SHRAYBE Y RS £
Journal of The Korea Society of Computer and Information

Vol. 27 No. 10, pp. 19-28, October 2022

https://doi.org/10.9708/jksci.2022.27.10.019

A Self-Supervised Detector Scheduler for

Efficient Tracking-by-Detection Mechanism

Dae-Hyeon Park*, Seong-Ho Lee*, Seung-Hwan Bae**

*M. S. candidate, Vision & Learning Laboratory, Inha University, Incheon, Korea
*Full-time Researcher, Vision & Learning Laboratory, Inha University, Incheon, Korea
**Associate Professor, Dept. of Computer Engineering, Inha University, Incheon, Korea

[Abstract]

In this paper, we propose the Detector Scheduler which determines the best tracking-by-detection
(TBD) mechanism to perform real-time high-accurate multi-object tracking (MOT). The Detector
Scheduler determines whether to run a detector by measuring the dissimilarity of features between
different frames. Furthermore, we propose a self-supervision method to learn the Detector Scheduler
with tracking results since it is difficult to generate ground truth (GT) for learning the Detector
Scheduler. Our proposed self-supervision method generates pseudo labels on whether to run a detector
when the dissimilarity of the object cardinality or appearance between frames increases. To this end, we
propose the Detector Scheduling Loss to learn the Detector Scheduler. As a result, our proposed
method achieves real-time high-accurate multi-object tracking by boosting the overall tracking speed

while keeping the tracking accuracy at most.
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Self-Supervised Learning, Quality Measure

= 1T U AA F4E 7] Yal 2 9] TBD (Tracking-by-detection)
HAYSE A4 e 5 A= Detector Scheduler& A|FSH}. Detector Scheduler= A= th& 28| 7F
= = AR HAE7] AW o5& At AA 4 S5 Ptk sHA

, Detector Scheduler®] g5l Z 23+ GT (Ground Truth) A3/d o] 57| W&ol Detector SchedulerE
7hee AL S5 WS AlQkeTh AlRbE A7) sk WS 29 e

A g e o AA 9 SR vl AT A W AE7E AT 7 UET A} Hola
e

%3} Detector SchedulerE 853t}

—|~
off

» A0 TS A 24, A 71 2 AET, HIRME g APRE B S8

 First Author: Dae-Hyeon Park, Seong-Ho Lee, Corresponding Author: Seung-Hwan Bae
*Dae-Hyeon Park (saintPalite2221@inha.edu), Vision & Learning Laboratory, Inha University
*Seong-Ho Lee (leesh_vi@inha.ac.kr), Vision & Learning Laboratory, Inha University
*xSeung-Hwan Bae (shbae@inha.ac.kr), Dept. of Computer Engineering, Inha University

» Received: 2022. 09. 08, Revised: 2022. 09. 22, Accepted: 2022. 09. 28.

Copyright © 2022 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



20 Journal of The Korea Society of Computer and Information

I. Introduction st 22101 o5 7| FAo] Adly]= 59F MOTo] st

o ZAH 4 (Multi-Object Tracking)®] %8 M= petector Scheduler2 A9ttty T2jub Detector
Yk 2A(Tracking-by-detection)[1, 2, 3,  Schedulero] Tj3t GT7} Q7] wZo] Az 3k
412 ARMA S50l met AE AR 19 A/ A (Supervised learning)2 AF&EF 2 gitt. g3t oo] T
Hassociation)S ool E=S G WA 4 ot T2 et e S 72719 Ao QEs)
s D715 AT A A YAl0 g%t EEEAES E giRo] Dojujat 2 i) gelx B Ao s AP} &t
A5t st oE AF R4 F==(Multi-Object %9 =35 Detector Schedulers aH43stch ®3t 2
Tracking Accuracy, oJst MOTA)E =2 4 It Al Joqs 727 A8 o2=2 ey oA} o]
RHAE 71 2A0A FEVIS Bsh] Yot A HIR (pseudo label)S AJoksiC AE7] A8 9Bo] we
o] Ayts st At vjgHCt X =7] miFof| HA| F Z 78x] &8 Ayt 718k AR 71dd2]E](cardinality) &
A 457} olefohs w47 wAYS A& YRAH(localization) Ato]l&  Es| Mz

£ HJIE rjz

2 AFoM= o] ZAIE siZsh] Hall =2 A4t Bl& Detector Scheduling &A1 kx5 Fokstt, & &A1 sF
o] et F&7IS v mduitt BT =a §lol 24 ~= xasistogn MOTAS AUt 9x|51HA MOT
2 AFT A Qe S AR 2 B2 98 22 "y a2 ol Ao A Jut 2R AUSS A
A 7] RArGH ZAEAE(context)S 7H 4 Yol At 2 o} o] HUZE L A& )uk AR upo] Kst
A AR Tt @efEcardinality)?t - A ¥ o met 4o AYY 4 9k Aatdez 2 o
(appearance)] Wal7} bz A2 o1& 012§ a0 2 7)oj: chedt 2k AWE MARF € 145
43 o] 24 2de 2R 2 2 s ZYS 2Ae % AMe) BE N 2R HAUES 2RE 4
Z27gstol, 1% 718 A glo] RIS AT 2 U= 2 9l Detector Scheduler R|ot, ER|2 X}7} 8 up
s s 4 ot < &35} Detector Scheduler 352 ¢Jst oAt ol=

Ausos de7] A% glo] 24 2e £45 2% o Detector Scheduling 24 342 Rosith
Fo=N A FA S5 T 4 Atk o1 31 & Baselined} v] 5] MOTAS 5.8% Zo|= 7gtoz &%
de 98 TAE, ZY =0 W ¢ eI A 47.0% SAIA|ZATE T3t Ca)s solst A Alslat
E7] %Y 2%(skip)2 A& 4 Qo J2iu of A2 MOT dix|ot= glolg] Al Al MOT 29 7ho] Hs
LT AR YoMz 5 & Q7] ieel A8 S wme mlzstcl. 22]9] Detector Scheduler= thal
A= 12 ofg® Aol oIS S0 AA9] 24 (motion)  NVIDIA Titan XpZ AF&sle] MOTI6 EJAE AlojA]
o7t S7FetAY 24 F740] Wobd o MOTAS /A1 MOTA 74.5%, 20.6Hz &%= ZAlskc)

571 Hside 4&71e o Wds] o= A4S B oo r}eq} 7zro] pAE) 2AlJA = B oo}
o Fofof et metA fele 2ARN OF A A dmd 71E Aqo) gis) 7128k, 3RE B oo
2Y5t7] ol AAS Faclsi HA| 24 {25 T slAlol Detector Schedulerol] 7]&3H}. 4= =
T 4 e AAY A AE0] 22Y)2 e A2 SR o104 A|9kst= Detector Scheduler2 Zest 2Ele
= o, MOT #ix|0} 3 Rx] Elole} AojlA AA] Age Has)

o)Z ool AR AT A4, Sl ol TAYY FA  u my Ox A 2R7|9 vl WS 2R FE
=Y 7] 24 At vl BfA(bounding box) B mMo @ Lajo i B ojo] AR s1adt)
(pair)2 A& v]wsty, vl BtA 7}4 AR et o

B 71 U Rl Y II. Related Works

ot ofuet 743 shc)dele] E3k nejslolof sk weiA '

A A BReig A BT A% SATUS BRI 6 o) goje 1 eiqeh el 71 o] el sk
Tk Avo2E £ WE AFS BE 55 4 ¢

o2 sl 9ol L2l Al mefea 7] mefe 7]

A2eH =Y Aols HAste WS ARt £



A Self-Supervised Detector Scheduler for Efficient Tracking-by-Detection Mechanism 21

1. Tracking-by-detection
A= 719t FA(Tracking-by-detection)2 WA A&
12 AHgstof Tov ofulxlelA 7] 9lxlE 2
g A4 me Zo] 4E Zake Aol A Tk
]_

o
%wga}h* ol 4% 79

N

(Seperated Detection and Embedding)
(2, 8]¢} IDE (]omt Detection and Embedding) [1, 3,
412 Aot & ¥R £ Aojde dE A A
o A}do] Y UEYAM Aelsk=Alol tieh o F=
2 ot} SDE= 7% 9 o AHQjo] ==&lo g
Nz b2 YEYIES ALREIT) &, DB 4%
Gl LﬂEquﬂ @ﬁo}oq SAlof sF
A JDEE A4

it ok

olt

re
s
> Lo E\) n

(¢}

?
=
o
<
@,
L
d|m
foYa)
ot
lo
ok
[E do 4
rZ g R ro

>
o

2. Key-Frame Scheduling
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3. Self-Supervised Learning
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III. Methodology
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4. Pseudo Labeling and Detector Scheduling Loss
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Table 1. Detailed comparison with the baseline on MOT15 dataset.
DR MOTA 1 FP | FN | Hz 1

100% 72.9% 1,409 3,204 193

Baseline 80.0% 57.4% 1,068 6,210 235

75.0% 53.5% 930 7,005 24.9

66.6% 46 9% 801 8,253 27.9

100% 72.9% 1,409 3,204 18.9
Detector Scheduler 80.3% 69.2% [3.7% | ] 1,881 3,307 23.1 [22.2% 1]
(Ours) 74.1% 68.1% [4.8% | ] 1,924 3,623 25.1 [32.8% 1]
66.3% 67.1% [5.8% | ] 1,852 3,753 27.8 [47.0% 11
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Table 2. Comparison with the SOTA trackers on MOTChallenge 16/17 test sets

Tracker MOTA 1 IDF1 1 FP | FN | IDs | Hz 1
QDTrack [21] 69.8% 67.1% 9,861 44,050 1,097 20.3
CTracker [22] 67.6% 57.2% 8,934 48,305 1,897 6.8
LM_CNN [23] 67.4% 61.2% 10,109 48,435 981 1.7
HTA [24] 62.4% 64.2% 19,071 47,839 1,619 19.7
MOT16 TraDeS [25] 70.1% 64.7% 8,091 45,210 1,144 22.3
Tube_TK [26] 64.0% 59.4% 10,962 53,626 1,117 1.0
GSDT [27] 74.5% 68.1% 8,913 36,428 1,229 1.6
CenterTrack [28] 69.6% 60.7% 10,458 42,805 2,124 17.5
SOTMOT [29] 72.1% 72.3% 14,344 34,784 1,681 16.0
Ours 74 5% 72.3% 8,614 36,856 1,016 20.6
QDTrack [21] 68.7% 66.3% 26.589 146,643 3,378 20.3
CTracker [22] 66.6% 49.0% 22,284 160,491 5,529 6.8
TraDeS [25] 69.1% 63.9% 20,892 150,060 3,655 175
MOT17 Tube_TK [26] 63.0% 58.6% 27,060 177,483 4,137 3.0
GSDT [27] 73.2% 66.5% 26,397 120,666 3,891 49
CenterTrack [28] 67.8% 64.7% 18,498 160,332 3,039 175
PermaTrack [30] 73.8% 68.9% 28,998 115,104 3,699 11.9
Ours 73.0% 71.3% 23,622 125,664 3,114 20.6
4. Ablation study 5. Comparison with state-of-the-arts methods
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