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[Abstract]

In this study, we solve an online multi-object problem which finds object states (i.e. locations and
sizes) while conserving their identifications in online-provided images and detections. We handle this
problem based on a tracking-by-detection approach by linking (or associating) detections between
frames. For more accurate online association, we propose novel online appearance learning with discrete
fourier transform and partial least square analysis (PLS). We first transform each object image into a
Fourier image in order to extract meaningful features on a frequency domain. We then learn PLS
subspaces which can discriminate frequency features of different objects. In addition, we incorporate the
proposed appearance learning into the recent confidence-based association method, and extensively

compare our methods with the state-of-the-art methods on MOT benchmark challenge datasets.

» Key words: Vision-based tracking, multi-object tracking, appearance learning, image fourier transform,
data association, surveillance system, recognition.

(2 <]

B odye 2dl ds AA 4 A e AAY] Al A 2 A7) %
identifications (IDs)& F4sh= wAlE UEH ZddE HEs dHste] AAEY A
TE ARAHo g2 Al tracking-by-detection 7 =Rl v AA 54 A
sidstaral gt Ageh Ll AdS s
(partial least square, PLS) #4]-& 7|WFo.& st= A2 &2kl 99 g
A FakE mujlo A FHo] golg AA EAFS FE5I

i
o
Y,
e ==
i

tlo
N

Jus)

T,

(0]

Felol olnl A% Wadth Yok AAtel Fo & @+ UE% pLs/u
i3S ghEeit) AlkE QY g5S A AFE 7INE A3 7y Agsielal, o AA)
FA%7} Bopl ] FAHo FAH MOT WAwA AU wlole] AolA Ha o A F
A g yg)=y HugrtE Fa5H]

> FAO: Bl 7| 24, TS A| 24, 9 shg, O|0JA| F2{0f S HO[E Az, ZA| AL-, oY

 First Author: Seong-Ho Lee, Corresponding Author: Seung-Hwan Bae
*Seong-Ho Lee (shLee_CV@inu.ac.kr), Dept. of Computer Science and Engineering, Incheon National University
*Seung-Hwan Bae (shbae@inu.ac.kr), Dept. of Computer Science and Engineering, Incheon National University
* Received: 2020. 01. 14, Revised: 2020. 02. 03, Accepted: 2020. 02. 03.

Copyright © 2020 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



50 Journal of The Korea Society of Computer and Information

I. Introduction

w

O} 78R A (Multi-Object Tracking, MOT)2 th4
AASS 2R 8l AE AT 7 AT Sagete
Z 7t ZFE vlA ZotollA s A
Q= Bof % siolct. B3| ohE 7] £A7|
A AAR, Abg 598 A ARI2]E 2 AR
ofoll 7|8t 7]==2 FHH S AR Tt
ohs 2] 25 WAle A U] Auietel 23§50
T2t 37 detection-free-tracking ®A1[3]a} tracking
-by-detection ¥Al[4]02 JLEET}H £ Mask-RCNN
[5], YOLACT [6] & /d&s A&7I=°l 7Igda =t
tracking-by-detection ¥Al0 2 tfjE2.0] o7} X|SHE]
7 9)c}. o] HRAle Axe] iy AP sjgtog 7} myo]
21] £ 7R tigt 74 VHe-S AAslol 7} ARo] ciet
A A et ran wrt 778 o 2R 252
Yol thefet dloje] A darejEo] ZiEE .
QrEo2 do]d %&s SN 2R ) B 0E
HE2.710] affinityS H71eE 4~ Q&2 7HA|| affinity ZE0]
L astt). o5 78R A0 A= & appearance (23),
motion (2A), shape (H]) 22 &2 AR5 affinity @
2e 2751 53], appearance 222 o]u|x] 79k 7|
FROIA AR 8-S o5 714 Fesith MEAoe
RGB, HSV, YCbCr 7Z+& color S|AE T138S SE51= HlAl
o] AHRE|QICY. HAIR ofeigt wAle ZRiS o] elgo] fat
g Ay Bmes A4 A9 34 gso] Aster
olefst BRIZ slal] el £ =Rola olst =
of gt B8 4 A5

rir

P

M

HF¥(partial least square, PLS)
wAS 7lHte R Sk Az 22fQ] @Y st WS Al
ofettt. Aoz, ZF ZA|of Tt o]u|x|& F2]of o]
OJR| 2 $igtste], 5ot Fube wofRlofA] ZF ZiAof o
g oJujx] by TER(EE O[U|R]))E FETCE FA A
AlSof tist Zuks ojo)jx] U 2M(EX identification)
3 PLS 34§ SHgslel Adle 1o oY

wRe et o Ty 2oL Atk
A 9l ola sk 7]ga B A7) o
sl Azl Jlute] o

o] At} FEHY Q= QY o LG5S =¢ith 4
golM= MOT ®ixjop= AYX] HloJg] AloflA], thefeh
QY ¥a2lE AEsto] ablation studyE Z1985HAL,
A g OF AR 24719t v Hrhe pe85HoIT

SolAE £ =2o] A2 =adc

II. Related works

Z|Z tracking-by-detection ¥}Al19] th% 7B FA
e AT WAl o 3 vhx] S5 WAln ekl
FA yalog pREch wx] 28 YAl7le
Aws Ageb] S8l AR maloy PEE

r>|
22

=

m
iy
(R

|
= ==

Flioﬂ E‘HOH H}—EF]O] 7—]7< H}.o 02]_1,}—% ;J,*?_}D}.
mafolo] tigt K] 2% AU Algolol A =S 3
;ﬂ /d‘c—)g A1

Hsp) theo] Lejel A4 WAluT S
QIck. Jejut, Abgol] FA) mefolol chat
S 7HRl3 glofolstr] wRo] AlARE %a
4‘16}7IL oIek olst wefe, 22kl g@

n}i no

7—l7< HED}—_ A}_Q_ }o:] 7(4 {EﬂE o:]/\‘]E_ 1,]?_}-
ATS 2ayshe WAolCk mepy, 2ajel

U] 5] Al0] wlal AAZE ool o] i, A
sict. 2ohel 24 WAl ujef Zeo) Auel R ol

stof, 1 717ke] WA (occlusion)oly ZHA] Q)% wHato
el Fofst, &4 Al P42 Yt AE vhe o]

oA = AZE LS Ba(track
fragment) X IDs AgHidentity switches) AFS ©IAH
A7 A 52 RSHAIZIL) o2st #AIE s A5 ]
i 24 AA Be 4E 9] 2 s A
affinity 292 ek e )% FRsich
A== Ftollet 9 ZAAe} gRidel oAl
affinity2 @7tsl7] oo A& ZAQ] &% 4 7i&c e ot
Chsh= Zhl =E|[9] F= Ho]x]oF WEJ[10]2 AFRSH=

ol £

()

ol

o

A

=

OJ—L

motion GAFES F7FsHs Ldo] AAE| it E3F, 7RA]
7t 18-S Q3] of2 71X appearance TES Z&35M= uf

A1E0] RAEUTt color 3|AET2H[11], 7127] 3]AE
J28(HoG)[12] 5-& ZEst0] 93] QAIE 2 v wsh= 8}l
1} 93 EAF &0 st ARt BHES ZaA7]a oY

4 A2 sRAR]7]7] Yol B8 Z7HS Sk Sh= HEA
(subspace learning)[13, 14]2 =Rght= ¢ o
(shallow model) ®}A10] AIA=| it} E9T, & GPU

21} 34 CNN (convolutional neural networks)(4, 8,




Online Multi-Object Tracking by Learning Discriminative Appearance

with Fourier Transform and Partial Least Square Analysis 51

Confidence assodiation

Appearance leaming with Discrete Fourier Transform and PLS
Affinity models

Discrete Fourier transform

R
N
I 'ﬂ"‘él

Local data association

!
3‘” |<I -

Confidence update Global data association

Shape Motion Appearance

Fig. 1.

The overall framework consists of confidence—based data association and appearance learning with Fourier

transform and partial least square analysis.

15]Z ol gsto 789 Q= JF EATE FE0h= A2
2H)(deep model) {8t WAlo] AA|=|Qict.

E3t & 2o F2]of] HghE o]&sfo] A FAZ %Iy
Sk WAlo] AAIE QI [16, 1712 Fe2]o] #ghe o0&
5o} O|ulR] EAHE Fifp JREOR Wl oY §
g Aitol] Qloj %‘%‘(correlatlon) 2 AERA
(convolution) HAFS =2 A g 8408 4o85H= O

o 7ZBA| 24 gAlo] AA|E ATt

B =80 JH3 20 gppearance RS £
Hall Fajoll Hgkz F3l oJulA|E F2fo oJulx] 2 Tt
sto] Fupe I % EAS Zt A 7_1,4x110ﬂ o
gh Fuby 549 EHS P71V sl PLS £4& &
FE Shsshe 220l Y o Wie Kﬂ?_}?_}q.

FE0hL,

P

O-r‘

III. Methodology
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3.1 Confidence Association
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IV. Experiments
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Table 1. Performance comparison with different appearance models on the 2016 MOT challenge benchmark
training dataset sequences (MOT16-09, MOT16-10, MOT16-11, and MOT16-13).
Method Sequence MOTA 1 MOTP 1 FAF | MT 1 ML | FP | FN/ IDS | FG| Hz 1
MOT16-09 31.18% 73.81% 14 8.00% | 76.00% 725 2846 47 83 9.70
(a1) with MOT16-10 16.72% 73.30% 1.1 1.85% | 29.63% 739 9369 151 259 9.78
RGB hist MOT16-11 44.74% 78.34% 0.8 11.60% | 37.68% 752 4288 30 40 11.96
: MOT16-13 14.63% 73.04% 1.2 4.67% | 31.78% 929 8821 25 109 16.26
Avg. 29.80% 76 .87% 1.7 431% | 5686% | 2802 | 26088 302 488 11.39
. MOT16-09 39.13% 74.23% 1.4 2000% | 12.00% 751 2402 47 75 9.93
(jizs)cr\":tt: MOT16-10 | 2454% | 7424% | 13 | 1.85% | 5000% | 860 | 8337 | 98 | 199 | 10.78
fourier MOT16-11 44.96% 78.31% 0.8 1159% | 50.72% 738 4281 30 41 12.73
transform MOT16-13 14.58% 72.94% 13 4.67% | 6542% 968 8789 24 107 14.85
Avg. 28.47% 75.38% 1.2 7.45% | 52.94% 3317 23809 119 422 12.05
(a3) with MOT16-09 38.67% 73.64% 2.2 2000% | 8.00% 1162 2016 46 88 3.95
discrete MOT16-10 31.78% 73.93% 2.0 1296% | 44.44% 1289 7051 63 179 4.19
fourier MOT16-11 44.64% 78.35% 0.8 10.14% | 50.72% 744 4305 29 40 12.88
transform MOT16-13 14.42% 72.94% 13 4.67% | 6542% 986 8789 24 107 16.80
and PLS Avg. 30.62% 75.05% 1.5 9.41% | 51.37% 4181 22161 162 414 7.01
SRS J1A FhoRe sl BE @yl sl 4.2 Ablation study
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Table 2. Performance comparison with other MOT systems on the 2016 MOT Challenge benchmark. The
results are sorted according to settings and MOTA scores.

Method Setting | Learning | MOTAT | MOTP? | FAF| | MT? ML | FP| FN| IDS| | FG| | Hz?
proposed . o o o o
o) | Online | Shallow | 382% | 748% | 32 | 9.6% | 440% | 18915 | 93051 | 689 | 2006 | 51
T{ Zc[kge]r Online Deep 544% | 78.2% 06 | 19.0% | 36.9% | 3280 | 79149 | 682 | 1480 | 15
CEQ—'?E]A Online | Deep | 439% | 747% | 11 | 107% | 44.4% | 6450 | 95175 | 676 | 1795 | 0.5
GMPHD_ | s e | Deep | 351% | 766% | 04 | 70 | 51.4% | 2350 | 111886 | 4047 | 5338 | 3.5
DAL [22]
AM[;Q?M Online | Shallow | 401% | 754% | 14 | 71% | 462% | 8503 | 99891 | 789 | 1736 | 58
EuAbM[TzTi Online | Shallow | 388% | 75.1% | 14 | 79 | 491% | 8114 | 102452 | 965 | 1657 | 11.8
O[\Z’E‘]T Online | Shallow | 384% | 754% | 19 | 7.5% | 47.3% | 11517 | 99463 | 1321 | 2140 | 03
JCmin_ . o o o o
MOT 5 | Online | Shallow | 367% | 75.9% | 05 | 75% | 544% | 293 | 111890 | 667 | 831 | 148
GMPHD_ | (s ine | Shallow | 305% | 754% | 09 | 46% | 59.7% | 5169 | 120970 | 539 | 731 | 136
HDA [26]
Q;’:d[g"%T Batch | Deep | 44.7% | 764% | 11 | 14.6% | 449% | 6388 | 94775 | 745 | 1096 | 1.8
G“["Z“ggjp Batch | Shallow | 381% | 758% | 11 | 86% | 509% | 6607 | 105315 | 937 | 1669 | 05
DP[-Z';‘]MS Batch | Shallow | 262% | 763% | 06 | 41% | 67.5% | 3689 | 130557 | 365 | 638 | 59
FG &= Zt43IT) o], 2o o]ujx] EXIZko] PLS & 4.3 Comparison with SOTA on MOT16
2 37 shsS A8sto], 78AlEl ZE2]of| ojulx] 7|8t benchmark challenge
appearance R&o] 1 =0 o]y JHAZ JIX| D2 2 AdoA= Aot Y shaat Alg| = 79 At vF
Al gl ol Watof] FsA Bl Ba] A4S WAlIE  WE S s AR £A AJARIY o2 A4l o
TR 212 2 4 Otk Fig, 25 3 =2old ARt 91d A 257]9}0] ulwE 23sh7] Qs MOT16 MAIok 2
81 WAS MK T IR S5 71E ROB SIAET  A[D0] 2K A4S WG Table. 25 & A7
= 7|9t appearance B& T} 7BA] A0 &2 ZAuts oA Aot ofE A A Al RN O 24 O A
HOKE, 2 oo G NS Ee] ST} A £ s WS RO o s tan

= O;(]
— X = T
o] KLl Fa}

Proposed model

RGB hISt based appearance model

Fig. 2. Tracking results by using our proposed model
(left) and RGB histogram based model (right) on the

MOT16-10 frame 76.

MOT16-09 and MOT16-10 sequences.
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Fig. 3. (a)-(n) Tracking results using the proposed model on the 2016 MOT Challenge dataset.
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