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lkjka'k

iou lalk/kuksa ls fctyh mRiknu yxkrkj iwjh nqfu;k esa cgqr rsth ls c<+ jgk gSA iou Vjckbu  
}kjk mRikfnr iou ÅtkZ ¼Wind Energy½ dh ek=k] gok dh xfr ij fuHkZj djrh gSA gok dh xfr vjSf[kd 
¼non-linear½] izÑfr esa ;k–fPNd ¼Random½] LFkku vkSj vklikl ds ekSle dh fLFkfr ij fuHkZj djrh 
gSA ÅtkZ iz.kkyh vkWijsVj ds fy,] gok dh xfr esa vfuf'prrk ¼uncertainty½] ÅtkZ izs"k.k ds fy, flLVe 
lapkyu] le;&fu/kkZj.k vkSj fu;kstu esa dfBukbZ iSnk djrh gS D;ksafd iou&Vjckbu }kjk mRiUu ÅtkZ 
igys ls Kkr ugha gksrh gSA Ñf=e raf=dk usVodZ ¼Artificial Neural Network½ ¼,,u,u½ dk O;kid :i 
ls mi;ksx] le; J`a[kyk iwokZuqeku ¼time series forecasting½] b"Vrehdj.k ¼Optimization½] iSVuZ feyku 
vkSj lkgp;Z ;knksa ¼associated memories½ esa fd;k tkrk gSA Ñf=e raf=dk usVodZ dk izn'kZu dkQh gn 
rd izf'k{k.k vkadM+k leqPp; ¼Data set½] izf'k{k.k izfØ;k vkSj izf'k{k.k dyu fof/k;ksa ¼algorithms½ ij 
fuHkZj djrk gSA ;g 'kks/k i= egsanzx<+] Hkkjr] esa gok dh xfr ds iwokZuqeku ds fy, ,d Ñf=e raf=dk 
usVodZ mixeu dks izLrqr djrk gSA d.k ny b"Vrehdj.k ¼Particle Swarm Optimization½ ¼ih,lvks½ 
vk/kkfjr dyu fof/k;ksa dk mi;ksx ,,u,u izf'k{k.k dyu fof/k;ksa ds :i esa fd;k x;k gSA d.k ny 
b"Vrehdj.k vk/kkfjr Ñf=e raf=dk usVodZ ¼PSO based ANN½ i)fr ls gok dh xfr ds iwokZuqeku dk 
ewY;kadu] okLrfod nqfu;k ds ekeys ds v/;;u ls la[;kRed ifj.kkeksa ds lkFk fd;k x;k gSA gok dh 
xfr ds iwokZuqeku ds fy, izLrkfor mixeu esa 97% vkSj mlls vf/kd dh lVhdrk gSA

Abstract

The power generation from wind resources are continually increasing very rapidly all over 
the world. The amount of wind energy produced by wind turbine, depends on the wind speed. The 
wind speed is non-linear, random in nature and vary from location to location and surrounding 
weather conditions. For the energy system operator, the uncertainty in the wind speed generates a 
difficulty in the system operation, scheduling and planning for energy dispatching because the power 
generated by wind-turbine is not known in advance. Artificial Neural Networks are extensively 
used in time series forecasting, optimization, pattern matching and associative memories. The 
performance of Artificial Neural Network largely depends on training data set, training process 
and the training algorithm. This research paper presents an artificial neural network approach for 
wind speed forecasting at Mahendergarh, India. The Particle Swarm Optimization (PSO) based 
algorithm is used as training algorithm. The accuracy of the wind speed forecasting by PSO based 
ANN approach is evaluated with the numerical results from a real-world case study. The proposed 
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approach for wind speed forecast has accuracy 
of 97% and above.

eq[; 'kCn % Ñf=e raf=dk usVodZ] i'p&izlkj.k] 
d.k ny b"Vrehdj.k] gok dh xfr dk iwokZuqekuA

Keywords: Artificial neural network, back-
propagation, particle swarm optimization, wind 
speed forecasting.

1- ifjp; ¼Introduction½

fo'o Lrj ij fujarj tula[;k o`f)] vkfFkZd 
fodkl vkSj fjgk;'kh lq/kkj ds dkj.k] ÅtkZ dh 
[kir Hkh rsth ls c<+h gSA fo|qr ÅtkZ ¼Electrical 
energy½ mRiUu djus dk eq[; lzksr thok'e bZa/ku 
 ¼fossil fuel½ gSA thok'e bZa/ku ds lhfer HkaMkj 
vkSj muls tqM+s gkfudkjd mRltZu ds dkj.k gky 
ds o"kksaZ esa v{k; ÅtkZ lzksrksa ij vf/kd /;ku dsafnzr 
fd;k x;k gSA v{k; ÅtkZ ds {ks= esa] lkSj vkSj iou 
ÅtkZ dh {kerk cgqr vf/kd gS] tcfd ck;ksekl 
ÅtkZ] Tokjh; ÅtkZ vkSj Hkwrkih; ÅtkZ dh {kerk 
cgqr lhfer gSA eq[; v{k; ÅtkZ lzksr iou] lkSj] 
Hkwrkih; ¼geothermal½ vkSj Tokj ¼tidal½ dh ÅtkZ 
gSaA iou ÅtkZ dks lcls ewY;oku vkSj vklkuh ls 
mi;ksx fd, tkus okys v{k; ÅtkZ izdkjksa [7] esa ls 
,d ekuk tkrk gS] ysfdu ;g dsoy rc rd laHko 
gS tc rd fd ekSle dh fLFkfr vuqdwy gksA iou 
fctyh ds fdQk;rh fctyh izs"k.k ds fy,] gok 
dh xfr dk iwokZuqeku djus esa l{ke gksuk egRoiw.
kZ gS] tks lh/ks mRiknu dh {kerk [8] dks izHkkfor 
djrk gSA gok dh xfr ds lVhd iwokZuqeku ds  
vk/kkj ij] iou fctyh mRiUu djus dh ;kstuk 
dks dq'kyrk ls fctyh fxzMksa ij lek;ksftr fd;k 
tk ldrk gS [11]A

dbZ 'kks/kksa us fn[kk;k gS fd vxj iou ÅtkZ 
iwokZuqeku dh rduhd esa lq/kkj fd;k tk lds rks 
;g iou ÅtkZ HkaMkj ij egRoiw.kZ izHkko Mkysxh 
[26, 16]A dbZ 'kks/k i=ksa [14] 20] 29] us vPNh gok 

dh xfr ds iwokZuqeku ds foÙkh; ykHkksa dk vkdyu 
fd;k gS vkSj lkfcr fd;k gS fd vfxze iwokZuqeku 
rduhdksa dh vko';drk gSA Ñf=e cqf) ¼Artificial 
intelligence½ ¼,vkbZ½ ,d 'kCn gS tks O;kid vFkZ 
esa ekuo vkSj vU; tUrqvksa }kjk iznf'kZr izkÑfrd 
cqf) ds foijhr e'khuksa }kjk iznf'kZr cqf) gS [22]A 
Ñf=e cqf) dks daI;wVj fudk; vkSj vf/kd tfVy 
izfØ;kvksa ij ykxw fd;k x;k gS tks dk;Z dks ljy 
vkSj lh/kk djrs gSa [25]] gkykafd Ñf=e cqf) vHkh 
Hkh okLrfod cqf) ds nk;js ls cgqr nwj gSA cjZ vkSj 
Qhtsuckme ¼Barr and Feigenbaum½ ds vuqlkj] 
Ñf=e cqf) daI;wVj foKku dk ,d fgLlk gS tks cqf)
eku daI;wVj fudk; dks fMtkbu djus ls lacaf/kr  
gS] vFkkZr flLVe tks ekuo O;ogkj esa cqf)eÙkk ls 
tqM+h fo'ks"krkvksa] tSls le>] Hkk"kk] f'k{k.k] rdZ] 
leL;kvksa dks gy djuk dks iznf'kZr djrk gSA dbZ 
cqf)eku daI;wfVax izkS|ksfxfd;ka ikjaifjd rduhdksa 
ds fy, oSdfYid i)fr;k¡ vFkok ,dhÑr iz.kkfy;ksa 
ds ?kVdksa ds :i esa mi;ksxh gks jgh gSa [24]A

le; J`a[kyk] dyeu fQYVj vkfn jSf[kd 
rjhdksa dk mi;ksx iwokZuqeku ds fy, djuk mfpr 
ugha gS] D;ksafd gok dh xfr dh fHkUurk ,d 
xSj&fLFkj vkSj vjs[kh; gS [5]A ,,u,u dh CySd 
ckWDl lqfo/kk iwokZuqeku [19] ds fy, mi;qDr gSA 
,,u,u Lopkfyr :i ls buiqV&vkmViqV iz{ksi.k 
ekWMy dks lh[k ldrk gS vkSj mlesa fdlh Hkh 
vuqHkokRed lw=ksa dh vko';drk ds fcuk buiqV 
vkSj vkmViqV uewuksa ds lkFk izf'k{k.k ds ek/;e ls 
buiqV&vkmViqV iz{ksi.k ekWMy dks le>us] vuqHko 
djus vkSj QSlys ysus dh {kerk vk tkrh gS [4]A 
gky gh esa] dbZ 'kks/kdrkZvksa us Ñf=e raf=dk usVodZ 
¼,,u,u½ izf'k{k.k vkSj lajpuk b"Vrehdj.k esa e`nq 
lax.ku ¼Soft computing½ rduhdksa dk mi;ksx 
fd;k gS [3]A iwoZ esa] dbZ b"Vrehdj.k dyu 
fof/k;ksa ¼optimization algorithms½ dk mi;ksx 
izf'k{k.k ds fy, fd;k x;k gS] ftlesa vkuqoaf'kd 
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dyu fof/k ¼Genetic algorithm½] thok.kq QksftaZx 
dyu fof/k ¼Bacterial Foraging Algorithm½] phaVh 
dkWyksuh dyu fof/k ¼Ant Colony Algorithm½] 
Ñf=e e/kqeD[kh dkWyksuh dyu fof/k ¼Artificial 
bee colony algorithm½ vkfn 'kkfey gSaA bu dyu 
fof/k;ksa dk mi;ksx djds] ,,u,u ds Hkkj ¼weight½ 
vkSj iwokZxzg ¼biases½ dks loksZÙke izn'kZu ds fy, 
lek;ksftr fd;k tkrk gS vkSj loksZÙke raf=dk 
usVodZ ds okLrqdyk dks Hkh [kkstk tkrk gS [13]A 
izLrkfor ih,lvks vk/kkfjr ,,u,u ¼PSO based 
ANN½ i)fr ds izn'kZu dk fo'ys"k.k djus ds fy,] 
blds ifj.kkeksa dh rqyuk igys ls gh izdkf'kr 
rjhdksa tSls ,uvkj,e ¼NRM½ [23]] ,u,u ¼NN½ 
[15]] ,u,uMCY;wVh ¼NNWT½ [30]] ,u,Q ¼NF½ 
[25]] chih,,u,u ¼BPANN½ [2] ls dh x;h gSA

'kks/k i= dk laxBu fuEukuqlkj gS% Ñf=e 
raf=dk usVodZ vkSj d.k ny b"Vrehdj.k 
Øe'k% vuqHkkx 2 vkSj vuqHkkx 3 esa izLrqr fd, 
x, gSaA raf=dk usVodZ ds izf'k{k.k ds fy, d.k 
ny b"Vrehdj.k vk/kkfjr Ñf=e raf=dk usVodZ 
vuqHkkx 4 esa izLrqr fd, x, gSaA [kaM 5 esa] gok 
dh xfr ds iwokZuqeku ds fy, ih,lvks vk/kkfjr 
,,u,u usVodZ ds fleqys'ku ifj.kke izLrqr fd, 
x, gSaA [kaM 6 esa] izLrkfor mixeu ds fu"d"kZ ij 
ppkZ dh xbZ gSA

2- Ñf=e raf=dk usVodZ ¼Artificial Neural 
Network½

Ñf=e raf=dk usVodZ ¼,,u,u½ ekuo efLr"d 
dh tSfod iz.kkfy;ksa ij vk/kkfjr gSA ,,u,u dk 
fuekZ.k ,d mfpr lajpuk esa U;wjkWUl ¼Neurons½ ;k 
uksM~l dks ijLij tksM+dj fd;k tkrk gSA raf=dk 
usVodZ esa] rhu izdkj dh ijrsa ekStwn gksrh gSa] ftUgsa 
buiqV] fNih ¼hidden½ vkSj vkmViqV ijr ds :i 
esa tkuk tkrk gSA buiqV dks fNih ijrksa dh vksj 
lalkf/kr fd;k tkrk gS] ftlesa vUrxZzFkuh fyad 

¼Synaptic links½ dk mi;ksx fd;k tkrk gS ftls 
Hkkj ¼weight½ dgk tkrk gS vkSj blh rjg vkmViqV 
ijr dks fNih ijrksa ls tksM+k tkrk gSA ;fn ,d 
ls vf/kd fNih gqbZ ijr raf=dk usVodZ esa ekStwn 
gS] rks dusD'ku Hkkj Hkh muds chp ekStwn gksrs gS 
gSA izR;sd uksM ij] dbZ uksM~l ls buiqV ladsr 
izkIr gksrs gSa] bu buiqV ladsrksa ls LFkkuh; :i 
ls p;fur lfØ;.k Qyu ¼Activation function½ 
dk mi;ksx djds] lalkf/kr ¼processed½ vkmViqV 
ladsr mRiUu fd, tkrs gSaA ,d raf=dk usVodZ dks 
vklkuh ls fl[kk;k tk ldrk gS vkSj dbZ tfVy 
vjSf[kd dk;ksaZ dks dkQh dq'kyrk ls djus ds fy, 
izf'kf{kr fd;k tk ldrk gSA tSlk fd ,,u,u 
izÑfr esa vjSf[kd gS] izf'k{k.k ,d cgqr gh tfVy 
dk;Z gS ftlds fy, i;kZIr izf'k{k.k le; vkSj MsVk 
dh vko';drk gksrh gSA izf'k{k.k pj.k esa dusD'ku 
Hkkj dks bl rjg ls lek;ksftr ¼adjusted½ fd;k 
tkrk gS fd okafNr vkSj okLrfod vkmViqV ds 
chp =qfV de gks tk;sA izf'k{k.k MsVk dk mi;ksx 
djrs gq,] raf=dk usVodZ leL;k lh[krs gSa vkSj 
muds izn'kZu esa lq/kkj gksrk gSA izf'k{k.k izfØ;k dks 
xf.krh; dyu fof/k }kjk n'kkZ;k tkrk gSA dbZ 
raf=dk usVodZ lajpuk,¡ miyC/k gSa] ysfdu cgqijr 
raf=dk usVodZ dk mi;ksx T;knkrj le; J`a[kyk 
iwokZuqeku ds fy, fd;k tkrk gS] tSlkfd fp= 1 esa 
fn[kk;k x;k gSA

fp=-1 rhu ijr QhM& vxz raf=dk usVodZ 
¼Three layer feed-forward neural network½
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3- d.k ny b"Vrehdj.k ¼Particle Swarm 
Optimization½

MkW- ,csgkVZ vkSj MkW- dSusMh [9] us d.k ny 
b"Vrehdj.k ¼ih,lvks½ fodflr fd;kA ih,lvks 
i{kh >qaM ds lkekftd O;ogkj dk Ñf=e ekWMy gSaA 
ih,lvks esa] ;k–fPNd laHkkfor ¼random potential½ 
lek/kku mEehnokjksa dks izkjafHkd fd;k tkrk gS] 
ftUgsa d.kksa ds :i esa tkuk tkrk gS vkSj loksZÙke 
d.k ij vk/kkfjr gksrk gSA d.kksa dh fLFkfr dks nks 
ekinaMksa ds vk/kkj ij v|frr ¼Updated½ fd;k 
tkrk gS] igyk Lo;a }kjk ns[kh xbZ lcls vPNh 
fLFkfr gS vkSj nwljh iwjh vkcknh esa lcls vPNh d.k 
fLFkfr gSA Lo;a }kjk ns[kh xbZ lcls vPNh fLFkfr 
dks O;fDrxr loksZÙke ¼Local best½ ds :i esa tkuk 
tkrk gS vkSj iwjh vkcknh }kjk izkIr lcls vPNh 
fLFkfr dks oSf'od loksZÙke ¼Global best½ ds :i 
esa tkuk tkrk gSA b"Vrehdj.k leL;k ds vk/kkj  
ij] izR;sd d.k dh orZeku fLFkfr dk ewY;kadu 
fQVusl Qyu dk mi;ksx djds vkSj O;fDrxr 

loksZÙke vkSj oSf'od loksZÙke fLFkfr ds lkFk rqyuk 
djds fd;k tkrk gS [27]A

izR;sd d.k] n- vk;keh [kkst LFkku esa pj 
¼variable½ ds vk/kkj ij ?kwerk gSA ih,lvks dyu 
fof/k;ksa dks le>us ds fy,] ,d nks&vk;keh [kkst 
LFkku Ã›y funsZ'kkad ekuk tkrk gSA x- v{k ds 
lkFk osx vx gS vkSj y- ds lkFk vy gSA d.k dh 
fLFkfr] orZeku fLFkfr vkSj osx tkudkjh ds vk/kkj  
ij v|frr ¼update½ dh tkrh gSaA izR;sd d.k 
dh lcls vPNh fLFkfr dks O;fDrxr loksZÙke ¼pb½ 
ds :i esa laxzghr fd;k tkrk gSA iwjh vkcknh  
}kjk izkIr dh xbZ lcls vPNh fLFkfr dks oSf'od 
loksZÙke ¼gb½ ds :i esa laxzghr fd;k tkrk gSA 
izR;sd d.k] vius osx vkSj fLFkfr dks orZeku fLFkfr 
¼x, y½] orZeku osxksa ¼vx, vy½] orZeku fLFkfr rFkk pb 
ds chp dh nwjh vkSj orZeku fLFkfr rFkk gb ds chp 
dh nwjh ds vk/kkj ij v|frr djrk gS [1]A d.kksa 
ds osx vkSj fLFkfr esa la'kks/ku dh x.kuk Øe'k% 
lehdj.k 1 vkSj 2 dk mi;ksx djds dh tkrh gSA

lehdj.k 1% izR;sd d.k dk v|frr osx ¼Updated velocity of each particle½

lehdj.k 2% izR;sd d.k dh v|frr osx fLFkfr ¼Updated position of each particle½

tgka d.k i dk orZeku osx ] d.k i dk iqujko`fÙk ds nkSjku u;k osx ] d.k i dh orZeku 
fLFkfr ] d.k I dh iqujko`fÙk k ds nkSjku u;h fLFkfr ] lek;ksT; laKkukRed Roj.k fLFkjkad 
¼vkRefo'okl½ ] lek;ksT; lkekftd Roj.k fLFkjkad ¼>qaM vkRefo'okl½ ] ;k–fPNd la[;k ¼0 ls 1½ 

 vkSj ] d.k i dk O;fDrxr loksZÙke] oSf'od tula[;k dk oSf'od loksZÙke vkSj tM+rk 
otu dkjd gSA

fp=-2 ih,lvks esa fLFkfr vkSj 
osx dks v|frr djuk ¼Updating 
position & velocity in PSO½
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fp= 2 ih,lvks ¼PSO½ izfØ;k ds nkSjku fdlh [kkst d.k ds la'kks/ku dh vo/kkj.kk dks n'kkZrk gSA 
ih,lvks dyu fof/k ds izkjafHkd laLdj.kksa ls tqM+h eq[; leL;k ;g gS fd leL;k dh izfrfØ;k foLr`r 
J`a[kyk ds lkFk nksyu'khy ¼oscillatory½ gks tkrh gSA osx dks ue ¼damp½ djus ds fy, vkSj csdkcw d.kksa 
dks lhfer djus ds fy, ,d fof/k is'k dh tkrh gS tks osx dks iwoZ fu/kkZfjr eku ds lkFk vf/kdre osx 
ekinaMksa [19] rd lhfer djrh gSA lehdj.k 3 dk izHkko d.kksa dks lhek esa ifjofrZr djus dh izo`fÙk ds 
lkFk lhek ds Hkhrj nksyu djkrk gSA

 

 

 
 
 

3 0:00 3 15:00 4 6:00 4 21:00 5 12:00 6 3:00 6 18:00 7 9:00 8 0:00 8 15:00 9 6:00

-5
-4
-3
-2
-1
0
1
2
3
4
5

Date and Time (DD HH:MM)

E
rro

r i
n 

E
st

im
at

io
n 

(m
/s

)

 
 

11 0:00 11 15:00 12 6:00 12 21:00 13 12:00 14 3:00 14 18:00 15 9:00 16 0:00 16 15:00 17 6:00
0

2

4

6

8

Date and Time (DD HH:MM)

W
in

d 
S

pe
ed

 (
m

/s
)

 

Actual
Estimated

 
 

24 0:00 24 15:00 25 6:00 25 21:00 26 12:00 26 3:00 27 18:00 28 9:00 29 0:00 29 15:00 30 6:00
-2

0

2

4

6

8

Date and Time (DD HH:MM)

W
in

d 
S

pe
ed

 (
m

/s
)

 

Actual
Estimated

 

lehdj.k 3% d.k osx dks lhfer djuk ¼ Limiting the particle velocity½

PSO dyu fof/k esa ik¡p pj.k gSa [1]&

pj.k 1%  [kkst LFkku ds vk/kkj ij >qaM dh 'kq#vkr djsa; 

pj.k 2%  izR;sd d.k dh fQVusl dk ewY;kadu djsa; 

pj.k 3% O;fDrxr loksZÙke ¼pb½ vkSj oSf'od loksZÙke ¼gb½ dk v|ru djsa;

pj.k 4%  izR;sd d.k dh fLFkfr vkSj osx dk v|ru djsa;

pj.k 5%  lekfIr dh fLFkfr larq"V gksus rd pj.k 2 ij tk,aA

4- d.k ny b"Vrehdj.k vk/kkfjr Ñf=e raf=dk usVodZ ¼PSO based ANN½

fp= 3 esa ih,lvks vk/kkfjr ,,u,u ¼PSO based ANN½ dyu fof/k;ksa dk izokg fp= fn[kk;k x;k 
gSA ih,lvks vk/kkfjr ,,u,u dyu fof/k esa egRoiw.kZ nks Hkkx gSa%&

igyk & Ñf=e raf=dk usVodZ iwokZuqeku Hkkx% ,,u,u usVodZ ds Hkkj vkSj iwokZxzg ¼bias½ ds 
:i esa d.k ds ,d lsV dk p;u fd;k tkrk gSA bu lsVksa dk mi;ksx djds] tula[;k >qaM cuk;k tkrk 
gSA izR;sd d.k dh fQVusl dk ewY;kadu fd;k tkrk gS [17]A

nwljk & Ñf=e raf=dk usVodZ la'kks/ku Hkkx% igys Hkkx esa vkdyu fd, x, ,,u,u izn'kZu ds 
vk/kkj ij] nwljk Hkkx Hkkj vkSj iwokZxzg esa la'kks/ku ds fy, gS [12]A fQVusl ewY;kadu] izf'k{k.k lsV ij 
vkSlr oxZ =qfV ¼mean square error½ ¼,e,lbZ½ gSA fLFkfr cnyus dk eryc gS fd usVodZ ds Hkkj dks 
,sls viMsV fd;k tkrk gS fd og ,e,lbZ de dj nsA
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fp=- 3 ih,lvks vk/kkfjr ,,u,u dyu fof/k dk izokg pkVZ  
¼Flow chart of PSO based ANN Algorithm½

fuEu :ijs[kk ih,lvks vk/kkfjr ,,u,u dyu fof/k dks lkjkaf'kr djrh gS%

pj.k 1%  izkjafHkd ,,u,u foU;kl] Hkkj vkSj iwokZxzgksa dh la[;k fu/kkZfjr djsA

pj.k 2%  ih,lvks vk/kkfjr ,,u,u dh 'kq#vkr ;k–fPNd :i ls mRiUu izkjafHkd tula[;k ds p;u ls 
gksrh gSA ,,u,u esa ijrksa vkSj uksM~l ds p;u ds vk/kkj ij izR;sd tula[;k dks dbZ oxksaZ esa 
foHkkftr fd;k x;k gSA izR;sd d.k fLVªax dks ,,u,u ds fy, dusD'ku Hkkj ds ,d lewg ds :i 
esa n'kkZ;k x;k gS vkSj d.k ds izR;sd [kaM esa ,,u,u foU;kl] Hkkj vkSj iwokZxzgksa dk izfrfuf/kRo  
gksrk gSA izR;sd d.k ,d ekbØks ,tsaV dks iznf'kZr djrk gSA izf'k{k.k MsVk dks fQj usVodZ esa 
tek fd;k tkrk gSA d.kksa dh tula[;k] fLFkfr vkSj osx dk izkjafHkd o.kZu djrs gSaA

pj.k 3% izkjafHkd tula[;k ds ckn] ,,u,u dk mi;ksx ifj.kke dh Hkfo";ok.kh djus ds fy, fd;k tkrk 
gSA izR;sd d.k dh fQVusl dk ewY;kadu djds mUgsa ,,u,u osV ds :i esa ykxw djrs gS vkSj 
fn, x, MsVk lsV ij ,e,lbZ fudkyrs gSA

pj.k 4% fQVusl ds izR;sd d.k dh rqyuk mlds O;fDrxr loksZÙke ¼pb½ ls djrs gSA ;fn pb orZeku 
fQVusl ls de gS] rks pb ds :i esa orZeku fQVusl dks LVksj djrs gSaA

pj.k 5%  d.kksa ds O;fDrxr loksZÙke ¼pb½ ls] oSf'od loksZÙke ¼gb½ ds lkFk lcls vPNs fQVusl ewY; dh 
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rqyuk dh tkrh gS] ;fn orZeku lcls vPNh fQVusl laxzghr fudkys x, gb ls csgrj gS] rks 
gb dks v|frr djrs gSaA

pj.k 6%  d.k ds osx vkSj LFkku dks v|frr djrs gSaA

pj.k 7%  lekfIr dh fLFkfr larq"V gksus rd pj.k 3 ij tkrs gSaA vkcknh dk lcls vPNk d.k nh xbZ 
leL;k ds fy, ,,u,u ds loZJs"B Hkkj dk izfrfuf/kRo djrk gSA

5- ih,lvks vk/kkfjr ,,u,u }kjk gok dh xfr dk iwokZuqeku ¼Wind speed forecasting using 
PSO based ANN½

izLrkfor ih,lvks vk/kkfjr ,,u,u i)fr dks egsanzx<+] gfj;k.kk ¼Hkkjr½ esa gok dh xfr ds iwokZuqeku 
ds fy, ykxw fd;k x;k gSA izf'k{k.k MsVk 7 o"kksaZ dk] 1 tuojh 2011 ls 31 fnlacj 2018 rd pquk x;k 
gS] tks o"kZ ds pkj _rq ds vuq:i gSA izf'kf{kr usVodZ dks ekU; djus ds fy, ,d o"kZ dh iou xfr ds 
MsVk] 1 tuojh 2019 ls 31 fnlacj 2019 rd dk mi;ksx fd;k x;k gS [21]A raf=dk usVodZ izf'k{k.k 
ds nkSjku ifjlapkjh fof/k ¼circulation method½ dk mi;ksx fd;k tkrk gS] ftlesa ,d lIrkg dh gok 
dh xfr ds MsVk dks buiqV ds :i esa pquk tkrk gS vkSj vxyh gok dh xfr dks yf{kr fd;k tkrk gSA 
iqujko`fÙk ¼Iteration½ ds ckn] MsVk lsV dks ,d MsVk fcanq ij viMsV fd;k tkrk gSA MsVk gj 3 ?kaVs ds 
fy, fy;k tkrk gS ftldk eryc gS fd ,d fnu esa 8 MsVk ;kuh 00%00] 03%00] 06%00] 09%00] 12%00] 
15%00] 18%00] 21%00 gSaA
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Numerical results with the proposed GAANN approach are shown in Figures 4.10 to 

4.13 respectively for the winter, spring, summer and fall days. The MAPE of proposed 

GAANN has an average value of 4.8%, while the average MAPE values for NRM and 

previous ANN approaches are 19.73% and 7.25%, respectively. Moreover, the 

average computation time for forecasting the wind speed for a complete week is 2.3 

seconds when used with MATLAB 7.7.0 on a PC with 2 GB of RAM and a 2.1-GHz-

based processor. Hence, the proposed GAANN approach is a novel, effective and 

accurate method for wind speed prediction. Table 4.7 manifests the values for the 

criterions to evaluate the accuracy of proposed GAANN approach in forecasting wind 

speed. 

Table 4.7: Statistical analysis of forecasting error in GAANN wind speed forecasting  

Season MAPE SSE SDE 
Winter 6.1 177.1 23.60 
Spring 5.8 198.3 19.43 

Summer 4.1 187.6 20.65 
Fall 3.2 122.8 15.80 

4.3.5 PSOANN RESULTS 

 
a) Actual wind speed, solid line, and forecasted wind speed, dashed line, in m/s 

 
b) Error in estimation, in m/s 

Figure 4.14: PSOANN Wind Speed forecasting in Winter Season, Jan 3to Jan 9, 2010 
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fp= 4% ih,lvks vk/kkfjr ,u,,u ls f'kf'kj _rq esa gok dh xfr dk iwokZuqeku] 3 ls 9 tuojh 2019
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a) Actual wind speed, solid line, and forecasted wind speed, dashed line, in m/s 

 
b) Error in estimation, in m/s 

Figure 4.15: PSOANN wind speed forecasting in spring season, Apr 18 to Apr24,2010 

 
a) Actual wind speed, solid line, and forecasted wind speed, dashed line, in m/s 

 
b) Error in estimation, in m/s 

Figure 4.16: PSOANN wind speed forecasting in summer season, Jul 11to Jul 17,2010 
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 fp= 6% ih,lvks vk/kkfjr ,u,,u ls olar _rq esa gok dh xfr dk iwokZuqeku] 11 ls 17 tqykbZ 2019
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 fp= 7% ih,lvks vk/kkfjr ,u,,u ls olar _rq esa gok dh xfr dk iwokZuqeku] 24 ls 30 vDVwcj 2019

ekSle _rq dks eghus ds vk/kkj ij pquk tkrk gSA izLrkfor raf=dk usVodZ esa 57 buiqV gSa] ftlesa 
,d lIrkg dh gok dh xfr ds fy, 56 MsVkfcanq ¼izfrfnu 8 MsVk½ vkSj ekSle _rq ds fy, ,d MsVk 
'kkfey gSaA ,,u,u ifj.kke fp=ksa esa] okLrfod gok dh xfr dks oxZ ds lkFk Bksl js[kk ¼Solid line½  
}kjk n'kkZ;k x;k gS vkSj iwokZuqekfur gok dh xfr dks o`Ùk ds lkFk MS'knkj ykbu ¼Dashed line½ }kjk 
n'kkZ;k x;k gSA gok dh xfr ds iwokZuqeku dh lVhdrk dk ewY;kadu djus ds fy,] fofHkUu ekunaMksa 
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dk mi;ksx fd;k tkrk gSA bl lVhdrk dh x.kuk okLrfod gok dh xfr ds vk/kkj ij dh tkrh gSA 
vkSlr fujis{k izfr'kr =qfV ¼Mean absolute percentage error½ ¼,e,ihbZ½ ekunaM] ;ksx oxZ =qfV ¼Sum 
square error½ ¼,l,lbZ½ ekunaM vkSj ekud fopyu =qfV ¼Standard deviation error½ ¼,lMhbZ½ ekunaM 
mi;ksx fd, x, gSaA

izLrkfor ih,lvks vk/kkfjr ,,u,u i)fr ds lkFk la[;kRed ifj.kke lfnZ;ksa] olar] xfeZ;ksa vkSj 
'kjn _rq ds fnuksa ds fy, Øe'k% fp= 4 ls 7 esa fn[kk, x, gSaA izLrkfor ih,lvks vk/kkfjr ,,u,u ds 
MAPE dk vkSlr ewY; 4-57% gS] tcfd NRM vkSj fiNys ANN –f"Vdks.kksa ds fy, vkSlr MAPE 
ewY; Øe'k% 19-73% vkSj 7-25% gSaA blds vykok] ,d iwjs lIrkg ds fy, gok dh xfr dk iwokZuqeku 
yxkus ds fy, vkSlr x.kuk le; 2 lsdaM gS tc 8 thch jSe vkSj 2-1&xhxkgVZ~t&vk/kkfjr izkslslj 
ds lkFk ihlh ij MATLAB 2019 ds lkFk iz;ksx fd;k tkrk gSA izLrkfor ih,lzvks vk/kkfjr ,,u,u  
i)fr gok dh xfr ds iwokZuqeku ds fy, ,d miU;kl] izHkkoh vkSj lVhd rjhdk gSA

rkfydk 1% nSfud vxzs"k.k =qfV dk lkaf[;dh fo'ys"k.k
MAPE SSE SDE

_rq x y z x y z x y z

f'kf'kj 9.5 6.2 5.3 593.7 164.4 160.1 34.7 14.79 21.15
olar 9.9 5.4 6.0 578.1 247.1 233.8 42.4 29.76 25.22
xzh"e 6.3 4.3 4.2 232.5 183.4 157.5 17.1 17.53 16.73
'kjn 3.2 3.1 3.0 207.1 168.2 168.8 14.8 16.28 15.64
x= ANN by J. P. S. Catalão et. al.[6] y= BPANN [2] z= proposed PSO based ANN

rkfydk 2% gok dh xfr ds iwokZuqeku ds rjhdksa ds ekSleh rqyukRed ,e,ihbZ ifj.kke

fof/k f'kf'kj olar xzh"e 'kjn vkSlr
NRM [23] 13.9 32.4 13.4 16.4 19.03
NN [15] 9.5 9.9 6.3 3.3 7.25

NNWT [30] 9.2 9.6 6.0 3.1 6.98
NF [25] 8.9 9.0 5.6 3.1 6.65

BPANN [2] 6.2 5.4 4.3 3.1 4.83
PSO based ANN 5.3 6.0 4.2 3.0 4.57

rkfydk 1 gok dh xfr dk iwokZuqeku yxkus esa izLrkfor ih,lvks vk/kkfjr ,,u,u i)fr dh 
lVhdrk dk ewY;kadu djus ds fy, ekunaM izLrqr djrh gSA igyk LraHk _rq dks n'kkZrk gS] nwljk LraHk 
,e,ihbZ ¼MAPE½] rhljk LraHk ,l,lbZ ¼SSE½ dk oxZewy vkSj pkSFkk LraHk ,lMhbZ ¼SDE½ izLrqr djrk 
gSA iwokZuqeku lVhdrk ekinaMksa dh rqyuk ,,u,u [9] vkSj chih,,u,u [1] i)fr ls dh tkrh gSA

rkfydk 2 esa ,uvkj,e ¼NRM½ [23]] ,u,u ¼NN½ [15]] ,u,uMCY;wVh ¼NNWT½ [30]] ,u,Q 
¼NF½ [25]] chih,,u,u ¼BPANN½ [2] fof/k;ksa ds lkFk izLrkfor ih,lvks vk/kkfjr ,,u,u i)fr dh 
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lhtu dh rqyuk ,e,ihbZ ¼MAPE½ ds fy, fn[kkbZ xbZ gSA izLrkfor i)fr esa csgrj iwokZuqeku lVhdrk 
gS D;ksafd vU; i)fr dh rqyuk esa ,e,ihbZ dk vkSlr ewY; 4-57% gS] tks vU; i)fr ,uvkj,e ¼NRM½] 
,u,u ¼NN½] ,u,uMCY;wVh ¼NNWT½] ,u,Q ¼NF½] chih,,u,u ¼BPANN½ ds fy, Øe'k% 19-03%] 
7-25%] 6-69%] 6-65%] 4-83% gSA ,e,ihbZ ds fy, vU; i)fr ds lkFk izLrkfor i)fr dh ekfld 
rqyuk rkfydk 3 esa izLrqr dh xbZ gSA cksYM psgjs ds lkFk ,e,ihbZ dk la[;kRed eku ml eghus ds 
nkSjku gok dh xfr ds iwokZuqeku ds fy, lcls vPNh i)fr dh vksj bafxr djrk gSA

rkfydk 3% fofHkUu gok dh xfr ds iwokZuqeku dh fof/k;ksa ds ekfld ,e,ihbZ ifj.kke

eghuk NRM NN NNWT NF BPANN PSOANN

tuojh 16.8 13.6 12.2 10.7 6.2 6.1

Qjojh 22.8 14.6 12.9 11.7 6.3 5.8

ekpZ 18.9 12.0 11.0 8.8 5.6 6.1

vizSy 22.5 9.4 9.2 8.8 6.8 6.5

ebZ 16.8 9.9 8.8 8.3 6.0 5.8

twu 36.4 14.2 12.5 11.6 6.3 6.1

tqykbZ 20.9 13.6 12.3 11.2 6.2 6.1

vxLr 13.6 8.4 7.5 6.2 5.2 5.3

flrEcj 24.2 10.6 10.3 9.9 5.8 6.2

vDVwcj 26.2 12.9 11.3 10.5 6.8 5.9

uoEcj 26.2 12.7 12.2 11.4 6.2 5.8

fnlEcj 16.9 10.0 9.5 9.0 6.0 6.1

vkSlr 21.9 11.8 10.8 9.8 6.2 5.9

tSlk fd gok dh xfr dk iwokZuqeku yxk;k x;k gS] lkSj fofdj.k vkSj ekSle ds vU; ekinaMksa dk 
iwokZuqeku Hkh yxk;k tk ldrk gSA tSls gh ubZ b"Vrehdj.k dyu fof/k fodflr dh tkrh gS] mldk 
mi;ksx iwokZuqeku ds fy, fd;k tk ldrk gSA

fu"d"kZ

bl 'kks/k i= esa] gok dh xfr ds iwokZuqeku ds fy, d.k ny b"Vrehdj.k vk/kkfjr Ñf=e raf=dk 
usVodZ i)fr dk mi;ksx izLrkfor gS] tks gok dh xfr vkSj ekSle dks /;ku esa j[krk gSA izLrkfor i)fr  
,d dq'ky Qhpj p;u rduhd ls cuh gS tks la'kksf/kr jkgr] ikjLifjd lwpuk rduhdksa vkSj ,d raf=dk 
usVodZ vk/kkfjr iwokZuqeku batu ij vk/kkfjr gSA egsanzx<+ ekSle dsanz ds okLrfod vkadM+ksa dk mi;ksx 
izLrkfor iwokZuqeku i)fr dk ijh{k.k djus ds fy, fd;k x;k gSA izLrqr fleqys'ku ifj.kkeksa ds vk/kkj 
ij] izLrkfor iwokZuqeku i)fr vU; ijh{k.k fd, x, fodYiksa ls csgrj gS vkSj dqN izklafxd lkfgR; dh 
rqyuk esa egRoiw.kZ lq/kkj dks iznf'kZr djrk gSA egsanzx<+ esa gok dh xfr ds iwokZuqeku ds fy, ih,lvks  
vk/kkfjr ,,u,u i)fr dk mi;ksx lQy lkfcr gqvk gSA ,e,ihbZ dk vkSlr ewY; 4-57% gS] tcfd 
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vkSlr x.kuk le; 2 lsdaM ls de gSA blfy, 
izLrkfor iwokZuqeku i)fr] lVhdrk vkSj x.kuk 
le; ds fy;s vPNk ifj.kke izLrqr djrh gSA 
blfy, izLrqr ifj.kke le; J`a[kyk iwokZuqeku esa 
ih,lvks vk/kkfjr ,,u,u i)fr dh izoh.krk dks 
ekU; djrs gSaA

Alphabetically 
sorted Terminology 
in English

o.kZekykuqlkj Øec) 
fganh 'kCnkoyh

Activation function lfØ;.k Qyu
Algorithms dyufof/k;k¡
Artificial intelligence Ñf=e cqf)
Artificial Neural 
Network ¼ANN½

Ñf=e raf=dk usVodZ 
¼,,u,u½

Global best oSf'od loZJs"B
Local best O;fDrxr loZJs"B
Neurons U;wjkWUl
Non-linear vjSf[kd
Optimization b"Vrehdj.k
Particle Swarm 
Optimization

d.k ny b"Vrehdj.k

Soft computing e`nq lax.ku
Synaptic links vUrxZzFkuh fyad
Time series 
forecasting

le; J`a[kyk iwokZuqeku

Weight Hkkj
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