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Improved MDP Tracking Method by Combining 2D and 3D Information
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Abstract Online multi-object tracking (MOT) plays an important role in autonomous driving and ADAS system. Most
of recent MOT methods concentrate on tracking in image domain. Although they can solve most of problems by building
adaptive online models or optimizing energy functions,it’s still an obstacle for researchers to handle mutual occlusion in
complex traffic scenes. In this paper,an improved tracking method was proposed by introducing 3D information to the
Markov decision processes (MDP) tracker. The original MDP similarity feature was extended from image domain to
spatial domain with 2D-3D combined feature, and a new optical flow descriptor, called multi-image FB error, was ad-
dressed to replace the original multi-aspect FB error. This method was tested on KITTI benchmark and the results veri-
fied that the comprehensive performance of the proposed method is refined significantly in comprehensive performance

compared with the original method.

Keywords Multi-object tracking, Markov decision process, Multi-image optical flow,2D-3D combined feature
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Fig. 1 Tracking process based on Markov decision model
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Table 2 Structures of 3D similarity features
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Table 3 Experimental results of recall rate and accuracy

G2 %)
MDP/Ours
77 —
Recall Precision F1
4 85.4/89.8 83.5/83.7 84.4/86.7
6 86.1/94.7 86.3/84.3 86.2/89.2
8 91.0/93.3 59.6/59.9 72.0/72.9
10 75.4/86.0 76.1/75.8 75.7/80.6
14 52.6/74.9 63.3/65.6 57.4/70.0
20 61.1/90.0 78.8/80. 1 68.8/84.7
Avg 68.3/89.4 76.5/77.6 74.1/80.7

# 4 CLEARMOT-MTUS 1T 42 4 47 19 52 56 4%
Table 4 Experimental results of CLEARMOT-MT

measurement index
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7 ;
MT ML MOTA/%  MOTP/%
4 60.0/67.5 20.0/15.0 68.3/71.9  80.4/81.2
6 66.7/93.3  6.7/6.7  72.1/76.5 81.0/80.5
8 79.2/83.3  12.5/4.2  28.4/30.7 73.5/73.5
10 37.0/55.6  29.6/14.8 51.2/56.2  81.2/80.9
14 33.3/60.0  33.3/0.0  21.4/33.8 68.0/66.4
20 21.7/81.7  32.5/8.3  44.4/67.0  76.3/75.9
Avg  49.8/73.7  22.4/8.2  47.0/62.9 77.1/76.6
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Table 5 Comparison of our algorithm and mainstream multi-target

tracking algorithms

Tracking

Algorithm MT ML  MOTA/Y% MOTP/%
Model
crwr! Online 49.85  10.31 75.39 79.25
NOMTL22)  Near-Online  41.08  25.23 66. 60 78.17
DCOL? Offline 15.14  30.92 37.28 74.36
TBDM425] Offline 20.46 32,62 55.07 55.07
MDPL26! Online 47.73 14,32 74,23 83. 62
Ours Online 50.43  10.23 83.50 86. 00
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