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Short-term wind power time series prediction based on sparse coding method

LI Jun, YU Yang
(School of Automation & Electrical Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract: Aiming at short-term wind power time series, a class of dictionary-based sparse coding prediction method is
proposed. The historical wind power time series data are composed to the time-lagged input-output data pairs to build the
prediction model, while the two dictionaries are respectively constructed by regarding the all input and output data vectors
as atoms, without the training phase of the model. For the time-lagged test input data vectors need predicting, convex
optimization algorithms with /; norm or elastic net regularization using sparse decomposition technology are applied to
calculate the weights by sparse coding. Furthermore, by the dictionary which is constructed using the historical output
data, the corresponding predicted outputs are obtained. Simultaneously, adaptive dictionary updating strategies are given,
where test data is successively added to the dictionary in real time while maintaining the dictionary size by using three
algorithms, so as to further improve the prediction accuracy of the model. In order to verify the effectiveness of this
method, different sparse coding methods are firstly applied to the prediction of Santa Fe chaotic time series, and then
applied to the indirect prediction for short-term wind power respectively. Under the same condition, compared with the
SVM method, experimental results show that different sparse coding methods have achieved good prediction results, and
the sparse coding methods using elastic net regularization have higher prediction precision and show their effectiveness.
This work is supported by National Natural Science Foundation of China (No. 51467008).

Key words: sparse coding; algorithm; elastic net regularization; wind power; prediction

0 3l

ek, AR REBICHOE KA B 5 iR
B RIoGE, [T 2N R, TR

HEE&WA: BRAAFFLAELTARD F8h (51467008); MR
i K AR F AT R AR B #8h (201701)

BERIBEALIE S B, KUBER e 2 BT 2
At i, AR RGuatTh A “ A
SO oy JE G I FAATG UL I 190 (R I < AN
RSB TS 10 R T 256 T A 0 2 U2 e R
Dy TNV G g R BE Hh 1 XL AR LA 75 ik 1
BRI R A L DB s Ve, 2 RESR AL
WL



5T L B PR 3U) DX P ) 6 1) S 51 - 17 -

AR D 2R (R TN 7 V00 4 A R TV et
755 o« AESG ISV JT 102 W i Persistencefi 7Y . H
[N B P EI(ARIMA) L . KalmaniEik %2k
AR o ) A7 SIS L ve i < 07 WA R
phze g, S RE RO, R R Ih R
Sy AR T2 N .

FI Hi, #5771~ (Sparse Representation, SR)/E
N RSt NS 2 07k, e R . EE
PSSR A BV N o SR B - 2 2 R
M i P A e, ey, A w18 5 2 FE K
FH /D 1 1) 1 [ 1 D0 BSURI 1) T2 KO0 B8 1 5 10 AT 4
1o SCHR[8-914h i — Rl T A S R i g i S Ik T
MR R BRI I TR B
W ECAELE TN o SCHR[10125 H —Fh s i g it 75 7%,
FEIVFH T2 e R I 1 55 v 5 SR . SCHR[11]
Mg — R T2 22 ST SRIT %, R SL R H T
AR R, R . T ML A 72
VRN (8] 77 510 000 K S5 A 0000 PR RS I R, 4
N 0 3 XU R Dl 2R 0 P S 1 AT AT Y

e e BB 0 208 1 U U2 IS0F ] 0K T P i
7ESCHR[8-9TI LA b, AT Hh— Bk T8 o 2%
1E WA (R B 2 i 73, 1 AN 18] 1R i 6 £ T
EN AT DR, EREAETS, 5
MA ISVMITVEIEAT LR, LS UE A SC VA

1 (S BIHERmID R K E

X U B T R, WA N RS
JUREE, W2t e, XA EAE R
RS, HIG0hD . SR Il I 5 R
INUERRIR D TUR ) o IR BB MR R, AT
PSR AE AR bR R RAT DR A%, AT
el TR

5 FR AR L 2 L 3 o 0 6 o M o )
MIZebal ey, LUREL msk sy AR5 S, H
REHy ISk RABUEE T%, BUEIEZR T
e EAPOE R TRREE S [F9 i xeRY M
Mt 27n A

x=2 o, (1)

e, S g O TP PG R, AR IR T
l1’:{¢1s Py ¢N} °

B, TRBTHTIUB RO, T

SEAPEL SER() A EME— 1, B2 T hg

ok B F T IIUE I T4 A BT R
S SR AR 60 a 10 1, SRR AL R T 34

X uELE, [

min ||oz||0 S.t. ||Y’a —x||§ <g¢ )
Xdr: e, :})i_rgzi|a,.|p & a P R0 EAEL

||a||§ =Y o’ Ra lfRIEL
Fi R« TAEFREEHE, "PEQ)IE N
M- &, B
min ||Y’a - x||§ s.t. ||az||0 <M 3)
Krh, ME a PRAER BB BRHE ML
NP B H e 1, Q) A
min- [ - x[} +2]a], 4)
A, FASIHRT A>0, FREMRZESHGE
J7 2T =
Q) —2(4) 4 JyNP-hard i) {5, SR fig 5w - 22
A A FIE AR EIE IR, AU st )
SRAFE A AL . A T IR MG, Bk e 58
37341 il M Laplaciany A", #)

pal p)=] [Sewl-pld} - @ exp{-Alal,} (5

Ko, = | a1 TR BB >0
B, e MK RASTHMAP) @
a= argmin{"?’a - x||§ + 20'2,8”05"1} (6)

44 =204, ROEHH
i =argmin{|¥a - x|} + 2 o], | (7)

(7)) 1 JEFCE WAk ) i SR A PR A Lasso(Least
absolute shrinkage and selection operator) & HAZFZ 1]
AR S S IR R s oK, )]
BPDN(Basis Pursuit De-Noising) /5 1! "5k il .

Fren MBUE 2 FVET LINRANAI R, K AT A4
58 G i 1) SR i il ok 5 7248 % (variance-efficient) [ AL
e SRl U, ) RO A ) BT 3R T Ay

= argmin(|Pa—xf + ]} st Yo =1 ®)
@ i-1

Q)2 (@) A B VE SR il A2 4 1, Y EAR
sty £ Y E )BT R AR, 1 VOBUR 1) YA A
MEARL, AR 1, YO E R R AR AR . BRI, G
@) N 1 JuHEILTE A, FIBE, 5 REAUE 2
SEFIRBANIHR, @) RO TEEEIE R
a3 N 9). X10)FER.

N
a= argrm'n"oz"l s.t. ||¥’a —x||§ <& and Za,. =1 (9)
a i=1



- 18- @A &R B R

N
a= argmin"?’a - x||§ s.t. ||oz||1 <6 and Za,. =1 (10)
a i=1

L, 46 W o T R BEERHEZ FRR N

W, @) R0y 1, 1E Ak ) A5 >R At v
1M Lasso ] R A SE R A A — PR Zettk [nl )3 )
K (R 4a 3% )7V, Lassodl ot RISk fil 22 B 4 st
2 M, WS LARSHE LK,

FAEAEER (B e S I A R AN S
(Elastic Net, EN)IENLI. 1F K —Fh#T i i 4
Y MAR e FE 7705, ENIE AL ITE — ik (9] ) 1F
M4 T 5 Lasso (A 4 & ik PRI, I AENIE
3, 28— (10) Lassof Ak 1) AR K 4y

4

i =argmin .+ 4, + o |

v (11)
s.t. Zal. =1
i=1
i =argmin{ ], + 2o, |
‘ v (12)
s.t. ||$”a—x||§ <¢ and Zai =1
i=1
a = argmin {”'I’a - x||§}
’ (13)

/1 N
sit. Aol + 2oy < £ and Y a =1
i=1

X, A M, WA S, S50E Rl a HHIA
JEEOIAFNRR AN o

S X 2% I DU TP 15 | N A DR 357 AR 1) A i P 1)
[, JEHHR T “4B0U% 7 (grouping effect)™™, &
FNLF RSO . IR @)y —RA3)PLAb 1) /) 3K
fi L R A] AR Ze MR R ) 7@ (Disciplined Convex
Programming, DCP) R >KAF, S5 FL A4 SE L i
PHHCVX T AR BASE R, AT % FR
290, AT H SeDuMIfL ALK a, %R AFA AT T4
PERIRI R e RIS, e R R SR 2K A
18 H T AR i i 73214 i BPDNAL A, 1) 7

CVXIRAT ) FARSK AR D SR 5] LT a0

Step 1 IR 040 [l AT A A4k s

Step 2 77 A ZEAT IR AT AL A A R)

Step 3 %5 T-SeDuMisK fif #% >R i ;

Step 4 Fe Ak JRAA 7] R o

2  FEER4mASL AT E] A T

BERS K B2 S NI B AR S 1) 21 08 { ()}
TG I R A R s B A, A A S ) TN A Y
MR 14)FT7R
P(t+h) = fFx@O)F [ y(@0), y(E 1)+, y(t —m+1)] (14)

At pa+n) T oADK m ARG
B fONFFRSLIIE SR B/ :R" >R,

ok, IR T 2R (14) I B AS R 5 g 6 7
RTINS, R R, WIDCT 4L,
NPT IS, ARSI R R AR BN () A1
AL [ S N B N—T AR T, o A A
T T BTN GRI B o EASTR 1% 17 50 A N 58 )
LY e R™™ , o, N OUIZ AR NS H
VIR x(@) =), y(t =1, (e =m+ D],
Y —ZHE AT 5 A @ e R HAH
N () H ARG p(2+ h) VE R IR TR . AR, Fhbiis
W —F T WA 2% 2 7 i

H?Wﬁﬁ%%ﬁmwmﬂﬁM¢%E*ﬁ
P, w ek B (8)— X (13) AT — ol i i G %
A E, ey, TE S AR S R G 1)
a e R KoK, FEMIERE b, ARG T H br
JE+h) N K

J(t+h)=(D, a) (15)

L, ()RR,

b R | = O N L1 A 2 = e e i e
B E, KRR SR 2R, R~ R RR
(TR 72 o DRI, S Bm A PR A4 T 22 SR A 2
HE N TR SRS . Tk, Bl DA A I AN T
WUGHEN, Al O TR B IE N TR, 1
ITTELRTI . PRI, HE—PnTgh han R mid )7
I 32 1. BT SRS

1) Btz IH IR T (Replace Old, RO) S

FEROFEME T, XG4 W e R™™ W) R ¥,
N, TG Sh iR £, DUBTI I B AR
wIH R RIAT, B RS AL AN
@ e R"M AT HE BT

2) % ¥t JiL T+ (Replace Neighborhood, RNr)
e

TERNrERBE Y, A S A0 21 1 2l 5 904G
T T R IRK CEE B, $R2)5 AR 1)
Ji, JERHAT S, B s EAE . AN
@ e R™ W TH BT .

3) PREFARIT )5 T (Keep Recent, KR) 2R

TEKRIEME T, YIH T3 W e R™Y o M58l
TR EAE ARG b, R B ST
b RN BB GRS, R MR 7 iuh
HARABE KA R T

3 T AL A LA
AR S DSBS TR,



A7, A SR MRG0 AR KRR D AR IR ] P 41 T - 19 -

M AH 7] 5 o () H 0K 20 Al FH2X(8)—= X (13)
X (R AN TR E AR R £, P CVX AR B A 25 AT 3k
fiff o FT 3 (8)—(10) Ky AN [R5 G AL S At 79093
AIfajic A Basic sparse-1/2/3, 4n=(10) A4S N )RRt S
i sk fiFic M Basic sparse-3 771k, [AIEE, T A1)—
A3 HIF B Gm s K fi# T3 2% ¢ W EN-sparse-1/2/3
AE . FR) 7 57 0 5 28 TN 7 V2 D) AAN [ 1) = 3L B
S INLAX 4y, s RO, HIEEFRX(13) i1k
KA ) 5 4 5 77325 17 W EN-sparse-3(RO) .
SEECHAR AT N AL B, B
x ()=—30_
! var(x(¢))
X, var() BT Z R VRO RS R X M
(Mean Sparsity)™. $77H15% 2 (RMSE). ~F-¥)4a%}
143 FLAR 2 (MAPE) 8k P B4 6B 35 2 (MAE) . oF
YRt PS8 P A S 6 SR A AR AR P R
SR LEIISVMU v, Hom iz s o 00

k(xi, X, ):exp{—”xi - X, "/202}
A, o RARZREERE, i As G UE vk
HEENENZHC o,

FH P () R, 28 RCRATLAL 1) X - R By 7
R Hh & v RIS AR N I XU D3R, 3 0C R 1= (16)
ﬁﬁﬁmo
vcut-in

<
C(V), Vein SV
<

p(¥)=

norm 16
v<y (16)

pnorm > vnorm cut-out
O > {; > vcut-out
b v TR v, A TIN G A
CHE” R vy VI RO C(-) R H <R,

=T R EIRAGIIRR G pom NBUETH

255 D S RGHE S L Eh R E s, TR (16)
ROV G-I BRI, B ERIR

Step 1z K¢ KB X 8] [V > Voo | 55 VB 2315
FEANRIBE 2 0.2 m/s , VL2 DTA] A Y. (1 XU
RIS p, B 0, 655 [ w, -0, 1, + 0, |
ZAMRIE R

Step 2:  JUFFEFNDIA I, IO X L)
ARG AP 73 104 IXTa], TS
(ISR () R3S DA TR O REAS B, IR —
o W1 pG, )= FG, /)Y, G, ) JFERF DL

Step 3: WEBIH p, » EFERTESAFHIRTAAN X
W, LY p())2 pryr AKX

IR T

norm

P =2 p(i; PG, j) (17)
AU, pi.j) A9 § AT R 0% X
PITE DA

Rk, it “WaE” IR RAFHEAN KOE X (7]
AR RGE- R ek
3.1 Santa Fe ;& JHAT 8] /=51

Santa FeJR il 17 5 471) 21 — AN IE 40 SANH3
Jeas A PR RE G R Y, WK R, 53
HR[8] &, BAIPHRALE m HL4, LAZIN )33
HI900 VI Ziim AN s n) E A 7L W, J54E1100
AN MR T R TN . SR E 2,=0.8 ,
2,=0.01, e=le-4, 5=1, &=0.8. SVMIIZHN
C=16, o=4.

300 T

250

200

W)

150 |

50
i

00 100 200 300 400 500 600 700 800 9001 000
t

1 ITLISM NH3 B8P~ Y Santa Fe JRIERT B 51
Fig. 1 Santa Fe chaotic time series generated
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Table 1 Comparison of prediction results of different methods

Bk MAPE  RMSE Mg
Sparsity

SVM 27.067 15.448 0% -
Basic sparse-1 72248 8.995 4 99.56% 0.62
Basic sparse-2 72738 9.565 4 98.33% 0.65
Basic sparse-3 7.3555 9.004 6 99.48% 0.76
EN-sparse-1 6.1430 8.111 0 97.11% 0.38
EN-sparse-2 6.1177 8.124 8 97.11% 0.37
EN-sparse-3 6.358 3 8.1152 79.11% 0.42
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Fig. 2 Actual output (solid line) and the prediction value
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using EN-sparse-1 method
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Table 2 Parameter selection of different prediction steps

e h=3 h=6 h=9
A 0.3 0.8 0.8
2 0.8 0.01 0.01
c 64 32 32
o 15 15 13
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Table 3 Comparison of prediction results of different sparse

code methods and other methods for 1-hour ahead prediction

7% MAE  RMSE o s
Sparsity

SVM 1.505 4 2.5270 0% —
Basic sparse-1 1.7389 29618 99.54% 2.16
Basic sparse-2 1.9613 3.1052 99.49% 2.11
EN-sparse-1 1.124 4 22075 72.12% 0.91
EN-sparse-2 1.1803 23239 82.42% 0.86
Basic sparse-1(RO) 1.732 29323 99.54%% 2.17
Basic sparse-2(KR) 1.734 5 3.0373 99.48% 2.13
EN-sparse-1(RO) 1.047 5 1.736 3 68.15% 0.95
EN-sparse-1(RNr) 1.046 0 1.754 4 68.84% 0.96
EN-sparse-2(RO) 1.084 5 1.8240 76.29% 0.88
EN-sparse-2(RNr) 1.085 5 1.8349 76.60% 0.87

Wavelet-SVM'®! 1.122 1 — — —
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Table 4 Comparison of prediction results of different sparse

code methods and other methods for 2-hour ahead prediction

A% MAE  RMSE g
Sparsity

SVM 22529 3.784 8 0% —

Basic sparse-1 24296 4.0512 99.40% 225
Basic sparse-2 2.506 2 4.070 9 98.88% 2.12
EN-sparse-1 2.166 7 3.5057 91.27% 0.97
EN-sparse-2 21378 3.5012 93.12% 0.96
Basic sparse-1(RNr)  2.2822 3.8547 99.37% 2.27
Basic sparse-2(RNr)  2.359 3 3.8643 98.80% 2.15
EN-sparse-1(RNr) 1.963 4 3.2473 91.20% 0.98
EN-sparse-1(KR) 2.050 3 3.5739 91.27% 0.97
EN-sparse-2(RNr) 2.0723 3.4042 97.06% 0.97
EN-sparse-2(KR) 2.069 4 3.761 0 92.97% 0.93
Wavelet-SVMI? 23139 — — —

F 5 1=HI 3 /NN AR A AR5 R b
Table 5 Comparison of prediction results of different sparse

code methods and other methods for 3-hour ahead prediction

B MAE  RMSE s
Sparsity

SVM 3.647 5 6.250 2 0% —

Basic sparse-1 3.5711 5.779 0 98.84% 2.38
Basic sparse-2 3.302 8 5.544 6 75.29% 2.29
EN-sparse-1 3.180 7 5.070 2 91.27% 0.96
EN-sparse-2 32171 5.198 7 84.40% 0.95
Basic sparse-1(RNr) 3.496 6 5.786 3 99.07% 2.39
Basic sparse-2(KR) 3.1914 5.5339 70.81% 227
EN-sparse-1(RNr) 3.104 1 5.069 5 91.19% 0.99
EN-sparse-1(KR) 3.070 8 5.086 3 91.27% 0.95
EN-sparse-2(RNr) 32730 5.3053 84.32% 0.96
EN-sparse-2(KR) 3.1335 5.160 2 84.32% 0.94
Wavelet-SVM™ 3.2283 — — —
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Fig. 4 Comparison of prediction results using EN-sparse-1(RNr)

method for 1-hour ahead prediction
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