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A visual tracking method via object detection based
on deep learning
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(1. National University of Defense Technology, Hefei 230037, China;
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Abstract: A visual tracking method via object detection based on deep learning was proposed. In
consideration of the advantages of deep learning in feature representation, deep model SSD (Single Shot
Multibox Detector) was used as the candidate object extractor in the tracking model. Simultaneously, the
color histogram feature and HOG (Histogram of Oriented Gradient) feature were combined to select the
tracking object. In the process of tracking, multi-scale object searching map, which was applied to
implement the object detection in different scales, was built to improve the detection performance of deep
learning model. In the experiment of eight respective tracking video sequences in the baseline dataset,
compared with six typical tracking methods, the proposed method has better performance in tracking
effect, and has better robustness in the tracking challenging factors, such as deformation, scale variation,
rotation variation, illumination variation, and background clutters.
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Fig.4 Generation of multi-scale object searching map
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Fig.5 Object detection based on multi-scale object searching image
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Fig.8 Qualitative evaluation in the tracking results on eight challenging sequences (from left to right and top to bottom are Basketball,

Bolt2, Car24, Gym, Singerl, Human2, CarScale, MountainBike)

PRI W AN TR SRR I 25 21, SCOh 2 4 1 D7 i
HER M PR AT NS ARk, i A SRk I B T
AN TR 2 B B A A%
AR A, . LLRATR 1] CarScale A5 2% | il A

[] Bk b RUBE AR AR ) 38 W RE 71 . #RJH CarScale 937
SOBRIRENE S A BT S R, 7 RJE AR
i, GOTURN Fl3C i £2 H 1 J5 v B o H R AR
i S i b AR Ak, At L B A £ K s o 6 b
A e R, DL BSCFE 57 240 iR, H A GOTURN Al SC
R I D ik BE RS o b BR R H AR

BER AR . IAUUT 51 Gym Ry 22 Kl A [] 55
P BRI AR AR 138 N BE T . Gym AF7E & TE [ — 4>

VT PN B e AR AR U TE [] — - T oA ) e e AR Ak
e 73 W1 5 353 W/ |, X442 Bl BN HH B FTiE R
BIVERT, SO 7 VA AR BT At 1 B T Y38 I g
71, #5Z=F TLD A1 DFT B4 T HiRER,
JCHRAE AL . LAAASF 51 Singerl  Car24 “h &%
RGN AS [) B0 %o 6 B AR R 9 38 1 RE 7, Herpr , 90030
1) Singerl )¢ AR fb £k H F 5 78R BT H9 6
HEAR Ak, N5 136 i, 24 ' R 320 i 384 i), SC v iy 42
FARIHRE S BRI BRI . MU 31 Car24 1y
G HRAR AL 3 Bk H T AE VR AT Bl R v B O S R
BT i 1 5% 50 58 5, 4n 916 Wit | 24 H A 75 4 gk 1 1]
SZIE,CT M MIL &4 T —E i E m A%, 1 TLD |

0526001-8


http://www.irla.cn

oGk AR

% 5 3

www.irla.cn

% A7 A

DLT .GOTURN K 3CHh JIr 8 77 1 o i X 25 3C
b 75 SR T HS 6 23 () 6O B AR A A BB B
FEXRFR,

S 4Rk . LIALAH Basketball  Bolt2 . MountainBike
K22, KNS [) B0 6 1 S 4 A3 N RE T . L
rf, Basketball \Bolt2 [ T H A5 i &b 19 15 5t o A8 52 %
Hb A — 2 FE Y 2 B bR 33X O6 Bk i B R P e
PRI TS ER SO R AR E T X 4
5 HARSM AR I 20 6 R EAS R A 2B B A, i gh
A HOG FHIE , AT IX 3 B €4 4 I AR T | 25 (8] 30 2% R Ak
ANEIZELE AR, T aEXT H AR5 280 B AR #1748
U IX 43
32 EESDH

0 HL R 0 A R 25 I 35 R PR EAT
S VAN, o, o 7 B R 25 R TR IR IR HE 5
B HARHER o 22, T 7 25 R DR BRI AE 5 B
S HARME R AR ASER 43 o A IR i b, S TR
o AT Bk A B A7 5 L BR R R AR, X BB
SR P2 e 7 i 25 - Y 7 36 %

RV NG R7 WA 1775 =l N R o R SPIN A ]
EMEHE SRR SR ME L K2R, Hp 25
XoF L R 7S A AR 1) I B 5 SR AR i B T R e DU
s,

x1FEHHPOIBREBEEML BER)

Tab.1 Average centre location error (Unit: pixel)

CT DFT TLD MIL DLT GOTURN ppc:sc:d
Basketball 121.6 18.0 - 103.8 267.6 62.1  12.0
Bolt2 99 2767 - 7.0 85 403 10.9
Car24 867 165.4 - 824 1.9 3.0 35
CarScale  27.8 75.6 - 305 269 55 3.6

=
o
>

194 51 142 13.0
1253 16.9 204  11.6
90.3 27.8 12.8 16.0
217.2 131 7.0 9.7

Singerl 18.9 18.8
Gym 134.6 104.3
Human2 75.1 181.6
MountainBike 212.3 154.8

=
SN
w

o HLPBR 2 1 F B WA 91 SO0 b 1 51
ey TR T UARE (R U I B3, <7 FOR PO TR LU
51 BRLER U

W3R 1.3 2 FR e A BRER T 51 | SC
AR DT R S b A B R 22 A s L, S
P R 767 39 8 a6 R, A R, PO 4k
o SRR ST A . Fo  TLD IO A B SR Y

JE A 7E B LA 31 Singerl .Gym Z 4k, HiA S A
BT AN TR IR RS AL it — 2 AN A Y
PERE , 3% HLUR T 43 0 % B TLD Z A 7S Fh o
SO RYE =R 7 1| Bl S I A 7 L B A L BT
B AR 4 M e DA 5 BIMR AT HE T | 73 0 S A3 9, RIR
114530 6.5.4.3.2.1 45, B, XHaE—Faimy s
HEATFT 43, doeJa XF NAS ST 3 5 147 3R A A b o
LT a5 R K 9 B

K2 FHBER
Tab.2 Average overlap score

CT DFT TLD MIL DLT GOTURN pporsoéd

Basketball 20.8% 60.3% - 20.8% 6.7% 354% 50.9%
Bolt2  622% 10% - 69.1% 40.5% 37.2%  49.6%
Car2d  225% 7.5% - 205% 77.0% 76.3% 77.3%
CarScale  412%41.2% - 34.2% 555% 723%  85.3%
Singerl  32.4% 35.5% 72.0% 32.1% 80.7% 52.7%  60.8%
Gym  4.1% 10.7%416% 55% 28.7% 48.0%  50.6%
Human2  24.1%102% - 30.5% 525% 74.6% 715%
MountainBike 13.5% 29.4% - 12.1% 55.4% 73.7% 60.4%

T RS AR FRAZ R B3 DALY 51 T B D48 B die 4 19
s TR TR 2 RRUAF 1 7 ROR L TR %)Y
B BRER I,

7] Average centre location error
Average overlap score

20 B
15f

Evaluation score

gl oot I 770 St 1 % o2l o2
DFT MIL OTURN Ours
Algorithm

(=2
T

Pl 9 AN TR) 5 - 24 v O o 5 A 22 5 1 14 8 5 3R 22 1) (9 P BEXT L
Fig.9 Performance comparison in average centre location error and

average overlap score among the algorithms
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