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ption is an important part of the energy market. Predicting household power

Abstract: Household p,
demand can effectively i rgy supply efficiency, but most of the current prediction methods are not effective.
To address the proble aper proposes an LSTM (Long Short-term Memory)-based power consumption prediction
algorithm for smart home, Where an end-to-end smart home power prediction model is established based on LSTM. A feature
selection method that utilizes Boruta feature screening is also designed. The importance of multiple features is calculated, the
most important part of those features is selected for modeling, and then LSTM network and the full connection layer are used
to train the time series data to obtain the prediction model. The experimental results show that the prediction effect of the
proposed method is significantly better than the other three models, and it can fit the real data well.
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1 5|5 (Introduction)
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2 XTI {E(Related work)

HEAT 2 BE FH R 0000 B A 000 ¥ T B4 BB AL AR A
(Random Forest, RF)®  A&FEM (ExtraTrees, ET)®, 24
H B3 E iR (Auto Regressive Integrated Moving
Average Model, ARIMA)!'%,
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3 FEALIE(Data processing)
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Fig.1 Power consumption pattern diagram of a certain
household
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Fig.2 Feature importance ranking
4 FME % (Prediction algorithm)
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Fig.3 Flow chart of home—oriented smart power ot ! .
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1: Boruta_selector(X): o B5 A AT AR 0 M 25 R 5 % PR AL B H L
2. Repeat Fig.5 Fitting of the proposed model prediction results
3: shadow_features=shuf with the actual data
4: new_features=sha tufes+real_features 5.3 FLbLiRIE 4T
5.  7Z_Score_real=score(real®features) R X AR SR Y B TS B AT VA, 9 SRR
6: Z_Score_shadow=score(shadow_features) T4 HE ARV YR . RS ARIMABEXT[E
7.  Zmax=max( Z_Score_shadow) —HEEARBARHITELE, JFPAR2_SCORERFH: BUETER N
8: if Z_Score_real > Zmax then [0, 1], B ] FRR BN BOER L) FIRMSE( 7 iR 22) B (E
P (B NIRRT )V BRI A fadr . DU AR PG 45
9. series_to_supervised() RUNRIIR,
10; StandardScaler() F1 BEIFEER
11. for k=1 to 70 do Tab.1 Evaluation results of each model
12: Y53 LSTMAEEZY )itk Test_R2_Score  Train_R2_Score RMSE
13: Return Fiiz BEHLAR b 0.829 0.557 0.665
5 SCIS N 4 #r(Experiment and analysis) B 0.629 0-890 0609
5.1 HEE| ARIMA 0.629 0.240 1.864
I 0.976 0.978 0.026
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