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Wind speed interval prediction using spatio-temporal fusion compressed residual networks
with Bayesian optimized hyperparameters
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(1. College of Electrical and Information Engineering, Hunan University, Changsha 410082, China;
2. School of Environment, South China Normal University, Guangzhou 510630, China)

Abstract: To address the challenge of high wind speed variability in wind farm planning, a small-sample-based spatio-
temporal integration and compression deep residual point prediction model, spatio-temporal integration and compression
deep residual (STICDRS), is proposed. This model is designed to deeply explore the spatial and temporal characteristics
within wind speed sequences to enhance the accuracy of point prediction. Initially, the spatio-temporal integration and
compression deep residual network is employed to obtain point prediction results. Subsequently, an innovative hybrid
model, STICDRS-Gaussian process regression (STiICDRS-GPR), is introduced to achieve interval prediction results,
thereby providing more reliable probabilistic forecasts of wind speed. The model utilizes a Bayesian optimization method
for hyperparameter selection, ensuring efficient and automated tuning. Finally, the wind speed dataset from a wind farm in
Inner Mongolia is used to compare the prediction results of the STICDRS model with those of traditional classical models.
Experimental results demonstrate that, in comparison to other models, the proposed STICDRS-GPR model delivers superior
point prediction accuracy, appropriate interval predictions, and reliable probabilistic forecasting outcomes, fully showcasing its
considerable potential in the domain of wind speed forecasting.
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Table 3 Evaluation metrics for all models’ point and interval predictions corresponding to four datasets
EAETE S &% CNN LSTM CLSTM TCN STiCDRS GPR | #iiE4: EM% CNN LSTM CLSTM TCN STiCDRS GPR
£zt izt

R 0.994 0.986 0.995 0.994 0.996 0.994 R 0.996 0.992 0.990 0.993 0.995 0.981
MAE 0360 0.536 0.375  0.350 0.316 0.348 MAE 0.258 0.194 0.277  0.246 0.177 0.388
RMSE 0.470 0.744 0.472 0.500 0.445 0.477 RMSE 0.320 0.250 0.348 0.296 0.221 0.449
BHELE 1 CP 0.895 0917 0.885  0.958 0.958 0.927 | HiHEsE 3 CP 0919 1.000 0.904  0.985 1.000 1.000
MWP  0.239 0.350 0.227  0.253 0.231 0.230 MWP  0.246 0.341 0.230  0.232 0.234 0.276
MC 0.267 0.382 0.256 0.264 0.241 0.248 MC 0.268 0.341 0.255 0.236 0.234 0.276

ATT 18.3 30.5 20.5 17.1 19.2 1.3 ATT 31.0 41.8 343 30.2 33.1 1.7
R 0.997 0.996 0.997 0.997 0.998 0.996 R 0.998  0.997 0.998 0.998 0.999 0.996
MAE 0.267 0.322 0.248 0.258 0.243 0.267 MAE 0.288  0.337 0.307 0.289 0.275 0.402
RMSE 0.357 0.432 0.343  0.362 0.329 0.357 RMSE 0364 0.433 0.388  0.366 0.350 0.505
HudE 2 CP 0.815 0919 0.867 0.874 0.933 0.815 || #udE 4 CP 0.964 0.984 0.938 0.974 0.979 0.984
MWP  0.336 0.495 0.333 0.374 0.350 0.336 MWP 0214 0.269 0.210 0.211 0.209 0.251
MC 0412 0.538 0.384  0.428 0.375 0.412 MC 0.222  0.273 0224 0.217 0.213 0.255

ATT 31.2 42.1 36.5 31.1 33.8 1.5 ATT 53.1 58.8 53.3 50.2 51.8 1.9

Bl 11 BRI 7 X R CNNL LSTM,
CLSTM. TCN. STiCDRS A1 GPR #% 5 Fijll ity PIT
JRRgE R P-P &, P84S 2 1 5 0 &5 SR P-P
BITEXT F 26 55 LI ) A, FF H I 2078 5 1
(0,112 (8], WiBH 7 s Tl PIT 25 AR 51040,
[ R B T T &5 RO rT 5. SRR, A
P BIAE 4 AR AE L PIT AR /AR i
7 Kolmogorov-Smirnov 5 (5% & 3 147K °F), % B4
ABE 2R P YOI £ M 6% FEE PR B 5 LS AT BN — 2K
BA RUFMRHES SR . HA, STICDRS-GPR 544
MRS IRAE 4 NARE I R H M AR L
5%, UiHH STICDRS-GPR 5% GE4% B A5 25 e $2 XL
TR IR ZRRRAIE o

4  LEip
RSCAE BT SRR R et b, @S]

DRSNIZFAT RS 25 46 A4, 15 380 S0k iR B 2 2
TR AISTICDRS,  [FIF 45 & K B8 T B A 1
ZIRFAE, $RH T Rl A R 2 2] SN AIGPR
X [) PRI AR 2R (4] 9684 IX 1] TR HE 42 STICDRS-GPR,
I U AR A S HE N HE R S A A . I
FIFH A Sk 4 2H S XU E B AT 0 3 SR B0 500
I SEER AT H DL R 41

1) STiICDRS 3R15 1 5t e (1) s BRG] DA%
iR R AR L oS 2R, X TR TN 2 (4L 5 Sk
(1 557 TR 25 5 5

2) STiICDRS-GPR 132 | fe & 1d 1) Wil B A5
e, B I /) Y B8 R 7 o A 2 BRI S, XA
I 500 (e 7 RS 5 M A B SR B, R
B GPR X[ R0 ASE 250 A5 2y B 45 iy B A
(AR A 5

3) STiICDRS-GPR 7E CR4F 4 i T 14 B ) [R] B



-22 -

W) R GRP bk

3] T BT SERIER T AE R, & TR IR R
I HBEEWEGRE, R R i L bR
(1o A 2 o

[-- ##E4E1 Kolmogorov 5% Efii |

10 CNN 0 LSTM 10 CLST™M
= 0.8 = 0.8
% a
S06 S 06
E04l A0 E 04
0210 02
< 0 0
0.2040.60.81.0 0 02040.6081.0 0.20.40.60.81.0
543 AiiICDF $J5153 A ICDF Y513 A IICDF
Lo TCN 1.0 STIiCDRS 10 GPR
0.8 y w08 p o 0.8
206 806 8 06 L
£ 4 = z° foad 5
£04 5 04| L0 g 04
~02¢ " Ro2 A 021
00 0204060810 020.40.60.81.0 0.20.40.60.81.0
EEpiiiileny 5153 #i i )CDF H5155 A iICDF
[ 5 #3 Kolmogorov 5% (5% |
CNN
10 10 LSTM 10 CLSTM
EO.S = 0.8 A . 08
go.e Cos 806
E—OA EE 0.4 g 04 /
£0.2 =02 =02
0 0 0
0.20.40.60.81.0 0 0.20.40.60.81.0 0 0.20.40.60.81.0
5153 AiICDF Y5153 i i JCDF 5] ) Ai HICDF
Lo TCN i |0 STICDRS o GPR
0.8 w08 A o 08
S06 So06 8 06
04 04 04
£0.2 ~02 02y

05 020406081.0
5] /3 A ICDF

90 0204060810
)53 A ICDF

05 0204060810
5] /3 A ICDF

M7, A STICDRS-GPR #5875 78 45 1

DRGHE ST A HER P ANBH S PR R S 5 i A
SRR .

9

PIT(#ICD

PITfJCDF

PITfJCDF

PIT/fJCDF

[--- B2 Kolmogorov 5% {5 |

o CNN Lo LSTM Lo CLSTM
0.8 508 i 08
0.6 206 S 06
0.4 £04 7 04
024/ ~02 ~* 0.2
0 0 0
0 0204060.81.0 0.20.40.60.81.0 0 02040.60.81.0
)543 AiICDF 5134 IICDF 51534 IICDF
10 TCN Lo STiCDRS L0 GPR
0.8 208 w 0.8
0.6 806 206
0.4 =04 E 04 7
0.2/ 02 =02
0 0 0
0 0.2040.6081.0 0 02040.6081.0 0 02040.6081.0
¥)5) 53 AiICDF 5] )3 4 ICDF B51 53 A iICDF
‘ H4E 44 Kolmogorov 5% S |
L0 CNN 0 LSTM |0—_CLST™M
0.8 & 0.8 = 0.8
0.6 gos6 g 06
0.4 g 0.4 E 0.4
0.2 02 02
0 0 0
0 02040.6081.0 0 0.20.40.60.81.0 0 020.40.60.81.0
¥5) ) Ai iICDF ¥ 5] 3 AiiICDF )51 AiiICDF
10 TCN 1.0 STICDRS Lo GPR
0.8 £ 0.8 2 08
0.6 So6 § 0.6
k= k=
0.4 £ 04 04
0.2 202 =02

00 0202060810
B5I 53 A I CDF

00 0204060810
)5 /3 A ICDF

0 0.20.40.60.81.0
5155 IICDF

E 1 3R 4 MURSRFTBRE R FUNLERE P-P &

Fig. 11 P-P plot of all models’ point prediction results corresponding to four datasets
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