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Short-Term Wind Speed Forecasting Application
ARIMA and ANN

Student : Han-Ru Chuang Advisor : Dr. Hsu-Hao Yang

Department of Industrial Engineering and Management
National Chin-Yi University of Technology

Abstract

The purpose of this study is to apply autoregressive integrated moving average
(ARIMA) and automated neural networks (ANN) models to predict short-term wind
speed. We collected the wind speed in a power plant in Taiwan. In addition to the
ARIMA, the ANN is also used to model and predict the wind speed that is collected
every ten minutes. The prediction accuracy is determined by mean average error (MAE)
and mean relative error (MRE) to determining.

We find that both of the MAE and MRE in ANN are smaller than those in the
ARIMA. The results show that the ANN model is better than the ARIMA one in

forecasting short-term wind speed.

Key words : ARIMA, ANN, Forecasting wind speed
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2. %A~ SCADA Fi s i st plik e o
3. FUREY RS PR e EOR > A R R - B NAERIR i -
4, W EGEPR NI FEE o
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~F B R % (wind turbine)shis dp b i 0 (2 FIFERI R i BN SRR R 0 T
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Ti/\é”}g“&sbmﬁﬂ‘ A2 5N o
B4R T A R 8 A

P =0.5pAV? e

He o,

Pk i >

p A% F % & (air density) -

A Z_k #54& 3 (rotor) s 5 AE o

VEFEE

v

XA SR o B aned > FH P A4 ko 5 o

P = 0.50AC(1, fIV3 1 mmmmmmmmeeemeeeeeee e

He

Co(4, p) i % & = v £ "% di(rotor power coefficient) -
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ZHABRpL-EZBFROABT LA TTARE - Vil A b BES ORF
oo AW e PRGN B BT R SRR E Ve

TRIR i AF B L R R F(time series) et 3L 0 F]pt A2 g h g spr
AR 7122 ARIMA 122 ANN @ chps B 5 7R3 > 8 (78 3 JE3) 9t s 47 o

TR AT R Y R A W RGRE

PR A 7R 38— &7 &7 40T !

vit+1) = () vt - R KW e S (6)

He o,
v(t+1) P ARRIR B PR (t+1) 2 B i E
v(t)v(t—1)..v(t—k) © R B EPER -1 t—k 2 b i ELPIE -
EJZHGN(6)F 4 mdkcfE 2 0 H P BF L2 - Ed Boxand Jenkins #7#% ! e

Autoregressive Moving Average (ARMA)#-;¢-— B & 3 %8 p ¥ q 7 ARMA(p, Q)

w;\l ~£(\‘_"—T o
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=
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Ve EPER St PR i BLRE
¢ A_% i 1 p 2 2° jF (autoregressive) < 5 >
8 E_% j B # # T #5(moving average) <1 4 ik
& AR At LI o

d 3R | enF RV s 5 2448 T (non-stationary) > Fpt % & @& ¢ L B it
(difference) = & (integrated) # F 4L 8 5 8 € o A S K & & B H G
Autoregressive Integrated Moving Average (ARIMA) #-3¢ » £ d & 7 2-% & %2 »
B & %4 B ARMA(P, Q)85 % = ARIMA(p, d, q) « B %8icie /7 £ 58 p 4p BE S
#ic (autocorrelation function; ACF)# z_ > % i, p 4p B & #ic(partial autocorrelation
function; PACF)# 2_» 1T 5 2| W H 2 8B B2 F 5 T BT

ACF eh¥ & b7 Al i 7 — R o &/l ACF # » AP 4 2483
(stationary) e 5E #8342 & 7 4o T

f(t) f(tp) . . . f(ty) =f(ts + o) f(to + 1) .. . f(ta + 7) > —_—— (8)

SRET A RR S L PR BRNPER A b ik R
B VL, Vo, .., Voo BBt BT NBERKT 0 b # Vi vy ehs % & (covariance) o
FERAAEKI AR > ALt P Z A BB LA kD p B

(autocovariance) > #_& 4

k= CoV(Vy, Vi) = E[(Ve - 1) (Viek = 4)] 2 ==mmmmmmmmmm oo (9)
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Fpt oo ApkE K P e ACF 2 40T
Cov(v,,v, ;)

O, O

Vi T Viek

Pk =

H49
Cov(Vy, Vi) EBR E Vi & Ve ek R

o, TRLPIE v iR L o

o, RPN Ve iR A o

PERE S FEEI TN SETE ST T RS T IEE S S R

FBURIE Vi & Ve K AR T AT R T V() = V(i) B F12 (9) 38 7 & % 50

Cov(v,,V, )
Vi(v,)

Lie- % + ACF 4 1R k # sl % 5

]
P= v, . 3 J= F — )
r0

ACF i & ¥ GrB B A 7lerfd i T FAL £ 99 £.2 4 49 B 12 @ 22 ACF
¥ end ik p 4P B Sodc(partial autocorrelation function; PACF) » F]pt 3t gt i@ 4
PACF - PACF 78 B # chpipl @ vy 2255 (580 5 Kk il & veg o cdp Bl 0 e
FREES XREEY G el P T2 o p R PACF 24 %% L3 p - 1
HRE2 senfpld hico % - B PACF T}u%—'\"h - ACF - jx {38 5 5 e PACF &_p]

B Vi, Vo, V3, Vg, 60T o AeiE Vs 3R Rl AL 4 o PACF 7 3t B 4o

COV(Vt ’Vt—k | Vt—l’vt—l 1 Vt7k+l) , -

______ S—CE)

P =

O, O,

Vi T Viek

FH3)R

1= Cov(vy, Vo) =p1

18



P = CoV(V - fiet, Vo - Fieer), K= 2 2 =mommmmmommmees mmmmmmSmmmmsessssesssseoooooeooooooo- (14)

He

fir = f(Vic, « . va) BB ] 1t E(Vic- fiea)? ©

A2%FH SR HE

- BARANNEA ¢ § 2 BF 0 EE 0 et SE D Sl e B R E R
Mg s A A A g A dh % c ANNBZRE ¥ B9 2 - g7 b ron
# i £ 7 (bias) o B LT OfE B F B 5 1o bk DANNKA o RlA% 7 - B
3¢ 5 1y, Iy, and g i » 38 wa, Wy, and wa g » i 0 Bk LT 0 x LY B
OF & 4% o

BB EEOmS 4258 5

O= f(W1|1 + Wol, + W3|3) e B b T L - --(15)

Ho f7 s+l R ddicr &8 #7858 1 o

I
'1
W2
L - Z Jx) —OI-
W3
E
I:
1
Bl 4. ANN B
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B % L3 ANN & 7 rg & R Ar(multilayer perceptron; MLP) » -] 5 #757 ©

It First Second Chatpmt
Lawer Hidden Hidden Lawer
Lawer Lawer
® 5. MLP &)

MLP Bt 5 K i m S QB enE RSV 4 52 0 ¥ % B~ 2 0 endp 11

AR PR S P R EROEAT A A B Y ko 1

22
%

PR 5 ¥ MLP 45 RIR @ 7 4 7 4cB 6-H 6 7 &%m@?] » & (Input layer)>

"2 & & (Hidden Iayer)é’?ﬁi%] 1 & (Output layer) - Bl 6 e f & 7 - @?] R AT PER L

Lt-2,. . t-Kz g Jipl > S ERE i B sl o Bk A ATt

-\

2 b e

Hidden layer Output layer

Input layer

B 6. b F cuE A 5 e 52 R
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A g d-twe G 431ARIMA = 7 2 47432 54 SR 8 2 2 43.3ARIMA

22 ANN 77 MAE 2 MRE & o

43.1ARIMA = 3 &~ 47 -

Function(PACF)# 2> 1% 5 7% H S #ciE i o
AFTAESEENEF TR ZBE S b 4 SCADA i Suengifd » SRRl E 8
F52009%17 1p3 17 31 p% 10A44- £ 4464 £F4 > H /11527 1
12 % 2 BE B BRI F AL - BT A 2 e e
Tarmary

Sarnple: 1 4464
Included sbservations: 4464

Aatocerrelation  Partial Correlation A PAC
| ] I | 1 0921 0291
| — 3 2 0985 0103
| E— | 3 0978 -0.017
| — | 4 0,970 -0.012
| I— Il 5 0963 0,003
| — | & 0956 -0.024
[ — | 70,948 -0.032
| — I 8 0941 0025
| — Il 9 0933 -0.005
| — Il 10 0,926 -0.008
| — I 11 0.21% 0.015
[ — | 12 0,811 -0.036
| — | 13 0,202 -0.011
[ — | 14 0.8%5 -0.014
| — I 15 0887 0.013
| — | 16 0880 -0.012
| — Il 17 0872 0.004
| — Il 18 0.864 -0.001
| — Il 15 0.857 -0.001
| — | 20 0.84% -0.020
[ — | 21 0.841 -0.018
[ — I 22 0832 0008
| — | 23 0825 -0.015
| — Il 24 0,817 0002

® 7. January ACF £2 PACF # Z_[
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He

AC = Autocorrelation
PAC = Partial Autocorrelation correlation

1R 7 B o B8 b i Bodf e ACF & Lk LR ABS Tt R Sk p =l
Y PACF - RANUE S - RREA P 228 $8cq =1 Bt $8iE
AT S JoRBE > A 44F Eviews Sl -5 ®(1,00)% ~ > £ F RAREME

% 4o 8 o

JTatmarsy
Sample: 1 4464
Included observations: 4463

Autocorrelation  Partial Correlation A PAC

] i -0.107 -0.107
0.0zZ8 0.01&
0008 0012
-0.013 -0.012
0.020 0.017
0.0Z6 0.031
-0021 -0.025
0.013 0005
0.003 0.007
10 -0.014 -0.013
| I 11 0034 0028
Il 12 -0.004 0,004
| I 13 0010 0010
| I 14 -0.012 -0.013
15 0011 0.00%
16 -0.007 -0.005
17 0000 -0.003
18 -0.004 -0.003
1% 0017 0017
00 0013 0017
| I 21 -0.013 -0.011
| I 22 0012 0.00%
| I 23 -0.014 -0.011
If I 24 -0.007 -0.011

W0 -] On Lh s bl o —

@] 8. January ARIMA(1,0,1) 1 %_®&

"_L

RAEBEE T APT UFR LR BT ERERNACF 2 &5 - 9%

—

5% - P HPACF &4 ARIMA(LO, L) 7% ~ t5 » 2 ACF 2 PACF % 4

N}
?‘1’)
T

!
1

ke

i
¥

S dE 0 FR T R R A P E 2 ARIMA(p, d, q) 8 3 ARIMA(L,0,1)

F PRI o

ET
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Dependent Variable: W
Method: Least Squares
Date: 061313 Time: 15:43
Sample (adjustedy, 2 4464
Included ohsenvations: 4463 after adjustments
Comvergence achieved after 7 iterations
mA Backeast: 1

Wariable Coefficient  Std. Error tStatistic Prak.
AR 04993502 0.0o07az 1327 633 0.o000on
hd A1) -0.101821 0014918  -6.825187 0.o000on
R-squared 0.933887 Wean dependent war 1218777
Adjusted R-sguared 0.933884 5.0. dependentvar 5971370
5.E. of regression 0.7598065 Akaike info criterion 2284352
Sum squared resid 2863868  Schwarz criterion 22aTaE2
Log likelihood -5095.532  Hannan-Gluinn criter. 2285364
Curbin-YWatson stat 20048380

Inverted AR Roots 1.00

Iverted WA Roots A0

B 9. January ARIMA(1,0,1) %8k 3 % izt #c i B
Bt ERABEAE W R ARG 4464 5 > FlL R % - HECETFR S
- W HciE > AT 9tk Adc s 4463 & o

p . A —
Ra(ME V=D v, +Zq:916tfj +g, o kg Eviews 5 % 4B 9 A on
i= iF D

Hye ,

ARQD=¢ %ilpp Aaw Eﬁ(autoregressive)ﬁw}ﬂ:: 0.998502

MA(1) =  £_% j B # & - #5(moving average) = %-#c= -0.101821
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January ARIMA(L,0,1) JaU 3k 78 8] 47 &3 5
30
25
? 20 | i
o
=
= 15 | ] Observed
& — Predicted
§ 10
= 5
0
1 501 1001 1501 2001 2501 3001 3501 4001
®) 10. January ARIMA(1,0,1) k i# g iR37 % B)
January ARIMA(L,0,1) & i 788 #3 ¥ dr 4 1
60
50 6.3
40 i
30 ——Predicted
26
—(Observed
20
10
0
1 501 1001 1501 2001 2501 3001 3501 4001

B 11. January ARIMA(1,0,1) Rk :# 38R 48 % 37 20 ]

B 10 &7 5 2009 & - * » ARIMA(L,0 )4 > e T35h # 5§52 8 T

SR EZIERIE > A B 11 A or BAREUITAUE & 4464 £ 3R 0 H P A% 3280 &

L 39 h i LR E T

26.2m/s » T ¥R iE IR E R 5 26.3m/s 0 2 P EEL 9 A

Y
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432 %A SR E

4. 2. January ANN z£ $C3% Ao 57 p] 8 2 Lip] B

=3y b MLP1-2-1 | MLP1-7-1 | MLP1-6-1 | Ensemble
LR B

12:00 19.40

12:10 19.80 19.35 19.46 19.33 19.38

12:20 18.60 19.73 19.84 19.73 19.77

12:30 19.30 18.59 18.67 18.54 18.60

12:40 20.70 19.26 19.36 19.23 19.23

2 LA CRRFEZY DERREA G 2ERE @k o uE LSBT
T 3ah % SCADA TR 1% - T30k @ ppliE - 2 R % - P Tk EE
m 183 mﬁ;—] 25 s A ;Ziei-*}#; i ANN #7] 4 &) 5 MLP1-2-1 ~ MLP1-7-1 ~
MLP1-6-1 3 * 24 & 7 Ensemble(ANN-Ensemble) > % 7 %5 #icdhyp & gL > 24 P -
2 ANN ﬁi-?] Jer Ensemble i® 5 22 ARIMA(L,0,1) #2502 H 2009 & — F > fiedp &

4464 £ T~ W E I MAE 2 MRE > i g % &2 2 47 o
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January ANN-Ensemble J& if 78 /8] 47 2 [

30
» 25
= 20
=
Fg L5 —(bserved
=3 .
< 10 ——Predicted
E s

0

1 501 1001 1501 2001 2501 3001 3501 4001
B 12. January ANN-Ensemble R i& 3f ;2|37 5% ]
January ANN-Ensemble J& if 8 8] 48 % J7 42 [
60
7 E
S0 . 2546
40 i
30 | i = —Predicted
20 ——{(bserved
10
0
1 501 1001 1501 2001 2501 3001 3501 4001

®) 13. January ANN-Ensemble j & 7¢ jp| 4% % 37 52 )
B 12 5 2009 # - * i» ANN-Ensemble ™ % - #p h i & > R % - PR E A
B o &R BE ) R T AR TSR] o B 13 YRR SRR S LR e
ABE R > B P O% 3273 4 R i BB E 5 24.2m/s 0 R i FEP|E 5 25.46m/s > 2 B R

£ % 1.26ml/s -
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4.3.3 ARIMA £ ANN 57 MAE 2 MRE +* #2:

# 3.ANN %2 ARIMA January-June MAE %2 MRE =t #i 2

Month Model MAE MRE

ANN-Ensemble 0.0023 0.23
January

ARIMA(1,0,1) 0.0164 0.16

ANN-Ensemble 0.0093 0.93
February

ARIMA(1,0,1) 0.0210 2.10

ANN-Ensemble 0.0013 0.13
March

ARIMA(1,0,1) 0.0269 2.70

| ANN-Ensemble 0.0035 0.35

April

ARIMA(1,0,1) 0.0253 2.53

ANN-Ensemble 0.0007 0.07
May

ARIMA(1,0,1) 0.0204 2.04

ANN-Ensemble 0.0042 0.42
June

ARIMA(1,0,1) 0.0487 4.87

4o 3 #1m > ¥uEA ARIMA(L,0,1)s7 MRE /) 25 - * > 0.23 B~ 1B 5

2 1 > 4.87 > @ ANN-Ensemble &/ & % 7 7 > 0.07 % =

7 ¥
N

WE 1o FpL et & S P s aey ANN-Ensemble 59 5B & Fx 5 v

27

27> 093 % 2 A&

t ARIMA(L,0,1)4 -



# 4.ANN ~ ARIMA July-December % January-December MAE %2 MRE st i

Month Model MAE MRE
1ul ANN-Ensemble 0.0039 0.39
u
y ARIMA(1,0,1) 0.0295 2.95
ANN-Ensemble 0.0015 0.15
August

ARIMA(1,0,1) 0.0263 2.63
ANN-Ensemble 0.0059 0.59

September
ARIMA(1,0,1) 0.0257 2.57
ANN-Ensemble 0.0030 0.30

October

ARIMA(1,0,1) 0.0200 2.00
ANN-Ensemble 0.0110 1.01

November
ARIMA(1,0,1) 0.0161 1.61
ANN-Ensemble 0.0090 0.90

December
ARIMA(1,0,1) 0.0220 2.20
January- ANN-Ensemble 0.0019 0.19
December ARIMA(1,0,1) 0.216 2.16

4 52009 T L& F ER DA FRT R @

A 2 17 2o ANN-Ensemble MRE &/ & 52 ~ 2 ip

7gp] MAE 4= MRE et $ % >

> 015 &~ B 5+ -

ARIMA(1,0,1) MRE %] & 5+ 7 > 200 S~ 5~ 7 » 205+ &

-\J—‘J:“J :4; ?

PlEE R iR

4.4 ARIMAZ ANN #= 3 % 5% #F32 ©

#BdF o

A

L2 & ] B

» 1.01>

- Bx

ARIMA i ige € % 4<(p, d, q) Z#A & ARIMA(1,0,1) » i& 7 ACF 2 PACF

T A

| B 7 o 8 A ¥ F Pljrackk ® o AR B SR TS}
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Bk o ARIMA - 7 (3 b i@ Bp] (.82 97 0R] 6 g S B foAB R a7 B £ 4464 £ 5

Fo s u|EET R 10 2 Bl 11, AiEl) TR EE ) D ¢ T LR e TERE

Nud

Poh% 3289 £ e 3ok i BRI E T 5 26.2m/s 0 T35k iE TR ER] 5 26.3m/s > 2
g £ 9% 0.1m/s -

ANN s 420 RIS (5 B At an g Bt > A g ANN 65 ) ch 3o 4
¥ Ensemble i % &2 ARIMA v i cnaficd] o B 12 4 o7 ©dp T 39k i & fj o 2 T I
BlenPT B U E D hFEFR Y -PRE D izg?] d1 e Ensemble & % 0 B 13
P E BT SRR B B B B 0 B P % 3273 ARk i BLPIE 5 24.2m/s > R i#
TEplE 5 25.46m/s > 2. P eaE X ¥ 5 1.26m/s -

& 7 W ARIMA 2 ANN s Rl Fa A2 & ehg M0 & 3{c& 4 & %] & 3 ANN

2 ARIMA # #& #3229 MAE 2 MAR - £ 3 5 2009 F X & #r51 » & 10 {7 4

ARIMA(1,0,1)57MRE # -] & % — * 0238 % & % = 7 i» 487> ANN-Ensemble
Bl ELT 007 B AL 7 093 AARE L FILKE 3P APT A
i# ANN-Ensemble s9f i8] & 72 %1 ARIMA(L,0,1) % chfids « 4 4 5 2009 T & & 2

¥ERSABHEA TR @R MAE fo MRE st g d » 6?7 0 @ 40
ANN-Ensemble MRE &} &% ~ 1 5 0158« &% - 1 » 1.01 » ARIMA(L,0,1)
MRE £/ B %~ 7 (> 200 f % 5= 7 295+ H 2 f | &5 b £ o

bd 3frk 47 o3 IR EE 5 ANN chd s > & fEH 5 ANN 2
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I %~ BhgEs
ARG R B (2012) 0 TN 2012 & S RA KLY L F P F 2

PSR A RR O P E LA LTSRS EAAR BN 600 5o pAEBR L ES
B4 BT W oA FARRDRREI TG R4 FETE 0 APEOTIRIF R PR
TAABABT XA Z A FTE R FTEELIEDE AR R

AFT R SR T R EPE b 1 SCADA i suenFl » g% H T 1ok i@ 9f
RIEP R E 5 2009& 17 31270 & 104 48— £ 252274 £ F A ¥+ ARIMA
A2 ANN H#03] > 245 B ) e FER Tk # 2 FFE R IR 0 v RE S
H PRI A

SR 2009 £ H jpE 0 2 E R o MAE 2 MRE 2 % & or 0 428 75 R
T 3ap i ANN-Ensemble e & % -] *> ARIMA(L,0,1) B5 4] - & B 48 & =
ANN-Ensemble c13g ip| & £7& & fi g o

SRR S kyp 0 A G T 38R

1L AR EFT HBPEFELT > LITREHER P2 A B

ARIMA #3411 2 ANN $:3] iz 4 -
2. ACFZ PACFH# %R > 28 CifS £cn2|¥r > 3R S8R 23 5 I48 o

3. ’?J\‘}ié_ﬁi% i‘\‘l ;“{Jﬁ/f ) I,{i ﬁ/z{ %gﬁj*i%z°
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February
Sample: 14029
Tnclided observations: 4029

Autacorrelation Partial Carrelation AC FAC
| — /| 1 04988 04988
| — if 2 0875 -0.003
| — if 3 0863 0004
| — if 4 0841 -0.003
| — i A 0939 -0012
| — i G 08926 -0027
| — if 7 0914 -0.006
| — if g8 0801 -0.005
| — [ 9 0.890 0029
| — [ 10 0878 0018
| — if 11 0867 -0.007
| — [ 12 0857 0029
| — 13 0846 -0.045
| — [ 14 0835 0007
|
|
|
|

i
i
— l 15 0.824 0.0M
i
i
i

— [ 16 0.814 0.005
— 17 0.803 -0.011
— 18 0.792 -0.0149

® 7-1. February ACF £ PACF & <_]

February
Sample: 14029
Included observations: 40238

Autacorrelation Fartial Correlation AT FAC

-0.003 -0.003
-0.007 -0.007
-0.002 -0.002
000z 0.002
0019 0019
-0.005 -0.005
-0.002 -0.002
-0.024 -0.035
-0.024 -0.025
10 0.001 0.000
11 -0.036 -0.036
[ [ 12 0035 0.035
13 -0.006 -0.004
14 -0.005 -0.004
15 -0.012 -0.012
16 0.005 0.004
[ [ 17 0.014 0.011
| | 18 -0.009 -0.009

00~ 00 of DD b —

[Lu)

] 8-1. February ARIMA(1,0,1) & =_B]
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March

sample: 1 4464

Inchided obzervations: 464

Autocarrelation Fartial Carrelation AC PAC
| I— 1| 1 0988 04938
| I— 2 0976 -0.009
| I— 3 0965 0027
| I— 4 0954 0032
| I— 9 0943 -0.022
| I— B 0932 -0.018
| I— 70921 -0.024
| I— 3 0908 0007
| I— 9 0898 0.002
| I— I 10 0.889 0.045
| I— 11 0.8759 -0.001
| I— I 12 0870 0.035
| I— 13 0862 0027
| I— [ 14 0.852 -0.059
| I— 15 0.843 0.006
| I— 16 0.833 -0.010
| I— 17 0824 -0.012
| I— I 18 0816 0.042

Bl 7-2. March ACF ¥2 PACF # Z_R]

Mfarch

Sample: 1 4464

Inchided observations: 4463

Autocorrelation FPartial Correlation A PAC
i i 1 0.001 0001
Il I 2 -0.034 -0.034
Il I 3 -0.039 -0.039
] ] 4 0.021 0.020
] ] 5 0.013 0.010
] ] G 0.018 0.018
| I 7 -0015 -0.013
il i 8 -0.007 -0.005
il Il 9 -0.050 -0.050
i I 10 -0.003 -0.006
Il I 11 -0.035 -0.038
Il I 12 -0.030 -0.034
i n 13 0.086 0.047
i I 14 -0.007 -0.011
i I 15 -0.003 0.002
i i 16 0.001 0.006
Il I 17 -0.045 -0.048
] ] 18 0018 0015

] 8-2. March ARIMA(1,0,1)# =_E]
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Apnl
Sample: 14320
Included observations: 4320

Autocorrelation Partial Caorrelation AC PAC
| I— = 1 04987 04987
| — I 2 04874 0010
| — if 3 04962 0004
| — L 4 0949 -0.010
| I— I 8 0937 002
| — ] 6 0926 0044
| — if 704915 -0.007
| I— I 8 04906 0033
| — if 9 0.896 -0.003
| — L 10 0.886 -0.014
| — if 11 0.876 -0.005
| — if 12 0.866 -0.000
| — Il 13 0.855 -0.026
| — if 14 0.845 0.005
| — L 15 0.834 -0.013
[ — if 16 0.824 0002
| — I 17 0814 0024
| — L 18 0.805 -0.010

® 7-3. April ACF 22 PACF # %_Fl

Apnl
Sample: 14320
Inchided obszervations: 4315

Altocorrelation Fartial Correlation AC PAC

1 -0018 -0.018
2-0013 -0.013
3 0002 000z
4 -0.017 -0.017
5 -0.053 -0.054
6 0.003 0.000
7 -0.038 -0.039
g 0.000 -0.00M
9 0010 0.oar
10 0.002 -0.000
11 -0.005 -0.006
12 0026 00
13 -0.013 -0.012
14 0.007 0007
15 -0.007 -0.007
16 -0.032 -0.03
17 0.003 0.004
18 -0.012 -0.014

i 8-3. April ARIMA(1,0,1) 1 <_®l

39



May

Sample: 1 4464
Included observatons: 4464

Autocarrelation Fattial Correlation AL PAC
| — = 1 0.987 0487
| — il 2 04973 -0074
| — ] 3 0960 0.038
| — I 4 0946 -0.016
| — I a 0933 -0.020
| — I 0919 -0.0049
| — I 7 0905 -0.0249
| — 1] 8 0.889 -0.053
| — I 9 0873 -0.033
| — I 10 0.886 -0.017
| — I 11 0.840 -0.013
| — ] 12 0824 0014
| — i 13 0.809 0.043
| — I 14 0794 -0.011
| — I 18 0779 -0.022
| — Il 16 0764 0.003
| — I 17 0749 -0.014
| — I 18 0733 -0.038
%l 7-4. May ACF £ PACF # %_[f]
Llay
Sample: 1 4464
Included obzervations: 4463
Autocorrelation Parial Correlation AC PAC
] 1 0067 0.0687
I 2 -0.041 -0.046
I 3 0003 0004
I 4 00s omz2
if 5 0002 0.0Mm
I 6 0021 0022
i 7 0049 0047
I a8 0030 0026
I 9 0009 00049
if 10 0.002 0002
L 11 -0.022 -0.023
I 12 -0.0586 -0.054
if 13 -0.000 0003
I 14 0022 0014
L 15 -0.008 -0.012
if 16 0.004 0007
I 17 0.032 0032
I 18 0.014 0014

. May ARIMA(1,0,1) & =_R]
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June
Sample: 14159

Included obszervations: 4159

Autacarrelation FPartial Correlation AT PAC
— I/ 1 04950 0450
7 = 2 0916 0142
[ — il 3 0888 0.066
— n 4 0863 0045
— n 9 0842 0045
[ — n B 0824 0042
| — n 70208 0045
| — Il 2 0791 0002
7 I 9 0776 0025
— Il 10 0,761 0,003
— I 11 0.746 0.011
— I 12 0,732 0010
| — Il 13 0.718 0004
[ — I 14 0706 0013
— | 15 0691 -0.014
— | 16 0676 -0.010
| — n 17 0666 0.044
| — I 18 0627 0014

@ 7-5. June ACF ¥ PACF # Z_[§]

Tune
mample: 14159

Tncluded observations: 4158

Autocorrelation

Fartial Correlation

AC

PAC

O
i

O

e |

(= s W R B R

=
[ R L)

11
12
13
14
14
16
17
18

-0.164
-0.053
-0.036
-0.036
-0.0249
-0.029

0.015
-0.021

n.oo7
-0.00%
-0.007
-0.001
-0.mz2

0.014

0.0o3
-0.048
-0.002

nmr

-0.164
-0.083
-0.061
-0.059
-0.0845
-0.0586
-0z
-0.0345
-0.012
-0.021
-0.014
-0.013
-0.0z22

n.oar

0.om
-0.053
-0.024

0.003

i 8-5. June ARIMA(1,0,1) & =_Rl
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July
sample: 1 4464
Inchided observations: 4464

Autocorrelation Fartial Correlation

A

PALC

ITTITTINNN

00 00 M = OO b —

0.956
0.923
0298
0.a72
0.850
0827
0.0z
0.7go
0.755
0732
0714
0.695
0677
0.660
0.641
0623
0.607
0592

0.956
0110
0.093
0.0ao
0.042
-0.012
-0.025
0.009
-0.034
0.oa¥
0.035
0.oos
0.013
0.0o2
-0.023
0.0o2
0.006
0.024

B 7-6. July ACF ¥z PACF # Z_®)

Tuly
Sample: 1 4464
Tncluded obzervations: 4463

Autocorrelation Fartial Correlation

AC

PAC

00—~ O = L0 b —

o

10
11
12
13
14
15
16
17
13

-0131 -0

-0.091
n.o13
-0.044
n.o14
n.o1a
-0.027
0.024
-0.022
-0.047
0.000
-0.013
-0.001
0.022
-0.0m7
-0.016
-0.024
0.0

-0.110
-0.014
-0.056
-0.001
0.011
-0.022
n.o20
-0.020
-0.049
-0.021
-0.025
-0.012
0.012
-0.013
-0.0149
-0.035
n.o1z

] 8-6. July ARIMA(1,0,1)# =_R®l
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August
sample: 1 4464
Included observations: 4464

Autocarrelation Partial Correlatian AC PAC
| I— =/ 1 0.990 0.990
| I— | 2 0982 0102
| I— In| 3 0876 0.087
| I— il 4 0968 -0.074
| I— i 5 0961 0.077
| I— i f 0955 0.003
| I— il 7 0947 -0.0584
| I— i 8 0941 0.043
= i 9 0935 0.042
| I— i 10 08930 0.031
| I— il 11 0924 -0.0449
| I— i 12 0913 0.040
| I— | 13 0912 -0.024
| I— I 14 0906 -0.044
| I— L 18 0.899 -0.020
| — il 16 0.891 -0.0549
| E— ] 17 0.884 0.018
| I— L 18 0877 -0.010

B 7-7. August ACF ¥2 PACF # <_[§]

August
sample: 14464
Included observations: 4463

Autocarrelation Fartial Correlation

AC PAC

O
O
[
g
!
[

I
I
1]
I
I
1
I
I
I
n
I
'
1
'
I
I
I
I

(== B S L R L

10
11
12
13
14
14
16
17
18

-0.106 -0.108
-0.079 -0.091
0.08s 0072
-0.0g¥y -0.07a
-0.001 -0.006
0.070 0.051
-0.070 -0.048
-0.035 -0.045
-0.007 -0.034
0.038 0.047
-0.043 -0.042
0.0z0 o022
0044 0042
-0.010 0.016
0.0565 0.046
-0.024 -0.024
-0.013 0.006
0.010 -0.007

B 8-7. August ARIMA(1,0,1) # =_R]
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september
Sample: 14260

Included observations: 4260

Autacarrelation Fartial Carrelation AC PAC
| — =/ 1 04987 0887
| E— | 20870 -0137
| — l 3 08583 (0002
| — | 4 0936 -0.045
| — | 5 0817 -0022
| — | B 0.893 -0.040
| — | T 0879 -0013
| — | g 08589 -0024
| — | 9 0839 -0.010
| — | 10 0819 -0M7
| — | 11 0798 -0.023
| — | 12 0777 -0.043
| — | 13 0.785 -0.014
| — | 14 0733 -0024
| — | 15 0.710 -0.024
| — | 16 0687 -0.028
| — i 17 0.BE2 -0.068
| — | 18 0.636 -0.032

] 7-8. September ACF &2 PACF # _]

september
sample: 14260

Inchuded observations: 4259

Autocarrelation

Partial Correlation

AC PAC

a
I

00—~ TN e LDk —

0130 0130
0.006 -0.011
0.035 0037
0.020 0.011
0.034 0.030
n.012 0.002
0.016 0.013
0.006 -0.000
0.006 0.005
0.015 0.0M
0.034 0.030
0.015 0.006
0.015 0.011
0.016 0.010
0.018 0.014
0.060 0.054
0.032 0.016
0.015 0.007

%) 8-8. September ARIMA(1,0,1)# Z_[§]
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October
sample: 14445

Included observations: 4449

Autocorrelation FPartial Correlation AC PAC
| — ) 1 04991 049
| E— n 2 0982 0.030
| — n 3 0974 0028
| — ] 4 0967 0.020
| — I 5 0.959 -0.015
| — I 6 0.9581 -0.009
| — iy 70943 0014
I ] g8 0936 0013
I n 8 0929 0039
| — i 10 0923 0.003
| — I 11 0916 -0.001
| — I 12 0.909 -0.014
| — I 13 0803 -0.002
| — ] 14 0.896 0.011
| — I 15 0.889 -0.030
| — ] 16 0.883 0022
| — iy 17 0876 0.009
| — i 18 0.870 0.003

@8 7-9. October ACF 22 PACF # =_B)

October
sample: 14445

Included observations: 4443

Altocarrelation

Fartial Correlation

AC

PAC

0~ O M e LD b —

[i=]

10
ih
12
13
14
15
16
17
18

-0.036
-0.034
-0.023

0.013

n.0og
-0.018
-0.014
-0.044
-0.003
-0.003

0.013
-0.005
-0.016

0.031
-0.023
-0.009
-0.003

0012

-0.0386
-0.035
-0.026

0.010

n.oovy
-0.017
-0.0145
-0.046
-0.009
-0.0o7

0.011
-0.004
-0.016

n.nza
-0.024
-0.012
-0.004

n.o10

i8] 8-9. October ARIMA(1,0,1)# =_R]

45



Movember

Sample: 14272

Included observations: 4272

Autocorrelation Partial Correlation AC PAC
] /] 1 0.994 04994
] a 2 0890 0.09M
| — ) 3 0.996 0.019
— L 4 0.831 -0.011
— Il 5 04877 -0.007
— L B 0872 -0.017
| — L] 7 0967 -0.015
— L1 g8 0.962 -0.017
| I— L § 0.857 -0.009
| I— " 10 0952 0013
| I— L 11 0.948 -0.011
] i 12 0.943 -0.002
| I— Il 13 0.938 -0.004
| I— Il 14 0.933 -0.005
| I— I 15 0928 -0.03
| — il 16 0.922 -0.040
| Il 17 0917 -0.002
| — L 18 0.911 -0.009

R 7-10. November ACF £ PACF i _[B]

MNovember

sample: 14272

Inchuded observations: 4271

Autocarrelation

Fartial Carrelatian

AC PAC

O
!
I
I
I
I
I
i
!
I
I
I
I
I
I
I
I
i

o
|

00 T e LD ke —

[d=]

10
11
12
13
14
14
16
17
18

-0.097 -0.097
-0.013 -0.022
0.015 002
0.002 0.004
0.013 0.014
0.010 0.3
0.012 0.014
0.005 0.008
-0.017 -0.016
0.011 0.007
-0.002 -0.0M
0.o01 0.0m
0.002 0.002
0.028 0.029
0.035 0.04M
-0.008 0.0M
0.007 0.008
-0.012 -0.013

®) 8-10. November ARIMA(1,0,1)# %_R®
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December
sample: 14464
Included observations: 4464

Autacorrelation Partial Carrelation A PAC
| I— = 1 0.988 0.933
| I— ] 2 04977 0050
| I— ] 3 0966 0.02%
| — Il 4 0956 0.001
| I— ] a 0947 0014
| I— ] G 0933 0027
| I— ] 70929 0025
| I— Il 8 0921 0004
| I— I 9 0912 -0.020
| I— Il 10 04904 -0.002
| I— I 11 0.895 -0.026
| — Il 12 0.885 -0.007
| — I 13 0876 -0.013
| I— Il 14 0867 0.003
| — ] 16 08583 0.014
| I— I 16 0,849 -0.041
| I— I 17 0839 -0.023
= I 18 0828 -0.023

@] 7-11. December ACF £ PACF # Z_

December
sample: 14464
Tncluded observations: 4463

Autocorrelation Fartial Correlation AC PAC

-0.055 -0.055
-0.028 -0.031
-0.003 -0.007
-0.022 -0.024
-0.029 -0.032
-0.025 -0.030
-0.004 -0.010
0.018 0015
I 9 -0.002 -0.002
10 0022 0.020
11 -0.000 0.000
12 0006 0.007
13 -0.010 -0.009
14 -0.020 -0.019
15 0.037 0.036
16 0.013 0017
17 0014 0018
| 18 0.004 0.005

o0 - O R e LD R —

f
[
[
!
[
[
[
[
[
[
[
[
i
!
[
[
[
[

= e = — o — o — —  — o e e o — e )

®) 8-11. December ARIMA(1,0,1)# %_[§]
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Al year
sample: 1 52273
Included observations: 52273

Autocorrelation Fartial Correlation AC FAC
I /0 1 0991 04991
— 1 2 04983 0.053
— 3 0976 0.0
— 4 0.962 -0.004
— 5 0961 0.013
— 6 0954 -0.001
— T 0946 -0.011
I g 04939 0.0049
I 9 04932 0.005
1 10 0926 0.006
— 11 0919 -0.004
— 12 0912 0.003
1 13 08905 -0.004
1 14 0.898 -0.010
I— 15 0.891 -0.011
I— 16 0.884 -0.015
I— 17 0877 0.004
— 12 0870 -0.002

@ 7-12. All year ARIMA(1,0,1) ACF £ PACF # _#l

Al wear
Sample: 1 52273
Included observations: 52272

Autocorrelation FPartial Correlation AC PAC

-0.057 -0.057
-0.032 -0.035
0.004 0.000
-0.016 -0.017

I I 1
2
3
4
5 -0.002 -0.003
A
7
8

|

0.00% 0.006

-0.013 -0.012

-0.007 -0.003
9 -0.007 -0.009
10 0.002 0.001
11 -0.006 -0.007
12 0.002 0.001
13 0.007 0007
14 0.007 0.008
19 0.010 0.011
16 -0.009 -0.008
17 -0.002 -0.002
18 0.007 0.006

R 8-12. All year ARIMA(1,0,1) ¥ =_R&]
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February ARIMA(1.0.1) & i 788 47 42 8
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§ 0 —(bserved
= — Predicted
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| 501 1001 1501 2001 2501 3001 3501 4001
B 9-1. February ARIMA(1,0,1) & :# 3¢ R147 50 @)
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—— Predicted
—— Observed
1 501 1001 1501 2001 2501 3001 3501 4001
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March ARTMA(1,0,1) J&E i 78 8] 37 &%
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1 501 1001 1501 2001 2501 3001 3501 4001
Bl 9-2. March ARIMA(1,0,1) & :# 3¢ P47 52 ]
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April ARIMA(1,0,1) Bli& T8 837 & B
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May ARIMA(1,0,1) J2UiR 78 A1 37 47
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Windspeed avg (m/s)

June ARIMA(1,0,1) J&, & 78 ;8]47 42 B
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July ARIMA(1,0,1) J&3& 22147 4%
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Windspeed avg (m/s)

August ARIMA(1,0,1) &, 3% 7 2147 4 Bl
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September ARIMA(1,0,1) &3k 78 ;2137 &%
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October ARIMA(1,0,1) J&l iR 8 8l47 &%
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Windspeed avg (m/s)
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December ARIMA(1,0,1) & ik 78 2135 45
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Windspeed avg (1/s)
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Windspeed avg (m/s)
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March ANN-Ensemble &, if 78 58] 37 42 [

g
e
=
E ——Observed
=9 e
ﬁ —— Predicted
E
1 501 10011501200125013001 35014001
B 11-2. March ANN-Ensemble B :# 5g ip|37 % 8]
March ANN-Ensemble J& i 18 ;8] £5 34 37 42 [
60
50
40
30 ——Predicted
20 ’ 9.3 — Observed
10
0

1

501 1001 1501 2001 2501 3001 3501 4001

B 12-2. March ANN-Ensemble B & 3¢ ;p| 4% %1 37 50 B

62
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Windspeed avg (1/s)
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