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Deep Leaming-Based Box Office Prediction Using the Image
Characteristics of Advertising Posters in Performing Arts
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ABSTRACT

The prediction of box office performance in performing arts institutions is an important
issue in the performing arts industry and institutions. For this, traditional prediction
methodology and data mining methodology using standardized data such as cast members,
performance venues, and ticket prices have been proposed. However, although it is evident
that audiences tend to seek out their intentions by the performance guide poster, few
attempts were made to predict box office performance by analyzing poster images. Hence,
the purpose of this study is to propose a deep learning application method that can predict
box office success through performance-related poster images. Prediction was performed
using deep learning algorithms such as Pure CNN, VGG-16, Inception—-v3, and ResNet50
using poster images published on the KOPIS as learning data set. In addition, an ensemble
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with traditional regression analysis methodology was also attempted. As a result, it showed
high discrimination performance exceeding 85% of box office prediction accuracy. This study
is the first attempt to predict box office success using image data in the performing arts
field, and the method proposed in this study can be applied to the areas of poster—based
advertisements such as institutional promotions and corporate product advertisements.
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(Table 1) Determinants of Box Office Prediction
Variable Description Citation
Nationality Dummy (KR, US, etc.) Kim and Hong[22]
Genre Dummy (Comic, SF or Action, Horror or Thriller, Romance, Drama, etc.) Kim aﬁ?ﬂﬁ%?g[zzl
Rating Dummy (G, PG-12, PG-15, R, ) Kim and Hong[22]
Director The average number of audience of the director's movie before 3 years| Kim and Hong[22]
Actor The average number of audience of the actor's movie before 3 years Kim and Hong[22]
Fame Of Appearance frequency of the actor corresponding to role in other Chon et al[5]
Main Actor movies(Directors with proven box office success prefer famous actors) ’
Distributer The average number of audience of the distributor’'s movie before 3 years| Kim and Hong[22]
Yu and Lee[42]
Screen Count The number of screens released nationwide Kim and HOP gl22]
Kwon[25]

Park et al.[31]

Portal Ratings Public’s movie expectations rating in portal site(out of 10)

Kim and Hong[22]

Social Media The number of search term documents among blog documents Kim and Hong[22]

Google Index The number of movie mentions in Google Trends Yu and Lee[42]

Naver Index The number of movie mentions in Naver Trends Yu and Lee[42]
Auds Before Release| The number of audiences booked before the movie release Kwon[25]

News Count The“r}uml‘oer f)f aIt}cles 'mentlomr}g thfe movie over a certain period on a Kwon[25]

specific site such as Naver news, etc.
NetizenRt Netizens' rating before the movie release Cﬁ) Wgtn [6121:)[]%]
BeforeRelease (Movie ratings provided by Naver API) e

Chon et al.[5]

Production Cost

Expenses incurred in making the movie

Park et al.[31]

Expert Ratings

Expert rating for the movie

Park et al.[31]
Chon et al.[4]

Synopsis

Feature of synopsis

Lee and Kim[27]

Length of Review

The size of the reviews mentioned for the movie

Cho et al[3]
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(Table 2) Related Studies

Citation Description

Methodology

Rhine and Murnin

(321 of the performance

Preference for the start time, event period and presentation | question investigation,
date is investigated in order to increase the attendance rate

conjoint analysis,
regression analysis

Lee and Chung |Identifying the problem factors of the performing arts market

[26] and presenting solutions

question investigation,
discriminant analysis,
regression analysis

Kwon et al.

Understanding the intention of purchasing a performance

question investigation

[24] according to the type of audience
de Rooij and . . .. . . .
Bastiaansen[6] Analysis the motivation for consumption in performing arts interview
Song A study on the factors affecting the satisfaction of the Lestion investigation
[35] performance hall q £
Kim et al. Identifying the relationship between the factors of watching | question investigation,

[20] the play and the client’s intention to watch the show

discriminant analysis,

Yoo and Kim
[40] play

An analysis of the influence of others on the satisfaction of | question investigation,

factor analysis
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(Figure 1) Research Process

Structured data
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(Table 3) Default parameter values of CNN model

Parameter Value Information

Class/Labels 2 box~-office/box-office failure
Input Image Width 299x299 Fixed size for Inception-3

Training Set 800

Validation Set 300

Batch Size The number of examples in a batch

Epoch 20 A full training pass over all of the samples in the dataset
such that each sample has been processed once
Training Iteration 128 Training Set/Batch Size
Activation Function |ReLLU, Elu, Selu Linear etc.
Evaluation Criteria Accuracy Correct Predictions/Total Number of Examples
B Q7olq sgel ALHE RIS ONN  dowE A8

S 7o g gk mdojt), =3 dolHE & EA4, Inception-v3 B2 F2oll A 7fatket
BoAeE VIeeR 57 5007 v GoogleNetell /] Z=+5 ] ¥ el = Incep-
785 &3, 5007 o)dd BS FAdTe tion module s AH&-ate] Bherafiof 3 Tt H
2 R FAR T a9 I =01 AL Ao gs =9 2ot}
T HY A B S FAG TR HoE [27]. Ako] Z(size)7} 2 DEE AFE&F= 4l
T Webd ONN Bae Fa Asjel §a  Ajol=r} 2e By ofe] A ALgste] AN
AE TN iR EREES RS A H]8-& o) b 42709 layersE 7HAA]
A8tk CNN 24 &-gato] ks 113 Tk AlAH]-8-S GoogleNetH.tl 25v) A= =il

e F=E <Appendix D>¢} 2t}
$HE, A= 2174 H(CNN, Convolution Neu-
Bd ZF oA EF/E Y 4gd]
e g e BdS Zro} A57] 98l Pure
CNN 9]l VGG-16, Inception-v3, Resnet-50
= AHgste] P sk o] S Pure CNN

=
de 2t MLkl

52
5

AR, VGG-16 29 2E convolution lay-
ers Tl 3x3 BHE A&3te] Fo| ZlojPd =

bl B Agwrt E e E T
3k mdo|th{23]. VGG-16°14] 162 &< 74
£ 9u]git}, & 1370¢] convolution layers}
3719) fully-connected layers& T4 & o] Q1L
stride¢t padding 7> B 12 140 9lo
™ max-pooling &9 stride= 2°]3L, 2x2 win-

g &84 dss Btk

A A Resnets0-& residual learning Z#] <)
AAE AREBe] HIES A Zlo]7} F7tstol =
AN B s Bol S7HA7IA 1 9 F&
AeE Aes HERES ¢ Rdoltl7]. 7]&
multi-layer perceptrons(MLPs)= 48 7kS A
g ol &l 7M =S vl (mapping) 315+
g Hx)o] HA S 2he w2 o= st

™, Residual leaming< 4} &< F(x) = Hx)-x

gl o= Keras W AP &4 29l
S ARSI AbA T E 2de TmageNet
Dataset™ S 7|HFo. = A= S0 100071<] E2
228 SIS AAE I whebA] 2 e

2o B Fa 4F FaA A9 F Ao



2 R EREIEE RS A, B
W= olw|x|e] 4= 7] =
FE2H ojuA] Alo|=E Sy KEle]
of gA AAtArh =g 2 &}
4ol 9lo1A] Batch Sizet= mini-Batch® %13
sF3it) 1 A3} <Table 4>*% Pure CNN 5.2
< Batch size®} Epochs7}F 242+ 20, 1002 ),
VGG-169] batch size7} 30¢ i, Inception-v3
9] batch sizex= 40, ResNet50-2 batch size”}
509w fl-score”} 7 =2 A o8 e
T2} <Table 4>l ResNets) 225 A
9l Al 7§e] CNN 29 2% class ‘1’9 f1-
score .t} class ‘0°9] fl-score’} AA 3] v
A& Rlghl 2 AFE 7= o o] 22
A 7 2 90e F class?] HolE A=
7F 2@ Aol dokal ettt o= &
& g st oA dHeoly Are &
10377081 Wi &8 Asfjol] sjat= o]
toly Mees & ABNE T3 e S
ojmj A Krt oF 2uj7bE A7) wiiEolth, whet
Al olgfgt dlolE B4ty TAE sldst] 9
3} over sampling®@} under samplingS 4~3J &}
At} under sampling 23 A3 Fej~9} 7
= oW A TR E8 e SulzedlA olr]
A5 WA 4957 FE3FA T over sam-
pling< &3 Aol ajFete= o] A& 53
g oluA] et A 5] 9l SES
&]-g-ato] 5427l FE3 ¥ 71 S A ol
A dlolElell F7kskiek. webA under sam-
pling®] ov|A] 4= S8 A3l o]n=] do]
B 49570, 3-8 A2 oln| A HlolH 4571 F
907§ ] 3L, over sampling®] °|v|A] 7jFe= &
& Agf o|m|=] dlo|E] 10377, &3 4+ oln|
2] dlolE] 103702 F 2074712 v A7} S5

o] AF&H At over sampling 2 under sam-

¢

pling s &3l =&l A¥= <Table 5>} &
t}. WA under sampling 23} <Table 5>0i 1}
I A, Pure CNN 2499] ¢ batch size
7} 200] 3L epochs7} 509 W f1-score”} 7}
=94t} VGG-162 batch size”} 50, Inception—
v3+ batch size”} 20, ResNet50-2 batch size7}
404 W fl-score”} 7HE =2 A0 R YRS
3} over sampling A3} <Table 6>l L}E}E
A9, Pure CNN< hatch size7} 20, epochs=
1009 vl 71 =2 fl-scores Btk VGG-
162 batch size”} 30, Inception-v32| batch
sizex 40, ResNet50-2 batch sizet™ 30¥ uf
fl-score”} 7+ =9kt

)

(Table 4) Results of CNN Model

fl-score

CNN Model |Accuracy
class:0|class:1| avg

Pure CNN | 0.600 0350 | 0.770 [0.560
VGG-16 0.658 0250 | 0.767 |0.508
Inception-v3| 0.664 0278 | 0.746 (0512
ResNet50 0.322 0492 | 0.038 [0.265

(Table 5) Results of Under Sampling

fl1-score

CNN Model |Accuracy
class:0|class:1| avg

Pure CNN | 0571 0520 | 0580 [0.550
VGG-16 0.571 0649 | 0512 |0.581
Inception-v3| 0.653 0.625 | 0500 |0.563
ResNet50 0571 0587 | 0257 |0.422

(Table 6) Results of Over Sampling

fl-score

CNN Model [Accuracy
class:0|class: 1| avg

Pure CNN | 0.820 0530 | 0530 [0.530
VGG-16 0.825 0567 | 0539 |0.563
Inception-v3| 0.699 0.609 0552 [0.580
ResNet50 0.501 0671 | 0.038 [0.356
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4.2 Study 2: 3FIRME T HEH & AdiE Bt SYuiee 7|E9 £
HIOIE 7|4 S 0= M EF A3 AEYP HE Fol o E o
ol A#A o7 81 Jhsdt BTERE A
Study 2= & tloly FollA Fastd v th 1 A¥ FA AR 9 AF, 7HE, e A
OJHZ B =3 Aolt} o] 98 =24 (open run), &9 §, TAH F A A,
2~ 37N s S8 FEHTE A TR, FAGAA(FEA A5, w9
Study 17} sd3HA 3 314 AEE 7|We HE(Z2A] w9 DB W &4 95)E A3t
2 34 B 55 Alket Sofl 34 5009 Atk WA W 2] A EAS Fs
oo FAHEU S ¥, 500 vvE & dom 1 A= <Table 7>3 2t

(Table 7) Result of Correlation Analysis

Number History 5
Perfo- | Admi- F ||| o | S| LewEd) o BiEdbET
. . Open mance | in the of
rmance | ssion Price perfor- of perfor— . of
. run hall capital perfor—
time age mance | theater | mance . actor
day h all S1ze area mance
Perf;‘;fme 1| 215" | 361" | 074 | 340" | 2927 | 002 | -22% | 020 | o8 | 276"
Adrzlgf‘on 215" 1| 237 | o049 | 2" | -126° | ~17 | -188" | 3377 | 015 | 1B”
Price 3617 | 273 1| 153" | 6677 | 281" | 039 | -310" | 2667 | 026 | 467
Openrun | 074 | 049 | .153° 1| 063 | -03 | o001 | -028 | 068 |-015 | 263°
Number of
performance| 3407 | 278" | 667" | 063 1 | -346™ | -063 | -358" | 365 | 033 | 487"
day
Number of .
u —o9 | 126" | —281™ | -036 | -.346 1| -051 | 84" | -094 | 055 | -148
Theater
History of
performance| 002 | —117° | -039 | 001 | -063 | -051 1| 029 | -103 | o004 | -03%
hall
Performance| _ ooowe | jgger | _a10m | opg | -358” | s24* | 020 1| - | o3 | -2
hall size
Located

in the 020 3377|266 | 068 3657 | -.094 -103" | -175" 1 084 1167
capital area

Fame of o0 | o5 | o6 | o5 | 03 | 0 | o | o3 | o4 1| 067
actor
Number of - . .

2 175 467 263 A7 -.148 -.036 -.162 116 067 1
performances
Estimated

number of | 112" | -.013 1627 | 067 1297 | 366 | 060 506 | .024 1357 | 463
audience




StH 4 B ol frofe TS v =
89l S flal 2R~ AR S et
A3} <Table 8>} o] ¥l Az} 744 15
A Fo FAshs 84 7, AT FAFO] B
stal e T 4, 1ela 7wl
o folatA JES v A 4 U9
o} ol dAZ T8 7hedol 2 A5 o
717F FAE kAL, ek T1of] Auke vph o
AHBE W] wLo Holu E3] F uj$-
o] L7 S dFES Frhe FEE o
S B ASHoE FEE 5 A &
A, A7) Alf A ou)shs 2EHo] el
SAH SR frofatA] ok, ol Ak 7%t
o] T o= AA J&FE wH A e,
Q3|8 2 713 A ATl ug Am
[2I7F =& F s 33 & 5 AU

o]} o] mEH | HEA W] wE
FA] A re v 2tk 4 AA
olg ol Al WA 5% E SFHlolE=E 3o
3| 7] 21S A e, YA 25% HlolEl = oS

st A3} Overall Accuracy = 68.4%, Fl-score
= 07299 AL E Bk

4.3 Study 3: M=

Study 3& ] %55 CNN s} 24229
ALY e PR ol ste] B

%
A% xeh a4 el o A

He A8 0 A

Z:e'*(f: 1)

(Table 8> Result of Logistic Regression
(Dependent variable: Esti-
mated number of audience)

Coefficient S.D. t

(Constant) | -8052.743 | 1662533 | -4.844™
Performance | 59959 | 13397 | 2983
time
Admission | 71 00 | 57505 | -1.248

age

Price 0.061 0.026 2.373"
Openrun 3,260.908 | 3,174.272 1.029
Number of
performance
day
Number of
theater
History of
performance 38.270 26.428 1.448
hall

653945 | 239866 | 2.726™

1,034618 | 101.959 | 10.147

Located
in the 98378 | 270,097 | -0.364
capital area
Fame of | o036y | 1140207 | 2046
actor

F-value: 14.932", Adj. R-Square: .251

1% Fol zgke] —guth AW v E, 0
ne 29 g0 338 Bl 0~

W
W Ea, e} Ao ol 3o
o+ 2% 9344 ) S

=

TE g9 gA% JJ 4§}o} 1:}_ 71 A3 Qverall
Accuracy:= 8.1%, Fl-score7} 07820131t} o4
o] WM E-S v 8 9k3F A o] <Table 9>o]t}.
Pure CNN, VGG-16, Inception-v3, ResNet50
T 2 dTelA e 9y Rde vhakd
sampling "3 S04 71 A50] B& Aow
F715k1tk <Table 9>9] A7} B oA A
AlgE = ol x| 7]RE Hejd 3t 3] F4) 9
IATME A A GE el MY
geol FSh
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0.825
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0.820
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(Appendix A) Crawling Code

library(XML)

i ASAE 3

read_xml("http://www.kopis.or.kr/openApi/restful pristsPriBy?service=d3afbeb305014b438f9793¢51ala3b
6d&cpage=1&rows=399&stdate=20160601&eddate=20191130&shcate=AAAA")

doc<-xmlParse(pg)

xmldf <- xmlToDataFrame(nodes = getNodeSet(doc, "//prfst”))

xmldf

write.csv(xmldf, file = "S54 X csv”, row.names=TRUE)

# ASAAARR 74
for (i in lrow(xmldf)) {

xmlurl <- paste("http://www.kopis.or.kr/openApi/restful/pblprfr/”,
xmldf[i,3],"?service=d3afbeb305014h43819798e51ala3bbd”, sep="")

pgl <- read_xml(xmlurl)

doc<-xmlParse(pgl)

xmldf_1 <~ rbind(xmldf_1, xmlToDataFrame(nodes = getNodeSet(doc, "//db")))
}

write.csv(xmldf_1, file = "A="3A K. csv”, row.names=TRUE)

### XML 34
# LOADING TRANSFORMED XML INTO R DATA FRAME
for (i in I'nrow(xmldf 1)) {

xmlurl <- paste("http://www .kopis.or.kr/openApi/restful /prfplc/”,
xmldf_1[i,18],"?service=d3afbeb305014b433f9798e51ala3b6d”, sep="")

pg?2 <- read_xml(xmlurl)

doc<-xmlParse(pg2)

xmldf 2 <- rbind(xmldf 2, xmlToDataFrame(nodes = getNodeSet(doc, "//db")))
}

write.csv(xmldf_2, file = "F A4 A K csv”, row.names=TRUE)
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(Appendix B) Code for Collecting Poster Images

library(RCurl)
library(jpeg)
library(png)
library(imager)
library(stringr)
library(ggplot2)

data <- read.csv("A="3A A H csv”, header=T)
data$mt20id
data$prfnm
data$poster

for (i in 1:length(data$poster))
{

x <- data$posterli]
sign <- TRUE
if ((str_sub(x, start= -3) == "png”) Il (str_sub(x, start= -3)== "PNG"))
{

filename = paste(data$mt20id[il,” png”, sep="")
}
else if ((str_sub(x, start= -3) == "gif") || (str_sub(x, start= -3)== "GIF"))
{

filename = paste(data$mt20id[i],”.gif”, sep="")
)
else if ((str_sub(x, start= -3) == "jpg”) || (str_sub(x, start= -3)== "JPG") || (str_sub(x, start=

-4)== "jpeg”) Il (str_sub(x, start= -4)== "JPEG"))

{

filename = paste(data$mt20id[il,” jpg”, sep="")
}
else
{

print("No images found”)
sign = FALSE

}

if (sign == TRUE)

{
download file(as.character(data$posterl[il) filename, mode = 'wb’)
plot(0:1,0:1,type="n",ann=FALSEaxes=FALSE)
rasterImage(jj,0,0,1,1)

}




(Appendix C) Extracted Color Information in Poster

X,Y= img.size
rimg = [l
gimg = []
bimg = []

for x in range(X):
for y in range(Y):
pixelRGB = img.getpixel((x,y))
R,GB = pixelRGB
rimg.append(R)
gimg.append(G)
bimg.append(B)
print('R : " sum(rimg)/len(rimg))
print("G : ", sum(gimg)/len(gimg))
print("B : " sum(bimg)/len(bimg))
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(Appendix D) CNN Code

#3 A4 2 9%

mode = keras.Sequential ([
Conv2D(64, kernel_size=(3, 3), padding="same’, activation='"relu’),
MaxPooling2D(pool_size=(2, 2)),
Conv2D(64, kernel_size=(3, 3), padding='"same’, activation="relu’),
MaxPooling2D(pool_size=(2, 2)),
Conv2D(64, kernel_size=(3, 3), padding='"same’, activation="relu’),
MaxPooling2D(pool_size=(2, 2)),
Flatten(),
Dropout(0.25),

Dense(128, activation='relu’),

Dropout(0.5),
Dense(2, activation='softmax’)
D
# compile
mode.compile(optimizer="Adam’,
loss="sparse_categorical_crossentropy’,

metrics=["accuracy'])

# fit

history = model fit_generator(
train_generator,
steps_per_epoch=35,
epochs=100,
validation_data=validation_generator,

validation_steps=16)
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