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Multi-object Vehicle and Pedestrian Tracking Algorithm in Driving Scene of Unmanned
Vehicle

GU Lipeng SUN Shao-yuan LI Xiang LIU Xun-hua SONG Qi-i
( College of Information Science and Technology Donghua University Shanghai 201620 China)

Abstract: Considering that the existing multi-object tracking algorithms based on tracking-by-detection framework they often have the
problems of frequent switching of object’s ID and disconnection of tracking track caused by missing detection of object or redundancy of
data association algorithm. Thus this paper proposes a multi-object vehicle and pedestrian tracking algorithm in driving scene of un—
manned vehicle. Firstly CenterNet network is selected as the object detector and res2net embedded with 1 x1 convolution and SE-Net is
used to replace the original residual unit in the network so as to improve the network’s ability to extract spatial information and channel”
s information and improve the performance of the object detector. Then siamese network is used to extract the features of the region
where the target is located and the probability of association is measured. Then the Hungarian algorithm is used to match the detected
object of adjacent frame. Finally the auxiliary tracker designed by region proposal network is used to track the missing or disappearing
objects continuously and the reliable tracking results are incorporated into the trajectory. Compared with the existing methods the experi—
mental results show that the proposed method is competitive for vehicle and pedestrian tracking on the KITTI tracking benchmark dataset.
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Table 1  Experimental configuration emerie
KIT-
Computing
Item CPU GPU System TI CenterNet
memory
Intel NVIDIA GTX Adam
Content 5 0400F 1080 Ubuntul6. 04 1.25 x107*.
KITTI 512 x 512 140  epoch batch 8
KITTI 90 120  epoch 10
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Fig.7 Comparison results of detection and tracking of four
consecutive video sequences in video sequence 1

of KITTI tracking benchmark test set
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Table 2 Metrics used for multiple object tracking
Metrics ~ Better  Perfect Description
MOTA  higher 100%  Multiple Object Tracking Accuracy
MOTP  higher 100%  Multiple Object Tracking Precision
MT higher  100%  Mostly tracked targets
ML lower 0 Mostly lost targets
IDS lower 0 Identity switches

Mostly Tracked( MT) Mostly Lost( ML) .ID-Switch( IDS)

Fragmentations( FRAG) 1D
3
3
Table 3 Metrics used for object detection
Metrics Better  Perfect Description
APg 50.0.95 higher 1 AP at IoU =0.50:0.05:0.95
AP, 5o higher 1 AP at IoU =0.50
APy 45 higher 1 AP at IoU =0.75
APg higher 1 AP for small objects: area <322
APy higher 1 AP for small objects: 322 < area <962
AP, higher 1 AP for large objects: area >962
3.4
7  KITTI 1
7
3 4
ID 7 .8
KITTI 0
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Fig.8 Video sequence tracking results of four consecutive
frames in video sequence 0 of KITTI
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4 KITTI ( 748 ) Res2Net_plus CerterNet
Table 4  Effects of Res2Net_plus module for CenterNet on the KITTI detecting benchmark dataset
(748 pictures divided from the training set)

ResNet( Bottleneck) ~ Res2Net 1 x1 SE-Net APg 500,05 APy 5o APy 45 APg APy AP, Total FPS
v - - - 0.557 0.846 0.609 0.411 0.554 0.667 8448166 20
- VvV 0.549 0.839 0.589 0.398 0.550 0.655 8206822 19
- vV VvV 0.553 0.838 0.595 0.404 0.554 0.654 8870086 17
- vV vV Vv 0.558 0.847 0.614 0.385 0.563 0.671 8980462 16
5 KITTI (21 )

Table 5  Effects of each module for the multi-object tracking algorithm on the KITTI tracking benchmark dataset

( the verification set divided by 21 video sequences of training set)

Auxiliary Car Pedestrian
ToU SimNet

tracker  MOTA  MOTP MT ML  IDS FRAG  MOTA  MOTP MT ML  IDS FRAG
Vv - - 67.21% 84.66% 48.00% 14.67% 17 127 44.96% 177.84% 36.20% 29.31% 14 49
Vv Vv - 67.25% 84.66% 48.00% 14.67% 15 125 45.49% 71.84% 36.21% 29.31% 5 46
vV vV Vv 68.80% 84.18% 52.67% 13.33% 11 81 46.60% 77.69% 36.21% 25.86% 3 34

6 KITTI ( ‘Car’ )
Table 6 Comparison of experimental results with other multi-object tracking algorithm on

test set of KITTI tracking benchmark dataset( “Car’class)

Method MOTA MOTP MT ML IDS FRAG
Point3DT " 68.24% 76.57% 60.62 % 12.31% 111 725
SASN-MCF_nano ' 70.86% 82.65% 58.00% 7.85% 443 975
RMOT ¥ 65.83% 75.42% 40.15% 9.69% 209 727
Ours 71.74% 83.86 % 46.77% 17.08% 191 518
7 KITTI ( ‘Pedestrian’ )

Table 7 Comparison of experimental results with other multi-object tracking algorithm on

test set of KITTI tracking benchmark dataset( “Pedestrian”class)

Method MOTA MOTP MT ML DS FRAG
AB3DMOT ¢ 36.36% 64.86% 14.09% 48.45% 142 773
NOMT-HM 7 39.26% 71.14% 21.31% 41.92% 184 863
Complexer-YOLO ' 16.46% 62.69% 2.41% 38.14% 527 1637
Ours 39.11% 74.89% 14.78% 44.33% 79 565
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