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HZ I HolH Y 5FoE ol AR O AHEatr] al AA ¥R 9 4, @5 U2, 4 A2, A2 E(Re-ID)
I 22 oofd AFENA 71Ed i o5 ST 28y A 22 9 33 Ve AAY] 4 EF Fih oY
3} A%, 22 (Occlusion) $3} 2ol H5E A7 W olel g2 2 Ak olol wek AA) B4 R 37 =
2 ZR0E e Y5 L B4 24 2 =9 AAE vojr] 3o Ue Aeth E=9 ool RdS 249 He)

Y ogAE WEI HHsl BEo7 A5 A3E etk £ AFoAE YOLOVS7]HE DeepSORT AAF2 2,
SlowFast 7|5+ @& 914 2@ Torchreid 7%k A48 2@ 1231 AWS Rekognition®] ¥4 Q14 mdlS 3835 g4
B4 A z"d &Y A2 AFH F33KSingle-linkage Hierarchical Clustering)E 838 A|2/¥(Re-ID) 7%} GPUY
WEg] 2~ Throughput)yS Stislele X2 7HE 463 35 2 34 A28 94 £4 AL E Akt 2 o
TollA AbEH Al xEl 7HAg HEY S ARSSE A AE Bl AFET =2 A9 AAIZ /e A s
M2, AA 9] 44 29 F4 olgd AsA, LFFA T T F4 Ao E BHstL Y W AAE P L FF
A4 ARE FY AA A&EH o2 AFstd e EEHoR BAE £ Qi

FACL : AR A, AN, AF A, 54 94, I 24

=2RA0l 0021 118 252 =24l 00221 12 82 AIKHEEY : 20221 1 142

%E%g : zrch%g Fast Track WA} 2RI

1. Fe BAE] AT sEE AYe Fow o
A AEA S L83l =S 248t

FHoll 2EE, CCTV, £9dts, 13kl 7k O AdE o] 88f J1¥s Hxsh m¥sia )
et SoRRE s 9 HolE 9 el 31(Singh, 2018)(Wright et al., 2020), ZL &
w43 S7HAAL o]l wet v E D7 HlEe] FZdd 4L 52 U8F e 9%
B E7MEe 2 Algtolu A & Ql4fste] 9 of Aed A=HE A 2F(Lee et al., 2009), A
mE ARE FESL WES AAFer B 74 5L 7R A 2 2HPY S 58
Astar #83h7] A% s7Akgel FulEa 9l e A '] Z]H(Shin et al., 2012), 23] A
THKo et al., 2014). T3k B2 2k Fofoj A < TteEe 2l A odlHE HAs 7)Y
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MA F2(JANG et al.,, 2019) 5 A7} 53

Aot

B U AA E s 1A Rl 327 Q14
2o 747 A Q12 B A 14 BdlS
ZIdto = A X|et = YA EAHEES o]
43te] FdF th(Herath et al.,, 2017)(Azizan and

Khalid, 2018). A ZAAE & F43}7]
SORT(Simple Online and Realtime Tracking)®} <17
o B2 54(Feature)= ©]-8-3= 2H Two-step)
walo] A F4 4312]F DeepSORTF 5743
THBewley et al., 2016)(Wojke et al., 2017). 12}
U DeepSORTOIA AAIZE A5 BAst7] 9|8
A EE 93 WEYMetric) 0.2 T HEH
0] 2(Simple Nearest Neighbor)S AF&-3te] 74|
9] g &AA ole 9 A SA Agloly) 71 A7

oo L3 FH ) AT Aol M= FEET}
@A 8] Eojxit.

B d7e w2 A% A ds& 7Y
A AAE s 5 £ 45 #l8 YOLOvS

(Glenn et al., 2021) 7|9t DeepSORT A2 =
o SlowFast(Feichtenhofer et al., 2019) 7|5+ 3%
Q1) =&l Torchreid(Zhou and Xiang, 2019) 7|5+
A2 =9 TI28]31 AWS Rekognition(Amazon,
2021)9] A4 <14 2U8 523 GA BA A
2Hlof] ©d dA ATH 3 §}(Smgle-lmkage
Hierarchical Clustering)E 83 A28 7|H

% g A A 2Ele AljkgiT) A A S
M| 0] G i old T A TH

A & Sol|A] FH ol A 22 A
oisl A2 o] 7Fssitt. =S GPUY HI &
2FEE HAUisletEA W= QAR
< %= F e AAE A A F(Bounding
Box Queue by Object)2} 53 FF(Feature Queue)

71%¥, AWS RekognitionS 53] 2143k 30|
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t
e
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A 2 Hrseh A
(Intersection over Face) &al

B Aol A theat 2ok 2gelME
A77} Agkahs Alzwlo] ALgE AA
22, AN, A5 <14, £ A4
FEMA 7)o o|&4 uiAH A3 Aol #
3 Atk 3 E B ATolA Albe=
A 2-Elo] 3] Htﬂsh:} 4R A= A E HolE
9‘r éﬂroﬂ sl A Attt vpx|eto2 5ol A
= AEo| Hal A3

Jc

—

2.

i

o

2.1. 4 X &
Tracking)

F&(Object Detection &

A GAE UAY olulAst el H M=
g 50 AAE AW, TRAAY

= BFs7] S7 AFE ¥R Z)solth. A4
%] 7]<2 CNN(Convolutional Neural Network)
o) e, Weld el WA, 121 GPU
4 B 1917 2hel e ok weA

A3kar lTh(Jaioet al., 2019). o]l uhe} A4 &
A 7leS FHAT oA s &/
U=H|, Bk A Al='oA F3E AAE '
Al

AL (Wang et al., 2017) (Bashir et al., 2019)
o5 738} Al2Elo A 3] 79-S 21§ 3}=(Younis
et al., 2019) 5 ARG Yo ez thofsh
FAE dldste o 4T

HeldS 7IRe 2 g AX &X+ A 2
Al(Two-stage) 8213 1A (One-stage) H4 0=
Uz 7 ok 29 A A& WA o]m| | o A A
Ao A5 AASt, 1 o EF/717F ST



ARG vk, HAA gJEd s A
YOLOv4(Bochkovskiy et al., 2020)9} -2
IS =& R HTHGudelj et al.,
2021). HZol= YOLOvS 2do] 2= e,
YOLOv5+= YOLOV4S} 5L 5kA] CSP9} PA-NET
< AHEPAR 2AolA HlolH  F7H(Mosaic
Data Augmentation)¥} 73] 32} YA A5 <5
(Auto Learning Bounding Box Anchors) 7|®H-&
&3 Zo| xtolo]tHGlenn et al., 2021).
Oz A FH(Multi Object Tracking, MOT)
< B WollA BgAL, Asal, & 59 o
AAES A AR glo] Adsta F4317] 9
3t 7]<o]tH(Ciaparrone et al., 2019). & d<]
o met Ao EAS FEa Held 7w
9] A2 ©]-85= DeepSORT ¥alE]&
o] S THWojke et al., 2017). L5 244 F
A 432152 okt DeepSORT &ilE] 2]

o) B EE

N

o
2ds

T4 4T TIHAG IR THEn o 1
AA B2 P A A 75 AEHo s

facs
;{%
g
=
@
o
=
)
S
(V)
S
.\/

rE oY
o T
fru

Ao, 54 g 2 Al <57
4= SItHAn et al., 2017)(Ye et al., 2021).

= AAI 24wt Al
(Feature Descriptor)S 1.+3}
A, o= zgd FFEA &= A
(Color Descriptors)(Kviatkovsky et al., 2013), <]
u] 22 A o]&(Semantic Color Names)(Kuo et
al., 2013), =4 #Ho] WA EA(Local Maximal
Occurrence Feature)(Liao et al., 2015), #=% A9
ZHReference Descriptor)(An et al., 2016) 5°]
ok F AlE O S 22 AAle] 3 3 At

o8 EAHOZ Y YU 54 wBE} A
MEYS SEHe WHE TeksHe Ag BEE

gtk A= A AE] Hlal(Relative Distance
Comparison)(Zheng et al., 2013), =74~ I Aol 2]
3 A8 ¥ EX(Local Fisher Discriminant
Analysis)(Pedagadi et al., 2013), <13+ HEH
3 H-4(Robust Canonical Correlation Analysis)
(An et al., 2015) 5°] Stk

Heldol thak ¥4l dhxdo] A|&H ol wet o
B3 FEE eTZ 4 YY) It AF
= 3] =3 Qi) O3 © 2 Caffe(Jiaet al.,
2014), PyTorch(Paszke et al., 2017), TensorFlow
(Abadi et al., 2016), MXNet(Chen et al., 2015) &
o] Atk 1 o5 AR & WA= xy
A=, dlolE e ®E, B7F dxE 7HA
ol FFESHE QIEFH o] 25 ZkA] et o]
EAE Held 7IRE A2 2 kel X2 o)
A71A; o]l E 9% M8 ZH YA Torchreid”}
=4 THZhou et al., 2019).

2.3. #E EtX|(Action Detection)
Dde s olFl 71e st T2 1 o] 3§
& XFeles B wyE vv] 2(Well-trimmed
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Object Tracker &
Video Feature

Extractor

talk to sb
bend/bow
listen to s | =

touch sth

talk to sh
bend/bow

calm

: .E-..@ E_-ﬁ
Face Recognition
& |dentification

Action Emotion -----
25 E73le= 35 <J2)(Action Recognition) 7|
=3, P 2F8HA Fe I Ee) o

5 ZH 2ol Sk e FE AR ES
A ?—-l‘?l’ —‘?*T_ﬂ H|T] @ (Un-trimmed Video)
A2 5] A XE
1_’%3]-— 35 ©HX](Action Detection)

7R FEEth AAA HY oA fEE o]
aist7] fsixe A BA 7lwo] 4otk

5 &2 7lE FollA 1R FA4 9 thide] ARt
o dAHHE HSE A yF ©A(Temporal

Action Detection) 7]<©]2Fal 3}l Al
A, S AT :rLZl' ] 234 7
o] LA F

Ztol| o
7} g Q) o A €]
2 AANA FAS = AT
s AE dF %Z] (Spatlo-Temporal Action
Detection) 7| &o|2tal dth o5 o] 3
= Bx] JPSo 22 dAZ0l }\]7]-;<4 335 =
A 71zl &l Z3= 3L JTHMoon et al., 2020).

4. X EHX|(Emotion Detection)

doll vehve 242 QR S 3ot
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listen to sb

touch sth

happy

1aziuoIydufs

S » Eage Ry
cHyE o 9F 4T 2L nddo]d Hio]
55%% X]-X] 0]—11] % EF@% 3_1)1\:!% @%‘5’]—1

A= &A%k ZA o] th(Bartlett et al., 2008). 3
Zolle 253 &8 UESA F e A4
Hopoll Al o v AR ARE 918 AFY
A& -4'9]'3}341_ N=7}F °]—r°17q—1— A=,
AbE2 Bl 7hes] A= 248 BA5HE U
of Wl 714 ]‘C %2 gAE 7474015 ot 4

= "A] Al HA =9 AXE EXRS
= A=

= °]U]Z]Ei—r51 E"Q “—‘]HE
F=3 HolEH &S 40 o} tolgu o]~
o < wld(Embedding)$te}. o] Fof A} o]H]| ]
of gt TAHS FestH A o|n|A 9 = &
A B HEHE FE310L ol YHYE HWEE

I vlwEle P AR Zx oz BEs)



AEH 2

[gh}
e
ol

5t 7|8+ Re-ID

L
gk
0f0
il
N

Get video source
¥
Save video properties

4

YOLOS5 DeepSORT
processing start
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(Figure 2) Object Tracker Process Flow

(Moolchandani et al., 2021).
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A A% 8 wHL A2 WEEolHE F
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olth. Al2®l2 A
e} shis Mu HEL 7
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3.1. Object Tracker

g U S AA=] AAE HE Ge= o
ERiaL, s A 9] A HRE ngo R 53

Vg A FFASE 75 ST 9 2

Ydulth YOLOvS B2 AAE @A3tH AA
HE RS dSste o2 AA At A=
o, o] T AFE7} /M £ AAE Addsia
T AAeke] ToU(Intersection of Union) A=
Ho}  o]ido|H A9 (Suppression) gt o] &
DeepSORT &alg]F-& o] &8t AAES F23
o}, o] AAol g =AM EE <Figure 2> 4 &
g Ak

3.2. Video Feature Extractor & Action
Detector

NE BE BA 715S T5E] 218l SlowFast
W (Feichtenhofer et al., 2019)S TFHOo=Z 3
AIA(Asynchronous Interaction Aggregation for
Action Detection)(Tang et al., 2020) =2-& A&
Sitt ATA 2ol )3l o} 83 & <Figure 3>l
Al SR = Qnt sE 2R HA Y-S 64
z]] &9 oA Jie EHoE U, S 9o

ZHH SlowFast g°] ¥ 548 F&3
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a. Feature Extractor

Detector
& Tracker

c. IA(Interaction Aggregation)

l Feature
Pool OO

llP

‘M: output
. 4
-ain-o- | &st
INTEEET &

talk to sb
bend/bow

listen to sb

touch sth

(Figure 3) Video Action Detection Process Architecture

AA F2 2ol &A% AAE A AR
7o 2 AAE EAHE A EITHRol Align).
o|% 3 54 WEE 5% F(Feature Pool)oll &
Astar, FA £ wE HlwE B3l Hte )
AA o] AIZF ARE ¢Ho] EFHH Asynchronous
Memory Update). HEHOZ At ARE FiL
Ue Mg 54 WEet 33 ARE Tl
AbE A o] £ WE, AHEY EA WEE

S 28 E3(Interaction Aggregation) B#Yd W
of dHsto P& FEFIITH

3.3. Re-ID

AzE g A2 mdo] alshs 7)1 1
#4112 <Figure 4>ol|l 4] 18k & gtk A2
mde A 32 wdS B3 AL AxE A7
A} olu Aol A A2 E EAL 223 5 77
Z Yo AL AR EAET vlwsted

94

ASA THEE APt 2 AA o A GA
oA ZRE FE3 ANE 54 WHS2
Y= I dHgEH e, dude] mF £
UH wA AU AA} A= 543, S Al
26 DS AL 2 AAS) 54 uE 205
9 A7 AFA 2HHAE sAstd o) 4
AR AAF 77 Y AR AFe A%
Haeh olg B3 AAv} B4 vo= Ut ¥
T 54 A9 AR B A=l o8l v)e
A F T BHR A9 § FA0) A 9
al

JZi

H 2 d(samihormi, 2020)< ¥t

g £57} =g v a7
ARl && Aol UATE £ AFoAE= o]
£ aidstr] sl AAE A A F(Bounding
Box Queue by Object)$} 57 Ff(Feature Queue)
s AA ST
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ASH ZZ3t 7|Et Re-IDE 2E8t

A3 BE U BN UBS I BY Aay

Lower GPU«+CPU context switch

Processing speed 1

<For all frames>

Full

Video

Full

10)0el}x3

Hierarchical Clustering

(Figure 4) Re-ID Process Architecture

3.3.1. Bounding Box Queue by Object
AR A dAF olw|A] 7 A AAE 54
& F&3h= A% CPUGPU 3+ &9 w3
(Context-switch) RI=7} o} 2] &7t FA
A ATh. ol % s Ask7] $Is) AR o)r A
2 ol wolFo] B Azxle] GPU WEE] 2
Aol B WA w9l ERS FEWT olE
53 2 wd NEE ALFOEN A &

S7b ujR] Ao]ze] Ay o FIigitt

3.3.2. Feature Queue

MA FHe FHsPAA AA 2] BA A o]
NAES 2% 28 5 Al ERS &3

= 478 A% o9 2 SaEe] 9 ofnx
Aol nas @Eo] MESHOI, o|E
SECHIBE e D A8 A 47
om Aol A EAE FEF H, O ol ALl

2 dAFdAe G W 2 AES Sl
AWS Rekognition(Amazon, 2021)2] &4 14 =

ds Z83tHth Al2=Eo] AWS Rekognition<



Call AWS
Rekognition AP

A 4

el ——

Is NexiToken in result?

NO

A4

Extract emotion data

v

Synchronize with

Action Detection
Result

YES Call AP1 with
NextToken

(Figure 5) Emotion Detection & Synchronization Process Flow
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(Figure 6) Basic loF algorithm

o] 83t= W2 <Figure 5>9] SAE9F 2T Al

A1 AWS Rekognition APIE & Z3}H

Az vt d=< AAskaL %%
F=3 FH EAL AZ3 o)z A=

g ﬂ’\oﬂ/‘i = Zﬂ% D

Azl met oW A4S

A8 Dol AL

6>2] IoF(Intersection over

AAE AA A BHE vl T <Figure 657}
e 218 B WA v)E [oF S 73] IoF
Brol VA 2 Ao B4 A% Ave 99
o). <Figure 6> AT 2= AA 7 HAAHJS
749 AR 2E AA Ui IoF gel 12 5Y
soz sk d2 FAEH ee & gl of

TAE ldstr] A8l <Figure 7> &4 IoF
daE|Fol dasith Mg F IoF @2 7=
AA7} deY AL G U Lol wet -3
A4 Dol LS L & I=E HSH



A5 ZFs Jl¥t ReDS BEF A ¥S U BY ASS 34 BY A2

Matrix M

T R

— [ ascending end

(Figure 7) Advanced loF algorithm

tart
faNem  foNPm  fcNPm sHar _
7 E 7 for eachi € (a,..,)
faNpn fo Non feNpn for each j € (m, ...,)
fa I3 fe if Mij = Max({My; | k € (m, ...,
faNpe  foNpe  feNpe jei
7a fo P break loop

)P andj < ithen

(Figure 8) Test Video Capture: Early part, with no re-id, with re-id

2 AAA Oi T

é‘ A &te] =T
I

HERo) 57t A4

(Greedy Algorithm)< 23+ &8 AETZ2E & Aot 2N A2E 75 #sﬂ shA] il g
3l Tzt ofHle Kt e BAR AR, A2 Ve

Pt Fe B3 A9E

2 Udd Aotk 94 =
4, A4

x.]]o]._t.,] /\]}\Eﬂ_,] /\-1 _,,]. Xé

2 AT, A F LFFHe] &

=8 S48 Afs) & IDES T3 v AE V)5S
AT A9 vlelH=z Ao G 2D Faole  FIIS W AFHs $UIL IDE FAT A
A2 FHEY S Y U Ao Ve P Y

A3 oA 138 574A9) D7t BHE mEE B 5
Stk w=@ A2 7150] g W A FAHol

S HAY

SIS AAYAE, 2020)F F-59} ofo]2] Fo] #7412 mdd A2E mdlS &8st 33
FH QKT - FA°lE, 2021 ©]&3AT A E wslstal AAE g5 2 4 A A
B A Al A8 AIRE vt F4 AgE A E Y AAl A8 A5

Ao w % 2 FdE 7INeE AJ2E % It} <Figure 9> 3%

ol BB AHYEE & F A=F AFS 1Y stH A2 EA-& Tensorflow Projector® A2}
th. <Figure 8> HIZE @AolA AA S0l 5 313k Aotk Foll TAske AA 789 A4
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(Figure 9) Embedding Feature Visualization(Tensorflow Projector)

(Table 1) Processing time comparison on test video(1 minute length)

with no Re-ID E;;Se“:_gSOFL?;LD Proposed
Action Detection 78 180(78+102) 86(78+8)
Processing Time(sec)
(Table 2) Memory requirements comparison on test video
RAM size Existing Re-ID open-source Proposed
Per 1 second 30 MB 0.5 MB
Per 1 minute 2 GB 30 MB
W ERY #Ho] AR T Mow mdEHe] AL ¢ % ok
9}, npRERO 2 JoF 7] daelFo] Ads] 4t
g 2 Aol Ak A A AR F sHeA ek BE IoF e Fol st
sh 57 5 71dol A%e Aokt FHAAEA A DE FA 3HE <Figuwe 100553 FAP
2357 S8 HlAE e He A A4 4§ Aok <Figure 10> 2E AE9 T A9
W AR SIS AIARE <Table 1>3% T L2 BA SARFE AR ToF AL #%
<Table 2>5 &3l i—}?_?i-l 4 AT} <Table 1> o] BF 1= 9T Ade 5 + Aok
AAE A A A5 28T A AAE P A T oF LagES ol 88 AA AA
AE Z2A|20A 10HH ol Ael £=& 7iA BAeE A AA AE A7) <082 vgst
oS & 5 Utk <Table 2>= 54 75 &8 of, AR A= 9fA9F S HAZ AA
A LFL20 A4 Bd 725 OdE gttt 1 A3 s #3530 HEE 340
o] &3 ARG WY QTAGS tE A 8 AA|l, ¢Sl AEH FHol 19 Aol
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AEN =&st 7|8 Re-IDE &E8 2Ax

W Bsit0.93

B carry/hold sth. 0.68 carry/hold st

[LAF _QiN.1 Vs

Bwatchsb. 0

E.carlnﬂrmld sth. 0.69

fowniolh Sh. V.0 ‘

(Figure 10) Situation where IoF advanced algorithm is needed
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Abstract

Video Analysis System for Action and Emotion
Detection by Object with Hierarchical
Clustering based Re-ID

Sang-Hyun Lee* * Seong-Hun Yang** : Seung-Jin Oh*** - Jinbeom Kang****

Recently, the amount of video data collected from smartphones, CCTVs, black boxes, and high-definition
cameras has increased rapidly. According to the increasing video data, the requirements for analysis and
utilization are increasing. Due to the lack of skilled manpower to analyze videos in many industries,
machine learning and artificial intelligence are actively used to assist manpower. In this situation, the
demand for various computer vision technologies such as object detection and tracking, action detection,
emotion detection, and Re-ID also increased rapidly. However, the object detection and tracking technology
has many difficulties that degrade performance, such as re-appearance after the object’s departure from the
video recording location, and occlusion. Accordingly, action and emotion detection models based on object
detection and tracking models also have difficulties in extracting data for each object. In addition, deep
learning architectures consist of various models suffer from performance degradation due to bottlenects and
lack of optimization.

In this study, we propose an video analysis system consists of YOLOvVS based DeepSORT object
tracking model, SlowFast based action recognition model, Torchreid based Re-ID model, and AWS
Rekognition which is emotion recognition service. Proposed model uses single-linkage hierarchical
clustering based Re-ID and some processing method which maximize hardware throughput. It has higher
accuracy than the performance of the re-identification model using simple metrics, near real-time processing
performance, and prevents tracking failure due to object departure and re-emergence, occlusion, etc. By
continuously linking the action and facial emotion detection results of each object to the same object, it

is possible to efficiently analyze videos.
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The re-identification model extracts a feature vector from the bounding box of object image detected
by the object tracking model for each frame, and applies the single-linkage hierarchical clustering from
the past frame using the extracted feature vectors to identify the same object that failed to track. Through
the above process, it is possible to re-track the same object that has failed to tracking in the case of
re-appearance or occlusion after leaving the video location. As a result, action and facial emotion detection
results of the newly recognized object due to the tracking fails can be linked to those of the object that
appeared in the past. On the other hand, as a way to improve processing performance, we introduce
Bounding Box Queue by Object and Feature Queue method that can reduce RAM memory requirements
while maximizing GPU memory throughput. Also we introduce the IoF(Intersection over Face) algorithm
that allows facial emotion recognized through AWS Rekognition to be linked with object tracking
information.

The academic significance of this study is that the two-stage re-identification model can have
real-time performance even in a high-cost environment that performs action and facial emotion detection
according to processing techniques without reducing the accuracy by using simple metrics to achieve
real-time performance. The practical implication of this study is that in various industrial fields that require
action and facial emotion detection but have many difficulties due to the fails in object tracking can analyze
videos effectively through proposed model. Proposed model which has high accuracy of retrace and
processing performance can be used in various fields such as intelligent monitoring, observation services
and behavioral or psychological analysis services where the integration of tracking information and
extracted metadata creates greate industrial and business value.

In the future, in order to measure the object tracking performance more precisely, there is a need
to conduct an experiment using the MOT Challenge dataset, which is data used by many international
conferences. We will investigate the problem that the IoF algorithm cannot solve to develop an additional
complementary algorithm. In addition, we plan to conduct additional research to apply this model to various

fields’ dataset related to intelligent video analysis.
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