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Abstract: At present, new elements such as distributed new energy and electric vehicles have emerged in
the distribution network, which changes the composition of loads, enriches the connotation of loads, and
poses severe challenges to load forecasting. In fact, loads are aggregated in a bottom-up manner in multiple
voltage levels of the distribution network, but such hierarchical characteristics are rarely considered in
current load forecasting researches. Therefore, a multi-level load collaborative forecasting method based
on the distributed optimization algorithm is proposed aimed at ensuring the bottom-up aggregation
consistency of loads and jointly improving the performance of load forecasting at all levels. First, the
distributed optimization concept based on the alternating direction method of multipliers is adopted to
construct a multi-level load collaborative forecasting framework which adapts to the hierarchical
characteristics of distribution network and has less data interaction. Then, a specific forecasting method

based on the long short term-memory neural network and federated learning is proposed. By aggregating
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the bottom load forecasting results step by step, the bottom-up integrated load forecasting of distribution

network can be realized. The results of calculation examples show that the proposed method has a high

accuracy and a great application prospect.

Key words: multi-level load forecasting; alternating direction method of multipliers; long short-term

memory neural network; federated learning
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Fig. 1 Three-level load hierarchical structure
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x1 AEFAEHHAETHN MAPE b

Tab.1 Comparison of load forecasting MAPE by different
methods
Sk MAPE/ % B
L1 L2 L3 SEg Bk
VAR 2.54  2.39 2,17 2.36 X
12t Ji ik 2.54  2.58 3.14  2.75

Vv
A HFEE(LSTM)  1.61  1.36 1.03  1.33 Vv
AT ¥ CANN) 2.07  1.76  1.71 1.84 Vv

v

AR R ERIA)  3.27 2,92 2.78 2.99

2 AEAFEHATTN RMSE bk

Tab. 2 Comparison of load forecasting RMSE by different
methods
RMSE/MW B
Wik »
L1 L2 L3 EyE B
ST TR 70.06 127.54 234.77 144.12 X

[ WIRES 70.06 154.41 337.45 187.30

Vv
ARSI (LSTM) 41.35 61.91 112.02 71.76 Vv
A7 % (ANN) 56.31 97.11 184.57 112.66 v

Vv

A7 (kIR H) 103,14 196.01 361,39 220.18

R3 AEFAEWHEBTRTRN MA L&

Tab. 3  Comparison of load forecasting MA by different
methods
MA/ % B
Jr "
L1 L2 L3 g B
ST T 97.46  97.60 97.83  97.55 X

(CEWIRES 97.46  97.42  96.86  97.36 Vv
AT HELSTM)  98.40  98.63  98.97 98.54 Vv
AL ECANN)  97.93  98.24  98.29  98.06 Vv

Vv

AT CEERIT) 96,73 97.08  97.22  96.89

BARRL B 5%t b 2Rk I LSTM fy A 57 F500)
Tiik AR GEITR VL KR SCTT ik ARG ITIE ML A
SCT7 VRN A 2 A B A 2 25 (MAPE . RMSE) 4§

TN F A5 B (MA) #B T . Bl 5 2 900 38
MAPE % 2 i# 0, L3 i) MAPE £ % 1.03% ., & %
FAE G )7 3k 45 1 IR — 2 9% MAPE 119 1/3. Xf ey
T ARIR 25, AR SO 3R 45 19 RMSE 76 48 5% 508 I &8
FNFAL G )7 i 1 RMSE F 348 2 )5 # -1
B 0. 38, ] DL AR 3C 5 32 T A% 2R 8 3 58 . X Lb
WA 7 15 10 A J2 G 25 K 00 BRGSO R
MA &3k 98. 54 %, [FIRE A F 1% 58 07 vk W A SO ik
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Fig.5 Variation curves of MAPE
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