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Short-term load forecasting based on a cascade MCNN-MMLP double residual network

YU Kaifeng', TUSONGIIANG-Kari', ZHANG Ziwei’, MA Xiaojing', WANG Zhigang'
(1. School of Electrical Engineering, Xinjiang University, Urumqi 830049, China;
2. Sichuan Energy Internet Research Institute, Tsinghua University, Chengdu 610213, China)

Abstract: There is an issue of decreased accuracy in load forecasting due to the complexity of load characteristics, so a
short-term load forecasting model based on GWO-VMD and cascaded MCNN-MMLP residual networks is proposed.
First, the original load data is processed using variational mode decomposition (VMD) optimized by grey wolf
optimization (GWO) to reduce the complexity of the original load data. Secondly, a dual residual neural network
combining multiscale convolutional neural networks (MCNN) and a multi-layer perceptron (MLP) is employed for
transfer learning training and prediction of each mode. A multi-head attention mechanism is introduced into the MLP
network to address the information bottleneck issue. Lastly, the MCNN-MMLP double residual model is used to predict
and correct the errors in the preliminary prediction, thereby further improving the accuracy of the forecast. The proposed
model outperforms the traditional and intelligent load forecasting models. It achieves a mean square error of 5.024 MW2,
root mean square error of 2.241 MW, mean absolute percentage error of 0.160%, and coefficient of determination of 0.996 based
on actual load data.
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with different widths

WHENEE  MSE/(MW):  RMSEMW  MAPE/% R’

4 204.194 14.289 1.015 0.867
8 208.998 14.456 1.043 0.864
12 215.298 14.673 1.096 0.859
16 208.263 14.431 1.055 0.864
20 209.425 14.471 1.070 0.863
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Table 2 Prediction effect comparison of different models

FEEA MSE/(MW)>  RMSE/MW  MAPE/% R?
CNN 276.796 16.637 1.266 0.819
GRU 289.365 17.011 1.291 0.811
LSTM 454.425 21317 1.667 0.704
CNN-LSTM-
496.042 22272 1.698 0.676
Attention
AR 204.194 14.289 1.015 0.867
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Fig. 5 Comparison of prediction curves of different models
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Table 3 Prediction effect comparison in ablation experiments

iR MSE/(MW) RMSE/MW MAPE/% R?
D1 218.399 14.778 1.109 0.857
D2 211.677 14.549 1.082 0.862
D3 237.573 15.413 1.179 0.845
D4 214.494 14.646 1.096 0.860
D5 209.944 14.489 1.088 0.863
D6 206.914 14384 1.042 0.865
D7 204.194 14.289 1.015 0.867
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80.59% . 88.51%. 92.59%, RMSE 4 Jjl B&A% T
53.41%-. 56.77%- 66.12%- 72.78%, MAPE 435
%7 57.66%- 55.75%-. 65.38%-. 72.90%, R’
BIFT 4.55%. 5.55%-. 10.14%. 18.05%. Ait—
UL GWO-VMD A 341, A8 SORs B3 Tt 1)
RO FH 2 i i AT O ) AR AT X L, G
Kl 9 FTiR .

x4 FRHBEIRH TR

Table 4 Prediction effect comparison with decomposed data

R MSE/(MW)? RMSE/MW MAPE/% R’
Tl 83.242 9.123 0.763 0.945
T2 96.696 9.833 0.730 0.936
T3 157.391 12.545 0.933 0.897
T4 243.867 15.616 1.192 0.841
TS 18.070 4.250 0.323 0.988
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Fig. 10 Prediction curves comparison with decomposed data
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Table 5 Cascaded prediction effect comparison

of different models

PIRRTE

o MSE/(MW)> RMSE/MW  MAPE/% R’
TR R
I T 18.070 4.250 0.323 0.988
CNN 7.867 2.804 0.217 0.994
GRU 15.452 3.930 0.301 0.990
LSTM 17.714 4208 0312 0.988
CNN-LSTM-
i 9.899 3.146 0.237 0.993
Attention
ASCAETY 5.024 2.241 0.160 0.996

M5 HRRTAN, SR AR ORI ) 2 Bk T 7y =X
AT R et SHIE T, HARA A 31T 2%
BETAR B, MSE 43 AR T 72.19% 36.13%.

67.48% 71.63% . 49.24%; RMSE 4 Hl [E{% T
47.27%- 20.07%- 42.97%. 46.74%. 28.76%; MAPE
SRR T 50.46%. 26.26% 46.84%. 48.71%.
32.48%; 1M R* A —E e iR .
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Fig. 12 Cascaded prediction effect comparison

of different models

3. 4 NEIFETIFMH RIS LR 534

EIRSER Y PLR A — S0 H AT RS B #r
113 9 36 TEAS SCH H (RS AR AN ) 24 F) T 1
W R E ZAMRIAR 3 AN SR H AT T
Bro FEMILTNEEAL I, {8 FYA SO AN A S
BEAT SR Z T, TS R AR 6 Fron .

W 5. 3 6 LEa S Hear i F &5 SR T,
AR SRR T X AN [ 255 g A B G b A 7R ) S ok
B, WERETE . AR A ST IR 32 S A AT
B, IR AATRsh & A, 2R
RORA P 253 . BRSO BEAT YD 70, %
AT IR TG B B HR AL 98%. 111y 281 AR S AR AY
IR TN, 2275 B TS 86 B2 L 9%
M 6 TR, AR EEASRZR TSR AR () T
AT A AR S AR br BRI RS -
TR HE B T S s, R A AR AT 2%
SRFIEIN A8 R AT e R TR B o T AEAN [F) 2
TFrh, A ASORE R BEAT ZR IR TN 1 R R 0T



- 160 -

W) R Gy B

AW, CHAEFRFRIPBERE YR . AR
1 B SE AR A SR B I T, BFE ARy Tl A
PHEEHI R KR, SEEF BRI,
PRIk, BRI A R =FH P TR, H5
R TR R D04 SR
& 6 FNRIZFETIREKFUMBIRITEE
Table 6 Comparison of cascaded prediction effect

in different seasons

PR E
Z= MSE/(MW)*RMSE/MW MAPE/% R®
TR
15 T 500306  22.367 1473 0.549
CNN 217440 14745 0938  0.804
GRU 409.762  20.242 1439 0.631
= LSTM 420.111  20.496 1301 0.621
CNN-LSTM-Attention 242.205 15562 0942 0.782
AR 127.647 11.298  0.726 0.885
EIp il 12.944 3.597 0264 0984
CNN 11.189 3.345 0.250  0.986
) GRU 15.624 3.952 0.285  0.981
= LSTM 16.728 4.090 0305 0.980
CNN-LSTM-Attention ~ 12.286 3.505 0262  0.985
AR 10.910 3.303 0.252  0.987
I TR 18.268 4.274 0316  0.986
CNN 13.793 3.713 0272 0.989
s GRU 17.958 4237 0303 0.986
LSTM 24.891 4.989 0372 0.981
CNN-LSTM-Attention  15.168 3.894 0.280  0.988
AR 13.717 3.703 0.278  0.990
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Fig. 13 Cascaded prediction effect comparison

of different models
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Table 7 Cascaded prediction index comparison

of different models

RIKIRZE 5 5
. MSE/(MW)*> RMSE/MW  MAPE/% R
TR
WL 6125.726 78.267 0.875 0.986
CNN 5006.572 70.757 0.835 0.988
GRU 7033.597 83.866 0.905 0.984
LSTM 5856.66 76.528 0.872 0.987
CNN-LSTM-
i 6144.648 78.387 0.870 0.986
Attention
AR SCRERY 4882.813 69.877 0.764 0.989
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