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[Abstract]

With the recent increase in short-form videos, platforms that allow a user to upload his/her dance videos or watch others'
videos have become increasingly popular; however, direct participation is still limited. Hence, this study proposes an online
random-play dance platform that allows participation from anywhere, anytime. A user accessing the proposed dance platform can
stand in front of a mobile camera and dance to randomly selected music, whereby the platform detects the user’s body joints in
real time and analyzes the dance motions to calculate their similarity with the reference dance motions of the randomly selected
music. In real-time play, the front end sends the extracted joints to the server, and the platform offloads the front end by allowing
the server to generate motion vectors to calculate the similarity. In addition, data caching was performed to enable the fast
processing of rapidly changing data. As a result of fine-tuning a predefined gesture-similarity neural network, applying min—max
normalization, and considering movements of only arms and legs (excluding the torso), motion-similarity error was reduced,
thereby achieving better accuracy in computing dance-motion similarity.
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ML Kit Pose Detection API[6]
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Body parts in Fig. 2 Composition joints in Fig. 1
) Right_shoulder, Right_elbow, Right_wrist,
Right Arm *Right_pinky, *Right index, *Right_thumb
Left_shoulder, Left_elbow, Left wrist, *Left_pinky,
Left Arm *Left_index, *Left_thumb
. Right_hip, Right_knee, Right_ankle,
Rigt Leg *Right_heel, *Right_foot_index
Left_hip, Left knee, Left_ankle,
Left Leg *Left_heel, *Left foot_index
. Nose, *Right_eye, *Left_eye,
orso Right_shoulder, Left_shoulder, Right_hip, Left_hip

(c)

T8 3. oH 2E dZE % 2ol 2ot (a) 3 WA o[olX|, (b) AEE M 2HE, () 57 2AF2E ooz EAIE 22 100
M ALBE 2o FIHE HEE, +22 EAE #E2 iAE 2ES HER)

Fig. 3. Results of human joints detection and decomposition :

(a) input image, (b) detected human joints, (c) decomposition

into 5 groups(Joints marked with * represent joints added to the model used in [7], and joints marked with +

represent replaced joints)

@ AEE AAE BT ok & el A= MKPD
APIE AHEste] 48 Q7K™ 3(a)elA 19 13 22 33
el 1A T AentaE A& o 5 W w2 <l
2ol JEFs @ = Ao U A=A E ALl 25719
WNEvt a5 ARSSle] 1| 3(h) 9 o] AlZ)stgict.

TG AgE A TH A|dzelA HEE 25709 A
ErlaE 57le] aF o FaEtk {8, 9%, o Eve,
Aok, B 13 30+ 13 19 dEvka 2dE 9 2
o] 57l aFo® Fafd BG5S Kol 9tk BlazePose
== [10]04 AR E 2 wng &3 dh] o] B =
vlaE AESEE olg WA g FUISH) S
BlazePoset: o 3t dAnta 2 AlgslA] gorng Fo
2719 Hermfaz giAste] ARgghtt. oA E3lgk 5719
e a5 247 e EQlF(auto-encoder) 7} XEgHE Al
AE AREEt] I 7] AdES W Y dEH=
ALt 12].

A 2 FAS o R SR A B2
o] FALEE Alklsl] 913 sl ulole e} sk wdo] L as)
th ey HolHE dxelal A55Y el 31 AR}
H|-go] @o| A HTH13]. IRk o= A2 2174 BEE
AP %2 glo] gk5sly] Wtk AbdekE(pre-trained) ¥ A
S vEO R Bl AR HlolE] MEE F718l5s
wAlZA(fine-tuning) 3= Zo] ¥ £ A45S ol
AHAHTH10]. B =Tl =5 [8]ollA B2 dHld ¥E
£ A7) f18l 189 o] M= T w7t 4714 HF(AT,
By, 2y= ol Froz FdE SARA(Synthetic
Actors and Real Actions)Z}= 3D &2 HIOJEAHER g5A|
7131, B2 FAREE A7) 918 10692 120714 vhekst
g5 o2 5-4% NTUWNanyang Technological University)
RGB + D(Depth) 120 dlo]8] HMEZ <5417 Held ZdS

http://dx.doi.org/10.9728/dcs.2024.25.3.685

ARSI SRR ARGk ARISE R TR B4 o)
S I W A R AR A W 9 e
BolEIA, WA Bt chelel F2jo] B 9 B o)
3 RARE AS A 37} Sgo] Atk

W S RAES AR 98 71E S e 19

AR LB 7HA 9] B3 Abd ey RS Fal] 7HA S

51, 29791 Wi Sl s dlole] S Fel mAEd
S15e Aasl Ak nAEEE 9% 49 v et o
gt gk,

1. 58 A9 oF- 55
7F AUAA 357] wiel] s F2F FARE
el 5709 B T1F T mEe X T A9k 8t
et

2. HA-HAa Ast §5 0 AT AR E B=Es] A
o] FARE ZHwindow) #k viGellA] gkt HAgke]
apolo] A45 F3) FUdHpositive) 2] FAE
= o %4, HE(negative) 52| FAHEE T B

spol frakes] Aol Fuish 4 gk

: w
S1Myy 4y

. w
Slmbody: 7 . . — .
max, _ o (sim},q, ) — miny = (simq, )

(2

o714 Wi Hwindow)e] ZolE oJw|aln, B =&
M= 16 ZE s AHE-ich

3. AY g AR S Aol g AlkkslE AY s
2 Hrdg 2 HMean Absolute Error, MAE)(2]
()} H AT 2xHRoot Mean Square Error,
RMSE)(2] 4)E AHE-g &4 42 8553t

~

|| U = U ||
1
var(m,m’) = ——— (3)
2 X n,



J8 4. Hix S5

TAR "7‘*2 2t =
Fig. 4. Examples of image pairs used for training to measure dance gesture similarity(To prevent infringement on the
portrait rights, we mosaicized the faces in this figure of this paper.)

Fsoll AL

i=1
2 >< nvlm

var(m,m’) =

(4)

A7 m= m/

' o] i e

Z]—O]U:] Uqu' vm'% 22F m
& WEle] ol olulai,

1

i
o|t}h n, .

2 fAEE ARtslr] 218 ARE-SE Hiol
HRE 102709] H2537°3H70,199719]
SAQ)ER ool ek, o] F TI4E 35 wlolEl, 317
2 2 dolH® A AR 5 Ak Y 4
Aol AREE AL F2Fe] ofm|x] e dEolt). i
o] A TR 7}‘31]3}7} AR&AFE Xéﬂd% 1%01 AR&AF
o] AAalo] F3tE % Eoﬂﬂ Ao,

=2 O

2 oA A F2 dud WE S l
Arretr) Ak 8k
9] CPU, NVIDIA GeForce RTX 20602] GPUZ 7}
Elo|A] o] Foj Rt Held S dkgali=t] Bag sto]H
}2}u)E (hyper—parameter)i g<5E°] 0.0001, YHE &
el sigatr] el 19 dolelE 24sl] f1g A &4
SHRo] 7] (weight)E 0.3, PF(margin)< 0.7, A5 &
A s 24shy] g3k WEg Al ws¥S(variation
control parameter) 0.25 ARS8} B8k Al =2419] 7}
A& 1.0, vk 0. 55‘— A3}

ool ape
372 w9 109 +9A0A, Intel i5
A%

2 =RoME 55 A=Y S-S A5 8iA
21 (5)9} o] H=x =D gt fAE o2k e
ARE3I)

W1
Z (1—simy,qy)
w=10
W (5)

= Ojo|x| &zt HolE 27| 2ol ==

689

)

JO8 & d28 2X0|3 M2 )

21 (5)9] #hel 25 4
< oJn]3ic),

¥ 18 AeksleE W
ZA Ay d9E BT

] gl

Ho}ﬂ

ok

Lo

1. B];ﬂ/\hﬂ KR

A8 & Bl
Hd-H A& Xéﬁﬂw 3%6}
Az S5s 9
Agic=

CHd-Hx AtelE A4
oo ggs fAEE 1*&%&3}.
3. 5709 H4d 1w F %%%
B g Ags fARE .
2 FAE AkS: %fﬂ e oﬂﬁ E5S Allskar, A
-H A AEE ARR3 AS7 7 AZSHA Alakse)
5. A8l g2 Fod QK2 (3)& AHEE F97t F
T AT QA ()5 AHEe A9Hth 25 o F

=
o

& AE Ak F F o= Ad §4F Al
AREE BEE A AR pAEY S 5

gt 7 9ol B FF3HA FALEE ALkt
1. 0|M=Y sh5ol| cisk |w

Table 1. Comparative experiments’ results on fine-tuning

Ael Z23t

Tttt Torso Min—max MAE RMSE
9 | exclusion | normalization | (Eq. (3)) (Eq. (4))
(8] X X 0.59 0.61
X X 0.46 0.49
proposed X O 0.42 0.45
O O 0.38 0.40
V. Aletsts AAlZt 22101 Wy Fjo] A EHE
B el A= 37l A AR Wl T2 FARE ARES A
43171 918l AAIZE 281 Ay Fo] A FHES Aok
Sk AlQtshs ERFE A Selololrh Lajel Ao
g Zglo] AAE 283 2| o] #|(Stage) 2} AFEAE 0]

http://www.dcs.or.kr



=2X|(J. DCS) Vol. 25, No. 3, pp. 685-693, Mar. 2024

A el 2 HlelHol| AAIRIe R whgaly] flE ZEute|r
(Provider) &-& ARg-sh} ZEEQI== 3= MKPD API
5 o] g3t Fg ool BEE FE3 Aol At
I 59] FEE AHE 4719 AWS EC2 AHE 283131
th sl AH, APL 299 A, Al AW, 7§ (cache) A1H.
AP AW elAE WA A1712~(Jenkins) HEAE o83t
Cl(Continuous Integration)/CD(Continuous Deployment)E
TE=3). A B 953(github webhook) & AZ127} w2l
(main) B2 ¢] W& FA|ato] 2Fg 0% 2317 FE(spring
boot) °]HA|E =38k E=AS H(dockerhub)oll SFAJEILE o]
OJHX|E API =% AHellA E(pull) Wl AHolY 2o
23] BE 7|9ke] APL 23 AHE AashA ik

9 59 T4 shdell 9% API 9 AH= dd =4
o] ®ix 2Ho|x|of] ek M E wdsh, Zek~A(Flask)

53] Rest APIZ REEOJZ Al A= 370l Al|oksl =i
2 g WE A B AR AR 9% o 2E
7HAAL vk 53], 19 63 o] ZREQI=A 253
TES APL AHeF Al A= A
O BM wWE ZAlo] 7hs

Falo] LREQ T ] Bals
3A gltl API e Z2E

Lk ﬂllo l> rﬂlﬂl

=
o Z
= —-

http://dx.doi.org/10.9728/dcs.2024.25.3.685

690

Users Y
el AWS Cloud >
‘ | caching @ _/ mirror:
A a " &
| Amazon S3 Amazon RDS “ write GitHub GitLab
Mobile App Github
— 6 i Webhook
P ﬁ
A i y‘TOFCh AWS Cloud
& |Flutter ia T |
“ _ Files T 4 M1 Distribution
e E AP server server
v
ML Kit N .
/s = € spring e
. gl 3
'||| MediaPipe &= Jenkins
'. £ ) = 7
% . P |OAth pul\lx“x“ . ';ush ] Notification
Push Alert ™ - ’, =1,
US| = “ ! K ’ [ 111 ] 1
Firebase
Cloud Messaging docker
a7 5. Fotste 22lel AE Salo] A ZHEo| AlAH AT
Fig. 5. System diagram of the proposed online random play dance platform
VJ«] HAAE %'_ O]‘Oq Cl)ji‘: O]'—‘—l q__g /\]—%—Z]—v——.ﬂ]— % ?:5;_!— | Front-end ‘ ‘ API Server | ‘ Al Server
T A= AFYE(Community) 2 Ut ; ATt ' :
I D Count the number i
| g Confirm the .E.':t.ﬁ.f.'ws....] e |
1 1
4-1 gt 22t0l A Z2yo| A ZHE 47 | | |
Request a catch it -
1 1
:[_E] 5—‘:— Z—ﬂ '8]——— ]/\]Z_]_' —Q—a—ol é % ‘“ O] ‘%Hi %% : Response if the catch is taken i
Fo) Awl THEE HAZT) Agkels EAFe) LEE ———— ;
o= -‘-E’- 31 E1 (Flutter)i ?—6:] 9;)\_]]:] /\aol ] oH_l__‘:‘— E ] ] ass the player's skeletons | Pass the player's skeletons !

Calculate
Pass the similarity the similarity

Pass the MvP Designate the MVP

1

'
'

1 1

1 1

| |

........................... x

1 1

Celebrate MVP i 1

| |

T8 6. AH|O[X] T Ale] 7|5 HMEl=
Fig. 6. Function processing diagram during stage
progression



AW R 2 kS ohA] A3t AP A1) o] = o] &3l %
A MVPE A48kl 1 235 2R EN =0 dusit). nh|
To 2 MAE A5 1% F3) A zher) dY S
13 digk " X 7F 25 2ud tiA] 7] AEHR &
o7 AR E HHEgi).
el Ei’] | 2 ZEo]X|ol|A] ARE-E= HolEl= Sot]
= 3% Zdloloje] T AFrIt HAATEOZ
- WA B}lﬂ—i djolero] ol Tefahs AL A<
a7t el sold = vk o]f A e FelE Eol7] 9
& =g follA F2shH NoSQLo|=Z 2| &wr) we}
dlolg 714 =2 A3l Yt)2(Redis) S ]88t 7)|A] A
HE F53h 28 72 ARkshs ZHFNA 2Ho| A E 9
3l ARE-El NoSQL dloJEju|o] =5 HoF=al 9tk 7} 2H|o]
A& A AH(status), A Z@elHE wHmusic_info)
9 7 Soto] -z WA B2 ref skeleton), Z=H o) X0l 4%+
gk AR E(enterUser), W9 A2 7IXE 243 AH8AE
(catchUser), 7NAE Fo} Wy Zo] izl Holal= A&
AHplayer)oll ti&t o8& 7]-gke] FE|= #7ds}al jsons
2 AF3T

v G2 o' A el sl HolHE Batkalr] flaA
= AAIE dlo]ElHo]~(Relational Database)$l MySQLS
=3 AWS RDS(Relational Database Service)Z ¢l d]
ojguo]~® ARg-Ste] of!l ok FAF HlolE <
A =S g vlojyuo] 2o A= AU E ¢ 2~H]
o|A|ol| A ARE-E= AREAF AR, AW E, AFEAREC] HEE
gk A el oigh Fols, 4] T HlolEE H gt
53], del Edlo] W 2o oA ARH = T 5of

o =

PoPo £HIOIX]

(a) Wait (b) Catch

T
=

Al 7|8 Zallo| hA Z2H

DW

7K

Il

o) vir]e} shele AWS S3 el Aol Ak, whe A
H 22 918 AWS Cloudfront A% A4l A AlFHc,

enterUser

number of users
entering the stage

count
status

information on users
entering the stage

stage j

user_info
[ - ] status

status  current status of the|

stage

'— enterUser

L | start time of the

current status

startTime
catchUser catchUser

number of users
rsquestmg a catch

count —t [P|Eyer]

music —L

music
information on users f

[user_info]
‘ requesting a catch

music_info ‘ information on
the playing music

player
information on each
user taking the catch

ref_skeleton ‘referen(e skeleton

user_info of the music

skeleton of each
user(player)

J3 7. Metsks E3E2 NoSQL H|o[E{Hjo|A
Fig. 7. NoSQL database of the proposed platform

skeleton

4-2 Aokt o

A SHE N 2t
I8 83 9= B =RA Aekels Latel WY o)
A FAE0 N ARE BolFa Qlrh 19 8(a)S AHE
A7} Hlo| Aol i7gato] R o d Eeo)7t Ale | &
7Ithe]= 8k, 17 8(b)& 39 o] AREAPL §)dEte]

AAE ageke srolt ¥ 8O AN 830 33T
349] Felolol/t 4459 49 gotol o1 7} Felolo

& Fpiek el gl BA B R 1 BHE A%
o) el shvlelt), Felolshe et A% W 4
of 4} fARETE Aol F3F A 0] H O perfect

(c) Play (d) Result

" These figures are screen captures of the developed system, and this system is made for Korean users.
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Fig. 8. Screen captures of the proposed random dance platform : Stage
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(b) Chat (c) Video upload

(a) ome

* These figures are screen captures of the developed system, and this system is made for Korean users.
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Fig. 9. Screen captures of the proposed random dance platform : Community
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