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Abstract; Deep learning method can help to learn the deep features of power load data and improve the
accuracy of prediction, but it also brings problems, such as large amounts of super parameters and poor
interpretability of the model. To solve these problems, this paper introduces the deep forest model for
short-term load forecasting. Based on the multi-Grained Cascade forest model, the multi-granularity
window scanning method is improved with adjusted window size and sliding step size, so that the model can
extract the periodicity characteristics of power load data in different time scales. In addition, the calculation
method of deep forest output layer is improved with changing the output result from discrete class vector to
continuous predicted value, improving the accuracy of the model. Finally, the feasibility and effectiveness

of the proposed method are verified with the measured data of northeast China power grid. The
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experimental results show that the improved deep forest algorithm can achieve higher accuracy with higher
prediction accuracy., and has faster learning speed than the deep neural network.
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Fig. 1 Structure of the cascade forest
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Table 1 The sliding step length and sliding times of multi-granularity window
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Fig. 2 Illustration of multi-granularity sliding window scan



3
A
4
e
<_\,\
®
oy
H
R
S
*
e
i
Qg‘
&
&
=
3%
=
*E
ke
(2]

%5 %

E6ATY LTI SEIRTTIISN, i) L
{8026 - S 17776 ( === 2 ‘
L6 436.3]& e, K L i 7777.6.. ) £ 6771.4) = W
oot 65573 . 62577 % S7LY 67041
- ol Vg m=r e 6900.5 =
[0.6, 0.2, 0.2] [0.25, 0.75, 0] [0.67, 0.33, 0]
6 965.6 71925 7051.1
[0.51, 0.43, 0.07] 7069.7
xf ) B *F T

B3 X@BERAZRAERHANETESE

Fig. 3 Illustration of class vector generation and predicted value calculation
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Table 2 Hyper-parameters setting of improved deep forest
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Table 3 Load forecast results of northeast power grid
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Fig. 4 The accuracy of load forecasting
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Table 4 The number of layers in the deep models
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