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Ab strac t — Ele c tric  loa d fore c a sting  (ELF) is a  vita l proc e ss in the  pla nning  of the  e le c tric ity industry a nd pla ys a  

c ruc ia l role  in e le c tric  c apa c ity sc he duling  a nd powe r syste ms ma na g e me nt a nd, the re fore , it ha s a ttra c te d 

inc re a sing  a c a de mic  inte re st. He nc e , the  a c c ura c y of e le c tric  loa d fore c a sting  ha s g re a t importa nc e  for e ne rg y 

g e ne ra ting  c apa c ity sc he duling  a nd powe r syste m mana g e me nt. This pape r pre se nts a  re vie w of fore c a sting  

me thods a nd mode ls for e le c tric ity loa d. About 45 a c ade mic  pa pe rs ha ve  be e n use d for the  c ompa rison ba se d 

on spe c ifie d c rite ria  suc h a s time  fra me , inputs, outputs, the  sc a le  of the  proje c t, a nd va lue . The  re vie w re ve a ls 

tha t de spite  the  re la tive  simplic ity of a ll re vie we d mode ls, the  re g re ssion a na lysis is still wide ly use d a nd e ffic ie nt 

for long - te rm fore c a sting . As for short- te rm pre dic tions, ma c hine  le a rning  or a rtific ia l inte llig e nc e - ba se d mode ls 

suc h a s Artific ia l Ne ura l Ne tworks (ANN), Support Ve c tor Ma c hine s (SVM), a nd Fuzzy log ic  are  fa vore d. 

Ke y  wo rds — Ele c tric  loa d fore c a sting ; Mode ling  e le c tric ity loa ds; Me thods a nd mode ls of fore c a sting . 

I. INTRODUC TION

Ele c tric  is a  c le a n a nd  e ffic ie nt so urc e  o f e ne rg y, whic h p la ys a n irre p la c e a b le  ro le  in o ur d a ily 
life  [1]. The  sig nific a nc e  o f e le c tric ity ha s b e e n inc re a sing  d ra stic a lly re c e ntly [2], a nd  the re fo re  it ha s 
b e c o me  a n e sse ntia l sub je c t in re se a rc h [3]. Be sid e s, e le c tric  p o we r is mo re  suita b le  a nd  e ffic ie nt fo r 
the  re q uire me nt o f e nviro nme nt-frie nd ly so c ie ty c o mp a re d  with o the r tra d itio na l so urc e s o f e ne rg y 
suc h a s na tura l g a s, c o a l, a nd  o il [1]. Ho we ve r, e le c tric ity a s a  p ro d uc t ha s d iffe re nt c ha ra c te ristic s 
c o mp a re d  to  ma te ria l p ro d uc ts sinc e  it c a nno t b e  sto re d  in b ulk a s it sho uld  b e  g e ne ra te d  a s so o n 
a s it is d e ma nd e d  [2, 4]. Also , the  d e ma nd  p a tte rn o f e le c tric ity is c o mp le x d ue  to  the  d e re g ula tio n 
o f e le c tric ity ma rke ts suc h a s e le c tric ity o ve rsup p ly a nd  sho rta g e , whic h c o uld  le a d  to  ina c c ura te  
fo re c a sting  a nd  c a use s sig nific a nt fina nc ia l lo ss [3, 4]. Mo re o ve r, the  g lo b a l e le c tric ity d e ma nd  is 
e xp e c te d  to  multip ly with inc re a sing  p o p ula tio n a nd  living  sta nd a rd s imp ro ve me nt. Also ,  e c o no mie s 
e xp a nd  a s we ll a s using  hig h-p o we r e le c tric a l a pp lia nc e s a nd  d e ve lo p ing  te c hno lo g y suc h a s sma rt 
g rid s, e le c tric  c a rs, a nd  re ne wa b le  e ne rg y p ro d uc tio n. All the se  fa c to rs ma ke  it d iffic ult to  ma na g e  
the  p o we r syste m [3, 5, 6]. He nc e , it is ne c e ssa ry to  p re d ic t the  ne e d s/ lo a d s o f e le c tric ity in a d va nc e  
a nd  b e fo re  d e c id ing  o n the  g e ne ra tio n o f it [7]. 

Ele c tric  lo a d  (EL)/ d e ma nd  fo re c a sting  is a  vita l p ro c e ss in the  p la nning  o f the  e le c tric ity ind ustry 
[4] a nd  p la ys a  c ruc ia l ro le  in the  o p e ra tio n o f e le c tric  p o we r syste ms [3]. The  e le c tric  p o we r lo a d
fo re c a st is hig hly re la te d  to  the  e c o no my's d e ve lo p me nt, a nd  it is a lso  re la te d  to  na tio na l se c urity
a nd  the  d a ily o p e ra tio n o f so c ie ty [5]. The re fo re , the  a c c ura c y o f e le c tric  lo a d  fo re c a sting  ha s g re a t
imp o rta nc e  fo r e ne rg y g e ne ra ting  c a p a c ity sc he d uling  a nd  p o we r syste m ma na g e me nt [1], a s
the se  a c c ura te  fo re c a sts le a d  to  sub sta ntia l sa ving s in o p e ra ting  a nd  ma inte na nc e  c o sts, a nd
c o rre c t d e c isio ns fo r future  d e ve lo p me nt [4]. Furthe rmo re , e le c tric  p o we r lo a d  fo re c a sting  re p re se nts
the  initia l ste p  in d e ve lo p ing  future  g e ne ra tio n, tra nsmissio n, a nd  d istrib utio n fa c ilitie s [8]. Ho we ve r,
the  a c c ura c y o f e le c tric  lo a d  fo re c a sting  (ELF) c a nno t o fte n fulfill o ur d e sire d  re sult b e c a use  it is
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influe nc e d  b y va rio us unc e rta in a nd  unc o ntro lla b le  fa c to rs suc h a s e c o no mic  d e ve lo p me nt, huma n 
so c ia l a c tivitie s, c o untry p o lic ie s, a nd  c lima te  c ha ng e  [9]. 

So  fa r, the re  is no  p re c ise  sta nd a rd  fo r c la ssifying  the  ra ng e  o f lo a d  fo re c a sts [3]. Ho we ve r, so me  
a utho rs ha ve  d ivid e d  lo a d  fo re c a sting  in te rms o f the  p re d ic tio n d ura tio n into  thre e  c a te g o rie s [4, 6, 
10, 11]: sho rt-te rm fo re c a sts, me d ium-te rm fo re c a sts, a nd  lo ng -te rm fo re c a sts. Othe r re se a rc he rs g o  
fo r c la ssifying  lo a d  fo re c a sting  into  fo ur g ro up s [3, 12-14]: lo ng -te rm fo re c a sts, mid -te rm fo re c a sts, 
sho rt-te rm fo re c a sts, a nd  ve ry sho rt-te rm fo re c a sts, a s fo llo ws: 

• Lo ng- te rm lo ad fo re c asting  (LTLF): is fo r mo re  tha n o ne  ye a r to  20 ye a rs a he a d . This typ e  o f fo re c a st 
is fund a me nta l fo r stra te g ic  p la nning , c o nstruc tio n o f ne w g e ne ra tio ns, a nd  d e ve lo p s the  p o we r 
sup p ly a nd  d e live ry syste m (g e ne ra tio n units, tra nsmissio n syste m, a nd  d istrib utio n syste m). 

• Me dium- te rm lo ad fo re c asting  (MTLF): is usua lly fo r a  we e k up  to  a  ye a r, whic h is use d  fo r 
ma inte na nc e  sc he d uling  a nd  p la nning  fue l p urc ha se s a s we ll a s e ne rg y tra d ing  a nd  re ve nue  
a sse ssme nt fo r the  utilitie s. 

• Sho rt- te rm lo ad fo re c asting  (STLF): is fo r inte rva ls ra ng ing  fro m o ne  ho ur to  a  we e k, it is ve ry imp o rta nt 
fo r d a y-to -d a y o p e ra tio ns o f a  utility, sc he d ule  the  g e ne ra tio n a nd  tra nsmissio n o f e le c tric ity. 

• Ultra/ ve ry  sho rt- te rm lo ad fo re c asting  (VSTLF): ra ng e s fro m a  fe w minute s to  a n ho ur a he a d  a nd  is 
use d  fo r re a l-time  c o ntro l. 

Altho ug h nume ro us fo re c a sting  me tho d s a nd  mo d e ls we re  d e ve lo p e d  to  c o mp ute  a n a c c ura te  
lo a d  fo re c a sting , find ing  a n a p p ro p ria te  fo re c a sting  mo d e l fo r a  sp e c ific  e le c tric ity ne two rk is no t a n 
e a sy ta sk, a nd  no ne  o f the m c a n b e  g e ne ra lize d  fo r a ll d e ma nd  p a tte rns [4, 9, 15]. Ba se d  o n [1], 
e le c tric  lo a d  fo re c a sting  mo d e ls c a n b e  d ivid e d  into  two  typ e s:  

• multi- fac to r fo re c asting  me tho ds, a nd   

• time  se rie s fo re c asting  me tho ds.  

The  multi- fac to r/ c ro ss- se c tio nal fo re c asting  me tho d fo c use s o n the  se a rc h o f the  c a usa l 
re la tio nship s b e twe e n d iffe re nt influe nc ing  fa c to rs a nd  fo re c a sting  va lue s. On the  o the r ha nd , the  

time  se rie s fo re c asting  me tho d is d e p e nd ing  mo re  o n the  histo ric a l se rie s. Ac c o rd ing ly, lo ts o f 
re se a rc he rs turn to  utilize  the  time  se rie s fo re c a sting  me tho d  to  fo re c a st e le c tric  lo a d  to  a vo id  the  
c o mp lic a te d  a nd  no n-o b je c tive  fa c to rs tha t mig ht e ffe c t o n e sta b lishing  a n a c c ura te  fo re c a sting  
mo d e l using  a  multi-fa c to r fo re c a sting  me tho d . Thus, the  time  se rie s fo re c a sting  me tho d  is muc h 
e a sie r a nd  q uic ke r. The  mo st fre que ntly  and wide ly  use d time  se rie s fo re c asting  mo de ls c a n b e  
d ivid e d  into  thre e  sub c a te g o rie s [1]:  

statistic al mo de ls,  

mac hine  le arning  mo de ls, a nd   

hybrid mo de ls. 

       The  ma in c o ntrib utio n o f this p a p e r is b e lie ve d  to  b e  e nric hing  the  e xisting  lite ra ture  a b o ut 
e le c tric  lo a d  fo re c a sting , with the  ma in e mp ha sis to  c o mp le me nt the  e xp la na tio n g ive n in a lre a d y 
p ub lishe d  re vie w p a p e rs fro m the  fie ld . In this c o nte xt, the re  ha ve  b e e n thre e  mo st imp o rta nt p a p e rs 
d e te c te d  a b o ut a  c o mp re he nsive  re vie w re g a rd ing  the  me tho d s, mo d e ls, a nd  d iffe re nt 
me tho d o lo g ie s a b o ut the  e le c tric  lo a d  fo re c a sting  [16-18]. Fo ur re vie w p a p e rs d isc uss a b o ut the  
c o mp uta tio na l inte llig e nc e , d a ta  mining , a nd  ma c hine  le a rning  a p p ro a c he s in the  ELF fie ld  [19-22], 
while  the  two  p a p e rs a d d re ss a  lo ng -te rm ELF c o mp re he nsive ly [23, 24]. One  p a p e r is e ntire ly 
d e d ic a te d  to  the  sho rt-te rm ELF o nly [25], while  the  wo rk o f We ro n [26] fo c use s its a tte ntio n to  the  
sta tistic a l a p p ro a c he s fo r mo d e ling  a nd  fo re c a sting  e le c tric ity lo a d s a nd  p ric e s. Fina lly, the  re vie w 
a nd  a na lysis o f ma c hine  le a rning  a nd  re g re ssio n mo d e ls re la te d  to  c o mme rc ia l b uild ing s a re  
p re se nte d  in the  p a p e r o f Yild iz a nd  his c o lle a g ue s [27].   

The  re st o f the  p a p e r is o rg a nize d  a s fo llo ws. In the  ne xt se c tio n, the  mo st fre q ue ntly use d  me tho d s 
a nd  mo d e ls o f lo a d  fo re c a sting  in the  lite ra ture  a re  b rie fly e xp la ine d . Se c tio n III a p p lie s the  
me tho d o lo g y use d  in this wo rk. In Se c tio n IV, the  re se a rc h find ing s a nd  re sults a re  d isc usse d  a nd  
a na lyze d . Fina lly, in Se c tio n V, the  c o nc lusio ns o f the  p a p e r a re  g ive n. 
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II. THE LITERATURE REVIEW 

In this se c tio n, the  mo st wid e ly use d  me tho d s a nd  mo d e ls in the  a re a  o f e le c tric  lo a d  fo re c a sting  
a re  b rie fly d isc usse d  b y re vie wing  the  re le va nt p re vio us wo rks. Ac c o rd ing  to  Fe inb e rg  [28], the  
ma jo rity o f fo re c a sting  me tho d s fo r the  ELF fo re c a sting  a re  re la te d  with the  a rtific ia l inte llig e nc e  
a lg o rithms a nd  sta tistic a l a p p ro a c he s. In the se  two  sp he re s, the  re g re ssio n mo d e ls, fuzzy lo g ic , ne ura l 
ne two rks, a nd  e xp e rt syste ms a re  p a rtic ula rly impo rta nt. Mo re o ve r, fo r the  me d ium-te rm a nd  lo ng -
te rm fo re c a sting , a n e c o no me tric  a p p ro a c h a nd  so -c a lle d  “ e nd -use ”  a p p ro a c h a re  a lso  the  
p re va iling  o ne s. On the  o the r sid e , fo r the  sho rt-te rm fo re c a sting , the  fo llo wing  a p p ro a c he s a re  
sig nific a nt: ne ura l ne two rks, va rio us time  se rie s a nd  re g re ssio n mo d e ls, sta tistic a l le a rning  
a p p ro a c he s, so -c a lle d  “ simila r d a y a p p ro a c h” , fuzzy lo g ic  mo d e ls, a nd  e xp e rt syste ms. 

 

A. Basic  Fo re c asting / Pre dic tio n Me tho ds 

Ac c o rd ing  to  [13, 29, 30], the  b a sic  fo re c a sting  me tho d s a re  c la ssifie d  into  two  b a sic  typ e s: 
qualitative  and quantitative  me tho ds, a nd  se le c ting  the  a p p ro p ria te  typ e  d e p e nd s ma inly o n the  
d a ta  a va ila b le . In q ua lita tive / sub je c tive  fo re c a sting  me tho d s, the  future  lo a d  is p re d ic te d  
sub je c tive ly b a se d  o n using  the  o p inio ns o f e xp e rts; ho we ve r, the y a re  no t p ure ly g ue sswo rk, b ut the y 
a re  d e ve lo p e d  struc ture d  a p p ro a c he s fo r o b ta ining  g o o d  fo re c a sts witho ut using  histo ric a l d a ta . 
He nc e , suc h me tho d s a re  use ful a nd  imp le me nte d  whe n histo ric a l d a ta  a re  no t a va ila b le  o r sc a rc e . 
The se  me tho d s inc lud e : subje c tive  c urve  fitting , the  De lphi me tho d, and te c hno lo gic al c o mpariso ns. 
On the  o the r ha nd , the  q ua ntita tive / o b je c tive  fo re c a sting  me tho d s a re  b a se d  o n ma the ma tic a l a nd  
sta tistic a l fo rmula tio ns. The y a re  a p p lie d  whe n the  d a ta  a re  a va ila b le , b ut two  c o nd itio ns must b e  
sa tisfie d : nume ric a l info rma tio n a b o ut the  pa st is a va ila b le , a nd  it is re a so na b le  to  a ssume  tha t so me  
a sp e c ts o f the  p a st p a tte rns will c o ntinue  in the  future . The  q ua ntita tive  fo re c a sting  me tho d s invo lve  
a  wid e  ra ng e  o f me tho d s, a nd  e a c h me tho d  ha s its o wn p ro p e rtie s, a c c ura c ie s, a nd  c o sts tha t must 
b e  c o nsid e re d  whe n c ho o sing  a  sp e c ific  me tho d  within sp e c ific  d isc ip line s fo r sp e c ific  p urp o se s. 
Qua ntita tive  me tho d s inc lud e , a mo ng  the  o the rs: re gre ssio n analysis, de c o mpo sitio n me tho ds, 

e xpo ne ntial smo o thing , and the  Bo x- Je nkins me tho do lo gy . Mo st q ua ntita tive  p re d ic tio n p ro b le ms 
d e ma nd  e ithe r the  time  se rie s d a ta  c o lle c te d  a t re g ula r p e rio d s o ve r time  o r c ro ss-se c tio na l d a ta , 
whic h a re  c o lle c te d  a t a  sing le  p o int in time . In o rd e r to  summa rize  the  struc ture / typ e s o f fo re c a sting  
me tho d s, o ne  o f the  wa ys o f c la ssific a tio n c a n b e  c o mp o se d  a s sho wn in Fig . 1 (a ) [13, 29, 30]. 
Re g a rd ing  the  b a sic  c la ssific a tio n o f the  fo re c a sting  mo d e ls (d isc usse d  in the  ne xt se c tio n), o ne  o f 
the  p o ssib le  wa ys is sho wn in Fig . 1 (b ). An illustra tio n o f the  mo re  p re c ise  c la ssific a tio n o f the  
fo re c a sting  mo d e ls will fo llo w la te r in the  te xt (c .f. Fig . 4). 
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a ) One  o f the  p o ssib le  c la ssific a tio ns o f the  ma jo r typ e s o f b a sic  fo re c a sting  me tho d s. 

 

b ) One  o f the  p o ssib le  b a sic  c la ssific a tio ns o f the  fo re c a sting  mo d e ls. 

Fig ure  1: C la ssific a tio n o f the  ma jo r typ e s o f b a sic  fo re c a sting  me tho d s a nd  fo re c a sting  mo d e ls  

 

B. Fo re c asting  Mo de ls 

The  e a rly e le c tric a l lo a d  fo re c a sting  mo d e ls we re  a lmo st e ntire ly limite d  to  tra d itio na l sta tistic a l 
me tho d s, b ut with the  p ro g re ss o f mo d e rn sc ie nc e , lo a d  fo re c a sting  te c hno lo g ie s ha ve  b e e n 
c o nsid e ra b ly d e ve lo p e d . Re c e ntly, fo re c a sting  mo d e ls b a se d  o n ma c hine  le a rning  the o rie s a re  
b e c o ming  mo re  a nd  mo re  p o p ula r in the  p o we r lo a d  fo re c a sting  [14]. This se c tio n d e fine s a nd  
d e sc rib e s the  mo st c o mmo nly use d  lo a d  fo re c a sting  mo d e ls, whe the r tra d itio na l o r mo d e rn 
inte llig e nt mo d e ls (c .f. fig ure  1b ) ). At this p la c e , it is wo rth to  me ntio n tha t Fig . 1b ) inc lud e s o nly so me  
o f the  mo st c o mmo nly use d  c luste rs o f the  fo re c a sting  mo d e ls. In the  se q ue l, the  d isc ussio n a b o ut 
the  fo re c a sting  mo d e ls is g o ing  to  b e  d ire c te d  in the  fo llo wing  two  d ire c tio ns: 

• 1. Statistic al mo de ls. 

• 2. Mo de rn mo de ls base d o n mac hine  le arning , data mining , and artific ial inte llige nc e  

appro ac he s.  

 

1. Sta tistic a l Mode ls 

The  sta tistic a l mo d e l is a  ma the ma tic a l mo d e l tha t e mb o d ie s a  se t o f sta tistic a l a ssump tio ns 
c o nc e rning  the  g e ne ra tio n o f sa mp le  d a ta . A sta tistic a l mo d e l re p re se nts the  d a ta -g e ne ra ting  
p ro c e ss with a  c o nsid e ra b ly id e a lize d  fo rm. The  sta tistic a l mo d e l is usua lly sp e c ifie d  a s a  
ma the ma tic a l re la tio nship  b e twe e n o ne  o r mo re  ra nd o m va ria b le s a nd  o the r no n-ra nd o m va ria b le s. 
Se ve ra l sta tistic a l mo d e ls ha ve  b e e n d e ve lo p e d  fo r ma king  p re d ic tio ns a nd  fo re c a sting , a c c o rd ing  
to  so me  c rite ria  o f o p tima l fit [31]. In the  se q ue l, the  fo llo wing  mo d e ls a re  g o ing  to  b e  b rie fly 
d isc usse d : 

• Bo x- Je nkins basic  mo de ls (AR, MA, ARMA, ARIMA, ARMAX, and ARIMAX) [32- 34]. 

• Kalman Filte ring  Alg o rithms in the  State  spac e  [35- 40]. 
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• Gre y  mo de ls [41- 50]. 

• Expo ne ntial Smo o thing  (e .g ., se e  [51] fo r an ELF, [52- 54] fo r a ge ne ral e xplanatio n). 

 

Autore g re ssive  (AR) Mode l 

The  ma in id e a  o f a uto re g re ssive  mo d e ls is tha t the  c urre nt va lue  o f the  se rie s, 𝑦𝑦𝑡𝑡, c a n b e  e xp re sse d  
a s a  line a r c o mb ina tio n o f p re vio us/ p a st lo a d s, the n the  Auto Re g re ssive  (AR) mo d e l c a n b e  use d  to  
fo re c a st future  lo a d  va lue s. A 𝑝𝑝th-o rd e r a uto re g re ssive , AR(𝑝𝑝), mo d e l is d e fine d  a s: 

𝑦𝑦𝑡𝑡 −  �∅𝑖𝑖𝑝𝑝
𝑖𝑖= 1 𝑦𝑦𝑡𝑡−i =  𝜀𝜀𝑡𝑡  ,                                           (1) 

whe re : ∅1,∅2, … ,∅𝑝𝑝 a re  the  unkno wn AR c o e ffic ie nts, while  𝜀𝜀𝑡𝑡 is ra nd o m white  no ise . The  o rd e r o f the  
mo d e l te lls ho w ma ny la g g e d  p a st va lue s a re  invo lve d . Thus, the  AR mo d e l c a n p re d ic t future  
b e ha vio r b a se d  o n p a st b e ha vio rs. It is use d  to  fo re c a st whe n the re  is so me  c o rre la tio n b e twe e n the  
c urre nt va lue s o f 𝑦𝑦𝑡𝑡 in a  time  se rie s a nd  its p a st va lue s, whe re  𝑦𝑦𝑡𝑡 is a lso  d isturb e d  with the  ra nd o m 
no ise  𝜀𝜀𝑡𝑡.  Auto re g re ssive  mo d e ls ha ve  b e e n use d  fo r d e c a d e s in ma ny fie ld s, suc h a s e c o no mic s, 
e le c tric  lo a d  fo re c a sting , a nd  d ig ita l sig na l p ro c e ssing  [15, 29, 55]. 

 

Moving  Ave ra g e  (MA) Mode l 

The  mo ving  a ve ra g e  mo d e l tha t mimic s the  b e ha vio r o f the  mo ving  a ve ra g e  p ro c e ss, is a  line a r 
re g re ssio n mo d e l tha t re g re sse s the  c urre nt va lue s a g a inst the  white  no ise  o f o ne  o r mo re  p a st va lue s. 
I.e . Mo ving  a ve ra g e  mo d e l c a n a lso  b e  tre a te d  a s a  mo d e l in whic h the  time  se rie s is re g a rd e d  a s a  
mo ving  a ve ra g e  (une ve nly we ig hte d ) o f a  ra nd o m sho c k se rie s 𝜀𝜀𝑡𝑡. Thus, the  mo ving  a ve ra g e  mo d e l 
o f o rd e r 𝑞𝑞 “ MA(𝑞𝑞)”  is g ive n b y: 

𝑦𝑦𝑡𝑡 =  𝜀𝜀𝑡𝑡 +  �θ𝑖𝑖𝑞𝑞
𝑖𝑖= 1 𝜀𝜀𝑡𝑡−i ,                                                  (2) 

The  no ise  se rie s c a n b e  a p p ro xima te  b y the  fo re c a st e rro rs o r mo d e l’ s re sid ua ls whe n the  lo a d  
o b se rva tio ns b e c o me  a va ila b le . The re  e xists a  “ d ua lity” , i.e ., inve rtib ility p rinc ip le  b e twe e n the  MA 
p ro c e ss a nd  the  AR(∞ ) p ro c e ss, tha t is, the  mo ving  a ve ra g e  mo d e l c a n b e  re writte n (inve rte d ) into  
a n a uto re g re ssive  fo rm (o f infinite  o rd e r). Ho we ve r, this c a n o nly b e  d o ne  if the  MA p a ra me te rs fo llo w 
c e rta in c o nd itio ns, tha t is if the  mo d e l is inve rtib le . Othe rwise , the  Bo x-Je nkins re q uire me nts a b o ut 
sta tio na rity, inve rtib ility, a nd  sta b ility o f the  mo d e l will b e  vio la te d .  [15, 29, 30, 55]. 

 

Autore g re ssive  Moving  Ave ra g e  (ARMA) Mode l 

The  Auto re g re ssive  Mo ving  Ave ra g e  ha s b e e n intro d uc e d  in 1970 b y Ge o rg e  Bo x a nd  Gwilym Je nkins 
[15, 32]. The  ARMA(𝑝𝑝, 𝑞𝑞) mo d e ls re p re se nt a  c o mb ina tio n o f a n a uto re g re ssive  mo d e ls AR(𝑝𝑝) a nd  a  
mo ving  a ve ra g e  mo d e ls MA(𝑞𝑞). In the  ARMA mo d e ls, the  c urre nt va lue  𝑦𝑦𝑡𝑡 is e xp re sse d  line a rly in 
te rms o f its p a st va lue s a nd  in te rms o f c urre nt a nd  p re vio us va lue s o f the  no ise . Ma the ma tic a lly a n 
ARMA(𝑝𝑝, 𝑞𝑞) mo d e l is writte n a s [29, 55, 56]: 

𝑦𝑦𝑡𝑡 −  �∅𝑖𝑖𝑝𝑝
𝑖𝑖= 1 𝑦𝑦𝑡𝑡−i =  𝜀𝜀𝑡𝑡 +  �θ𝑖𝑖𝑞𝑞

𝑖𝑖= 1 𝜀𝜀𝑡𝑡−i ,                          (3) 

ARMA mo d e ls ha ve  b e e n a  p o p ula r c ho ic e  a nd  e xte nsive ly a p p lie d  to  lo a d  fo re c a sting  re se a rc he s 
d ue  to  the ir re la tive  simp lic ity a nd  e ffe c tive ne ss [55, 57]. 
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Autore g re ssive  Inte g ra te d Moving  Ave ra g e  (ARIMA) Mode l 

The  AR, MA, o r ARMA mo d e ls, d isc usse d  a b o ve , c a n o nly b e  use d  fo r sta tio na ry time  se rie s d a ta . 
Altho ug h in p ra c tic e , ma ny time  se rie s like  tho se  re la te d  to  b usine ss a nd  so c io -e c o no mic  p o sse ss a  
no n-sta tio na ry b e ha vio r. Thus fro m the  a p p lic a tio n p e rsp e c tive , the  ARMA mo d e l is ina d e q ua te  to  
d e sc rib e  the  no n-sta tio na ry time  se rie s a p p ro p ria te ly. The re fo re , the  ARIMA mo d e ls we re  p ro p o se d  
b y Bo x a nd  Je nkins in 1976 with a  p urp o se  to  inc lud e  the  c a se  o f no n-sta tio na rity a s we ll. The  ARIMA 
Bo x–Je nkins mo d e ls ha ve  thre e  typ e s o f p a ra me te rs: the  a uto re g re ssive  p a ra me te rs (∅1,∅2, … ,∅𝑝𝑝), 
the  mo ving  a ve ra g e  p a ra me te rs (θ1, … , θ𝑞𝑞), a nd  the  numb e r o f d iffe re nc ing  d  c o nd uc te d  to  (1- B), 
whe re  B re p re se nts a  la g  o p e ra to r. The  ma the ma tic a l fo rmula tio n o f the  ARIMA(𝑝𝑝, d, 𝑞𝑞) mo d e l using  
the  la g  p o lyno mia ls is g ive n b e lo w: 

 ∅(𝐵𝐵).∇𝑑𝑑 .𝑦𝑦𝑡𝑡 = θ(𝐵𝐵). 𝜀𝜀𝑡𝑡  , i. e.,         (4) 

�1−  �∅𝑖𝑖𝑝𝑝
𝑖𝑖= 1 𝐵𝐵𝑖𝑖� . [1− 𝐵𝐵]𝑑𝑑 .𝑦𝑦𝑡𝑡 =  �1 +  �θ𝑗𝑗𝑞𝑞

𝑗𝑗= 1 𝐵𝐵𝑗𝑗� . 𝜀𝜀𝑡𝑡          (5) 

whe re  𝑝𝑝 re p re se nts the  o rd e r o f the  a uto re g re ssive , 𝑞𝑞 re p re se nts the  mo ving  a ve ra g e  te rms, a nd  d is 
the  numb e r o f d iffe re nc e s to  ma ke  the  o rig ina l time  se rie s sta tio na ry. The  g e ne ra l ARIMA(𝑝𝑝, d, 𝑞𝑞) 
mo d e l is a  no n-se a so na l mo d e l, a nd  the re fo re  the  se a so na l mo d e l fo r it is c o nsid e re d  a s a n e xte nsio n 
o f the  g e ne ra l o ne  whic h c a n b e  writte n a s ARIMA(𝑝𝑝, d, 𝑞𝑞)× (𝑃𝑃,𝐷𝐷,𝑄𝑄)𝑠𝑠, whe re  𝑠𝑠 re fe rs to  the  numb e r o f 
p e rio d s p e r se a so n a nd  P, D a nd  Q  a re  the  se a so na l e q uiva le nts o f 𝑝𝑝, d, and 𝑞𝑞. He nc e , the  se a so na l 
va ria nts o f ARIMA mo d e l a re  kno wn a s (SARIMA) mo d e ls. Ano the r use ful g e ne ra liza tio n o f ARIMA 
mo d e ls is the  Auto re g re ssive  Fra c tio na lly Inte g ra te d  Mo ving  Ave ra g e  (ARFIMA) mo d e l, whic h a llo ws 
no n-inte g e r va lue s o f the  d iffe re nc ing  p a ra me te r 𝑑𝑑. The  ARFIMA ha s use ful a p p lic a tio ns in mo d e ling  
time  se rie s with a  lo ng  me mo ry. Ac c o rd ing ly, a s d e te c te d  in the  lite ra ture , the  ARIMA mo d e ls a nd  
the ir va ria nts ha ve  a c hie ve d  c o nsid e ra b le  suc c e ss fo r e le c tric  lo a d  fo re c a sting  [4, 29, 55, 56, 58, 59].  

 

ARMAX a nd ARIMAX Mode ls 

The  ARMA a nd  ARIMA mo d e ls use  o nly the  time  a nd  lo a d  a s inp ut p a ra me te rs, b e sid e s the  ra nd o m 
no ise  tha t d isturb s the  who le  p ro c e ss. Be c a use  lo a d s d e p e nd  o n the  we a the r a nd  time  o f the  d a y, 
e xo g e no us va ria b le s so me time s c a n b e  inc lud e d  to  g ive  the  ARMAX a nd  ARIMAX mo d e ls [29]. In the  
ARMAX (a uto re g re ssive  mo ving  a ve ra g e  with e xo g e no us inp uts) mo d e l, the  c urre nt va lue  o f the  time  
se rie s 𝑦𝑦𝑡𝑡 is e xp re sse d  line a rly in te rms o f its p a st va lue s, in te rms o f c urre nt a nd  p re vio us va lue s o f the  
no ise , a nd  a d d itio na lly, in te rms o f p re se nt a nd  p a st va lue s o f the  e xo g e no us va ria b le (s). The  
ARMAX(𝑝𝑝, 𝑞𝑞, 𝑟𝑟1, … … , 𝑟𝑟𝑘𝑘) c a n b e  c o mp a c tly writte n a s: 

∅(𝐵𝐵). 𝑦𝑦𝑡𝑡 =  θ(B). 𝜀𝜀𝑡𝑡 +  �(𝜓𝜓
0

𝑖𝑖 +  𝜓𝜓
1
𝑖𝑖 . B + ⋯+  𝜓𝜓𝑟𝑟𝑖𝑖𝑖𝑖 .𝐵𝐵𝑟𝑟𝑖𝑖)𝑘𝑘

𝑖𝑖= 1 . 𝑣𝑣𝑡𝑡𝑖𝑖 , i. e.,    

∅(𝐵𝐵).𝑦𝑦𝑡𝑡 =  θ(B). 𝜀𝜀𝑡𝑡 + �𝜓𝜓𝑖𝑖(𝐵𝐵)

𝑘𝑘
𝑖𝑖= 1 . 𝑣𝑣𝑡𝑡𝑖𝑖 ,                                              (6) 

whe re  the  𝑟𝑟i’ s a re  the  o rd e rs o f the  e xo g e no us fa c to rs (va ria b le s) 𝑣𝑣𝑡𝑡𝑖𝑖 a nd  𝜓𝜓𝑖𝑖(B) is a  sho rtha nd  no ta tio n 
fo r 𝜓𝜓𝑖𝑖(B) = (𝜓𝜓0𝑖𝑖 + 𝜓𝜓1𝑖𝑖 . B + ⋯+  𝜓𝜓𝑟𝑟𝑖𝑖𝑖𝑖 .𝐵𝐵𝑟𝑟𝑖𝑖) with the  𝜓𝜓𝑗𝑗𝑖𝑖  ’ s b e ing  the  c o rre sp o nd ing  c o e ffic ie nts [55]. Fro m the  

e xp re ssio n (6) fo llo ws: 

        𝑦𝑦𝑡𝑡 =  
θ(B)∅(𝐵𝐵)

. 𝜀𝜀𝑡𝑡 +  �𝜓𝜓𝑖𝑖(𝐵𝐵)∅(𝐵𝐵)

𝑘𝑘
𝑖𝑖= 1 . 𝑣𝑣𝑡𝑡𝑖𝑖 ,   
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      𝑦𝑦𝑡𝑡 =  
θ(B)∅(𝐵𝐵)

. 𝜀𝜀𝑡𝑡 +  �𝜓𝜓�𝑖𝑖(𝐵𝐵)

𝑘𝑘
𝑖𝑖= 1 𝑣𝑣𝑡𝑡𝑖𝑖            (7) 

whe re  𝜓𝜓�𝑖𝑖  ’ s a re  the  a d e q ua te  c o e ffic ie nt p o lyno mia ls 
𝜓𝜓𝑖𝑖∅  [55]. Simila r e xp re ssio ns a s fo r the  ARMAX 

mo d e l c a n b e  d e rive d  fo r the  ARIMAX mo d e l, e xc e p t tha t the  inte g ra te d  (I) p a rt must b e  a d d itio na lly 
c o nsid e re d  (via  the  d iffe re nc ing  o p e ra to r, simila rly a s fo r the  ARIMA mo d e l) (se e  [32, 60]).  

 

 Ka lma n Filte ring  Alg orithm in the  Sta te  spa c e  

       Fo re c a sting , e sp e c ia lly the  lo ng -te rm fo re c a sting , is c ha ra c te rize d  b y a  hig h le ve l o f unc e rta inty 
d ue  to  its hig h d e p e nd e nc e  o n so c io e c o no mic  fa c to rs; fo r this re a so n, a n e rro r le ve l up  to  10% is 
a c c e p ta b le  [29]. In this sp irit, a p p lying  a  Ka lma n filte ring  a lg o rithm c a n sig nific a ntly minimize  the  
me a n o f the  sq ua re d  mo d e l’ s e rro r. The  Ka lma n filte r (KF) is a  se t o f ma the ma tic a l e q ua tio ns in the  
sta te  sp a c e  tha t c a n p ro vid e  a n e ffic ie nt c o mp uta tio na l (re c ursive ) me a ns to  e stima te  the  sta te  o f 
a n o b se rve d  p ro c e ss. The  Ka lma n filte r is na me d  a fte r Rud o lp h E. Ka lma n, who  p ub lishe d  his fa mo us 
p a p e r in 1960 d e sc rib ing  a  re c ursive  so lutio n to  the  d isc re te -d a ta  line a r filte ring  p ro b le m. The  Ka lma n 
filte r ha s b e e n hire d  e xte nsive ly fo r tra c king  in inte ra c tive  c o mp ute r g ra p hic s. It ha s b e e n use d  fo r 
mo tio n p re d ic tio n, a nd  it is a lso  use d  fo r multi-se nso r (ine rtia l-a c o ustic ) fusio n. Mo re o ve r, this filte r is 
ve ry p o we rful in se ve ra l o the r a sp e c ts: it sup p o rts e stima tio ns o f p a st, p re se nt, a nd  future  sta te s, a s 
we ll a s it c a n d o  so  e ve n whe n the  p re c ise  na ture  o f the  mo d e le d  syste m is unkno wn. A Ka lma n filte r 
is a lso  a  p o te nt to o l whe n it c o me s to  c o ntro lling  the  no isy syste ms, in whic h the  e le c tric  p o we r 
syste ms und o ub te d ly c a n b e  a ssig ne d  [61]. Ac c o rd ing  to  Ga ur a nd  his c o lle a g ue s [40], the  ma in 
e le me nts tha t a ffe c t the  e le c tric  lo a d  b e ha vio r c a n b e  c la ssifie d  a s fo llo ws:  

a. We athe r: This fa c to r is the  mo st e sse ntia l e xtre me . It c o mp rise s humid ity, wind  sp e e d , te mp e ra ture , 
p re c ip ita tio n, e tc . The  va ria tio ns in the se  fa c to rs stra ig ht le a d  to  the  a d justme nt in the  ha b it p a tte rns 
o f a p p lia nc e s suc h a s he a te rs, a ir c o nd itio ne rs, c o o le rs, a nd  so  o n.  

b . Time : This fa c to r imp a c ts e le c tric  lo a d  a t d iffe re nt d a ily p e rio d s, we e kd a ys a nd  we e ke nd s, 
ho lid a ys, a nd  ye a r’ s se a so ns. He re , the  time -de p e nd e nt e le c tric  lo a d  va ria tio n c a n mirro r the  
p e o p le ’ s life style , suc h a s the ir wo rk sc he d ule s, le isure  time , sle e p ing  p a tte rns, e tc .  

c . Ec o no my : This fa c to r is imp o rta nt in the  d e re g ula te d  ma rke t, re fle c ting  the  va ria b le  e le c tric ity 
p ric e , while  the  lo a d  ma na g e me nt p o lic y ha s a n imp o rta nt imp a c t o n the  e le c tric  lo a d  g ro wth o r 
d e c line  tre nd .  

d. Rando m disturbanc e s: The  shutd o wn o r sta rt-up  o f the  e no rmo us lo a d s suc h a s ste e l mill, o r wind  
tunne ls a re  g o ing  to  le a d  to  the  lo a d  c urve  imp ulse s. The  o the r a b no rma l e ve nts whic h a re  p rio rly 
kno wn b ut ha ve  a n unc e rta in e ffe c t o n the  lo a d , a lso  fa ll in the  ra nd o m d isturb a nc e  c a te g o ry.  

e . Custo me r fac to rs: The se  fa c to rs inc lud e  the  c o nsump tio n typ e  (c o mme rc ia l, re sid e ntia l, 
a g ric ultura l, o r ind ustria l), the  size  o f the  b uild ing s, the  numb e r o f e mp lo ye e s, a s we ll a s the  numb e r 
o f e le c tric  utiliza tio n.  

      The  fa c to rs me ntio ne d  a b o ve  c a n b e  inje c te d  a s inp uts into  the  Ka lma n filte r. Sinc e  it is e xtre me ly 
d iffic ult to  d e a l with the  c o mp le x inp uts (c ., d ., e .), the  we a the r a nd  time  fa c to rs a re  usua lly inc lud e d  
in the  KF o nly [40]. The  KF is usua lly lo o ke d  thro ug h the  e ye s o f d isc re te -time  line a r d yna mic  syste m. 

The  la tte r ha s the  la te nt sta te  sp a c e  ve c to r ( ) ( ) ( ) ( )1 2
...

n
k x k x k x k=   

T
x  sig nifying  the  ve c to r 

o f the  hid d e n sta te s o f the  a p p lia nc e s, a s we ll a s the  o b se rva tio n ve c to r ( )y k  d e mo nstra ting  the  

sma rt me te r d e vic e  (SMD) re a d ing s. He re , k re p re se nts the  d isc re te -time  mo me nts. The  d e la ye d  

e stima to r p ro d uc e s the  sta te  e stima te s ( )1k k −T
x  a nd  o utp ut e stima te s ( )1y k k −  b y a p p lying  the  

me a sure me nts o nly up  to  the  (k-1)-th o utp ut ( )1y k − . The  KF’ s me c ha nism wo rks in a  two -ste p  

p ro c e ss, tha t is, the  p re d ic to r ste p  (PS), a nd  the  c o rre c to r ste p  (C S). In the  PS, the  KF e stima te s the  
c urre nt lo a d ’ s sta te  o n the  b a sis o f its p re vio us sta te , to g e the r with its c o va ria nc e  unc e rta inty. Onc e  
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the  ne w SMD’ s me a sure me nt is o b se rve d , the  e stima te d  sta te  ve c to r is up d a te d  b y d e p lo ying  a  
we ig hte d  a ve ra g e , whe re  the  hig he r we ig ht is g ive n to  the  e stima te  with a  hig he r c e rta inty. In suc h 
a  wa y, the  PS a nd  CS ste p s a re  c o ntinuing  to  p ro c e e d  re c ursive ly.  Sinc e  the  line a r KF o fte n c a nno t 
sa tisfy the  rig o r d e ma nd s re g a rd ing  the  fo re c a sting  a c c ura c y in the  c a se  o f se rio us no nline a ritie s o f 
the  g ive n p ro b le m, the re  ha ve  b e e n d e ve lo p e d  se ve ra l o f its no nline a r va ria nts. Thus, in o rd e r to  
e xp lo re  the  hid d e n no nline a ritie s o f the  p ro b le m, the  Exte nd e d  Ka lma n filte r (EKF), a s we ll a s the  
Unsc e nte d  Ka lma n filte r (UKF), a re  a lso  o c c a sio na lly use d . 

 

Gre y Mode ls (GM) 

Gre y syste m the o ry (G ST) wa s firstly intro d uc e d  b y De ng  in 1982 [62]. This the o ry c a n d e a l with 
the  o b se rve d  syste ms tha t ha ve  p a rtia lly unkno wn p a ra me te rs, while  the  g re y mo d e ls ne e d  o nly a  
limite d  a mo unt o f the  d a ta  to  e stima te  the  unkno wn syste m’ s b e ha vio r.  The  ma in ta sk o f the  GST is 
to  e xtra c t c o nvinc ing  g o ve rning  la ws o f the  o b se rve d  syste m o n the  b a sis o f the  a va ila b le  d a ta , 
re g a rd le ss o f the ir c o mp le xity o r c ha o tic ity [62]. The  GM(1,1) g re y mo d e l is o ne  o f the  mo st fre q ue ntly 
use d  g re y mo d e ls, whic h c a n p ro d uc e  fo re c a sts o f the  future  p rimitive  d a ta  p o ints. The  GM(1,1) is a  
time  se rie s fo re c a sting  mo d e l with d iffe re ntia l e q ua tio n (DE) ha ving  the  time -d e p e nd e nt va rying  
c o e ffic ie nts. By d e p lo ying  the  so -c a lle d  a c c umula te d  g e ne ra tio n (AG ), it b e c o me s p o ssib le  to  
smo o th a nd  thus lo we r the  inte nsity o f the  unc e rta inty in the  syste m. Whe n the  DE is so lve d , the  n-
ste p  a he a d  p re d ic te d  va lue  o f the  syste m c a n b e  o b ta ine d . Ba se d  o n using  the  la tte r, the  inve rse  
AG  (IAG ) c a n b e  a p p lie d  to  e xtra c t the  p re d ic te d  va lue s o f the  o rig ina l d a ta  [62].  Ac c o rd ing  to  
[63], the  g re y fo re c a sting  mo d e ls b a se d  o n the  g re y syste m the o ry a re  e xte nsive ly use d  in ne two rks, 
sinc e  the  mo d e ls a re  c a p a b le  o f using  ra nd o m va ria tio ns a s the  g re y q ua ntity, whic h is c ha ng e d  in 
a  c e rta in inte rva l. The  d iffe re ntia l e q ua tio n o f the  g re y mo d e l is e sse ntia l he re  sinc e  it p ro vid e s the  
me a ns to  fo re c a st the  p o we r lo a d . Whe n the  d e rive d  mo d e l is suc c e ssfully te ste d  a g a inst a d e q ua te  
re lia b ility, sta b ility, a nd  a c c ura c y, it c a n b e  d e p lo ye d  to  fo re c a st the  future  lo a d . The  g re y mo d e ls 
a re  suita b le  fo r a ll thre e  typ e s o f lo a d  fo re c a sting , i.e ., fo r the  sho rt-te rm, me d ium-te rm a nd  lo ng -
te rm fo re c a sting  [63]. One  o f the  ma in a d va nta g e s o f the  GMs is tha t the y c a n b e  d e ve lo p e d  witho ut 
c o nsid e ring  the  lo a d  d istrib utio n a nd  the  c ha ng e d  lo a d ’ s tre nd  [5]. Ho we ve r, the ir d e fic ie nc y is tha t 
the y a re  a p p ro p ria te  o nly fo r e ffe c tive  so lving  o f the  p ro b le ms with the  p re va iling  e xp o ne ntia l g ro wth 
tre nd s [9]. 

 

Expone ntia l Smoothing  (ES)  

Exp o ne ntia l smo o thing  is a  p ra g ma tic  fo re c a sting  a p p ro a c h, whe re b y the  p re d ic tio n c a n b e  
c a rrie d  o ut fro m the  e xp o ne ntia lly we ig hte d  a ve ra g e  o f the  p a st o b se rva tio ns [54, 55, 64]. The  hig he st 
we ig ht is g ive n to  the  p re se nt o b se rva tio n, lo we r we ig ht to  the  imme d ia te ly p re c e d ing  
me a sure me nt, e ve n lo we r we ig ht to  the  me a sure me nt b e fo re  tha t, a nd  so  o n (i.e ., we  a re  d e a ling  
with the  e xp o ne ntia l d e c a y o f the  influe nc e  o f p a st histo ric a l d a ta ) [64]. The  ES mo d e ls a re  a mo ng  
the  mo st c o mmo n a nd  p re va le nt sta tistic a l fo re c a sting  me tho d s b e c a use  o f the ir a c c ura c y, 
simp lic ity, ro b ustne ss, a nd  lo w c o st [59]. The y a re  a lso  c ruc ia l fo r the  p urp o se  o f a  lo a d  fo re c a sting  in 
the  p o we r syste ms. As e mp ha size d  b y Pe iro ng  a nd  his c o lle a g ue s [51],  the  a c c ura c y o f the  mo d e l 
imp o rta ntly d e p e nd s o n smo o thing  c o e ffic ie nts o f the  EF mo d e l. This stud y a lso  d e mo nstra te s ho w to  
se e k the  b e st smo o thing  c o e ffic ie nts.  

In g e ne ra l, the re  e xist thre e  d iffe re nt e xp o ne ntia l smo o thing  te c hniq ue s: simp le , sing le  
e xp o ne ntia l smo o thing  (SES) (Bro wn’s me tho d), d o ub le  e xp o ne ntia l smo o thing  (DES) (Ho lt’s me tho d), 
a nd  trip le  e xp o ne ntia l smo o thing  (TES) (Ho lt- Winte rs me tho d). The  SES mo d e l re q uire s a  little  
c a lc ula tio n, a nd  it is use d  whe n the  d a ta  p a tte rn ne ithe r ha s a  c yc lic a l o r se a so na l va ria tio n, no r the  
tre nd  in the  histo ric a l da ta . On the  o the r sid e , the  DES mo d e ls, whic h a re  p a rtic ula rly use d  in 
e c o no mic s, e na b le  the  fo re c a ste d  va lue s with a  tre nd  inc lud e d . Fina lly, the  TES (Ho lt-Winte rs) mo d e ls 
ha ve  two  p o ssib le  mo d e s o f c o mp uta tio n: the  a d d itive  a nd  the  multip lic a tive . The  a d d itive  mo d e l is 
use d  if the  o rig ina l d a ta  a re  sho wing  sta b le  se a so na l fluc tua tio ns. Co nve rse ly, the  multip lic a tive  
mo d e ls a re  use d  whe n the  o rig ina l d a ta  a re  re fle c ting  the  sig nific a nt va ria tio ns o f the  se a so na l 
fluc tua tio ns [65].  
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Ac c o rd ing  to  the  e mp iric a l e vid e nc e , the  b a sic  Ho lt-Winte rs me tho d  te nd s to  p ro d uc e  o ve r-
fo re c a sts o r und e r-fo re c a sts, p a rtic ula rly fo r the  lo ng e r fo re c a sting  ho rizo ns [53, 54]. Fo r this re a so n, in 
the  ye a r 1989, Ga rd ne r a nd  Mc Ke nzie  ha ve  d e p lo ye d  a  ne w p a ra me te r φ  a sso c ia te d  with the  tre nd  

c o mp o ne nt. This wa y, the  tre nd  is d a mp e ne d  to a flat line, when the future becomes more distant. 
Co nse q ue ntly, we  c a n g e t the  Ho lt- Winte rs Dampe d Additive  mo de l in the  fo llo wing  fo rm, inc lud ing  
the  fo ur p a ra me te rs , , ,α β γ φ  [53, 54]: 

( ) ( ) ( )( ) ( ) ( )
( ) ( ) ( ) ( )
( ) ( ) ( ) ( )( ) ( )
( ) ( ) ( ) ( )

( )2

: (1 ) 1 1

: 1 (1 ) 1

: 1 1 (1 )

ˆ: ,

: ... , 1 mod 1,

h m

h

h m

Level t y t s t m t b t

Growth b t t t b t

Seasonality s t y t l t b t s t m

Forecast y t h t t b t s t m h

where h h m m number o

α α φ

β β φ

γ φ γ

φ

φ φ φ φ

+

+

= ⋅ − − + − ⋅ − + ⋅ −  
= ⋅ − − + − ⋅ ⋅ −  
= ⋅ − − − ⋅ − + − ⋅ −

+ = + ⋅ + − +

= + + + = − + −  

 

 



f seasons year

h time points of the future horizon

y observed time series

−
−

 

 

2. Mode ls of Artific ia l Inte llig e nc e , Computa tiona l Inte llig e nc e , or Ma c hine  Le a rning  

Tra d itio na l sta tistic a l mo d e ls a re  limite d  a nd  so me time s mig ht le a d  to  unsa tisfa c to ry so lutio ns. The  
re a so n is the  to o  hig h numb e r o f c o mp uta tio na l p o ssib ilitie s le a d ing  to  la rg e  so lutio n time s a nd  the  
c o mp le xity o f c e rta in no n-line a r d a ta  p a tte rns. He nc e , ma c hine  le a rning  a nd  a rtific ia l inte llig e nc e -
b a se d  te c hniq ue s p ro vid e  a  p ro mising  a nd  a ttra c tive  a lte rna tive  [15, 56]. 

 

Artific ia l Ne ura l Ne twork (ANN) Alg orithms 

The  a rtific ia l ne ura l ne two rk (ANN) a p p ro a c h wa s d isc o ve re d  in 1990 b y Wa rre n Mc Cullo c h 
a nd  Wa lte r Pitts a s a n a lte rna tive  me c ha nism to  the  time  se rie s fo re c a sting . The  ANNs ha ve  b e e n 
suc c e ssfully a p p lie d  in ma ny d iffe re nt a re a s, e sp e c ia lly fo r fo re c a sting  a nd  c la ssific a tio n p urp o se s. 
ANNs mo d e ls ha ve  b e e n use d  a nd  stud ie d  inte nsive ly a s a  to o l to  b e  use d  fo r e le c tric  lo a d  
fo re c a sting  a nd  g a ine d  hug e  p o p ula rity in the  la st fe w d e c a d e s [56]. Ba sic a lly, the  ne ura l ne two rk is 
a  no n-line a r c irc uit tha t is c a p a b le  o f d o ing  no n-line a r c urve  fitting . It re p re se nts a n info rma tio n 
p ro c e ssing  p a ra d ig m tha t wa s insp ire d  b y the  wa y the  b io lo g ic a l syste ms o f huma ns, suc h a s the  
b ra in, a re  a b le  to  p ro c e ss a  c e rta in p ie c e  o f info rma tio n. In this p ro c e ss, the  ANNs try to  re c o g nize  
re g ula ritie s a nd  p a tte rns in the  inp ut d a ta , le a rn fro m e xp e rie nc e , a nd  the n p ro vid e  g e ne ra lize d  
re sults b a se d  o n the ir kno wn p re vio us kno wle d g e . An ANN is c o mp o se d  o f se ve ra l inte rc o nne c te d  
p ro c e ssing  e le me nts (PE), c a lle d  ne uro ns, whic h a re  c ha ng ing  the ir d yna mic  sta te  re sp o nse  with 
re sp e c t to  e xte rna l inp uts [3, 15, 56]. The  simp le st fo rm o f a n a rtific ia l ne ura l ne two rk c o nta ining  inp ut, 
hid d e n a nd  o utp ut la ye rs is sho wn in Fig . 2. He re , the  inp ut va lue s to  the  hid d e n no d e  (I), a sso c ia te d  
we ig hts (wi), hid d e n la ye r func tio n f(x), a nd  the  o utp ut re sults (Y) c a n b e  se e n. By c ha ng ing  the  
we ig hts o f the  ANNS, the  p re fe rre d  o utp ut fro m a  sp e c ific  inp ut c a n b e  a c hie ve d . Suc h a  p ro c e ss, 
whe re  the  we ig hts o f the  ANNs a re  a d juste d , is a n ite ra tive  tra ining  p ro c e ss [66]. The  c o mmo nly 
e mp lo ye d  ANN a lg o rithms fo r e le c tric  lo a d  fo re c a sting  a re  [3, 5, 14, 16-18, 39, 41, 55, 57, 66-70]:  

• fe e d- fo rward (FF) ne ural ne two rks,  

• NARX (no nline ar auto re g re ssive  with e xo ge no us inputs) ne ural ne two rks, 

• bac k- pro pagatio n (BP) ne ural ne two rks,  

• radial basis func tio n (RBF) ne ural ne two rks,  

• the  rando m ne ural ne two rks,  

• re c urre nt ne ural ne two rks, and  



Lo g istic s & Susta ina b le  Tra nsp o rt 

Vo l. 11, No . 1, Fe b rua ry 2020, 51-76 
d o i: 10.2478/ jlst-2020-0004 

60 

 

• se lf- o rganizing  c o mpe titive  ne ural ne two rks.  

 

 Fig ure  2: A simp le  ne uro n sc he me  in a n ANN (So urc e : Na lc a c i, Ö zme n, a nd  We b e r (2018)[3]). 

 

Ac c o rd ing  to  [55], the  p ro p o se d  ANN mo d e ls c o uld  b e  c la ssifie d  into  the  two  ma in g ro up s:  

• The  first gro up  inc lude s tho se  ANNs tha t ha ve  o nly  o ne  o utput no de , use d  to  fo re c a st the  ne xt 

ho ur’ s lo a d, ne xt da y’ s p e a k lo a d, o r ne xt da y’ s to ta l lo a d.  

• The  se c o nd gro up  invo lve s mo de ls tha t ha ve  se ve ral o utput no de s to  fo re c a st a  se q ue nc e  o f 

ho urly lo a ds, typ ic a lly 24 no de s, with a  p urp o se  to  p re dic t the  ne xt da y’ s e ntire  lo a d p ro file .  

Ba se d  o n [5, 9], the  se c o nd  g ro up  ha s stro ng  ro b ustne ss a nd  stro ng  le a rning  a b ility. Ho we ve r, the  
ANN q uic kly fa lls into  the  lo c a l minimum b e c a use  o f the  re stric tio n o n the  g e ne ra liza tio n a b ility a nd  
c a nno t ma ke  full use  o f info rma tio n d ue  to  the  sma ll sa mp le  size  se le c te d . Be sid e s, the  le a rning  
c o nve rg e nc e  sp e e d  is slo w. 

      Ac c o rd ing  to  (Mo ma ni e t a l., 2015) [66], the  NARX ANNs usua lly o utp e rfo rm the  c la ssic a l ne ura l 
ne two rks suc h a s, fo r e xa mp le , the  FF time -d e la y ne two rks. Be sid e s, the  NARX ne two rks, to g e the r with 
the  RBF ne two rks, a re  we ll-kno wn to  p o sse ss so me  e xc e lle nt p ro p e rtie s suc h a s the ir simp lic ity, 
re lia b ility, lo w % e rro r, hig h a c c ura c y, a nd  a b ility to  c re a te  the  no nline a r re la tio nship s b e twe e n 
va ria b le s. In the  a fo re me ntio ne d  wo rk o f Mo ma ni a nd  his c o lle a g ue s, it is d e mo nstra te d  tha t the  
NARX a nd  RBF ANNs a re  a b le  to  p ro vid e  hig hly a c c ura te  EL fo re c a sts fo r five  d a ys a he a d , while  the  
re la tive  e rro r ke e p s its va lue s b e lo w the  re a so na b le  le ve l b e twe e n 0.1% to  3.9% [66]. In this stud y,  the  
NARX’ s o utp ut y(t) re p re se nts the  p re d ic te d  ho urly lo a d  (in me g a wa tts), whic h is a  func tio n o f the  

inp uts, inc lud ing  the  humid ity ( )1
u t  a nd  its p a st va lue s, te mp e ra ture  ( )2

u t  , a nd  its histo ric a l d a ta , 

a nd  the  p rio r ho urly lo a d  va lue s ( ) , 1,...,
y

y t i i n− = . Ac c o rd ing ly, the  NARX ANN mo d e l c a n b e  

ma the ma tic a lly d e sc rib e d  in the  fo llo wing  fo rm fo r this c a se  stud y [66]: 

( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( ) ( )( )
1 21 1 1 2 2 2

, 1 ,..., , , 1 ,..., , 1 , 2 ,...,
NARX u u y

y t f u t u t u t n u t u t u t n y t y t y t n= − − − − − − −  
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The  Extre me  Le a rning  Ma c hine s (ELM) 

       The  Extre me  le a rning  ma c hine s re p re se nt the  sp e c ia l c la ss o f the  FF ANNs a nd  a re  a p p ro p ria te  
fo r re g re ssio n,  c la ssific a tio n, c luste ring , fe a ture  le a rning , a nd  sp a rse  a p p ro xima tio n. The y c a n b e  
use d  fo r fo re c a sting  p urp o se s a s we ll. Hua ng , Zhu, a nd  Sie w p ro p o se d  the  e xtre me  le a rning  
ma c hine s in 2004 [71]. The y usua lly a d d re ss a  sing le -hid d e n la ye r FF ne ura l ne two rk. In the  ELM, the  
we ig hts o f hid d e n la ye r no d e s a re  ra nd o mly se le c te d , a nd  a  le a st-sq ua re s so lutio n c a n a na lytic a lly 
d e te rmine  the  o utp ut we ig hts o f ELM.  The  la tte r me a ns tha t b e sid e s the  we ig hts tha t a re  c o nne c ting  
inp uts to  hid d e n no d e s, the  p a ra me te rs o f the  hid d e n no d e s ne e d  no t b e  a d juste d  a s we ll. 
Co nve rse ly, the  hid d e n no d e s c a n b e  ra nd o mly a llo c a te d  a nd , a fte rwa rd , ne ve r up d a te d . The  
o utp ut we ig hts o f the  hidd e n no d e s a re  usua lly se ttle d  in a  sing le  ste p , whic h sub sta ntia lly d e c re a se s 
the  time  ne e d e d  fo r the  le a rning  o f the  ANN. Ac c o rd ing  to  Hua ng  a nd  his c o lle a g ue s [71], the  ELM 
ne two rks a re  c a p a b le  o f p ro d uc ing  g o o d  g e ne ra liza tio n p e rfo rma nc e  a nd  c a n le a rn e ve n 
tho usa nd s o f time s q uic ke r tha n the  c o mp e titive  ne two rks, whic h a re  tra ine d  using  
b a c kp ro p a g a tio n. It is a lso  d e te c te d  fro m the  lite ra ture  tha t ELM mo d e ls c a n o utp e rfo rm e ve n the  
sup p o rt ve c to r ma c hine s, whic h a re  p ro vid ing  the  sub -o p tima l so lutio ns in b o th re g re ssio n a nd  
c la ssific a tio n p ro b le ms.  
     The  ELM mo d e ls ha ve  a lso  b e e n e xte nsive ly use d  in the  fie ld  o f the  e le c tric  lo a d  fo re c a sting , se e  
fo r e xa mp le  wo rks [72-75]. The re  ha ve  a lso  b e e n suc c e ssful a tte mp ts to  imp ro ve  the  b a sic  ELM 
sc he me , e .g ., Ertug rul [74] ha s a p p lie d  a  no ve l re c urre nt ELM a p p ro a c h fo r the  p urp o se  o f ELF 
fo re c a sting , Ga rc ia -La e nc ina  [76] ha s d e p lo ye d  a  me c ha nism to  impro ve  the  fo re c a sting  b y 
c o nd uc ting  a  line a r c o mb ina tio n o f multip le  ELM ma c hine s a nd  d e mo nstra te d  the  p e rfo rma nc e  o n 
thre e  e ng ine e ring  p ro b le ms, e tc . The  b a sic  sc he me  o f the  ELM ne two rk is sho wn in Fig . 3. [74, 77].  

 

Fig ure  3: Dia g ra m o f the  Extre me  Le a rning  Ma c hine  (So urc e s: Ertug rul; Alb a d r e t a l. [74, 77])    
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      Le t us a ssume  tha t we  ha ve  N a rb itra ry uniq ue  sa mp le s  

( ) [ ] [ ]1 2 1 2
, , ,..., , , ,...,

T Tn m

i i in i i im
x x x R y y y R= ∈ = ∈i i i iX , y X y . Ma the ma tic a lly, the  ELM c a n b e  

re p re se nte d  b y the  fo llo wing  e q ua tio n (se e  Fig . 3) [71, 74, 77]: 

( ) ( ) ( )
1 1 1

L L L

i i i i i i j i

i i i

g g b g W X b
= = =

⋅ = ⋅ ⋅ + = ⋅ ⋅ +∑ ∑ ∑i j i j iβ X β W X β    (8) 

      He re , ( )i
g •  a re  the  a c tiva tio n func tio ns, [ ]1 2

, ,...,
T

i i in
W W W=iW is the  ve c to r, who se  we ig hts link 

the  hid d e n no d e  a nd  the  i-th inp ut no d e s, while  [ ]1 2
, ,...,

T

i i im
β β β=iβ  is the  ve c to r, who se  we ig hts 

link the  hid d e n no d e  a nd  the  i-th o utp ut no d e s. The  p a ra me te s 𝑏𝑏𝑖𝑖 re p re se nt the  𝑖𝑖𝑖𝑖ℎ hid d e n no d e ’ s 
thre sho ld  (b ia s), while  the  p ro d uc t 𝑾𝑾𝒊𝒊.𝑿𝑿𝒋𝒋 sig nifie s the  inne r p ro d uc t b e twe e n 𝑾𝑾𝒊𝒊 𝑎𝑎𝑎𝑎𝑑𝑑 𝑿𝑿𝒋𝒋 [71, 74, 77]. 
The  va lue  L is the  numb e r o f the  ne uro ns in the  hid d e n la ye r. The  le a rning  a lg o rithm is b a se d  o n trying  
to  o b ta in the  ze ro  e rro r me a n o f the  N tra ining  da ta , whic h me a ns tha t the  fo llo wing  c o nd itio n must 

b e  a c hie ve d : 
1

0,
L

j

t desired output
=

− = −∑ j jy t . The n it c a n b e  sho wn tha t the re  e xist suc h , ,
i i

bβ iW  tha t 

the  fo llo wing  syste m o f e q ua tio ns c a n b e  writte n [71, 74, 77]: 

( )

( ) ( ) ( )

( ) ( ) ( )

( ) ( )

1

1 1 1 2 2 2

1 1 1 1 2 2 1 2 1

1 1 1 2 2 2

, 1,...,

:

... , 1,...,

:

...

...

...

L

i i j i

i

j j L L j L

L L L

N N L L N

g W X b j N

follows

g W X b g W X b g W X b j N

follows

g W X b g W X b g W X b

g W X b g W X b g W X b

=

⋅ ⋅ + = =

⋅ ⋅ + + ⋅ ⋅ + + + ⋅ ⋅ + = =

⋅ ⋅ + + ⋅ ⋅ + + + ⋅ ⋅ + =

⋅ ⋅ + + ⋅ ⋅ + + + ⋅ ⋅ +

∑ i j

1 2 L j

1 2 L 1

1 2 L

β t

β β β t

β β β t

β β β ( )L
= Nt

   (9) 

 Thus, we  ha ve  the  fo llo wing  ve c to r-ma trix syste m o f e q ua tio ns [71, 74, 77]: 

( ) ( ) ( )
( ) ( ) ( )
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1 1 1 1 2 2 1 2 1
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The  ve c to r L m×β  c a n the n b e  e stima te d  b y using  the  Mo o re -Pe nro se  g e ne ra lize d  inve rse  me tho d  a s 

fo llo ws  [71, 74, 77]: 

ˆ ,
N L

N L

L m N m

N L
The Moore Penrose generalized inverse for

×

×

× ×

×

= ⋅

− −

+

+

β H T

H H

 

       Furthe r d isc ussio n a nd  d e ta ils a b o ut the  ELM ne two rks a nd  the ir mo re  a d va nc e d  va ria nts c a n b e  
fo und  in [71-74, 76-80]. The re , a  mo re  d e ta ile d  e xp la na tio n a b o ut e ffic ie nt using  o f the  ELM ne two rks 
fo r the  p urp o se  o f ELF p re d ic tio n c a n b e  fo und  a s we ll. 
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Support Ve c tor Ma c hine s (SVMs) 

     The  sup p o rt ve c to r ma c hine s (SVMs) a re  re g re ssio n a nd  c la ssific a tio n me c ha nisms [55], whic h wa s 
first p re se nte d  b y Va p nik in 1992. La te r, in 1995, the  so ft ma rg in c la ssifie r wa s p ro p o se d  b y C o rte s a nd  
Va p nik utilizing  the  sta tistic a l le a rning  the o ry. Initia lly, the  SVMs we re  d e ve lo p e d  to  d e a l with p a tte rn 
c la ssific a tio n p ro b le ms (e .g ., a  fa c e  id e ntific a tio n, o p tic a l c ha ra c te r re c o g nitio n, e a rly me d ic a l 
d ia g no stic s, the  te xt c la ssific a tio n, e tc .). Afte rwa rd , Va p nik ha s e xte nd e d  the  use  o f SVMs to  b e  
d e p lo ye d  fo r the  re g re ssio n a lg o rithms a s we ll (i.e ., the  sup p o rt ve c to r re g re ssio n - SVR). O ve r the  la st 
two  d e c a d e s, the  SVMs ha ve  re c e ive d  g ro wing  a tte ntio n no t o nly fo r p a tte rn re c o g nitio n a nd  
re g re ssio n a na lysis b ut a lso  fo r the  fo re c a sting  p urp o se s a nd  so lving  o f the  time  se rie s p re d ic tio n 
p ro b le ms [9, 15, 55, 56]. The  ma in o b je c tive  o f the  SVMs is to  d e d uc t a  sp e c ific  d e c isio n rule  with a  
sa tisfa c to ry g e ne ra liza tio n a b ility b y c ho o sing  so me  sp e c ific  sub se t o f tra ining  d a ta , c a lle d  sup p o rt 
ve c to rs. 

        In the  SVM mo d e ls, a  no nline a r ma p p ing  o f the  inp ut sp a c e  into  a  hig he r d ime nsio na l fe a ture  
sp a c e  is d e p lo ye d , a nd  a fte rwa rd , a n o p tima lly se p a ra ting  hyp e rp la ne  is e xtra c te d . Ac c o rd ing ly, 
the  c o mp le xity a nd  q ua lity o f the  SVM so lutio ns d o  no t d ire c tly d e p e nd  o n the  inp ut sp a c e . Whe n 
d e sig ning  a n SVM mo d e l, the  tra ining  p ro c e ss tha t is c o mp a ra b le  to  so lving  o f a  line a rly c o nstra ine d  
q ua d ra tic  p ro g ra mming  p ro b le m is c a rrie d  o ut. The re fo re , c o nve rse ly to  the  o the r ne two rks’  tra ining , 
the  SVM so lutio ns a p p e a r to  b e  a lwa ys g lo b a lly o p tima l a nd  uniq ue . On the  o the r sid e , the  ma in 
we a kne ss o f the  SVMs is tha t it re q uire s a n e no rmo us a mo unt o f c o mp uta tio ns, a nd  c o nse q ue ntly,  
the  time  c o mp le xity o f the  so lutio ns is ra d ic a lly inc re a se d  [9].  

     The  SVM mo d e ls ha ve  a lso  b e e n wid e ly use d  fo r the  ELF fo re c a sting . Fu e t a l. [81] ha ve  use d  the  
SVMs to  p re d ic t the  ne xt d a y's e le c tric ity lo a d  o f p ub lic  b uild ing s, while  Ho ng  [82] ha s c o mb ine d  the  
SVMs with the  immune  a lg o rithm to  fo re c a st the  e le c tric  lo a d . Hu a nd  his c o lle a g ue s [83] ha ve  
d e mo nstra te d  tha t the  SVM fo re c a sting  mo d e l, who se  p a ra me te rs we re  a d juste d  b y a  fire fly b a se d  
me me tic  a lg o rithm, c a n sig nific a ntly o utp e rfo rm the  o the r e vo lutio na ry-b a se d  SVR mo d e ls, b e sid e s 
so me  o f the  c la ssic a l fo re c a sting  mo d e ls. Furthe rmo re , Q ia ng  a nd  Pu [84] ha ve  d e p lo ye d  the  SVMs 
b a se d  o n the  p a rtic le  swa rm o p timiza tio n to  a p p ly a  sho rt-te rm lo a d  fo re c a sting . The re  ha ve  a lso  
b e e n d e te c te d  ma ny o the r p a p e rs in the  lite ra ture  tha t a re  d e a ling  with the  ELF fo re c a sting . The  
ma in o b je c tive  o f mo st o f the  a utho rs wa s to  d e ve lo p  e ffic ie nt (na ture -insp ire d  a nd  o the r) a lg o rithms 
fo r a n a p p ro p ria te  se tting  a nd  a d justing  o f the  SVMs’  p a ra me te rs. So me  p a p e rs a re  a lso  d e d ic a te d  
to  the  a uto ma tic  mo d e l se le c tio n b y me a ns o f SVMs. Fo r e xa mp le , Ma ld o na d o  e t a l. [85] ha ve  use d  
the  id e a s o f SVR fo r fe a ture  se le c tio n p urp o se s, whic h re sulte d  in the  d e ve lo p e d  me c ha nism fo r 
a uto ma tic  la g  se le c tio n. He re , the  c o rre c t id e ntific a tio n o f re le va nt la g s a nd  se a so na l p a tte rns wa s 
d e mo nstra te d , while  the  e ntire  fo re c a sting  me c ha nism wa s use d  to  e ffic ie ntly p re d ic t the  e le c tric ity 
d e ma nd  fo re c a sting .    

     The  d e ta ils o f the  d e riva tio n o f the  SVM (a nd  SVR) mo d e ls c a n b e  fo und  in the  lite ra ture  (e .g ., se e  
[81-89]). Whe n a d d re ssing  the  SVM mo d e ls, the  struc ture d  risk minimiza tio n risk p rinc ip le  is c o nsid e re d  
inste a d  o f find ing  the  minimum e mp iric a l e rro rs [81, 83]. If we  ha ve  a  tra ining  d a ta se t 

( ){ }, , , ( ), 1,...,
n

i i i i
x y R R x input y output target i n∈ × − − = , the  o b je c tive  o f the  SVMs is to  g e ne ra te  the  

d e c isio n func tio n ( )des des
y f x=  ( •  is the  inne r p ro d uc t) b y me a ns o f minimiza tio n o f a  so -c a lle d  

re g ula rize d  risk func tio n R (b  is the  b ia s) [81, 83] : 
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i
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n
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otherwise

φ

φ

ε ε

=

= = +

−
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= + ⋅ = ⋅ + ⋅

 − − − ≥= 


∑ (10) 

He re , emp
R  is the  e mp iric a l risk, while  the  func tio n L is insensitiveε − Va p nik’ s lo ss func tio n, a nd  ε  is 

na me d  the  “ tub e  size ”  [81, 83]. The  se c o nd  te rm in R, i.e ., 
21

2
w⋅  is the  so -c a lle d  re g ula riza tio n p a rt 

inc lud e d  a s a  me a sure  o f the  fla tne ss (c o mp le xity) o f the  func tio n. The  ma in p urp o se  o f the  
re g ula rize d  c o nsta nt C  is to  find  the  a p p ro p ria te  tra d e -o ff b e twe e n the  re g ula riza tio n te rm a nd  
e mp iric a l risk. The  c o nsta nts C  a nd  ε a re  the  use r-d e fine d  p a ra me te rs a nd  c a n sig nific a ntly influe nc e  
o n the  b e ha vio r o f the  e ntire  SVM mo d e l. The  e q ua tio ns in (10) c a n b e  tra nsfo rme d  into  the  suita b le  
fo rm o f the  fo llo wing  minimiza tio n p ro b le m [83]: 
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w x b y
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∑ ∑

 

Co nc e rning  the  Wo lfe ’ s d ua l the o re m a nd  the  sa dd le -p o int c o nd itio n, the  dua l o p timiza tio n p ro b le m 
c a n a lso  b e  writte n in the  fo llo wing  fo rm [83]: 
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α α φ
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(11) 

Ba se d  o n o b ta ine d  ( ) ( )*

1

i

n

i i

i

w xα α φ
=

= − ⋅∑  fro m (11) a nd  the  d e c isio n func tio n ( )des des
y f x=  fro m 

(10), the  la te r ta ke s the  fo llo wing  fo rm [83]: 

( ) ( ) ( ) ( ) ( ) ( ) ( )* *

1 1

, , ,i i

n n

des des i i i i j

i i

y f x w x b x x b K x x bφ α α φ φ α α
= =

= = + = − ⋅ + = − ⋅ +∑ ∑         (12) 
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In e q ua tio n (12), ( ),
i j

K x x  re p re se nts a  ke rne l func tio n. Its va lue  c o rre sp o nd s to  the  inne r p ro d uc t o f 

the  two  ve c to rs ,
i j

x x  in the  fe a ture  sp a c e  ( ) ( ),
i j

x xφ φ . Fro m this fo llo ws:  ( ) ( ) ( ), ,
i j i j

K x x x xφ φ= . 

It turns o ut tha t a ny func tio n sa tisfying  the  Me rc e r’ s c o nd itio n mig ht ha ve  b e e n use d  a s the  ke rne l 
func tio n (e .g ., the  sig mo id  ke rne l, ra d ia l b a sis func tio n ke rne l, p o lyno mia l ke rne l, e tc .) [83].  

 

Fuzzy Log ic  

In ma ny re se a rc h fie ld s, the re  ha ve  b e e n a  c o untle ss numb e r o f b o o ks (se e  fo r e xa mp le  b o o ks [26, 
90-109]) a nd  p a p e rs a lre a d y p ub lishe d  a b o ut the  fuzzy lo g ic  (FL), the  me c ha nisms b e hind  this lo g ic , 
a nd  the  b a sic  p rinc ip le s.  Fuzzy lo g ic  is a  g e ne ra liza tio n o f the  c o nve ntio na l Bo o le a n the o ry, b ut 
inste a d  o f g e tting  a  va lue  o f 0 o r 1 fo r inp ut, it ha s a sso c ia te d  with it sp e c ific  q ua lita tive  ra ng e s. In 
o the r wo rd s, fo r insta nc e , a  te mp e ra ture  ma y b e  lo w, me d ium, o r hig h; ho we ve r, using  fuzzy lo g ic  
a llo ws o utp uts to  b e  d e d uc e d  fro m no isy o r fuzzy inp uts a nd  witho ut a  ne e d  to  sp e c ify a  p re c ise  
ma p p ing  o f inp uts to  o utp uts [55]. The  fuzzy me tho d s a re  ve ry use ful fo r ha nd ling  unc e rta intie s a nd  
a re  e sse ntia l fo r the  kno wle d g e  a c q uisitio n o f huma n e xp e rts. A me mb e rship  func tio n c a n b e  
re p re se nte d  fo r e ve ry fuzzy se t, whe re  a  func tio n fo r a ny fuzzy se t, o r a  me mb e rship  func tio n, e xhib its 
a  sp e c ific  c o ntinuo us c urve  tha t is c ha ng ing  fro m 0 to  1 o r vic e  ve rsa , while  a  c o rre sp o nd ing  
tra nsitio n’ s re g io n re p re se nts a  fuzzy b o und a ry o f the  te rm [29]. Fuzzy the o ry is o fte n c o mb ine d  with 
the  o the r me tho d s to  a c hie ve  g o o d  p re d ic tio n re sults [5]. In sho rt, fuzzy lo g ic  c a n b e  use d  in suc h 
c a se s [29] : 

• The  ma the ma tic a l mo d e l d o e s no t e xist, o r it e xists b ut is to o  d iffic ult to  e nc o d e . 

• The  ma the ma tic a l mo d e l is to o  c o mp le x to  b e  e va lua te d  fa st e no ug h fo r re a l-time  o p e ra tio n. 

• The  ma the ma tic a l mo d e l inc lud e s to o  muc h me mo ry o n the  d e sig na te d  c hip  a rc hite c ture . 

• The  e xp e rt is a va ila b le  who  c a n sp e c ify the  rule s und e rlying  the  syste m b e ha vio r a nd  the  fuzzy se ts 
tha t re p re se nt the  c ha ra c te ristic s o f e a c h va ria b le . 

• The  syste m ha s unc e rta intie s in e ithe r its inp uts o r d e finitio n. 

• The  syste ms a re : to o  c o mp lic a te d , to o  no n-line a r, o r with to o  muc h unc e rta inty to  imp le me nt using  
the  tra d itio na l te c hniq ue s. 

Ho we ve r, we  ha ve  to  a vo id  using  fuzzy lo g ic  fo r syste ms in whic h c o nve ntio na l c o ntro l e q ua tio ns 
a nd  mo d e ls a re  a lre a d y o p tima l o r e ntire ly a d e q ua te  [29]. In the  fie ld  o f e le c tric  lo a d  fo re c a sting , 
b o o ks [26, 96, 102, 103] a re  d e d ic a te d  to  the  mo d e ling  a nd  p re d ic tio n with a  p a rtic ula r e mp ha sis o n 
c o mp uta tio na l a nd  a rtific ia l inte llig e nc e  a p p ro a c he s, inc lud ing  the  Fuzzy lo g ic  mo d e ls. Be sid e s, Ali 
a nd  his c o lle a g ue s ha ve  d e p lo ye d  the  fuzzy lo g ic  mo d e ls to  the  sho rt-te rm ELF [110], a nd  lo ng -te rm 
lo a d  fo re c a sting  [111]. The  ELF fo re c a sting  wa s a lso  a d d re sse d  in wo rks [112-115]. Furthe r, 
Ja ma a lud d in e t a l.  [116] we re  d e a ling  with a  ve ry sho rt-te rm lo a d  fo re c a sting  o f a  p e a k lo a d  time  
b y using  the  fuzzy lo g ic , while  Ja g b ir a nd  Sing h [117] ha ve  c o nd uc te d  a n FL-b a se d  sho rt-te rm lo a d  
fo re c a sting  mo d e l fo r a  220 kV tra nsmissio n line . La o ua fi e t a l. [118] ha ve  d e ve lo p e d  a n a d a p tive  
ne uro -fuzzy infe re nc e  syste m-b a se d  a p p ro a c h fo r d a ily lo a d  c urve  p re d ic tio n, while  Ya o  e t a l. [114] 
ha ve  a p p lie d  a  sho rt-te rm lo a d  fo re c a sting  b y inte rva l Typ e -2 FL syste m.        

 

Wa ve le t Ne ura l Ne tworks (WNNs) 

      Wa ve le t the o ry is a  ma the ma tic a l the o ry tha t ha s b e e n p ro p o se d  b y G ro ssma n a nd  Mo rle t in the  
1980s.  La te r, Zha ng  ha s sug g e ste d  the  wa ve le t ne ura l ne two rk (WNN) in 1992 in o rd e r to  ta ke  
a d va nta g e  o f b o th the  wa ve le t func tio ns a nd  the  wid e ly use d  ne ura l ne two rk. The  WNNs a re  
a d vo c a te d  a s a n a lte rna tive  to  the  fe e d fo rwa rd  ne ura l ne two rks fo r a p p ro xima ting  the  a rb itra ry no n-
line a r func tio ns b y me a ns o f a  wa ve le t tra nsfo rm the o ry. A WNN ta ke s the  wa ve le t sp a c e  in the  sp irit 
o f fe a ture  sp a c e  fo r p a tte rn re c o g nitio n, a nd  it c a n re c o g nize  a  fe a ture  e xtra c tio n o f the  sig na l b y 
c a lc ula ting  the  inte rna l pro d uc t o f the  wa ve le ts b a se  a nd  the  sig na l ve c to r. He nc e , the  ne two rk c a n 
e ffic ie ntly le a rn the  inp ut a nd  o utp ut c ha ra c te ristic s o f the  syste m witho ut to o  muc h p rio r info rma tio n. 
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The  sig na l in WNN is tra nsmitte d  fo rwa rd  a nd  the  e rro r is p ro life ra te d  b a c kwa rd , b y whic h a  mo re  
a c c ura te  p re d ic tive  va lue  o f the  sig na l is a c hie ve d . The  WNNs p o sse ss ro ug h c a p a b ility a nd  a re  
ro b ust fo r a p p ro xima ting  the  no n-line a r func tio ns [14]. The  c o mp re he nsive  re vie w o f the  ELF 
fo re c a sting  b y me a ns o f wa ve le t ne two rks c a n b e  fo und  in Pa te l e t a l. [119]. 

 

Ge ne tic  Alg orithms (G A) 

     In the  1950s a nd  1960s, the re  we re  mo re  c o mp ute r sc ie ntists, who  ha d  ind e p e nd e ntly stud ie d  
e vo lutio na ry syste ms with the  id e a  tha t e vo lutio n c o uld  b e  use d  a s a n o p timiza tio n to o l fo r so lving  
e ng ine e ring  p ro b le ms. The  id e a  in a ll the se  syste ms wa s to  d e ve lo p  a  p o p ula tio n o f p o ssib le  so lutio ns 
to  a  g ive n p ro b le m with the  he lp  o f o p e ra to rs, whic h mimic  a  g e ne tic  va ria tio n a nd  na tura l se le c tio n 
[120]. Jo hn Ho lla nd  wa s the  first who  ha s intro d uc e d  g e ne tic  a lg o rithms a nd  d e ve lo p e d  his id e a  in a  
b o o k e ntitle d  “ Ad a p ta tio n in na tura l a nd  a rtific ia l syste ms” . Da vid  G o ld b e rg  fina lly p o p ula rize d  the  
G As in 1989. Ge ne tic  a lg o rithms ha ve  b e c o me  o ne  o f the  mo st p o p ula r a nd  use d  te c hniq ue s o f 
e vo lutio na ry c o mp uta tio n [121]. G As re p re se nt a  p le tho ra  o f o p timiza tio n a nd  se a rc h te c hniq ue s 
b a se d  o n the  p rinc ip le  o f g e ne tic s a nd  na tura l se le c tio n. The y a llo w the  p o pula tio n to  b e  c o mp o se d  
o f mo re  ind ivid ua ls e xp o se d  to  sp e c ific  se le c tio n rule s tha t ma ximize  the  suc c e ss o f the  so lutio n 
('fitne ss') o r minimize  the  c o st func tio n. Ho lla nd  p re se nte d  G A a s a  he uristic  (me ta he uristic ) me tho d  
b a se d  o n the  p rinc ip le  o f 'surviva l o f the  b e st'. This ha s ma d e  G As a  ha nd y to o l in re so lving  se ve re  
o p timiza tio n p ro b le ms [121]. To  summa rize , g e ne tic  a lg o rithm re p re se nts a  typ e  o f o p timiza tio n 
a lg o rithm to  find  the  o p tima l so lutio n(s) to  a  g ive n c o mp uta tio na l p ro b le m tha t ma ximize s o r 
minimize s a  c rite rio n func tio n. It re p re se nts a n imp o rta nt b ra nc h o f the  fie ld  o f e vo lutio na ry 
c o mp uta tio n [122]. In the  la st two  d e c a d e s, the  G As ha ve  b e e n wid e ly use d  a nd  suc c e ssfully a p p lie d  
to  va rio us typ e s o f o p timiza tio n p ro b le ms [123]. The  b a sic  c o mp o ne nts o f g e ne tic  a lg o rithms a re  [122, 
124]:  

1) A fitne ss func tio n fo r o p timiza tio n; the  func tio n tha t the  a lg o rithm is trying  to  o p timize , a nd  it is o ne  
o f the  mo st e sse ntia l p a rts o f the  a lg o rithm. 

2) A p o p ula tio n o f c hro mo so me s; c hro mo so me  re fe rs to  va lue s tha t re p re se nt a  c a nd id a te  so lutio n 
to  the  p ro b le m we  a re  trying  to  so lve . A g e ne tic  a lg o rithm sta rts with a  ra nd o mly c ho se n se t o f 
c hro mo so me s, whic h se rve s a s the  first g e ne ra tio n o r initia l p o p ula tio n. The n e a c h c hro mo so me  in 
the  p o p ula tio n is e va lua te d  b y the  fitne ss func tio n to  te st ho w we ll it so lve s the  p ro b le m. 

3) A se le c tio n o f whic h c hro mo so me s will re p ro d uc e ; b a se d  o n a  p ro b a b ility d istrib utio n d e fine d  b y 
the  use r. 

4) A c ro sso ve r to  p ro d uc e  the  ne xt g e ne ra tio n o f c hro mo so me s; the  c ro sso ve r o p e ra to r re se mb le s 
the  b io lo g ic a l c ro ssing  o ve r a nd  re c o mb ina tio n o f c hro mo so me s in c e ll me io sis. 

5) A ra nd o m muta tio n o f c hro mo so me s in the  ne w g e ne ra tio n tha t ra nd o mly flip s ind ivid ua l b its in 
the  ne w c hro mo so me s. 

     In the  fie ld  o f e le c tric  lo a d  fo re c a sting  o r a ny kind  o f fo re c a sting , the  G As ha ve  b e e n wid e ly use d . 
Na me ly, the y a re  fre q ue ntly we ll-suite d  with no nline a r syste ms a nd  the y c o nd uc t a  p a rtic ula r 
o p timiza tio n b a se d  o n the  na tura l se le c tio n o f the  o p tima l so lutio ns fo und  fro m a  wid e  ra ng e  o f the  
fo re c a sting  mo d e l c a nd id a te s’  p o p ula tio ns [125]. Suc h kind  o f G A-b a se d  o p timiza tio n is usua lly 
d e p lo ye d  d uring  the  mo d e l se le c tio n p ro c e d ure  whe n the  mo st a p p ro p ria te  p a ra me te rs o f the  
fo re c a sting  mo d e l must b e  fo und . Fo r insta nc e , in wo rk [125], the  G As ha ve  b e e n a p p lie d  to  find  the  
o p tima l p , d, a nd  q  p a ra me te rs o f the  ARIMA mo d e l. Re g a rd ing  the  ELF fo re c a sting , Aq uino  e t a l. 
[126] ha ve  e mp lo ye d  the  G As to  d e ve lo p  a  ne ura l-ne two rk-b a se d  lo a d  fo re c a sting  mo d e l. Gup ta  
a nd  Sa ra ng i [127] ha ve  use d  the  G A-b a se d  b a c k-p ro p a g a tio n me tho d  fo r e ffic ie nt ELF fo re c a sting . 
Kha n e t a l. [128] ha ve  re p o rte d  a b o ut ve ry sho rt-te rm lo a d  fo re c a sting  using  Ca rte sia n Ge ne tic  
Pro g ra mming  e vo lve d  Re c urre nt Ne ura l Ne two rks. Mo re o ve r, the  G A-b a se d  ELF fo re c a sting  is 
d isc usse d  in ma ny o the r wo rks, e .g ., se e  [129, 130].   
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Expe rt Syste ms 

Ba se d  o n [55], the  e xp e rt syste m is a  c o mp ute r p ro g ra m tha t ha s the  a b ility to  e xp la in, und e rsta nd , 
a nd  e xp a nd  its kno wle dg e  b a se  a s ne w info rma tio n b e c o me s a va ila b le . Exp e rt syste ms c o mb ine  
rule s a nd  p ro c e d ure s use d  b y huma n e xp e rts. An e xp e rt’ s kno wle d g e  must b e  c o nve nie nt fo r 
c o d ific a tio n into  so ftwa re  rule s. In p a rtic ula r, the  e xp e rts must b e  a b le  to  e xp la in the ir d e c isio n 
p ro c e ss to  p ro g ra mme rs. This kno wle d g e  is la te r c o d ifie d  a s fa c ts a nd  IF-THEN sta te me nts. It 
c o nstitute s a  se t o f re la tio nship s b e twe e n the  c ha ng e s in the  syste m lo a d  a nd  c ha ng e s in the  
e xo g e no us fa c to rs tha t a ffe c t the  lo a d . Ove r time , so me  o f the  rule s d o  no t c ha ng e , while  o the rs 
ma y ha ve  to  b e  c o ntinuo usly up d a te d . 

 

3. Hybrid Me thods a nd the  c ompre he nsive  c la ssific a tion of fore c a sting  mode ls 

      Hyb rid  o r c o mb ina tio n mo d e ls a nd  me tho d s c a n o b ta in b e tte r fo re c a sting  p e rfo rma nc e  tha n the  
sing le  mo d e l b y inte g ra ting  the  a d va nta g e s o f d iffe re nt sing le  fo re c a sting  mo d e ls a nd  the re fo re  a re  
wid e ly use d  in ma ny fo re c a sting  a re a s. In this se nse , the re  a re  nume ro us a va ila b le  fo re c a sting  
me tho d s, o p timiza tio n a lg o rithms, a nd  d a ta  p ro c e ssing  te c hniq ue s fo r d e ve lo p ing  d iffe re nt hyb rid  
mo d e ls [1, 9]. Thus, re c e nt stud ie s ha ve  tra nsfe rre d  the ir p rima ry re se a rc h fo c us o n the  d e ve lo p me nt 
o f e ffe c tive  hyb rid  mo d e ls with the  ho p e  o f imp ro ving  p re d ic tio n p e rfo rma nc e  [14]. Ac c o rd ing ly, it is 
re a so na b le  to  find  mo d e rn hyb rid  me tho d s, whic h a re  p re se nte d  in o rd e r to  c o ve r the  ne w 
te c hno lo g ic a l fra me wo rks [131]. Ho we ve r, the re  a re  no  c o nfe sse d  re fe re nc e s o n ho w to  se le c t 
d iffe re nt me tho d s to  b uild  a  hyb rid  mo d e l [9]. All the  wid e ly use d  e le c tric a l lo a d  fo re c a sting  mo d e ls 
tha t ha ve  b e e n a fo re me ntio ne d  a nd  d isc usse d  in the  p re vio us two  sub -se c tio ns a re  summa rize d  a s 
sho wn in Fig . 4. 
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Fig ure  4: A c o mp re he nsive  c la ssific a tio n o f fo re c a sting  mo d e ls 

So urc e : Ad a p te d  b y the  a utho rs 

 

III. THE BRIEF SYSTEMIC REVIEW OF THE ELECTRIC LO AD FO REC ASTING LITERATURE  

       The  stud y fro m he re a fte r is b a se d  o n the  re vie w o f a c a d e mic  re se a rc h a ime d  a t e le c tric ity lo a d  
fo re c a sting . The re fo re , this se c tio n d e sc rib e s the  syste ma tic  p ro c e ss use d  fo r the  re vie w. This stud y 
ha s b e e n a p p lie d  fo r the  c o nve ntio na l re vie w witho ut the  syste ma tic  re vie w a s a n initia l ste p  fo r 
d isc o ve ring  the  g e ne ra l id e a s o f e le c tric  lo a d  fo re c a sting  mo d e ls. Thus, the re  wa s no  urg e nt ne e d  to  
fo llo w the  stric t syste ma tic  re vie w c rite ria  a nd  p ro to c o ls. Ho we ve r, we ll-de fine d  ste p s in o rd e r to  
se le c t a c c ura te  so urc e s a nd  p ub lic a tio ns we re  fo llo we d . Firstly, the  fo llo wing  ke ywo rd s ha d  b e e n 
use d : “ e le c tric  a nd  e ne rg y” , “ mo d e ls a nd  me tho d s” , a nd  “ lo a d  fo re c a sting ”  in Eng lish o nly. 
Se a rc hing  b a se d  o n the se  ke ywo rd s ha s a d d re sse d  the  o nline  d a ta b a se  We b  o f Sc ie nc e  (WO S), the  
mo st truste d  c ita tio n d a ta b a se s in the  wo rld .   

      The  initia l se a rc h re sults ha ve  g ive n N = 276 sc ie ntific  p a p e rs. Se c o nd ly, the  re se a rc h a re a  ha d  
b e e n na rro we d  d o wn in o rd e r to  find  the  M = 145 mo st re le va nt stud ie s b y e xc lud ing  the  p re se nc e  
o f the  a fo re me ntio ne d  ke ywo rd s in the  ma in te xt a nd  le a ve  the  la tte r o nly in the  c o nte xt o f the ir 
re fe rring  in the  title  a nd  a b stra c t. Sub se q ue ntly, a  q uic k o ve rvie w o f the  fo und  wo rks ha s e na b le d  
the  id e ntific a tio n o f so me  irre le va nt stud ie s a nd  p a p e rs a sso c ia te d  with sp e c ific  ke ywo rd s like : 
“ e le c tric ity p ric ing ” , “ e le c tric  ve hic le s” , o r “ wind  p o we r” . Afte r the ir re mo va l, in the  e nd , K = 52 wo rks 
ha ve  b e e n id e ntifie d  a nd  ha d  c o nstitute d  the  b a sis o f this re vie w stud y. Amo ng  the  se le c te d  52 
stud ie s, 30 a re  a rtic le s, 15 a re  c o nfe re nc e  p a p e rs (to g e the r L = 45 p a p e rs), fo ur a re  b o o ks, a nd  thre e  
a re  the se s, a s sho wn in Fig . 5. All o f the m ha ve  b e e n re vie we d  in d e p th. 
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Fig ure  5: Se a rc h re sults b y pe rc e nta g e s fo r a  re vie w stud y (fo r K = 45 p a p e rs) 

IV. RESULTS O F THE REVIEW STUDY AND DISC USSION 

Fro m the  L=45 stud ie d  p a p e rs, a b o ut 15 d iffe re nt mo d e ls ha ve  b e e n fre q ue ntly id e ntifie d . The  first 
o b se rva tio n is tha t so me  mo d e ls c a n b e  c a te g o rize d  und e r the  sa me  la b e l suc h a s: AR, MA, ARMA, 
ARIMA, a nd  SARIMA mo d e ls c a n b e  se e n a s a  pa rt o f time  se rie s a na lysis (a nd  fo re c a sting ) mo d e ls. 
The re fo re , the y c a n b e  g a the re d  into  the  la b e l “ Time  Se rie s mo d e ls”  [15]. Be sid e s the  hug e  numb e r 
o f p a p e rs p re se nting  a  lo a d  fo re c a sting  mo d e ling  in d iffe re nt a re a s o f re se a rc h, the re  a re  se ve ra l 
g e ne ra l b o o ks a nd  sc ie ntific  the se s a va ila b le  a nd  p ub lishe d  a b o ut mo d e ling  a nd  fo re c a sting  
e le c tric ity lo a d s. So me  o f the m o nly intro d uc e  the  b a sic  c o nc e p ts o f lo a d  fo re c a sting  mo d e ling , 
while  o the rs c o ve r a ll the  a d va nc e d  me tho d o lo g ie s a nd  mo d e ling  issue s, le t b e  b y using  sta tistic a l 
o r a rtific ia l inte llig e nc e  a p p ro a c he s. Ta b le  1 intro d uc e s so me  o f the  typ ic a l b o o ks a nd  the se s, whic h 
d o mina te  the  fie ld  o f lo a d  fo re c a sting  mo d e ling . 

Table 1: Some of available books and theses dominating at the field of load forecasting modeling 

 Author Title  

Bo o ks 

Ra fa l We ro n [55] 
Mode ling  a nd Fore c a sting  Ele c tric ity Loa ds a nd Pric e s: 

A Sta tistic a l Approa c h 

So lima n a nd  Al-
Ka nd a ri [29] 

Ele c tric a l Loa d Fore c a sting : Mode ling  a nd Mode l 

Construc tion 

Ho ng  e t a l. [20] 
Short- Te rm Load Fore c a sting  by Artific ia l Inte llig e nt 

Te c hnolog ie s 

Ad hika ri a nd  
Ag ra wa l [56] 

An Introduc tory Study on Time  Se rie s Mode ling  a nd 

Fore c a sting  (the  ELF pa rtia lly c ove re d) 

Hynd ma n a nd  
Atha na so p o ulo s 

[30] 

Fore c a sting : Princ iple s a nd Pra c tic e  (the  ELF pa rtia lly 

c ove re d) 

The se s 

Ma nish Sing la  [132] Ele c tric a l Loa d Fore c a sting  Using  Ne ura l Ne tworks 

Ja ime  Buitra g o  
[133] 

Short- Te rm Fore c a sting  of Ele c tric  Loa ds Using  Nonline ar 

Autore g re ssive  Artific ia l Ne ura l Ne tworks with 

Exog e nous Multiva riable  Inputs 

Ma hmo ud  She p e ro  
[134] 

Mode ling  And Fore c a sting  The  Loa d in The  Future  

Ele c tric ity Grid: Spa tia l Ele c tric  Ve hic le  Loa d Mode ling  

a nd Re side ntia l Load Fore c a sting  
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It is vita l a lso  to  und e rsta nd  the  g e ne ra l tre nd  o f re se a rc he rs' inte re st in se a rc h a nd  inve stig a te  the  
time -p ro g re ss o f d e ve lo p e d  mo d e ls o f e le c tric ity lo a d  fo re c a sting  o ve r time  in o rd e r to  imp ro ve  the  
e xisting  re sults a nd  a p p lic a tio ns. Thus, Fig . 6 sho ws the  ra te s a nd  numb e r o f p ub lishe d  p a p e rs, in te rms 
o f time  c o ve ra g e  fro m 2003 to  2019 (c o nsid e ring  L=45 p a p e rs), whe re b y we  c a n no tic e  tha t the  tre nd  
o f a tte ntio n inc re a se s a nd  the  hig he st numb e r o f p ub lic a tio ns wa s re c o rd e d  in 2017. The  re sults 
re fle c t the  imp o rta nc e  o f stud ying  suc h a  to p ic  re c e ntly, in a d d itio n, the  line a r-fo re c a st p re d ic ts a  
p o sitive  g ro wing  in this tre nd  in the  future . 

 

Fig ure  6: The  Pub lic a tio n Pa tte rn in the  Fie ld  o f Ele c tric  Lo a d  Fo re c a sting  Mo d e ling  (fo r K = 45 
p a p e rs) 

Fifte e n d iffe re nt fo re c a sting  mo d e ls ha ve  b e e n id e ntifie d  a nd  c la ssifie d  in this stud y. Ind e e d , it is 
inte re sting  to  stud y the ir d istrib utio n thro ug h a ll the  M = 145 mo st re le va nt re fe re nc e s in o rd e r to  ha ve  
a  c le a r visio n fo r the  c urre nt tre nd  in the  fo re c a sting  mo d e ls use d . The  d istrib utio n o f the  d iffe re nt 
a na lyze d  fo re c a sting  mo d e ls is illustra te d  in Fig . 7. A c le a r o rie nta tio n is o b se rve d  in the  use  o f 
fo re c a sting  mo d e ls. The  ANN is the  mo st wid e ly use d  p re se nt in 27 p a p e rs, fo llo we d  b y the  re g re ssio n 
mo d e l p re se nt in 19 p a p e rs. The n the  fuzzy lo g ic  a nd  the  SVM c a me  a fte r tha t in 15 p a p e rs. Mo re o ve r, 
the  ARMA a nd  ARIMA mo d e ls ha ve  b e e n hire d  in 13 a nd  12 p a p e rs re sp e c tive ly, a nd  the  re st o f the  
mo d e ls we re  use d  b ut b y limite d  p ro p o rtio ns. The  re la tive ly hig h q ua ntity o f re g re ssio n, ANN, fuzzy 
lo g ic  a nd  SVM mo d e ls c a n b e  e xp la ine d  b y the ir p o p ula rity in the  re se a rc h c o mmunity. This 
o b se rva tio n stre ng the ns the ir sta tus a s le a d ing  mo d e ls in the  fie ld . 

1 1
1

2

1

2

6

1

2

5 5

2

10

4

2

0

2

4

6

8

10

12

2003 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019

N
u

m
b

e
r 

o
f 

P
a

p
e

rs

Year 

No. of Published Papers



Lo g istic s & Susta ina b le  Tra nsp o rt 

Vo l. 11, No . 1, Fe b rua ry 2020, 51-76 
d o i: 10.2478/ jlst-2020-0004 

71 

 

 

Fig ure  7: Distrib utio n o f C la ssifie d  Fo re c a sting  Mo d e ls (fo r M = 145 p a p e rs) 

Ano the r imp o rta nt c ha ra c te ristic  is the  ho rizo n o r time -te rm c o nsid e re d  fo r the  p re d ic tio n. In fa c t, the  
time  fra me  a nd  so lutio n tha t a re  c ho se n fo r a ny p re d ic tio n will hig hly influe nc e  the  re sults a nd  the  
c ho ic e  o f a  mo d e l o ve r a no the r. The  time fra me  o f p re d ic tio n is c la ssifie d  into  fo ur c a te g o rie s: ve ry 
sho rt te rm, sho rt te rm, mid -te rm a nd  lo ng  te rm. The  fo re c a sting  ho rizo n d istrib utio n thro ug h the  
d iffe re nt re vie we d  p a p e rs is sho wn in Ta b le  2. The  d istrib utio n in p e rc e nta g e  is b a se d  o n the  numb e r 
o f p a p e rs in whic h the  fo re c a sting  time  fra me  is re le va nt o r e mp ha size d . The  re sults re ve a l tha t short-

te rm a nd long - te rm pre dic tions ha ve  c o ntrib ute d  to  the  hig he st p e rc e nta g e  within the  re vie we d  
p a p e rs b y 44.4%  a nd 22.2%  re sp e c tive ly. In c o ntra st, ve ry sho rt-te rm a nd  mid -te rm p re d ic tio ns a re  
no t hig hly re p re se nte d  within the  c a se s.  

Ta b le  2: The  fo re c a sting  ho rizo n d istrib utio n thro ug h the  re vie we d  p a p e rs (fo r K = 45 p a p e rs) 

Time  Fra me  
Numbe r of Pa pe rs 

(Journa l  & Confe re nc e ) 

Distribution 

Pe rc e nta g e  

Very Short-Term 1 2.22% 

Short-Term 20 44.44%  

Mid-Term 5 11.11% 

Long-Term 10 22.22%  

None 9 20% 
Total 45 --- 

In te rms o f g e o g ra p hic a l c o ve ra g e , China  is the  mo st a d d re sse d  a nd  stud ie d  c o untry thro ug h 4 
stud ie s fo llo we d  b y the  USA a nd  Turke y, the n Austra lia  a nd  UAE, a s sho wn in Fig . 8. 



Lo g istic s & Susta ina b le  Tra nsp o rt 

Vo l. 11, No . 1, Fe b rua ry 2020, 51-76 
d o i: 10.2478/ jlst-2020-0004 

72 

 

 

Fig ure  8: C o ve ra g e  b y Are a  fo r the  Stud ie d  Co untrie s (fo r K = 45 p a p e rs) 

 

V. CO NCLUSIONS AND FURTHER RESEARC H 

In this p a p e r, o ve r 15 d iffe re nt fo re c a sting  mo d e ls d istrib ute d  into  45 mo st re le va nt sc ie ntific  p a p e rs 
a b o ut the  e le c tric  lo a d  fo re c a sting  ha ve  b e e n mo re  in-d e p th inve stig a te d . Se ve ra l c rite ria  ha ve  
b e e n c he c ke d  a nd  e xa mine d  suc h a s the  sc a le  o f the  p ro je c t, the  p re d ic tio n ho rizo n time  fra me , 
time  re so lutio n, inp uts, o utp uts, d a ta  p re -p ro c e ssing , e tc . The  stud y a lso  a na lyze d  so me  p a tte rns in 
the  use  o f the se  mo d e ls. So me  o f the m a re  mo re  a p p ro p ria te  a nd  p re fe rre d  fo r e le c tric  lo a d  
fo re c a sts suc h a s re g re ssio n a na lysis b a se d  mo d e ls a nd  a rtific ia l ne ura l ne two rks (ANN), whic h a re  
the  mo st utilize d  mo d e ls in e le c tric ity p re d ic tio ns. In this sc o p e , the  a rtific ia l ne ura l ne two rks (ANN) 
mo d e ls a re  ma inly e mp lo ye d  fo r sho rt-te rm p re d ic tio ns whe re  e le c tric ity a nd  p o we r c o nsump tio n 
p a tte rns a re  mo re  c o mp lic a te d . On the  o the r sid e , the  re g re ssio n mo d e ls a re  still wid e ly a p p lie d  a nd  
e ffic ie nt fo r lo ng -te rm fo re c a sting  whe re  p e rio d ic ity a nd  c ha ng e s a re  le ss sig nific a nt. Ad d itio na lly, 
the  fuzzy lo g ic  a nd  sup p o rt ve c to r ma c hine  (SVM) mo d e ls a re  p re se nt in a  sig nific a nt p ro p o rtio n o f 
p a p e rs sho wing  inc re a sing  a tte ntio n the re o f. C o nve rse ly, the  sta tistic a l mo d e ls (The  Bo x-Je nkins 
mo d e ls’  fa mily in p a rtic ula r) a re  no t so  d o mina nt a nymo re  a s ha ve  b e e n in the  p a st, b ut the ir sha re  
still c a nno t b e  ne g le c ta b le . De sp ite  a ll the se  d e te c te d  stud ie s, the  re se a rc h g a te  is still wid e  o p e n to  
a p p ly a nd  a d a p t a  lo t o f no ve l c o mb ine d  mo d e ls fo r e le c tric ity a nd  p o we r p re d ic tio n. Mo re o ve r, 
c e rta in ma g nifie d  a tte ntio n to  stud y ve ry sho rt-te rm a nd  mid -te rm lo a d  fo re c a sting  sho uld  ha ve  
b e e n a d d itio na lly d e d ic a te d  to  fulfilling  the  d e te c te d  g a p  in the  fie ld .  
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