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Abstract

Photovoltaic power prediction is a core technology for ensuring efficient operation and maintenance
of photovoltaic power stations and optimized dispatch of power grids, and its accuracy directly affects
the level of renewable energy accommodation and grid-connected security. To address the limitations
of traditional CNN-BiGRU models in PV power prediction, such as insufficient single-scale attention
representation capability, restricted feature fusion dimensions, and unreasonable network struc-
tural layout, this paper proposes a CNN-BiGRU photovoltaic power prediction model based on multi-
scale attention weighting. The proposed model follows a main structure of “local feature extraction,
multi-scale feature fusion, temporal dependency modeling, and accurate prediction output”. Firstly,
a Convolutional Neural Network (CNN) is utilized to extract local spatial features from the input
time-series data. Secondly, a parallel multi-scale attention module is designed, employing convolu-
tion kernels of sizes 3, 5, and 7 to capture short-term fluctuations, medium-term trends, and long-
term periodic characteristics, respectively. Adaptive weighting is performed in a 192-dimensional
high-dimensional feature space, significantly enhancing the model'’s fitting capability for power var-
iations under complex meteorological conditions. Subsequently, the optimized features are fed
into a Bidirectional Gated Recurrent Unit (BiGRU) network to model bidirectional temporal de-
pendencies. Finally, the single-step prediction results are output through a fully connected layer.
Experimental results demonstrate that the proposed model effectively reduces prediction errors
while maintaining a lightweight architecture. Compared with traditional CNN-BiGRU and existing
improved models, the proposed method achieves superior performance across multiple evalua-
tion metrics, verifying the effectiveness of the multi-scale attention mechanism and structural
optimization strategies.
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Figure 1. Multi-scale attention weighted CNN-BiGRU model
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Table 1. Comparison results with benchmark combined models
1. 5EMESEB LSRR

MAE RMSE R2
CNN-BiGRU 3.823 9.160 0.8553
CNN-BiGRU + ZREXEAN 2.805 6.525 0.9266
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Table 2. Comparison results with conventional single-scale attention
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MAE RMSE R2
CNN-BiGRU + #4ix&H 3.146 7.332 0.9073
CNN-BiGRU + ZREEFEN 2.805 6.525 0.9266
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Table 3. Comparison results with other comparative methods
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MAE RMSE R?
LSTM 3.253 7.376 0.9062
GRU 3.518 8.720 0.8689
CNN-BiGRU 3.823 9.160 0.8553
CNN-BiGRU + #£&:& N 3.146 7.332 0.9073
CNN-BiGRU + ZRE®XEE) 2.805 6.525 0.9266
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Figure 2. Photovoltaic power forecasting results
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