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Abstract: To address the inherent intermittency and uncertainty of PV power generation, under the global
transition towards clean energy, this paper proposes a novel PV forecasting framework named TransKANs-
Fusion. This framework integrates a newly designed encoder based on Kolmogorov-Arnold networks (KAN), a
local-global sparse attention mechanism, and a multi-kernel one-dimensional convolution module, enabling
effective capture of the spatiotemporal dynamic patterns in time-series data. The method combines the strengths
of physics-informed regularization and data-driven approaches, enhancing its capability to characterize PV
power generation under complex meteorological conditions. The proposed TransKANs-Fusion framework
achieves highly accurate and stable forecasting performance while maintaining comparable computational
efficiency.
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SRR T TR BUIL

MEE=DNTHIAE, TransKANs-Fusion MY £E
BTN R bR AR T H AR, 1 HAE sk T
DR ZE B = TN B2 7 T S8 1 B R 4T

R ARTEF AL
Tab.1 Comparison of different PV prediction methods

PEU RS T
TR 1%
RMSE MAE MAPE R?
GRU 41.063 19.003 0.096 3 0.713
CNN 41.260 19.286 0.091 3 0.759
LSTM 37.524 16.740 0.072 4 0.779
KAN-2 37.559 16.862 0.079 5 0.782
CNN-KAN 37.113 15.117 0.070 1 0.834
BiLSTM 36.987 15.209 0.076 3 0.815
BiGRU 35.049 15.228 0.074 9 0.809
Transformer 33.217 12.098 0.0539 0.871
KAN-Transformer 32.901 12.004 0.0519 0.890
CNN-Transformer 36.958 12.825 0.063 4 0.853
LSTM-Transformer 32.159 10.473 0.057 8 0.896
GRU-Transformer 29.083 8.693 0.049 9 0.900
TransKANs-Fusion 25.344 6.155 0.041 8 0.928
PG AL A, SR T IR T AR R AL

5 45ig

B FAR L Ty 2 T o 1) 5T 244 B A5 SRR Al
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P AT L TGRS AT R R M N B S A S
N THIIAN R, AR ESEIL T HBh WK E
SEHE rp S ) IR EURFE, X 2 U S A R (<
FEHE . WARET A REES, 5 T g
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WAz E I K BT BT R . SHRL R R
7, £ 2 KBV 745 |, TransKANs-Fusion AH
BT HAO PO SR T o, AR e T
TR 72 . B e TOOIRS B2 07 T E A Dbk R

KK BT TAE AT — DR R DL LA
Mf: 1D K4 RACRDLI RN 5, XS E
FRARB o ERE, L PR AN F R A%
PETF RTINS BE o 20 R 5 s s B a2 5
FRIEFEIUR A, PRI R R, BEAR T S RRA (1 [
R R BT TR . 3) BEA B AL HL N &
&, K2 4EREIME R (i P AT e, BT
WA %) INF &, M AT RSk
R FB T ZE TR, Sy ST v e IR 1Y) s R
PR A T AR SR 3l I A W A e A s
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