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Temporal-spatial Graph Network Model with BiMamba2 and Non-local
Attention for Photovoltaic Cluster Power Prediction

SHI Jia-rong'® , WANG Jiao-jiao’, LI Xue-juan’
(1. State Key Laboratory of Green Building, Xi’an University of Architecture and Technology, Xi’an 710055, China;
2. School of Science, Xi’an University of Architecture and Technology, Xi’an 710055, China)

[ Abstract] With the increasing penetration of PV ( photovoltaic) power generation, accurate prediction of PV output is essential for
grid stability and power accommodation. However, traditional time series forecasting methods exhibit limited capability in characterizing
the complex dynamics of PV power, while existing graph neural network based spatiotemporal forecasting models still face certain
challenges in capturing long-term temporal dependencies and global spatial correlations, particularly in multi-step forecasting where
error accumulation easily occurs. To address these limitations, an improved spatiotemporal graph neural network model, termed
MTGNN-BiMamba2-NL, was proposed. Within MTGNN ( multivariate time series forecasting framework based on graph neural
networks) , the temporal convolution module was replaced by a bidirectional state space model ( BiMamba2) to enhance long-term
temporal feature extraction. Meanwhile, a NL ( Non-local) attention was incorporated after the graph convolution layers to strengthen
the modeling of global spatial correlations among sites. Experiments were conducted on two real-world PV datasets. The results
demonstrate that the proposed model effectively alleviates error accumulation in multi-step forecasting and achieves superior prediction
accuracy and stability compared with existing baseline methods.

[ Keywords] photovoltaic power forecasting; multivariate time series; graph neural network; non-local attention; BiMamba2
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Fig. 1  Graph convolution module structure
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Fig. 6  Site distribution of the two datasets
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Tablel Parameter settings of the compared models

R E 2 dEN

GRU I 72 4k )3 Ry 50

TCN BB 2, BB BB RN 32 .3

GCN EECR 2, BUZ 4Bl 64

GAT R 2 RSB 8 R 4R R 64
GraphSAGE JRECH 2, B — R A SR B0 R 25 (10, B

GRATHRE
STCON PR 2 i SR L E BB KNG R 3, %

BIZHCH 2

F2 TRRIBMEEETMLERILER

Table 2 Comparison of prediction results for the Arizona dataset

- 1 4% 8
MAE RMSE R? MAE RMSE R? MAE RMSE R?

GRU 0.736 6 1.819 8 0.974 6 2.009 2 3.590 7 0.900 9 3.378 6 5.3858 0.777 2
TCN 0.8232 1.879 5 0.972 9 1.958 5 3.558 9 0.902 7 3.312 8 5.298 0 0.784 4
GCN 2.230 1 3.866 0 0.885 3 2.798 3 4.365 8 0.853 7 3.300 4 4.900 2 0.815 8
GAT 1.959 7 3.947 4 0. 880 4 2.647 9 4.3412 0.855 3 3.543 2 5.237 8 0.789 4
GraphSAGE 1.074 6 1.982 1 0.969 8 1.943 8 3.195 4 0.921 6 2.738 4 4.217 4 0.863 5
STGCN 1.527 2 2.513 5 0.964 5 2.409 3 3.746 1 0.907 9 2.913 2 4.893 5 0.808 9
MTGNN 0.773 6 1.719 3 0.977 3 1.534 2 3.037 9 0.929 1 2.324 1 4.190 8 0.865 1
MTGNN-BiMamba2 0.792 3 1.742 9 0.977'5 1.392 1 2.822 8 0.934 6 1.991 7 3.893 2 0.883 6
AT 0.720 2 1.709 9 0.978 7 1.378 6 2.918 9 0.938 8 1.945 7 3.769 6 0.890 9
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x3 PHRHENBEERNERLEER
Table 3 Comparison of prediction results for the Delaware dataset
- 1 44 8
MAE RMSE R? MAE RMSE R? MAE RMSE R?

GRU 0.771 1 1.707 9 0.956 0 1.911 4 3.1255 0.852 8 3.126 8 4.479 5 0.697 6
TCN 0.836 4 1.755 6 0.953 6 1.914 1 3.1337 0.852 0 3.169 4 4.519 8 0.692 2
GCN 1.932 6 3.046 5 0. 860 4 2.364 9 3.470 4 0.818 6 2.849 2 4.026 1 0.7559
GAT 1.690 1 2.712 0 0.889 4 2.120 1 3.117 3 0.853 7 2.679 9 3.816 4 0.781 0
GraphSAGE 0.928 6 1.737 9 0.954 6 1.758 8 2.716 3 0.889 0 2.697 9 3.749 4 0.788 6
STGCN 0.889 9 1. 666 0 0.9535 1.729 1 2.806 9 0.868 1 2.874 0 4.084 0 0.720 6
MTGNN 0.791 0 1.639 3 0.959 5 1.557 4 2.683 9 0.8915 2.2155 3.504 1 0.8150
MTGNN-BiMamba2 0.770 7 1.621 1 0.960 4 1.518 8 2.6357 0.8953 2.166 4 3.4533 0.820 3
ARSCTr 0.748 1 1.604 9 0.961 2 1.388 7 2.540 6 0.902 7 2.105 6 3.345 4 0.831 4
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