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Dual-MTSA Ultra-short-term Wind Power Forecasting Integrating Multi-source Features

CHEN Shike, ZHANG Wei, LI Yuhong, YANG Nan, WANG Xiaoling, BI Guihong
(Faculty of Electric Power Engineering , Kunming University of Science and Technology, Kunming 650500, China)

Abstract: With the ever-increasing grid integration of large-scale wind power, its pronounced nonlinearity, multi-scale
oscillations, and issues of missing or anomalous data pose serious challenges to ultra-short-term power forecasting. To
address these issues, this paper presents an ultra-short-term wind power forecasting framework that integrates data
cleansing and imputation, hybrid signal decomposition, and deep learning. First, missing values are recovered via cubic
Hermite interpolation; anomalies are detected using the minimum covariance determinant and Mahalanobis distance and
subsequently corrected with a random forest regressor to ensure data consistency. Then, the maximal information coeffi-
cient (MIC) and Spearman’s correlation analysis are employed to select key meteorological variables and construct an
environmental feature matrix, meanwhile, the jump-plus AM-FM mode decomposition (JMD) and variational mode de-
composition (VMD) are used to extract multi-scale power components to thoroughly dissect the signals’ spectral structure
and form a power feature matrix. These two feature matrices are then fed into a Dual-MTSA deep learning model. Within
its encoder, TKAN is embedded into Mamba’s selective state-space framework, and the Mamba’s linear-time complexity
is used to efficiently capture long-range dependencies across both time steps and variables. Moreover, a B-spline kernel
with gated fusion is utilized to finely represent high-frequency oscillations and low-frequency trends. A self-attention
module is then used to globally recalibrate these multi-source, multi-scale features, and a final fully connected mapping
layer generates ultra-short-term forecasts spanning 15 minutes to 3 hours. Empirical results demonstrate that the pro-
posed method can be used to effectively reduce the prediction errors and significantly improves the prediction accuracy
and robustness when compared with the benchmark models.

Key words: wind power prediction; ultra-short-term prediction; data imputation & anomaly correction; two-branch input;

deep learning; Mamba
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Table 2 Comparison of prediction errors for decomposition comparison experiments

K emar/MW emape/% ermse/MW R?
15 635 12 25 135 65 12 25 15 65 12 25 15 65 1235
EEMD 2314 3.963 5.471 32.821 54.366 78.999 3.217 5.646 7.668 0.982 0.947 0.903
VMD 1.564 2.747 3.547 20.419 29.926 47.000 2.362 4.068 5.093 0.990 0.972 0.957
JMD 1.069 2.599 3.393 13.363 33.546 41.161 1.642 3.861 5.111 0.995 0.975 0.957
JMD+EEMD 0.871 2.577 3.483 14.784 27.900 39.758 1.286 3.390 4.844 0.997 0.975 0.961
AT 0.704 1.871 2.537 10.665 26.112 31.252 1.106 2.836 3.896 0.998 0.987 0.975
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Fig.6 Prediction curves for decomposition comparison experiments
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Table 4 Comparison of experimental prediction errors in different seasons and operating conditions

X ) emar/MW emare/% ermse/ MW R?
ANTEZE AN L

14 6 125 1 65 125 14 6 1235 1 65 125
AT 0.565 1.838 2.339 23.817 63.174 77.938 0.850 2.716 3.490 0.998 0.986 0.977
HE 0.704 1.871 2.537 10.665 26.112 31.252 1.106 2.836 3.896 0.998 0.987 0.975
HZ 0.641 1.368 2.578 7.539 20.164 26.912 0.921 1.997 4.041 0.998 0.992 0.967
&S 0.426 0.476 0.998 39.140 42.929 87.835 0.591 0.690- 1.494 0.996 0.995 0.977
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KRIFAMRAR 2.976 3.997 4.623 33.543 48.315 85.212 3.978 5.618 6.059 0.961 0.942 0.921
HAN—PEREE 1.256 2.688 3.391 17.730 45233 46.953 1.949 3.914 4973 0.993 0.975 0.959
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Fig.7 Comparison of fits for different seasons
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Table 5 Comparison of prediction errors of different models

e FE AR evMae/MW emapre/% ermse/ MW R2
o s 1% 65 12 3 135 6 124 14 6% 12 % 1% 6% 12 25
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Fig.8 Comparison of violin diagrams with different error types and case attachments
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Fig.A1 Heatmap of pairwise correlations among features following MIC analysis

1.0
TOK o Ak X
1KLL 09
30K Ak R 0.8
30K A R
0.7
SO T b R
S0k bR 0-622
i
UL R R s
o4
RBLEE Bk R
_ 03
RAUESE 0179 0.162 0.192 0.187 0.190 0.185 0.182 0.187 0.292] o2
0,257 0.196 0.295 0.245 0.295 0.247 0.285 0.246 0.421 «F
o1
i . 0322. 04356. 0.359. 0.352 0.0990 0.189 0.298
Lo

&l A2 Spearman 437 J& BARFAE T PR AH DG 4 77 1]

Fig.A2 Heatmap of pairwise correlations among features following Spearman analysis

_ 0.1 <+ 0.2 - 0.4
2 0.1 L L = 02 L L . 2 0.4 )
013 o 04 © 03
Z0.0 = 00 £ 0.0
2.0_1 ! L L 0.4 ! L L E 0 ! ) A
0 2208 4416 6624 8832 0 2208 4416 6624 8832 ) 2208 1416 6624 8832
SKAE (15 min) SERE /(15 min) SERE (15 min)

(a) IMD4 R4 R
:02 o 0. 203
O'OWWW 0.0 O'OMWWWM
E -0. | 1 1 E -0.3 | ! | E -0.3 | H
o 02 <+ 0.4 o 1.0
& 0.0 E 0.0| E 0.5
E-02 | | L -0.4 | L | 0. 1 1 1
2208 4416 6624 3832 0 2208 4416 6624 8832 0 2208 4416 6624 8832
SEREAL(15 min) SEAE /(15 min) SKAE (15 min)

(b) VMD/MgLE%

K A3 RETR R4 R

Fig.A3 Wind power decomposition results
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Table A1 Results of paired sample t-tests comparing emag
errors between the proposed model and the baseline model

across different stride lengths

o P 18

b 1 6 124
CNN <0.000 1 <0.000 1 <0.000 1
BiLSTM <0.000 1 <0.000 1 <0.000 1
TCN <0.000 1 <0.000 1 <0.000 1
VMD-LSTM-ARMA <0.000 1 <0.000 1 <0.000 1
AMLSTM-FCN <0.000 1 <0.000 1 <0.000 1
MTPNet 0.6500 9 <0.000 1 <0.000 1
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Table Bl Comparison of prediction errors across different

threshold intervals

N ea/MW  ermse'MW  evae/MW ervse/ MW
15 X 1]
MIC Spearman
0~1 3.789 5.391 3.801 5.403
0.2~1 3.089 4.245 3.102 4.249
0.4~1 3.506 4.989 3.511 5.016
0.6~1 3.506 4.989 3.511 5.016
0.8~1 3.518 5.017 3.520 5.115
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Fig.B1 Threshold selection and average error analysis in wind

power forecasting
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Table C1  Error comparison across different hyperparameter

configurations

e ek 2 AT emae/  emape/  ermse/ R
T e B vw % Mw
K K/ % [il/min
Dual-MTSA

1000 64 0.001 17.527 2.777 34382 4.117 0972
1000 128 0.001 10.166 2.733 38.398 4.157 0.971

1
2
3 1000 256 0.001 4.171 3.110 38.977 4.465 0.967
4 1500 256 0.001 6.256 2.537 31.252 3.896 0.975
5

1500 512 0.001 4.571 3.059 41.480 4.332 0.969
6 1500 256 0.0001 7.012 4.493 58901 6.244 0.935
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