%4235 % 16 #1/2022 £ 8 B/R¥F¥HR

K EHRIK

T ARl MU ADLEE A T PR 45 1 — 45 2 H b
R B

s, EE, 24, KB
URHIACE F NG B . T3 R 210096
RS A TR G B R TR 0 % L T T A 210096
RAAERIIBFG B A W 518063

WE  SXTIA A2 AR R R A G 2 18 S B )y SN RE ST O R HE O R T Y ), 4R il T AR T 2
RE RS 5 AT 27 o sCH AR EE A TE A =28 2 B AR BRER S 1L . B A AT Al 5 e X [T 45 0 A 2 R AT A7 6 13 3
TER I HLE AR AR R &, BE— P30T T 2RISR E Y R IR BE ) o B BRATARLE A 1 A6 Bl 2o [0 2 4 A O B8 6 7, 1A
A2z o) )y AT 2 F bR 22 [ 4 1 B2 006 5 4 B sl S T KB N TS B0E o K T PR SR AR KIT TIEUR 5 B kAT T 1
TE5 0042, FG g B BR RS 8 (HO T A) FE A ik 8] 1 69. 24 %0, 3R W I 4R SR FE RS B A0 T HL 33, R BUr 9 &
Bt

KEEIE HLELOE: £ HAREES; FRAEmLG s EIHLH ;s BB R %

mESHEES TP391.4 XHEFRERS A DOI: 10.3788/A0S5202242.1615001

Three-Dimensional Multi-Object Tracking Based on Feature Fusion and
Similarity Estimation Network

1,2,3%*

Chen Wenming"’, Hong Ru'’, Gai Shaoyan"”, Da Feipeng
'School of Automation, Southeast University, Nanjing 210096, Jiangsu, China;
*Key Laboratory of Measurement and Control of Complex Systems of Engineering, Ministry of Education,
Southeast University, Nanjing 210096, Jiangsu, China;
‘Shenzhen Research Institute, Southeast University, Shenzhen 518063, Guangdong, China

Abstract The multi-sensor information fusion method of the existing multi-object tracking algorithms for self-driving
cannot give full play to synergy. To solve this problem, a three-dimensional multi-object tracking algorithm based on
multi-modal feature fusion and learnable object similarity estimation is proposed. The multi-modal feature fusion module
fuses the feature of images and point clouds on the basis of the channel attention mechanism to further improve the
expressive ability of multi-modal features. The object similarity estimation module directly generates the similarity matrix
through the network, and realizes the cross-modal joint reasoning between multiple objects in a learnable way, which
avoids massive manual parameter setting. The proposed algorithm is verified and tested on the KITTI data set, and its
higher-order tracking accuracy (HOTA) reaches 69.24% in the test set, which indicates that the algorithm is superior to
other algorithms in accuracy and has good robustness.
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Fig. 1

Flow chart of proposed algorithm. (a) Object detection; (b) feature extraction; (c) feature fusion; (d) similarity estimation;

(e) data association
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Fig. 3 3D feature extraction network model
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Fig. 6 Structure of similarity estimation network
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methods on KITTI verification set
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Table 2 Accuracy of different similarity estimation methods on

KITTTI verification set

Method Threshold HOTA /% M, /%
0.5 54.84 44.91
Euclidean distance 5.0 55.41 46.11
50.0 54.85 44.63
0.5 52.73 41.70
Cosine similarity 0.0 54.26 44.15
—0.5 52.42 41.23
Similarity estimation 0.5 71, 66 75. 79
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Fig. 11

Tracking result comparison on verification set. (a)(b) Proposed algorithm; (¢)(d) comparison algorithm 1; (e)(f) comparison

algorithm 2; (g)(h) comparison algorithm 3; (i)(j) comparison algorithm 4; (k)(1) comparison algorithm 5
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Fig. 12

Bird's eye view of tracking result comparison on verification set. (a) Proposed algorithm; (b) comparison algorithm 1;

(¢) comparison algorithm 2; (d) comparison algorithm 3; (e) comparison algorithm 4; (f) comparison algorithm 5
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Table 3 Accuracies of different algorithms on KITTT test set

Algorithm HOTA /% M, /% My /%
Complexer-YOLO 49.12 39.34 62.44
CIWT 54.90 49.99 60. 57
Point3DT 57.20 59.15 55.71
mmMOT 62.05 54.02 72.29
Quasi-Dense 68. 45 65.49 72.44
SRK_ODESA 68.51 65.49 75.40
MOTFusion 68.74 66. 16 72.19
Proposed 69. 24 68. 46 70.71
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