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Advances on Application of Deep Learning for Video Object Tracking

GUAN Hao' XUE Xiang-Yang® AN Zhi-Yong®

Abstract Video object tracking is an important research topic of computer vision with numerous applications including
surveillance, robotics, human-computer interface, etc. The coming of big data era and the rise of deep learning methods
have offered new opportunities for the research of tracking. Firstly, we present the general framework for video object
tracking research. Then, we introduce new arisen datasets and evaluation methodology. We highlight the application
of the rapid-developing deep-learning methods including stacked autoencoder and convolutional neural network on video

object tracking. Finally, we have a discussion and provide insights for future.
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Fig.1 The framework of video object tracking
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Fig.2 The generative appearance model
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Fig.3 The discriminative appearance model
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Fig.4 The framework of recognition in multimedia

{5 1R A 835 30 i A AT T T v B A
SKSILH, Holn b SCRTHRE HOG #54E . LBP 4%
HE25E, 350 P A1 e 502 B 0 ), o B AR L A )
R 4% (/S 0 SRS 1 R P 2% 1 T L,
2% 1B R W BRI RIFHFAT, SRR EA S
5 R, W2 ORISR A SR AL 4 2




6 3] ISR RS STAERUIH BRI ER o (0 0 P 0 e B e 22 839

[Ry1o4=551 IR RE 24 3 40 2 AR AE SR RE B I 2
X NI ALHI AL, AH LT3R S R B2 2] v
X EAGOX Bl BEAESE Ak A B2 2R I s 1)
Z\ 0 Ge ) FZ AR R KR 2.

R R R, IR BRI I R D A R T
A B, — AR E BRI R AT £
Pt EAN TR R I ZRi it T 50 OB o5 —
el HTEE S R GPU IR R, & IR ERTY
PGP TSR, GPU AR FiFHEVETE
7N, JE SRAE KR AT v b R D 3 Ael L ok YR B
) SRR, H AT IR 2R S ESOOT
K-G0 Caffel®dl, Theanol®™ #2¥xF GPU %
FEVE N 2% ThRE.
3.2 REZFIEKIKRE

IR 2 2] 5 2 2] J7 1 n] B g3 ko B 2 2
RS TR RN A MR 2 SO AR o M B R A ) B
LA HR LT 52 RUR 22 2 AL IR B EAS M 2% (Deep
belief net, DBN)PS| F13E T [ 2h 4 5 8 1948 15
4% (Stacked autoencoder)P? WIS, WEEF 24 ) iR
PR AL 45 2 2 AL (Multilayer perceptron) Fl
REBERIME ML (Convolutional neural network,
CNN)69],

Fi HEUR 55 9 2% v (1R 2 B R T 2 [R) S 5 A7 AE A
IR, ADREUR JRE o SRSy by I UK M 4% (Feed-
forward neural network, FNN) Flis 5 74 v 5 /9 4%
(Recurrent neural network, RNN)61 451 5 fis.
BLAF — i 10 2 348 ) 25 3R 2 ) % ot A L A D1 2R O T
W0 23 BN R R ) SR AR, BB A TR RO I TR
RSB b U H i U 28 28 0 2% 1) 3 224K
Kz — — KEMILiZM4% (Long and short term
memory, LSTM)[62-64) " ity Sof 54t AH ok 4 K (1 1
[) %5 P55 A IRPIR S HEAT I 12 AN 2% 20, DR AR 7 41 ) i
AL R, dnifar . ARG S A T EAPU 5%
JIHRBAL R, 1k X5 I N H R AR AL,

=
I

AREE RR AR I 2R P 4%
BR| 22| [ HE Ke
whee || B B || A i ic
Mz BLo| | P ]| Ty A

K5 UREES 2] SR
Fig.5 The basic models of deep learning
3.3 REFIFIEERERH AL AR

TR P57 20 2 — T R R AL 5 5 5. AR xt
TR STAEAR s BR R QU £ 2 i — A A

YERI A5 0 . RV AR 2 AR 22 7 T A
T BT, (AR H bR ERERIX R A, RS
7 2 RN 52 35 BRI, R BB |
MU H bl 22 /0R % . T2 st 2

1) AU AR ERER A, A% S BT SR it
Bt e LI AR VE B, 7 LR IO AE 2 BB AR
H, IETFEARI R A ILEAS. BrEL, $UAH bR
i IR (R NFEA A 2 27 5 ), XA A AAR PR
Ko DA KI5 27 20 T M LR AL S

2) MU H FR R SR SR M e TR
KRR JEE 190 2% AR i 381 S I SR Tl 75 27 MY
2R A T Ty R ER 5 5 1.

JRAEAEAELL BN, TR 5 ST AE R IR S A
HMULEASE AL, BB RE I AN T-Be, 45
LI bR BRIEAAE 55 IR A, BEUE S8 TR
P MR SE. I H AT CR KR, BF5TEAT
FERGR 27 2 N 1 H bR BRI A R R rp 2 3
o B

1) IR BE R e W 2 P 2 2] B IRFAE (K AT IE RS
P, AR AR ) P 15 LA i B B s 2 25
B B R IR LA 2%, i i AE BRI AE 2k
PREZIN, A 2 0 S AN ZRA7 1 P 28 508 H AR AT
ARSI, A AE L SR IBU) R X 2R 5 W 4 1EA T
T, DLIE NAEZR N H ARSI H AR AL,

2) HF IR PEANZE W LR IR G5 AR A — 8 R g, G
RS WY AE 2 BN R 2K, 32 B 5 T B4 K 19 2%
12 B 5 AL — A FRVE RE 55 R B A
WA 2 v Bl IS (10 Y Rl Re O e R AL A%, H Ry
K TAEIR AR T D I B, SRR MBCK.

34 HEBHREFERER DA

AR E AR RIE

HE B 1 2 i 2 o R ) A R VR R 5 5T M 4,
R B A BRI 2 H i 2% (Autoencoder). H
G o (17 R A B 6 P, HAEA R R A f A
W HEAT G, e A P A S A 2 B 1R
BEA L S a5 o 2EAT A, H b R B A B
YIRS I ERIR RN, A gD 1 U AR
T 0 T AR A o AT G i £ 5 3R L BB Ay T it
FEAMELRIE, IIMTEBRICAR, RS S AR 5K
JE k.

B B i 5 2% 02 )2 B Itk ) T HES B 2 5 4%
(Stacked autoencoder) IX—¥R B 2] ZEEAY. 1F
B AL, T2 AR B JRIRA,
B R HEAT AL, SR I I k2 G e s R R
5, DA B SO R AR AR S A TR VR 0 R R AL
O TR P B R AR A R, 3 T DA A 2
(17 VRS W 2% 2 B3t AT R0, LH I o 2 T2 19 n—

3.4.1



840 H | 1k

42%:

A4 [A]JH (Logistic regression) J.

EffEs

A AE 2 48

OO0 O0O0O0O |

T EXXEXEEXKXE
Bl6  @ginmREE

Fig.6 The illustration of autoencoder
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Fig.8 Denoise autoencoder for video trackingl®®!
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