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Multi-object Tracking Based on Cross-correlation Attention and Chained Frames

CHEN Yunfang,LU Yangyang,ZHOU Xin and ZHANG Wei

School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China
Abstract The one-stage method of multi-object tracking(MOT) has gradually become the mainstream of MOT due to its advan-
tages in reasoning speed. However,compared with the two-stage method,its tracking accuracy is poor. One reason is that the tar-
get is easy to be lost due to the use of single frame input that cause the correlation between the targets is not strong,the other is
that the difference between the two tasks of detection and tracking is ignored. In order to alleviate the limitations,a multi-object
tracking algorithm based on cross-correlation attention and chained frames (MOT-CCC) is proposed. MOT-CCC takes two con-
secutive frames as input,and converts the target association problem into a two-frame detection frame pair regression problem,
which enhances the correlation between targets. The cross-correlation attention module decouples the detection task and the iden-
tification task to balance and reduce the competition between the two tasks. In addition, the proposed algorithm integrates the
three modules of target detection,feature extraction and data association into one whole network to achieve end-to-end optimiza-
tion, which improves tracking accuracy and reduces tracking time. In the MOT16 and MOT17 benchmark tests, compared with
the benchmark CTracker algorithm,the MOTA of MOT-CCC increases by 1. 3% and the FP decreases by 13%.

Keywords Multi-object tracking,Chained tracker,Cross-correlation attention, One-shot, End-to-End
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Table 1  Comparisons of tracking results on MOT16 test dataset

Public Detection
Process Method MOTAA IDF1A* MOTPA* MT*/% MLY/% FPy FNY IDSy
LMPpL17] 48.8 51.3 79.0 18.2 40. 1 6654 86245 481
Offline MHT-bLSTME27] 42.1 47.8 75.9 14.9 44,4 11637 93172 753
EDMT!28) 45.3 47.9 75.9 17.0 39.9 11122 87890 639
Tracktort1%] 54.4 52.5 78.2 19.0 36.9 3280 79149 682
Online MOTDTLI7] 47.6 50. 9 74.8 5.2 38.3 9253 85431 792
DMANL29] 46.1 54.8 73.8 17.4 42.7 7909 89874 532

Private Detection
Process Method MOTA* IDF1* MOTPA MTA/% MLYV/% FPy FNY IDSy
MCMOT-HDM! ! 62.4 51.6 78.3 31.5 24.2 9855 57257 1394
Offline KDNTL25] 68.2 60.0 79.4 41.0 19.0 11479 45605 933
NOMTE30] 62.2 62.6 79.6 32.5 311 5119 63352 406
DeepSORTLZ 61.4 62.2 79.1 32.8 18.2 12852 56668 781
CNNMTTH2] 65.2 62.2 78.4 32.4 21.3 6578 55896 946
) JDELS] 64. 4 55.8 — 35.4 20.0 — — 1544
Online e _ -
POIL25] 66. 1 65. 1 79.5 34.0 20. 8 5061 55914 805
CTracker[26] 67.6 57.2 78.4 32.9 23.1 8934 48305 1897
Ours 68.9 56.1 78.2 33.3 22.4 7780 46883 1933
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Table 2 Comparisons of tracking results on MOT17 test dataset

Public Detection
Process Method MOTA* IDF1* MOTPA MTA/% MLy/% FPy FNY IDSy
MHT-bLSTML27] 47.5 51.9 77.5 18.2 41.7 25981 268042 2069
Offline EDMT!28) 50. 0 51.3 77.3 21.6 36.3 32279 247297 2264
Jecbstl 51.2 54.5 75.9 20.9 37.0 25937 247822 1082
Tracktorl!%] 53.5 52.3 78.0 19.5 36. 6 12201 248047 2072
Online MOTDTH7] 50. 9 52.7 76.6 17.5 35.7 24069 250768 2474
DMANL29] 48.2 55.7 75.9 19.3 38.3 26218 263608 2194

Private Detection
Process Method MOTAA IDF1A* MOTPA* MT*/% MLY/% FPy FNY IDSy
DeepSORTL2] 60. 3 61.2 79.1 31.5 20.3 36111 185301 2442
) Tracktor+CTdett 19 54,4 56. 1 78.1 25.7 29.8 44109 210774 2574
Online CTrackert26] 66. 6 57.4 78.2 32.2 24,2 22284 160491 5529
Ours 66.7 55.6 78.5 31.5 25.1 20154 162105 5523
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Table 3 Speed of different methods

Dataset Method Type FPS
JDEL8] One-shot 18.5

CTracker[2%] One-shot 17.6

MOTI16 DMANL32] Two-stage 0.3
MOT-CCC One-shot 16. 4

JDEL!8] One-shot 18.5

CTracker[29] One-shot 17.6

MOT17 DMANE32] Two-stage 0.3
MOT-CCC One-shot 16. 4
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Fig. 4 Visualization of results of selected sequences in MOT16 and MOT17
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