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Abstract This paper used big data and artificial intelligence technology to predict the rapidly
increasing internet traffic. There have been various studies on traffic prediction in the past,
but they have not been able to reflect the increasing factors that induce huge Internet traffic
such as smartphones and streaming in recent years. In addition, event-like factors such as the
release of large-capacity popular games or the provision of new contents by OTT (Over the
Top) operators are more difficult to predict in advance. Due to these characteristics, it was
impossible for an ISP (Internet Service Provider) to reflect real-time service quality management
or traffic forecasts in the network business environment with the existing method. Therefore,
in this study, in order to solve this problem, an Internet traffic collection system was
constructed that searches, discriminates and collects traffic data in real time, separate from the
existing NMS. Through this, the flexibility and elasticity to automatically register the data of
the collection target are secured, and real-time network quality monitoring is possible. In
addition, a large amount of traffic data collected from the system was analyzed by machine
learning (Al) to predict future traffic of OTT operators. Through this, more scientific and
systematic prediction was possible, and in addition, it was possible to optimize the
interworking between ISP operators and to secure the quality of large-scale OTT services.

Key Words : artificial intelligence, big data, internet quality monitoring, internet traffic,
Internet traffic prediction, Machine learning, network traffic,

*Department of Mechanical ICT Engineering, Hoseo University
Received March 21, 2021 Revised March 28, 2021 Accepted April 6, 2021



116 si2xEmisAy|ssE=2X] H14H A&

1. M2

[

FrUR Qls] A AAQIESY o] 2Fele
2 WSt EA JAEY ARRF2 A gflel 57t
St Stk AjEZFet 22l shs 123 J|
QR AMAL AEHRJUEZL 2Rlow
dojufal Qltt. ojet T2 ARRlE FAe] whEt
AHY AREFo] F55dA dEHlo] Hd &
Aoz F7lk= Edge AL 5 A
et Aol =oAL Qth HEo] HHMIE o
FA8Eo] HEA Rt SEAHIATE AW S
Hi EYA EFPo] 55t & st €
lo]l =il Stk o]Z <ls) YEYZ EFYo
gt ol=o] ISP(Internet Service Provider)tt
HEHZ B|AoA b F83% oz Hes=
I Qloh R 2ol Youtube, Netflix
OTT (Over-the-top) AFdArS] S71=2 QlgH
o Z5o] AA YEYI FFE "AA
A EFY dFo] YELIEY F2F ol
7 HlW 2 =2 olHY EdY d@%E &
&Hog HUHst OTT EfgY wHE g
3] d&sh] s AU EIY sHAAES

%3]'5’— Hoigt golgE 7vte g OTT w

EFgE A5t

o |m ol

2. H@eHA

Al 9 mEY Efiy oF Ao @2
ALAEL thofst =47 S Al_3lo] A|E
gojld FeE AF7F FFEHIL Sl 71EY
Edig dF A5 A F BAT EOFOM
ANAE 23 oS HHes de “OP
2YS ARS AT 2 AN AAE B4
2 A AAE A= sigo] vl A&H
o7 {fAET= 7HEstelA dEE F¥ck= A
olB® 71HZ WS 9ol FefA gt o

22 59T 5 Yot Aokl AtHABL H2

o MAY dneE F SSAATRNN) &
nelzoE EdY WY o 2R At
AF7F =W, QoA AP ATH4I5][6][13].

EﬂolEi 5 dS7IHn 52 Aty

QA A 5 MEIAE HAYE o

| A%=3 Adeh7Inol. A7 de F o
8o shig BolA WHs: Aw
gom gAY 4ot ndg o
slo] HeEut ALAt SdAe] 4
ARee QEse Heow Fetun
I 1I12]. ol Theret EdY o5 @F &
A @Y H2 A4 WERIIAE AEY
Edj Z3o] S Thet 40] o8] A4
o BAcE AntEEol} Axely Ze A

H
s;
N

s

5
-
=

or R oIm Hr B or
£

09,11

ox R 8
o - fo

gt Edge (sl 947t /Iolthe At o
£ A7) AY EAY OTT AR A4t A
= A3 22 A}m}ﬂo] 0134 oM EA
2471 itk olEgt M 7ol AA Ed
o JZ dFo] "ast 84 % ERC= e
dlodglojof 3}1 o] = A= AFEE
FAL $7F % Aot

3 -4 AA SPIolA Q1

AAZH R ot 9l
o = AEE FEooh ™1 2
ol 3 A¥ F&& B3 EdY RUH A%

l CP Traffic
Mionitor

User # Network Nede
(Fouter} =pd  Traffic

Collection
2 | Netwrork Node fmgell  S¥stem
s {Fouter) ~
1 . CPTnffic

Contents
Provider
2] 1, Egfml AR M| o5t
Fig. 1. Role of traffic collection server

% 7bsote s fiok. EfY 4 A¥= Azure
ZERE EHECE AE5ol= AT AT £



AFoA= 7€ Y AL"ERE EAE 19
29} o] S5 7|5t MMM E FESHAAL
FEAILEZ AR fA AA[skaL 8ol 7}
5ot AAE Ubuntu OSE AH&HTHS]. T
3 THFAHE B4 S EA A5 S e
79 Ao "Rt ALY S HobA e
sk= Aoz FAsiie. AEleld+=
ZABBIX, Apache server, NGNX server,
Mysqi server, SNMP server® Z}Z} o] F2o]A Q]
th. ZABBIX®= HEYA St=dolE HAlske 5
H3fo] ol WAL A3 Fel7] 99 WEolA
YEgR e Aol 1 ok B maE
Z(SNMP), dlojgHolA #e] AA”(MySQL),
Al (Apache)oh LATH 22 EFJO(NGNX) o]
o o9/ #4E = doly &3 Aus 2

SE2 FEEQ7] 2] Aol DA ARE
I A, F471 7HsSteE vk ER MY
A o] Aol Al F7F WY MM F50] 7St
L5 St ol Eof fAdH dEdS e
EfY dgoly 4 g5 HT 5= A HA

o

Container Container “ontai Container Container

ZABBIX Apache Mysql SNMP
server server server server

centOS centOS centOS centOS

’ Infrastructure ‘

| Host OS(ubuntu 18.04) |

’ Docker Engine ‘

ISP Network management system =

O3 2. Eci 8 74 FE
Fig. 2. traffic collection virtual server structure

4. E3jy DUE

Edy BUHAS gL BE SRy

g T
>
fioa)

ol

ok
e}
o
-,
o,
il

N,

=3 2L Data F=HYPAY =5 5=
T Aso® & U=E FPoh A+ A
o iy & 4= EVFeY UESI #4AR
UEPS 7Fsotes = Zold. g4 =2k
E2EEH 70009 719 HlgolgE st
1,5000) 79l EARUEEy IHur} RHFo=
MAEEE A 2Tyt YEIFSAE E3

24 O iy ot
P
=
f
L
oZ
_?L
ol
A,
)
i)
_?15
2
4
i
>
ita)

T2 o)

=

2 5T 5 Y= Pk ol Idzel o
22 2930 EAS AAe AR ¢
o EdY, Pue 29 Edzon. 8y E

#lEo] #2L VESI EfU B4 4HE
Hopshe o e FRsiet IEU ABAS A
Toke ISP7F YEHA AHE EdFY] TR
T& AFH R A3 wepsittd a8 Y
EHT Auiast s AA8E AL 7 A
S @A TREe ERYS HHoR AuAg
=+ g BT 2AEF 7Y 29

o-
el

2
£
N
3
H
5
2

O3 3. 2tRE SEEUHE JHZ
Fig. 3. router quality monitoring graph

Zhe-E BB 52 AYd & A doh
S HEYA F& SAES 719 AHU Hlo]

g wfjzlo] ofg7A FHAR olFstil U=AE



118  s=xexns

Mlestel=2A M43 H2=

sfetsle] MEYD HejS Aet
oot e FaT GRS E ATE Bl T3
4 £ dolg 43 ANE 5o shsots
saiet.

5. OTT EziY o5

5.1 HA2{(A) EY S

OTT vl EFdS2 EHY Hloly A
HERE 7 EERe] EdY bolEgE 7HA
20t L HlolE gt oS Badt Wag vhgst
of HAHEE SHAHIL AFAS 7| HAled
(AD) Efig oSmdo] whaojin. o3t ¥4
< &5 B4E mAlEd@AD EfY dsrds
3 OTT vHEHYS A5, ASAS7]
HF HAIRYAD BT ASRE2 O 49 E.

specific date

Kfrafﬁc Data

day variable \

learning

?

hOllda Event variable

variable
v

Predictive
traffic

Machine learning

-

J 4 Al ERjmols 23
Fig. 4. Al traffic prediction model

5.2 EdfY 0|55 FUH

E JIoA= Python oj2 Z =27 7s}o]
ol & AAFN e Interactive P49 gto]H
A= AFIL AASPE 7FsE Jupyter
Notebookoll4 d&7]s<& F&JUct IDE/HE
294 QoA "ag I= FRG AYPsty o
¥t IHEE BS AS HolHE AU
o A&7 FEE IA F 7R REog A

ook, AUl EY = AHIEE A5
< 98 283t Dataframes A4st= FEIT
o|& & Zagt ﬁ]’ﬂ'”]ﬂ' #= AgstL d%
A5 B9 A& sk FRolth EHE s
¥ ]i;f:;bq‘— A dstd o Zth
WA DataframeS A YsidE SQLS
8% BEs AT o524 AHe A

2stal &7 5% hostZFE host name
7} KeyZkel hostid FEE 7FALt}h o] A3
51 hostsZHe dictionary EFJQ] H4o]

hosts = host_id 1 : host_namel,
host_id 2 : host_name2, ..

o e fZ7F ARl Ht thF A5 o,
ArgE Agstrl f§ = 7]'7512% {ds :
cap}? 2L F2o=g AAo] FHi uwxjgog
OTT E#™ doletg 7Ltk 7234
Dataframe°] FAEE #HL TAgstH 19
59} Zor] YAJH Dataframe H 13+ Zr}

item action

prophet
workalendar
pymysql

installation

tratfic data
collection
DB Server

connection

resistration
host

host name
host id

query

upper value restriction(key,value)

query{ds:cap},
{ds:traffic}

OTT traffic data

—~——
Dataframe Creation

J8 5. HjO[E{Z2Y Mo HX}
Fig. 5. Dataframe creation procedure



B 1. Hjo/5=yQ
table 1. Dataframe

ds cap y

2018-XX-01 Co Yo

1 2018-XX-02 Ci Y.
724 2020-XX-24 Cr4 Y724

5 WA, o5S 98 seie gt AR
q2Edg B4 oEshs A5 Axjold A

AG AZe g vld) S Y v ol
Hasbt Bl 193 welulee) Augs &

39 &old 1 HEES BRF A Felth
ok 2 =RoA ol=gt FE aEste] AAE &
A/dZ gtolHHE] ProphetE Z-&5tFch Ao
243t 292 Trend, Seasonality, Holidays 371
8 848 FAEo] glow 22 ofFje}l Atk
y(®) = glt) + st) + h(t) +error

9] AoA TrendE 9ulst= gl= BIF71ZQ ¥
3= mperst 4 Qith. 18|31l Seasonalitys YERY
€ s 7, ¥9E § FVIHeE yehie "
d&S 7Fs3H4 $ith Holidays® UelUE h(De
F718E MR AR TRYoly oflESt
o] Folo] P mA= [aolth errore ATHE
Zpal 7S Qatolrt, ojgh A3H]l mbEtd|E
£ 7K1 9F 2o 485ttt

A Prophet®] Seasonality 845 =0
Hgst7] sl python® 7HIGE 7HA9 F4
oli} olMlE HHZ mdlo] dlelsle] = U o
Ha o] 7hestes sHqith Eal AZ|ER
s At skt 71 &8st 904zt
9] d& 7IxrE AFstoh. o2 AB/dE mlH
Ho]8 9] Dataframe= 7FAI 907+ Hlo]E
£ Jd53 191 o¥d "HEYE(rend,
weekly, yearly)2 dl& A& A3 = 9
Al sttt EY ASAAet A4S =45}
stH 19 63 g2t

ISPS| OTT Eai FSHZLIHZL KIZ0

=
re
re
41
—
—
©

holidays,event,
upper, lower
value, period

holidays,event,
upper, lower
value, period

v
A 7 e

A al & (N

" e lul © [
prediction | visualization

I3 6. EHTMSD AR
Fig. 6. prediction & visualization

5.3 EdiT 0|5 &Y
A Efg Holeg wAldADSE #AT
Efg ogrdat & $3 Dataframe 1211
Prophet Ze|BEg|z 11§ 73 Zo] =z 90
4 OTT E#™ o8& dSstict. gk ot
Ao| mdo] d|&3t Autgtola, ARt Tkt
o We, HA2 vttt sketge e
. AR @E‘ﬂ AA ElolEE 9ulstal gl
s By, wpxetow A4 Z(d

Aol 449 o]F 90Y¥ U9 ¢ Iz
"3 AL E 4 Sk 20209 3/4871
TRl 4/487] ZREES] OTT EfgL vt
How F7Hds dIEstal Ark. 90¥RHY A%
golg &yt oz, ARVEHE AlZ3ls}o,

HI
1z

-irlo#%#%?!

trend2 ‘FA'E =510 weeklyQt
yearly® &9l ‘FALLH AAEYE &4
stk o= 1Yl 8Z HW "1]%?1’ OTT Ed
4o A%, 3ARYH Aa7tA Edffigo] F7lst
= FAIE Holi U1, FY & 54 eventZt
A= o= EHY AMEHo| Fkcke BEEE

Holx glrh 1F1 9gdEE Y oY AY
HE 499712 Egfgo] JFrtEAloltrt ke
ARE EFHo] aste] FEQU7A| ojojzlrt
diRE 697 10¥€0] 7P EFo]l 3 A
o7 dqEEHYed GRE Qg vz EEo]
Qlol Aoy FAHLH



1

Input Traffic - Gbps

20

T2 7. SR OfE it (9027

Fig. 7. traffic forecast for 90 days providing

E 2. B FVtE (I571ZY2RH 9027

network

table 2. Rate of traffic increase
(90 days from the prediction base date)

Pt ZHe 94 e 9 3
3 100.6 33 106.6 63 110.2
6 100.7 36 106.9 66 111.3
9 101.4 39 107.3 69 112.5
12 101.7 42 107.4 72 113.2
15 102.0 45 107.5 75 113.9
18 102.9 48 107.5 78 114.7
21 103.6 51 107.6 81 116.2
24 104.4 54 108.2 84 117.6
27 105.3 57 108.5 87 119.1
30 105.8 60 108.8 90 120.5

trend

nle-

019

018

019

019
&

T
020 200

(a) Traffic trend by year

00 nm

nolidays

1]

218

018

019

019

2019

2020-

(b) Traffic trend by event day

weekly

Sunday Monday Tuesday Wednesday Thursday Friday Saturday
Day of week

(c) Traffic trend by day of the week

yearly

January 1 March 1 May 1 July 1 September 1 November 1 January 1
Day of year

(d) Monthly traffic trend

J% 8. RS Edfy Aj2ist
Fig. 8. traffic visualization each component

6.

£ AToAE AHY EdY 22 98 £
A4 e8ET g YEAD BN E
dole) AR o ovrt At ol% E
o Eds myse EqY 3ol 3 A5
Qgith. FeteE o] wUHY AuTE
£9) 71& NMsO| EdEges 2 Holy
&40 ZAEE AGSATE EdY g5E ¢
AL W wolEE wAHd@ANeE B4
sto] mje) =Y o2o] AL W5 EA
whebd T WhAloA] ot 714Ql muEe
%o TS Soirk. EF A :upol
42 FiE =R ARS Zeke oEs
Edug ANHo R Hrdaten. ojzg ¥al
A oleg vl AT Ao ABdoldut
T oe A9 ardRe B 5 ok 2 a7
A3 OTT ARIAee] SHASEAT 15pe]
MR qodE 7% AY So] 43 F8o| s
st} okge dEo] ojee IEYl EdY =5
of HHISIL OTT Aulzolgxe] Az 4

ol B

ﬂilo a

t



A% 4 A Atk FF oHT @
B2 Ao] APIE ol8% =44

U Edg o& 2dZ A Aot

REFERENCES

Tikunov, D. and Nishimura, T. “Traffic Pred
iction for Mobile Network using Holt-Winte
r's Exponential Smoothing”, Telecommunicat
ions and Computer Networks, 15th Internati
onal Conference, 1-5. 2007

H. NIE et al. “Hybrid of ARIMA and SVMs f
or Short-Term Load Forecasting,” Internatio
nal Conference on Future Energy, Environm
ent, and Materials,

pp.1455-1460, 2012

Shu, Y., Yu, M., Yang, O., Liu, J. and Feng,
H. “Wireless traffic modeling and prediction
using seasonal ARIMA models”, IEICE-transa
ctions on Communications, 10, 3992-3999. 2
005

L.R. Medsker, L.C. Jain ,"Recurrent Neural N
etwork; Design and Applications”,p.12-14, 2
001

Luis G. B. R., Manuel P. C., Miguel, D. C. a
nd Maria D. C. P. J., “An Application of No
n-Linear Autoregressive Neural Networks to

Predict Energy Consumption in Public Buildi
ngs,” energies, 9(9), p.684, Aug. 2016.

L.R. Medsker, L.C. Jain ,"Recurrent Neural N
etwork; Design and Applications”,p.12-14, 2
001

DH Kim, MW Kim, BJ Lee, KT Kim, HY Yo
un, ‘Data Flow Prediction Scheme using ARI
MA Model”,Proceedings of the Korean Socie
ty of Computer Information Conference 26

(2), 2018.7, 141-142

JKLee, IP Cho, SY Lee“A study on data coll
ection environment and analysis using virtu
al server hosting of Azure cloud platform, P
roceedings of the Korean Society of Compu
ter Information Conference , 2020.7, 329-33
0

MH Ha, HG Sona, S. Kim,“A Study on Perfo
rmance Analysis of ShortTerm Internet Traff

ISPe] OTT Eafm EMmUHUD o=0 &5t ez 121

ic Forecasting Models”,Proceedings of KICS.
2012, 19(3B), 415422

[10] SJ. Jung, DJ Kim, YH Kwon “A Fitness Veri
fication of time Series Models for Network
Traffic Predictions”, Proceedings of KICS. 2
004 29(2B), 217-227

[11] SH Ji, Huru Hasanova, KS Shim, MS Kim.
“Prediction of Traffic Usage Using Machine
Learning Algorithm For Efficient Network M
anagement’,Proceedings of Symposium of KI
CS, 2018.1, 824-825

[12] Jin Sheng, MS Seok, GY Kim, ‘“Internet Tra
ffic Prediction By Neural Networks”, Procee
dings of Symposium of KICS , 019.6, 211-2
13

[13] JS Won, SW Kim, “VNF traffic Prediction U
sing Recurrent Neural Network”, Proceeding
s of Symposium of The Institute of Electron
ics and Information Engineers 2018.6, 351-
353

A
Y & 4(Chang-Sup Nam) B3¢
e 1987¢ 2% AW HAE
shiEsH
e 19894l 2% Aty HAE
SpCEs} A

200749 29: FEjsh
skt U
19894 89~2015412%:

KT iz 2

20164 2¥~20199 12%:

KT commerce #54+

20209 3¥Y~AA: sAskw 7]
AICTEEH w4

HHEPH SAHENZ A5, ITAYA, Al

HAHE

e}

=1




