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Multi-time scale PV power forecasting based on KAN and error time series
autocorrelation features
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Abstract: To address the limited nonlinear feature extraction capability of day-ahead forecasting models and the difficulty
of model learning due to complex power output fluctuations in intraday forecasting, a multi-time scale photovoltaic (PV)
power forecasting method based on Kolmogorov-Arnold networks (KAN) and the autocorrelation features of error time
series is proposed. First, in the day-ahead forecasting stage, a forecasting model using KAN as the basic building block is
designed. A deep KAN architecture enhanced with residual connections is used to extract spatial features, while a
multi-head attention mechanism is employed to extract temporal features, significantly improving the model’s ability to
capture diverse climatic characteristics. Then, in the intraday forecasting stage, based on the day-ahead forecasting results,
indirect prediction is performed by incorporating the autocorrelation features of the error time series. This approach
significantly reduces the fluctuation range of the predicted sequence and lowers the learning difficulty of the model.
Finally, experiments conducted using data provided by a PV power forecasting competition demonstrate that the proposed
day-ahead model reduces the mean square error (MSE) by at least 3.8% compared with long-short-term memory (LSTM)
and Transformer models. Compared with direct forecasting, the MSE of the forecasting results is reduced by 38.3%.
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Fig. 2 Schematic diagram of the structure of the day-ahead prediction model
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Table 3 Comparison experimental results of the nonlinear feature extraction ability of various models

eMSl: eMAE eRMSE RZ

75 EZE [EEEEAS
18 ALY, =S A% 18 ALY fE B Y%
LSTM 0.0142 — 0.0666 — 0.1153 — 0.8467 —
5 BiLSTM 0.0140 — 0.0657 — 0.1146 — 0.8489 —
R KAN 0.0154 — 0.0690 — 0.1204 — 0.8337 —
Transformer 0.0147 — 0.0682 — 0.1170 — 0.8416 —
LSTM 0.0117 -17.27 0.0564 -15.30 0.0989 -14.21 0.8732 3.13
BiLSTM 0.0116 -17.21 0.0560 -14.76 0.0990 -13.61 0.8749 3.06
KAN 0.0121 -21.67 0.0565 -18.03 0.1000 -16.91 0.8697 432
TR Transformer 0.0114 -21.88 0.0549 -19.52 0.0980 -16.25 0.8763 4.12
CNN-LSTM 0.0128 — 0.0619 — 0.1074 — 0.8618 —
CNN-BiLSTM 0.0128 — 0.0618 — 0.1078 — 0.8613 —
AR 0.0116 — 0.0548 — 0.0978 — 0.8751 —
LSTM 0.0118 0.93 0.0566 0.39 0.0997 0.80 0.8720 -0.13
BiLSTM 0.0119 3.18 0.0573 2.37 0.1011 2.15 0.8709 -0.45
KAN 0.0123 2.44 0.0578 2.18 0.1026 2.55 0.8665 -0.37
HE= Transformer 0.0118 345 0.0557 1.37 0.0993 127 0.8720 -0.49
CNN-LSTM 0.0130 2.01 0.0626 1.18 0.1088 1.33 0.8590 -0.32
CNN-BiLSTM 0.0130 0.94 0.0622 0.64 0.1082 0.36 0.8600 -0.15
AR 0.0111 -4.21 0.0532 -2.85 0.0948 -3.06 0.8803 0.60
LSTM 0.0106 -10.57 0.0529 -6.68 0.0941 -5.56 0.8855 1.55
BiLSTM 0.0109 -8.72 0.0527 -8.10 0.0949 -6.16 0.8822 1.29
KAN 0.0109 -11.84 0.0547 -5.28 0.0973 -5.15 0.8823 1.82
Ji &N Transformer 0.0108 -8.85 0.0531 -4.62 0.0955 -3.76 0.8833 1.30
CNN-LSTM 0.0126 -3.66 0.0612 -2.27 0.1067 -1.91 0.8641 0.60
CNN-BiLSTM 0.0126 -2.90 0.0613 -1.43 0.1069 -1.18 0.8640 0.47
A 0.0102 -8.03 0.0507 -4.87 0.0904 -4.58 0.8899 1.09
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Fig. 7 Visual display of prediction results of various models
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Table 4 Clustering results of training samples
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Table 5 Evaluation results of real-time prediction of various

methods within a day
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Table 6 Optimal ratio calculation results of various models
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Fig. 9 Comparison of intraday and day-ahead forecast results under various weather conditions
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