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A Effective Online Training Algorithm by Partitioning Bounding Box
for Visual Object Tracking Using Convolutional Neural Network
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ABSTRACT

This paper proposes an effective online training algorithm which resizes bounding box for visual object
tracking in Convolutional Neural Network (CNN). The proposed algorithm employs partitioned bounding boxes
for resizing bounding box. Compared to previous algorithm where bounding box size is rarely changed, the
proposed algorithm improves the efficiency in object tracking by resizing the size of bounding boxes. The
proposed algorithm is composed of three classifiers; The front-end classifier is for tracking target object by using
the entire feature of previous bounding box, and the other two back-end classifiers are for resizing bounding box
when the score acquired by the first classifier is lower than threshold or the number of frame exceeds a
determined number. Training data for front-end classifier are extracted from previous raw result, and training data
for back-end classifiers king a target in a sequence, the proposed algorithm makes more accurate result and
training data of various sizes than previous algorithm by resizing bounding box. Experimental results show that
the success rate and the precision for visual object tracking are improved by 3% and 5%, respectively, when

compared with previous works.
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Algorithm Online tracking algorithm

Input: Pretrained CNN filters
Initial target bounding box, X"
Number of frames for periodic training,
Output:  Estimated target bounding box, X

/* Process of st frame */
Partition Xl* into X]_pl* and Xl_pz* 5
Train front-end and two back-end classifiers ;

/* Process of remaining frames */
for (t = 2 ; t < last frame number ; t++) |{
[* t is the frame index being processed */

if (fX) > 0)
Generate training data from X ;
Partition X, into Xt_pl* and X,_pz* ;

}
else {
Resize X, by two back-end classifiers ;

}
if (7 frames processed)
/* Training performed for predetermined

Initialize feature extract layers with pre-trained CNN layers ;

Generate training data for front-end classifier from X, ;

Generate training data for two back-end classifiers from Xl_pl* and Xl_pz* ;

Generate candidate objects using X.; bounding box ;
Select X, from candidate objects by front-end classifier ;
/* When the score of X, is more than 0 */

Generate training data from Xl_pl* and Xl_pz* ;
/* When the score of X" is less than 0 */

Train front-end and back-end classifiers ;

Train front-end and back-end classifiers ;

T

>

number of frames periodically */

>

T8 4. Al AA vk AxzAe) AntAel el

Fig. 4. Overall proposed algorithm for resizing bounding box
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I 1. Benchmark attributesol] w2 Al3-5
Table 1. Success rate to benchmark attributes

Trackers Success rate (Overlap threshold = 0.5)
Benchmark Comparison(%)
Attributes MDnet Struck proposed vs MDnet vs Struck
v 0.586 0.339 0.625 +3.9 +28.6
SV 0.597 0.358 0.612 +1.5 +25.4
OCC 0.561 0.341 0.583 +2.2 +24.2
DEF 0.565 0.333 0.594 +2.9 +26.1
MB 0.579 0.368 0.608 +2.9 +24.0
FM 0.598 0.375 0.597 -0.1 +22.2
IPR 0.569 0.367 0.616 +4.7 +24.9
OPR 0.573 0.330 0.588 +1.5 +25.8
oV 0.559 0.327 0.573 +1.4 +24.6
BC 0.562 0.357 0.620 +5.8 +26.3
LR 0.566 0.330 0.598 +3.2 +26.8
Average +2.71 +25.4
(Deformation), MB (Motion Blur), FM (Fast = Byt Aok dvelES AEE 7k FMS
Motion), IPR (In-Plane  Rotation), OPR ALzt BE Attributesol|A] A5 S Holow E

(Out-of-Plane Rotation), OV (Out-of-View), BC
(Background Clutters), LR (Low Resolution) °.=
et asisdet. & 1ol A AEE B A
= 54 FZoll CNNS A8 MDnet} Al &
2]E5o] Haar-like EA2 AH83F Struckel B]s}e]
B 254% S AEES Helrk Ak daels
= 22 CNN 54 555 ©]-83 MDnet®r} %47
L2 27%°] AEE S Bdvk & 260 AR A
A Gyl Ads Ak daE|ge] HuEoR
Struck 2.t} 38.4%, MDnet®.t} 5.7% A 2

EXN

T

3], BC, IV, IPR AttributesS U]-%- 33} 02 *]g]
185 Helt)h Az oA} Aeke e
e ZEellA A vkaE A S 3
F715 7 AL AR 2 934 dlelE
2] A]7to] MDnetel| ]3] HTEH O 2 0.01% 5
7Fghet,

a3 59} 23 6l 47 Overlap threshold<}
Location error threshold®] W3}z doizl A-3-E3}
A4 A#E Struck™, TLD®, 0AB™”, MDnet™”

tarelEat vlaskolet

(

2= =
45 &9

il

flo %

3L
=
=

o 4o o
.o

E 2. Benchmark Attributesel] tgh A 3HA
Table 2. Precision to benchmark attributes
Trackers Precision (Location error threshold = 25)
Benchmark Comparison(%)
Attributes MDnet Struck proposed vs MDnet vs Struck
v 0.841 0.448 0.914 +7.3 +46.6
Sv 0.858 0.523 0.870 +1.2 +34.7
OCC 0.787 0.477 0.844 +5.7 +36.7
DEF 0.835 0.465 0.873 +3.8 +40.8
MB 0.799 0.494 0.854 +5.5 +36.0
FM 0.822 0.512 0.838 +1.6 +32.6
IPR 0.800 0.486 0.893 +9.3 +40.7
OPR 0.805 0.438 0.861 +5.6 +42.3
oV 0.752 0.434 0.810 +5.8 +37.6
BC 0.788 0.449 0.881 +9.3 +43.2
LR 0.818 0.587 0.899 +8.1 +31.2
Average +5.74 +38.4
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Fig. B. Success rate to benchmark attributes according to overlap threshold (a) All image sequence, (b) Illumination Variation,

(c) In-Plane Rotation, (d) Background Clutter, (e) Scale Variation, (f) Occlusion
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Fig. 6. Precision to benchmark attributes according to overlap threshold (a) All image sequence, (b) Illumination Variation, (c)
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T2 7. Aokl dw2]E (green), MDnet (red), Struck (blue) 2] 4 A3} (a) Diving %34}, (b) Jump 34}
Fig. 7. Tracking result to proposed algorithm (green), MDnet (red) and Struck (blue) (a) Diving sequence, (b) Jump sequence
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