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Abstract

The integration of distributed photovoltaics, energy storage and diversified user-side flexible loads
makes power load time series highly nonlinear, time-varying and non-stationary in new power sys-
tems. Reliable short-term load forecasting is crucial for efficient grid scheduling, reserve arrangement
and market trading. Existing deep learning methods fail to jointly model long-term load patterns and
meteorology-caused load anomalies caused by short-term climate disturbances, with limited multi-
scale feature extraction balance. In response to the practical needs of engineering, this paper pro-
poses an STL-APRFNet short-term load forecasting model combining STL time series decomposition
and heterogeneous deep networks. The robust STL method decomposes raw load data into long-term
trend, intraday periodicity and meteorological residual components to mitigate time series non-sta-
tionarity. Targeted feature extraction branches are designed based on the different properties of
three types of components: a multi-layer perception captures long-term load baselines, PatchTST ac-
quires long-range temporal correlations. Moreover, 1D convolution is deployed for cross-modal mod-
eling to jointly incorporate meteorological variables and residual sequences, merging abrupt meteor-
ological changes and load transients into a unified feature space through local sliding operations. Ad-
justable scaling factors are utilized in multi-channel feature fusion to balance physical prior knowledge
from STL decomposition and network fitting outcomes, so that deep training will not overlook the
fundamental laws of load variation. Validated on the GEFCom2014 dataset, the proposed model
achieves RMSE of 12.72 MW and MAE of 8.88 MW, reducing errors by 25.2% and 27.8% compared
with LSTM. It obtains a MAPE of 5.754% and R? of 0.937. Validated from practical measurements, the
model constructed by the proposed method delivers superior error control performance and high
stability for long-term prediction. It provides clear support for day-ahead scheduling and represents
a promising engineering solution.
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Figure 1. Overall architecture of the STL-APRFNet model
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Table 1. Network training and architecture parameter settings
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Figure 2. STL feature decomposition plot of GEFCom2014 load series
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STL-APRFNet 8.88 12.72 5.754% 0.937 0.0565
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Figure 3. Bar chart for comparison of mean absolute error (MAE) metrics of each model
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Figure 4. Comparison of fitting curves of prediction results for each model
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Table 3. Comparison of computational complexity and training time consumption of different models
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