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I .  INTRODUCTION:  
In  the  p resen t  days  Elec t r ic i ty p l ays  an impor tant  ro le  in  the  day to  day l i fe .  Al l  

t ypes  o f  ac t ivi t ie s  a re  go verned  b y machine  which i s  use less  wi thout  e lec t r ic i ty .  As i t  

bad ly necessary in  eve ry f ie ld ,  so  i t  sho uld  b e  managed  e f f ic ient ly .  Genera l ly  we ge t  

e lec t r i c i ty  f ro m thermal ,  Hydro  e l ec t r ica l  s t a t ions .  Di f ferent  o rganiza t io ns  such as  

Government  and  pr iva te  sec tor s  a re  taking care  o f  the  p roduct ion  and  d is t r ibu t io n  

e lec t r i c i ty .  Due  to  the  advancement  o f  new technolo gy more  eq uip ment  a re  co ming  up  

for  the  service  o f  mankind .  I t  i s  an essent ia l  t ask to  fo recas t  t he  future  requi rement s  o f  

the  e l ec t r i c i ty  fo r  our  surviva l s .  E lec t r ic i ty i s  genera t ed  fro m d i f fe ren t  s ta t ions  and  i t  i s  

send ing o ut  fo r  the  d i s t r ibut ion thro ugh cab le s .  The  head  o f  the  o rgan iza t i o n who i s  i n  

the  charge  of  d is t r ibu t ion sho uld  p lan for  the  requi rement .  The  forecas t  e r ror  fo r  the  

consumpt ion o f  e lec t r i c i ty  must  be  minimal  o ther wise  i t  wi l l  have  a  grea t  loss  to  the  

o rganiza t io n.  Dai ly co nsump t io n of  e l ec t r ic i ty  depends  o n many fac tors .  E lec t r i c i ty  i s  

used  in  l igh tening,  hea t ing and  running machines  in  d i f fe ren t  purpose .  The  parameter s  

invo lved  in  genera t io n and  d i s t r ib ut ion  of  e lec t r ic i ty  i s  co mp lex and  no nl inear .  We  use  

ANN for  model ing thi s  co mplex s t ruc ture ,  Kho tanzad  [7]  have  s tud i ed  the  p red ic t io n of  

na tura l  gas  consump t io n b y us ing ANN forecas t s .  Bate s  [1 ] ,  Bunn [2] ,  Clemen [3] ,  

Dona ldso n [4] ,  Mosta shimi  [9 ]  have  s tud ied  d i f fe rent  p rob lems  us ing ANN forecas ts .  

Al l  t he  p rob lems are  based  on minimiz ing the  var iance  o f  the  fo recas t  e r rors .  In  the  

p resent  paper  we  have  made  an a t tempt  to  s tud y the  p resen t  day to  d ay consumpt io n o f  

e lec t r i c i ty  and  to  p ro jec t  future  co nsumpt ion  keep ing the  parameter s  invo lved  in  the  

p rocess .  I n  th is  sys tem e lec t r ic i ty  demand i s  p red ic t ed  as  no nl inear  fun ct ion  of  the  

recen t  demand va lues  and  r eso urces  l ike  coa l  deposi t s ,  r a in fa l l  and  weather  da ta .  

Makr idake‟s  [8 ]  used  t rad i t io na l  fo recas t er  to  car ryo ut  the i r  p rob lem.  In  o ur  work  we 

have  used  ANN forecas t er  a  feed  forward  mul t ip layer  percep t io n and  funct io n a l  l i nk.  

 

ANN Forecaster: The p roposed  forecas t ing sys tems  works  in  two s t ages .  I n  the  f i r s t  

s tage  bo th  the  two  ANN forecas ter s  such  a s  Adap t ive  feed  forward  forecas ter s  (AFFF)  

and  Adapt ive  func t io nal  l ink fo recas ter  (AFLF)  run para l l e l  and  produce  output  

fo recas ter  i ndependent ly  fo r  co nsumpt ion  of  e lec t r i c i ty .  I n  the  second  s tage  bo th the  

outp ut  a re  co nsidered  a s  inpu t  and  g ives  a  co mbinat ion mod ule  fo recas t .  

1 .  Adapt ive  Feed forward Forecaster  (AFFF): AFFF is a  three layer  ( input ,  hidden,  

output)  feed forward  perceptron wi th a  sigmoid  node which i s  t rained by backprogra tion 

learning Rule [10] .  The  fo llo wing nota t ions and parameters are used  as input  vector  for  

AFFF in order  to  solve our  prob lem.  

Abstract: Artificial Neural Network (ANN) is an important tool in solving many problems in Science, 

engineering, medicine and business organizations.In this present paper we have studied to forecast 

the daily consumption of Electrical Energy by using Artificial Neural Network Forecaster 

(ANNF).We have considered two ANNF such as Multi layer feed forward ANN and functional link 

ANN. Initially these forecasters are trained by back propagation algorithms where adaptive strategy 

is employed to adjust their weight during on-line forecasting. The proposed Electrical energy 

forecasting system has been divided into two stages.The results are tested on the real data from two 

sources such as hydroelectric and thermal stations.                          
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i )  𝐸 𝐾 − 1 , 𝐸 𝐾 − 2 denote s  the  e l ec t r ic i ty  co nsumed for  the  two previous  days  and  k i s  

the  parame ter  fo r  the  kth day.  

i i )  Average  da i ly  tempera ture  in  pas t  t wo  days  𝑇 𝐾 − 1 , 𝑇(𝐾 − 2).  

i i i )  Average  weather  condi t ion for  the  pas t  day 𝑊(𝐾 − 1).  

iv)  Average  consumpt io n o f  coa l  i n  pas t  da y 𝐶(𝐾 − 1) 

v)  Average  r a in fa l l  i n  the  pas t  day 𝑅(𝐾 − 1).  

Al l  i npu ts  a re  considered  wi th in  [0 ,  1 ]  fo r  ob ta in ing  maximu m and  minimu m values  fo r  

each inp ut  E ,  T ,  W, C,  R.  The  outp ut  o f  AFFF cons is ts  o f  a  s ingle  nod e  where  ou tpu t  i s  

the  fo recas t  send  out  fo r  the  next  day denoted  by𝐸(𝐾).  Ini t i a l ly  AFFF is  t ra ined  b y the  

hi s to r ica l  da ta  us ing back propagat ion ( Bp)  learning ru le .  Af ter  t he  ini t ia l  t ra in ing the  

we ights  a re  updated  b y each day when the  ac tua l  da ta  fo r  tha t  day i s  ava i lab le .  

 

2. Adapt ive  Funct io nal  l ink Foreca st  (AFLF):  

I t  i s  a  t wo layer  feed  forward  ANN wi th no  hidden layer  and  s igmoid  o utp ut  node  

t ra ined  wi th  BP  rule .  The  bas ic  idea  behind  a  funct io na l  l i nk ANN is  the  use  o f  non  

l inear  t rans format ion o f  so me co mponents  o f  the  inp ut  vec tor  be fore  i t  i s  fed  to  the  

inp ut  layer  o f  the  ne t wo rk.  The  inp ut s  fo r  the  AFLF are  the  same inp ut s  o f  AFFF and  the  

fo l lo wing addi t io na l  funct iona l  l i nks  o f  thi s  va r iab le  fo r  the  cos ine  funct ion.   

( i )Funct io n o f  p rev ious  days  send  o ut  e l ec t r ic i ty  𝐸2 𝐾 − 1 ; cos⁡[𝜋𝐸 𝐾 − 1 ] 
( i i )Funct io n o f  the  p rev ious  days  t emp era ture :𝑇2 𝐾 − 1 ; cos[ 𝜋𝑇 𝐾 − 1 ] 
( i i i )Funct ion o f  the  coa l  consumpt ion o f  the  pas t  day𝐶2 𝐾 − 1 ; cos[ 𝜋𝐶 𝐾 − 1 ] 
( iv)Func t io n of  the  ra in fa l l  i n  the  pas t  day 𝑅2 𝐾 − 1 ; cos[ 𝜋𝐶 𝐾 − 1 ] 
The  outp ut  send  o ut  by AFLF in  the  next  d ay i s  denoted  b y 𝐸2(𝐾) and  the  we igh ts  

updated  b y the  BP  learn ing rule  s imi lar  to  tha t  emplo yed  in  AFFF.  

Forecas t  Co mb inat io n:  The  proposed  forecas t  co mbinat ion o f  AFFF and  AFLF is  made  in  

the  fo l lo wing method s  an d  i t s  module  i s  dep ic t ed  in  the  f ig(1) .  

1 )  Average  o f  fo recas t s  

2 )  Recurs ive  lea s t  sq uares  

3 )  Adap t ive  feed  forward  ANN  

4)  Adap t ive  funct io nal  l i nk ANN  

5)  Karmarkar ‟s  Linear  p rogramming a lgor i thm  

 
Fig(1): Forecast System Module 

 

(1 )Average  o f  Forecas t :  The  f ina l  o utp ut  send  out  fo r  the  nex t  day for  the  co nsumpt ion  

of  e lec t r ic i ty  i s  taken b y the  average  o f  t wo forecas t s  AFFF & AFLF denoted  b y𝐸𝐴 𝐾 . 
 

𝐸𝐴 𝐾 =
𝐸1 𝐾 +𝐸2(𝐾)

2
     [1 ]  
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(2)Recurs ive  lea s t  Sq ua res :  This  method  emplo yed  for  co mb in ing  these  fo recas t s  as  used  

b y Haykin[5]  to  p red ic t  the  next  day co nsump t ion b y𝐸𝑅𝐿𝑆 𝐾 = 𝛼1𝐸1 𝐾 + 𝛼2𝐸2(𝐾  

  [2 ]  

Where  𝛼1 > 0 a re  the  parameters  co mp uted  dur ing  t ra in ing rule  such a  way tha t  i t  

minimizes  the  sum of  square  o f  d i ffe rences  be tween pas t  ac tua l  send  out  and  the  

cor responding forecas t s  M where𝑀 =  𝛽 𝑘−1 −𝑖{𝐸1 𝑖 − 𝐸𝑅𝐿𝑆 𝑖 }2𝑘−1
𝑖=1                                                        

[3 ]   

fo r  0  <  β  <  1  ca l led  fo rge t t ing fac tor .  

(3) Adaptive feed forward ANN:In  th is  method  E 1 (K)  and  E 2 (K)  a r e  co mb ined  b y no nl inear  

funct io n  „ f ‟  us ing  adap t ive  feed  for ward  percep t ron  of  ANN where  a rchi tec ture  and  

opera t ion s imi lar  to  tha t  o f  AFFF.  The  inp ut  vec tors  to  AFF co nsi s t s  o f  

E 1 (K) ,E 2 (K) ,T (K) ,C(K) ,R(K)  and  the  f ina l  co nsum pt io n i s  given b y  

E A F F (K)  =  f  (E 1 (K) ,E 2 (K) ,T (K) ,C(K) ,R(K))  

4)  Adapt ive  funct ional  l ink ANN: The co mbined  forecas t  b y thi s  method  i s  deno ted  b y,  

E A F L(K)  which i s  a  nonl inear  funct ional  „g ‟  g iven 

b yE A F L (K)=(E 1 (k) , h(E 1 (k) ) ,E 2 (k) , h(E 2 (k) ,C(k) ,h (c(k) ) ,R(k) ,h(R (k) ) ,T (k) ,h(T(k) ) )  

Whereℎ 𝐸1 𝑘  = cos⁡[𝜋. 𝐸1 𝑘 ] 

ℎ 𝐸1 𝑘  = cos⁡[𝜋. 𝐸1 𝑘 ] 

ℎ 𝐸2 𝑘  = cos⁡[𝜋. 𝐸2 𝑘 ] 

ℎ 𝑇 𝑘  = cos 𝜋. 𝑇 𝑘   

ℎ 𝑅 𝑘  = cos 𝜋. 𝑅 𝑘   

ℎ 𝐶 𝑘  = cos 𝜋. 𝐶 𝑘   
The  archi tec ture  and  op era t io n i s  s imi lar  to  tho se  o f  AFLF.  

5)  Karmarka r’s  Linear  Progra mming Algori th m:  I t  i s  an a l te rna t ive  to  s implex  

method  g iven  b y Karmarkar [6]  which i s  used  for  co mb ining the  two forecas t  ou tpu t  

denoted  b y E L P (k)  which i s  a  l inearco mb inat io n  of  E 1 (k)  and  E 2 (k)  where  

𝐸𝐿𝑃 𝐾 = 𝛼1𝐸1 𝑘 + 𝛼2𝐸2 𝑘   

The  parame ters  𝛼𝑖are  co mputed  to  min imize𝑀 =   𝐸 𝑖 − 𝐸𝐿𝑃(𝑖) 𝐾−1
𝑖=1  

the  s tep s  involved  in  the  a lgor i thm are  

Le t  𝐴 =  
𝐸1(1) 𝐸2(1)

⋮ ⋮
𝐸1(𝐾 − 1) 𝐸2(𝐾 − 1)

  , 𝐵 =  
𝐸(1)
⋮

𝐸(𝑘 − 1)
  

𝐴𝑇 =  𝛼1, 𝛼2  , 𝜖 =so me sma l l  pos i t ive  number  

i )  Ini t ia l ize  U =  (u 1 ,  u 2 , - - - - - -  u k - 1 )
T

 ,   u i  =  .2 ,  I=1 ,2 - - - -- - -k -1  

i i )  Co mp ute  V=(v 1 ,  v 2 , - - - - -  v k - 1 )
T

 =[1 ,1 , - - - - -1 ]
T

–(u 1 ,  u 2 , - - - - - -  u k - 1 )
T

 

i i i )  Input  W the  d iago nal  matr ix  o f  weight s𝑤𝑖𝑖 =  
𝑢𝑖

2𝑣𝑖
2

𝑢𝑖
2+𝑣𝑖

2  , 𝑖 = 1,2, … 𝑘 − 1 

iv)  Co mp ute  𝑎𝑇 =  𝐴𝑇𝑊𝐴 −1𝐴𝑇𝑊𝐵 

v)  Co mp ute  e r ror  𝑒 = 𝐵 − 𝐴𝑎𝑇  

v i )  Co mp ute  vec tor𝑟 =  𝑟1, 𝑟2 , … 𝑟𝑘−1  , 𝑤ℎ𝑒𝑟𝑒𝑟𝑖 =  
𝑢𝑖

2𝑣𝑖
2

𝑢𝑖
2+𝑣𝑖

2 𝑒𝑖  

v i i )  I f  
1−𝐼𝑟

𝑇

 𝑒 
 where   𝑒  i s  the  norm o f  vec tor  e  and  1=(1 ,1 ,…1) ,o therwise  go  to  next  s tep  

vi i i )  Co mp ute  vec tor  δ  

ix)  Update  U b y U =  U +  βδ  wi th  𝛽 =
0.092

max ⁡{max  
𝛿𝑖

𝑢𝑖
  ,max  

𝛿𝑖
𝑢𝑖
  }

 

x)  Return to  s tep  ( i i )  
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Experimental Analysis: The performance of the proposed system and the eight discussed combination is tested 

using real data collected from six different local daily consumption (LCD) of   electricity.  The performance 

index mean absolute percentage error (MAPE) of forecast has been computed by 

𝑀𝐴𝑃𝐸 = 1/𝑁 ( 𝐸 𝑖 − 𝐸  𝑖  /𝐸(𝑖) × 100 

Where   N is the total number of test samples 

𝐸 𝑖 ∶Actual send out electricity of the i
th

  sample 

𝐸  𝑖 ∶Corresponding send out forecast 

The proposed system performance one- day- ahead forecasting is made in a recursive manner. For example to 

obtain a two- day- ahead forecast 𝐸  𝑖 + 1  , the one-day- ahead forecast 𝐸  𝑖  is computed first and used in place 

of  𝐸 𝑖 which is required input for generating 𝐸  𝑖 + 1 . The detail observation is given in the following table. 

MAPE‟s for one –day ahead forecasting using actual weather data. best results for each case shown in bold and 

underline 

 
Method LCD1 LCD2 LCD3 LCD4 LCD5 LCD6  Average 

MAPE 

Average  

Std. Dev. 

AFFF(E1) 2.87 5.06 3.43 3.56 3.64 5.44 4.02 4.03 

AFLF(E2) 2.82 5.16 3.45 3.75 3.52 5.06 4.00 4.06 

EA 2.78 4.92 3.35 3.58 3.60 5.14 3.90 3.99 

ERLS 2.80 4.95 3.36 3.55 3.56 5.07 3.88 4.00 

EFL 2.70 4.87 3.31 3.58 3.53 5.06 3.84 4.00 

EAFF 2.75 4.66 3.37 3.54 3.60 5.00 3.82 3.87 

EAFL 2.66 4.71 3.31 3.54 3.59 4.90 3.78 3.83 

ETS 2.75 4.86 3.28 3.49 3.46 5.01 3.81 3.88 

ELP 2.69 4.90 3.33 3.57 3.57 5.06 3.85 3.90 

EMNN 2.72 5.03 3.32 3.58 3.54 5.06 3.87 4.00 
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II. CONCLUSIONS 
Prediction of daily consumption of electric energy discussed in this paper is based on two stage 

forecasters .Thenon linear and complex relationship between temperature and past send out electricity with 

future requirement is modeled using two ANN forecasters with different topology. The first one has a multilayer 

feed forward architecture where as the second forecasters is a functional link ANN with some inputs being 

nonlinear functions of the considered parameters. An adoptive scheme is employed that adjust the weights of the 

ANN forecasters during on- line forecasting making them adoptive. Both the forecasters are initially trained 

with the error back propagation (BP) algorithm. 

 In the second stage, the two individual forecasters are mixed together to arrive at the final forecast. 

Eight different  combination strategies are considered, they include both linear and non linear approaches based 

on averaging, recursive least squares, fuzzy logic, feed forward ANN, functional link ANN, a temperature space 

approach, linear programming and MNN. The system is tested on real data from six different industries. T wo  

se t s  o f  exper iments  wi th  ac tua l  and  forecas t  weather  da ta  a re  ca r r ied  out  fo r  the  

co mp uta t ion.  The result for forecasting   consumption of electricity is studied for taking the data collected 

two stations (hydro & Thermal) and found efficient one the graphical representation is given in the above graph. 
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