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Study on Prediction of Attendance Using Machine Learning
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Ji-Hyun Yoo'

Abstract

People who gathered to enjoy a specific event or content are called audiences or spectators, and show various
propensity according to the characteristics of the crowd. Although there is such a difference, in general, the number
of attendance is directly related to the business aspect, which enables stable financial operation for the sale of contents
through various incomes, such as the admission fee and the use of other facilities. Therefore, prediction of audience
can be used as a major factor in marketing and budgeting strategies. In this study, we review several existing models
for predicting the number of attendance and propose an efficient machine learning model. In addition, we studied daily
attendance prediction and abnormal attendance prediction using combine DNN(Deep Neural Network) and RF(Random
Forest) model.

2 o

543 olWlEY ZA2E 2717 919 2O AES $F wE wolekn s, nele] S0 uel teke AE
Bhaith. e Aol YA, ANAOR B S AIHe SWo AAHE QaEH, FHELE e A4 o §E
5 O £UL Bl TAx WS A9 PP AY 2L A B wheb BF ol Ud dZE AN o
A AT RYel LT 022 B89 5 Ak B AL BF ol Uld 32 AT olg A J1E R PEs
TGN HEAQ WA RS Acstnd gk w3 Pelds AUEdsE BaS 85l 98 BE 5 o3

!
ol B w7

EAL &5 A7), ¥d, 93} AN 53 #d TH1l. thA] weld Ax = #BES oy ARA
H Zezxs £7)7] 98 B AAEES #F e (Event)S & 4 e 7d=2 A73S 3 o
PAeleta sty Ax = ANZS P #F M ou g}, shARE ot ¥ A AANES
(Spectators)2 93ty A= 55 dEs= A & oju] o]l o] AFHRE oj= A& o} AH
M (Audiences) @} zto] o] Qlth. o /e Aol A AN FAFE ZA o A¥x =] BFe a3

* Dept. of Internet Communications, Jangan University

* Corresponding author

E-mail : jihyun_yoo@jangan.ac.kr, Tel : +82-31-299-3024

% Acknowledgment

This work was supported by Jangan University Research Grant in 2018.

Manuscript received Dec. 6, 2019; revised Dec. 23, 2019; accepted Dec. 26, 2019.

This is an Open—Access article distributed under the terms of the Creative Commons Attribution Non—-Commercial License
(http://creativecommons.org/licenses/by—nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction
in any medium, provided the original work is properly cited.

(1243)



129

Study on Prediction of Attendance Using Machine Learning

<
H
o
o

g

~

~O

o
|

—_—
fi%e)

o

4r

ol

H
o
o

gl

~

tel QA ¥= Aol

S

of #

=9 Bz JSH(AHE A

X

SEER

ki3

i

Aol v g3t

y
R
[e]
82

5

% %

g

s

o]
By % AFE F

ol

=
7
o)

e

= 71 o

ol v
A5 A e

L
R

]

2 3 37

=
=

=
—
H
of-
ﬁo
)

ox

|

]
~
N
o)
A
el
N
)

el

It A dSeld AdF 3

[}
A

7}

Q
an

ol
o
or

w

ol
Hin

|
—_—
fi%e)
=
e

N|
P
<

=11,

X =) 7}

3|
“

AZAL, )l o

17 A7ke]

9]

taL, A

BN

Ul oAl el

Az ZAIkgrel a7k 71d = At

ki3

94

ol
M

=)

|
N|
o
<]
e

—_—
fi%e)

%

&

B

12}

HolA dstel zoldol Utk

ol gh=

)

e

ol

=ol7] H4l AR

Aol g

e o)

K

37 o)y

o wiAR T ke

A E
%

3|
“

wela BE 5ol o

ZEEY 2 ATolA=

1 94=

Z o
1

ol

el
N

ol

A

Njo
e

o PhAY AREAe &

]
H

o, T V)

S

| <t

Al

o

ol
=

ZH, Al

<= o ARERIH2]

717ke] dlelE 7k 3l

Gt

=0

g #2713] 9, ARIMA) ®

i

A=

AAD &

Njo
e

o)
N

=
of
B
T

oo
o

d
A
A
e

o

il

A

e
1

cH

=
=

5 olo]g]
= o713 e ALEA oo} mlAMA 8 o] A

ki3

2 77 dolEy A

= A A A

G

el

o Al & oA

=
=

dlelH

e A9 gk oY @

A3

0

AA

Bl A&

3T
T

2 FEte] A3

sloms wee] =gt

) ARSI Al E o] A 7

A= =

ki3

o] 7Hd ©.a}s}

Nr

£l
fi%e)

ﬁ__l

o

A

o

\g

T
H
o
o

o

(1244)



130 j.inst.Korean.electr.electron.eng.Vol.23,No.4,1243 ~1249,December 2019

AlEHOIA(FEA mdd) 7IHE #FF] o
F& M AE H2Ys 245 A58 gobsta 9l
S ul AFEF 5 QAT ofH ROk pFFo]
F& A= 2l digh A Ad g vl =y
224 BA% Ayt BA ol BF g oSl
A7l |44 &S 3ot
Zh Ay

e golgt F2 dlgoleE &3 a3y
Fe|2 A7gs odFste wHelth #alyyd 7
He AYsAEY ey g Abde 9Fgs
HA s WEE B dA 2a oA o 33k
S =T otk wepA vldelE JEHE AR
& 71T F 9, dFaA T MEse] FF
SAstE At H4ds g8 & ) oy A
A ARG ol E HAFEVL oldlst] 4
S5 AAsk= Azl O @eol A9 FUF AL, &
A 2ol whel o S3ke] Gt E A EA)
=S

WHH 20189 <Aztel 5¥ 32 HolHE AR
st o FE3 folH = kt wiz &3] X e #A
AHE S8 et
wize] onf HolHE &85t st5S FAs AT
sk dlelE &= o] 7|3k 216 A 71(72 7] = 33d)
tolH & o]&atdith st ZA3}E vtego® 2018
W A7) duidelEl & o]&ste] HIAEE T35t
RaL, 2018 7274719 A #F HE S o 55k
A A gk vl ast e

Tt Al HE Foll =l A+ DNN
(Deep Neural Network)Z} RF(Random Forest)&

et

(1) Deep Neural Network
H98d 71 A3 77) &l
o] AL = volHE 49 ¥ HFE e
oj&Este] frojw|gh S FEete W olth
e NG 1l o] =E59 AFoR
ddHo dkd 9 B k==
layer), ©4Y=(Hidden layer)o]2} 2+ 3}1} o]
2] TLU(Threshold Logic Unit)Z¥ »}x] vt
%9 =(Output layer) o2 T <lF Al
o 2YZFo] 27 o] dd w, A% A7 EDNN,
Z

oL
ojf
i)
gt
i)
>,

Deep Neural Network)elglal 3t} 2 ==E59]
AR 247 158 7Fs A (weight) & #8he] tha
T BE x=ER Agdr o Fo 4Eie
ojHe RE wES VFFAES wo §E Al
FE 43} sh=(Activation function)E A tf
T ToR A dddEn

(1) (2) (L) (L)
Xq Wqi Wi§ Wik Yx

° O O

input layer

O—

hidden layers output layer

Fig. 1. Structure of Artificial Neural Network.
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Table 1. Input and Output Variables.

T AN o Zel O B AREDS BT

EO1 el ZHHS 9
Variables Parameters RF(Random Forest) 7|W& ©] &% #TF o=
Time Date, Day, Holiday, Peak B AxE= ey 2o} 201543 o) A 20171;j7i}x]
Climate Temperature o] kt wize] ou] HlolHE &&3t FgFS 5
fnput Other team Opponents Team st st AdE wigo g 2018 A 7] o |
Last match result Win, Lose #z Y-S o S5ste] AAG vlustATh o=
Output Attendance per game A 7277 F 67 A7)oA F&3 o= do]Ert

A EJ ek WA 57371 deolE 77t A st

Table 2. Hyperparameters. of ALttt o] A2 g FF, FUHE

¥ 2 stolHutetolH Wale] o Zslgded FrF BA =g Ao
Hyperparameters Range Elutt) g olHE 7ute 2 3 2018 & A=
Input node 4 d= A3 7249 o2 yelyked A dEF
Output node 4 6413} HololA] Q2= 13% o]tk

The number of nodes 1 layer 10 cases 7]‘ H] ! }\]'xq o2 v 14"5]’14"‘ 76] = H]
for hidden layers 2 layer 10 cases 7‘072} A4l (Abnormal Case)Z A 9] sfe] ufotsl]
Activation function for hidden layer Logistic Sigmoid Ath AC1E EAH A7|d9 o= #A=S47F HA
Activation function for output layer Tangent Sigmoid %%(%, 'Z’“Zv ZUL) EHH] 25% o] O]'E H—ﬂ] ]%‘
Stopping metric RMSE 2w 2Asts HAEdEer Aot d54
7 2018\l ACL 3l % 1232 uehsth ?,

(2) Random Forest TRkel= 22, 36, 51 A B 71e) 357F el B
RFZY 718 e 94 ¥4 A5E 49 Random) A& AFHIL T2 7, 17, 23, 33, 4L 55’

56, 57, 673] 4719 #Fol BA JFH A

2 Agsto] oA 24 Eg(Decision Tree)E T}

1 O
T eI E(forest) S TASEE B AFAA kt
Table 3. Comparison of AC1 Prediction and Actual Attendance.
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Table 4. Comparison of AC2 Prediction and Actual Attendance.
¥ 4 AC2 o|& Zalet AN B4 H|W

Correction
Other EC2 of Actual | Average
Team |Occurrence

Prediction

Round| Date |Day

8 20180419| Thu| SK D-10 230} 4,335 6,438

18 20180509 | Wed |Samsung| D-10 550 | 5,664 5,502

21 20180519 Sat NC D-11 15121 11,399 | 13,742

25 |20180527| Sun| LG D-10 1235) | 15677 | 13,742

32 | 20180619 | Tue| Lotte D-11 633 5977 7,846

33 | 20180620 | Wed| Lotte D-10 71 6,068 7,846

36 | 20180623 | Sat SK D-11 1,074 9,343 7,229

45 20180717 | Tue | Hanhwa | D-8 1,050 ) 9,339 6,382

47 120180719 | Thu| Hanhwa | D-9 1,350 ) 9,522 6,382

60 20180906 | Thu| Hanhwa | D-10 852 6,912 8,856

61 20180907 | Fri | Hanhwa | D-10 1,135 9,608 | 12,127

AC2 =& #47] A 129 Fote] o S
Fg3te] B E A= gy 2o v 19
A AL dFARE ueo R 3 7] A 12¢
ro] o welolt) 19 2% 1294 o, 19 3

194 o) 4= 10€4 7 o mjolt
xo{ Z_ mreiton

0 2 4 & 8 10
Total Attendance(Actual=4426, Prediction=6534), RMSE:43.39

Fig. 2. Prediction of Reservation Pattern Using Random
Forest(D-12).
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Fig. 4. Prediction of Reservation Pattern Using Random

Forest(D-10).
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