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ABSTRACT

Nowadays, electricity consumption patterns are totally different from the past
due to the rapid increase of PV systems and EV charging stations. As this result, the
load forecasting using the traditional method tends to have higher errors. To solve this
problem, the Online Sequential Extreme Learning Machine (OS-ELM) was proposed in
order to incrementally learn from received data while working. The feature of this
model is that it can work with low resources but at a high speed. However, the OS-ELM
model has some points that need to be improved such as forecasting accuracy and
requiring datasets for initial training. Therefore, this dissertation proposed methods for
improving the OS-ELM model to be more convenient to use and more accurate in load
forecasting.

This dissertation proposed 4 methods for improving the OS-ELM model: 1) using
an ensemble model, 2) synthesizing data for initial training, 3) clustering data for
forecasting, and 4) using re-learning. The experiment was conducted with a dataset of
electricity usage on east coast of the United States to forecast hourly electricity loads.
The forecasting error was compared with the proposed method and the baseline
method of each experiment.

The study results revealed that: 1) the ensemble model could reduce the
forecast error by 5-8%, 2) the synthesis of data made the use of the OS-ELM model
more convenient and the forecasting error could be reduced by more than 10% , 3)
clustering the data for each model could not reduce the forecasting error compared to
the ensemble model, and 4) the re-learning method could reduce the forecasting errors by 3-
9%.

Keywords: online sequential extreme learning machine (OS-ELM), incremental learning,

load forecasting
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regression) AW e N3l v AL laBIA B unaAa EfaL guA M T nLaEIIN Y 1
y=0x+60,x,+--- winmnua hg WulassgUszamiiion (Arificial neural network) A
wensalsAunilasEvedlaseUssamiden vty
Y=g6%+6,% +)+g,(65% + Oy, +++ )+ g g(.) Aoflandunszeu (Activation

function) ¥aalAsIwIBUSTANTBY
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o o

® Youasiens
o a  w
"""" hg iludady

—  hgilidudadu

3UN 2.2 M3LATIEin1sanaey (Regression analysis)

JunausiollApn1IMIAINIT eI veluAaTUs uINN1 SR UATlanFuAunY (Cost

(%

function) J(0) Fetinteuldilsndurianianaineniasaediaie (Mean square error) 69l

J(@):ﬁi(r@ —yy? (2.2)
=
lay

m  fe udeyaiieyd

Y'® e dwmensalvesteyasegiei i

Y®D e daswwesieyasiod i

Tunaudelufemsldmatialunismerfiangauian (Optimization) MA1N151Twas O

' '
! o A a

M lirlsiduduuiianfign WneIsnsntedlduniianfienisiafeuainiuainuty (Gradient

descent) @livonaninabuni
YBNAINNITLY Gradient descent TuN1SHIAINISARBD STALLFUVDILLLAALAD 890DNTD
nileifdeuldlneangiulananidu Linear regression loA3snsaun1sunid (Normal equation)
= & ° | a ¢ Y aa a A a °
FadunsamuiuniamTdinesvedunaniedsnisnisiigadin (Algebra) Tnatsuainainun hg

[

Iiegluguvas Linear regression @tanunsailguaunislugunanauesaminduaziinimneslasail

Y~Y =X0 (2.3)
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lay
Y  feAnsandeyadiegns

Y’ Ao ANeINSUNLANNLLLAS

a -

X  fe Adunediloudiluwa
0  Ae wdwesvedluag
91nauN15N 2.3 Favsruan ¥owazar X daduwavinduazlaeuinaglildumingdnda (Square
matrix) A1MN31EAe35 6 ansnsaduInlansl
Y ~ X0
XY ~ X"X0
X"X)" XY ~ (X"X)" X"X0
X"X)"'X"Y ~ 0 (2.0)

N1311AINI313L083989lULARaR2875 Normal equation UyaLAuLliawfisuiu Gradient
descent Ao lddnlusewinisusuailmluussiingiu (Normalization), ladndusesimvunen
8n31M3i38uF (Learning rate) wazlusunsulinesinauiuuiug) (teration) uwatlieresfe Lile

Aaaa

aududeyaniiifuinuag/mse T31uruninlusunsuagiiaulady (Au 10,000 faeee [14])
wagananuLyEngflaiannsamarsniuls (non-invertible matrix)

212 msduunussam (Classification)

Junismladduauduiussenindeyadunadudeyaidimineiduiie iy Regression
analysis ieausAtmnelunsdues Classification Suasdidnungiluignign (Discrete set) Ly
n1sdungunnindulunthaulanield, msduunnividenindu A B, AB w3e O \Judu
aunfgruvIelutnaniandenldlunisvia Classification fie n1sannssuvuladadng (Logistic
regression) %QL%UﬂWﬁﬁ’]LLUﬂ%aiﬂa@@ﬂLﬂu 2 Usztan (Binary classification) Taginuasiaigiduy
(Linear combination) vasdunaluusaziifundeudnilandu sigmoid nieldluwmalassnedssam
L‘ﬁauﬁw%’umﬁwLLuﬂ%ayaaamﬂu nangUseian (Multi-class classification) @3 cost function

nilsydealalumsvin classification A Cross entropy function
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110 T T . T T T T .

— Decision Boundary
100 g »xx Not admitted

ol ®®e Admitted

90}

80

70}

60 [

Exam 2 score

501 x

401

30

2 | 1 | | | | | h
020 30 40 50 60 70 80 90 100 110
Exam 1 score

3UN 2.3 freeg1en1sdnuunuseinm (Classification) Uoya

2.1.3 M53unay (Clustering)
n133unqudeya (Data clustering) 1AIUULANFIAINNTTYIN regression Wag classification
ApuYanN Weownteyanlewdriilumaiseudiveusuamisiiwesduazlifidndmuneds

= @ a 9 P \ . ' a v A Y a ¢
Fonindunisseuiuuulififiinaeu (Unsupervised learning) daunisiieudiieusurmisniines

Y

a Vg

1911 Regression war31u Classification Wuisenindunisiseuduvuiginasu (Supervised

Y

learning) TneinguszasAvan1svin Clustering Aan1sdutendeyaniining “adeiu” 1ilungy
Wieafiu Tunavdeaunfigiuyesnisvi Clustering Aonisinanundnefuvesdoyadesinaginain
svppisresdoyaudaziilutinluas fnlidouaiedlndidustueglunduisafu duneuis
(algorithm) Fiflealdunnlugnu Clustering Fan 13w K-Means Clustering fegnssnudisosldnish
Clustering 431 n15uUaNgugnAl, N1swdsuseangidlniy, nsasivaeugyninluiaiete

a & @ U
ADUNIGDT LUUAY
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Estimated number of clusters: 3

X2 o

UM 2.4 fMegran133ungu (Clustering) Taya

2.2 Tuaa Extreme Learning Machine (ELM)

Extreme Learning Machine (ELM) 1Juluinaifilassadraniioulunalasaiielszam
Lﬁamﬁm%miawﬁmﬂau%’agalﬂ%wﬁw (Single hidden layer feed-forward neural network,
SLFN) ELM gniiausnausnlag Guang Bin Hong Tull a.¢l. 2004 [15] yauiufigaues ELM Aed
arudigannlunsfeuifoyaiteusuamsfiveivadiaa oswin ELM Lild3Bnsusiay
Gradient descent Tun1sAuauAmInIsITwesualdis Normal equation Tun1sAiuie lnean bias
WAy weight ViL%awiaizwm?mwmLLaz%uéziau%Qﬂa%’mwmju (Random Generated) Laz ¢l
Amsfinaeansiiouidona daue weight sewinstutoutueinmzauinlaglfnada

Normal equation a5unglanail
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Input layer hidden layer output layer

Weigth 'a’ ,bias 'b’ Weigth 'p' are
are randomly directly calculate
assigned and fixed

3‘1]17; 2.5 Ipssassveduina Extreme Learning Machine (ELM)

MUoaR1989NABINTTEUsII WL N d10819 (x,,y.)lne9 x, e R"uay y, e R”
] U J J J J

[

dnnulnualutudewvedasanowhiu L mnuduiusszming x; wag v, audsll

L
y; =2 Big@x;+b,) i=12,.n (25)
i=1

£
1 o o

e B, e R” Wuanhwinlutudeu, g():R — RiJuilidunseiulutudeu, a, e R"

v
U

Wuanimdnlugudunn wag b, e R Wuarlusedlududunn aun1sin 2.5 awnsoeulvedlu

9

Y

sUBuUNeTuladall

Y =Hp 2.6)
glax,+b) ... glax +b))
1ng H= : - :
glaxy +b) - glaxy+b;) NxL
Bl »
p=| : WAy Y=|:
LT Lxm ylz\; Nxm
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wn3nd H 138071 The Hidden Layer Output Matrix @@ @; wagaA1 b; 1Jumaiala

(%
1w LY a vy

nsdy ibianansng H (Jumasiiguiu dstumsiSouiteyaves ELM 3adunisduamen
B luaunsin 2.6 anndturudeyavsedinvesdeyaladAwniuluisaiusaldis Normal
equation Auaulalasnsiegesiaiuilodlsuiuis Gradient Descent Tngpn B @1u150AIuIM

1gad]
p=H'Y lssa H =H'H)'H' 2.7)

faudin ELM agldnsduardmiinuazarlusealududuned udaneuidesmauunn
WU ELManunsalunisiseuiveyaldiduegiefiusieniu Leamning Algorithm B 9 Wty [16),
[17], (18] Tuma ELM @nanudlymmnsdnuadiasnimidaiaay (Numerical stability) ifiesanntuy
vrenSsaznuinldarunsanidnan ndnndu (inverse matrix) vos HTH I $391n15munau

5IUNTIINUIIEE N suAlymaina e 2 5k

o Tdurameasusuan (Regularization factor, A) [12] Inenduduaudidase vaniu
A1 H'H neoufiagyinmsulasuniuastl (H H+AD! Fedrelmduunsnduuy
I sl v vy
WS TEsanUasNniula

® 1435 Singular Value Decomposition (SVD) Tun1suszanauaamIndundu [12]

2.3 Tuwma Online Sequential Extreme Learning Machine (OS-ELM)

Tuina ELM iunsifeusiun Batch learning vide Offline leaming Aefifoyafiivianusily
msiinaeuluwauazbilunashaiy TagsewinilunariausglianusaBeuiifianiuandoyad
dranlmaild ddunslinuaiwnnfideyaiidunlmidosfinadnvusiunmetoyaildiinaoy
nousudu Tunadsdnduazdoddddoyaiidruluilunisilinaeuluina olilunaaiuisa
Ufudsuamsidwes TnonsilumasunsnifouiandeyaiyudianlmidindnagFonindu

U

a o 4 . . & < a v a X .
nssusiuueaulal (Online learning) 3aLlun1sSeuFUUULALTU (Incremental leaming)

fuideniauenisusuusaluwa ELM TAa11150919U UL Incremental Learning bal

wazl3enlumaninana3 Online Sequential Extreme Learning Machine (OS-ELM) [12] 1agld

22



[ a ic’: . QA' o < [ dy
NaNNI5LT8NY1 (recursive) 3naun159 2.7 Tun1sveiusevusnvesluinaaziudad
B, =K,'H!Y, Wt K, =HH, lagfios 0 ¥u1883 w131300 3t un19919uB86Y (AT 0)

¥

Woeilveyayalyaiiui v liumsnd Huwazam3nd Y wWasuwdas daanunsadwinm B

Fai
T_
H Y,
—1e-1| Ho 0
Bl Kl [H1:| YI:I (28)
H, ' [H
Tng Kl={ ! { !
1 Hl_

K, =K,+HH, (2.9)
() Ml
H,| [Y,
way | ‘I=H]Y,+HY,
H, | Y, |
o or (e
H,| Y,
) " 1=K,K;H]Y, +H]Y,
_Hl_ _Yl_
o=
HO Y0
=K, +HY
_Hl_ _Yl_ 00 i1
— _T_ —
Hl) YO T T
=(K,-H/H,)B, +HY
_Hl_ _Yl_ 1 1 1 0 11
T
HO Yl] - T T
H Y =K,p,-HH,p, +H Y, (2.10)
1 1

WNLANENNTST 2.9 uay 2.10 asluaunisi 2.8 aglan
Bl = Kil (KB, - HlTHlﬂo + HlTYl)
Bl =B, - KilHlTHllso + KilHlTYl
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B, =B, +KilH1T(Y1 -H,B,) (2.11)
e K,=K,+H/H,

¥

NaunI1s7 2.11 annsadnbiduguwuuialulansil

Bk+1 =B +K;(1+1H1f+1 Yy -Hy By (2.12)
— T
log I(k+1 - Kk +Hk+1Hk+1

Tnek Ao souiivientsiivosdeyailluinasudnnlnsvavestoyafifuidmusuasads
LidnwHusosiouawindufld 1 k = 0 svmnefamshausuduluseuusn

agulFilana OS-ELM #mevhauiiuseon Juaosiuneuie

fupouil 1 fedmsfiwefidudu duneuiazvdeutufuluiaa ELM Uni Aelddoua
Anaeuduiuiiorune B Tngldauntsd 2.7

Funoudl 2 liteyafisuiunwesdoyamsfiwestagiuveslunameduame £, s

AUMSA 2.12

2.4 MURENARIT4
UNANLAEIUIIB AL ITRITUNSHRINIUTUUTIlea OS-ELM anu13asiusiuwazasy

lamansa 2.1 sail

[

A15199 2.1 1INt (f8)

(%

= U a o w
U UNIY aszdnngy

2009 van Heeswik Mark, Miche anzdnidelauiauoynvasluina ELM
Yoan, Lindh-Knuutila T., (Ensemble of ELM) m%’ﬁ’ﬂw%wmmiﬂawmm
Hilbers  Peter, Honkela 1181 lngyavedluinaninaiusenaunieluing
Timo, Oja E. and Lendasse ELM ﬁﬁmu%awéﬁ%ﬂuummmﬁmwﬂaauma

Amaury [19] 19391V aN T dn AL ug Tun g

=

ne1nsal AfnmAazlumansInsallaazuiun

AU HIUATIRAY 83U N A (Weighted
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[

M15719% 2.1 UIBNNeITR4 (s)

U

o o

n39Y

aszdAgy

average) LuAMmeINsaivasalung tnuA1a9

Jrutnfarusuilasuliumumainuianainly

i

ANSNYINTAVDITBUNKIULN AenIFelA

nageuyavedliinaliaueiudoyasunsuiimg

o =

N1l4 (Stationary) hagdeyasunsuiiarnluils

Y 9
'

(Non-stationary) @slanaia

2010

S. J. Pan and Q. Yang [20]

memﬁlﬁu'immmﬂ/mé’mmiﬁauil,wudWEJ
Tou (Transfer learning) fignénsfiasnndign Tnels
T deudniiduiiugiu Source, Target,
Domain, 4ag Task 85UNEFULUUNISTEUTWUY
d18leuiiidu Inductive transfer learning Lhag
Transductive transfer learning a5unguwumIglu
nsiseusuvuaelouw 4 wwanialaun 1)
Transferring of Instances Lﬁumilﬁaﬂ‘i’faa&amﬂ
#1910 Source domain I naeud Tareet
domain TngH1un1sAIMuAA1vInTn 2)
Transferring of feature representation Wunis
W19ALANYBIY09T0YA31N Source domain b
Hndao uﬁ Target domain 1n8ld Feature
function U198819 3) Transferring parameter
Wunisdramisifwmesveslunaly Source
domain LU U5uldnuluinalu Target domain
ba e 4) Transferring relational Wunasua
AUdNUS sEnItayalu Source domain Uag

Target domain
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M15719% 2.1 UIBNNeITR4 (s)

U

1NI9Y

(%

aszdnAny

<

2010

N. Liu and H. Wang [21]

ArinIfelauanensuluna ELM viatgda
wviusandudugn (Ensemble) Inaldsiu
%gumaumslﬁaﬂmﬁfmﬂ’ﬂmaqﬁﬁv’uauwm (Input
weight) WA¥NITAIIFADUAINNAUMAAUHA
(Validation) Vilufunounisiinaeulung wazld
Wilunaldnaasudienisauundeya
(Classification) feyadegafinainnalewuin

Tueaanunsavinauladusg19m

2013

Kasun Liyanaarachchi, Zhou
Hongming, Huang Guang-

Bin, Vong Chi-Man [22]

Y

AgNITuladiauawmadanisidnsrasnluda
(Autoencoder) Tneldluwna ELM wagldluina
Fandan lududouves ELM ununisgu
fnsines Fanudnluea ELM Fldnsidnsia
§mlutl® (Autoencoden) lutugouununisdu
AIN5TMBT a1u130vuvuYateya (Data

set) MNIST leegnasinsazuwsiugi

2013

Y. Simmhan and M. U. Noor
[23]

unanuillfiiauenisliinadanisdangudoya
LLUUL%‘EJuj’:Lﬁwﬁu (Incremental clustering) Tu
nsdangudldlnd wavihdeyanisldluirves
winznguanasalumanensainsidlniianeg
nda uenaniluumaudsldiniausisnigie
audiusvestoyaiiolidanguiEenin Affinity

score

2014

Pak Kin Wong, Chi Man
Vong, Xiang Hui Gao and Ka
In Wong [24]

Laa OS-ELM Fndudeslddoyalunisinaeu
SuaY Faneanzdnifenesinlunsussyndld

NuIsIuRATIllannsandeyai nae usuaula
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M15719% 2.1 UIBNNeITR4 (s)

U

o o

n39Y

(%

aszdnAny

<

FdlaWvaurluiaa Fully Online Sequential
Extreme Learning Machine (FOS-ELM) # 14
(] [~4 v Yy QI U gj
Juludedldteyalunisinasuisudu lngnises
AsEmeRsduvedlnaliviniuaud wag
nazinIve lauluina FOS-ELM dlunaaau
1A8N1591809N15VNIUYRIYAAIVANTATIEIU
Y9ID1INIFALALLIDLINA IV LATDIsUA A el TunTS

AuANLUUUTUAIlA (Adaptive Control)

2015

S. Scardapane,n D.
Comminiello, M. Scarpiniti

and A. Uncini [25]

AauznIdelainawenisuFulssluwa ELM lay
n151% Kernel recursive least square Wagl3unin
Kernel Online Sequential ELM (KOS-ELM) R
vivlluea ELM vineruadreduluma OS-ELM
A UIee Bunnves KOS-ELM agH1U kemel
function Newu &IuBUNAYEY OS-ELM Fganiiua
B (weight) S duiledtuidadunou :1nns
naadluna KOS-ELM @1u15a%197U37uun
Toya (Classification) LagitAs1ENN1T0AN DY

(Regression) vastayalafiguiediu OS-ELM

2016

Guo, W., Xu, T. and Tang, K
[26]

AnzNNIve AL vanpevalune OS-ELM 7
L35n15vesiasaengn (Least square) Tun1s

s 1

ATUIMAINISIAme S InlddArrununiu
(Robustness) ﬁa%agaﬁﬁﬁﬂﬁmﬂﬂa (outlier
data) waglataueisn1sAILINAINISITINeS
Taeld M-estimator @slunasaurniaziinag

NI1TUIAIAIURANA AN UANTA LS UL UAY U
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M15719% 2.1 UIBNNeITR4 (s)

U

o o

n39Y

aszdAgy

(Threshold) #Assld nAANuAanaIAfININAn
Threshold lutnaagAuaANI A esNUNG
MNAIAIURANAIAEINTIAT Threshold azdiain
\duteyaiiiafaunfuazanumisfiiao e
Riunnaseenly ilrlueaiinnumusiedeya

Aa 1 a a
NAANAUNG

2016

J. Tang, C. Deng and G.
Huang [27]

v a

Azl auansiaulluina ELM Aiund

[ 1%
o

TN 9T UTDURN LTI UIUT UL DU AL N VU

'
o U o 14 a

dwmsunaududeyaniinuldiduidadugy
Yoyaguninniedoyaidowazionlunaiiii
Hierarchical ELM (H-ELM) Tnelududouasld
wAANTTRaoR Lulls (Autoencoder) @115
Tuwa ELM sanunsavilénanedunazdmdums
SeouiuuuliiigRnasu (Unsupervised learning)
duluduedinnaziduluing ELM uuudnfds
WunisSeuduuuidinasu (Supervised
learning) W l#lutaa H-ELM @1u1509191UAY

% Ay o1 a v o ) = o =
Togafilidudaduduioriulueaisouiitedn

731U (Deep Learning) azaunsaisuuileisa

Y

wuuluma ELM

2016

K. Phurattanaprapin and P.
Horata [28]

Tuwna Hierarchical ELM (H-ELM) U3z naugnedi
FousuiuvaetuildimadanisihsiasnTuda
(Autoencoder) du3ulaiaa ELM fiFeusuuull
il &3?1 naou (Unsupervised learning) tha g T

w1snaduluieg ELM aunfvs diisauiien
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M15719% 2.1 UIBNNeITR4 (s)

U

o o

n39Y

(%

aszdnAny

<

a Vg

SeusuuuilRnaey (Supervised leaming) 114
AnztnIdeladnaneIBnsusuusluea H-ELM
Fanaa Tnensiius1uaudy (layer) ¥89ad7u
wrmelulana H-ELM 1w uasiFonlunalvalid
11 Extended Hierarchical Extreme Learning
Machine (EH-ELM) laiiaa EH-ELM gnnagaufiy
uduundeya (Classification) A1eyavaya

#1199 Wudianuusiugiaand H-ELM Un#

2017

Jin-Man Park, Jong-Hwan

Kim [29]

azinddelausudsaluma OS-ELM 19l
TassadraniloulassineUszamifionuuuiugd
(Recurrent artificial neural network) wagisen3n
Online Recurrent Extreme Learning Machine
(OR-ELM) nd13fe lddoyatondnnainnisg
wensallusevitiiuundudeyadunndmiy
wernsadlusevdagiiusouenanidaldldinaia
n1585Wadaludd (Autoencoder) lun1sds
Amsfimeslutudoudnge Tuna OR-ELM an
naaaulnelUneInsleun suaIYIYAtaYa
New-York city passenger LagWu11814150

NeNsadlaLugININaLAa OS-ELM Unf

2017

Zhang, H., Zhang, S. and
Yin, Y. [30]

nsgusiiuduvedung OS-ELM gvinisusu
AMNTweTIINTayanlasu lnedoyaazaaly

afnuaztayalvaziinarenisusummnines

Y
a =

Wieuiy wtielinisususivinlasinsiga

N19AUL IR UNAUDNIT I LMD TUIRINTL 9T
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M15719% 2.1 UIBNNeITR4 (s)

U

o o

n39Y

aszdAgy

\38n71 Forgetting factor lngnns1dinesainann
uluditivannaresdeyaazaulusiinsenis
Usuamisfinesvadlumailulumausudiniu

¥

M v < =
Tayalnilasansiniuy

2017

Salaken, S., Khosravi, A,
Neuyen, T. and Nahavandi,
S [31]

unANuEFuTndeyarosuilininioud
wuuaielou (Transfer learning) Auluilna ELM
ud n1ssawenisdeudn (Drift) veswuites
ayndidnnseiind, n1ss1uunteyaiiing
wWasuulas (Concept drift), N335 YMUIUWEY
doyey o Wi-Fi, n1539Aanssu (Activity
recognition) Ya4yYAAR, N15VINABNNILARTINAY
sy Ingluuiazauddmilafindroadetudie
Sﬁayja%ﬁmsmﬁauwauﬁaum eﬁ’qﬁ?umiﬁaui
wuvuaelou mmimmméq%"u%uﬁﬁiym

gananile

2017

W. Zhu, W. Yu, B. Kan and
G. Liu [32]

unAuHu NN 1sInngulayanlaaninin

Y

IWA159a58% (Smart meter) WD UGN YUV

a

Al nldruneuisnifunin Modified

1Y =

streaming k-means Fa.du3tdnngudoyai

i

a1unsniseudiuduld (Incremental clustering)

WAUIRDUDANIIINTUADUIS Streaming k-
means lngaailfiadiuAe n15USuUTIAINGNvRS

Uoya (Clustering index) Tuafnilipa Ianguli

[

wddlunnassnideyayalniiinundangu lneden

U 9

AV Yo

lasuren1sinnguasiusednsnannitnuy
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M15719% 2.1 UIBNNeITR4 (s)

U

o o

n39Y

(%

aszdnAny

<

=

Streaming k-means Un# woivaidemaiiaunuly

N15UsEINaNATIETY

2018

M. Roy, S. K. Bose, B. Kar, P.
K. Gopalakrishnan and A.
Basu [33]

AztinIdulaminauensainnuansae (Feature
extraction) ¥84¥0yALNONTIIADUAUAAUNG
(Anomaly detection) Tngn1sunlutnatdnsia

v

9nluilA (Autoencoder) 13899 8U (stacked) U1
fuluwaa OS-ELM Taeluima Autoencoder iy
Tumauuusapuvinstnasunvusenlayiou
Ul eu Tneviednnvestudouans
Autoencoder ‘ﬁa‘utﬁf]uauwmiﬁ OS-ELM A g
InIelanaaauszuudinaniugntaya NASA
Bearing Dataset WU31@1U15AAIIAADUAINY

Anunfvesnduanlulugadeyaliluedned

2018

Ribeiro, M., Grolinger, K,
ElYamany, H., Higashino, W.
and Capretz, M. [34]

aaaa 1

aariniveldiviauetunsuisises

Hephaestus 1dun1s15ouduvvdislouly
5ULUU Inductive transfer learning Lz sy
Yoyasunsunal MAuggnia (Seasonal)
wazALuIly (Trend) vosdayauiatsun g
Funouds Hephaestus 5gﬂ1%’1umim°w pre-
processing La¥ post-processing Yaya $3uAU
T,mmamu%ui’%am%muu’lﬂ Ald lneAmue
tiseldmageuisnmsiivaueiunswensal
n15lENaeIUTeIeIANTLTITsuNUIINTL Y
Hephaestus @1u15avinAd1uwdug1lunis

neNsallana 11.2%
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M15719% 2.1 UIBNNeITR4 (s)

U

1NI9Y

(%

aszdnAny

<

2018

C. Chen, B. Jiang and X. Jin
(35]

Auztnidelavnauenisiisuduvuaislou
(Transfer learning) A28 L1 AN 19 Transferring
parameter Inel4luina ELM qaisuvossuiuil
Aon1s14 Projection matrix 13 8 u 1o 3
ATV BIlunall Source domain b
Asimesvesluwalu Target domain lagan
nineaedlilunadiiundeya (Classification)
wuilumariiiauedinuuduguinnitluma
ELM, Support vector machine (SVM) ilailgvh
nsseusuuuaglow azdgeandlunalsous
wuuanelau Geodesic Flow Kernel (GFK), Max-
Margin Domain Transform (MMDT) w&ag Cross-
Domain Landmark Selection (CDLS)

2019

W. Cao, Z. Ming, Z. Xu, J.
Zhang and Q. Wang [36]

Tneunfian Forgetting factor #ildiuluina OS-
ELM %Qﬂﬁgﬂﬁlﬂummﬁ FamnuSudennly
Widngauag v lilunainiiuianainlunns
wornsalanld luunainudausdnitesdld
W@ ui5n15U5UAN Forgetting factor 1o
daludAniuarnuranatnlun1swensalved
luea nafenInlumainduianainlunis
NeNRIUINTUAN Forgetting factor aganasyin
Tilunaauisausuimudeyayalnilasinsy
Fu lumansaudiy winlumaiinufinnaialy

NSNYINTAIANAIAN Forgetting factor %gﬁu
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M15719% 2.1 UIBNNeITR4 (s)

U

1NI9Y

(%

aszdAgy

2019

A. Hammoudeh, M. Fraihat
and M. Almomani [37]

unauElFiauoyavesiuina (Ensemble
model) ivausuuidenaiveslunawauisdaly
Yalunau1iianswn lnedenlunaudasiiluyn
Tunaluauazyialawn Artificial neural
network (ANN), Convolution neural network
(CNN), Support vector machine (SVM) & @ ¢
Random forecast (RF) Tsvinausiuiu lagdian
Selector iwihflidaniodnnveudasluinain
avdunfiansunduameinsainseld lnedn
Selector ﬁ%zﬁmumiﬂﬂaamwuﬁﬂﬂﬂaau
(Supervised leaming) At gWn3delanadaeu
Immaﬁﬁ’mmfﬁ’muﬂ%’ayja (Classification) wag

wunlueaaunsavnaulsduseged

2019

H. T. Thu Thuy, D. T. Anh
and V. T. Negoc Chau [38]

uneuldauen1sUTuUuneuisiangy

q
szﬁ'fayja (Clustering) Leader algorithm Laziede
113191 Improved leader algorithms (I-Leader)
ilelddm3udoyasunsuian Leader algorithm
LfJumﬁmﬂfjm%ayjaﬁmmmL'%auﬁLLUULﬂ'm%u
(Incremental clustering) FeazUszuna Na“t’fa;ga
Lazdfiocuan s Singe pass) bl
sndudosiuuaiurunguliaromi uadedee

Yo93s URedayaagnuianguesniludiuiuann

Y Y

o7

5015 NaUUNIFuFNAU I-Leader Tuniie
wilvdgymidsnaavilvnisdangudeyaiininy

WUCANEITU
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P~ a a a % |
A15799 2.1 9URYNLNYIVY (F1D)

Y

1IN398

[

a1szdeey

o

2020

Fan C., Sun Y., Xiao F., Ma

J., Lee D., Wang J.
Tseng Y. [39]

and

TuuneanudlaundusnisnaassneInNsainig by
(% @ 1 d' M vYa gj
NAI9UVD991ANS Laaduaraisnnf bl laRnsa

sruuasviakazduiinmslindunwinlviiveya

'
raa g

veInnell warenmsinundsyuunsiad

LLazﬁuﬁﬂmﬂéﬁwé’qmmmﬁﬁa;ﬂaﬁﬂ’uﬁﬂagjlﬂu
Punlidinn InguuImensyimsiseuihuuae
Towluniadeildidu Transferring parameter &4
92138011 Network-based transfer @l¢a1ulu
dosdnvazie 1) MWluwmadilnasuan Source
domain & wf ulumadifinanedu (Multi-layer)
Tnelimmnsfimestuduusny acivhuiidus
annfnuanyMy (Feature extraction) Ya190ya
dautugaiisinunnisiinaeunazyy
AT dlnesn1udeyaly Target domain 2) 19
w1s1fiwesvedlunafidnasuann Source
domain tJuA1Sudulunisinaeunas Uiy
AmsInesautalaly Target domain A1AHA
AsnnaeanUIeansdnvaAAuiug

Tnawde ey

ELM L8 4 wwannesemsnei 2.2

NndeyalunIMUMUITINNTIHTRAUEIINT0 INguYeUINIslumsUTuUtleg OS-
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AT 2.2 aguuuImimsuiulsslima OS-ELM

a1y wuImneUFuusales OS-ELM UNANY
1 n1svigaluea (Ensemble model) [19], [21], [37]
2 miﬂ%“uﬂqqms?lﬂaauﬁméfu (Initial training)
- mMssspuiiuvnielau (Transfer leaming) [20], [31], [34], [35], [39]
- N15%1 Fully Online [24]
3 nsanaAManyy (Feature extraction)
- M REdnluii (Autoencoder) [22], [27], [28], [33]
- Mt deyadunaruilaitunesiua (Kernel) [25]
- MswUsngudeya (Clustering) [23], [32], [38]
4 n1suFulendusiunu (Cost function)
- n15l4 Forgetting factor (301, [36]
- 144uneus M-estimator [26]
- msUulealmduuudeudn Recurrent) [29]

st 4 dedheiusliusuusddaaa 0S-ELM dionensailnanliihszesduiy
fussduiidosnamiateod

1) msviyaluina (Ensemble model) 9saigandarnna1nIN1sLdlunalieuLAdLAe1
Tunennsal lnsazdesditunouisifieussananatsyaninlunausagdlvidud meinsaisumes
Tunafeduneuttitaedosanndouiuuuiniuld waensliluaanarsilunisensaiors
Wumsiiwszeznailunisussnanadeenviiligaiiuves OS-ELM meld

2) mMaFeufuuudieleu (Transfer Leaming) azidusvelvinnsldnulumanensallvan
i danuagmninndsiu iesngléemnlisuiufesidoyalnanlviivesaniudidug lne

luwavzgnilinaeuiianu (Pre-trained) Aledayadunaaenuneugnanndlday uigldaudas

dendeyameimunaslnaidusiunsldnuasinsldnuiaslinag
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3) n13%1 Fully online tnen1siinuaasuduvemisfimesursdndugudinlila
FnJusasiinsilnasuisuay ilvasusuyihnulinasnianuianainlun1sneinsalgaunn

Tngangdayadaududeusin

N

4) n1sisadalud@ (Autoencoder) Lusgelunisainrudnuuzvesde
extraction) Lagtiinduiuduliiulunalunisuszananavesyadeazlinadnsa

Ansidlwesvadlung ELM wuuund wazvinlilumaaiunsanensaldeyaiilanuduiusiuwuy

Y £

Lidudadulafvu Inedsnsdhsiadnlulifdsesaunsaseuiivuivaula

5) Msindeyadunaruilaiduinesiua (Kemel function) ag3iganili (Dimension) ves

v [ YY)

oyadunmililinnaawnsaUssinanadeyaldiet Insenizdeyaiifemuduiusuoulidy
ey

6) m3dangudeya (Clustering) 1A Adesllunsinzsideyaiionguiuunasdn
ngudeyaiifsuuvumioutu TnstunewismsinndudoyatannmiFouduoudiautuld (5], (4],
[20] B 9019l Tushafnaudnyuzvosteya (Feature extraction) Aoutlaudoyal kfuynluina
OS-ELM (OS-ELM Ensemble model) 131311y uLd ana1 (Selection) §94910n15MUNIY
ssanssuislimuunanuiivihnsinuiluealudnugdina1unnin

7) nsldAn Forgetting factor %6&3&11‘131’1&Lmaﬂ%fuﬁ'alﬁt,%asﬁuﬁa@mamﬁamﬂaﬁamaﬂ%’a;ﬂa
finsiasuuas Fannsidendmsfime svdeileiduildusummisiivesfinaimnyiegislsl
WALz danon1Aukiuglun1INneInalag1 N

8) Msldtuneuds M-estimator 1fun1sU3usisnsdumarmisiinesvedluealid
MUY (Robustness) sietayafilliiisund (Outlier data)

9) nsusuluwaliiilassasradu Recurrent Wunisundayannnisnensalluse uiiuen

ndudhunludune Feeliluwaaunseandnguuuuvesdoyalalugisiaeniuiuiu
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UNN 3

A5Aduns

Aufinusduiausdsnisusuusaduwa Online Sequential Extreme Learning Machine
(OS-ELM) Triianuusiugrunnulunisnen salivianlaglduuimidunisusul e 4 wumndeila
Unaweluuni 2 FeamnsnasunminweinImeasdlanansned 3.1 Al

a v

A15199 3.1 AINSILVBIN TNABIUNUIF T

WWININTUSUUTS Wtenin1sveaes

nsvinleaYn

Wisumeuanuwiuglunsnensallvanvadlunagaiulunalie,
(Ensemble Model)

(% ]

n1sUFudsInsHinaey  msUuuUNvINgANYesdy A IUTUNIULUUEN (random noise) L1y

g 7] q

SuAY (Initial training)  Tunismsdaasizideyasiegaiernasususuliiulung OS-ELM

nsafaAMan v naaealdisuunguiayaduns (Clustering) ualdiloyadunnusay
(Feature  extraction) ngululsilaina OS-ELM Tignilnaeulyiwennsaiiansoyanguiiug
YDIUBYADTUNG

nsUSulendusunu

l¥maSeugruudeyayniiiu (Re-learning) Liielvluina OS-ELM Uy
(Cost function) vesn1s N0
. Lihuteyalvalafgedy
Anaouluiag

¥

lnedayadiegranlylunisnaaesiiiyedn Hourly Energy Consumption 311

www.kagele.com [40] Fadudeyanislélnisediluslutiniougainu we. 2547 fs nsngiau

w.A. 2561 vesignevieilany Tuoonandgowin 7l PIM Interconnection LLC Ougliusnisds
fdﬁ&JWﬁNﬂﬁLV\lﬁﬂﬁQﬁmﬂ (Regional Transmission Operator, RTO) A4N&12 Imalu%ayjaﬁaasmﬁ
fyatoyagesey 10 4a JauvsmmuTsnasuliinludmnelsituglélnde AEP, COMD, DAYTON,
DEOK, DOM, DUQ, EKPC, FE, NI kag PIM lag PIM Lﬁusﬁagamﬂ‘zﬂw%ﬁwﬁu’wmﬁuaq PJM

Interconnection LLC



Legend

ZONE

[l Avlegheny Power Systams (AP) B £st Hentucky Power Cooperative (EKPC)

Bl American Electric Power (AEF) [ Jersey Central Power & Light JCP&L)

[E] American Transmnission Systems, inc. (ATSI) | /[l Met-Ed (METED)

B Atantic Gty Beciric Co. (AE) [*] Ohis Vailey Electric Corp. (OVEC)

[[] Battimare Gas and Blectric Co. (BGE) W PPL Bectric Utiities (PPL)

B Commonweatth Edrson Company (ComéEd) Il 70 Energy Co. (PECO)

1 Dayton Power & Light €5, (DAY) {71 Pennsytvania Elsctric Co. (PENELEC)
=l (Ml Domanva Power & Lght Ca. (DPAL) Potomac Electric Power Co. (PEPCO)

Il Desninion (Dominion) B psec ipsec)

B Duie Energy Ohio and Kentucky Corp. (DEORK) [} Rockiand Electnic Ca: (RECO)

B Cucuesne Light Co (DLCT)

Y w
UM 3.1 fiuilviuinisdeanendsanluihaues PIM Interconnection

fian; https://www.pjm.com/library/~/media/about-pjm/pjm-zones.ashx

Y <

nsnensalluanianuatusuddeiidunisneinsallvanvilsdalusinlulneldtoyaduns
Wumslaluilmedalusneunihfsznensalidunai 24 9alus dadulunaynslunimeassasd
lassainanuu 24 Buwe 1 10dne tnedeyadunniasniun1suseiianaaiawii (Pre-processing)
Y] a I3 pREY] ' Y] . Y]
AeENN1SA 3.1 Lazta1dnANlANlAAIENIUNTUTELIARAN1EVHS (Post-processing) AIANNTS
71 3.2 FsliduAmensallnanlnil dayafivhaunldlnaeunaznagaunisveslumaraudiaiing

TrefuazgniniseazwiingulnidumdunauazAndmane (Target) InaandivunefeAnisld
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I luudazdluasuasuadalue 25 wagaArdunnvosuiagidmunefedinislalnihsedalug

AountnATuunsdual 24 ARauandlugui 3.2

‘xl' scaled — al s [ :15 29' --24 (31)
- max(x;,--,X,,)

1
+ scaled Ao ﬂ'ﬁuwmﬁmumi Pre-processing La"
X fio Avdunmanateyaiidlinunng Pre-processing
Vi =N et maX(xla' : 'x24) (3.2)
g
Vi scated A m,mG‘lwmmﬂimmaﬁﬁﬂﬁﬁmms Post-processing
v, A Ae1ANAINTAUAS

1NAUNTTN 3.1 Uag 3.2 mAlduTundeyadunandeuiilunauaziondnnfie anuian
Lunafedueiudildunefasianvesdeyadunmva 24 AdsluniiaziEenii scale value lagvi
NSAUIUNTURBY Pre-processing kazilulduiituneu Pre-processing Wag Post-processing

VBIUFRZYARIBE N AAgUN 3.3
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15t sample

1 27d sample

2 2 3" sample
3
4

(2]

[ ]

°

® oeeo
nput
target |25| |26| |27| (XX

input
1 » on » . on
2 14 Forecasting =
> @ > » | output
o model y
| - & —
S
b 5_ 4 to be 49.»'
o :
2 L experimented 06_’

scale value

©

JUT 3.3 suvuvesdunakaziownadmiulinaniefluenuidel

nsasaluiaaienginsallvanuaznisnaaewing lunuidelgnide uiulagldntwiln
nounestu 3.8 lngldlusunsu Spyder iuaninuindenluniswauiuuuidnaia (Integrated
Development Environment: IDE) TagyinauuuLAIasasuiasndnuisdszuiananals Intel

Core i5 weAUTwun 8 Anglud vuszuuUfusns Windows 11
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3.1 A1sUSuUTsluna OS-ELM dagmavinlunayn (Ensemble Model)

Tunaya (Ensemble Model) lumadiamsifinanuusiuglunsneinsallsiulunans
Foufvenndos Inglilupavanefvhouswiuddnnamarioradulinasiafelfuniess
yiafufld uarluaamardarldsunsiinaousedoyafossiunnsmatuiiol faewnnvous
aglumalinunainuany ALeMNAgATevedlilaagAinaINN1su e IANRTe dLAazluAa I
Uismama?{fqmﬂ%i%msgﬁwﬁmauﬁaﬂmj (majority voting) Tunselvain1937uunUszLay
(Classification) wiesnitiedaesveanluiaa Tunsivesn1siiasizinisanney (Regression) dsdiae
waliomaruveslinayafimausiudmnniluaafen

wiluaAdeiiunisinwmensallvandaeluea 0S-ELM fivhauuuuBsudifutu 3
foyadotreildlunistinasulunarzneesduiniay 1 o dedumnldlunayalunis
nensallumagesynialuluinayaazligninaeuseteyayaiedfudseradmaliendnnves
lumadesudassaliiinnumainuaigauiibianuuwdugilunisneinsaivedunaynoiaagly
uanenannlaaaiieaunin dunismmasduideiiaiihmneitennaeuimsldluinayaly
nsnennsallvanuuuideudiuudiatudelineg OS-ELM agiimuudugunnninsldlunaiien
0S-ELM a8y dnnulumadeslulunayeilivsnzaunisiidnnuils

Asnaassluiadeildlina OS-ELM (Huliaaifsafidsuiu 24 Imuﬂiu%uauwm, 50
Tnunludugounas 1 Inuslusuednedsgud 3.4 dulinamnazldluing OS-ELM fifllassaihg
mileulunaifeafaiindnanudrdwau n fanvhnuswfulnglunslidmensalvesinayaas
TinsihAnewimavedumadesiia n fumAtadefisuil 35 slunisvnassiasnnassie n

MmmnzaulaeiasannANukiuglunsnensalvanuaz i fldlunsmuanae g
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tt hour
(t-1) t hour

(t+1)t hour

(t-23) th hour

5UN 3.4 lassadsvedunaiie OS-ELM ldluniswensadlnan

OS-ELM #1

t t hour
o
° (t+1)t hour
. > 4 Average ———»
°
(t-23) hour OS-ELM #n

UM 3.5 lassaisvedanayn OS-ELM #ildlun1sneinsallvan

3.2 n1sUFudsalung OS-ELM Faensufuugsmsiindauisudy (Initial Training)
fafingnidluuni 2 luna OS-ELM fiasnisdeyasiegaiievinisiinaeuisudunoud
Tumaazannsndoudifniuandeyametismifisudan lnednnuresdeyasognaiilidms
AnaeuBuduiozdeiilisnindaulnusludugouvesiung OS-ELM [15] wagsuaulvuslutu
Fauvedliing OS-ELM dwwananinuuduglunisneinsaiveddiing naniAeninlanaisnuiy

nualudugeunntulunafiasduwiliuniazneinsalldudugu [15] arnmguadiiuyinli
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amnsanaalddn sndesnislilumadianuusiugrluniswensainndudndursdeaddaya
fegeilldfnaeuFudumniu wifvanumsaifiliamisondoyaitedsiivanzauuas
disanaieuldfinaeuSuduldituliee 0S-ELM 16 1wy Tuiuiiilinedinnstufindeyanisls
wdanuldh, fudiinisveowalndidllng vioeiasadddu dadudesiialunisldanu

Tuma OS-ELM Tumswensailvian

v =

wisnAdymidenaninidedsladniansisnsnne wunsseuiwuuaglou (Transfer

v I

Learning) [20] &sldvayafiag19aainuvasduninasuisusuliluna OS-ELM usn1sidontaya

Y

a v A

Budunfdnvazmilouivyaiazldnudaiudemen dnidovrsiuladuaueluna Fully
Online Sequential Extreme Learning Machine (FOS-ELM) [24] Faiun1sU5uluina OS-ELM

Tnevhlilidndusedddeyadegnsdmsusouiisuiu wilumanmnanddimanuianaialunis

ISP

wennsalgdlurnsudutenmaieludinsuaualiouiunslddeyadiegmladunnuas

Wneuihiugudunldinasu

1% 1%
v v L% Y o a

aeduuIde i ladnauednisuildunisldanuluma Os-ELM lnglidesdnmdoya

' !
a ¥ =

fhoglunsiinaoudusiu S63fasdiauedlidfunuifnunannisadadeyafediuaiu (Data
Augmentation) Tun1sinaeuluinalseusidedn (Deep Learning Model) lngns3udayadiagis
1NNTNUITIN 1 Yaudldardyarnsuniukuudn (Random Noise) uanidlufudoya
fhegsdinanuftediuiuudeyameendlitiinnweriosldinaouSuiililuea OS-ELM dumey

AINAILANINIENINY (Flowchart) 95U 3.6

Y
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9
L]

U

=
7

data = 1™ sample received

dim = dimension of data

N = number of sample required

R(x) = probability distribution function for generate noise
NL = noise level (between 0-1)

yes

;

Arrange syn_sample as input
and target

yes

rand[i] = Random number between 0-1 from R(x)

v

syn_sample[n][i] = data[i] + rand[i]*NL*datali]

v

=i+l

n=n+l

3.6 Hanuvamsaiteyafmegsdmiuinasuisuaulaling OS-ELM
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nsasedayaiiegmuianuluzun 3.6 a1unsaesunglacisl

=3)

o Sudeyasiegnnaniunisalaiediuig 1 degne (eAndunauwazAiiving), Mvuad

vaatoyafiogradalunil

WU 25 Bune 24 Aazidivung 1 A1), Mvuadiuiudeya
fhegaiide in1stedesnnisenihfusiaulnualududeunedung OSELM dsludl
@onilu 50 Meeis, AMmuailenduuantasmiuuiagidu (Probability density function,
R() Filddmsuasremdyainsuni, fmuaseiuresdyaimsunmuiiagldau @
5¥13149 0-1)

o Juguiieatdeyafoimurinedfigomnisuazaaus wuidesnis log

® duendya s uNIUNTVUINTENIN O-1

A [y

o afeyaiiedausazifvesudazdiegtlay tAdyainsuniungulanuiveuin
dyaausuniuifesnisazauiuteyadsuathAmlauandiudeyadsednass
) Y v ) ' Y o @ v a ' A g ue
¢ viwnaeyasiegnasulmdagulndumsunawazadmaneiieldtlinasulineg

OS-ELM sialu

TnglunisveaestiagyinisAnungduuuresiintuwaniasniuiiagu (Probability density
function) wazAsEAUYRIAY A IMTUNIUNMIzENlunTaT ey ateg el dRnaeulumga OS-

ELM weanAauAnnaalunisnensaluan

3.3 n13U3uussluma OS-ELM dasmsannamuanuee (Features Extraction) Yasdayadumnn
luidetiazUse gndlduunfnnisananudnvazuaziunaudoyadung lnluna OS-ELM

wiazfave” SUlnYeu” nsnennsaldeyadunwsassULuUBSen I Template mudlawusnguld

Faluna OS-ELM waingddvziinnuwiugrlunisngnsaltayalunsiay template Nlalseus uay

‘:{I o 1 % o 1 v @ L4 % 1 1 o

Wetluea OS-ELM usaguniianusiuiufszamisaneinsaideyaliognsuiuglunainvans

sUkUY Junewisniausluinveiiedn Similarity Based Ensemble OS-ELM lagmannisvinau

ausaesuelamelnerunsudgui 3.7 wasduneuls (algorithm) Tusun 3.8
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Received data
Similarity Average Forecast value
—_—
Function > OS-ELM 2 Function
* L]
b L]
b L]
e
S |
Update
template

g‘l.l‘l?i 3.7 lmegunsuuanInsyneaILYes Similarity Based Ensemble OS-ELM

'
[y

aguN 3.7 YeyadunanSudinazignilIeuiiguiuisag template lagly Similarity

a [

Function ¥ndayadunsidnuaeaaeny template lalama OS-ELM f%ufinveu template 1A
fardudeyadunndaniiiensinsallneduiulunaivhimaneinsalluuiazadsoineedunnt 1
¢ Fetuamensainnynlneaisgnasiuduneedsiadudmeinsaigafevedunasu B
Tuynseuivhauaziinmsusue template Wleliluimaanunsausumldmudoyadunaiionnting

WasuuUas uagluwa OS-ELM usiagiidaseudiiuduandayamedneisuidiulasn
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Similarity Based Ensemble OS-ELM Algorithm

1 ## Create load profile templates from samples data template ##

2 ## Train each OS-ELM model by each template ##

3 for i in range number-of-template:

a4 templateli] = sample [ i: i + number-of-template]
5 train FOS-ELM[i] by template(i]

6 end for

7 ## Compare incoming data with each template ##

8  ## Use model(s) which high similarity to forecast and update template ##
9 — while receiving data:

10 k=0, max-similar-value=0, max-similar-template=0
11 — for j in range number-of-template:

12 similarity = similarity-function (data, templatelj])
13 — if similarity > threshold:

14 forecast [k] = output-from-FOS-ELMj]

15 if similarity > max-similar-value:

16 max-similar-value = similarity

17 max-similar-template = j

18 end if

19 k = k+1

20 —end if

21 — end for

22 template[max-similar-template] = received data
23 return mean(forecast)

24 L end while

U 3.8 Funouds (Algorithm) @@ Similarity Based Ensemble OS-ELM

a7



(%
[y

Ui 3.8 WudunauiSvesnisvin Similarity Based Ensemble OS-ELM #itniausdeaansa

[

Tuussvindl 3-6 Wunsafedeyalvaniilu Template 1udaunuidldaummin lag

puausiaz Template 9zt lUlnasuluing FOS-ELM uiazdafagyimtiingnsaliile

e

UayadunnianvaglnalAgsiu Template Yo

o A = ° Y v g vy ] =i o i v a
UsIindl 10 WWinsimuaneaulidaul s Naeldenluusiasdeyadunn
ussiiadl 11-12 Junsidiadunaundisuifisududeyaluudas template lngld
similarity-function il W neadY similarity ATA5E7I9 0 89 T 1 anedadunmuas

(9

template wlloufu 100% g similarity-function NlglundAsfedduLsifvatudans

a U ¥ a [y

AUN157 3.3 A1 similarity 3z AnUduRuUsSAUsTY119UuUS AL sEMINNTaNadunnny

Y U 9

template ﬁ’dgﬂ‘ﬁl 3.9

‘data—templateH

similarity = e‘ (3.3)

ussviad 13-14 Junsidenlumadivsnensalaue similarity na1afelumadisuiingeu
template #AA1 similarity 43161 threshold azgnianldnensal lngan threshold i
iz duaufinun Tnamaneaedluiadodifunismen threshold fumngaulunns
T

ussiail 15-18 1Hudum template il similarity ga7ian

UssviATl 22 18uN13USUAT template fifiA7 similarity gefian Tneusuliinduduntug
wieliluinadinsuiusldnuadunslneg 15uidan

ussiiad 23 1Wunslirednpaniinevesnianensaidsaziindudadeveaendnnves

nnlueangnldnensal
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Similarity Function

© =t
0 = N

Similarity
o
o

o o
o N A

0 04 08 12 16 2 24 28 32 36 4 44 48

||data-template||

3UN 3.9 Aruduiusseninam similarity fussesyinassesmauuliniiseninadeyadunniu

template

3.4 n13UTuUgeluaa OS-ELM dinensuFurlantudumu (Cost Function)
Tuwea OS-ELM Tdflsrdusiunudunisauiadnuazipeafumsiugiveisidsaesen

140 (Recursive Least Square) WiakseuihuuNAUAna1Iuabuuni 2 gsluidellagtiaue

[ I

Bnsusulmmsldfandudunudsnanmeliluaaausaneinsallauduguniu laenisvinli

1 ¥ [ !

luwaseudifinduaintdeyalndfsuidianuinnimdenss da58n33anan331nsiseudt (Re-

% ¥

learning) se3Sn1sdenanaiiowinlumalali “iniin” dudeyadiegansudunlviinniuis

'
a o

aunsausuAmniwesvesluaalyiiniuwuiliuve steyalvly 1¥59m1528 v lAnAan
Aeananalunisnensalanadle iwazL%ﬂﬂmaﬁ%miﬁﬂwgﬁmdnmmma%m81é’ﬁqﬁaaﬁu1ugﬂﬁ
3,10 Tnei3u915A1muae re-learn-time Jadusuiuseuily Lma%ﬁ&miq’fﬁmﬂ@m%’ayjmﬁu
ntuluaazsefuadeyafogiinly Ssazdsznoudedoyadunnuazandmnefidomnis

W nsel ks seuiaeuinuiuseunivualy ddluideliagnaasaiieniAiduiuseunisiteus

AN AY
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Set re-learn-time

t

Wait for receive

data-input, target

!
Set r=0 yes

4

r > re-learn-

time

incremental-learn(data-input , tarcet)

r=r+li

]

5U# 3.10 Han15viu (flowchart) 483015917 re-leaming
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U 4

AATITINANITNAFD

TuunTaznaniNanIINAanlazN1TIATITRINANITNAA DI 4 N1TNAADY Lﬁaﬂ%‘u‘ﬂé\‘i

ANuLiuglunsneInsallvanseluwma OS-ELM @9518atd8avadn1snaaadkaasureliluund

[

3 Tnunsveaaaia 4 nanaaesiifell
1) nsvilumaga (Ensemble Model)
2) miﬂ%’uﬂgamiﬂﬂaauﬁuﬁu (Initial Training)
3) nINeINIURINaNYMEYeIlaaduNnn1g3F Similarity Based Ensemble OS-

ELM

4) n1338u3D (Re-Learning)
yadayantilunisvaassde Hourly Energy Consumption 910 www.kaggle.com @slananaliuea

Tuund 3 wuiu lneynisveassasllana OS-ELM vinisnensallnanvasdalusdnlulagly

[

dunnludayalnandounds 24 43109 HANIINARBWALNITIATIHNANITNAGRING 4 N1TNARBT

[

J518azidunmal

4.1 meilunaya (Ensemble Model)

nameapsiidunmaisuidieumsldlaea OS-ELM wuuma (Ensemble OS-ELM) fulauaa
OS-ELM wuuidenlunisneinsailvan Tnslunauvuyalélilumagosduau 5, 10, 50 uag 100
Tuwna o wmaildanudazlinaadesazinnmanadoie Judmeinsaluan doyanlilunis

naaosdugatoyaluaniia 9 wislu Hourly Energy Consumption lneRnaeusudulilunasae

Y |

Tayafiag 50 Yausnveusazynveyakatilinangnsalluansiedalusdiuiy 8,760 Falug

viseAnduan 1 9 WieuSeusLAunAsInensal dyinlilunisussliuaanuianainly

9

nsnennsaife ArfesazAuAmalAfiouduyaliade (Mean Absolute Percentage Error, MAPE)

HIANNIST 4.1 WATNANITNAADINIANTIN 4.1 A9t



MAPE

B actual-forecast

actual

x 100

A15799 4.1 ApnaRananlunsnennsallnanvedunanekazliinayn

MAPE of Load forecasting

Dataset Number of sub-models in ensemble model
Single model

5 10 50 100
AEP 1.39 1.27 1.24 1.24 1.23
COMED 1.23 1.10 1.07 1.06 1.06
DAYTON 1.64 1.56 1.52 1.50 1.50
DEOK 1.38 134 1.31 1.30 1.30
DOM 1.70 1.60 1.58 1.57 1.56
buQ 1.88 1.84 1.8 1.80 1.80
EKPC 2.54 242 2.4 2.38 2.38
FE 151 1.46 1.43 1.42 1.42
NI 161 1.42 1.38 1.37 1.36
Average 1.65 1.56 1.53 1.52 1.51
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Average of MAPE
1.70

1.60 \\

1.50 e

MAPE
|

1.40
1 5 10 50 100

Number of sub-models

UM 4.1 A1 MAPE dglumsnennsalivanvaslimayn

nRan1snaaeItefunulainnisly OS-ELM wuu ensemble @1115aanAuRanantly
manegnsaiadld 5-8% Weifisuiunsld 0S-ELM wuv single model 1ilasaniondnavediiaa
OS-ELM tHunasiududuvosainadnuazivuduiliiiudadu (Linear combination of non-
linear random features) nanafte Wulimaldtuseuiauazaminlutuseussgninuslag
nsduAn druduiendmeldiinaifisatuiunisaanesifadu (Linear Regression) daAthmiiniidy
wnflondmalsiamennsaiuiaeliuiugls uwideldnas lunarhnusutuasdmalieian
Annanavesudarlunataseiuauauusiugilumsnensalgtiuld annsoesuisldfaaunis

doluil

[

Tunsalldluwmalfeiminiswensalluanisaz A siusadl

forecast = true + ¢ (4.2)
lny
forecast Ao Amensal (erFmnaNlLAR)
true Ao Alvanddenlunadesnisnensalligndes
& B AIUEANAIANAINED (residual)
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InendFAinnaInAuie (Residual) Hldsnannduneumstlnasulunameyndaya
Mee1e Feagliviriuguduazasiinisnsgatefiwuuund (Normal distribution) ddulunsalld

Lunayn (ensemble model) AnisnennsallnanusazAazidunadl

- true+¢
forecast = > ——*
=1 R
- &
forecast = true+) = (4.3)
=1 1
lng
n Ao Fulunalulinaye

4:4' ¢ & = a a = ¢
PNAUNITN 4.3 WAU z—” '1/11]’]EJCNﬂ']Lﬂaﬁmaﬂﬂjqﬂmﬂwa’]ﬂﬂﬂLW@@IUT’W?WEJ']ﬂim U
=1 7

ANPINANIENNTNTEAYMILUUUNA (Normal distribution) A9UUANLRASVBIAINUNANAIAAILARDIY
fAnlnaeeaud vilenisnensalvedanayn (ensemble model) auaunisin 4.3 IndiAgsen

239U1NNINAINITNYNNT VDI LU BINNUALNIST 4.2

4.2 msUFuugansEinaouBudy
msmaaqﬁﬂumsﬁﬂmgﬂquﬁmmsamaqé’qmymﬁ‘ummwmjm (Random noise) L4
Lﬁaa%w%’aaﬂa&’aasmﬁm%fu?]ﬂaauimLﬂa 0S-ELM snafildnd niudsluide 3.2 laggUkuuYes
SanasumuivinnsAnunneaesidesUsiiulaun
1) flesidunisnszaneivesanuinezdu (Probability density function) fildlunisasns
FryrynsunIu Fdlunismmassiildnisnsyaesuuuaiiaye (Uniform distribution)
LAEN1INTENSFUUULNIATEU (Gaussian distribution) wazUFuandeauunmIgiu
D 1,05 uag 0.1 faguit 42 TnaidonArvunagegavesdyyiusuniudiilonia
AnTu (noise level) 1 109%
2) vungegavesdyyrasuniudld Tneidenldladdunisnszanefnvuasiane

'
[ =

(Uniform distribution) WagUurvungegauasdayausuniuiiileniainiu (noise

o

level) {Wu 1%, 5%, 10% uay 20% vewdayasssiimnasialudeyalny
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14

Uniform pdf Gaussian pdf
U Mean = 0
' Std. = 0.1
¢ 1 -1 0 1
Gaussian pdf

1 Mean = 0 Gaussian pdf

Std. = 0.5 11 Mean = 0

; S5td. = 1

1 0 1 2 0 2

g‘dﬁ 4.2 Haidun1snseanevasnuitandu (Probability density function) Alunsneaes

nsnaaesisaasiiteliyadeyaiilélunimeasniuyadeyalunaniis 9 widlu Hourly
Energy Consumption Iﬂﬂiﬁiﬁ%mié’qgﬂﬁ 3.6 @319U8yaf9g1991UIU 50 mmﬂﬂaauﬁuéfﬂﬁﬁu
luma OS-ELM LLaBFLMVISJLﬂaVTWmiW&l’Wﬂiﬂﬂﬁﬁmm%ﬁﬂuﬁﬁm%mﬂuL’JmLﬂ&N 72 ‘i'f’ﬂmuﬁa@fmu
wrluglunmswensalifissuagissudurinnusasUSeudisuiumsidluna FOSELM Faduluma
flaisesmsteyaseddlunisiinaouFudu dudfldlunsuss diudmnuRenaialunisweinsal
fio AnYevazAnunaaLAABudIysaliade (Mean Absolute Percentage Error, MAPE) fisaainnsi

4.1 LAYNANISNAADIAINITIN 4.2 way 4.3 A9l
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A131991 4.2 nansneasdldilsidunisnseanemvesa 1zt (Probability density function)

WUURIS9)

MAPE 1iield Probability density function WuuUsinge Tunsasns noise

Dataset Gaussian Gaussian Gaussian
Uniform

with std.=0.1 with std.=0.5 with std.=1
AEP 2.03 1.95 211 244
COMED 1.61 1.47 1.80 2.19
DAYTON 273 2.80 2.65 2.89
DEOK 1.99 1.83 221 252
DOM 1.99 2.07 1.95 236
buQ 253 3.10 244 244
EKPC 3.67 4.37 3.13 293
FE 231 267 2.38 257
NI 1.63 1.70 1.61 1.92
Average 2.28 244 2.25 247

Mnuan1sMaaedhuns1ei 4.2 wuinsdudyansunaulegldilaidunisn s meives
avudnaslu (Probability density function, PDF) wuusmdideu (Gaussian) inas1adeyasiogns
deflnaoudusuliiuliea 0S-ELM agsililannafimnmanaialunmswensalmiign usnisld
PDF Uy Gaussian ﬁ?uﬁau?aaﬂmdaw,ﬁwLuummgm (Standard deviation, std.) gy 3
Tunsvnassinudimndenlda std. wiiu 0.5 aglfemRanaelumsneinsaisiian ua
mnidenldmn std. qqLﬁulﬂﬁaﬁ%ﬁuiﬂﬁ?fﬂumiwmaaq‘f‘jﬁmwhﬁu 1 waz 0.1 MUAIFNUILNUIIAN
auRananlunisneinsalazgety Wosannsléan std. guiuluazilidouadiesndily
AnasusuduiainllandeyativegaunnaulinaliausaiFeusldedisgniosdautlgm
under-fit dauni19idenan std. Andullazilidoyadonildinaouuiuisnvazadiofu
wnnudwalilunaiaam over-fit lunisi3eu3 dun1sly PDF wuy uniform thilrnana
Anmanngeninnisld Gaussian filen std. 0.5 Wsadntiesuazgaiuvesnisld POF wuy uniform

Aoludasnnalunisidenan std. Mranzay
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A13197 4.3 NaN1INAARIUTUIUIAGIEAYRIF A uTUNIU (Noise level) LY

Dataset Method % Noise ~ MAPE Dataset Method % Noise  MAPE
FOS-ELM N/A 2.18 FOS-ELM N/A 3.46

1 2.04 1 3.43

AEP OS-ELM 5 1.95 DUQ OS-ELM 5 2.75
(Proposed) 10 203 (Proposed) 10 2.53

20 2.13 20 2.45

FOS-ELM N/A 1.86 FOS-ELM N/A 4.83

1 1.49 1 3.85

COMED OS-ELM 5 1.48 EKPC OS-ELM 5 3.68
(Proposed) 10 161 (Proposed) 10 3.67

20 1.87 20 3.58

FOS-ELM N/A 2.96 FOS-ELM N/A 2.77

1 2.85 1 2.78

DAYTON OS-ELM 5 2.76 FE OS-ELM 5 2.54
(Proposed) 10 273 (Proposed) 10 2.31

20 2.7 20 2.43

FOS-ELM N/A 2.08 FOS-ELM N/A 1.60

1 1.84 1 1.58

DEOK OS-ELM 5 il /" NI OS-ELM 5 1.56
(Proposed) 10 1.99 (Proposed) 10 1.63

20 2.18 20 1.69

FOS-ELM N/A 243 FOS-ELM N/A 2.69

1 2.08 1 2.44

DOM OS-ELM 5 2.01 Average OS-ELM 5 2.28
(Proposed) 10 1.99 (Proposed) 10 2.28

20 2.06 20 2.34
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PN I o v ¢ o o 1 I3
31n91519% 4.3 nsdudygyrsuniulasldfeaidunisnszanedivesainuinagilu
(Probability density function, PDF) wuuaiiase (Uniform) unasiedeyadieg1aiiainasu
Susulvidulueg OS-ELM lngidenvuingeanvasdyyinsuniu (Noise level) 1% 84 20% ¢

L3

amnufiananalun1snennsaiidnsiiniinislaluna FOSELM dadulumadivhanuldlaglyidodls
Gﬁazﬁaﬁaasmﬁm%fu?lﬂaauL%f'méfu 91MsVAaRINUIE Noise level fivhldarmiuRanainluns
wensalidigafo 5% uaz 10% Fen1sidena Noise level fnniiuluagilidoyadaegiafled
dnvagadneiuviililaunaiiatym over-fit uagnnidensn Nosie level figaduluagyiliteya
ﬁaaéwaﬁlﬁﬁmiﬂmﬂﬁayjaLauasmmﬂ%uiumals,jmmsm%'auiléfa&mgﬂﬁaq
1nNan1sAaesusUiuuvesilindunisnszatedivesniuytazdu (Probability
density function, PDF) ﬁi%a%w%’aga@'f’;asmﬁw%fu?lﬂaauﬁuéfu welumedl 4.2 uaz 4.3 wuin
nsldteyasiegsduaszidianaiuiianainlunisneinsallauinnd 10% Glefieufumsld
Tuina FOS-ELM wagnuinsld PDF wuuimdideu (Gaussian) Mfledudsauusnnsgiusidtu
0.5 lsfrauRanainlunisneinsalsiign sesasnienisidonls POF wuuasiiase (uniform) 7
Hyungegaveddy grsuniu (Noise level) 5% -10% Fefldnnrudanatnluniswensalld
uansafuanntin snadanateyalunanisnaassazwumsidentd POF wuvasiiawe (uniform) 9
a1115aU5uA noise level landtdlagdinansenusoaianuudugilunisnesnalliunn wsenann
154101514 PDF wuvasa@ue (uniform) azfimaiumuniu (Robust) sen1suiuamasfines

1NAINISEY PDF WUUMNALReY (Gaussian)
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e
.
= Real data
"o
1] £ 1 » -] E ]

" "
L) L 1.1
:: . :: Gaussian pdf
s Uniform pdf e o

L] L = ¥ ] L L] » 1 =
1. W i
- "
- o
:: Gaussian pdf a1 Gaussian pdf
! Std. = 0.5 ¥ Std. =1

» 3 » = = 1 ' 0 n )

3UN 4.3 Load profile iasstwiieldidudeyashegisehniuiinaeutusiu

use Gaussian noise with std=0.1

use Gaussian noise with std=0.5

A o actual
16000 ot 41 r_\_;_‘\_w_;' —— forecast
. j {
e {
- A\ \
R M WA &) PN T s 5
hour hour
use Gaussian noise with std=1 use Uniform noise
e PP AN BNV —= ST/ WA -
=1 (AN S ) P A
] |\ Fr
w1\ Y o) /
J i
e N T TR B % & % & %
hour hour

JUN 4.4 Aaswazamensallvantunsainldilesidunisnszaeivesemnuiiazduiuusiig

af1ateyafiogng
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4.3 A1sWEINIAlMUANBUEVRItaRABUNARI8TS Similarity Based Ensemble OS-ELM

1%
=

nsneaesiilunsAnyinisyinnuresdanesiu Similarity Based Ensemble OS-ELM i
Igiauelilurded 3.3 Fudunsléluna 0S-ELM natelunaudanindfusuinveu Tnsusay
TumavziuiinveuomzgUiuuBunaisiiienit Template ity dleldsudunminindane’
fiuazyinisiuieuiieuanunadie (Similarity) fu Template NNAILaENIN Template Tadladu
AdBR1NNI Threshold Aifwunly Sane3fiufagdedunaliluwaiisuiiaveu Template Suvi
nswensnsniAuazdsus ity

yatoyanlilunisnaassliioyntoyaa 9 4alu Hourly Energy Consumption dslvigana

v
[

U
AN ASNENNTAIlan eI U AT e US

Y

(9

Wnduiudeyarisdu 8,760 Teyanseradussuzim
1 U lnedanesnuagldluna OS-LEM 913y 50 fasuiiageu 50 Template u1a1ndoyaniaeng

50 s1gn1susnlundazyndeyauaznaasalssuisuaiauianaintun1sneinsallaeld

'
=Y

Threshold 0, 0.2, 0.4 kay 0.8 LWafAnw1ILLI L TUYBINIStaantgA Threshold Mmuzaulunns

' '
a o o a

wensallvandiedanesiufiiiaue nansnaassfimned 4.4

T OS-ELM sts 50 dadildluntsnaaesi lanunnsinaeusudu (nitial training) §ne
TRHG) MegheTiduaszitunmidsmsiinausluide 3.2 Tael¥danasunidiguanilaidunis
N5¥3918M2909A1NU19L U (Probability Density Function: PDF) wuvas s (Uniform) wae

AVUATUINEIAR vBddaIsUNIUNoise Level) 1391 10%
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A157971 4.4 nan13naaeanisld Similarity Based Ensemble OS-ELM iewennsalivian

MAPE for each Threshold value

Dataset

0 0.2 0.4 0.6 0.8

AEP 1.2 124 1.23 1.27 1.36
COMED 1.09 1.07 1.09 1.10 1.20
DAYTON 1.49 1.5 1.47 1.52 1.56
DEOK 1.34 135 1.34 1.35 1.36
DOM 1.56 1.57 1.58 1.58 1.62
buUQ 1.90 1.89 1.88 1.89 1.87
EKPC 243 242 2.42 245 2.25
FE 1.44 1.44 1.43 1.45 1.49
NI 1.39 1.40 1.39 1.42 1.52
Average 1.54 1.54 1.54 1.56 1.61

nWan1TMaasdlunIs1ai 44 azwuitnisidenldan Threshold Windv 0, 0.2, 0.4 uag
0.6 aghirmauianaintuniswensalliunnenaiu diunisidantden Threshold v 0.8 9y
T wRana1alunisnensalganinnisldamdu uaznisifiudn Threshold Suualifuiidimm
ﬁmwmmiumiwmﬂsiﬁgqmﬂ%u mmqlﬁawm‘?‘im Threshold g4 fuaziiduaulieg OS-ELM
fignidenuldlumnennsalifusinutesddluuseiienlfudlumaieilummensalnanyii
TiiAnawianaslunmsnensaigsianldesurgliluide .1

n1sidenldan Threshold Wiy 0 lunisnaaesiifiaarumuneirfunislélunands
(ensemble model) 7iflduaulinaagos 50 Fafuyndeyadusn F99INNANTNARDITLNUIINS
T48ane37iu Similarity Based Ensemble OS-ELM Tsananuuduglunsnennsallaunnsisain
138 Taangy winasliluwanduldléfosiuaman Simiarity fadunsldonlunanguis

WANNZANNINNIT
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b4

4.4 n13138u3%1 (Re-learning)

v

aa a

Tuidetilunsmegeuisnisisoustilaesuisliluiaden 3.4 adunsuivisiseus

vosluaa OS-ELM laglilaaayin1siseuiliiudu (Incremental learing) ¥1fideyayaifiaminnia

(%
[ g

1 A543 lnen1svaaesiilaldyadoyais 9 galu Hourly Energy Consumption Tiganasnuvinns

Y

'
Y a [ v

wensalluansedilunaziseudiiivduiuieyasdu 8,760 Toyavsednlussesiat 1 U lag
WiguiguauRanaialunisnensallvanie l491uiuasivean1siieusan (Re-learning) Aaus

1%
a Y 1 voa

0-10 A4 lpgM3i3euse 0 asamanefanishifeaseuignandeyayamy (Seuduansaaudlines
= v 2 o a d g2 v
Feuien) Fadunisvinulagunivedluna OS-ELM luina OS-ELM Aldlunsvaassiilunisly
lumayn (Ensemble model) Musnauaslunageg 1wl 10 lunauavinaeuisuduy (Initial
training) Mevayafieg1andunseidun1uisnisniausluinve 3.2 lnelddygrusuniundy
nieaddun1snsranesivesaImtazidu (Probability Density Function: PDF) wuugsiniawe
(Uniform) uagritnunvuingeaneddyayinsuniu(Noise Level) L3 10% wan1svnasadus

AN5199 4.5

1%
2 o

A15197 4.5 HamInaaen1sliIzSeust (Re-learning) fuluiaa OS-ELM iangnsallvan

MAPE for each re-learning times
Dataset

0 1 2 3 4 5 6 7 8 9 10

AEP 124 119 117 115 114 114 114 114 114 114 114

COMED 1.0r  1.03 1.01 1.01 1 0.9 0.9 0.9 0.9 0.9 0.9

DAYTON 1.52 147 146 144 141 141 1.4 14 141 141 141

DEOK 131 127 125 123 121 121 1.2 1.2 1.2 1.2 1.2

DOM 1.58 155 1.1 1.5 148 148 148 148 148 148 148
buQ 1.8 175 173 172 1.7 1.7 1.6 1.6 1.6 1.6 1.6
EKPC 24 235 234 232 23 23 2.2 2.2 2.2 2.2 22
FE 143 139 137 135 133 133 133 133 133 133 133
NI 138 135 132 1.3 128 128 128 128 128 128 128

Average 153 148 146 145 143 142 139 139 139 139 139
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MAPE for each re-learning times
1.55
g
1.50 %
—_ ‘\'\._
Q‘\u -\"-"\
§ 1.45 Mh‘\'“‘m,
~_
= ~—_ _—
1.40
1.35
0 1 2 $00d 5 6 7 8 9 10
Re-learning times

v
2 o

UM 4.5 A1 MAPE Wdgvesnisnennsallvanilalddiuuaselunsieuigiie

1%

NKRANTITNARBIUAITIN 45 Uaggui 45 e nuinsldisiseuien (Re-learing)

Y

A111508AANANNRANAIALUNISNENNSAlnanvedluAe OS-ELM adld 3-9% wlaisuniuluina

1%
¥

OS-ELM #laifinsiseuien (nenisiseuian 0 asslumanaaesnedisliinisieusan) Sefents

a o

Tdauliea OS-ELM wuuuni uaziiewiiudiuiuasalunisteuignsilidnnuianainlunis

wensalanawing JanisiiudiuiuasilunisSeuddasidumiounsiiuduiutoyaynaiantn

Y 9

' [
=

Tuwalaiseus viadunsindminlunisSeusliiudeyagaman Felunaziseusinudulagli

mud Ay futeyageaianunnIveyaivdwalilinaa s sau Tudnumsidsuuladves

Y 9 3

Toyavseaniun1sallafdy uiviniiedunasweinsissuidnafiullirulunismaaesiinui

1%
Y o

WMNSEUITININNTT 4 ATaArANRAnawlun1sneInsalazlianauan Wesnlueaiiadym

over-fitting Aieyaaanuniiuly
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UNN 5

AsUunauazUalauatuY

5.1 d@3Una

NUUINNNITUTUUTILAR OS-ELM N3 4 winn1eiiiausluuni 3 waghan1svna s

[

4 uwwmnniiaweluuni 4 anusaagulanad

o nisldluwaya (Ensemble Model) ¥8¢ OS-ELM igannubianainlunisneinsadlvan
161 5-8% Wloifieufunisléluma OSELM wuuien Waanainmuiawaisluniswensal
Tnanveslunad saurazia 13 ofieninnuRanaiafinunde (residual error) 98¥nnS
vh&afueusilimnensaldilndaesannd sty

0 nsUfuUsImsinaouEugu (nitial training) Tnsnslideyaasaiivsyaiienainaga

Jayamediiiduiuiisanenaginaeulsudu nMsasnsdeyasiegatiavideyasian

[ |

VNN LA IUTUNIULLUEN wudnnslddeyadunsievlunisinasuisunuazyae

I Ag ) q

anA1AMNURAnaInlunlsnensalluasuduaalauInnIn 10% watdSeuisuiunisid

[

luna OS-ELM Inemsnaaesiidlafdnusuwuuvesdygiusuniuiviganlunisldau

Feannsnaasanun nslddyarasunuiduanileiduianuasmuinanlusuuind

% I

Weu(Gaussian) Masiagadeyaiiegiuietinasuisusulviulinassvilvluwmaanunse

Y

wensallvanlaeiiaAnuiana1i1ige uinesiinisidenAtdiuieduunInsgIuYes

HeiduindifiewGaussian) mnzandslunismaasswuiien 0.5 Wuaimunzauiig

v % 1

drunsliileidunanuasmiuiazidunuvadiaus (Uniform) adagadeyadiag1aiie

Y

?JﬂaauL%T'méfuiﬁﬁuimma%ﬁﬂﬁlumammmwEﬂﬂiiﬁﬁﬁ@l@&Jiﬂ'ﬂmmﬁmwmmqaﬂdwms
1F#lafFuLndi@eu (Gaussian) Wigaldnios win15USuAMNTHmesvasilaidunanuas
mmmamﬁuLLwaﬁWLauas‘?}ﬂuﬁﬁﬁammmaaé’igﬁywmumu (Noise level) dswananiny
wiluglunisnensaidesun dso1ananlasnnsldilsidunanuasnruuiazdunuy

adwae (Uniform) aseyateyadiogs awvlilumaiininunumiu (Robust) 11003013



T ilaidundideu wazfiaruuduguandetulinidenintiwesirdyyiasuniu
nhandnilideyaedraildnszanefnnnindmwalwanaiindaymn Over-fitting o
N
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Abstract— At pr hine K techniques s
ﬁq-ﬂ,lﬂhnmﬂ-m-m
from emormouws collected data. Traditional machine learning iy
performed batch learning like a popular one, Artificial Neural
Network (ANN). That meam it can’t integrate new information
inte already trained model but it is retrained from scratch
Ounline Sequential Exvtreme Learning Machine (OSELM) is 2 one
of online incremental machine lcarning techniques that can learn
and update moddl from mew receive data without to retrain the
model. This paper shows the result of experiment
between ANN and OS-ELM and found that, the OS-ELM bhas

ptable perf in situation of few (nitial data for
training and/or statistic propertics of data is changing while it
working.

.l' '} B A

m dpwmm

ol learming, extreme learming

L INTRODUCTION

According 10 the growth of Iaternet of Things (loT)
technology and [rgital Economy, we have énormous dats
increasing daily, There is an srticle said 0075 of all the data in
the world has been generated over the Jast two yeas™ [1].
Machine Leaming is commonly wsed o extract useful
information from collected data and/os predict some interested
information. Artificial Neural Network (ANN) 1 a populsr
machine leamning model bocause it is easy to umplement and 1t
can good repeesent the nonlinear relationship between data.
But for update model, the traditional ANN can’t integrate hew
nformation into already trammed model but it instead retrained
mmﬁdfmm&[t]%u@duumn&lm
consuming, then the model which can perfs
&wmﬂ@aum&mhﬁup\n&kﬂm
incremental machine Jeaming is the algorithm for update the
model by learning from new receive data without forgetting
past data and not to retrun the model from scratch. Online
incremental machine learning is enable the devices 1o adapt 10
mdividual user and eavironment especially in sman home
system [2.3]. There are many algonithms developed for online
incremental machine leaming e.g. Incremental Support Vector
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Machine [4], Online Random Forest [5]. Leam++ [6].
Gmomwmmmmw Extreme
papers present the performance
evalustion of OS-ELM but almost of them focus on
classification problem [89.11,15]. Then this paper wall focus
on performance evaluation of OS-ELM in regression problem.
in this paper are for compare the accuracy of
prediction between ANN and OS-ELM when following
situaliong occur 1) device s mstalled 1o new sile or assigned to
work with pew tagk with have only few initial data to tramning
and ket OSELM learn from receive data while working and 2)
there are some changing in data ¢.g. user behavior is changing
and/or working éenviromiment is changing how the OSELM can
adapt itsell w that change. We simulate that change by change
the statistic properties of data.

This paper is organuzed as follow. Section Il gives some
review of ELM and OS-ELM. Section Il present the
regression experiment and resull comparison between ANN
and OS-ELM in situation of few mitial data for training the
mode! and statishic propertics of data is changing. And section
IV 15 conclusion and future work.

Il. RELATED WORKS

A. Extreme Learning Machine (ELM)

ELM was proposed by Guang-Bin Huang [9]. The main
advantage of FIM is training speed. it extreme faster than
conventional ANN because it does not implement the slow
gradient-based leaming algorithms. ELM is a leaming
algonthm for single hidden layer feed-forward neural network
which weights and bias values connecting between mput layer
and hidden layer are randomly generated and fixed. The
weights connecting between hidden layer and output layer can
be computed dircctly, then leaming process s extremely fast
The structure and detail of ELM can describe as follow.



Fig. 1. Structurc of ELM

For K training samples (x,,),) where x, € R™ and y, €
R™ the model have L hidden nodes relation between x; and y;
<an be expressed as follow.

% =XL . BG(a,-x,+b,). j=12 K )

where fi; € R™ is the weight connection between hadden layer
and output layer, @, € R® and b, € R arc weight and bias
connection between imput layer and hidden hayer, andG: R —
R is activation function i hidden layer. Equation | can be
simphifying as.

Y=Hp @)

IG("lxl +by) o Glagx +
! % 1

Glayxa +by) = Glagxs +

'3

H is called the hidden layer output matrix of ncural petwork
[9]. In the ELM a,, b, is randomly generated and fixed then 2
is fixed, that mean we can traim the acwral nctwark by
calculate the ff that satisfy (2). If H is square matnix {oumber
of training samples oqual to number of bidden podes) then
weight § can be calculated as.

g=H"'Y 3

In case the number of traning samples is greater
than the number of node in hidden layer, then weight § can
not be calculated as in (3). In this case the weight § can be
calculated by using Moore-Penrose gencralized inverse [10] as
follow.

I

B=HY

where H' = (HTH)'HT ()

Although ELM uses randomly gencrated weights, it sull
nctworks [11, 12, 13, 14].

B. Online Sequential Extreme Learning Mochine (OS-ELM)

ELM have fast learning speed and casy to implement. then
it has a potential for online incremental learning application.
Online Sequential Extreme Leaming Machine (OS-ELM) was
also proposed by Guang-Bin Huang [15]. OS-ELM is an ELM
which able to learn incremental data online onc-by-onc or
chunk-by-chunk by applying recursive least squares method
[16] w© ELM. OS-ELM algorithms consist of two phases:
boosting phase and scquential learning phase as follow.

Phase 1, boosting phase is a phase for training OS-ELM with
imstial data It's start with random gencrate weight and bias
matrix H wn (2). Equation (3) or (4) used to calculate mitial
weight f.

Phase 2. sequential learning phase s phase for mcremental
leammg from cach funther comng data. Supposc now we are
given another data (x,, ) where j = K + LK + 2. do

) calculsie the hidden layer output matnx for new coming
data M.y

b) calculste latest weight Sixes) based on recursive least
square algorithm as follow.

B iny =B My e VEa = HELB)
where My, = M - ol 2L (T

"z. P MNg.y

mdM = (HTH)* )

From (5) we can see flg, ) is a function of fi that mean OS.

ELM can learn now data wathout complete forgetting previous
lcarned data

ML EXPERIMENT AND RESULT

We sctup expers for companson study between ANN
and OS-ELM in regression problem with two sstuations 1) few
iniial data for training, and 1) statistic properties of data is
changing. In this experiment sci-kit leam on pythonl.6.7 is
used a5 tool 1o create ANN and OS-ELM model a5 describe
above. The software is run on Linux Ubuntu 18.01.1 LTS with
memory 4GB and Intel core 13 2.7GHz CPU, dewal in
experimentation and results as follow.




A. Few initial data for training

We use well know dataset, “Diabetes™ from scikit-leam tool.
The datasct has 442 samples which target valuc is blood
sugar’s level and 10 dimension of features. We choose only 3
features age, BMI and blood’s pressurc to make a blood
sugar’s level prediction. We compare 3 types of model 1)
ANN which trained by 5 samples, 2) OS-ELM which mmnal
trained by 5 samples and incremental trained by one by one
sample while prediction and, 3) ANN which trained by whole
samples in data set. All models have similar structure with |
hidden layer 5 hidden node, sigmoid function is used as
activation function and in output layer identity function is used
as activation function. Mcan Absolute Percentage Error
(MAPE) is used as a performance metrics and results as shown
in table 1 and figure 2.

TABLE |, RESULT OF PREDICTION WITH FEW INITIAL DATA FOR TRAINING

Model/l |ANNwmamedby 5| OS-ELM ANN rrained by
MAPE 5291 4730 4334
Traini
execution 28 0.4 4%
time [ms]
8
A
]
&0 1
o |
2 !
{
° ;
0 100 200 00 400
Sample

Fig. 2. Trend of MAPE valuc of OS-ELM while incremental
lcarning

As result show that, the OS-ELM model with incremental
learning have MAPE significant lower than ANN which
tramned by 5 samples. That mecan OS-ELM can be used to
replace the conventional ANN in situation which we have only
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few initial data for training the model and we can let it
incremental leaming while it working. MAPE of ANN which
trained by whole datasct i1s an idca for minimum MAPE for
prediction this datasct. The trend of MAPE value of OS-ELM
is decrease while incremental leaming and stay stll after pass
the 200™ sample, that describe how fast of the incremental

learning process for this dataset.
Duta ses A b 00 samples. | Dita set B have 600 sarnples
Tesmed by ] Orivw Pedeirg.
200 Samples wischmdeaw B 5 Sunple
400" umple

B. Suatistic properties of data is changing

For simulate the changing of statistic propertics of data
we generate 2 difference data set for regression by sci-kit leamn
tool called data sct A and data sct B. Data sct A have 400
samples and data sct B have 600 samples both have 3 features
vanable and 1 target vanable created by difference
multivanate lincar equations.

Fig. 3. Generated data sct for simulate the changing of statistic
propertics of data

We compare 3 types of model 1) ANN which trained by 200
samples from data set A and let it prediction data sct A and B
2) OS-ELM which initial trained by 200 samples from data
sct A and incremental lkeaming while prediction data st A and
B 3) ANN which trained by whole samples in data sct A and B.
All models have similar structure with 1 hidden layer 20
hidden node, sigmoid function is used as activation function
and in output layer identity function is used as activation
function. Mcan Absolute Percentage Error (MAPE) is used as
a performance metrics and results as shown in table 2 and
figurc 4.

TABLE 2. RESULT OF PREDICTION WITH STATISTIC PROPERTIES OF DATA

IS CHANGING
Model/ ANN trained by OS-ELM | ANN trained by
Metrics data set A oanly whole samples
MAPE 1101 7.88 730

Training

execution 63 1 165

time [ms]
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Fig. 4. Trend of MAPE valuc of a) OS-ELM
b) ANN traincd by data sct A only

As result show that, the OS-ELM with incremental leaming
have MAPE significant lower than ANN which trained by data
sct A only. That mean OS-ELM is more robustness to the
changing of data than ANN. MAPE of ANN which traincd by
wholc dataset is an idea for minimum MAPE for prediction in
this dataset. The figure 4 show wrend of MAPE value compare
between OS-ELM and ANN, we can see after swatch to data
sct B the MAPE of both arc increasc but it more convergence
in OS-ELM model.

IV. CONCLUSION AND FUTURE WORK

From the results of cxperiments show that, 1) i the
situation of few initial training data OSELM can work better
than ANN modcl trained with few data and performance
closed to ideal case that ANN model which trained by whole
data and 2) in the situation of have some Ing statistic
propertics of data OSELM can work better than ANN model
and performance closed to ideal case that ANN model which
trained by whole data. Our future work is use OSELM for
prediction time scrics data in smart gnd application and
improve it online accuracy by introduce the forgetting factor.

79

REFERENCES
1] Viktor l.m Bu‘hluﬂmrndllﬂbw
leamning: A

review and comparison of : the ant m
Neurocomputing, vol. 275, pp.1261-1274, 201!-
[2] R Yang, M.W. Newman, “L : lesson for
intelbgent system for the home,” Mdﬁlﬂwllwﬂ
102, 2013
[3] B.D. Carolis, S. Ferilli, DRedd ing of datly routine as
workflows in 2 smart home environment, ACM Trans, Interact. Intell, Syst.
4, pp.20:1-20:23, 2015.

14] G.C

ghs, T.Poggio, | and & l support vector
leaming.” Proceedings of the 2001 Neural Information Processing
Systems (NIPS), 2001.
15] ASaffari, CLeistner, JSantner, M.Godec, H.Bischof, “On-line random
forests,” Procredings of the 2008 [EEE Twelfth International Conference
2009

W orkeh

on Comyg Visson W

6] R Polikar, L Upda, S.Upda, V_ Honavar, "Learn+ +: an incremevtal learning
*ﬂm supervised neural networks,” [EEE Trans. Syst. Man Cybemn.
31 §4), pp497-508, 2001

171 L Bottows, “Large-scale machine k g with
Procesdings of the COMPSTAT 2010, Springer, pp.177-186, 2010,

|||Mmmmmpwdnw
“A Fast and Accurate Online Sequential Learning Algorithm for
Feediorward Networks.” [EEE Tran. On Newral Networks, Vol 17, No6,
pp 14111423, November 2006

Iﬂ&q Huang, Qin-Yu Zhu, Chee-Kheong Siew, “Extreme leamning

machine: Theory and wmmumwmim

[10] €R Ras, SK. M “G kzed | of Matri and s
Applications.” Wiley, New York, 1971,

lll]ﬁnmmhmmpsu Keyou You, “Trend in
mwhnh‘m.hm . Newral Networks 61, pp.32-48,

{12) €. L, 7 Ding. G Zhang bty
consumption a coemparative study,” IEEE Chinese
(CAC), pp.1691-1697, 2017,

{13) X. Liu, 5. Lim, J. Fﬂ.lh‘hmmmhﬂ?l
theoretical ssessment (past 1).° JEEE Tramoctions on Newol Networks
and Learning Systems, vol. 26, no. 1, pp. 7-20, 2015.

[14] S. Lin, X. Liu, J. Fang, Z. Xu, "1s extreme leaming machine feasible? A
thearetical assessment (Pant [1)°, IEEE Trans. Neural Networks Learn,
Syst., vol. 26,00, 1, pp. 21-34, 2015,

ll&)mMNpYuhumanMd
undararagen, "On-Line Sequential Extreme me The
3 jonal Intelligence (CI12005),

P T o -

1 Conk
c.mcm.nmm

116) EK.P.Chong and S.H.Zak, “An introd
Wiley, 2001.

an G

¥

tion 1o " New Yark,




Vol.72, No.3, 2022

Computer Materials & Continua (CMC)
aglugruvaya Web of Science szau 02
2 CMC-Computen, Mutwish & % | 4 1u'ﬂ ﬂ.ﬁa2022

o o x

“« [ 0~} Q B rorpeliinew webolienos ooy s Yhasrammeny T aEct i 4w Y @ duwn 2+t mo0oem@me &=
O Bevvarndios @ Geting Sarted [0 St Faemn - imandy_ [ fdwhidus
Publications You may alse likes -~

Refine results \ / X .
0020 | sscromumoie | [ tapert |- oty elevance~ ¢ 1 ot@ 3
Q
O3 Training Multi-Layer Perceptron with Enb d Brain Storm Op 2 istics
Quilck Filters a Bacagn 6 Nbsemd K ) ebhen, J
3 LA T (3, pp AT 4215
[0 B Review Articles 2 30
& o - lenging tagks. Since the Reksotias
O & openAccess 2L CMC-COMPUTERS MATERIALS & CONTINUA o sub -optimal values for the
seiof cor . Shive more
c Q i Related records
Publication Years -
ﬂ 032 {7 ] O3z tures
0 2 52 8 o
0O %S 26
0 219 186 Scarte: Journal Citation Reports ™ Learn mor £ static initial stress, and two [—
0 2018 8 text of Lord-Shulman theory with
1 you have acoess 1o Jourmal ports ™ gh " ] obtaine _ Show mes
e N you can view the latest Journal Impact Factor = and additional metrics to better " e

underitand a journal's content and audeence Related mw
Document Types -

80



Computers, Materials & Continua ech Science Press
DOI: 10.32604/cmc.2022.028416

Article

Incremental Learning Model for Load Forecasting without Training Sample
Charnon Chupong and Boonyang Plangklang

Faculty of Eagmemag. R.a,zm:nph University of Technology Thanyaburi, Pathum Thani, 12110, Thailand
Author: B ang Plangklang. Emadl: boonyang pien rmutt.ac.th
Received: 09 Febmaty 2022; Accepted: 14 March 2022

Abstract: Thisarticle presents hourly load forecasting by using an incremental
lcarning model called Online Sequential Extreme Learning Machine (OS-
ELM). which can learn and adapt automatically according to new arrival
input. However, the use of OS-ELM requires a sufficient amount of initial
training sample data, which makes OS-ELM inoperable if sufficiently accurate
sample data cannot be obtained. To solve this problem, a synthesis of the
initial training sample is proposed, The synthesis of the initial sample is
achieved by taking the first data recetved at the start of working and adding
random noiscs to that data to create new and sufficient samples. Then the syn-
thesis samples are used 10 initial tram the OS-ELM. This proposed method is
compared with Fully Online Extireme Learning Machine (FOS-ELM). which
1s an incremental learning model that also does not require the initial training
samples. Both the proposed method and FOS-ELM arc used for hourly load
forecasting from the Hourly Energy Consumption datasct. Experiments have
shown that the proposed method with a wide range of noisc levels, can forecast
hourly load more accurately than the FOS-ELM.

Keywords: Incremental learning: load forecasting: Synthesis data; OS-ELM

1 Introduction

Global photovoltaic system deployments from 2017 to 2020 increased from 384.45 1o 707.50
GW, representing an approximately 84% increase m three years [1]. By 2020, global electric vehicle
registrations increased by 41%, bringing the total number of electric vehicles to about 10 million [2]. By
the end of 2020, 5 GW of grid-sized energy storage systems has been installed globally, a 50% increase
from mid-2019 and a steady increase [']. All of the above events have resulted in a dramatic change in
electricity usage patterns from the past. Therelore, the models used for electrical load forecasting need
to be constantly updated according to the changes in the patterns of electricity consumption. But in
general, those conventional models cannot learn from newly received data to adapt themselves during
operation. Improving the models require new and sufficient data to re-train the model from scratch,
which time consuming and inconvenient,

To solve this problem, researchers have developed a model that can learn from newly received
data without forgetting what was previously learned, called incremental learning. The examples

This work is licensed under a Creative Commons Attribution 4.0 International License,

@ O which permits unrestricted use, distribution, and reproduction in any medium, provided
the onginal work is properly cited.

81



5416 CMC, 2022, vol.72, no.3

of incremental learning include Incremental Support Vector Machine (ISVM) [4], Online Random
Forecast (ORF) [5], Incremental Learning Vector Quantization (ILVQ) [6], Learn++ [7], Stochastic
Gradient Descent (SGD) (], and Online Sequential Extreme Learning Machine (OS-ELM) [Y]. In this
article, OS-ELM was chosen because it is a fast-learning model suitable for short-term load forecasting
and easy to implement in hardware with low computational power. OS-ELM is a single hidden layer
feed-forward neural network model where the weights in the input layer are randomly generated and
retained over time, while hidden layer weights are computed based on a recursive least square method.
This structure allows OS-ELM to function similarly to conventional neural networks but learning
speed is more quickly. The OS-ELM requires initial samples for initial training, the amount of this
initial sample must be more or equal to the number of nodes in the OS-ELM hidden layer. Usually,
the number of nodes in this hidden layer affects forecast accuracy, implying that the amount of initial
training data also affects the forecast accuracy.

In the implementation of OS-ELM, there are cases where a suflicient initial training sample cannot
be obtained, such as a new building or building that never records the electricity usage data. Such a
problem may be solved by the Transfer Learning technique [0, where data from other similar tasks
is used as the source for initial training. But users cannot be sure whether the source data is similar to
the real data or not. The researchers later proposed improvements to the OS-ELM model so that it can
be used without an initial training sample called Fully Online Sequential Extreme Leamning Machine
(FOSELM)[!1].

In the image classification and object detection rescarch field, there is a method to solve the
insufficient training samples problem by creating augmented samples from real samples [ 2]. For
example in [ %], the authors use the Mosaic data augmentation method to create more training
samples. But in the load forecasting rescarch field. there are few studics on using the augmented sample
to train the forecasting models.

To the convenient use of OS-ELM especially in the case of new buildings or buildings without
historical data of energy usage, this article proposed a method that allows OS-ELM to be used without
the need for initial training samples. The proposed method takes a single sample through the synthesis
process by adding random noise. The synthesis process makes enough new samples for the initial
tramning of the OS-ELM. The proposed method was compared to the FOSELM in short-term load
forecasting using a dataset called Hourly Energy Consumption [14]. The dataset was based on the
hourly electricity consumption of cities in the Eastern United States from nine utility companies. The
rest of this article contains related research in part 2. the proposed method is presented in part 3, the
experiment and results in part 4, analysis of the experimental results in part 5, and conclusion in part 6.

2 Related Research

2.1 Load Forecasting
Load forecasting is an integral part of the smart grid. Numerous studies have been conducted on
load forecasting [ ! °], load forecasting is divided into four forecasting periods

1. Very short-term load forecasting is a forecast up to | hin advance where the forecast result is
often used to control the power system quality.

2. Short-term load forecasting is a forecast one hour but not more than a week in advance. The
forecast result is often used to balance the supply and demand use of clectricity.

3. Medium-term load forecasting is a forecast one month but not more than | year in advance.
The forecast result is often used in planning the fuel supply in the electricity generation.
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4. Long-term load forecasting is a forecast more than one year in advance. The forecasting result
is often used in investment planning in power plants or power system infrastructure.

There are two main models used for load forecasting that are commonly found in research.

1. Auto Regressive Integrated Moving Average (ARIMA) is popular for time series data analysis.
ARIMA consists of:
a) The Autoregressive (AR) part describes the lincar regression between current data and past
data, and
b) The Moving Average (MA) part describes linear regression between current data and past
forecast errors caused by white noise in the data.
AR and MA are only applicable for stationary data. To improve AR and MA model to be
applicable with non-stationary data *Integrated” part has been added and called ARIMA.
2. Artificial Neural Network (ANN) in time series forecasting the ANN model differs from the
ARIMA model in that it can use non-lincar activation functions and hidden layer structures.
That allows the ANN can predict the non-lincar relationship between input and output better
than ARIMA models [16]).

2.2 Incremental Learning

Modeling for load forecasting requires historical sample data to calculate parameters in the model.
In ANN, various machine learning techniques are used to calculate ANN's parameters, this process
is called “training”. The sample data used for training must be sufliciently large and should have a
pattern similar to the data that the model must forecast. The training is done once at the beginning
of the operation, known as batch learning. But at present, the pattern of electricity load has changed
all the time due to photovoltaic systems [17-1Y] electric vehicles [20.21). and energy storage systems
[22,23]). Therefore models created by batch training method require constantly re-training the model
from scratch to be able to forecast accurately. The re-training in such cases creates inconvenience
in practice. Therefore, rescarchers have introduced a mode! that can learn from new incoming data
and still emember the past data. known as online leaming or incremental learning. There are some
examples of incremental kearning such as.

e Incremental Support Vector Machine (ISVM) [4] mcremental version of Support Vector
Machine (SVM) working by storage some data as “candidate vector”™. This candidate vector
may be promoted as “support vector” according Lo newly receive data during operation.

¢ Online Random Forest (ORF) [5] works like Random Forecast, but the number of trees (the
number of sub-models) increases if the new data received changes from the past data.

e Incremental Learning Vector Quanuzation (1LVQ) [6] a Learming Vector Quantization (LVQ)
that can be expanded by increasing the number of prototypes in the model when the new data
received changes from the past data.

e Learn++ [7] uses the same principle as the ensemble model like AdaBoost [24]. Sub-model is
added and trained with new data that is randomly selected from past data. Data samples with
high forccasting errors arc more likely to be selected, thercfore Learn++ can adjust according
to changes in data.

e Stochastic Gradient Descent (SGD) [¥] is an optimization method for adjusting the model's
parameters without needing to use the entire batch of data at once. The model’s parameter can
be adjusted according to the change of newly received data.
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o Online Sequential Extreme Learning Machine (OS-ELM) [Y] is an incremental model that is
characterized by learning speed and low computation cost allowing it to run on the machine
with low computational power. The details of the OS-ELM are presented in the next sections.

2.3 Extreme Learning Machine (ELM )

ELM structure is like a single hidden layer feed-forward neural network (SLFN) model. The ELM
was first introduced by Guang ct al. in 2004 [25]. The most outstanding feature of ELM is its extremely
high learning speed since ELM does not use an iterative method such as gradient descent to calculate
the parameters but uses the normal equation instead. The structure of the ELM is shown in g 1.,
The bias and weight values that are connected between the input and the hidden layer are randomly
generated and remain constant. While the weight between the hidden layer and the output layer is
calculated by the normal equation as follows.

A L
s3ugoed a0g furd

Figure 1: ELM Structure

If the dataset has N samples called (x,y,) where x, € R* and y, € R* numbers of nodes in the
hidden layer equal to L relationship between x and y, can be defined as follows

L
y,zzme(a,x,+b;) JaN2 AN )
where f, € R* are weights in the hidden layer, g (...} : ® — Ris an activation function in the hidden
layer, 2, € R" are weights in the input layer, and b € R are bias in input layer, L. (1) can be re-write
in more simple form as follows:
Y=Hp 2)
where

g@x;+b) - glax,+by)
H= : 3

_x(.ax.\r +b1]' v glagXy+by) o

[ Y
p=|: andY=| :

.ﬁ: [ ’: Num
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Matrix H is called “Hidden layer output matrix” a, and b, are constant from random generated,
causing H is also constant, therefore training ELM is calculating § as in L. (2). If the number of
data or dimensions is not too large, the normal equation can be directly calculated more quickly as
compared to the Gradient Descent method. £ can be calculated as follows:

B=(HH) WY 3)
or
B =K 'H"Y where K=H'H 4)

Although ELM uses random weights and bias values in the input layer, many studies have shown

that ELM has good performance as other learning algorithms [26,27]. The ELM model may encounter

problems with numerical stability since sometimes inversion of the matrix H'H is not possible, the
Singular Value Decomposition (SVD) method has been proposed [2%] to find the inverse of H'H.

2.4 Regularization Extreme Learning Machine ( Re-ELM)
Numerical stability problems of the ELM model can be solved by adding the regulanization factor
[29] for calculating matrix K as shown in [ (%r which lowers the cost of computational than SVD.

K=H"H + il (5

where 4 is a very small value called the regularization factor and 1 is the identity matnix.
2.5 Online Sequential Extreme Learning Machine (OS-ELM)

The ELM model is a batch leamning method, where it uses all available data to train the model
and make the model work. While the mode! is running. it cannot learn more from the new incoming
data. Therefore, a rescarch paper proposed an improvement of the ELM model to be able to perform
incremental learning called the Online Sequential Extreme Learning Machine (OS-ELM) [Y] using the
recursive principle of Lq. (4), At the beginning of work, the OS-ELM will calculate g, = K;'H]Y,
where K, = H/H, which subscript 0 mean round 0 of work or initial of work. When OS-ELM receives
new sample(s) data causing the value of matrix H and Y change, therefore f, can be calculated as

e ] ]
BT

K= l‘:“; -+ H:Hl

K, =K0+H:IH1 (N

and
[&] [:] = WY, + HYY,

[&]r [:] = KK HY, + WY,
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H,]"[V.] ’
-H|- -Y'- - Kﬂﬁl + H' Y,
Substitute the K, value from g (7) into the above equation.
il B TR TR
(1] [V] _ = "
) |vi]= K.f, — H'H, 8 + H'Y, (®)

Substitute Fq. (5)into Eg. (6).
B =K;'(K=ﬂ:_":"|ﬂu+uryl)

A=A -K'HHS +K'HTY,

B=A+ K;l"{ (Y, — H,5,) where
K. =K,+ HH, 9

Eq. (9) can be arranged in a gencral recursive form as:

Ba=p+ K;_I,H:., (Yior = Hisi i) where K = Ko +“:-|H“" (10)

The subscription k& means the k* samples and the subscription & + | means the (k+1)* samples.
Each incoming sample does not need to be equal in numbers. In short, the OS-ELM works in two
steps as follows.

o The initial step is like the ELM, the intial samples are used to calculate & by Lqg. (4). The
number of initial samples needs to be more than or equal to the number of nodes in a hidden
layer of the model.

e The incremental learning step uses the newly receives sample to adjust the model parameters as
in Eq. (10).

2.6 Regularization Online Sequential Extreme Learning Machine (ReOS-ELM)

Like the ELM, if k is a non-invertible matrix then the OS-ELM has a numerical stability problem
that can be solved by adding a regulanzation factor [ 0] as shown in g (11).
Koi=K +H _H_ +21 (i

where 4 is a very small value called the regulanization factor and 1 is the identity matrix.

2.7 Fully Online Sequential Extreme Learning Machine ( FOS-ELM)

The OS-ELM and ReOS-ELM require samples for imitial traming. but in some situations, we are
unable to obtain enough appropriate samples for initial training. Therefore, the FOS-ELM model is
presented. which is a model that does not need the initial data for initial training [! 1] by setting initial
parameters f, = 0, K, = il. In other words, the FOS-ELM is initial training by the initial sample
(X=0, Y=0).
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3 Proposed Method

As mentioned above, the implementation of OS-ELM require sufficient and appropniate initial
training samples. But in some situations, those samples cannot be obtained. Therefore, in this article,
we present a method to solve that problem. The method presented in this article uses a single sample
received at the start of working to synthesize sufficiently the initial training data. The data synthesis
method is done by adding random noise to all features of the sample to create new samples. The noise
is randomly generated according to uniform distribution and the user can adjust the level of noise that
to be added to the sample called “percent noise”. This proposed method can be described as a diagram
in Iig. 2 and an algorithm 1. Please note that this article uses ReOS-ELM instead of OS-ELM to avoid
the numerical stability problem.

1" sample in datavet

A,

\
. eee

e

Algorithm 1: Synthesize data by noise adding
INPUT: data = 1* sample in dalaset
N = numbers of output sample required
percent_noise = noise level (set by user)
OUTPUT:  synt_data

STEP:

1: for n=0 to n=N:

r 3 for i=0 to i=length(dara):

3: rand[i] = random value between {0.1) in uniform distribution

4: synt_datafn][i] = data[i] 4 (datafi]spercent_noisell00)rand]i]
s end for

6: synt_data[n)/max(synt_data[n])

7: end for

8: return syns_data

9: end
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To improve forecasting accuracy, ten ReOS-ELM models were combined to form an ensemble
model and the mean function is used as an ensemble function. In other words, the forecast values are
obtained by averaging the 10 forecast values from all ReOS-ELM models. All 10 models are learning

from the same sample both the initial training phase and the incremental learning phase as shown in
Fig. 3.

Figure 3: The proposed ensemble model

4 Experiment Results and Discussion

This experiment uses a dataset from www kéggle com named “Hourly Energy Consumption™[14].
which is the hourly electricity usage (hourly load profile) of cities in the castern United States that
gathered from nine utility companies. In the experiment, data are divided into two parts: (1) target is
the I-hour load each and (2) input is the 24-h load before the target as shown in |12 4. Inputs are fed
to the model so that the model forecasts the next hour's load. The forecast values oblained from the
model are compared to the target and forecasting errors can be determined. Both the input and the
target are used in the model for incremental learning. The model uses an ¢nsemble model as shown in
Fig. 3, where the sub-model is ReOS-ELM with 24 nodes in input layers, 50 nodes in hidden layers,
and | node in the output layer. The hidden layer uses Sigmoid as the activation function.

R REFER

i 3
Tﬁmmu-uan-u-l-l 5
: '

Inpet Target

Figure 4: Dataset is divided into Input and Target
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The experiment in this article uses two incremental learning models: (1) the FOS-ELM model is
the baseline for comparison, and (2) the ReOS-ELM model trained with 50 synthesized samples by
the method presented in Section 3. In addition, various percent noises for synthesizing the sample are
also tested to determine the appropriate values The experimental flowchart is shown in 'z 5, using
the first 72 h of data in the dataset to study the carly phase of the forecasting operation.

mems T

RoOS-ELM Got 1% sample FOS-ELM
l_ trom dataset
Noise adding
|
Initial Learning for
ensemble ReOS-ELM
—
Forecast next hour load Forecast next hour load
o =
!
Get actual load Get actual load
from dataset from dataset
| 1
Determine error of Determine error of
M M
1 i
ncroment Increment
Leaming Learning
g ;
Figure 5: Flow chart of the experiment

The performance metrics used to compare the accuracy of the forecasting is Mean Absolute
Percentage Error (MAPE) and Mean Absolute Error (MAE). The experimental results are shown
in Tab. 1.

Table 1: Experimental results

Dataset Method Percent noise MAPE (%) MAE (MW)
AEP FOS-ELM (baseline) n/a 2.18 316.74
Proposed method 1 2.4 2929
1.95 280.55
10 1.97 282.54

(Continued)
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Table 1: Continued

Dataset Method Percent noise MAPE (%) MAE (MW)
20 213 30347
COMED FOS-ELM (baschine) n/a 1.86 231.64
Proposed method 1 1.49 190.18
s 1.48 189.79
10 1.59 202.36
20 1.87 237.19
DAYTON FOS-ELM (basecline) nfa 2.96 57.56
Proposed method 1 285 55.4
5 2.7 $3.59
0 256 49.67
20 27 52.54
DEOK FOS-ELM (basecline) nfa 2.08 65.88
Proposed method 1 1.84 59.02
s 1.77 57.19
10 1.96 62.08
20 2.18 68.4
DOM FOS-ELM (baseline) na 243 202.02
Proposed method | 2.08 182.15
5 201 176.08
198 173.02
20 206 179.42
DUQ FOS-ELM (baschne) nfa 346 7.2
Proposed method 1 343 56.92
5 2.5 45133
10 237 38.79
20 245 40.21
EKPC FOS-ELM (baseline) n/a 483 60.17
Proposed method 1 385 55.22
5 3.66 49.29
10 308 39.02
20 3.58 44 82
FE FOS-ELM (baseline) n/a 2M 223.51
Proposed method 1 278 2352
5 254 205.94
10 225 182.58
20 243 197.85
NI FOS-ELM (bascline) n/a 1.60 169.84
Proposed method 1 1.58 168.54
5 1.56 166.11
10 1.61 171.79
20 1.69 178.72
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From the results in Tub. |, it was found that using the ReOS-ELM trained with samples synthe-
sized by the proposed method can achieve lower forecasting error than the FOS-ELM. This is because
FOS-ELM is like using a single sample for the initial training, resulting in the model facing the over-fit
problem. While the ReOS-ELM model uses synthesized samples with sufficient numbers for the initial
training, so the over-fit problems can be avoided.

From the experiment, it was found that the appropriate percent noise is flexible. That is to say,
the forecasting error of the ReOS-ELM still lower than the FOS-ELM regardless of the percent noise
value (except in the EKPC and FE dataset, when 1% percent noise is used, forecasting error of the
ReOS-ELM is slightly higher than the FOS-ELM).

Different forecasting errors that occur when using different percent noise may be caused by the
following reasons. At low percent noise, the synthesized samples for initial training are similar to
cach other, making the model more prone to over-fit problems. At high percent noise, the synthesized
samples for initial training may differ from the real data, this makes the model prone to under-
fit problems. The experiment found that approximately 5%-10% noise levels resulted in the lowest
forecasting error.

5 Conclusion

The proposed method can allow ReOS-ELM or OS-ELM to run without an example for initial
training. By adding noise to a single sample received at the start of the operation to increase the number
of samples to be sufficient for initial traiming. The experiment found that whether using noise levels 1%,
5%, 10%, or 20% the ReOS-ELLM can forecast loads more accurately than the FOS-ELM. The noise
level for synthesis initial samples that allow the ReOS-ELM model to the most accurate forecasting is
about 5%-10%.

Funding Statement: The authors received no specific funding for this study.

Conlflicts of Interest: The authors declare that they have no conflicts of interest to report regarding the
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Abstract— This article preseats & method for short-
term load forecasting by Fully Ounline Sequential
Extreme Learning Machine (FOS-ELM) model. The
model can learn incremestally without the need for
mm-ﬂ;m-‘ﬂh“l’-ﬂh

historical load data is not available to
ltﬁ l.lt model. This article abo presents the

of the f t y of the FOS-
ﬂﬂ-ﬂhhﬂq&?ﬁ-ﬁw-ﬂmﬁ—
cach newly received sample more than once. called =re.
learning”. A comparative cxperiment between the FOS.
ELM model without relearning and the FOSELM
model with re-kearming found that the re-learning
method can reduce the error in load forccasting. Thin s
m&-ﬂdm#w#hﬁm.l
new data. Bet after the fifth round of re the

examples are Stochastic Gradient Descent [8].
!.nrn-—'[ﬂ. Onlme Random Forest [10]. Incremental

Support Vector Machine [11], and Online Sequental
Extreme Leamning Machine [12]. In this article, we

solve this problem [13]. FOS-ELM doesaY require
imtial dsta for traming i starts by setting some

error value could no loager decrease. This is

forccasting

because the model has an over-fit with the Iatest learned
data In other words, re-bearning allows the model to
have lower forccasting errons, but the sumber of re-
learning times must be chosen appropriasely.

Keywords— FOS-ELM, incremental learning, load

Sforecaxting, re-learning
L INrropucTION

Load forecasting plays an imporant role =
electricity grid management. N s nvestipalios
on the statistical method for tinse series forecasting,
such as the Auto Regressive Mowving Average
(ARIMA) (1] bave been conducted in the past
Followmg that, some progress was made in the use of
a nonlinear feature 0 tackle the Gme series
(ANN) 15 a well-known model for pon-lmear festures
ume series forecasung [243). A1 the present day, the
electricaty gnd has changed dragatically wath high
penctnation of renewable energy, storage system,
electric vehicle, and d d resy program (4-6].
For this the statistical propertics of load dats
have sigmificantly changed over ime 1a an unforeseen
way called *concept dnft” [7). Concept drift must be
addressed by retruming the model from scratch, which
15 an expensive and hme-consunung operabon.

To forecast the dats with concept dnfl, rescarchers
have proposed the mncremental learning algorithm that

can incrementally lkamm from new data without
I’oqﬂm' what hss already been leamed, some

ITH-1 6634601942255 1.00 ©2022 IEEE

P ctevs in the model equal 1o 2ero and can be

2.":p|mduﬂ|udmp13.ﬁ:
result m pan 4, and the conclusion in

E!

Il RELATED RESEARCH
A, Extreme Learning Machine (ELM)
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working principle of ELM can be described a
follows.

lrgrs Liver ke benr e b
ot baas b wlanad
N Weight Pis drectly cak

Figure 1 ELM Model

For any K training samples (x,y,), where
x, €l "and y &l "the model has L nodes ina
hidden layer. The following equations descnibe how
input and output are related.

[
¥, =2 BGlax,+b), j=123.K (1)
~l

Where the € s the weights of the link
between the hidden layer and  output  layes,
G:0 =0 is the activation function of the hidden
layer, @, € [ "and b €[] are weights and bisses of
the link between the input and hidden laver. Equation
(1) can be simplified a3 follow.

Y=Hp 23

where

(Glax,+b) = Glax +b,)
H= : 7

_G(al‘rl +bl) NN G(“t"" +bl} e

B
B=}.:
Bl
Matrix H is called “hdden layer output matrix™

(14]. while the leaming process H and Y are siready
known, then B can be directly calculsted as follow:

EX
: . and

-,‘ Kwm

p=0'Y, H =M'H)'H" 3)

an Power, Energy and Innovanoss (ICPE] 2022)

where the H'is the pseudo-inverse of a matrix H.
There are several methods to calculate the H'. The
method shown in (3) tends W become sngular in
some applications [15]. therefore we use the singular
value decomposition (SVD) [16] 1o caleulate the H' .

B Online Sequential Extreme Learning Machine

(OS-ELM)

Guang-Bin Huang was proposed the OS-ELM in
2015 [12). OS-ELM s based on ELM with the
capacity o continuously leam from new arnval data
without losmng track of the past learned data.
Applying the recursive least square method 1o ELM
allows it 1o leam from new dats one al a time or in
chunks. OS-ELM has two-phase of working: 1)
mitialization phase and 2) sequential leaming phase
detmled as follows.

In the mtalization phase, mitial samples were
wsed 1o create the hidden layer output matrix H, and
then calculse the B, =PH]Y, where
P,=(H,H,)" is the same as in ELM. Set a

variable ¢ =0 as a sequence number of the incoming
data. The sequential learning phase, when the

(c +1)" data arrived, creates the new hidden layer
outpet matrix H_, and calculates the new output
weight B, s follows.

. 1]
'r*l - ’r % rlﬂ“l"lwﬂl i “f?l'l)
Where

(4)

L 4’.“.'..(1 0, PHL)'H_P

From (4). notice that s a result of B_. &t
means that OS-FLM can incrementally learn from
samples.

C Fully Online  Sequential Extreme Learning

Machine (FOS-ELM)

The OS-ELM can not be used mn the case of the
H} M, s singulsr. To prevent this singular problem
OS-ELM requires the number of mnitial training
samples more than the number of nodes 1 the hidden
layer [13]. Another singulanity prevention method is
o add some small value
LioP, =(HJH, +20)"[15]. In case of use
proposed the Fully Online Sequential Extreme
Learning Machine (FOS-ELM) [13]. The FOS-ELM
is the same as OS-ELM but in the mmtial phase, ot
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stars withf, =0, P, =(M)". Then. FOS-ELM
111, PROPOSED METHOD

Somc paramcters of FOS-ELM are randomly
gencrated, in some cases, this can cause an under-fit
problem for load forecasting. To reduce the under-6it
problem, this article proposed “the red ng
method™ by letting the FOS-ELM leam from cach
ncw amival sample more than once. as the algonthm
shown in Fag. 2.

Algorithm: FOS ELM with Re learning

INTUT: X = Joad 24 hour ago
Y_tarpet = load next bour
R = re-learm Lumes

OUTPUT: Y _forecast = forecast value of load

STEP:
i npm

Receive X

Calculate Y _forocast by FOSELM

Wit for ¥ _tarpet

Calculate MAPE = [foreesst TP o 1

T_target
forr=0Otor~R:
increment leam (XY _tanget)
r=r+l
rad for
IO until eoad of data

AR VM VN

Figure 2 FOS-ELM with Re-Lesrming Algorithn

In addwon, FOSELM cnsemble modelng was
also used 1o the accuracy of load forecasting
by using 10 FOS-ELM models working together as
shown m Fig.3, where the forecast value s the
average of the outputs from all models.

‘mtun;—q ‘
e = 2
rosnu (=

INPUT - P \

— ATTPUT

Avetage

munnu'_f--

Figure 3 Ensemble FOS-ELM

IV. EXPERMENT AND RESULTS
The cxperiment used a dataset from
Encrgy Consumption from kaggle.com, whach is
bourly clectricity comsumption data of a regronal
transmission organization called PJM in the USA

ri

on Power, Encrgy and busovations (ICPE 2022)

The datasct was divided into “target”™ and “input™ as
shown in Fig.4. muwuumw

load 24 hours ago before the “target™, that the model
used as input to forecast This cxpermment will
forecast load 1 hour in advance. The total number of
tnals is 720 times, i.c., 720 bours of data were used.

] | Vot

1 sampte |+ see o] : (=]

1 el eee [«] ;1 [=]

re LR O G

o EEEleesE| B
Figure 4 Division of the dataset

FOS-ELM with 2 kaming methods for comparative
stodies: 1) smgle learng from the sample data, and
2) re-learnimg from the sample data according to the
algonthen as shown in Fig.2. The structure of the
FOS/ELM 15 24 nodes n the mput layer, 50 nodes in
the hidden layer with sigmoid as the activation
function, and 1 node in the output layer. From the
experiment, the mean absolule percentage error
(MAPE} m the load forecasting from each model 1s
ﬂn-?ﬂcl In addition to the MAPE values,

this expenitoent also measures the average time it
ook to cakulate the forecast values for each input as
shown in Table §. The timc is shown in Table | based
on a computer with an Intel Core 15 processor with

SGB of memory.
TABLE | EXPERIMENTAL RESULT
MAPE | Time
Method % | (ms)
e No s leasing 147 | 150
Re-leammg | ime 1.42 3.07
Re-learning 2 times 140 | 399

Re-leaming 3 times 1.39 531

Enscmble | Re-leaemng 4 times | _137_|_6.48
FOS-ELM [Re-Tearming 5 times 137 | 7.78
wah Relcarming 6times | 137 | 9.81
= Re-lcarming Ttimes__|_137_| 10.41
Re-lcarming 8 times 1.36 12.3
Re-lcarning Y times | 136 _| 13.29
Re-lcarning 10times | 136 | 15.62

The MAPE of load forecasting m Table.] can be
plotted versus re-lcaming times as shown m Fig 5. In
Fig.§ zevo re-learmang times equal no re-lcaming.
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L3
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Figure 4 MAPE of load forecasting when re-leaming

Some parts of the load forocast value and the
actual load value are graphed in Figure S. The results
i the graph arc based on the 4 times re-lcaming

method.
Forecast
e e Actual
-
£
L2
v
¢ B W,/ A M N8 e
Tlme (bour)
Figure S Some parts of the Joad forecast value and
actual load value from the datasct
V. CONCLUSION

From the experiment, it wits found that 4 times re-
karnng resulted m 2 significant roduction = Joad
forccasting crror. This = because re-leamming = like
adding “lcaming weight™ 1o the latest samplec data.
The model can quickly adapt o wends i the
upcoming new data. But if re-lcaming more than 4
because it 1s over-fiting to the latest sample too
much. Re-leaming can reduce load forecasting etors,
but mcreased learning time, therefore the number of
repetibons must be sclected appropriately.
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Abstract

Online Secuental Bareme Leaming Maching (O5-5L5¢ & 3 mode capatie of incremental leaming from newdy
recened Sampies while working, Dot pesting :an wah e O5-BLM regures su™cent and agpropriate sample data for
nitial raining. In some cases, finding suCh SaDle Caea s noe posshle T addeess oS ssue, this amicle presents 2
synthesis of sample data for the intial taining of the OS-EL0 model The proposed meshod s to ke the fist sample at
the tme of OS-ELM insialzation and then a0 n08e =0 fanshaen 2 2 De new sufficen: amples. In his anicle, the

w£hons have compared oiferens formats OF The noise wsed I T ahess OF the samole data. & was found that the

Gaussian Nose with Dropely selecied e Fandad Jeviavon Walus phes Yaring samp s that helped the OSELM forecan
l0ad with the mMOst aCuracy. ¥ 3GER0P, e ute O o nOse alons the TS-8LM 4 have slightly lower acouracy
N GIUSSIAN NOSE Dut L8N DR W0 At Ot vy g ED0WUR SPACT T N IS0 SUNCHT Ceviltion vilue

Kaywords
Acrermand. laaning. (082 oncatag O\ YaNINg STOM

1. introduction forecasing. To sotve this problem, a new set of

Sample cata I§ very IMDCEENt I MACTING iedrnicg SO S Bl NeeCed O taN the MOoCcel again,
due t0 the appropriate and scfficient sample S Dt 300 30 E0QI0aCn ta«EI TMe anc cost, fausing
required £0 +ain the model W some cases, ohe moce! pratec nconmenence The researchers ceveloped
has been used for 3 while and e ensrormens Rae SomMe mathods at allow the model &0 leam moe

changed, this makes ¢he old sample data used 0 an fom @8 newly receved sample data without

the model urnsuzable for the new environmant. For forgeseng the already learmed sample data known as
eample, the model for load forecasting uses pas ncramental leaming” of "online leaming”

sample data t0 train, but Over tima, the Dehavior of Thee % some inCremental models/ algorithens
loads has changed damatically, Causing the samole that e freguently mentioned in research papers,
dath that was used &0 vaIn the model InCconsistent ICh M nCrementll Learming Vecwdr Quantzation
with the change resulting in signficant eror in LVQ) [11 incremental Suppont Vector Maching (ISVM)
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(2], Learm+< [3], Stochassic Gradient Descent (5G0)
(4], Onlne Random Fomcas (ORF) (5], and Online
Seguental Bareme Learning Maching (O5-8000) (6] n
this anticle, the authors focus on the CS-SLM as R s a
MOodel that can be used in both classfication ang
rRgression ttsks and can also learn Quickly from the
inDut with a low computational cost which can be run
on low computing DOwer Cavices.

The structure of OS-ELM is Lie an Anfical Neural
Networks (ANN) with 3 single hidden layer, but its
leaming is unlike she ANN. The lsaming of OS-BLM
does Not use an Rerthe apDach suth as gracent
descent. but uses ndom weghts and calculased
waights by a recursive least sQuare mehod. In other
words, the weights Detween she inDut layer 303 Be
hidden layer ase randomiy assqned and have'a
conttant value over time and e weghss Detweed
the hidden layer and the outDut et use the
ReCurIive Ledt SCu0e mathos oo CALUE e vhiue
Stry tiMe & N SAMDLE & receed.

Although O5-ELM can incrementaitly leae from
O5-ELM regues & cenan amount of aampledasa o
intidlly tran the model The number of ths s
sample data must not be-less than the number of
nodes in the hidden layer [ 6] and the rumber of
nodes in the hidden layer alsa @ ecs e model
performance [7]. Therefore, & can be said that the
amount of intal taining Samole cat affecy the
performance of the model This Salrzattniothe
uSe of O5-ELM If sufficent and ACSU SATDIE S92
cannct be obtaned, o g.. load forecaming in New
Duildings ©f 3reas whire Sact Tty Jlige hal N
been recorded,

Several studies have Droposed a solution for the
problem of insuficent taining samples. For eample,
using data pooling for individual household load

101

forecassng [2-3], which collecss datasess from other
relevant sources and inds the sukable method to
choose some samples for vaining the model To use
$uCh 30 aporcach, one still has o collect some
catasets 10 e for training anyway. in [10], the
applcation of the Genentve Advenaial Network
(GaN) was presented 0 synthesize datd on electric
vehicle chargng. GAN is a deep learning model, which
s not surable for use in systems with low
computatonal resources. n [11], some data synthess
methods for training wind turbine power forecasting
models were presented. One proposed method
noise 0 inCrease the number of samples used 0 vain
2l LSTW model in [12], lcad forecasting was
Cratented using the OS-ELM model The inisal traning
samgies for the model were cbtained by uting the
dasa fom ehe St measure and added with 3 uniform
S0 Aoise O INCrease the number of samples.
@ ths-aporoach, a oad forecastng model can be
uSed 8§ 3yatem with low computational resources
BOC CBY D@ uSed onEng without needing any dataset.

The meod prasented in [12) uses uniform-
catuzon | | nOSE without considedng  Other
dissfhusion forms of nose. Therefore, in his article,
we présent 3 meshod of sample data generation for
OSELy Wainng the O5-ELW by adding noise with
Offerers POSs a8 shown in Fig. 1. The following
contenet are Sniced as follows: related works in part
2. methodology in DAt 3, &geiment and results in
00t &3NS Dan S s GiCUSEON and conclusion.



matimaruenesisnnion W16 oRdl ¢ undleu seen - e 2566

Tyr e wwghey
for imaal Taenng —
F s 3 [ T
/= =
W arenps
teminmy ymiem e b

[/ —

P ey

ror L

Figl  Vair poirt of 2 abcis

2. Related Works

21 Some incremenial models/algorhms
There are some incemental leasing
models/ algorshms ofien mentioned 0 =a0a
reiearch seudies as follows:
= incremenal Leaming Veor Quatiation
(LVQ) [1] 18 an increamental varsion of Leaming Vecwr
Quantzaton (LVQ) that uses the pringiple (of
Prototyped- based leaming (131, in the sigorhm,
checks whether the recened a5 Sifeens fram
the past cata that has been lpamec or fot
signficant differences are found, a new peotogDe il
be created. This allows the Model €0 work with
T incremental Sugpon Vesor Mashine (SVi)
[2). &5 like 3 Suppos Vector Machine [SWV), bt soma
incoming data are recorded and called the Candidats
Vector. The Candidate Vectoe May Deset as Sulport
Vector depending on the d¥arence Letveen the
newly recehed Gt and the exirting SuOD0t Vedsr.
O Leame - [3] uses the ersembls model
principle as Ada-bocst (1], consisting of sub-models
created Dy learning from past cata. Past cata where
the model failed t0 perform s mome Likely 0 e
chosen %0 tain the sub-model. Therefore, & is said
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that the model can learn fom migtakes 0 work with
e cranging dana

T seocrasc Gracent Descent (5G0) (4] i an
aeatve method for adjusting the model paameten
0 cptmize A0 cbjectve function. Bach paameter
aCjustment Can u3e only a facton of the sample data
0 e vaned, 50 5GD can De appled as incremental
leaming

T Ontine Random Forest (ORF) [] is 3 Random
Focecass model when S found hat the inDut data
i SFgrent from the past Cata that has alreacy been
leasmec The model will increase the number of vees
$0 work with this data. Thus, ORF can work with

I Crine seguential Bxveme Leaming Machine
{S5-5 (6] 5 an ncremental version of Extreme
Learning Machine (L) (18] which is characterized By
erermely fan leaming speed and low COMpDutation
cott. The deals of O5-LEM will be discussed in the
Ot DECEON.

22 Online Sequential Extreme Leaming Machine

(os-8La)

OS5 wis nteoduced by Y. Lisng in 2006, it &
fased on ELN and adds incremenzal leaming
cagatities The sruchure of O5-ELM 5 the same as
Feed-Forward Asfcal Neural Networls as shown in

Fguel

e - e g [ e -
R e - —-
Fg2 Stuctus of the 05U
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The weights Detween the inDut layer and the
hidden layer e assigned andomly and remain
CONTIANE Ovlr SME. ThE wiights Deteen the hidden
Wyer and the outDut iy dre Calculated in two
phases as follows:

1) Inital traning phase: For some N samples
(x,,¥,) and hidden layer has L nodes. The
relationship between X, and ¥, Can be Cescried 38
follows

y=Sheax,+8). j=123.N @

where & G R" e the waights in the inpue layer and
b aRare the bias in the input Layer, (). R—=Rz
an actvation function in the hicden layer, 394
B, €R"are the weights in the hidden layer E3uaon
(1) can be simplfied by weiting i as follows:

Y-Hp
whese
gax +d) - Mﬁ*ml

sz, +8) - gz Bk

L ek

The insial vaining is 0 calculase e B value as
in eguation (3), where x and Y ar¢ known from
training samples data.

p=K'H'Y wreeK=HH 1

fxand Y in the innal vaining samples have
small amount of have low dmensions, the B value
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Caloulated using the NOAMal eQuation as in eQuation
(&) will e faser than using the gracdient descent
mathod [16]. Numerous studies have demonstrated
that this leaming method performs as well as other
leaming algorehms, although the input layer uses
ANdom weights and bias values [17-18]

This method may encounter the numaercal
inssabisy protlem when H'H is non-inversinle. To
solve ths problem, &v0 main solutions were
proposed: the fist solution § using the Singular Value
Decomposaion (SVD) method 10 imvernse the matrx
HH[ 15]. The second soluton is t© use a
regulanzanon factor acding 1o the mavix HTH befcre
IMATION B3 Shown in eguation (&) [20).

K=H"H-i (@)

where L 5 3 wvery small value called the
raguiasizason factor and 1 is the identity maifac

&) -cremental leaming phase: This i the
peocess “or adiusting e B value 0 be sutadle to
the neuly receter mmple data as well as the
Srewdutly leaved data. The incremental leaming
ohase Lol the 04Ol of the recurtve leas 1ouare
mathod The wpdisted Deta value is a function of the
DPeS0us Dl value recursively as in equations (S) and
e

B.-P -K_H_ (¥ -H_$)

K, -K,+H_H,_+i &)
The subscrpton tseems k and k+] mfer 0 the
sample St in KT order and the sample data in
(= 1)™ order, respectaly. Where k=0 means the
value from the intal raning phase.
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2.3 OS-ELM without initial training sample

T™e ute of OS5 BLM mQuires sufcent and
aporopriate sample Cata ¢0 De used n the Nkl
training phase. in some Cases where ample Catd
cannct be obtained, for mample. load forecassng in
new buildings or areas that hine never colleced
electricity usage cata, ths makes the use of OSELY

To solve this problem reference [12] peoposed' s
method to use the O5-ELM without using the intal
training sample daza for load forecassng applicaton.
This method uses the fist lcad profile sample
obtained at startuD. This sample is added with some
noise value $0 Create endugh synthess sampley o
initial training as shown in Fig3.

1* sampie received

Y
b N ORYRINET:

3. Proposed Method

The nmnthesis load profle samole A intal
training of the O5-GLM presented in secson 2.3 3
craated Dy noise with 3 unform probablsy densey
functon (pdf). The anicle in section 2.3 &id not
expenment with other paf of noise, such as gaussan,
which is commonly used t0 Crelte augmented cata
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for sraining the deep leaming model Thesefore, this
aicle proposed the use of gaussan noise compared
0 the use of Unform noise 0 fynthesize sample data
for intal vaining of the O5-GLM. The algorithm for
syrthaszing the SaMple datd is Thown in Figs.

Adgea Wb e e by e m g

INPUT. e = 1 sl o doe ihae 15 scabend w0 value bevwooni, 1)
T T e epe—
PO - Mo potabebry decss™ Do iase

CUTIUT: oor_doe

Bgh 5-teszrg 2a%a oy cee sSdrg sporthm

From/ e algonthm in Fig. &, it Can be seen that
e Jit Lled 10 nyehesze the waning samples is
scaled =0 3 viioe Detween 0 and 1 and the noise
QEmem 3 38t Ty the user. This anicle uses & uniform
pat of noge wah & value Detween 0 and 1 as in
reference [12. The synthesis process uses uniform
AoiSe Comparad wish gaussian noise with a mean of 0
and 3 standard deisvon (s¢d) of 0.1, 0.5, and 1. The
0OSe 055 used 0TS arscle are shown in Fig.5 and
e eampies of Ioad profles data synthesized by
hat NiER 309 SN0 in Fig s
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4. Experimental

The &xperment in thi ancle wsed 1 cataset
called “Hourly Energy Consumption” from Wiggie.com
[21], which is an hourly load profile collecred from §
wtility companias in the samen Uniaed Seates. The
cataset will be used as sample dama for O5-ELM
learm. Sach sample is divided iNto two Dans: the InDut
part and the target Dart. The targee Dan i§ the hourly

T8 16 oAl & vmdindeu aevwn - R 2566 1%

load and the input part i§ the 24-hourty load value
before the target a5 $hown in Fig.7. We chose a 24
Pours tme lag as input because it has a high
autocorrelason value (220

afefs DO N 3 LK :-

 — :

el=ieieisiofefring o] ofe nf & of *jateganinfeis) E.
l;- _.

FgT Irput anc Target fom the dataset

The expesmental Drocess swnts with synthesaing
e sample dasa for inkial taining OS- LM based on
the Jigoehm in Figd. Then the OS-6LM forecass the
Mt BOurs [0ad LSing the Drevious 248 hours (oad as
Apet. ThE forecast load values and the actual load
vilu®s 0 the dawase: are compired. The maan
BEICAe DOTENENge @rOr [ MAPE) i3 used as an
e oF 05-5U peformance. The experment S
repsated o e following sample data as shown in
Fig. & The inival Faining samoles for OS-ELM in this
S0wiment LS8 noise with uniform paf and gaussian
Dofwith sid e0ual t50.1, 0.5, and 1. The expenment
is perfoemed oo T2 samples (72 hours) t0 evaluate
28 peformance of OS-ELM when startuD.

THs exoesment uses the O5-ELM model with 24
P nodes 80Ul 10 the dmension of the input data,
1 OOt Node egual o the dimension of the output
cata. 33 a hidden layer of 50 nodes obuained from
8 BOPIMEttal relult IRown A Fig B Fig 8 wat the
resit of using the O5- G model with different
numbers of hidden layers were used to forecast the
load of ASP data, and we found S0 nodes in the
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hidden \ayer provide the approprate actunacy and
tming.

To improve the accuncy of forecating, ohis
©periment B0 uses Bn ensemble model of 10 O5-
ELM models derived from the expermental resuls
shown in Fig. 9. Fig. 9 was a rescle of using di¥erere
numbers of models o forecast the load of the 48P
dataset We found that 10 models wee the
That &, the final forecast value was desved fom the
mean of all 10 models of forecast values as shown @
Fig. 11.

The synthesized algorthm in Fig. & shouid
generate 50 seu of sample oad profies as v
number of nodes in the hicden lyer, ik 4 e
minimum samples for initial leaming (6]

forec mtrg AP o Trre e
Tor A et At of oade © Sl ey
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in

St b =0
(rtal step)

Forecast load

ol siep kel

Sl Sreaetis of 10 0SE modsls

S. Results and Discussion

Table 1 shows the MAPE results of load
foracastng of the B utility datasets using different
noise DOfs, and the bottom row of the table thows
e botrage values of MAPE from all datasets.
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Table 1 Expesmentsl msuits
MAPE when using aach oo of noise (%

Dataset Gouasien Goumie Gaussen

— Nde01 NilS Ndel
agp 208 198 a1 za
coven L Lar 180 2%
DAYTON 278 280 245 289
oEoK 199 1 22 1%
ouQ 258 310 24 288
BeC 36 as7 513 293
S 231 267 2% 299X%3
N 168 170 161 P-4

From Table 1, f considering each Sauset the
MOt SCCurate IS ghussan D' NOBe wih 3 RINCEd
devation eoudl t0 0.8 ghvas the MOIE KCCUaeE
forecast for the four datasets: DANTON, DO OUQ.
and NL The second most ICCumse 4 phussan paf
NOise with 3 standard Ofviltion egual o 0.1 which
yielded the mos: accufice foresas for 3 Caasess
AEP, COMED, and DEOK. SupDose the avemnge MAFE
of all 9 dasasets s considered, the gaussan pof noise
with 5¢d. egual 20 0.5 sl the moRt accoae with an
average MAPE of 2.25%, followed by the wnform paf
noise with an average MARPE of 2.28%,
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Fig1é Foecases ioas 2 sl o8I whan ang
Gaussian noise with std = 1

This experiment found thet i gausse~ pdf
roise to pymtherTe the ntel Tarirs deteret oy the
O5-ELM would sllow sne mast fracesting scouasy
To aschieve the most Torecasting sccumecy. sn
sporopriste standerd devietion must e selected. =
this case, the standerd deviation oF 0.5 & selected
meaning there is 8 $5% probeblRy that the nofse will
range between -1 and 1. In this experiment the loed
profila dets is scaled %o & mange of 0 % 1, then
Gaussian pof noise with » standerd devistion of 0.8 s
sporoprste 1o synthesse the g date
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The use of unform pc¥ noite to synthetze the
mtisl tammng detaset resulted im slightly low
forecasting sccuracy then using 8 Geussian pdf noise
with 0.5 standerd devistions. However, the use of the
wunfzrm paf maise stll had higher foracasting asccuracy
than the geussian 5oF naise with standard devistions
of 0.1 and 1. The reascns are s follows: Gaussian pdf
noise with the standerd cevistion of 0.1 has low
Saserson, making e symtheszed sample cata look
smiler, causimg the model to mave over-ft rotlems.
Geussian pcf noise with the standerd devistion of 0.5
ez high dispersed making sy=thesized semple data
(oo & ere~t that ¢ cant represent the real cata,
cocumy the model 1o have underft problems

6. Concluson

. somclusion, choosing & noise to creste »
Sptaset for the intal taining of the O5-ELM requires
an sporogviate £ pattern. In this experiment, the
geussian pof rsise with @ standerd deviation of 0.5
2nd the unForm pc noise are the sppropriste pof
sattern F rarouiy dizerses moie & selacted the
nynthess amples will be very similer, causing the
rmodel o heve an oversit problem. ¥ wide dispersion
no-se s selacied, the synthesis sample will diFfer too
muchifrom tha sctusl dats, causing the model to
have 82 underst problem.
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Learning Model for Net Load Forecasting
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ABSTRACT
This paper presents hourly net load forecasting, which
is the forecasting of the difference between the hourly
power demand and the hourly power profile of the
Photovoltaic (PV) system, which is the load that the utshty
should supply to the consumer. Three forecasting models
are compared. The first model represents Long Short-Term
MM(LSTMLMbM\!wadmpm
del. The d 1 is the Fully Online Sequential
Elmme meg Machine (FOS-ELM), which is an
ing model that does pot require imitial
training data.  Online il Extreme Leammg
Machine (OS-ELM) is the third model that can be leamed
incrementally like FOS-ELM. In addition, a method for the
initial training of the OS-ELM model was proposed by
taking the first sample from the studies 1o synthestze &
sufficient number of samples for the nitial truning of the
OS-ELM model. It was found from the expernmnent that in
the case of fixed PV penctration rate, the LSTM model had
slightly lower of error in forecasting than the other two
models. In the case of increasing PV penctration rate, the
FOS-ELM, and OS-ELM models had significantly lower
errors in forocasting than the LSTM model. When
companng only the OS-ELM model using the proposed
method with the FOS-ELM model, it was found that the
OS-ELM model gave lower emors in forecasting than the
FOS-ELM model bocause it wis initially trained by the
synthetic sample properly.

Keywords: Net Load  Forocasting, Incremental
Learning, Online Sequential Extreme Leaming Machine,
Data Augmentation

L INTRODUCTION

In the past decade, the world has paid greal aftention
to the climate change problem and one of the most popular
solutions is 1o use electncity generated from photovoltaie
(PV) systems. Global PV increased from 584 GW in the
year 2019 10 843 GW in the year 2022 [1] or a 44%
increase over three years. The increase in PV systems,
instability problems in the power system [2]. The high
penctration rate of PV results in changing of the load
profile as shown in Fig 1. The changing of the load profile
from the utility pomnt of view causes errors in the

conventional Joad forecasting method. Error in load
forecasting can cause some mistakes in power system
and that can affect power system
reliability [3]. From Fig. 1. the PV power supplics the load
for some periods while the rest of the load is supplied by
the utility called net load profile or “net-load”. To reduce
the impact of PV penctration on the power system. one
popular approach is PV power forecasting [4). PV power
forecasting is used in conjunction with Joad forecasting as
net load forecasting. There are two main approaches for
net load forecasting [3]: The first approach is scparate
g, which uses 2 models separately for PV power
forecast and load forecast and calculstes the net load as
different between load and PV power. The second
approach is direct forecasting, which uses only | model 10
forecast net load directly. Subsequently, research has
shown that direct net load forecasting s more accurate than
separate forecasting [6]).

-
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Fig.1: Load Profile with PV Penetration

There is some net load forecasting article presented,
for example in [7], which compares net load forecasting

with- 7 machine learning models: Artificial Neural
Network (RNN), Extreme Gradient Boosting (XGBoost),
k-Nearest Neighbors (KNN), Random Forest (RF),
Recurrent Neural Network (RNN), Vector
Rm (SVR) and Naive Persistence Models (NPM).

The experimental results show that the RF model has the
highest forecasting accuracy due to the ensemble structure
and the second most accurate model is the RNN model,
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articles using deep leaming models for load

including Long Short-Term Memory (LTSM) [8] and Gate
Recurrent Unit (GRU) [9), which are models that can work
with time series data better than ordinary machine leaming
models. All of the aforementioned models must use
histonical data to train the model. If there are changes in
the electnical system, such as the increase of PV systems
and electric vehicle chargers, which cause electricity
consumption patterns to differ from the historical data used
in model training, some errors will occur in forecasting. As
in [10]. the net load forecasting is presented by using the
Adaptive Neuro Fuzzy Inference System (ANFIS) model
and comparing the forecasting error when the PV system
penetration ratio is increased. It was found that the error in
forecasting is higher when the penetration rate is changed,
but the article does not present some solution.

Toad&m!hi:pmbkmlbcmhuspcwdn
incremental model, a model that can learn from
the newly received data and adjust itself during operation,
as shown in Fig. 2. Examples of incremental models such
as Incremental Support Vector Machine (ISVM) 117,
Online Random Forecast (ORF) [12). Incrementsl
Learning Vector Quantization (ILVQ) [13]. Leam++[14].
Stochastic Gradient Descent (SGD) [15]. and Online
Sequential Exin Leaming Machine (OS-ELM) {16}
This rescarch focuses on the OS-ELM model, bocause it
has a low computational effort, then it can be used on g
low-resource device such as microcontrollers in ordinary
smart meters.

forecasti

Actual value for model to
“inctemental keam™

Fig.2: Concept of Incremental Learning Mode!

The OS-ELM model 15 a single hidden laver feed-
Mmlmum‘uum.wm
like gradient descent to model parameters. This
allows the OS-ELM model for fast learning. low

cost, and high securacy for uncomphcated
tasks [17]. In reference [18], rescarchers use OS-ELM to
forecasts PV power compared to ELM which uses
empirical mode decomposition (EMD) acting as feature
extraction. The result shows that the OS-ELM has higher
sccuracy than the ELM with EDM. In reference [19], the
rescarchers present load forecasting by using k-MEAN
clustering to group load profiles and use cach OS-ELM 1o
forecasting each group of load profiles. The result shows
that the grouping of data before sending it to each OS-ELM
1o perform is better than using OS-ELM alone. However,

qun'r d of for ting b
sample with zero nluc This paper presents another
without

* Onlin¢ Random Forest (ORF) [12] s a Random
Forecast algonthm when the input data differs from
the previously leamed past data. The ‘trees’ of the
model will be increased 1o work with this data. Thus,
ORF can work with changing data without forgetting
the past dats.

o Stochastic Gradient Descent (SGD) [15] is an
algonthm in which the model parameters are changed
teratively 1o maximize an objective function. SGD is
neremental learming because the model can adjust
e parameters every time it receives new sample data
10 learn.

e Leamt+ [14] utilizes the ensemble model approach
like Ada-boost {22]. It is made up of sub-models
developed through learning from past data. It is more
tikely that the past data where the model
underperformed will be used to train the sub-model.
As a result it is claimed that the model can adapt to
changing mput data.

& Incremental Support Vector Machine (ISVM) [11] is
like a Support Vector Machine (SVM), but some
incoming data are recorded and called the Candidate
Vector. Depending on the discrepancy between the
newly received data and the current Suppont Vector,
the Candidate Vector may be promoted to Support
Vector.

113



e Incremental Learming Vector Quantization (ILVQ)
[13] s an incremental version of Leaming Vector
Quantization (LVQ) that applied the Prototyped-
based leaming concept [23]. A new prototype will be
created if there are significant discrepancies between
the received data and the previously leamed data.
This enables the model to operate on newly received
data without losing track of learned data.

¢  Online Sequential Extreme Learning Machine (OS5
ELM) [16] 15 an mncremental version of Extreme
Leaming Machine (ELM) [24] It has 2 very high
leaming speed and a low cost of computing suitable
for implementation in edge devices. The details of
OS-LEM will be discussed in the next section.

22 Online Sequential Extreme Learning Machine
(OS-ELM)

OS-ELM is an incremental leaming algorithm, which
was proposed by N.Y. Liang [16]. It 5 an incremental
leaming version of the Extreme Learning Machine [23]. It
is applied to a single hidden layer feed-forwand ncural
network as shown in Fig. 3.

AN He
u.uw.'.uunvm Weights ' are dircctly
randomly generated and fived.  calkoulated while learning.

Fig.3: Structure of OS-ELAM

The input laver weights and bisses sre randomly
generated and don't change over time. The outpur weights
are directly calculated not usmg an serstive approach as
the gradient descent with 2 steps as follows:

1) Initial raining phase: For a model with L nodes i
a hidden layer and some N training samples (x;, y;). The
connection between a and b is explained as follows:
yi=ZhiBig@x +b). |=123..N )
where g(...):R—=R is the hidden layer activation
function 8 is the hidden layer weights a and b is the input
layer weights and bias respectively. Equation (1) can be
written more simply as follows:

Y =Hp )

where
“ I:-.:._*-b.) I(’L‘:_‘”NJI
axy+by) o glagxy + bl

IIII ly{‘I
g=|: and Y= |13
‘I L=m ,; Nem

The purpose of the initial training phase is to
determine the value of § by using equation (3), where the
x and y values are known from the initial training sample.

B=K'H'Y where K=H"H @)

When the initial training samples are tiny in size or
have low dimensions, the gradient descent approach wall
take longer to determune the value than the normal
eqmm[zs] Despite the input layer using random
weights and bias values, numerous studies have shown that
Mw&mmmnwﬂmmm
other leaming algonthms [26-27].

When H'His not invertible, this algorithm will
encounter the numerical instabality sssue. There are at least
two methods to solving this problem, the first is to invent
the HTH using the Singular Value Decomposition (SVD)
method [28]. The second method is adding a regularization
factor A to the HTH before mversion. as shown in equation
14) [29).

K=H'H+l 4)
where 4 15 a very small value called the regularization
factor and [ s the identity matnx.

) Incrementsl leaming phase: the purpose of this
phase = to adjust the B value according to the newly
received sample without forgetting the past leamed

The recursive concept is applied to equations (3)
and (4). la the imtial phase, the OS-ELM calculates the
Bo=K: HiY whete K, = HEHywhich subscript 0
means rotnd 0 of leaming or the initial training. When new
sample(s) data has amived causing the value of the matrix
Hund Ychange, the OS-ELM adjusts the 8 as follows:

Byer = By "'x;:;“:.;(‘.lu =Hy, B
where Ky, = Ky + ""t'u“kol (B3]

(5). where it is observed that the updated B values are a
function of the previous B values, which means the model
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can learn and adjust its parameters from a newly received
sample without forgetting the past learned sample. The
subscription term k means sample in k® order and the
subscription term k + 1 means sample in (k+1)® order.
Where k=0 means the value from the instial training
phase.

23 Fully Online Sequential Extreme Learning
Machine (FOS-ELM)

The application of OS-ELM = construned in some
situstions where initial sample data cannot be obtained,
such as load forecasting in brand-new structures or
regions that have never gathered electricity usage data. To
solve this problem. FOS-ELM was introduced in
reference [20] by setung By = 0 and Ky = 0, in other
words, it s mnitial training by a sample that s equal 10
zero.

3. PROPOSED METHOD

Using OS-ELM without the initial traning samples
proposed here was inspired by data augmentation in the
deep leaming ficld [21]. This method starts by receiving
the first sample from actual use (input and output 1o be
predicted) and synthesizing additional samples by adding
noise 10 received samples as shown in Fig. 4.

a=g*

nyn_samplefn]l] =
datals] = rand[1]*0 1*darals)

Fig.4: Flowchart of the Proposed Method

The flowchart in Fig.4 can be described as follow:

1) Receiving a sample from an actual working area
and setting the dimensions of the deswred synthetic
samples. In this case, the dimension is set to 25 (24 mput
and one target value).

2) Setting the number of synthetic samples required
for initial training of the OS-ELM model. In this case, 50
samples are required, which oquals the number of nodes in
the hidden layer of the OS-ELM modcl.

3) Randomizing a number between 0 and | using the
uniform probability density function so that all numbers
have an equal likelihood 1o occur.

4) Creating a new sample data by adding a random
value obtained from step 3 1o the sample data obtained
from step 1. Before adding. such random values must be
adjusted 1o not exceed 10% of the sample data. So that the
new sample data is not 1oo different from the onginal until
the model predicts values incomectly.

%) Repeating steps 3 and 4 unul all dimensions of all
synthetic samples are obtamed.

6) Splitting the ssmples obtsined from step § into
inpat and target for initial training of the OS-ELM model.

Synthesis 1
!2
Actual _.E: SV
M - =
gg: ;] :"' ?.
30 "\.'i:_lﬁ'_ ;2 32 Synthesis n
~-> T3
i

Howr
Flg.$: Example of Actual and Synthetic Samples

Fig. 5 shows some parts of the synthesized sample, it is
found that the synthesized samples are different from the
real sample but have the same pattern.

4. METHODOLOGY

The experiment in this article compares the nct load
forecasting of the OS-ELM model which does not require
data in the imitial training method presented in the previous
training sample, and the LSTM model, 3 deep leaming
model without incremental leaming. In this expeniment,
the dataset used is described in "Solar Generation and
Demand Italy 2015-2016" [30]. which presents the hourly
electricity consumption and generation of PV systens in
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Italy in the period 2015-2016. The three models mentioned
above were used to forecast the net hourly load for 2016.
Data from 2015 was used 1o train the LSTM model, while
OS-ELM and FOS-ELM were trained from 2016 data. In
addition, this article also divides the expenment into 3
SCCNATos:

1) bascline penctration, in which the penetration rate
is constant at about 20% based on the dataset,

2) low growth penetration, in which the penetration
rate increases from the dataset by 3% every quarnter from
the 2* quarter, and

3) high growth penctration is the scenano where the
penetration rale increases from the data set by 10% every
quarter from the 2 quarter. The penctration rate is defined
as in (6). In scenanos 2 and 3, we modified the PV power
output in the 2016 dataet according to the penctration rate
described sbove. The expenimental methods and datasets

used are summanzed in Table 1.
— Peak PV Power (kW)
Penetration rate = Peak Lood (W) (6)

Table I: Dataset Used in Eack Scenario

OSELM
Scenario FOS- | with the
Model e ELM | proposed
method
Bascline | Train by the
r““"o“""'l 3:".5‘2““’20“[‘: Test on the 2016 dataset
| datase) | dutaset
Low th
Tl RS
2015 andlesU} pog o0n che 2016
on the 2016 ]
growth sond modification
penetration | modification

To forecast the hourly net load, the houdy net loads of
the last 24 hours were used as input. Therefore, the data in
the dataset is peovided 35 mput and target samples for
training the model. The target value in each sample will be
the net koad of | hour and the input value for each sample
will be the hourly net load 24 hours before the target valuc
as shown in Figure 6.

* sample
204 sample

dE

(]

(]

input

wget []  [] [2] eee

Fig.6: Dataset Provided as Input and Targes Samples

The structure of the OS-ELM and FOS-ELM in this
i are ensemble models consisting of sub-models

experiment
with 24 nodés for the input layer and | node for the output

Layer. For the number of nodes in the hidden layer, 10, 20,
50, and 100 nodes were tested, and 10, 20, 50, and 100 sub-
models were tested in the bl del. Therefore. a
sub-model with 50 nodes in the hidden layer and 10 sub-
models in the ensemble model was selected s Fig 7,
which s & compact structure with high accuracy. The OS-
ELM and FOS-ELM models were implemented in Python
tanguage and run on the Spyder IDE. The LSTM model
has been smplemented in the TensorFlow platform by
experimenting with the number of units 1, §, 10, 50, and
100. The output from the LSTM passes through the 1 node
in Dense Layer. The number of units was set at 30, which
i 4 very scourate structure (sce Fig. 8).

1" OS.ELM/ FOS ELM

Fig.7: Ensemble of OS-ELM/ FOS-EIM in This
Experiment
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5. RESULT AND DISCUSSION

The expeniments descnibed in the previous section
were performed using the Mean Absolute Percentage Ertor
(MAPE) as the performance index of each model for net
load forecasting. The MAPE can be calculated by equation
(7). The MAPE was measured for the whole year and
quarterly in the dataset 1o observe the trend of the model
incrementally learning and adapting itself 10 lower MAPE
values.

MAPE = 52;,"+""' m

where:

A is the actual value

F; 1s the forecast value

n is the total amount of data.

Baseline Sovnario

P

It Quarver Tndd Quusrter 3o Quirter Sl Qosivtes|
SLSTM S FOSELM . * Fropesid

Fig.9: Result of Baseline Scenario

Fig. 9 shows the MAPE valucs of the net load
forccasting in a constant penctration rate scenario. It
can be scen that the MAPE of the LSTM model is
nearly equal across all quarters because the model
was trained from the last whole year's samples. The
FOS-ELM model has a high MAPE in the 1* quarter

training causing overfit problem. In the 2™ to 4*
quarter, the FOS-ELM model has a lower MAPE than
the LSTM model duc to the ability of incremental
lcaming from the newly reccive samples that are
closer to the real situation than the traimi

in the LSTM model. When 1 the whole
year, FOS-ELM still has a higher MAPE than LSTM
duc to the high MAPE in 1% quarter. The OS-ELM
model with the initial training method as proposed
has MAPE similar to the FOS-ELM model i.c., high
in the 1™ quarter and decreasing until lower than the
LSTM model in the 2™ to 4* quarters, but MAPE for
the whole year is still higher than the LSTM model.
However, when comparing the FOS-ELM model and
the OS-ELM model, it found that the MAPE valuc of
the OS-ELM model is lower than the FOS-ELM
model in every quarter. This is because the OS-ELM
model used a sufficient number of synthetic samples
for the inial training which can reduce the overfit

problems.
Low Growth Peactratin Scenarie
‘,"
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Flig 10: Result of Low Grawth Penetration Scenario

Fig. 10 shows the MAPE values of the net load
forecast i the low growth penctration scenario where the
penetration rate increases by 5% cvery quarter (starting
from the 2™ quarter). Tt con be seen that the LSTM model
has significantly increased the MAPE in the 3% 1o 4%
quarter when the rate increases by 10-15%. In
other words, If the data changes by 10% or more, the
LSTM model is highly insccurate. This is because the
training ssmiples are different from the actual data that the
model has 1o forecast. The FOS-ELM model has a high
MAPE in the 1 quarter due o msufficient traning
samples. But in the 2* 10 4* quarters, the MAPE value will
drop to significantly less than the LSTM model because
the FOS-ELM model can adapt 1o situstions where the
environment changes. The OS-ELM model using the
lower than the LSTM model in the 20d to 4th quarter,
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similar 1o the FOS-ELM model. By comparing to the FOS-
ELM model, the OS-ELM modcl has lower MAPE values
in every quarter because the initial training by enough
synthetic samples allows the model to adapt faster and
reduce overfit issues. In addition, from Figure 10, it can be
noticed that the MAPE of FOS-ELM and OS-ELM in the
3rd quarter 1s higher than in the 2nd quarter due 1o the
summer season when PV systems have higher power
output. This resulted in a greater change in net load
causing the model 10 have a high MAPE before adjusting
10 a lower MAPE in the following quarter.

o High Growth Penctration Scenario
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Fig.11: Result of High Growth Penetration Scenario

Fig. 11 shows the MAPE values of the net load
forecast in the high growth penetration scenarnio where the
penetration rate increases by 10% every quarier (starting
from the 2* quarter). It can be seen that the LSTM mode!
significantly increases the MAPE value from the 2 10 4%
quarter, which i consistent with the results of the low
growth penctration scenanio. That is, if the data changes by
10% or more, the LSTM model will have a significantly
high error in forecasting. As for the FOS-ELM and OS-
ELM models, MAPE is higher in the 1" quarter and
decreases 1o lower than the LSTM model, similar to the
above 2 scenanos. This s because both models have
incremental learning abulity even in siustions where the
environment highly changes from the prev leaned

penetration
scenario, it found that the MAPE of both models has higher
than that of the high growth penetration seenario. Ths is
because the higher penetration rate caused & large change
in the net Joad then the forecasting error duning the model
incremental leam and adjust itself sre also high. From the
3 scenarios mentioned above, it is found that the FOS-
ELM and OS-ELM models have a high MAPE valoe st the
beginning of working. To mitigate this problem, there is &
paper that presents a method that can help the model
achieve lower forecasting error at the beginning called the
Re-Learning Method [31].

MAPE for whole year in ecah scenario
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Fig. 12: MAPE for the whole year in each scenario

Fig.12 shows the annual MAPE trend for the net load
forecasting of all 3 models in the 3 scenarios. It is found
that the LSTM model has a significantly higher forecasting
error if the penctration rate has changed. Because the
model is trainad by samples that are different from the data
in the real situation. In the incremental leaming models
such as FOS-ELM and OS-ELM, the change in penctration
rate has less effect on MAPE than on the LSTM model.
Because the FOS-ELM and OS-ELM meodels can adjust
themselfl according to environmental changes, in other
words, the FOS-ELM and OS-ELM models are more
robust than the LSTM models. When comparing the FOS-
ELM model and the OS-ELM with the initial training
method as proposed. it is found that the OS-ELM model
always bas a lower forecasting error because the OS-ELM
model used a sufficient amount of synthetic samples based
on the actusl sitsation for initial training, so there s less
overfit problem than the FOS-ELM model that starts from
zero.

From the experiment of the net load forecasting of
LSTM. FOS-ELM. and OS-ELM models with the
mahod.it'mfhndﬂnlhhmioof
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computational cost that is suitable for implementation on
edge devices.
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