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Today, people are increasingly using the internet, and this trend is expected to
continue. This is because the internet is an integral part of our daily lives, whether it’s
for work, meetings, transactions, streami\ng, or real-time usage. From all of the above
activities need to rely on the internet. As the number of people using the internet
grows, so does the amount of network traffic. Some users, however, cannot be
accommodated due to the restricted number of network resources available. As a
result, the user receives a poor user experience, such as the internet being slower than
the received packet, the network collapsing, or the internet being disrupted, and so on.
These could have a significant impact on the network operator’s reliability and service,
which makes customers concerned about network operators’ ability to provide service.
Thereupon as a result, a solution to the problem is necessary. Therefore, in this
research, a method for forecasting the traffic volume on the network in advance is
proposed. To figure out whether network traffic is increasing or decreasing. This will
allow for the efficient and sufficient allocation of resources to satisfy the needs of users
at the time. In this research, forecasting using machine learning methods is compared
to forecasting using statistics and will bring the method of the sliding window into use
together. Then, the outcome of the forecast will then be calculated to discover
accurate, low-error models using model performance measurement tools, resulting in

an efficient model.
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JUN 2.3 Useanveeansiseuivesases (https://www.cognub.com)

2.3.1  msiFeuiuuuiimsaeu

N3 suswuLiinIsaew (Supervised Leaming) 1unisisauduyunilafioy
aeldnaseuiveniedaedesinisdendeyaiiegisuazineudnlulineuinnesle
583 (Training Data) elvilaundawuudiaesiagtnnmainesuvesdymiulamenuias
winszuedbiiunnliiedy fanvszmeudunsaeuaniiuenseningivuazian lng

v & o < i S o ey

gouliingsuatuuassUwnivaegy wasveningitguuuuifeqiaiasUnuuilfiows
A4 & a = % £ A - o 3 Y1 aa @ I
diainianisieusinniuses q naldeatviazanunsanenuezlainifieais uagh

U oA =

anusouenuerldndfounn FansaouluziuuuiasFendnduntsaeuuunsuonyssam
(Classification) fstilunsidufuuiinsaeuarannsoutsdeseenld 2 nquAenssiuun
LUUMIUENUTZINUAZLUUNIAN00Y (Regression) ANNE1GU

1) madeuiuuuuenysznn: [Wunseuiiuudnuen SuunUseiaveany
T Bunguvidevsnavydilaivunlidamihug dmsunsduunyssinnazerdesanesiiud
vannvanglumsinUssiamyateyadaztihdoyadunmiindu Sous ieaanisalloniad
wiAndu Taonisidoufuvuuenyssavagldiuamiludneaesing 9 Wy ssuudnuenaulusa
iisusndndualvuiilinsduneglundesamnevesldam, msusnuszsznitanasie
viamangs visn1saianisalaniunisaluazdavuaavyeenuidunguuetaua (Label)

visonguvaIgnAney (Class) Wudu lnednuuetoyandesdanauimflnduiuiznisdeus
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(Target) w3onaansidunvulanuunis 919 dunnvseldan, Juense

Wudu dsuanddumsied 2.1 dunisdadeyaiidaduladiazidumuidan

MFIFBUINNANINDINFA

M13197 2.1 Medramsinyadeyaneur nludmiunsiseuiuuuduunlssian
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ABIINYBUA

Y

lviine

(7 L3

duuvung

a

WWRUN, dLua 0/1

o

a

Solusienis

wualily QU ALY au wau/laiidy
fuAnnn fou 6N auindageu Tyl
fuaasn Jou GN AUAEIULTS Ay
s Jou GR AUAAILTS W
o, auUgU R aufnGgeu LAy
Ty Wiy Unf GHORARELLY i
inlu Wy Unf GHORGEIES Taliein
fenn Wy Unf AU LAy
Auansn U G aufndgeu Taivau
Auansn Wy Uni aufnageu Ay
Y UPU Uni aufdgeu i

2) msi3euduvuanaey: lumsiioudilinadnsunluguuuuvesddaiay
liaansadunsonuidunguld Tasndnnisasiunsmanuduiusseninsiulsias
Uszifluindudsdsinanesuusdueeislstng Geazihdoyadunauazitvmoanilnduls
inseafinnsiFeuiuaradmueaziduteyaiiimseidos Wy Adiay 1-100 meiFeus
Ussunniiarulugasiluldifeatunisie neansalasng q lidesdunsinenisly
Ummunszualiiiluswnan, nsviuienistuasessianfu, msviwiesarils Wudu
dmsumanIendeyareufiandluFouidu deyaiithunldaedosdnedumiidmnevie
wadwsidurdiavuuudeliles fuanslumsned 2.2 1udeyaiieriusosudusazunay

NaansAwanaUsuusUassingansuaulaeanlys (CO2)



M13797 2.2 Megansinygadeyanauilndudmiumsiseusiuuannes

vasnoud U weseud | dwith | USuim Co2
Taludn Aygo 1000 790 99
a0y Space Star | 1200 1160 95
14 Cooper 1500 1140 105
Wasiuna-luug | A-Class 1500 1365 92
wosn Fiesta 1500 1112 98
o Al 1600 | 1150 99
gula 120 1100 980 99
yn) Swift 1300 990 101
Woin Fiesta 1000 1112 99
Ianannu UP! 1000 929 105

2.3.2  msssuiuuulifinnsdey

= 2/ 1= . . [ v A =
nsiseuswuulaiiinisaeu (Unsupervised learing) lunsasuliaiewse

A v

AoufwesiseuloyalneusAnndmneudanAesteyaunevseanuaielineuiunes
winuduiusvesoyaies dnvaznsinuvediimsdeusuuulifinmsasuiuazndunis
Joudoyadunaiidosnisvihueidnlunaieludanuudiass udndussuuiiegnnelu

wuudnaeReALlunsUszananamlaseasvestoyasani Tudiuvesteyanazindly

@
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N1sipuskuviinITaouazlanIf e 2.3 anglunisnsasseneuludivandy, 8y,
dmidnuazdiugs dmsunsdsuiuuuldiinsaeuannsautnisldnueendu 2 Ussam
el

1) nsdnngudaya (Clustering): \unisdadeyamunudnuvazlindungu
fou lngazdanquuesdoyasinanunaienidiu wunisdanquatuimmun n1sveuinind
Twnsunf, 159, 91 ieududnisdnngundndasiniansalaedunnannginssulunis

I a

avosgnAriduAUssinlnuduiidesnsinnuazduidinuilidldsuanuiiey wWisfiae

Sbe

Igthdeyawantiluldiusely WWusu
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2) nsanilAvasoya (Dimensionality Reduction): Fmstilunisanifives
Toyaauazauauant® (Feature) 7ilisuueen il euanswasonuilveuelddetu
p19azuansludnuurresgduvuraens delunsandfvesdoyatuidodde vinli
pouRmasannInfivsUsendnnalunsiindusazFoustoyaldiFrBedu annsousein
ningnsiieaniuilunisinfuieyauasiisandayasuniu (Noise) Miinann1seves

v

Foyald {Dudu

M50 2.3 fegansingadeyaneuilndudmiunisSeusuuuldiinnsasu

a9y 21 viwitin dugs
1 41 61 159
2 53 75 177
3 45 64 165
4 33 63 157
5 26 85 163

2.3.3  N13RYUUUULETULTS
a i a . 4 [ a ¥ 9 1
N5LSEUSLUULESHLSS (Reinforcement Learning) Wun1siseusalanislild
Fayadiegradrludmsunisadisuuudiaes udazlisousluivanimuindeuiiiues

5 v aa U Y g o [ v o ¥ =
w vauztulngodsionsteundulunussuu ‘iﬂﬂu‘Uig‘UU‘i]%V]’]ﬂ’liUiUUjﬂWJlIULEN sy

1%
a vYal

naseusiiunisSeusreyednuseuldtunisaesiinassgniionaaauinnisnszyinladu

Y

' ] '
a aaa

Asifian mnazuediiinlanwldiesufindeutunisiinfunoudn q o19asinndy
fulinsovdoiiulinsat uidedfaouindiowhvimsedlsisasifuldindos Wnfazinedy
Widen q uddmivimaddgndesaeufaglfsstatudin Winfagnuindefinshiugnuas
031 Suinnisiluiden 4 auauseilindueddd aviuainudnnisviewadedinarian
funadsuiuvuaiuusdsamsalildfunueg 16 wu nsinlusunsulfidummnn

§03L0983 AlphaGo MIgUN 2.4 Mi3eN159sEUUNIINTWITB LA Ludy
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W7y 7777777
Y 787777777757

TEFETN, L V.
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LI 777722224

Sl

JUT 2.4 M3AuniNdonves AlphaGo M1usiyugnen19i3eushuulasauLs

(https://minimore.com)

2.4 MSEPUZBEN

M3138ui398n (Deep Learning) WurnaniuvusdosiiunnoonunainmsiFeuives
i3 ositiFsusuuusaluifsiemadeuuuunsinuveslasigssamasinnedaine
(Biological Neural Network) ¥@431wt Femanafiaaziszvulaseiguszaniiiond i
lassasiweadusvainusetingeu (Neuron) nanesdussensedouiuuwasinnudnane

=< A

Fu Tagudnmsrauresnisdsuiidedniuufnde wWelimsteudoyadunndiluaisly
Tasstne 9ndunisdoudidednagduiunismandnuusiiuraidoyasenuidioaues
somnazdiiunsaitsiuuiassuazinnetoyaluouing Ssdnvaziduresmsieusidedn
flnauanenInnsiSeuiueaasesie annsofiasdauanuueiiuesdoyasenutld

walnefuywdlidonduauadievhaunsanansmsinudsguaing 2.5 fail
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Machine Learning

& by 3273 -l

Input Feature extraction Classification Output

Deep Learning

B4 @
o 2o

Input Feature extraction ¢+ Classification Qutput

JUN 2.5 dnuaEn1T99UTENI NS gUT YR ILAT 8IUATNITITBUT T AN

(https://blog.thinkwik.com)

2.4.1 lasednguszamniiiey
Tasseuszamiitondumsdasslinonfiumesiidnuuznsinuiinde
wioidsunuunsinuvegadUssamasluatewosysslasnndoulsunsuiuin
aeluaueavesyudariinisUszinanaredainnnsssund lalinsdunissuianusan,
ArvunarAwAe WWudu Remuedandunsussnanaainisadussamviednseu
FameluanesvesywdarUsznouseiiseudiniunnuasdoudefuiduszuulnssneiil
muduteudianinsauanslnsasaveseadUszamlansgul 2.5 uasiwaduszamildnuas

MsvinausaselUil

v

1) drunssudoya s sunuaiiSeninaulagyl (Dendrite) n3oiduly

1Y

Usra 198 NU RS UL o1 a9 N@n I nLIna auMguantarn1elus19an1edwad

Y U

Uszan

2) d1uvein1sUseNlana u Mawaa (Cell Body) neluagusznaunae

[ t%

fmdea (Nucleus) Baagyhwihnlunisindulainasnsedfuwadous Negngluwadussan

a

wisli dmndladyanaduneiusannnefazdndunisnszdulazizdsdygiunssu
Dulnihedlugaedng
3) duni1sdateayasanivey idunisuenyeu (Axon) azidudldidoya

Y (3

wsnmeenvisaduimddygaodwneaniudmhsnssudeyadidsudaly
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lgaaus:ain

|(Neuron )

Dendrite

e, -
[asuaisaous:=ain

Potential -70mV
ANuAANalWih

AeEalle-31n

Cell body ~~ Neurofransmitters

U7 2.6 Tassaaveawaduszam (http://www.idoctorhouse.com)

o
Y v

nfinanfednvusnisinungluatesvesuyvddaduty luaneswesyudasiivad

£
1Y LYY

Uszamiiaeeyintnsuteya, Uszananateyauazdadayasen dedulasainglszamiiiey

Alalusunsuduanlidnisyinauaaeiuaussiazdineswunsou (Perceptron) MAsevi

pNilaumadUsyairuiy 1ngasrlsenauvaanasunsauiin1syinaunatuaswandly

a

N 2.7

1

1) dun13sudayadune input: x,,X,,X,,....x, Junmssudeyangniawdn

>n

unelulpsaneyszamidiey W e, daugs, Wnn, dayasunsuan Wudu Feezdian

ﬁmﬁﬂﬁa@m (Weight: w,) egiutoyadunausagsi diefizdudrimuaninuddye
gunairduneilnullanuddgunuazaudidaey mﬂﬁgu%ﬁﬁauvaauwm, wmingt
AnLazAl w, endituled (Bias) uidislunisusumsdunadndumnsudidieiu
Tuduroinssauna (Sum)

a %4

2) druvesmsUsvananauasdnduleviiniifled 2 daufe druvosnism
HakazdIuY0IRanTUN13ARAY (Activation Function) SuAULINTUAIUTBINITTIUNAILI
sihilunissuendunnguiuaimindguiiuszsudasdunn Wemunadndidnde fu
wdasolaztilusamdfuailusea Tnsaunisfiagldlunsmumagisnguanainaunis

Wunsaiilufe
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A Q

loe?l  y, x Ao FIuUs y wagdalus x
m A9 AR

& i ::4'
C A8 ATPIN

witndvayadunnasu 2 duneTuly axdulunsiuiaveinisriunaszindoyadung

sdiusgansasfmkar v lukear laauni el
s =wy+ (W *x)+ (W, *x,) +...+ (W, *x,) 2.2)

(%

a & a vo &
LLazmmmLGUEJuLﬂuaumim\‘mmmmamﬂ@mu

5= Zwi *Xx, +W,
pan (2.3)

lng?l s Ap AHATINTEWINBUNN, w, f Wwiindinauaz w, As luled

Wosiunassudasualnaziinasnsiladeluddrudalupeiaddunisindula Tnelu
AszUIUNITHaidunIsUssananan g Adantdunaeilunisdnayu (Threshold) @11150

° & ' @ ¥ A o Y v a ' ' ::1' o
ﬂ']ﬂu@ﬂ']LIJuL'V]"]13ﬂl@‘ﬂﬁauqﬁﬂﬂsﬁUﬂqiﬁ@auslf\]mqﬂ ) Njﬂ'ﬂﬂiﬂﬂ"liﬂigﬂjawawL'Wlngﬂ'U

D

JUBUUYRInUld @aznanluiten 2.5) dwsudnvauznisvihaulutuneuiasimasiud

v = = Y] ¢ o o 1% A yva ' ¢ o I3 v sa
lﬁll’]L‘Ui‘EJULV]EJ‘UﬂULﬂmeVlm@aUSLQ ﬂqﬂ\laiﬁﬂw‘l@ﬁiﬂqmqﬂﬂﬁqlﬂm%m@ﬁusLﬁ]ﬂﬂgLLaﬂQNaaWﬁm

Wiy 1 wea1vinuasinuessnInnagidadulafazlinadnsfNwindu 0 Feanusodewdu

aunisegnedelanad

SZZ, y=1 (24)

g9l s AB ANNATIY

A 1

t A9 ALNAIIUNSARAY
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3) dureanisaseandeyaniaiordng (y) Wuduiavdedeyaiednnaenty

gunoswunsaudnluniadieanlulaninga a1unsawandlendaunisi 2.5

y=LQw e, +w,)
i=1 (2.5)

Toefl y Ao Aendng, w, Ae Umindann, x, Ao Teyadunm, w, Av lukod

ueg f(+) Ao Mandumsdnaula

: Activation
Summz?nou Function
Function
. )
WX /
=1 &

U7 2.7 Tassasnaveuneigunsou

2.4.2 \assasveslasstigussamiion

TasseUszamiisndunsGeuiaunsnienesidoyanidnvas lsidy
\Baduuazdeyadinavld 1wy deyasynsuan iileflazanunsathluvihuneviensnsaids
w139 Tuowian TnslasseUszamiond fauandilunaiouideyaiignioudulu
1A59918UALAMUINAIYTEUUABNTIABS INLUUTIARINNATInAanS drudsenaunielu
wuusraswweslassteUssamifinazdsznouluse 3 4u (Layers) Seiivifiumnsnafusal

1) Fudunn (nput Layen) : ifuduil Sudeyadunmainnieuennioain
gt uneunt s luuuaeuddselUusrinanadsdudaly Senelutuiuas
Sunmardidniminienmesieuiiessyisauddnresdoyn wasdudunmazlifiileidu

Msenaula
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' (%

nananasenIdudunnLazduy

v
o 1

2) Fugou (Hidden Layer) : 1udud oy

Y

@1Ane Fatuilarsuteyaunanndusunauwaniveyaunaiidunisuszananalagyinn1ssiung
wardssialunfsidunisdndulaielilanadnsesnun winadnsnladuasgndwaludagy

dnaLiadlunsUszanadnd wasnelududeuaiunsadidiwiulnualiuinniivia

a

TruausnIsILseanduIulnusfazdwasrauseansnnlunisvinuvesuusiassle

[ ' 1%
£ o

3) Juiendnm (Output Layer) : iudunsudeyainantudeu lnsazihdeya

Y

¥
[

ALPHULYIINNSTIURALAaLFAALTD NAST IV ILAITILAAINAT NS N A5 990nU1 Aeludu

(3 = ! d! ¥ v ! o Y !
LE]’W]‘V\!G]’d?lﬂiﬂllil']ﬂﬂ')’]‘ﬂﬁﬂiﬂuﬂlﬂ LLmLmeivaﬂUszqﬂGﬂ?mULmawm

'
=

ausauanilaseaseveslasidieUsvamiieulanegui 2.8 a1n3uay

Y
(%

Usznaulume 1 Fudunaiiisieiu 4 ua, 2 dugdou lnedugoulsnazll 4 lnua wazgu

o I3

Fauiiandl 3 ua uaz 1 Tueranafiusenaunie 1 luua

|

oy

Y
4

Input Layer Hidden Layer-1 Hidden Layer-2 Output Layer

JUN 2.8 dnwaizlassainvedassdiglseamiiey

243 MWANUITTYLEUYTD
wieaudisrezdusridulasieUszamiisunuuniafidnassguiuy
ANIVDINYBINAINNTOUTTIANNNTAARE19IAA tHesnnmndwmanisalludiinunly

'
[ 1Y 1o o

aned auasiazidendumnsalfid iy wazaumansalfildddgeanly Taenheaudn
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seardusmoenuuunlivszainanadeyaidusiiy (Sequence) asimunziutayadid
Auduius fududdunoumiuasvds dantheanuddusserenildgniaminain
1AsedngUszamisuLuunns U (Recurrent Neural Network: RNN) Lﬁaamqmﬂwﬁawm
Tnssreuszamuuusnisuusaalasaznailuddudaly fafuluideifazvaniuhis
anwurvedlasngUszamuuuinsudeiou
TnserrsUszamuuuaniuidulasssuszamidongunuund o g
mi28AT7 (Memory) TnsfuwAndeanunsaideslosdoyanountivteyaiaqiuls
Fednwauzmshauaziimaivaniuy (State) Yeyaneuntiienliiievdluuszananady
Foyatiogludrdudaly Tnefilaseedszamifionuuiiduindnnsiinude ssdidunis
Uszananadeyaiiazduneuudrnntuazfvanugvestoyaiidulsdlendlifanuzdou
(Hidden State) it pthluld Uszananaluassdaly wu doyaiigniouwduin “durds
v flassinguszamuuuiiFuazaesggrudeyaidoudunaindrgluvniaze
Tnedoyadiduusniienufedin “du” domadduiiansiedin “i1” uazrosqeluiiazd
quiierdn “o” agihiiazd unouluiFes q suasu Feazliteudeyadlududeu
Judu Tunszuaunisdsnanansasansaa dnenssuredassisysyamuuuninsulddigy

7 2.9 pail

L RNN Cell

UM 2.9 anUngnssulasaiigdssamiiieuwuuiigy
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lnganlnenssuvedlasaingdszamisunuuinsvagiianwuznisvitnuiuugy (Loop)
dielayareuntilssasey mnguduuulassUssamiiisuuuuiiiuazseneulufe
FuresBuna (x,), wing (y,) uazdudeuded RNN Cell lulasstisusyamifisuuuuiiGy
sefidmfiendnanuedou Safide £ ndinanluuddirsiudindu Tngzdudiud
seanmsmAranuzlagiuvesdeyannmsAuinavesaniusneuminsuiuteyadunm

a ey ehdiu RNN cell snpanagu 2.10

Y

JUN 2.10 lassasunglulasengyszannuuuingy

nlasvadanislusgnuinnieglulassieyssamuuuiiiuazeanuuuanfielasasng
aeluiuaduifir Wuiiiladdu tanh wisduuasimsdaoudeyanduifiosududsd duang
Tuguil 2.10 & o gadagsilflassevssamuuiiBuisdadetun Wy deteudeya
llulessnennng enessidudeyadaian 1-100 shlasstneazsuiidamiuyateyaiil
Judeyanauniiuing dwalvdeyaluyauwsn 81 919veaar 1,2,3 iian1sliddmen
137‘1/1%61"3@514 Sadutlynnfidendn Vanishing Gradient 11 watam o me‘fﬁqiﬁlﬁmmﬁ
Tundanesiiutunlnlfemhennusisrezdusriiionudtym Tnsszndnluddudely
TulassteUszamuuuiiSuazannsamenanuzdeuldsaunsd 2.6 fail

ht = fh(wz X, W, 'ht—l +bh) (2.6)

gl A, Ao Aaauzdeu a andagdu

t

£, Ao Mandulunisuszananansesdunisdndulananiuzdou
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h_, fe AlEaUzdauYsdnuzAoun (1—1)

x, P Toyadunaiandagiu

t Y 9

o

v o I

8 AnhmtndmaundnauiuABunn

=
o)t

i

D
3

1o

w, A Andmrnimauvesaniugteu

b, Ao ArluwearedlasUleUszauuUnISy

wazlud1uYeINITUTE AN NEL DAL I NAZATI VT BLDIANATINIAIN LT UANBUNTNTY
mbeanaunIs 2.7 fe
Vi fy(Wy h, +by) (2.7)
lagfl  y, Ao ANUBID RN
£, Ao Mendulumsuszananavseilandunisindulanduondne

Ao Umtindinmvedlnuae e

b, fie AluleavedlvunlRne

dmsunyieaudIdusrgge I gL L ouA Uy T o9 Vanishing
Gradient WU ALAUVBINUIEAIINTITEETAUE1IVLOYT A0 1uwad (Cell State) Teasdl

wiiilunisiiudeyafiduussleviniodu (Forget) Tayatiudialy agvimiiadredu

' o
a o v £

aenunaeednigadoyanszinveyatuluussinanaseviold uarauasndnegi
wilswemiieaudnsvezdueife Ussguseina (Gate) Mludwwiidndulainasfindeya
tuldanugvengaavieoauteyaiunald lneatgluneazuseznauluilsndudnuess

(Sigmoid) LagMsAMLUUIAgUT 2.11

@

c
|

JUN 2.11 wansdnuazlassaiangluvedns (Gate)
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v a

Tneftilaiduinuesdazuansuadiiaud 0 fu 1 Seazannsnvenldiudasdoyaidrami
udluldandesiioda Tnemnidu 0 Aelaivdeslideyaiusnluls uifnndu 1
wansindeslFdayannonsiidumiusinululs
snvarlassaiauaznmsihaunelumheanudiszerdunagUsznauly
70 4 daufe Tunmdu (Forget Gate Layer), %’ummﬁuwm (Input Gate Layer), SuLananIug
\waa (Update Cell State) LLaz%gummmm‘wm (Output Gate Layer) @1u150uanlATIas19

lng5udiegun 2.12 wagazesuiednvauznisiaudutuseuludwudnll

&) () ()

-

»—{ X

)
O/
LSTM Cell @ LSTM Cell
o] [ [5

¥

E‘Uﬁ 2.12 é’ﬂ‘iﬂmﬂﬂiﬂﬁ%’mﬂ’lﬁﬂwﬂaﬂﬁﬂﬁEJﬂ’J’]iJR?']SSEJ%éJUEJTJ

HRORE

Fnuarn1sinaunsluniisauIITEesdusaIuIsanUen1sina

[

¢ vo &
Jupaulaeiail
& 4 2 4 a I = Y v & 4 &
Tunauivile: MTuinaduziuinanassaluguIteyaiinuntuasnazi
A I3 & A 1 v a 5 o a 1 LAY s o
vsaiiuliluanugiwaduiolil lnglunisdndulataganiunsuilsitudnuesdiagin
Jayadunailidruivsznauduiumindvesaniuzneunid dwinwadildeonundu 1 9y
wnedunudeyaniiuiuld widhmnwaesnundu 0 ssvunefdliauteyatuicld awse

gj A L dl o o U dl L d’j
LAANENNITUDITULNADUAIAUNITN 2.8 LLa%aﬂMm%ﬂ’ﬁ%’N’m@ﬂz‘U‘W 2.13 oqu

ft =G(Wf '[ht—l’xr]+b/')
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log?l £, fie Aiiunedy, o fe flsidudnuesd, w, Ao U wiinfeuues

TUNAGN, 4_, Ao Avesanuzdaufount, x, fie Avesloyadunn uay b, Ao Aluled

#)
A
(@ () \
[— = = = 1 T {/anh ) |
I il (x) P
I ] I { %)
: N )
1, | [ Dl @] [o] ] R
S |
I s |
| { X ) !
I "t/ 1l

JUN 2,13 dnwagn1svnnuvestiunngy

[ '
o 1 o o

tunouiass: Wunisdnduladnssiudeyalvdiiddgyerladiluifivly

anuziwaddsludunsuiagysenauluie 2 diu ludiuusnae Joyadunailidrunlng

1

ansadundwasantuzigadlavselil Tudiuliavgnaiunuietunadunalagasiteys

a S v ) ' ' v v ' s o ¢
BUNAN LGU']N']Uizﬂa'UﬂUﬁﬂ']ugsljai‘lﬂ@u‘muﬁlLGU’]VLIJ'Uigll'JaNaNqUWQﬁsﬁu“UﬂﬂJaﬁJﬂ'V]L

[

Tud
dnaulatagiilunisdmananuzmadviol fuandluaunisd 29 mndudmndaguls
Ilsidmandoyaiagsdudunsiludiuiiaesdoinauegianduns (nput Modulation
Gate) TunmilazUsvanananuitsidaulamesludnunuaus (Hyperbolic Tangent: tanh()
faaunsd 2.10 Wemiimsaziheideyalaundudunisdmen uazdnuaznisinely

JupeuiaedaNIsokandlinun 2.14

i =o(w,[h_.x]+b) (2.9)

C, =tanh(w,. -[h,_,,x,]+b.) (2.10)

lagd i, A9 A1YITUNABUNA, w, ABD UINUNAIAMYDITUNATUNS,

b, fie Aluneavestunndunes, C, As Avaunatananduny, tanh() Ao eidulawnes
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Tudnunuaud, w, Ae dmindianuaunnueiandunn uay b, Ao AlULdaYBINALDY

LanBUNA

(__X \‘ff (/l,l.}l) -
R
I, b C'_, —I ey
1 anh
po SO ]|

JUT 2,14 dnuwaign13vinuuesinadunnuazinalegandune

1 o < U o s & " A
VUNBDUNETU: LUUSUUWQUIUﬂ']ﬁ'@WLﬂG]aQ']uglefaaLﬂqLUUﬂﬂqugLsﬂaaﬂﬁﬂJ N
=

SeNINTBNANENUZIYAE Teazsindayantnannduinedy, TuneBunnLazduINANBgIan

DunaNciuRaEunIsA 2.11 sadl

9

Cz:fz*cz—1+i1*ét (2.11)

g C, Ao anuzwadlagiunas C,, Ao danuziwadnountl

t—1

¥
(Y =

PnaunslumIswananugadnuindesnisemananiugiwad v uasiifeuly
seftuey 2 Tode Heulviinds £ szdesdduviniy 1 mszdevunquiv ¢, T4
WNEAININAZINUANUBIwAd noUninlY w1 £ a1y 0 Aezavdauzgaanaunti
AU wazideulviians a 7 i azdosddnviadu 1 wWudwnszdedluguiv G, oz
mngaudoyailismananiuzieadandeyalnidnsey uazdermaildanaunismn

swfufaziimsdmananuziwadivl lnednvasnsvhauaunsosandldnsgui 2.15 dall



23

= o o U L3
E‘U‘Vl 2.15 an®¥eNITVINNIUTDINTITINARAD USRS

o '
o a o 2/

Funouiid: duneuiifuiuneugareiviuiiisunadeyaussnsesmadng
Al ednidunsdnauladnazdsoonuadnsvieagndnanuzdouinaragduseniy
Uszananaluwaddnluniolsl FsduneutSondrdunaeing deudlazgiraunsonde
anuzdousanluliviol axfinsanavestwnmesinadou Ingluduiasiavosaniuy
deuneuniiuteyadunalulssnanaruilsddulnuesssaunisi 2.12 nadnéilday

LARIATLA 0 NU 1

Ot = U(Wo[ht,laxt]_'_bn) (212)

lnefl o, Ag AIVBITUNALINNA, W, AD UINAIAMUBITUNALIA NS

Wag b, Fi lulLeavTaITULNALIANA

91NTUILUIAITINIUNITUTLUIAHAINTUNALD W NALINI1AITNIZdIRIan Uz uDaN b

y5alufsaunsn 2.13

h, = o, *tanh(C,) (2.13)
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Weonasaniaunisaiurnnuladiaaniugieas indunuseulanaluilsdyu tanh() wan
ANAUAIYDITULNALIANG §IMINAT o, WU 0 A1vBsan IuYERUARZIINGU O waneinlildl

nsdsrvesanuzgausenly wadwn o, Ay 1 AdauzdoutizgnAuINuazg

Y Y
(BN
d L% %

deoanluilunadnsnseuszianaluwasadalduasludunounatuaiunsonansdnewaznis

IUAIFUN 2.16 Al

JUN 2,16 SNWUENIIINIUTDITUNALIANA

¢ o v a
2.5  Wengunisaaaula
Hasdun1sdrauladudrun15UsLaaNa N ANIANNNITIILNG WIBAEUNITTINNE
@Saseusesnazdwiadoyaundiliidunsdedulaiomnunitssuanmadnseslseanun
Faandunsandulatieadl
1) Wangun1sanaulakuuldady (Linear Activation Function): H8nwagn1svneu
<, a v P a a I3 = ° v & = |
Judadunuaunisdunsan 2.1 lnefidnwerdns y Judmeuildainilaiduiinzmane
AnutunseAlaAvils (m) wihuguiuaBune (x) Mgnleutnun nadwsnlaasien

581719 [-o0,00] (YAT1, 2020) Uaranunsauaninslanaguin 2.17 Asil
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JUN 2.17 dnwagnsvivesilsidunisandulanuuiady

2) Handunisandulawuudnuess (Sigmoid Function): 1wl

ATUN LA NWULVDI
nsmilugudaea (S) Aeguil 2.18 Feiminnlunisudasadoyalieglugiaiaavszning
0,1) Tnefangunsindulawuudnuesfazid s AUNUN g luNISIMUNFUDINTBANUURE

W Ingaunsanuassaiunsamelaasaunisy 2.14

1

S(x)= —
l+e™

(2.14)

a8 e AB ANP9AUDY Euler’s number

JUN 2.18 dnwaugnsvvesilsidunisinaulanuudnuesn
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3) Wandunisandulauvulawesludnunuiaus (Hyperbolic Tangent Activation
Function: TanH): 1uilarduiiiidnvaznsidugudaiea (S) adnefuiladdudnuesdagy

1 2.19 usillszogdravesradnsininenitlaeAemnnasdyiesening (-1,1) dununziuau

AT WUNFWDITENINVREIAs Tnedluansduaunislansaunisi 2.15

tanh(x) = e‘x—_e_x
e +e (2.15)

tanh(x)

+1

JUN 2.19 dnwugnsmivesilsitunisindulauuulameludnunuiaud
4) farfdun1ssnaulauuy RelU (Rectified Linear Unit): iuilsidunfioutianldeu
@ = Yo A v a = i ¢ o v a & 1% o &
fun19BEuS @ TeRINAIINRTNIUR 2.20 aznuiilidunisdedulatiavlvinadns
PliAwiiu x vsedunaamnnadunadindAmnndneud uiamnABuneAii1angn

a ] v 1 (3 a1 I 6 o/ = Y a (K2 v a -:’IJ
Anau ﬁ]%ﬁ\‘mai‘ﬂﬂ’]L@’HﬂWWMﬂWLV]’]ﬂUVju‘EJWQﬁNﬂ’ﬁV] 2.16 uazdenvuesientunisinaulatiay

v £
= a v o

ylanusaUsenanalaisrgdu dnvadalanunluniisainusites

0, if x<0

x, otherwise (2.16)

R(x) ={

output

10

R(x)=max(0,x)

input

-10 +10
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UM 2.20 anwaznsvesitesndunisdndulawuu Rel U

Y

2.6 N1SNEINSAIA83TNNTNINEDR

o o 3

dwmfumsnensaldeyauTunanisasiasuusruuiasetngieisnismsaia Ty
suAfeienensaidoyadeiimamanaioindouiiuuuysannisonnssdaluiftuitnig
negnnsallneldeindondeuiionsiie Tnsaenaniadeomlugdudaly
26.1 AmABARsuiLUUYIAIINNTARRBESAlULR
nswensaifoyalusuanlnensldtoyalusfmnduiunisinges Snits
Hannsniengideyaiiiuoynsunarldiuiuuuilisuauiomnniigalunsiould
sAe ARIMA figniauslag 20%a 8.4, Send way n3au 181, Laufiud (George E.P. Box &
Gwilym M. Jenkins) 11t n.a. 2513 Tagfindnnisvineuves ARIMA Slgaidufenisuindeyadi
Fnnnsdaneniaifususuantusfnumeinsaiiielildtoyavienuliufaninduly
owan Tngaglininiineuddydutogayndeyaiviunldluniswennsel Inedeyaoynsu
naniianldlunsnensaifeadudeyafia (Stationary) Liduegfuinaiuazggnia
dmdunmamensallnediuuy ARIMA duasdunsnufuresawesdussnauniessinos
(Orden) @sazusznaulusie dauuunisanaoslus (Autoregressive: AR), AIUUUYIUINT
(Integrated: 1) LarFuuUALaAeAdeuT (Moving Average: MA) (Yaffee and McGee, 2000)
Tnefineandeavosisanuoiusznauisd
1) fuvy AR iumnuunisanossiimenuduiudlagldmeynsunanves
Fnesdluafndieviuisdoyafianfaduluouian Tneduvunisannosiazuansdae

mailwes p vstedwaududuluedn deufiuuunisanney AR awnsauansegluguuuy

v
v

Yosaunsii 2.17 (Vijay and Bala, 2019) a3

v, =l+ay,_ +o,y,_, +..ta,y,_,te 2.17)
lgd [ fie seavluyadeys, a Ao AduUsednsaadminideaseuiann
Yndoyaunz e fie dynInsunIu

WsanTamikuuNsanaeelidnriliisfevatnaunisilsiduanduiug
U13gqu (Partial Autocorrelation Function: PACF) td unisuiaainaduius vesd oya
UNAILAZAINET (Lag Time) va9ted Inen1smauduiusseninavestayaiim

lutagduivdisweeyanat 1 wag 2 Tuneumi wWuinauduiussenitesanidiu w

9
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nalagtu (¢) dusienidduveadionu (1-1) willaWarsansiaigdu s naidagiu

() wulanuduiusiusedndulunatdesiuneunta (1—2) As@un1si 2.18 (Oduro-

v
v a

Gyimah et al., 2018) pu

Covariance(X,, X, , | X, )

PACF =
\/ Variance(X, | X,_,Variance(X, , | X, )

(2.18)

lagn X, Ae Jeyaviwnandagdu, X, As Yeyarrwiamiaiuneunt

way X

t

_, Ao Yeyarinaaesiuneunii

=

2) duvuysannns: lesndeyasynsunarfithuineinsaldnilngasd
3AUsENaUIBIANLUTUTILLAzgY il Toyaeunsunandutoyauuulyned
(Non-Stationary) dralilsiansnsatnwensalldinsizazsiildiAnauianain safuis
dosldfuuuysanmsiifidnesduszneuves muuUsUsIuLAz g MABenIINdey oL
nadeneuielvlsdeyasynsuiauuunisneisnsmeinanie (Difference) Tnenns

°

AuInANUUAsuLaIsEningntoyadesani oy et asiuialilannuunnsiiaves
a1fu d Asaunisi 2.19 (Lu, S et al, 2021) uazguuuuveinsmivesdeyasunsunauuly
AITAZWUUAIIAELARIAIUA 2.21 pisll

Adyt — Ad—lyt _Ad—l‘yt_1 (219)

e d AD A1PUTDIAULANG1ILAY A AB FfTdUNITANULANANURIAEY d

Non-Stationary Time Series

Activity Level
=]

o 0 20 60 80 100 120 140 160
Time Interval

Static_nary Time _Series_

Activity Level
1

80 100 120 140 160

E.D AU Eﬂ
Time Interval
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‘Uﬁ 2.21 ﬁﬂ‘HﬂA“’ﬂi’]W‘U@ﬂ“M)@JaLLUUﬂQVILLﬁ”%@@JﬁV]lZJﬁQﬁ (K. Sultan et al., 2018)

3) fhuuy MA: iusuuuiildmmnufianainainnisnensaiteyaluafnu
yuneteyaluaunan Tnefuuy MA azuansduduiemiives q Aduiusdfsuud
AuAAALAABUIINMTNEINTATeyalusfia TunsmAdauuy MA annsafiarsantsiann
aun1sfi 2.20 (Vijay and Bala, 2019)

Y, = I+ (2 + 9191_1 + 9261—2 ot quf—q (220)

o

Tag?l I A9 AAIT (Constant), e, AB Ay IusuNIUAD1I (White Noise)

way 0 fe AnndsdeuiidisimiinvesdeRanain q feuwn

lunrsmiandawuy MA geanansanilaanndnui 3§ aeniannd e du
anduiusnluglii (Autocorrelation Function: ACF) Wunismaiuduiussewinedoyalu

Jaguuasdoyandtuaitivesdtasluadndiuiu k Teyansuansluaunisi 2.21

(Oduro-Gyimah et al., 2018) siail

Z (yr _;)(yt—k _J_/t—k)/(t_k)
P = t=k+1

k

T 3
D= AT
= (2.21)

80y, = > v (T =k)

e? k fo A1ANanY, T Ao ANE1IY090ayaounsugl, y A9 YA

JoyapunIuALaY ¥ As AafvedyateyasunsuIm

[
v = o o

NUUFIIF I UUNIEIUF WA LN B TA LA LUUI1a89 ARIMA Naunsatdeuly

[

sUsvvvesdyanwainalufie ARIMA(p,d,q) Tngainiinaiundiesuiunisndwes p \uen

o

s
a a

AUUTZENDIVDIAILUU AR, d Lﬂusﬂmauﬂ%qﬂﬁmsmmmam'wuaaéhLmuysmms waz g 1lu

duUszan5Ueedluy MA (Carlberg, 2013) @11150LAAIAUNITVDILUUINEDY ARIMA 619

AUN1N 2.22 fail
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! ! ’ !
yvi=I+ay  +ta,y , tota,y , te +0e,_, +0e +...+6qe,_q (2.22)

2.6.2 ANRAYLAFDUNDE199Y

'
1 a

ANRAELAA U 081998 T UdIUNT IR LRAULAR DU FINISNEINTAIAY

' ' '
a A =

BrsliruadandouiifioiisnensaimiosAniulueuan asmnsfudeyaoynsunand
fanuinunAuazinnsiasuuadliinniin Tnendnnsvnnuvesdiedsindeudiegnadne
Susuusnasmeedoulmlnsdondoyaoynsuailuefinn k $1uan wdrmniuagiiia
vaatayaluein k AuvInsnfuudimaiad seonundsannisi 2.23 1lomaade
Boufesudazaniunisweinsaidoyadsaunisd 2.24 (Chiull, 1999) faunsiuas waz
Tunsgurumsvhautiudeyanngdeyalusinazdnislidimdnvesfoyamiiunndoya

(Yaffee and McGee, 2000)

1 13
MAG), =~ > v
i=t—k+1 (2.23)

Y., =MA(K), (2.24)

lnedl k Ao dunudeyaniesusulusdndudniwduuin, y,fe Ardeya

Tuefin, MA(k), fio AneAdeulnd 137 ¢ waz Y, A9 AImensel ad 1ian £+1

/
27 ASeddindauszansnnuuusiass
dmsuin3 oeiof 19lun153nUszan3 amn1sne1nsalUSu1anN1595195 UL T UL
\A3eT YR IAaYLUUSAB WS NaUR AR D
2.7.1 ﬁqLaﬁﬂﬂaaﬁiqﬁmwaﬁﬂﬁmgsd (MAE)
\unsmAedsvesmuiianainandeyaiimanisaliisuisuiuteya
FNENIIWaAFIYalIdauuanaanrIetey fnLuUTIaesiial MAE desde

Juuuaesuiiuszaniam uazanunsaindadevesimanainduysallanaaunisn 2.25

MAE = lib}i —xl.|
n i (2.25)
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lag?l y,Ae Toyaillaannsviiuig, x, Ao Touadss wax n Ao Uy

AIDYNVIINUA

2.7.2  AuadsaNuRanainiosazduysal (MAPE)

Wunisdaanuuiugimseanuid anainvesuuudiasslugviuuuves

A A

Wosigudaduysal ailAn MAPE UeefallussanSning a1unamial MAPE ¢aunisi 2.26

Y

100% K|y, —x,
MAPE = °z|y =1
moEl (2.26)

2.7.3 ANRAYYIANNANAIANIAYEDY (Mean Squared Error: MSE)
9naun1si 2.27 Wumsinainnuiianaineiemdaesssninedeyaile

a0 t%4 1

PNNINEINTRITUTeyadse Bellddesudansiuuudiassiinauuaiugn

MSE=-3 (3, -x
nig (2.27)

274  ANNIERIYRIANNNARIALARBUNASERRAY (RMSE)
Jumsimvunawdederanainlaenisldsnnigesieinsswitedayanldain

nsneNIallardoyadIie Bemaillavindl RMSE Bellaeedd uanslanaaunism 2.28

RMSE = [*3 (7, )
g (2.28)

v o oa
2.7.5 @1duUsEaNS R-Squared (R?)

WunisIaanuanuisarsemnuwiuglunisnensaivauudianaindaiig

undetiennntesiiieds lngaziasenindoyaildainnisneinsaluas Joyadseiauansly

AUn1590 2.29 91 R? UADNlNa 1 1198 100% LARIILUUINaauulUsEaNS AW

Z(xi _yi)2
1— i=1

Z(xi _J7)2

i (2.29)

R’ =
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= 1 1 a | a v a
IWEW] y=— X, AD ﬂ’]LQﬁEJ“UENGU@;J‘Jﬁf\]i\‘i
nis

28  mulusunsufislnsau (Python)

dmsunrwildlunis@eulysunsuvesnuidedagldniwlnseu Agnadidlaedn

caad

Tsunsuesyindniiiedn Guido van Rossum fignasnsdulud 1991 Felnsouduniw

Tsunsufsseugefigninnldauegaunsvaeidesnnidunviiiiesenisifeus, Tns
yhauiinng wardanududoutosniindumszilasaiidilaldie auauifngn
vaslwsoudaifiuniulusunsufl et bifafafuunanwedulanieiFonindunvied
(@918, 2020) vilidnlusunsuuesaieg anunsaludsulguaswaunlnseuld
UssAnsamiintudes q Tnemwlnsouiiferonfiviu

1) Wunwiiinnuannsolunsdanistuiuilumhoanusildedieiiussansam
Fadunmsdnnisuuusmlui

2) fidnuarnaiheuiisenidumesniines (nterpreter) Aodnwaignsyinauiisl
nMsUssnanafiazussvin vildldnandesdmiunsussinanadds

3) galaunsvesn1wilngou (Library) Langwin15UsEaIaNan e uIAINTSUAIENS
WAEINENAIENS

1) Tnssafrsfanusvosmunsousinnudaneu Saagvinlianmsaimulusunsald

a

88U Wwudayauuuaan (List), TogauuuAnduuns (Dictionary) \usiu

a 9} o s

5) lumwlnseudigaveslavisNaduauwieifuauaudyyiussivg (Artificial

]

Intelligent)
& = = 1 2 Aa
L‘UENﬁ]’lﬂﬂ’]‘l‘f}']vLWﬁE]ulJﬂ'J’]iJa']iJ’]iﬂiuﬂ’]ilﬁﬂEJUIUiLLﬂilII@Wﬁ']ﬂWa']EJLLa%LUUVIUU@JIL!

i o

adeil Faldgninluldivdnvaramluguuuunig 9 lddasdu nsussendldiudumesidn

Y

' '
(% a =

U83A3INA (Internet of Things: 10T), N13%11 Chatbot M1 ugsAadudunisneundy
Foaudnlud®, nsneinsaldayasieg |, n1sasiaueud Adesldniwinseunidoy

TUswnsy tudu

o ¢ av o4 ¥
29 UINAUITIUNTTULAZINUINLAYIVDY
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A oo Tjﬁ = ad o a o g
varuas e . FauNAU ANTUNULASNAANS
ANUN
“Humsaneilaensuauluuiiass
Enhancement of 381319 RKM (Rough K-mean
Single Moving Approach) 11U SMA LilaAInAZLY
Aldhyani, T. H. Average Time nssudadayauussuuAIeYny
and Joshi, M. | 2017 | Series Model Using | eaulatinng nilsiilug
R. Rough k-Means for | - 21nN15YAaRINUI NN ONATUINED
Prediction of wuUTIaR IR e fudNa U SUUT
Network Traffic AALUE lunsIuNe AL
UseAnSnmaunndauy
- AnwIn1sne1nIalveyan1sasnas
vus AR (Uplink) Tutp3edie 3G 1nag
A Comparative = - .
ABINITNEIUIT ARIMA, ENN (Elman
Analysis of
Oduro- Neural Network), MLP (Multilayer
Telecommunication . .
Gyimah, F. K. Perceptron) 31&111350A1AN5VBYA
2018 | Network Traffic 1 s D e v oam
and Boateng, Pfianwurlddudadulensely
Forecasting: A N, Lz
K. O. - HAT LARINAITNAADINUTIN G 3
Three Model L\ \ o ey e
ganesiiuaiunsaninnisaldeyad b
Wudadusgrsdoya 36 laegns
WU
- lEUDIBNIIN AN AR
Decomposition, Winter’s
Purnawansyah, Network Traffic Exponential Smoothing uag ARIMA
P.; Haviluddin, Time Series Wietlssuiisudszansainlunis
H.; Alfred, R. 2018 | Performance MUNEITUULATYIEINTENSIARTIER
and Gaffar, A. Analysis using - 2INATNARDINUINTONITYINUIBAY
F. O. Statistical Methods | ARIMA ansnsavitunglawsiugiige
L992103A1 MSD (Mean Square
Deviation) Woeign
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VDA e . PYIUNAY AANUUULATNAANS
AWUNW
- ADINISATILUUTIADY ARIMA LD
AAN1IRlvayalnTed e s UaALaY
ANUAIA wariUSeuigudnsiaany
Ranannlun1sAIANISalsEning LSTM
A Traffic Interval
Lv, T.; Wu, Y. e Linear Regression
2021 | Prediction Method e . -
and Zhang, L. - NAT bAWUIILUUIIADY ARIMA i
Based on ARIMA . R . s
DRTIAINUNANAIAYDINTITNIUIA
N1 LSTM tay Linear Regression 210
N157AR 2875 MIE (Mean Interval
Error)
- Anwdslamuaznisvitnedeyaly
Cellular Traffic WM3aveiete LaallSeuiousenang
Azari, A, Prediction and LUUD1889 LSTM wag ARIMA
Papapetrou, Classification: a - HAANSTILANUIN Lﬁa“i’fa;gjam%’?]ﬂ&lu
2019 B ,
P.; Denic, S. comparative Tunvudrassivuinlug uazainy
and Peters, G. evaluation of LSTM | azLdgadi v eawe 399119 LSTM &
and ARIMA Usgansnmlunisnensainmilens
ARIMA
Comparison of C - 4 - .
- fpansilSeuisuuseansainlu
Time Series . . oo
Zhou, K; ﬂ']'immﬂ'ﬁm;ma;gaﬂ'mfuﬂszm']maa
Forecasting Based - , .
Wang, W. Y,; ViU Kaggle 581319 ARIMA AU LSTM
2020 | on Statistical ARIMA | | .
Hu, T. and Wu, 93UAU Attention Mechanism
Model and LSTM . -
C. H. - NANTSNAABINUI LSTM U

with Attention
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\A30%8 TCP/IP ANilAuIng 2 uvis
Inaudadudeyaseudl, 0 way
5185 FazlSoudisunisnensal
38119 MLP-BP (Multilayer
Computer network | Perceptron Using Backpropagation),
Oliveira, T. P.; traffic prediction: a | MLP-RP (Multilayer Perceptron with
Barbar, J. S. comparison Resilient Backpropagation), RNN,
2016
and Soares, A. between traditional | wag SAE (Deep Learning Stacked
S. and deep learning | Autoencoder)
neural networks - HASNE A LA NUI IS NEINTal A2
WUUS1883 RNN SUszansamdinng
wuusiaesduq esn1nidan NRMSE
(Normalized root mean squared
error) ﬁLﬁﬂLLa%ﬂﬁﬂiaWEﬂﬂiﬂj@@ﬂll"l
lhag93InL57
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wiatnelnsauuauarsvi 1 Falu
FeagiuSeuligulszd@nsnannis
Do, Q. H.; ATANISAISENING LSTM, GRU (Gates
Prediction of Data
Doan, T. T. H,; Recurrent Units), ANFIS (Adaptive
Traffic in Telecom
Nguyen, T. V. Neuro-Fuzzy Inference System),
2020 | Networks based on
A.; Duong, N. ANN ke8¢ GMDH (Group Method of
Deep Neural
T. and Linh, V. Data Handling)
Networks ey
V. - HANTSANANITANLANUIN LSTM way
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GRU 94 A31ULY Ug111NNI175 D
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Using Artificial , .
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Neural Networks oy e
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Usznouiuteyauinaunsldnuuussuuiniotiy fsguin 3.2 Nuaninisdndeyasie 5 i

wazgudl 3.3 Wunsdadeyasie 30 wiil

1.06868E+11
1.11306E+11
1.16324E+11
1.16291E+11
1.37476E+11

1.5049E+11
1.56075E+11
1.62318E+11
1.62242E+11
1.67941E+11
1.58046E+11
1.56179E+11
1.66629E+11
1.82154E+11
1.96002E+11
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JUN 3.1 gadayafurednisasasuussuueseingluglsy 5 wii

| Date/Month/Yea ~ = Time |~ Traffic (bps) '~

7/6/2005 6:57 AM 1.06868E+11
7/6/2005 7:02 AM 1.11306E+11
7/6/2005 7:07 AM 1.16324E+11
7/6/2005 7:12 AM 1.16291E+11
7/6/2005 7:17 AM 1.37476E+11
7/6/2005 7:22 AM 1.5049E+11
7/6/2005 7:27 AM 1.56075E+11
7/6/2005 7:32 AM 1.62318E+11
7/6/2005 7:37 AM 1.62242E+11
7/6/2005 7:42 AM 1.67941E+11
7/6/2005 7:47 AM 1.58046E+11
7/6/2005 7:52 AM 1.56179E+11
7/6/2005 7:57 AM 1.66629E+11
7/6/2005 8:02 AM 1.82154E+11
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~ > N = = = %
EUVI 3.2 SQG']GUaﬂ;ljaﬂ']iﬁ]i']ﬁ]iUu53‘U‘ULﬂiasuqﬂlu&ﬂﬁﬂ 5 u’]‘V]‘VlQﬂ ALIEILIYUIDY
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Date 30m_Traffic (bps)
|7/6/2005-7:22 AM 1.23126E+11
|7/6/2005-7:52 AM 1.60467E+11
|7/6/2005-8:22 AM 1.8714E+11
|7/6/2005-8:52 AM 1.9514E+11
|7/6/2005-9:22 AM 2.03972E+11
|7/6/2005-9:52 AM 2.08698E+11
|7/6/2005-10:22 AM 2.20775E+11
7/6/2005-10:52 AM 2.2321E+11
|7/6/2005-11:22 AM 2.29158E+11
|7/6/2005-11:52 AM 2.22081E+11
7/6/2005-12:22 PM 2.20436E+11
7/6/2005-12:52 PM 2.30294E+11
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JUN 3.3 gatayanisasiasuusruuasedngluglsy 30 uniingndaiseaseuioy

Y 9 Y

Wan

dmiudeyayad 2 ldsumnueuaziannsquianiinesvesuming1ds
waluladgsuiildiivnunudeyarimansldnulunieiisnglumineds Tnedeya
US110IN1595195UUIZUULAS 18 NAUTIVTINNNG 5 w17 Evaeidu byte per sec: Bps)
foyaasEuiudaud i 15 Squieu 2564 1281 00.00 u. uFeiufl 15 nangiau 2564 1an
0335 u. WJuszezoan 1 feu laednvarnsdaiudeyavzandunisiiuduseiuaziiv
Hlusuuuuvedlnd log faguil 3.4 9nguidunsifiuteyaveiudl 15 fiquisu 2564 Faus
avAodularUsznauliaiensiaan (Timestamp), ﬁﬁagamﬁlﬁmm’h (Average Incoming),
Yoyalndsuoen (Average Outgoing), FdayauE1g9aA (Maximum Incoming), Andoya
¥180ng9dA (Maximum Outgoing) kagduiudeyarlde1u (Client) au13ndnedelaain
Viuledl https:/oss.oetiker.ch/mrte/doc/mrtg-logfile.en.html Faldidnfiunisiaseadoya
Tvaiselusunsa Excel azutadudayasne 5 iiluas 30 il Gedoya 30 wiflazanainns

' a o ' % = & & o A 1
ALRARYATIUIU 6 ﬂﬁ“ﬂa&%@yja 5 U1 30U UILLUAIRT IR UUIUNLALLIAN LLageU@Ha

A

Usunansasuussuuiaietneniiviaedu Bps azgnuuasduniie bps uagainguil 3.5 ax
Dunsdasestoyasne 5 il uazgud 3.6 awdunisindeadeyasie 30 wnil gavinedeya
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& *1506.64l0g - Notepad

File  Edit  View

1623728701 37786741 392403052 37786741 392403052
1623728401 45064592 390475875 45064592 390475875
1623728400 45010572 390255327 45064592 390475875
1623728100 36973505 357258520 38744407 357393802
1623727800 38743392 337295432 38744407 366183504
1623727500 38604212 366168015 42193050 366183504
1623727200 42170862 361431613 42193050 361537691
1623726900 35531123 329968318 35536793 352199735
1623726600 33848621 352258830 37648763 369928342
1623726300 37646888 369936784 37648763 372461155
1623726000 37095035 372261323 39717401 372461155

JUN 3.4 ﬁqm%’agﬂaaumaamﬂéﬁmumgaﬁmamsﬂuwﬁmmé’s

Date Average_Incoming (bps)  Average_Outgoing (bps)
15/06/2564 12:00 AM 85055328 525795288
15/06/2564 12:05 AM 104251248 520796400
15/06/2564 12:10 AM 77693160 536243808
15/06/2564 12:15 AM 57460104 583787192
15/06/2564 12:20 AM 55738808 647429376
15/06/2564 12:25 AM 79576544 779159592
15/06/2564 12:30 AM 77873432 729827736
15/06/2564 12:35 AM 107474888 735731528
15/06/2564 12:40 AM 90481168 782560144
15/06/2564 12:45 AM 113911608 834472016
15/06/2564 12:50 AM 130945136 952066440
15/06/2564 12:55 AM 105503304 1024022672

15/06/2564 1:00 AM 106542296 948385200
15/06/2564 1:05 AM 190110760 1189263160

JUN 3.5 dayanisldanuaiotngunnineidy 5 uniinlasunisdniseau

Date 30m_Average Incoming (bps) 30m_Average Outgoing (bps)
15/06/2564 12:25 AM 354896,1389 2839169.111
15/06/2564 12:55 AM 354896.3056 2839170.444

15/06/2564 1:25 AM 354896.4722 2839171778
15/06/2564 1:55 AM 354896.6389 2839173.111
15/06/2564 2:25 AM 354896.8056 2839174.444
15/06/2564 2:55 AM 354896.9722 2839175.778
15/06/2564 3:25 AM 354897.1389 2839177.111
15/06/2564 3:50 AM 354897.2778 2839178.222
15/06/2564 4:20 AM 354897.4444 2839179.556
15/06/2564 4:50 AM 354897.6111 2839180.889
15/06/2564 5:20 AM 354897.7778 2839182.222
15/06/2564 5:50 AM 354897.9444 2839183.556
15/06/2564 6:20 AM 354898.1111 2839184.889

JUN 3.6 deyanisldanuimsevisumning ds 30 uninlasunisiniEean



a2

ad o a

3.3 A UUNTIINAADY
dwiuisnsveaesasidusendu 2 waidslugfie nswensaldiednisseudves
1A3 BeLazIEnN1sMeadn 4 alusunsuildluniswennsalvesuuudians ANN, LSTM uag
ARIMA 9ztitauessnsifeulsunsunonininesienmlnsousie Google Colab duiy
1315910 Google UuAAY (Cloud) Faduunamesufianunsnidountvlusunsuiidag
mwmdndonwilnseunazivinzivausnumsSeuiveanios mslfiuvedlusunsuayly
oA Google wazdunetidnritu uazdefvedusunsufovzlilduniae
Uszanawa (CPU) wasmiiedszananans iind (GPU) 16w wanzfunisilnsudeyaiisiosld
AN @UNINEINTaAlELUUTIA0Y SMA azsuiumsneinsalfielusunsy Excel 1o
nensaliadaduarUssifiuanuusiudivosdasuuusassdoiadesiioTauszansam
wuuInaes
33.1  mswensalfedsnnsBeuivendes

dmun1sneINIalUTINANIIATIATTBYAUUTEULIAS0UAETT NI 8 U
vousdossnensalieuuudaetlasdielszamiiteuuasmissausiszesduen Taoyn
Foyalumsnensalazutseenidu 2 volug) Fsyateyayail 1 grifusrusamangliuins
Sumesilladudily 11 eswesglsddsenauludmegateya 5 wifluay 30 Wil wavleya
4afl 2 gaLiuTunINNNgUdRsamefrnAnedemeluladgsuniusznauludion
Toya 5 wvikay 30 WU

Funoulunsnensaifoyadelasisssamiiouasmissauiiseos
Fugnaslidneardunoulumsiouiiviioutuusdasusndsiuiin riimesiflddniuais
wuuTaes luduusndeudiasneinsaideyaazdosiiiunsinfmiadenldnulausi
(Library) fisndudenou Tngloviierawiouldfulusunsudifaguiia svimihilunisi
flafdunishauamenising 9 asduluniseinsaifeismasouivenniosazonld
Herduntenndslausiandn o il

1) Pandas (fulausiAfianuaiunsalunsdanisiudeyasieg wu ns
Inanlviddoyaussian csv uazlanmaludnunizvainnind (Table) Aonswuanaiiuaeduil
Fa3un Data Frame

2) Numpy ulausifldlunsiuamendinaans wasiiauanunsely
nsdansiutoyayn (Aray) Aflnalig

ISl

3) Matplotlib 1Hulausi3tugruifieuaunsalunisadiensm
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4) Tensorflow Julausi3uuuasurssivnzdmivainauuusiassisnis
SoudveaedeuarnsiFeuiidedn Wuunasmesuidalildaunsann Google uazsossy
awlwseuyniiestu

5) Keras Wulausidmiunwilnsou munzdmivanuisidulasie
Ussamuaziaieteidsdnivinlinsdindusuusaesiinnudeuarluiligtuilausd Keras
uwnvaznaneiduuiininaniswes tensorflow Snvtanelulausid Keras anunsadiazyiindi
(Import) Tugafisndu wuidmissanusszesdusn (LSTV) ieunadrauuusiasslu
NN INTa]

6) Scikit-learn ihilaus 3z AuAsnsisousveandos Tnsnelulauss
sildaneSiuine fumsiinduuazniadeuauusiud1vesuUdIans

7) Sequential WWunsadsaufindaduvestulusasuuusiass

8) Adam W3 Adaptive Moment Estimation iJusane3fiufifinnuanuna
Tumsdeifinuszansamuuudiass 33 Adam finnmannsalunisfindunisiioudidsdn
ol nluuvuiiasaisuesazlinadwefidnnuusiugwazdslinsindudeyaiinanu
39057

9) Dense \iunsdimesailelunisidousolnunynlvuai og n1eluty
Feafuuandeusoluuniiogauasdudndaeiy

10) MinMaxScaler 1dufitaasaslunsusudrwesyndeyalioglugis
Foyaifieriu Feannsofiagimusrrianuazasanuesdoya

11) PolynomialFeatures \{ufitaosnvasihdeyasnasranyuin dmsuns
afuidwemyuaaansofazimuaLodld

12) Math Julugaiiudanesiiunisasiamansly wangdmsunisanamn

A a & dd o o 7 & Y 1 d
WedadslausIndndudmiunisnensalaiglasedeuszamiiiounag
viheanudsregdugiaiaiouiesudiisnsandunisneinsaldmivyadoyaunazyn

A1115095 VYA NWALNNTYINIIUA 86997 (Flowchart) A95UN 3.7 A9anInIUans

Y
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diehlunennsal U AVENMNY0IuUUTIa0 9

v f
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0-1 6178 MinMaxScaler CEnkt
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A59UUUT1a09 ANN %38 LSTM uag
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JUN 3.7 AeULanidunaudmiunIsneInsaimeLuuInaes ANN wag LSTM

<

dwiugadeya 1 luyateyaulinanisasnsuuszuuniatiefigniiu

g UINsATeYIgdIuRlves 11 esluglsuusznausiedeya 5 uiiuay 30 Uil @4
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Zhe e

1) Inanyndoyaininliuunaitife Dropbox selausn3 Pandas

2) fiunisnseadoyaudinunisamasuusruuiaietns luiidfedeya
Uinamslfmueieteiifusunuan 11 deduglsy

3) Mnduagdndunisutsateyaiielddmiunmsiinduteyasenidu 80
Wedldud wasdeyaildlunsmageuseniiiu 20 Weosidud

4) seunvzaniiunisulasAvesynteyalvedlutiwieanaidediumienis

197985 MinMaxScaler Fa9gUsuyitvesdeyaliogsening 0-1
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5) deusvanavesyadoyaifouiesuds tunourondonisaiianisideu
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Model | MAE | MAPE MSE RMSE R?

SMA | 4.59x10° | 4.45 | 4.18x10% | 6.47x10° | 99%
ARIMA | 2.89x10° | 76.12 | 1.62x10" | 4.03x10° | 99.57%
LSTM | 2.93x10° | 3.15 | 1.54x10" | 3.93x10° | 99.59%
ANN | 2.94x107 | 3.19 | 1.53x10% | 3.91x107 | 99.60%
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Average Incoming_5 min

Model .
MAE MAPE MSE RMSE R

SMA 4.83x10° | 16.53 | 5.49x10% | 7.41x10° | 78.38%

ARIMA | 3.67x106 | 79.52 | 3.29x10'® | 5.74x10° | 79.80%

LSTM | 3.63x10° | 15.37 | 3.45x10'% | 5.87x10° | 78.78%

ANN 3.50%10° | 15.11 | 3.06x10% | 5.53x10° | 81.17%
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Average Incoming_30 min
Model >
MAE | MAPE | MSE RMSE R

SMA | 7.07x106 | 25.51 | 9.45%10' | 9.72x10° | 58.14%
ARIMA | 4.8ax106 | 74.03 | 5.38x10" | 7.33x10° | 65%
LSTM | 3.97x106 | 18.15 | 3.34x10'® | 5.78x10° | 75.41%
ANN 4.19x10° | 17.46 | 3.85x10" | 6.20x10° | 72%
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Average Outgoing 5 min
MAE | MAPE MSE RMSE R?
SMA 1.46x107 | 6.43 | 3.72x10™ | 1.93x107 | 97.23%

Model

ARIMA | 9.11x10% | 68.32 | 1.56x10™ | 1.25x10" | 97.95%

LSTM | 9.83x10°| 5.35 | 1.78x10' | 1.33x107 | 97.67%

ANN 9.03x10° | 4.76 | 1.53x10' | 1.24x10" | 98%
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Average Outgoing_30 min
Model .
MAE | MAPE | MSE RMSE R

SMA 4.86x107 | 23.86 | 3.38x10" | 5.81x10" | 74.60%
ARIMA | 1.47x107 | 67.34 | 3.60x10' | 1.89x10" | 95.2%
LSTM | 1.31x107 | 6.6 | 3.3dx10' | 1.83x107| 95.6%
ANN 1.22x107 ] 6.33 | 2.7x10" | 1.64x10" | 96.43%
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ABSTRACT

At the present day, people frequently access the
internet, and the traffic data are rapidly increased. Due
to the resources on the internet are limited, the networks
arc not cfficiently able to respond to applications for
service users. In this paper, there is network traffic
forecasting to predict future traffic usage by comparing
Simple Moving Average (SMA) statistics, Artificial
Ncural Network (ANN) algorithm, and Long short-term
memory (LSTM) algorithm for accurate forecast ability.
Five sliding windows are forecasted to predict future
values using the One-way ANOVA statistics to measure
the effectiveness of the forecast from all three methods.
The results showed that ANN was the highest accurate
forecast ability.

Keywords: Forecasting, Data Traffic, Simple Moving
Average, Artificial Neural Network, Long shori-lerm
memary, One-way ANOVA.

1. INTRODUCTION

In the digital age, communication through online
media is integrated with our daily life, such as using
real-time applications on the internet, live on Facebook,
streaming games, video conferences, etc. Therefore,
they increase the number of people using the internet
and affect high network traffic. As the use of traffic on
the network increases causing the insufficient allocation
of resources to users, causing congestion in data
transmission, internet interruption problems, and cannot
be used. In order to solve these problems, the internet
service provider should have to know the information of
the users' internet traffic in the future to allocate
bandwidth efficiently by using the method of forecasting
traffic on the network.

Several studics have found to study and forecast
traffic by using the LSTM algorithm (WANG et al.
2018), which uses a neural network called LSTM to
predict the cost of non-linear. Morcover, rescarch that
forecasting computer network traffic (Madan and
Sarathimangipudi  2018) using Discrete  Wavelet
Transform (DWT), Auto Regressive Integrated Moving
Average (ARIMA), and Recurrent Neural Network
(RNN) as predictive tools. For our research work, we
aim to evaluate the predictive ability between a statistic
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and neural networks, SMA, LSTM, and ANN, by
assessing which model is more accurate.

1.1 LITERATURE SURVEY

There is various research work focus on the forecast
by forecasting network traffic which used the LSTM and
LSTM-DNN  algorithms  that optimized from
autocorrelation features (WANG et al. 2019), which
presented that LSTM had better data prediction
performance at different time resolutions, and LSTM-
DNN was better at predicting data with a coarse time
resolution such as one hour but not suitable for
forecasting large volumes of data. Subsequently,
computer network traffic was predicted using DWT,
ARIMA, and ANN (Madan and Sarathimangipudi.
2018). DWT performed linear and non-linear
separation. Then, used ARIMA and RNN for
forecasting, the results showed that RNN predicted
traffic  better  than the ARIMA  model.

On the other hand, there were not only network
traffic forecasts but also stock prices forecasting using
ANN algorithm, LSTM algorithm, and ARIMA is a
statistical forecast (Dhenuvakonda, Anandan, and
Kumar 2020), or even predicting stock prices under
different stability. The comparison between LSTM and
ARIMA (Qian and Chen 2019) found that results
obtained by ANN and LSTM had better forecasting
accuracy than ARIMA. A research work used the neural
network to predict the number of bus passengers using
ANN compared to non-linear regression (Yu et al.
2016), ANN had a better forecasting capability. The
stock price forecast was studied, but the statistics used
SMA by news classification (Lauren and Harlili 2015).
The forecast data divided between 5, 10, 20, and 50
days. The results obtained when combination data with
a 5-day and 20-day period showed a positive buy-in
response. Thus, there is a high chance that the trader will
receive a profit. Tn addition, the application of SMA in
predictions with Linear regression and Multilayer
Perceptron (Chantarakasemchit et al. 2020) to calculate
historical forex data. It uses an SMA with periods equal
to 3, 5, and 7 days and divides the resulting data into four
types: forex dataset, forex with factors, forex with SMA,
and forex with factors and SMA. As a result, the lincar
regression predicted forex with factors and SMA better,
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and the multilayer perceptron predicts the forex dataset
better than the others due to the lower MSE mean. These
research works lead us to evaluate traffic forecasting
from average incoming and average outgoing traffic
direction. We evaluated three prediction schemes,
namely, SMA, LSTM, and ANN. Then, we analyzed an
appropriate method for the internet traffic.

2. BACKGROUND THEORY

To forecast the internet traffic, we used a statistical
forecast that were Simple Moving Average and Machine
Learning, including Artificial Neural Network
algorithm and Long short-term memory. The forecasting
results from the three methods were analyzed for their
accuracy. The analysis tool was One-way ANOVA to
find an appropriate forecasting method.

2.1 Simple Moving Average

Simple Moving Average (SMA) is the statistical
forecasting that is a part of forecasting using a moving
average. Itisa form of time series forecasting using the
number of historical data values to calculate the mean to
forecast future values (Chiulli and R.M. 1999). The
concept of this principle is the weighting of historical
data at each time equally. It depends on giving weight to
how much historical data (Yaffee et al, 2000)
Therefore, the formula for calculating motion values is
shown as the equation below.

1 & L
My, =— >ov o)

ist—k+l

The values of moving average at ¢ are using forecast
the values at the time t+1 () that is

¥, = MA(K), )

For choosing the appropriate & parameter in this
paper we used trial and error method. We varied the &
value from | to 5 and found that /=5 was the most
suitable to forecasting network traffic of Suranaree
University of Technology (SUT).

2.2 Long Short-Term Memory

Long Short-Term Memory (LSTM) is the neural
network considered one of the Recurrent Neural
Network (RNN)with increased memory cells state.
Additionally, the LSTM is improved to provide better
stability and performance than the traditional RNN in
the problem of gradient values is less from the work of
back-propagation. Operation of the LSTM is an
amassment of situation each node and can to select
which data should remember, or disposed of through the
forgetting of the state in that the node. The internal
architecture of the LSTM has special functions such as
reading, writing, updating of data, and forgetting data.
These functions like gates or unit cells that control the
data coming into each node consist of forget gate, input
gate, and output gate. Bach gate has a different function.
Forget gate is the gate that controls what data should be
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stored or should be forgotten by making decisions based
on incoming data at that node is combined with the
results of the previous nede computation through the
sigmoid function. Then the results are multiplied to the
previous state of the node using the pointwise
multiplication operator. The results are 0 and 1, where 0
is that data has been forgotten from memory and 1 is
stored in memory. Input gate functions accept the new
data input. The output gate is the gate that decides. The
output data is ready to exit memory or not. The
calculations of gates follow the equations below (Qian
and Chen 2019).

fi=oWx +Uh +b)) 3)
i, =o(Wx, +Ujh,, +b) @
o, =a(Wx +Uh_ +b,) 3)
&, = tanh(W,x, +U k_ +b,) (6)
¢, =foc +i e (7)
h =0, otanh(c,) (8)
o(x) :17,( )
tanh(x) = ——— (10)
e +e

Where x,: input vector sends to the memory unit, f;:
forget gate, i,: input gate, o,: output gate, h,: output
value filtered by output gate, &;: state of the memory
cell, ¢ @ state of the current memory cell at time
t,Wand U: weight matrices,b: bias vector, o :
sigmoid function and LSTM the structure as shown (Le
etal. 2019).

2.3 Artificial Neuron Network

Artificial Neuron Network (ANN) is the foundation
of Artificial intelligence (Al). The characteristic of
ANN is part of a computer system designed to simulate
the pattern and structure is similar to that of the human
brain, Neural networks are able to learn, performing the
tasks assigned by learning through examples, which is
supervised learning. The processing of the neural
network takes place in the unit cells called the node.
Inside the node has the function that defines the output
signal that is called the transfer function. In the neural
network model, there are three types of neurons: the
input layer, output layer, and hidden layer. The
connection between the node of the layer has the
configuration of weighting values applied to every link.
When started, it is configured value to the node input
and then send the value and this value to be multiplied
by the link weight of the link, and then the next node
receives the value. The received value is the value
calculated from the previous node. The result
calculation such as calculation from the sigmoid
function and send the value to the next layer. This kind
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of calculation will continuously calculate until the
output layer, The total input at the node i can be
calculated from the equation below (Yu et al. 2016).

2% an
i

v, =u,+6 (12)

Where x, is the output value from the j knot, and w;

is the weight value on the junction in the direction from
node i to junction j, v, is the adjusted value from the

neuron i , 0. is the threshold of neuron / and model.
ANN's items are shown in Yu et al. 2016.

2.4 One-way ANOVA

One-way ANOVA, or one-way analysis of variance,
is a test method for analyzing the relationship between
the independent and the dependent variable. It tests the
difference between the mean obtained from three or
more groups. This type of analysis involves two
variables: one independent variable, divided into three
or more types (k type) and one dependent variable. In
analyzing the variance of one factor, the main
hypothesis H, and the secondary H, hypothesis must
be made. If the variance analysis rejects H,,. it needs to
check if any of the pairs are different using the Multiple
Comparison Test or Post hoc. The test is performed after
the variance analysis has been completed. The statistics
used in the 1-factor variance test that indicate whether
the tested value has a significant difference ( F) is
shown in the equation below (Howard 2018).

Table 1. Analysis of variance 1 factor

Source of Sum of
ek df Mcan Squarc F
variation Squares
Berwen |, 55, S, 55,141 :
groups i3
oup 5,
Within | 55, M5, =S5, /N—k
groups
Total | N-1 =

3. METHODOLOGY

To forecast internet traffic usage, forecasting is
performed from three methods: SMA Statistic, LSTM
Algorithm, and ANN Algerithm. The prediction data
were average incoming and average outgoing. The first
method uses the SMA statistic forecast from
equations (1) and (2), which uses k =5 to predict future
traffic by excel to calculate. There were forecasting
using LSTM and ANN algorithms written in Python
language on Google Colaboratory, which ran the
program on GPU.

7

Recelve Input
from dropbox

Select Average
incoming/ Plat graph
Average outgoing

Normalize the data
between 0-1

Compare training value and|
test value
Transform dats to network
waffic

Createsliding window = 5
#nd classification datas
sliding window

Create ANN/LSTM madel

Fig. 1. The LSTM and ANN traffic forecasting
workflow

Figure.1 presents the forecasting workflow. Firstly,
the program received traffic data from the computer
center service of Suranaree University of Technology
stored on the cloud called Dropbox. The average
incoming or average outgoing column was selected as
the traffic data. Then the data was normalized the value
between 0-1 before entering the model. After that, the
sliding window was created with a value of five to divide
the data into the model by five values. The future value
was predicted by sending the data in the sliding window
into the train according to the number of epochs
specified in the LSTM model or ANN model. After that,
the model performed a forecast and converted the
forecasted data from the normalization format to
normalize network traffic. Then, the forecasted value
was compared with the actual value, and show the
comparison results in the form of a graph.

From these three predictions, the forecasted average
incoming and average outgoing values were used to find
the percentage of mean error and standard deviation
relative to the real value. As a result, the error was
applied to statistic investigation using One-way
ANOVA to find the most accurate predicting method for
internet traffic. The results will be shown in the next
section.

4. RESULTS AND DISCUSSION

Table 2. The percentage of average error and standard
deviation.
SMA ANN LSTM
AVG SD AVG SD AVG SD

Average
Incoming | 1921 | 25.47 | 1745 | 22.23 | 26.68 | 28.92
atw=>s
Avcrage
Qutgoing | 11.83 | 13.33 9.65 10.23 108 11.41

at w=5




75

The 15th South East Asian Technical University Consortium (SEATUC 2021)
25th — 26th February 2021, Institut Teknologi Bandung, Indonesia

167 Average Incoming

n

Traffic value
s

w

04-21 06 04-21 09 042112 0421 15
Date_2nd Time

04-2113 042121 04-22 00 042203 042206

o R AN

Fig 2. The comparison result of average incoming traffic between Real traffic, SMA, LSTM and ANN
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Fig 3. The comparison result of average outgoing traffic between Real traffic, SMA, LSTM and ANN

Table 3. One-way ANOVA of average incoming
df ! F
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Table 5. Post Hoe of average incoming and average

Source of 88 MS Sig outgoing
variance
Between 2.851 2 1425 | 21785 | 0.000 Avetage Incoming Average Outgoing
Groups
Within 116403 | 1779 | 065 (0] (0] Mean Mean
Groups Algori- | Algori- | Difference | Sig. | Differenc | Sig.
Total 119254 | 1781 thm thm (1-1) e (L))
SMA ANN 01752 498 02163 006
& LST™M -07471% 000 01015 328
ANN SMA -.01752 498 | -02163* 006
Table 4. One-way ANOVA of average outgoing LST™M | -92243% 000 | -01148 | 241
Sourcent | N f P ¥ Sty Lo | SMA [ o [ oo | oiosa | g
variance S - *
Between 0.139 2 0070 | 5065 | 0006 2 i e |l | ed
Groups
g"ithin 24.446 1779 | 0.014 After forecasting internet traffic, using both average
oups . . g
ol T T incoming and average outgoing direction based on three

forecasting methods: SMA statistics, ANN and LSTM
algorithm. The input was 25 minutes previous traffic to
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predict the next 5 minutes traffic.

Based on the forecast results of average incoming in
Figure 2, we plotted the comparison chart from the
graph, and the ANN algorithm has a very close graph to
the actual usage data, The results were then analyzed to
find the percentage of mean error and standard deviation
in Table 2. It can be seen that the ANN algorithm has a
mean percentage error of 17.45 and a standard deviation
of 22.23. Contrast with the forecast results using the
SMA statistics and the LSTM algorithm with tolerances
percentage: 19.21 and 26.68 and the standard deviation
are 25.17 and 28.92, respectively.

The forecasting efficiency of the three methods was
compared using a statistical tool, as shown in Table 3.
One-way ANOVA was used to analyze the variance to
compare the mean difference between the resulting
mean error. It considers the values between groups and
within the group whether there are significant
differences or mnot. As a result, the statistically
significant is .000, which is less than .05. Tt was found
that the methods of forecasting traffic from both
statistical and algorithmic differently. There is at least
one pair of differences in mean tolerances statistically
significant at the 0.05 level. Hence, a pair of
comparisons were made to determine which forecasting
tools had different mean error values. Table 5 shows the
Multiple Comparisons or Post Hoc found that the
statistical forecasts such as SMA versus LSTM and
ANN versus LSTM were sig of .000. Therefore, the
mean of the two groups was statistically significant.
When examining the mean difference, it was found that
SMA and ANN were more predictable than LSTM
because they had a negative mean difference, i.c., there
‘was a mean error less than the LSTM mean error. When
considering ANN and SMA, it was found that the mean
of the two groups was not statistically significant, or
they were the same. When considering the mean
difference, it will be negative. The mean ANN error is
less than that of the SMA. Therefore, the ANN
algorithm predicts average incoming traffic better than
the other two methods.

Subsequently, the average outgoing will be
considered when comparing the results in a graph in
Figure 3. It was found that the results obtained from the
ANN algorithm were closer to the actual results than the
other two methods. When using the mean percentage
error and the standard deviation, the mean percentage
error is 9.65 and the standard deviation 10.23, which is
better than the other two methods.

The forecasting efficacy of all three methods was
compared using the One-way ANOVA statistical tool,
as shown in Table 4. When comparing the variance of
the mean of the tolerances obtained both between groups
and within the group, it was found that the methods of
forecasting traffic from both statistical and algorithmic
were different. There is at least one pair of differences
in mean tolerances statistically significant at the 0.05
level. When comparing the mean results individually, it
was found that the SMA as a statistical tool. Against the
ANN algorithm or vice versa ANN versus SMA, it can
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be concluded that the mean of the two groups was
statistically significant. When examining the mean
difference, it was found that the ANN algorithm was
more effective in forecasting traffic than SMA because
of the minus mean difference, meaning that there was a
mean error less than the mean discrepancy of the SMA.
When comparing each pair between SMA with LSTM
and ANN with LSTM, it was found that the mean of the
two groups was not statistically significant or the same
mean.

5. CONCLUSIONS

From forecasting the usage of data traffic on the
network using SMA statistic, LSTM model, and ANN
model, the forecast results show that the ANN model
predicted traffic better than SMA and LSTM.
Consideration by the percentage of mean error from
both the average incoming and average outgoing of
17.45 and 9.65, respectively. One-way ANOVA tested
the model forecast performance. However, the results
from the test will see that there is still a large percentage
of crror.

6. FUTURE WORK

We will improve the forecasting method using
statistical forecasting method integrated with the neural
network in future work. For traffic forecasting in this
paper, the parameters set are suitable for the trial and
error method and simulation applied to the network
within SUT. Suppose traffic forecasting was used in
other environments; in that case, the forecasting
parameters will also be changed accordingly, such as
the k paramcter was used to predict statistics. In addition
to parameters of ANN and LSTM, such as the number
of learning cycles, the number of layers, and the number
of neural numbers may increase if used traffic increases,
which will adjust the parameters according to the
environment used.
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Abstract

In the era of the digital world. The communication and the use the internet is an important role in today’s
society. As a result, the number of users networks traffic increases but not enough resources for users
causing users to receive inefficient services. Therefore, the network service provider must take action te
fix the aforementioned problem. Forecasting is therefore necessary in order to determine the amount of
network traffic in order to support the future increase in user numbers. Consequently, this research
investigates to assess network traffic forecasts comparing the machine learning: Artificial Neural
Network (ANN), Long Short-Term Memory (LSTM), and statistical methods: Autoregressive Integrated
Moving Average (ARIMA), Simple Moving Average (SMA). The method of sliding window will be used
simultaneously and evaluate the forecast and model performance using the MAE, MAPE, MSE, RMSE
and R-square algorithms, respectively. The results show that machine learning forecasting is more
effective than statistical forecasting. Because the error value is lower, the model can reliably anticipate
data. Therefore, the results of this research are expected to help network service provider to improve
their networks quickly and efficiently to accommodate the number of users that may increase in the
future.

Keywords: Machine learning; Forecasting: Artificial Neural Network; Long Short-Term Memory;
Autoregressive Integrated Moving Average; Simple Moving Average.

1. Introduction

Nowadays, the life and well-being of society are being driven by technology. Communication through the online
world has resulted in the increasing use of the internet. Therefore, the amount of traffic on the network has
increased even more. Using an internet network are described as simple compared to a car and the transmission
line is compared to a road. If one day when the number of cars on one of the roads has increased until the car
overflows the road causing a bottleneck and causing traffic congestion. It's like having several internet users at
the same place and time. As a result, the network system cannot support the use of the service user. This
problem causes users to experience inefficient usage such as internet lag, internet speed that is not according to
package, etc. Therefore, network operators need to find revise the problem aforementioned necessary have to be
predicted the amount of internet usage on the network in the future. In order to allocate resources available on
the network provide efficiency as well as sufficient for future service users and will result in more reliable
network service providers,

There are various research was studied forecasting network traffic whether its machine learning forecasting
or statistical forecasting. In [1] the integration of a model between RKM and SMA to predict online network
traffic was examined. It is noticeable that when the models are combined, they can help in planning and
designing networks efficiently. A study in [2] predicts uplink traffic in 3G cellular networks with ARIMA,
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ENN, and MLP. The forecast results showed that ARIMA, ENN, and MLP were able to forecast nonlinear 3G
data elfectively. A study in [3] proposed a statistical method, namely Decomposition, Winter's Exponential
Smoothing, and ARIMA, which predicted Mulawarman University internet usage data for each model. In [4]
compare to the uplink and downlink network traffic forecasting capabilities with ARIMA, LSTM, and linear
regression models. Both results studies show that the ARIMA model had a lower forecast error rate than the
other models. However, in paper [5] predict traffic data in the cellular network, and time series forecasting has
been studied [6], in two articles compare the forecasting capability between LSTM and ARIMA models. It can
be seen LSTM is more efficient in forecasting accuracy. In article [7], traffic data in TCP/IP network from two
providers, split by minute. hour, and day, where compared forecasting, are compared with MLP-BP, MLP-RP,
RNN, and SAE. It may be considered that the RNN has better forecasting performance because it has a smaller
NRMSE value and can predict the data more quickly. Article [8] contrasts the forecasting performance of
telecommunication network usage data with LSTM, GRU, ANFIS, ANN, and GMDH models. The illustrate
that the LSTM and GRU were more predictable than other models due to the smaller RMSE, MAPE, MAE
values, the R is close to 1, and Theil's U-statistic is close to 0. In [9] proposes a forecast of mobile networks by
comparing between ANN and linear prediction, ANN considers the length of the observation window. The
results showed that the ANN was more predictable and required a shorter observation window length. And [10]
proposes the use of a prediction ANN model to detect abnormalities in network traffic that indicates whether the
network has been compromised or not. The ANN uses a series of weight updates is Gradient Descent, and
Momentum and the results indicate that the ANN can predict network traffic anomalies. This research requires
real-time network traffic usage forecasting to be able to support the number of users per minute from studying
various research It was found that most of the research has not to forecast the data in real-time. Therefore, this
research presents a sliding window method to assist in real-time data forecasting it will be used in conjunction
with machine learning methods such as ANN, LSTM, and statistical methods such as SMA, ARIMA, then will
evaluate the performance of each model used in forecasting

2. Background Theory

2.1. Simple Moving Average (SMA)

The SMA, also known as single moving average, is a part of moving average (MA) suitable for forecasting
abnormal and a little volatile time-series data. The working principle of SMA is to combine the values of
a number of historical data and after that take to find the mean and forecast future data [11]. Which in
the process of working will give equal weight to all historical data [12]. The first stage in calculating the SMA is
to calculate the moving average, followed by forecasting as stated in the equation below.

-

MAGRY, =— ¥ ¥ M
kiisa

¥y = MA(K),. &)

where, & : the amount of historical data is a positive integer, y,: past data value, MA(k),: moving average at
time 1, and ¥, : prediction value at time .

2.2. Autoregressive Integrated Moving Average (ARIMA)

ARIMA is a powerful statistical forecasting tool it analyzes the available data as a time series. It will use
historical data to predict future data and give importance to every data both historical data as well as forecasting
from moving average. ARIMA is a combination of three components, known as an "order" is Autoregressive
(AR), Integrated (I), and Moving Average (MA), also known as ARIMA(p,d,q), where p is the number of
coefficients of AR, q is the number of coefficients of MA [13] and d is the number of times the difference is
determined. To eliminate seasonality components of variance and make time-series data stationary [14]. The
AR(p) model selection was based on the partial autocorrelation function (PACF), and the MA(q) model
selection was based on the auto correlation function (ACF), shown in equations 3 and 4 respectively [2].
Autocorrelation:
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where,

V=2V (T k).

Partial Autocorrelation:
B Covariance(X,, X, , | X, )
\/Variance()(, | X _Variance(X,_, | X))

4

To make is time-series data stationary the number of differences d is performed as shown in equation 5 [15].
A‘ﬁX, =A‘HX, —A'HXH. (5)

Where, d : the order of differences and A? : the command differential operator d .

2.3, Artificial Neural Network (ANN)

ANN or Neural Network is a model for forecasting with machine learning which can analyze and forecast
time-series data. The ANN functions similarly to the human brain. This property of ANN can learn the
information that feeds into the network and calculate with a computer system from a mathematical model. There
are three layers in the ANN model: the input layer, hidden layer, and output layer, each with a distinct number
of neurons. The first layer, the function of the input layer is to feed inputs into the model, and the number of
neural relies on the inputs or feature that want the model to learn. The second layer, the hidden layer, is in
charge of processing and takes the input that combines the preceding layer's weights and sums them with the
bias. Then the sum will be calculated using a linear, relu, or sigmoid activation function. This layer can have any
number of layers of neurons but increasing or lowering the number can affect the model's performance.
The final layer, the output layer, will display the results of the previous layers calculations. If it is a regression
model forecast, there is only one neuron in this layer. The building of the ANN model is depicted in Figure 1,
while the model is functioning is depicted in equations 6 and 7.

&

N : Activation

Summation
i Function

Function ( )

S, J

=

I I I
Input layer Hidden layer Qutput layer

Fig. 1. Structure and concept of operation of the ANN model [16].
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can be equation written as [16]:

n

E=YWX +B. ©

i
i=l

Y= (O WX, +B). @
i=1

Where; £ : sum function between input, weight, and bias, X : input data of neuron 7, W, : the weight of each
link between the neurons, B : bias value, f{*): activation function, and ¥ : output node of neuron.

2.4. Long Short-Term Memory (LSTM)

The LSTM is a neural network in Recurrent Neural Network (RNN) family that was developed to correct
gradient vanishing of RNN and increase memory cell stage. The LSTM can process or forecast sequential
time-series data. The LSTM network consists of four cell gates: an input gate, an input modulation gate, a forget
gate, and an output gate. The LSTM function at that forget gate will control the cell stage in memory if |
preserves the cell stage in memory, but 0 deletes it. The input gate and input modulation gate control the new
input data and check whether or not it can be used to update the cell stage. If an update is possible, the input
modulation gate will perform the update with function tanh. The output gate decides which data to send out of
the memory to get the result. The following equation can be used to define the LSTM is working principle
[17][18] and Figure 2 depicts the internal structure of the LSTM:

fi=oW [h_, X,]+b,), (®)
i=cW,-[h_,X ]1+b), 9)
¢ =tanh(W, -[h,_,, X,]+b,), (10)
¢, = fi*c,_ Fi *c], (11)

o, =o(W,-[h . X,]+b,), (12)
h, = o, = tanh(c,). (13)

Where: x,: input vector. w: weight. o : sigmoid function, / : hidden stage, 4 : bias vector, ¢,: cell stage,
1, forget gate, i, : input gate, ¢; : input modulation gate, and o, : output gate.

‘ LST™ Cell

|
—— § S
Tnput gate |‘/ b Output gate P

. Y ] g

Input »A;H/é M/h\» n, .| Output
layer -1 Jo k/ layer

Input
modulation
aie

fﬂ\?) Forget gate

1
X
Fig. 2. The LSTM model structure and operation [8].
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2.5. Performance tool

The tools used to measure the performance of network traffic forecasting for each model are as follows:

2.5.1. Mean Absolute Error (MAE)
It is a measure of the difference between the forecasted and actual data to evaluate if the discrepancy is greater
or lesser. A model is considered efficient if its MAE value is low.

MAE:li]y,,—x,,\. (14)
n

i=1

Where; y,: data forecasting, x, : actual data, and # : number of samples total.

2.5.2. Mean Absolute Percentage Error (MAPE)

1t is a measure of a model's correctness or mistake in the form of an absolute percentage. The better the
performance, the lower the MAPE value.
100% <&| v, —x,
MAPE=—""C3N 0
n = x

(13)

2.5.3. Mean Squared Error (MSE)
It is a metric for calculating the squared average error between forecast and actual data. The model is more
accurate if the MSE value is low.

I 2
MSE =— - . 16
n;(.v, x) (16)

2.5.4. Root Mean Squared Error (RMSE)

It is a metric for measure average size of the error between forecasted and actual data. The lesser the RMSE,
the better.

a7

2.5.5. R-squared (R*)

It is a metric for how well a model can predict, by measure between the forecast data and the actual data.
The model is performing well if R approaches 1 or 100 percent.

Rl o B (18)

1
where, V= 72 X; : mean of actual data.

i=1

01 : 10.21817/indjese/2022/v13i2/221302188 Vol. 13 No. 2 Mar-Apr 2022 328




83

¢-ISSN : 0976-5166
p-1SSN : 2231-3850 Supakarn Prajam et al. / Indian Journal of Computer Science and Engincering (I/CSE)

3. Methodology

3.1. Input Dataset

The network traffic data set, which comprises of two sets of data, will be analyzed, and forecast in the future in
this research. The first data set from research [19] can access and download from
http://www3.dsi.uminho.pt/pcortez/data/itraffic.html. Data collected from private ISP located at centers in
11 European cities from June 7, 2005, at 6:57 AM. to July 28, 2005, at 11:17 AM. was collected every 5
minutes (in bits per sec) to forecast.

The second set of data comes courtesy of the Computer Center of the Suranaree University of Technology.
By collecting traffic data on the university network system was collected every 5 minutes (bit per sec) from June
15, 2021, at 00.00 AM. to July 15, 2021, at 03:35 AM. The data consists of date, time, the number of users,
average incoming, and average outgoing, and in this research, it will forecast average incoming and average
outgoing.

3.2. Experiment

ANN, LSTM, and ARIMA are machine learning forecasting tools and statistical methodologies, respectively it
is presented by python computer programming on Google Cloud Platform namely Google Colab. Machine
learning forecasting uses the Keras tool, a library in running high-performance models. The statistical
forecasting section of SMA performs forecasting using excel. After forecasting future traffic, it will perform
forecast evaluation and model performance with the MAE, MAPE, MSE, RMSE, and R-square algorithms,
respectively.

3.2.1. Machine learning methods

Data is forecasted by two algorithms, ANN and LSTM, and the dataset is partitioned into two to forecast
network traffic using machine learning methods. Figure 3 depicts the forecasting method.

START
Get dataset from
Dropbox

Filter datasetl for forecasting method] Evaluate the results and evaluate
(if dataset2 for forecasting method2) maodel performance

1 f

D

f

Plot a graph between forecast data
and real data

f

Divide the train and tesl data Convert data obtained from forecasts
into 80 and 20 to nomal values.
Normalize the dataset to a value Forecasting traffic information on the

between 0-1 network

' f

Create ANN (LSTM) model and
training data

' f

Split dataset equal to the size of the Include input data for training in the
shding window model

i f
Use the traffic information on the
network to make polynomial data to the
power of 2
Fig. 3. Shows the forecasting methods of the ANN and LSTM algorithms

Create sliding windows = 3

Split ial data equal to the size
| of the sliding window
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Dataset 1 is a collection of network traffic volumes of 11 European cities. Network traffic data and
polynomial network traffic data raised to the power of two are utilized for forecasting. For the forecasting
process. It retrieves a cloud-stored dataset called Dropbox and performs filter traffic on the network system. The
traffic data was split into two parts, with 80 percent being training datasets and 20 percent being testing datasets.
Then, using MinMaxScaler, convert the data values to the same range and normalizing the data to be between
0-1. Then, we will create a sliding window with a value of 5, i.e., take 5 values from the past to forecast the
future value, which is 6. (e.g., network traffic volume in the past 25 minutes to predict the future value at the 30
minutes). Once the sliding window has been created, the normalized network systems traffic volume data is
divided equally by the sliding windows size, yielding the data for input#l. Then take the normalized traffic
volume data to make a polynomial to the power of 2 and divide the data equal to the size of the sliding window.
yielding input#2 and then sum input#] to input#2 which will get input total. Afterward, proceed to model the
ANN and LSTM algorithms the parameters for training are shown in Table 1. Following that, the model will be
trained using 80 percent of the total input, and the test will use the remaining 20 percent of the data to estimate
future data values. And the data obtained from the forecast is converted back from values in the range of 0-1
back to normal values. The experimental data and model performance were then evaluated using the MAE,
MAPE, MSE, RMSE, and R-square approaches, respectively. Finally, the results obtained from the forecast are
compared with the actual network traffic by plotting graphs.

The second data set is the traffic volume on the Suranaree University of Technology network system unlike
data set 1 by dataset divides network traffic volume into average incoming and outgoing traffic, as well as the
number of users. In forecasting is divided into two cases. Average incoming and average outgoing are the first
and second cases, respectively. In case 1, the inputs for the model to train and the forecast will have three
inputs: input#1: network ftraffic volume of average incoming, input#2: Polynomial to the power of 2 of average
incoming, and input#3: the number of users.

In case 2, the model learns from the following input data: input#l: network traffic volume of average
outgoing, input#2: Polynomial squared of average outgoing, and input#3: the number of users. Then arrange the
input data to equal the size of the sliding window. Once the data is formatted, the inputs are concatenated first
and trained on the data within the model. It will then forecast the data and evaluate the model's performance.
The forecasting method is the same as in dataset 1 or in Figure 3 experimental procedure diagram.

Data from network inside university
Data from 11 city in Europe . .
Parameter Average Incoming / Average Outgoing

ANN LSTM ANN LSTM

Polynomial of network traffic The power of 2 The power of 2

Number of hidden layers 2 2

Number of neurons in hidden layer 128 128

Activation function in hidden layer relu relu

Number of output layers 1 1

Number of neurons in output layer 1 1

Activation function in output layer linear linear

Clients Count No Yes

Epochs 200 [ oo 200 100

Table 1. Parameter designated for training of ANN and LSTM
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3.2.2. ARIMA Model

For network traffic volume forecasting using statistical methods is the ARIMA model, the forecast is divided
into two data sets, and the forccasting process is shown in Figure 4.

START

Receive traffic dataset | END
(dataset2) from Dropbox

Find order of ARIMA is p

Plot graph compare between forecast
data and real data

| T

Evaluate the effectiveness of the

Find order of ARIMA is d

experiment
Find order of ARIMA is q Forccasting the data

l T

Create ARIMA model
And train data

Split the train and test data (80:20) g

Fig. 4. The forecasting process using ARIMA statistical methods.

Data preparation principles, data training, data forecasting, forecasting performance measurement,
and model performance evaluation will use the same method as ANN and LSTM. To use ARIMA to anticipate
data, the first step is to extract network traffic volume from Dropbox, a cloud service. The first data set is
network traffic volume data from 11 cities in Europe, and the second data set is network traffic volume within
the university, divided into average incoming and average outgoing traffic, then carry out find order (p,d.q) used
to create a forecasting model.

To find an order, it first it checks the raw data whether the raw data is stationary or not. Which will the
Dickey-Fuller Test was used to determine whether the data was stationary, which P-values less than 0.05
indicate that the data is stationary, hence the resulting d-values do not need to make a difference. Then plot the
PACF graph to find the AR value or p-value, which will measure the relative value of the data and the method
used is "ols.". The p-value is then calculated from the graph using a confidence interval of 95 percent and the
graph intersection, which will be at 1.96. And the last order is the MA value or g, which will the measured
relationship of the data by plotting the ACF graph. The graph interscetion with the 95 percent confidence
interval is then used to determine the g-value. And table 2 shows order at used creating an ARIMA model to
data forecasting.

The model will then be constructed using the previously discovered order. and divide the training data by
80 percent and testing data by 20 percent. It feed training data into the model so that it can learn and forecast the
rest of the test data. After that, once the data set has been forecasted, will experimental evaluation and forecast
performance is with MAE, MSE, RMSE, and R-square, respectively, and will plot graphs showing the
comparison of the actual data with the forecasting data.

Data from network inside university

Parameter \ Data from 11 city in Europe r
Average lncoming
| Order for model (p. d. q) | (2.0.0) | (3.0.1) | (3,00

Table 2. Parameter designated for training in ARTMA
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3.2.3. SMA Model

For forecasting data using statistical methods using the SMA model, it is calculated which use excel.
The forecasted data is the network traffic of 11 European cities and the network traffic within the university
network are average incoming and average outgoing. Where taking five past values. & = 5 and calculating find
the MA(k), according to equation (1), for example, bring five past values, or values from the last 25 minutes,
add them together and divide by &. Then, after calculating the movement value, it predicts the next future
value, such as the value at time 6 or the value at 30 minutes and calculates find the value of ¥, using equation

(2). When the data forecast is finished, the forecast performance is check, and the model and plot's efficiency is
compared, afterward graph will be showed to compare the actual data and the forecast data.

4. Result

tell Internet Traffic of 11 city in Europe

— Realiratfic
225 —— SMA
ARIMA
LSTM
ANN

s

Internet Traffic Value (bps)
5

o

o

2005-07-24 2005-07-25 2005-07-26 2005-07-27 2005-07-28
Datetime (minute)
Fig. 5. The graph compares network forecasts of 11 cities in Europe of each model.

Model MAE MAPE MSE RMSE Rr?
SMA 4.59-10" 4.45 4.18x10" 6.47x10" 0.990
ARIMA 2.89=10° 76.12 1.62x10" 4.03x10° 0.9957
LSTM 2.93x10” 3.15 1:54x10" 3.93x10° 0.9959
ANN 2.94=10" ZoL] 1.53x10" 3.91%10 0.9960

Table 3. The performance of each model forecasting data for 11 eities in Europe.

After forecasting the amount of traffic on the network successfully, the results can be displayed as follows.
The result of the first set of data, network traffic volumes of 11 European cities, is shown in Figure 5. it can be
seen the comparison of the forecasts of each model and comparing it with the actual data. Within the graph
contains, the vertical axis represents the network traffic volume (in bps), and the horizontal axis represents the
date and time (unit in seconds). The predictive data using machine learning is ANN and LSTM, as demonstrated
in red and blue lines, it is more effective in forecasting than statistical forecasting, as shown in the graph,
because the graph is nearby to the actual data line (black line). And the predictive performance of each model
was tested with MAE, MAPE, MSE, RMSE and R-square as shown in Table 3. The ANN model has forecast
efficiency 2.94x10°, 3.19, 1.53%10", 3.91%10°, and 0.9960 respectively. And the LSTM model is effective in
forecasting is 2.93x10°, 3.15, 1.54x 10", 3.93x10°, and 0.9959 respectively. It can be seen the ANN and LSTM
models offer lower prediction errors than the ARIMA and SMA models.
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Fig. 6. The graph compares network forecast average incoming of SUT for each model.
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Fig. 7. The graph compares network forecast average outgoing of SUT for cach model.

Average Incoming Average Outgoing
Madel MAE | MAPE MSE RMSE R? MAE MAPE MSE RMSE R?
SMA 4.83%10° 16.53 5.49¢10% | 741x10° L T838 1.46x10° 3.72x10" | 1.93x107 | 0.9723
ARIMA 3.67x10" 79.52 3.29x10" | 5.74x10° .7980 | 9.11x10° 1.56x10" | 1.25%107 | 09795
LSTM 3.63%10° 15.37 3.45<10° | 5.87x10° . 7878 9.83x10° 1.78x10" | 1.33x107 0.9767
ANN 3.59x10° 15.11 3.06<107 | 553=10° 8117 9.03x10° 4.76 1.53210% | 1.24x10" 0.98

Table. 4. The performance of each model forecasting data for SUT network.

The result from the second set of data is the traffic volume on the network system inside the university.
Figure 6 indicate a graph comparing the results of the average incoming of each model against the actual data.
It is noticeable that the ANN and LSTM model (red and blue lines, respectively) had more predictive results that
were eloser to the actual data (black lines) than ARIMA and SMA. When the model efficiency was evaluated
using the parameters listed in Table 4, it was discovered that both models had lower error levels.
Where the model efficiency ANN is 3.59x10%, 15.11, 3.06x10", 5.53x10%and 0.8117 respectively.
The efficiency of the LSTM model is 3.63%10°, 15.37, 3.45%10"%, 5.87%10°, and 0.7878 respectively.

In term of the results from the average outgoing test, it is illustrated in Fig. 7. will comparing the forecast
results of each model with the actual data, it-is found that the ANN and LSTM models (red and blue lines,
respectively) yield results forecast close to actual data (black line). When comparing the efficiency of each
model, the ANN and LSTM have lower predicted error values than the ARIMA and SMA, as shown in Table 4.
The efficiency of a ANN model is 9.03x10° 4.76, 1.53x10™ 1.24x107, 098

respectively.
And the efficiency of a LSTM model is 9.83%10¢, 5.35, 1.78% 10", 1.33%107, 0.9767 respectively.
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From the forecasting of both datasets, the ANN and LSTM models had an R-square approach closer to 1 as
shown in Table 4, meaning the model had more accurate forecasting performance than ARIMA and SMA. As a
result, forecasting using machine learning is proven to be more effective than predicting using statistical
methods. For the forecast time of each model, ANN forecast time is about 5 minutes, LSTM forecast time is
30-40 minutes, and ARIMA forecast time is 20 minutes-1hour depends on the amount of data to be forecast that
there is a lot or little. As a result, ANN outperforms LSTM in terms of forecasting time but if using LSTM for
forecasting, it may not be able to respond to real-time forecasting. Because, when used to a real network system,
speed of forecasting is required in order to allocate the network in a timely manner to satisfy the needs of users.

5. Conclusion

Forecasting network traffic volume from both datasets is nonlinear, with machine learming methods and
statistical methods and will also incorporate sliding window methods. To forecast data in real time, such as data
for the next 30 minutes based on the previous 25 minutes data. Based on the metrics MAE, MAPE, MSE,
RMSE, and R-square, it was discovered that forecasting with machine learning methods, ANN, and LSTM
model, has superior performance and accuracy, and is also less error-prone than statistical approaches ARIMA
and SMA. However, using the machine learning approach used in this study, the ANN model has an advantage
over the LSTM model in that it spends less time forecasting. Therefore, the ANN model is more suitable.
Because in this research, the need to forecast the data quickly and efficiently. In order to support the use of users
in rea- time, the internet network service providers can also upgrade and allocate the network system to be
sufficient for the number of users that will increase in the future.
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