorithm
for object tracking (SiamFC) is ideal in tracking speed, it is prone to tracking drift when dealing with complex tracking
environment. In order to simultaneously improve the tracking accuracy and speed, a high-speed tracking algorithm based
on negative example mining and feature fusion is proposed. Firstly, the improved lightweight network ShuffieNetV?2 with
the added crop layer is used for feature extraction, which can learn deeper features without adding extra parameters and
calculations. Then, different types of negative example pairs are introduced in the offline training phase to strengthen
the learning of semantic information, aiming at improving the feature discrimination ability of the model. Finally, a
multi-scale feature fusion strategy is adopted, which makes full use of shallow and deep features to obtain a higher quality
response map and greatly improve tracking accuracy. The experiment results of OTB100 and VOT2018 datasets show
that the proposed algorithm significantly outperforms the benchmark algorithm SiamFC in various indicators, yielding
8.3 % gain in the OTB100 dataset and 7.9 % gain in the VOT2018 dataset. At the same time, the proposed tracker can
perform 114FPS under NIVIDA GTX 1070.

Keywords: object tracking; siamese network; negative example mining; feature fusion; lightweight network
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(1] /% 4% CIResNet 22 $& HURFAE, {H A2, BT #& H VR E 2K
ik ShuffleNet ) ZE Al FAff H 2 REERHIERL &, 153 1
e Jo P o 7 ], AT USCER 1 B s ) R A R

RN T ASCEIES HAh b EETE 11 A
HE S PE T (O FE BRE B2 AAL, IR SRR TE 2 TP R T 1 3¢
AR, 4R, BT H SRV 7R A Z VA i A v 38 A T 45k
H AT 7 BE BRE FEFR AR T, AR SCEVEAE IR I8 B
B PRENAE PN FS « BT DA K SR A 6 1
PR HE J& P R A2 81 56 1 78 ROBE AR A0 AT TR A8 2 T I A
PR R I A JCHAE PR ENVEBRAR T, A SCRVE R 3R
BORG FEAE =11k 0.842, B3 2 4430 4 Fo. AH LL T8
FH IR 7772 (1) CREST SUVE A HEAT 25 46 11 45, FI
PR 3T A R IR AN 2R B O B =, AR S By
I AEYIZRB B I A [R) T 28 SR AR AN I 5 1 A Y
2 >, (R B 3 G T E 2 )11 % S BT RS AR RE B K ) i)
Ha— MR REE].

#*1 SHIREFROTBIO0 LA BEEMEM THESEEE

algorithm v N occC DEF MB FM IPR OPR oV BC LR
ours 0.819 0.833 0.816 0.794 0.857 0.842 0.846 0.857 0.787 0.840 0.900
SiamRPN 0.864 0.841 0.785 0.830 0.821 0.793 0.859 0.855 0.728 0.803 0.982
CIResNet22-FC 0.795 0.818 0.800 0.765 0.841 0.808 0.823 0.830 0.780 0.762 0.902
CREST 0.876 0.786 0.786 0.776 0.813 0.792 0.853 0.842 0.734 0.829 0.866
DCFNet 0.752 0.758 0.778 0.730 0.715 0.745 0.783 0.764 0.697 0.734 0.832
SiamTri 0.746 0.748 0.726 0.680 0.727 0.763 0.774 0.763 0.723 0.715 0.900
CFNet 0.707 0.730 0.701 0.713 0.679 0.704 0.785 0.759 0.601 0.755 0.893
SiamFC 0.736 0.735 0.722 0.690 0.705 0.743 0.742 0.756 0.669 0.690 0.900

3.3 ETFVOT2018 L4

ik — D UG UE B B PR IR AR 1 1 B, 5 B E 4R
VOT2018 |- 347 IR, VOT %4 4 1.5 60 LA AL5 7
H, AR SeRARL ., @8 RF e B &
FEMLAZ B 3 5 I R A J& 4, ) 135 28 B 2B (expect
average overlap rate, EAO) #E#ffi % (accuracy, A). & ¥
4 (robustness, R) = Tl 5 F >k 17 & IR 7 % 10 14 5E. AH
BT OTB100 f FIFEAHE R AR € ER I H 45, VOT2018
A5 P ) 2 i B R T ME, AT PR B e 2 T 2. R AR S
%% 5 LWDNTthil'®',  CSRDCF!"!, DCFCF!8!,
DSiam!?”', SiamFC. DCFNet P\ & DensSiam?!! 574

HEAT X B, g6 45 3 L3 2.
=2 STERAVOT2018 FHIXTELLER

algorithm A R EAO FPS
ours 0.525 0.412 0.266 114
LWDNTthi 0.462 0.332 0.261 60
CSRDCF 0.491 0.356 0.256 13
DCFCF 0.485 0.342 0.247 —
DSiam 0.512 0.654 0.196 45
SiamFC 0.503 0.585 0.187 90
DCFNet 0.470 0.543 0.182 60
DensDiam 0.462 0.688 0.174 60
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2w, i R R SR AR S Y W BE S (BEAO)
HHE B 3 (A) 8 br B 3 BB 1, A 3¢ T 3 o 5 9
SiamFC, 3 T 5 b5 # A K Mg B2 $2 F+. LWDNTthi £ H
4% 5 7 W 2% ThiNet!??! & #t SiamFC 178 T M 4%,
FEE 45 21 K B2 T, 200 B8 0 A2 SN, (H I AR
AN Je T4 B 8. DensSiam [F] RE 2 B 4 T4 A
DenseNet!?31, 17 BT # H 579548 H %2 & 2% ShuffleNet, B
£ T v RS FEE 1 [R] Bt 2 T SR M, A BT P R AR
£, EAO 73 B TF T 0.5 % £19.2 %. CSRDCF #.3: 3&
FAH S BE P T v, 51 ON S (A 1 B S SE B AR B
i, R TR B M FE AR B AT R B8 L AR AR SC RN
F5E 5 TH 3 2 WS P — 4. %o b [R5 22 )2 9 P R AE
fili & (1) DSiam 5803, A8 SCRE N H 2 RBERFIE R & 57
W&, 7S M VEFR bR B 24 % W3R TH, H A& F &Rk
JE.

2 H AR ER R AR AL W] LAZE e 30 M 1] (1 BR R
&b 5L R IA 21 30 FPS I, i 58 16 FR B 9 A2 SE I
BR. PRI R 22k 2 2R 1A T R R i, T AN
AR UL L i, DU 20036 2 R 0 R A 400 FEL 22 /D 2 24 5K
B BT AU R SVL BE S 1E s PO AL EE 305K I A, sk A
i X AR AT S B A BT T AN S B 1) R R

AJ A 114 FPS, iz 48 SE i PE R, 48 b, AT 3 i BR iE %
A0 e TR I v B 20 RS2, 7 22 o DR i g 1 R o
et H A AL, BA BRI K T 5.

K6 R T LR EIETE VOT2018 i 4 i —
L6 7 51 PR R I TR AR A SR B 1 A fish2 R AL
S H AR RE By A IR HAZTE R 2L,
1£ 25 27 Wil SiamFC 5 DensSiam H = # O IR £ H
&, CSRDCF B4R 1 DLER _E H A, (H AN i 72 1)
T K, BIAEAE 56 239 il Fr A vk a3k L H
i () A7 00, AR STV TN ) R T A 5 L S AR v
FEAE B3 40T, 3R B AR SCER BR A8 X0 T H bw 0 1
B8 B £, 55 2 > motocross 1 /7 41 H, 12 3)) 71 /£ 25
BEAT PR B0 5% 38 5, G 30— e R PR ASM, 2 5
85 i i CSRDCF A DensSiam 5. 3 T () 45 F HE #1
LT A [F) R FE BRI A%, T T 38 H B2k 4R vl DA
B 5, FEXT T SiamPFC [ 700 I 45 3R 0 58 g8 vt A
5534 soldier P HIH, - WM R @ H, Bk 2 5
B S AHALER 5 0 H R 6, 7R 56 46 i SiamFC
DensSiam 532 1) 0l 45 SR #6001 B w2, 5
I Z7E b A 2 JE TR B 74 Wit Hh, 4 T B9 0 05 A vf i
HEAE H bk, CSRDCF 5y L 2 5 Mok J 4 Al

(b) motocross1

e

(d) Dbasketball

L

ours

Ground Truth

SiamFC

CSRDCF

DensSiam

B 6 VOT2018#iEE F—LFFIRIRERLE R
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i S AT AR SRR A0 R I Bk 2561

H R, B 1 28137, RA A SCERER 28 i B E B r,
HoAR 3PP RLE I T ME A 8% 22 8l D i () 4 R . B JE
— ™ basketball /5> 51| 1,38 3l i3 7E 3 b 4T BRFEAT P
12 5)), DensSiam 5772 7F £ 36 i - (1 UM AE 48 7™ 5
i 95 B 758 299 it b 58 4K H AR RS R TN N B 2
AR RV ERAC () TP Bk A AN 2 A R AR SCRE A
CSRDCF 532 i % O HE A H ER(E H A%, SiamFC &
IRV A IR A 2 TOIIAE # /), 5 1 S g8 AR AE —
€ 22 PR, B AE — 2 I IR R 32 T, B e SRR
RE % U B bR, M T o Adoor b B, 58 AR RS THE 1Y
H AR ERER.
34 HRMRSREESN

T SRR AR SRR P AR H 8 3 R U SRS
R, 75 OTB100 54 £ I &1 Xt 5 25 4 J& (precision)«
H S )3 (AUC) PA S I JE (FPS) = T 48 br 2k AT V8
AT 7. 5 FEHE S SiamPC [ % He 4 5 L3R 3.

®3 AXEESEMEBILERSE

algorithm precision AUC FPS

ShuffleNetV2-+Negative example-+Fusion 0.854 0.641 114

ShuffleNetV2-+Fusion 0.831 0.632 114
ShuffleNetV2+Negative example 0.842  0.628 134
ShuffleNetV2 0.827  0.621 135

SiamFC 0.771  0.582 90

4 SiamFC & T W 4% # #1445 5 2% ShuffleNetV2
J&, AUC $8 475 H1 58.2 %0 42 T+ 21 62.1 o, [F] I 32 FZ .15
PR E . 7R LRI b UIZRI BEBI N PR AT, 51
MR B A S, T B R B FR AR U4 i
3RT 1.5 % F10.4 % 36 25, 75 8 S s D R 7 T+ T
0.7 % A1 1.1 %. M B FE FF, IO ARYZHE LT %
A G NEAM RS ED w5 R T AS/IN RS FE R 5. 1 7E
FABICR: FH b2 SRS S5, FR T Rl e AR RO R o
I Se R BT B, (R SRS FE AR AR T . 4%,
W3 R SRS AR RN A SCRTHE H I B9, TR BE B R
AR T 8.3 % (HE T H 1A $ 114 FPS, i 2 1
SERFPEE R,

AR SC PR A BR R AR B T 3R R 1RORS A
IS I 1, DR b, 4 282 06 AR SCARVE ) iR AR FE AT VT
. K 4R T HIUEF L SiamFCERA K/ ET
W 2% 2 4 e DA S v B R 3 5 THI R 6) b & R A K
/N R T8 VAR FE P 2% 1 54 B A AR RS 7 2 o5 I
FEAi 25 18], S50 AT B8 40 ) 48 R B I 28 vh e 2
TCHIAN L KBRS I3 — 140 2 ik A ek 5 |
R R4 AR SCENE RIS K/ A SiamPFC 1Y

43 2 —ANF, & HA-Siam VGG [ty 2 — A 3], i
SiamFC [ £ F M & K S E At E E H S A HE
AL 5 %, HA-Siam VGG U 5 £ 1X 6 IE 1 A BR
EE s BT M4 (R BRI T TR TR
.

x4 SMREXNMN HEERSHELER

BOW MO KB BEE/M R M
ours 2234 0.543578 80.676
SiamFC 9140 2.33632 460.173
HA-SiamVGG 30394 7.77197 2813.9
4 & B

ARCHE T — P T SRR ARIZ 48 A 2 RBERHE
il P 28 A X 6% v o BRI B I VR T S
i3t J5 1) ShuffleNetV2 1F 3 - ) 4% $ BB I8 2 IR 1)
REAE; SR J5 76 U 2R B B 3 5k B A [F) 5 AN 18] Al 2 11
BURE AT, S5 KA A7, G 5 7SR PR R AR 4 1) e
1 505 5N 2 R RFAE A SRS, $2 5 1 e 28 o
W . K BT 42 ) B0 /E OTB100 #11 VOT2018 24
PR BT 7SI, A A5 R ISR TR EEAH T
At Sy FL A o 11 BR R P R
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