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Object Initialization in Multiple Object Tracking: A Review
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Abstract Object initialization method determines how to treat the multi-object tracking problem, being directly related to the
subsequent tracking result. Different object initialization methods confirm different multi-object tracking frameworks and each
framework provides a way to solve the problem, which makes the object initialization of multi-object tracking a huge research
prospect. Currently there are few literature on object initialization methods of multi-target tracking,or lacks a systematic overview
of object initialization. Therefore, we analyze the object initialization methods on four aspects: multi-hypothesis tracking, network
flow,deep learning and topic discovery. We systematically expound the task conversion and object mapping problems under diffe-
rent multi-object tracking frameworks,and summarize the object initialization methods for the multi-object tracking.
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Fig. 1 Multi-target tracking basic framework
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Table 1 Symbol summary of video sequence,detection and multiple
hypothesis tracking
Symbol Description
T frame number of all the video
D detection set of all frames
D! detection set of frame ¢
D) detection number in frame ¢
d}, the £-th tracklet hypotheses in frame ¢
f4 frame number of detection d},
\%4 tracklet hypothesis
\'% the £-th tracklet hypothesis in frame ¢
N? number of tracklet hypothesis in frame ¢
G! global hypothesis in frame ¢
G, the £-th tracklet hypothesis of global hypothesis in frame ¢
n' number of tracklet hypothesis in global hypothesis in frame ¢
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Table 2 Part of experimental results of FairMOT

Dataset MOT methods MOTA#+  IDF14 MT A
DeepSort 1! 61.4 62.2 32.8%
TAPL73] 64.8 73.5 38.5%
MOT16 CNNMTTH2] 65.2 62.2 32.4%
POI1-) 66. 1 65.1 34%
FairMOT 74.9 72.8 44.7%

Dataset MOT methods ML v IDs v FPS 4
DeepSort-1! 18.2% 781 <6.4

TAPL3) 21.6% 571 <8.0

MOT16 CNNMTTH2] 21.3% 946 <5.3
POI-] 20.8% 805 <5.0

FairMOT 15.9% 1074 25.9
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Table 4 Translation of multiple object tracking methods

Multiple target tracking problem formulation

. . . Maximum A Posteriori Model and
Multiple Hypothesis Tracking . . .
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