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Abstract The tracking algorithm always receives an inaccurate object position because of the poor robustness of the
features in the multi-domain network tracking ( MDNet) algorithm network model and the loss of the target
background information. In this study, we propose a multi-domain convolutional neural network visual tracking
algorithm based on the combined reconstructed features. This algorithm performs the deconvolution upsampling
operation on an advanced object feature to obtain reconstructed features containing the background information. This
advanced object feature is extracted using the end convolutional layer and is combined with the reconstructed
feature, which can enhance the robustness of the feature and effectively distinguish an object from the background,
thereby improving the object tracking accuracy in situations such as object occlusion, illumination change, and object
deformation. The proposed algorithm is tested using the OTB50 and VOT2015 tracking test sets. When compared
with the MDNet algorithm, the tracking accuracy and tracking success rate of the proposed algorithm are improved
by 1.53% and 2.03%, respectively.

Key words machine vision; target tracking; convolutional neural networks; reconstructed feature; feature
combination; deconvolution

OCIS codes 100.4999; 150.1135; 150.0155

LA . H ARG A Ak 3 14 A5 A8 52 BB A 1Y 5 1R
H e A S 01 B B AT L Ay A S S [ Y
RO B B R AR O SR R IR AN R T A R T B, R R

Wfm HE: 2019-03-22; 1B HHA: 2019-03-27; RABHI: 2019-04-19
HETH. BR AR %L (61673084) L T4 ARE %I 4 (20170540192)

" E-mail: chengshux@ foxmail.com

191501-1



Wt 5ot T o R

R L AT DLy Sk A R ) ) R 2

FE T A T R B A R B A X6 D R ot e g R
5 H AR IR AT HE R A5 2 A AR L PR A AR TE S S o
Hil S5 H AR e b VT C B BR R X 3. 3 T AR s
PR i T RORE ER R H RS AR B HEAT BT R AR
FAS 505 B I DUFE B 24 IR 80 57 T A A R e 2=
B B AN A ), G v L e 2 e ) A R A
A SCHR 14 A ASMS Bk, iz B k4R T —Fh
ST YHEER R F [ 8 B Akl R T S L
AL (BRW) AR A T REAR &7 1 . F 35 7 b B B2
H A% o A0 b 08 4 0 AR T 10 A9 38 1 M 45
22 A7 TERR A R 45 22 1 ) A,

530 S B AR T S ot v 4 A BR B E AR A Y
TR —A 3 254 A6 5 22 i v 3l i 43 2 4 0 o
B AR XIS 1 S B Tk . % 2R iR RE A R A
FHALAT 15 R84 {5 B, R PR Ay . STk 2]
P Struck SR UG 28 B I 2R B
PR T —Fh E 3E Y 3 T TR 2R 2T R ML 6
ZAF WAL (SVVD B 43 28 2% L 3 3 51 A B 2 ]
IR RN Y A N T R U N S N
Struck 9% 1 52 B M HC RS EXT B AR AR L
AE P 7 1] A DA ffe e, R fe M e 25 . SCRRO3 4R 3 Y
MOSSE 836 5 W Ad F 1 AH 8 0 1 7 % L 1% Tk
3B o AT PR R L AR e R R T s B, B
A ARG B SRR RICR  (HZ 5 HUR H PR T K
PIEAT LR , e 28 5 BURLE P H AR AR IE R 3R (5 B
JE . SCHRC4 4R T CSK 89k, i 8 e 41 X H AnAE
TS FURFIE TUAR I 1) 80, R FH A B0 6 I 1) 7 3k 16 A7
B SRR DR FE T ARLE 0 SR R PR R T K E
FRAE, HARfE B EK. A LR @R 2=, Sk
(5 14X CSK B3 K BE FRAE AR A J2 /9 [n) 8, R
£ 38 T8 77 1) B B 1.7 B (CHOG) FRAE 2% bR B & 1Y
Jik T KCF/DCF B3k % B kxR fk |
H A5 3 P A AR g 00 35 0 R (R0 H AR R AR 4k

(R385 I AR 0 25 . E I 32 3 A S 0 28 R O vk AR
A3 Ry 4R B0 AR R 2% (CNIND 38 iE 1 G At 4% 1 AH 25 &
P18 R K 108 T B 3 AR T B 6 LW 8% 43 28 T DN 1) B
P HoP TR B RRAE A AE G 08 0 B A L 1) Sk
[6]7F KCF/DCF %k i &L fill 42 1 9 C-COT 5&
2 SR S 0 R B B 28 46 R $E U CNIN
SFAE BT R AE R A 22, X AR Y B AR
R385 N AR B 2% 5 2) SCHRL7 J#E C-COT B3k iy S ik
BB E ECO Bk 1z 5 vk i R B A CNN,
HOG . CN FEAE (9 77 35 ok £ 55 F¢ 1E 3% 35 09 A3 &4l
AOREMSGERAE M ANHERZ —, TR
JE A FRUR) 45 3 S T00I0 7 32k 7 0 ) 2R B3 A - Sk [ 8 ]
T VGG-net ML H B MDNet Bk i B i5 2
BT B b 28 I 2 43 2 T AR 1) — A g 2k 2 2] A
TEL TR AHZ, G 1 22 1l 4G FRph 28 I 2% R B8 A 1 L 3%
BT OTBY 1 VOTU O I 4 - # £ S A
e, R ERETIRE S IR R A R
IR Z —.

) ) 25 B 3 1 I o 3 A A R B BT, B A R
FR) 1 35 IO P o A EC A7 A Y ) B o B R R AIE 4R RO 2
S E AR ER, SFEO R 2 . AR SCE
) 2 B3 v 3 3 A7 7 1) AR E e R R AS R Y ) R
£ MDNet (& fili I, 32 th —Fh 2% F A R AR B G
1) 22 345 BP0 I 26 0L i R B8R 4307k (RCNe)
2 RCNet Bk
2.1 MDNet &£ 9

MDNet Sk 4 1 — 4> iy 26 22 )2 Fn 4 i 42 )2
Y P 45 L I LA A — A B 50 0l — A R
B R Bk BN E AR T S e A AR
Kl 1% MDNet M2 25 & K, 7F MDNet 5.,
FEABE R o R v AR 08 SN UL AE 43 A 38 R AE A
FEE FRAE . 8 FHRRIE S 5 30T8 56 1 & 1 B bR i 2L 1R
J& M 2 AR R B R R Ok IR AR A S SRR R

|
| 3 multi-domain
| layer K

output

f-——————- e e, i m————- | PRSP S
| shared layer | fully connected layer :
e it T P N i e S B T | IR PPN PR
| | R
| |
input : Convl | Conv2 —¥ Conv3 : fe4 3 fch
| |
e e e 0 R

8l 1 MDNet % 2% 2 ¥4 £ 4]

Fig. 1 MDNet network structure diagram
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Fig. 2 Feature visualization results (taking some features as examples). (a) Input image; (b) features of Conv3 layer
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Fig. 4 Visualization results of reconstructed features (taking some features as examples). (a) Input image;

(b) features of Conv3 layer; (c) reconstructed features
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