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Designing Affinity Model for Multiple Object Tracking Based on Deep Learning
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Abstract
a few deep learning approaches to multiple object tracking (MOT). Since the key component in detection based multiple

While deep learning has made a breakthrough in many sub-fields of computer vision recently, there are only

object tracking is to design a robust affinity model, this paper proposes a novel affinity model based on deep neural
network and metric learning, that is, metric learning, a widely used technique in the task of person re-identification (Re-
ID), is exploited with convolutional neural networks (CNNs) to design the object’s appearance model. Specifically, we
adopt a three-channel CNNs that is learned by triplet loss function, to extract the discriminative appearance features and
compute appearance similarity between objects. The appearance affinity is then combined with motion model to estimate
associating probability among trajectories. A hierarchical association strategy is employed by the Hungarian algorithm.
At the low level, a set of short but reliable tracklets are generated in a frame by frame fashion. These tracklets are then
further associated to form longer tracklets at the higher levels via an adaptive sliding-window mechanism. Experiment
results in the challenging MOT benchmark demonstrate the validity of the proposed method. Compared with several
state-of-the-art approaches, our method has achieved competitive or superior performance.
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Fig.1 The overall framework of multi-object tracking method
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Table 1  Results of ablation study
Trackers MOTA (1) MOTP (1) MT (1) (%) ML (1) (%) FP (1) FN (]) IDS (1)
A+ T 19.5 74.6 7.41 66.70 109 14202 43
M+ T 17.6 74.6 7.40 64.80 307 14326 70
A+M+T 21.0 74.3 9.26 70.40 175 13 893 16
A+M+V 14.7 75.1 1.85 67.00 60 14804 339
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Table 2 Results of MOT16 test set
Trackers Mode MOTA (1) MOTP (1) MT (1) (%) ML () (%) FP(]) FN(]) IDS(]) HZ(1)
AMIR/[2°] Online 47.2 75.8 14.0 41.6 2681 92 856 774 1.0
CDAI#9] Online 43.9 4.7 10.7 44.4 6450 95175 676 0.5
AR Online 43.1 74.2 124 47.7 4228 99 057 495 0.7
EAMTTI*1] Online 38.8 75.1 7.9 49.1 8114 102452 965 11.8
OVBT2 Online 38.4 75.4 7.5 47.3 11517 99463 1321 0.3
Quad-CNN!17] Batch 44.1 76.4 14.6 44.9 6388 94775 745 1.8
LIN1M43] Batch 41.0 74.8 11.6 51.3 7896 99 224 430 4.2
CEM[44] Batch 33.2 75.8 7.8 54.4 6837 114 322 642 0.3
%3 2DMOT2015 it a2k 0
Table 3  Results of 2DMOT2015 test set
Trackers Mode  MOTA (1) MOTP (1) MT (1) (%) ML () (%) FP(l) FN() IDS(l) HZ(1)
AMIR/[2°] Online 37.6 717 15.8 26.8 7933 29 397 1026 1.9
AR Online 34.2 71.9 8.9 40.6 7965 31665 794 0.7
CDA[5] Online 32.8 70.7 9.7 42.2 4983 35690 614 2.3
RNN_LSTM[24 Online 19.0 71.0 5.5 45.6 11578 36 706 1490 165.2
Quad-CNN[7] Batch 33.8 73.4 12.9 36.9 7879 32061 703 3.7
MHT_DAM![6] Batch 324 71.8 16.0 43.8 9064 32060 435 0.7
CNNTCM[?2! Batch 29.6 71.8 11.2 44.0 7786 34733 712 1.7
Siamese CNNI19] Batch 29.0 71.2 8.5 48.4 5160 37798 639 52.8
LIN1[43] Batch 24.5 71.3 5.5 64.6 5864 40207 298 7.5
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¥ K 8 /& MOT16-06 fY—BOG IR A& AW &4

Fl5 MOT16-01 BREFSEH (MZEBARUCHH 121, 174, 248 )
Fig.5 Tracking results of MOT16-01 (121st, 174th, 248th frames from left to right)

K6 MOT16-03 BREFZEHE (MAESEMKIKNE 249, 307, 424 M)
Fig.6 Tracking results of MOT16-03 (249th, 307th, 424th frames from left to right)

B 7 MOT16-07 BREFZER (AR NS 397, 455, 500 i)
Fig.7 Tracking results of MOT16-07 (397th, 455th, 500th frames from left to right)

™)) )Y

K8 MOT16-06 BREZSEHR (MAEIH KN 537, 806, 1188 1)
Fig.8 Tracking results of MOT16-06 (537th, 806th, 1188th frames from left to right)
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Table 4  Tracking results of UA-DETRAC dataset
MOTA (1)  MOTP (1)  MT(D)(%)  ML()(%)  FP()  FN()  IDS(])
IR 65.3 78.5 75.0 8.3 1069 481 27

K 10 MVI_39771 PR

AR, HH AR RSH R AEARfk, B0 T BR B
B, (HH bR 38 M 537 MiF|25 1 188 il— L4 1E
i

4.5 UA-DETRAC ¥iBERIFSLIE

Ry i Ul B AR SO A R, R AN T
T—4H7E UA-DETRAC %454 1) 2= 59 IR 3 50
¥y scy vl ] UA-DETRAC ¥t 4 Train W
() MVI_20032 Fl MVI_39771 £ H¥F4E, R-CNN
(Region-CNN) U7 SR A i 7 . AR, B30T
AR SL A R A S B R B, I SRR AT AT ] I 2%
AR R SCHR [11, 40] 7€ SCRIBRIMEAR PPAG B ER
BEYAMIVERE. DAL A0 AT 43 50 e F RS RTRH K
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SRR 4 FR, IREETTIbgE R 9 A 10 fir
R I ERAE SR DAE B, AR SCEEAE IR
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5 Zhip

e TR 2 BARREAEZE T, S 7 —Fb
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S R SRR AR H AR SN BURE s P4k
fia AT S B R B SRR A, A L il

(MZEBIAHUCHE 1. 54, 113 1)
Fig.10 Tracking results of MVI_39771 (1st, 54th, 113th frames from left to right)

. RN 2 RPN 2F M SE, 13 Elizsi A
PRIGSEREPLL. XA-PhA 5T IRER SR E RS
PP AT UERA 7B = e 45 5% ek R0 = S LA
PR, 78 2DMOT2015. MOT16 2 F % da
8 b5 u— B R R RIEAT TR, ARSO AR
137 2 B SUCHY R ERBOR. IR, @ e UA-
DETRAC #ff 4 _F A R BR S 56 Ui WA AS SCRVATE FR
TSN AN AR (05%) LR — A
R AHAR ST YRAE B IR ) 5 A B I 7= 2 4
BRARIR, 4 Ja ] DA JEAR LT 2 U e 22 ) 2% (1Y i
SFFAESR OB AL, RE ISR I 2 3 54k 5 SRR B S
WLRFAE — B % AT = T2 i 2% 1) B2 1 ) 4 A T2
>, FREI R AL FE DR BOA T R AR B
R R, SEILHE Ik

References

1 Luo W H, Xing J L, Milan A, Zhang X Q, Liu W, Zhao
X W, et al. Multiple object tracking: A literature review.
arXiv preprint arXiv: 1409.7618, 2014.

2 Felzenszwalb P F, Girshick R B, McAllester D, Ramanan D.
Object detection with discriminatively trained part-based
models. IEEE Transactions on Pattern Analysis and Ma-
chine Intelligence, 2010, 32(9): 1627—1645

3 Girshick R. Fast R-CNN. In: Proceedings of the 2015 IEEE
International Conference on Computer Vision. Santiago,



1244

PR BT IR > 102 F AR B IR A B T

2699

10

11

12

13

14

15

16

Chile: IEEE, 2015. 1440—1448

Yin Hong-Peng, Chen Bo, Chai Yi, Liu Zhao-Dong. Vision-
based object detection and tracking: A review. Acta Auto-
matica Sinica, 2016, 42(10): 1466—1489

(YRS, VR, S5, MRk BT ILEm B bRl 5 iRk, |5
FMLEER, 2016, 42(10): 1466—1489)

Xiang J, Sang N, Hou J H, Huang R, Gao C X. Hough
forest-based association framework with occlusion handling
for multi-target tracking. IEEE Signal Processing Letters,
2016, 23(2): 257—261

Yang B, Nevatia R. Multi-target tracking by online learning
of non-linear motion patterns and robust appearance mod-
els. In: Proceedings of the 2012 IEEE Conference on Com-
puter Vision and Pattern Recognition. Providence, USA:
IEEE, 2012. 1918—1925

Nummiaro K, Koller-Meier E, Van Gool L. An adaptive
color-based particle filter. Image and Vision Computing,
2003, 21(1): 99—110

Dalal N, Triggs B. Histograms of oriented gradients for hu-
man detection. In: Proceedings of the 2005 IEEE Computer
Society Conference on Computer Vision and Pattern Recog-
nition. San Diego, USA: IEEE, 2005. 886—893

Tuzel O, Porikli F, Meer P. Region covariance: A fast de-
scriptor for detection and classification. In: Proceedings of
the 2006 European Conference on Computer Vision. Graz,
Austria: Springer, 2006. 589—600

Xiang J, Sang N, Hou J H, Huang R, Gao C X. Multitarget
tracking using Hough forest random field. IEEE Transac-
tions on Circuits and Systems for Video Technology, 2016,
26(11): 2028—2042

Milan A, Leal-Taixé L, Reid I, Roth S, Schindler K. MOT16:
A benchmark for multi-object tracking. arXiv preprint
arXiv: 1603.00831, 2016.

Leal-Taixé L, Milan A, Reid I, Roth S, Schindler K.
MOTChallenge 2015: Towards a benchmark for multi-target
tracking. arXiv preprint arXiv: 1504.01942, 2015.

Krizhevsky A, Sutskever I, Hinton G E. ImageNet classifica-
tion with deep convolutional neural networks. In: Proceed-
ings of the 25th International Conference on Neural Infor-
mation Processing Systems. Lake Tahoe, USA: MIT, 2012.
1097—1105

Guan Hao, Xue Xiang-Yang, An Zhi-Yong. Advances on
application of deep learning for video object tracking. Acta
Automatica Sinica, 2016, 42(6): 834—847

(W, BRI BH, 267555, VRS S e AUIa AR BB v i) B e 5
JEHE. HBlbaAMR, 2016, 42(6): 834—847)

Bertinetto L, Valmadre J, Henriques J F, Vedaldi A, Torr P
H S. Fully-convolutional siamese networks for object track-
ing. In: Proceedings of the 2016 European Conference on
Computer Vision. Amsterdam, The Netherlands: Springer,
2016. 850—865

Danelljan M, Robinson A, Khan F S, Felsberg M. Beyond
correlation filters: Learning continuous convolution opera-
tors for visual tracking. In: Proceedings of the 2016 Eu-
ropean Conference on Computer Vision. Amsterdam, The
Netherlands: Springer, 2016. 472—488

17

18

19

20

21

22

23

24

25

26

27

28

29

Son J, Baek M, Cho M, Han B. Multi-object tracking with
quadruplet convolutional neural networks. In: Proceedings
of the 2017 IEEE Conference on Computer Vision and Pat-
tern Recognition. Honolulu, USA: IEEE, 2017. 3786—3795

Emami P, Pardalos P M, Elefteriadou L, Ranka S. Machine
learning methods for solving assignment problems in multi-
target tracking. arXiv preprint arXiv: 1802.06897, 2018.

Leal-Taixé L, Canton-Ferrer C, Schindler K. Learning by
tracking: Siamese CNN for robust target association. In:
Proceedings of the 2016 IEEE Conference on Computer Vi-
sion and Pattern Recognition Workshops. Las Vegas, USA:
IEEE, 2016. 418—425

Sadeghian A, Alahi A, Savarese S. Tracking the untrackable:
Learning to track multiple cues with long-term dependen-
cies. In: Proceedings of the 2017 IEEE International Confer-
ence on Computer Vision. Venice, Italy: IEEE, 2017. 300—
311

Tang S Y, Andriluka M, Andres B, Schiele B. Multiple peo-
ple tracking by lifted multicut and person re-identification.
In: Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu, USA: IEEE,
2017. 3701-3710

Wang B, Wang L, Shuai B, Zuo Z, Liu T, Chan K L, Wang
G. Joint learning of convolutional neural networks and tem-
porally constrained metrics for tracklet association. In: Pro-
ceedings of the 2016 IEEE Conference on Computer Vi-
sion and Pattern Recognition Workshops. Las Vegas, USA:
IEEE, 2016. 368—393

Gold S, Rangarajan A. Softmax to softassign: Neural net-
work algorithms for combinatorial optimization. Journal of
Artificial Neural Networks, 1996, 2(4): 381—399

Milan A, Rezatofighi S H, Dick A, Schindler K, Reid I. On-
line multi-target tracking using recurrent neural networks.
In: Proceedings of the 2017 AAAI Conference on Artificial
Intelligence. San Francisco, USA: AAAI, 2017. 2—4

Beyer L, Breuers S, Kurin V, Leibe B. Towards a principled
integration of multi-camera re-identification and tracking
through optimal Bayes filters. In: Proceedings of the 2017
IEEE Conference on Computer Vision and Pattern Recog-
nition Workshops (CVPRW). Honolulu, USA: IEEE, 2017.
1444—1453

Farazi H, Behnke S. Online visual robot tracking and iden-
tification using deep LSTM networks. In: Proceedings of
the 2017 IEEE/RSJ International Conference on Intelligent
Robots and Systems. Vancouver, Canada: IEEE, 2017. 6118
—6125

Kuo C H, Nevatia R. How does person identity recognition
help multi-person tracking? In: Proceedings of the 2011
IEEE Conference on Computer Vision and Pattern Recog-
nition. Providence, RI, USA: IEEE, 2011. 1217—1224

Xiao Q Q, Luo H, Zhang C. Margin sample mining loss:
A deep learning based method for person re-identification.
arXiv preprint arXiv: 1710.00478, 2017.

Huang C, Wu B, Nevatia R. Robust object tracking by hier-
archical association of detection responses. In: Proceedings
of the 2008 European Conference on Computer Vision. Mar-
seille, France: Springer, 2008. 783—801



2700 H 3l

e

¥ 46 %%

30

31

32

33

34

35

36

37

38

39

40

41

42

43

Cheng D, Gong Y H, Zhou S P, Wang J J, Zheng N N. Per-
son re-identification by multi-channel parts-based CNN with
improved triplet loss function. In: Proceedings of the 2016
IEEE Conference on Computer Vision and Pattern Recog-
nition. Las Vegas, USA: IEEE, 2016. 1335—1344

He K M, Zhang X Y, Ren S Q, Sun J. Deep residual learn-
ing for image recognition. In: Proceedings of the 2016 IEEE
Conference on Computer Vision and Pattern Recognition.
Las Vegas, USA: IEEE, 2016. 770—778

Toffe S, Szegedy C. Batch normalization: Accelerating deep
network training by reducing internal covariate shift. In:
Proceedings of the 32nd International Conference on Ma-
chine Learning. Lille, France: ACM, 2015. 448—456

Glorot X, Bordes A, Bengio Y. Deep sparse rectifier neural
networks. In: Proceedings of the 14th International Con-
ference on Artificial Intelligence and Statistics. Fort Laud-
erdale, USA: JMLR, 2011. 315—323

Schroff F, Kalenichenko D, Philbin J. FaceNet: A unified
embedding for face recognition and clustering. In: Proceed-
ings of the 2015 IEEE Conference on Computer Vision and
Pattern Recognition. Boston, USA: IEEE, 2015. 815—823

Zheng L, Shen L Y, Tian L, Wang S J, Wang J D, Tian
Q. Scalable person re-identification: A benchmark. In: Pro-
ceedings of the 2015 IEEE International Conference on Com-
puter Vision. Santiago, Chile: IEEE, 2015. 1116—1124

Li W, Zhao R, Xiao T, Wang X G. DeepRelD: Deep filter
pairing neural network for person re-identification. In: Pro-
ceedings of the 2014 IEEE Conference on Computer Vision
and Pattern Recognition. Columbus, USA: IEEE, 2014. 152
—159

Hermans A, Beyer L, Leibe B. In defense of the triplet
loss for person re-identification. arXiv preprint arXiv: 1703.
07737, 2017.

Kingma D P, Ba J. Adam: A method for stochastic opti-
mization. arXiv preprint arXiv: 1412.6980, 2014.

Yang B, Nevatia R. Multi-target tracking by online learning
a CRF model of appearance and motion patterns. Interna-
tional Journal of Computer Vision, 2014, 107(2): 203—217

Bernardin K, Stiefelhagen R. Evaluating multiple ob-
ject tracking performance: The CLEAR MOT metrics.
EURASIP Journal on Image and Video Processing, 2008,
2008: 246309

Sanchez-Matilla R, Poiesi F, Cavallaro A. Online multi-
target tracking with strong and weak detections. In: Pro-
ceedings of the 2016 European Conference on Computer Vi-
sion. Amsterdam, The Netherlands: Springer, 2016. 84—99

Ban Y T, Ba S, Alameda-Pineda X, Horaud R. Tracking
multiple persons based on a variational Bayesian model. In:
Proceedings of the 2016 European Conference on Computer
Vision. Amsterdam, The Netherlands: Springer, 2016. 52—
67

Fagot-Bouquet L, Audigier R, Dhome Y, Lerasle F. Improv-
ing multi-frame data association with sparse representations
for robust near-online multi-object tracking. In: Proceed-
ings of the 2016 European Conference on Computer Vision.
Amsterdam, The Netherlands: Springer, 2016. 774—790

44 Milan A, Roth S, Schindler K. Continuous energy minimiza-
tion for multitarget tracking. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 2014, 36(1): 58—72

45 Bae S H, Yoon K J. Confidence-based data association and
discriminative deep appearance learning for robust online
multi-object tracking. IEEE Transactions on Pattern Anal-
ysis and Machine Intelligence, 2018, 40(3): 595—610

46 Kim C, Li F X, Ciptadi A, Rehg J M. Multiple hypothesis
tracking revisited. In: Proceedings of the 2015 IEEE Inter-
national Conference on Computer Vision. Santiago, Chile:
IEEE, 2015. 4696—4704

47 Girshick R, Donahue J, Darrell T, Malik J. Rich feature
hierarchies for accurate object detection and semantic seg-
mentation. In: Proceedings of the 2014 IEEE Conference
on Computer Vision and Pattern Recognition. Columbus,
USA: IEEE, 2014. 580—587

RELE g RIS TE B LR
Be . 2007 4EfRAE rh Rk R AR
MERBERG AL ERAITr 1
RS SRR

E-mail: zil@scuec.edu.cn

(HOU Jian-Hua Professor at the
College of Electronic Information En-
gineering, South-Central University for
Nationalities. He received his Ph.D. degree in pattern
recognition and intelligent system from Huazhong Univer-
sity of Science and Technology in 2007. His research inter-
est covers computer vision and pattern recognition.)

SREID e RO 2 (5 L LR
BEmil LA 5E 4. 2016 R4 KERE L
AL FEEHRI D5 1) R AL B S
H5]. E-mail: guoshuaiz@scuec.edu.cn
(ZHANG Guo-Shuai Master stu-
dent at the College of Electronic In-
formation Engineering, South-Central
University for Nationalities. He re-
ceived his bachelor degree from Changchun University in
2016. His research interest covers image processing and
pattern recognition.)

TR e R RS R B LR
BEVFIN. 2016 4F 34 iR R~ 2 il B
FH TR LA BERET T
AL E SRR B A SCEEEE.
E-mail: junxiang@scuec.edu.cn
(XIANG Jun Lecturer at the Col-
lege of Electronic Information Engi-
neering, South-Central University for
Nationalities. She received her Ph.D. degree in control
science and engineering from Huazhong University of Sci-
ence and Technology in 2016. Her research interest covers
computer vision and pattern recognition. Corresponding
author of this paper.)



