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WIZREE T B TE SREAS YNGR 28 XU T ) 5 AR T
SOIEAT XA AR B A i vk RE 7 2 R T T SR H
PR R EA S 23T,

TEALGE AR 0772 Hare LT Haar
REOE AT 0 AT 45 44 Ak B th A9 S 1) A AL (support
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R HE BRI ERE AN E &R
o Bk R

Vo =X W # v+ 0) (12)
Ao, vl v IR LR m AN TE R
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H R HARHE 1 S ¢ IS 200 HARDLE 1,

23 HEEHZII%

AN AR B ZN Gt B, TR
(7715 2 AR BE N 28 2 A, 2 2 kot R o
2 BBk AT .

1) KECAZ M I 2k

TERUAR A Mg/ NI 2R 80 E 46 | st fa] 5 371
KR T MR 2k R EUE LR

1 M T
L == 3, 2 Xlp(F =11 ,) - (13)
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B AR 2 B S 5UE

2) BRI R 2 B 2R

T SE00 AL 43 AU 4 TmageNet' 7! X 45 1
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i SGD Bk fe/ MUK BB, 15 B 5 FBUZE
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SRR 2527 ) R o oy M 1077 BRI YA B 22 U
W FH IE 2550 A5 BEHL R FERT LR AL , 33 0 B30 6 >R
FAHPIGRAL, CNN 242 R o BN 1074,
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SECF T (s,) < 0.5 B AT J 0T BRI 5 LAl 20 i
SEHURINEREE (f *(s,) > 0.5) B, W& =414 B bx
HE Ry s R B o0 A A2 B S MREAR v 5 o 4%
HIMEE SR = 0.7 MIEAEAR, HER < 0.3 Mkt
AR AL 3% 5 X CNN 42 3% 4% 12 S 80k 17
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S AN % B B AR 10 Wi 25250
EAT R 3%, 5 o P BT 100 M A pl 2l B i B Y H
BAE , $42 FR A 30 5w LR A A T ik A U REAR
P T R B ST 4 67 R A X 24 i B i T OT Ay, B
SEMEREAR , T 43 et 30 T ol R v 1 SRR AR S A
Wy B SRR AS SR . R R T B A 7E T AR
xRS B AR O LR R FU AR AL | HARERE & T
YIS EOR<T 2

FESH I RE o, 482 ) R R 107 ik
SRR S B, S I E R 0.9, AU SR N
5x107*, 5 =W RIR T AR SCIT VR AR L SE 0 ) R
BRSO LA RO S I 45 SR B 437

3 ZWERSHN

SEE T LU RS 528 . CPU 4 Intel (R) Core

(TM) i5-4590 @ 3.30G Hz, 16GB RAM, GPU &
Nvidia GTX1080Ti, #J7 T MATLAB V- & 5281, fiff
JT MatConvNet 4 FF 25> T HJE!S)
31 SRBHEE

AN 5 B PR 2K R T TrackingNet BR 85 £ 4
£ IR T 12 MU T4 WA T
HE R 50 Bel it e o1, #i B4 2 1 By Rl 43 Sl
SRR

M EFRER B 42 OTB100" #1115 Br HL
A2 M B9 80 ¥ 51 ( Basketball, Bolt, ClifBar,
FaceOccl, Human3 , Human9 , Ironman, Jump , Matrix ,
MotorRolling , MoutainBike , Skating2-2, Skiing, Tigerl ,
Woman ) FJHEXF L S 560 0 4 IZBUR SR L& T 2
A ERER B bR, JF IR 1 ERERAT 55 b B ARy
Z iz SRR RN [R] A9 BR 2R 37 5%, 9 n . D4 AR 1k
P Iz SO Ptz 3 5E, B 4 s T AU AR P
AR IR B
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WA SR A B R Tk 5 2 E A R SRR
() — 2Bk Jr ik AT g (CPF'Y  KCF™ | SRD-
CF'"  DeepSRDCF''" DX & CFNet'?' ), H ' CPF
J& FIF R T U8 1 B AR BRI RSB T
}3 100; KCF ,SRDCF DeepSRDCF 3 Fii J7 9% 44 Jy 5 T
FHOCUE I 7% 19 BR 557k ; CPF, KCF Al SRDCF fifi
TAEGEH HFREFAE , 11 DeepSRDCF , CFNet FIAS 37
PRI T BRI B ; Hod CFNet 1254 3k
XFHRAE A M) 28 ( siamese network ) 45 H 5 & % #5 F11
BRI,

AR I T VAL 6 FhAA e M 4 v 2
B PR R 2 B 5 S B IR o 55 T H R H bR
G ZAMERL, B B AR R R EE B | R
HE Bl T B EURBR | B AR TES: 32 ghad B rhoxt
H AR BRI HEY 6 IR RS Y R I H s 2
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v, 4 AL A3 SRR SRR B 1 B AR HE R E S Y
HFRHE o, Sy HFRHEH SR L HIR T 0.5 WAL K
TSI T R R S T R 1 A 2 R
AF AR 1) B SR B R
1) PRERSE RIS HT
MotorRolling ¥4 # &% 3] H 741 14 1) £ Fh iz 3y
B, B an . B bR p ez sl iEsE RS AR L R BE
FELARA L) R AR THGZ 2y 3 B I T ASOR , X B R
BRI . BS54 T 6 R AE iR B I
FRAM Y BRI 25 5 s A BR IR 25 5 SR AT LUK H . 75
95010 Wiy 30 Rk ORE TR OC UE Bk A% 09 Bk
( DeepSRDCF ,SRDCF , KCF ) FII3E k71 I8 i 2% 5592
(CPF) Fria h 3 B ARE IS Y LA X & B T
FRGERFEST RN B AR PR e e e = 6 1 1 20 78
B 5 — BeAsf ], H AR — B0 TP e R A 1
WEE (LB AR L, 7E5E 38 MR, [k 4 FpEATE
PR T E AR IR R TR B B
A B H AR E R, 5 EB0H bR Bk
ARG O AR T BbR; T CFNet ffH T8
R TRER A BB B AR £ (B IR &
AR, 5 120 MR, FARZe it JLBOIEs: 2 5,
CFNet 53 8™ 5 H AR RS 1 5 7 R = A
TR SO s, B 2= AR J5 2 2% H % ; CPF
VAR T SR PR ZU AT G T IR IR 42 5 i
A SCHE T R B b — BT H AR YRR
SE B LA ] B AR R B S BURE AN B AR 3l 25
FHE, e IR TR0 A B E AR i i 0T A5 8 A
T OB AR A B PR R A
Ve 5 — B AR Tronman 2 IR EF T 5 P E
AP Bz — e T O R F AR
b . B H AR PRS2l R e 45 52 A ) R B
JE T B 6 AR T 5 5% bS5 1) S0k A 2 B AR
ARG OCHE Fr B BRER SR, AT U Y - R
YRR E b NS , B bR RO 8/ IT HAL T AN
iz Zh RN =z [ i FEDG R 2 A fh 1 B
FNPIRE T A5 17 Wb ) A DG IR I 2% 1Y
SRDCF H.i: i1 T HARZEM s ZU i A2 Ak, FH I

a) 5101 b) 58 381 ©) 45 120f
5 MotorRolling #ILATI R 5 4% LR

c) 104 i

a)  HE 17
Pl 6 Tronman #0471 7 245 SR

b) 5 501

M HPREBAEN , CPF B3k T HARE SR ZAE L
W BT AHE 17 O 2255 50 il , B ARk 4
T Zeks  SRDCF F1 KCF B 45 2K T Hbrdt
B AR X S5k, B BT 25 o5 ORI AR — 2 B BUE
[ DeepSRDCF %8 Fl 5L Tk U 2% 1Y) CPF 5.
2,40 AN BARI TR MY B s, i 1
T T X PR e e RO I ZU AR fb ke = B e e AR
104 Wi EE, B T N9 A% 3k 3 4 H b5 8k 3 o5 3 £,
CFNet 535 I BLEERSARE D0 5 A SO A TE Bk B
HIR LR EEXT H PR A B BRESIR A IR B AR SO
PEA) O Wty S 1L R R BE U P S e WSl N R 2

2) LrEMEREST T

T Ay BT DA 5 B R R BOU L i AR
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BBz T 6 MEER IR ERMERERNZE | & 7 X H:
HEAT T R . AT LA 1 A BT HoA 5 Ry
21 ARSI R R ERE - 2R IR e/ JF HLAE iR 22
Mgk b IRZRIF R AR 22, 78 AR Jr MUAR |- 4R 45
T e BARHEE S 7Rl Ta) th, CFNet TEARFF T
— BRI 22 R IE , Bk b e ik, =
3 CFNet iR B, w2 kL Bin, B 7b) Hin
A T 3R R A A I Y A 0t SR B TR ] A0 S O
1 Tronman RS A HO IR 22 IR (DLIE 7¢) ) H,
9K DeepSRDCF J5 5 7E 110 Wi ff i — B B3/ Y

BREE, HX — BRI RGBS, Z G5 R 25
FREEBAN , B AN G5 A1 2 i3 T A0 SC BB I A% A0 ik
SRDCF \KCF [FIFE 2k T B ks 5 TR U8 I 2% 19
CPF BILRMBEAL T ik 3 oy ik (HARBEE Y H
PRI 2238 SIPIR A X 5P U R T R Rk 2k
JRZAR B = St T CFNet FIAR SO RS T
BAR PR 2ZZ A, FEF o i b, AR SOk R B T
CFNet; [FI#E B OUAE B SR M (WK 7d) ) 1153
T EMIIE,

= = = CFNet
~a—KCF

~+—Deep SRDCF
- CPF

H A HE B

i
b) Motor Rolling H AFtEE S 3
e LT R
SRDCF

= = = CFNet
~a—KCF

Deep SRDCF
- CPF

H AR HEH B3

0.4

30
i %
d) Ironman HAFHEEF R

K7 BREETEREMZ

e ATV = = = CFNet ~+—Deep SRDCF
SRDCF —a—KCF ——CPF
%
N
e
oK
=
=+
a) Motor Rolling H1.0i5 2%
e ARSI U = = = CFNet ~+—Deep SRDCF
SRDCF —=—KCF ——CPF
400
#&
&
=
1
o
s
I 200
0
ik
¢) Ironman BAFHEEZR
%1 MotorRolling EREZ 1 BE S 1T
- L T )
REMRE SR PRERR
B N7 7.034 0 0.669 4 0.850 2
CFNet 55.556 1 0.404 2 0.463 4
DeepSRDCF  200.846 2 0.095 6 0.073 2
SRDCF 247.054 3 0.093 1 0.073 2
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A Visual Object Tracking Algorithm Based on Dynamics
Pattern and Convolutional Feature

1,2 1,2 1,2
ZHANG Boyan *~, ZHONG Yong ~, LI Zhendong
(I.Chengdu Institute of Computer Applications, Chinese Academy of Sciences, Chengdu 610041, China;
2.University of Chinese Academy of Sciences, Beijing 100049, China

Abstract; Deep visual feature-based method has demonstrated impressive performance in visual tracking attributing
to its powerful capability of visual feature representation. However, in some complex environments such as dramatic
change of appearance, illumination variation and rotation, the extracted deep visual feature is insufficient for accu-
rately characterizing the target. To solve this problem, we present an integrated tracking framework which combines
a Long Short-Term Memory ( LSTM) network and a Convolutional Neural Network ( CNN). Firstly, the LSTM ex-
tracted dynamics feature of target on time sequence, resulting the state of target at present time step. With that
state, the accurate preprocessed bounding box was obtained. Then, deep convolutional feature of the target was ex-
tracted using a CNN, based on the processed bounding box. Finally, the position of the target was determined based
on the score of the feature. During tracking stage, in order to improve the adaptation of the network, the parameters
of the network were updated using samples of the target captured while successful tracking. The experiment shows
that the proposed method achieves outstanding tracking performance and robustness in cases of partial occlusion,

out-of-view, motion blur and fast motion.

Keywords: visual object tracking;convolutional neural network ;long short-term memory network
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