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Abstract: An improved LRECT tracking algorithm based on ECO (efficient convolution operators for tracking) is
proposed in this paper. Firstly, in order to enhance the extracted features for object recognition, a 32-convolution layers
LTRNet (linear two-step residual network) composed of LT (linear-two step) residual structures is designed as the features
extraction module of LRECT, and its shallow and deep features information are fused. Secondly, the projection matrix is
used to compress the high-dimensional features extracted by LTRNet, and the compressed features are interpolated, then
they are convoluted with the current filter to get the object location in the Fourier domain. Finally, filter and projection
matrix are updated by Gauss-Newton and conjugate gradient methods which are applied to solve the optimization problem,
and the optimization goal is the sum of response errors and penalties. The results of experiments on the OTB2015 dataset
show that the proposed algorithm can achieve robust tracking with a higher accuracy.
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UEAERBE AR L 2 AT R JE, BRI 2%
SEROKRIRRIE - I RE 51 T E N AN K2 E =2
DR B TR R 2 S I BRI 2 RO B v TR e AR
BB N T H bR R R R R B IR ). 20154,
VGGNet!?! [0 £ 17 (14 H HKE PR R SRV IR RS BE 52T 2
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1o 3 450 2 TSR B e B, T LUREANIR] 7 2 Ry
HER N IEDE 8. 20174F, Danelljans LAC-COT Ay%:fil,
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%—. )5, He 5556 T ECO $& H T HA MBS R B
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AR 22 ROBEAH S BB IR B 7 8, e i AL BRI
T ARURFAE ) 5 AR 2 45 SR TT T BR IR RS 2. 2018
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I PR A AR W 285 14T FRIER ) (unveiling the power of
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fe. BEAh, 7EVOT20181 O i IR ER AN A BBk,
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B R AT T, TP BOR, B R EUR R
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ZJ5, FEAR ek A B S BORFAIE S 2 A DR AR AT
EBPUEN . B, M R AL A
FERRE ISR SRARALAL E AT SEHTEIse SR AR R
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i s AR A S AT AR, ATHR BB R AR A M)
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Fig. 1 Schematics of residual structures
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KR PIIFTERL, 2 PIOETIIR; \AHACE 240 ey
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r(f,P)= ; Tm(f, P). s UL ERNEE, ASCEVELRECT 4 % T ECOH
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(SHFRNRADHBE(f, P) B & W 2w el 3R 1k
W

Ef,P(AvaP) =
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52 SLRWSHKE
1) MENESHEE: BSHEENRIFIR.

k1 BAKA

Table 1 Values of hyper-parameters

IR o MG
AL WAt S
90 BEHLESEE R 128
ik WETHSE  WEERET

0.01 0.9 0.0001

2) LRECTHR B HESHO B 8 H I ZR i (1)
LTRNet32{F A FHIEHE ISR, 15 B H AN B R/N
N224 x 224, % $Layer 2, Layer 3, Layer 4/F ~ #F
TEFRIZ, W B RHIE R 46 )5 4E50R8, 116, 32; {H H
FHIEAIER S £, BENLTT A IE AR B Py ot
T ik I AR, 1 v B A R AN L B R
BV ALIE R R B Non = 6, N = 15. LS
HERE N =6 ikl &, BNgn =1, Neg = 10. Iib
Qb A e 1) 7 BT LG A S E0 3 F SCHR (519 1)
WHE.

53 MRS LT

NIGAEEE2.27 FR 5] NILTHR 2 45/ F553.1.1
R B X 2 2 H A Rk, AR
e BTV 22 45 M) JE A LTRNet 5 1@ 1o #E B Basic
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Table 2 Error rates of convolution networks on CI-
FAR10 validation set

HEHE %5 HIRE/ %
M BOEJE ResNet  LTRNet
20 027 1221 1156
32 046 1097 1041
44 066 1063  9.88
56 085 1042 975
110 1.7 9.53 8.82
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517 % HEResNet™F #) 2211£0.7% 72 47; LTRNet56 )1,
P Al LLik EResNet1 107 70 A0 5. DL ESEEg 25 R
P, LTRNet /& —Fi4ResNetffl 5 5 EAEfE . 5
R PIERIN 258 AR, X ELLTRNetA [A] 541
FHEINGSEEME RS, KIS ERREN20
FI320F, R R RNIE 1 1.15%, 2 J5FEHE M4 =501
TR, BB TR R, 454 X 5 I+ 18
PRERFIRS 2500, A SCRVFERLTRNe32/E N RHIE S
HUASR.

5.4 LTRNet32M )| 2 5 AEE RS R o

A T F FILTRNet324 # H 2 4 B 5 R A1k e
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Table 3 Test results of different feature combinations

on OTB2015
AR & PREFHEIE % BRERIh R %
Layer 2+Layer 4 88.6 67.2
Layer 3+Layer 4 89.8 69.1
Layer 2+Layer 34Layer 4 92.1 69.8

P # 4% 1] A1, f# FHLTRNet325%F — 7k [ 5 ik
1750950}, B Softmax pREL ST H 1000/ M, Forh,
B RN A IR A U 2 58 I NE %2 (Top-1)482.0%,
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#0.3%. % _E ] H1, LTRNet32[f) 4 & MR T- VG-
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# 4 ImageNet¥#iE%E F Y iE 5%

Table 4 Accuracy rates of validation set on ImageNet

LI Top-1/%  Top-5/%

LTRNet32 82 94.5
VGG16 75.3 92.5

ResNet50 79.3 94.8
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Fig. 7 Comparative test results of the algorithms on OTB2015



512

WrASIESE: B LTRNetERFIEITECO H bRl koot

2609

I 7R] 501, A SCHEELRECTR4S 1 0.921 R
ERFEEEFN0.698 I i D)2, 1E 100 B R IR AN R B
U W oAt Bk 4 B H bR AT P AR A SR B AT 432K,
R SCREAR RS FE T A ELE, A3 B a1 ZR S FT R 1
LRECT F 43 s 45 5, R v, —ets
BT BAUFIE IR AL RE I TR ST LAFAE, BRiR
(A AR X 28 SR U SRR IE R AL B bk AR SCH
48 FILTRNet32 $2HU 1) H ARFFIE L {8 I ResNet 5018
[JUPDTH V% FR 5 K FE =1 170.8%, X A RE B T
LTRNet32/4 2% {145 25 76 BTl = 5 T, A5
A S T 7.1%, X AT RER S T 5
B MR AR, TR B &N H ARIRAS B Rk
TR, 3em 7 ERERR .

K8 FZECOB!, CFWCR!, UPDTPI &% A

HVLTEOTB201 5OV 45 42 (1 1 1R 1t b 147 I3k
3B BIRE R BEAT 20 R T 1 1 Je8 2 R A O 4 5
X LR [6]. HIE 8 A, AR LRECTAE
SV, LR, BC, DEF, OPRIX 54N & 1 b ¥t T HoAth 5
%, JCHAELR, BCIX P& ML A EE R FRECO
S ERTE T 10%F113% /47, {EDEFJE 4 L Lk UPDT
T T 3% A5, IX A REE T LTRNet32 % 2% 1) 5%
ZACEE T, DL HAR B AR R AR B s R AR RE ). [F)
i, 2 H07E OV iX— @M A SRR ECO P T
7% 2 4, X A& KA & T OV & M i B AR vk N
LTRNet32 $& A 21 H b5 S, fERRESE R, #%
SRR R PR B BT 2o 0t 5 SR R R AR R i i — e R L
1) 470 T 5200, ™ IS (42N H bR H LT IR AT
BORER RN

% 5 LRECTH A H H R 0945 2 8 2 5
Table 5 The improved accuracy percentages of LRECT compared with other algorithms

LRECTERESHE L H 7 Mt A

{ERESTF THHE {5 F VGGNetEFEHIE 1 FHResNetZ5:FRHIE
ECO-HC SRDCF ECO C-COT ECO-Deep CFWCR UPDT ATOM SiamRPN
[5] [19] [5] [4] [5] [7] [9] [20] [21]
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Fig. 8 Accuracy scores of algorithms on 11 attributes of the OTB2015
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Table 6 Average frame rate of 100 video sequences
BRERSES: P (FPS)
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