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Abstract: Video object detection and tracking algorithms have become the research focus in the field of computer vi-
sion. Traditional methods need to manually collect samples to train detection models, and build object detection and tracking
systems. When the imaging conditions change, it is necessary to re-collect samples to train the detection model and re-adjust
the entire detection and tracking system, which requires tedious human efforts. In this paper,a multi-object detection and
tracking algorithm is proposed based on few-shot learning. With this approach, a hybrid classifier that models one object
class can be generated by simply marking several bounding boxes around the object in the first video frame. An online gradu-
al learning algorithm is proposed to learn the object pose changes and update the model. Combined with the color-based ob-
ject tracking algorithm, our method automatically builds high-precision object detection and tracking systems without manual
collection and labeling training samples. This approach can be conveniently replicated many times in different surveillance
scenes and produce scene-specific detectors under various camera viewpoints. Experimental results on several video datasets
show our approach achieves comparable performance to robust supervised methods,and outperforms the state-of-the-art on-
line learning methods in varying imaging conditions.
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MOTA fff:, Rell FIXTHARIE i TP IAR BRI 22 DHERER B 1B Wy 2R )
R, B H bR )™ 8, e g R v, B RO AU Wi AR B 2 M B i 51 NVIDIA i A4 Jetson
R E 1 HARME LRGN, a6 (2) Hr (i) ~ (1) TKL A A& 7 (a) Bz, TKL B3 T Tegra 24 R 4,
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TKI JF & TRANIF K N Rt T 28I & T A, ]
DU TP N2 GHEPLIGE . A 2B SR ST %
ERIRGE. IBITWIRINE 4 s,

%2 PETS2009-S211 3R R

Method MOTA% | MOTP% | Rell% Presn%
ECCV2012[2! 53.4 70.9 72.6 80. 3
CVPR2013/%] 90. 8 74.2 97.1 94. 4
CVPR2015%4 87.9 64.5 98.6 90. 8

1ET2016% 90.0 56. 8 91.7 98.5
Our 88. 4 66.7 91. 1 97.9

%3 TUD-Stadtmitte FF I IREZZE R

Method MOTA% | MOTP% Rell% Presn%
ECCV2012[% 60.0 56.5 83.7 78.7
CVPR2013(%] 53.5 72.4 79. 1 82.0
CVPR2015%] 69.7 53.4 74.7 94.3

IET2016%) 72.4 52.6 75. 1 99.8
Our 73.4 65.7 75.6 98.6
x4 E
Background Detection
Datasets System Detection )
modeling and tracking
PC/windows Yes 61.5 27.6
S211
TK1/ubuntu Yes 17.7 9.2
PC/windows No 11.6 6.5
Stadtmitte
TK1/ubuntu No 6.7 5.1
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| =
=
5
=
a
z
=

(a) (b)
[#]7 NVIDIA Jetson TK ik A5

6 ik

AR T — P T BAEA S 2] 1 2 B AR
BRER DT % AR N T D0 T i ad > B AS 2
> S e I RSB F AR AG I R 2, AT AR K A J3E
BTN AR R S0 25 R R AR Bk AE AN TR 1
WG ST 2 F ARG BRER vh 43R B R AR RE.

Jai 8 5 2R FH B 22 (9 28080 B 3 AR Bk AT D, O
TEASENELL T BB FRAE I 25 26 4, 2k — 4R T
S AERE.
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