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Abstract In the short-term load current prediction, the traditional model can’t solve the problems of nonlinearity and
time dependence of load current data simultaneously. To solve this problem.this paper proposed a short-term high vol-
tage load current regression prediction(SHCP) method based on a long short-term memory(LLSTM) recurrent neural
network,namely SHCP-LSTM. The proposed method introduces the weight of self-circulation, which can make cells
connected with each other circularly and dynamically change the cumulative time scale in the prediction, thus having a
long short memory function. Meanwhile, the method uses the forgetting gate to control the input and output,so that the
gate control unit has the sigmoid nonlinearity. Experiments show that the method is feasible and effective. Compared

with linear logistic regression algorithm(LLR) and machine learning algorithm artificial neural network(ANN) and back

(HAMAEFLREAFRE R E WA T VAL M 450001)°

propagation neural network(BPNN) prediction, SHCP-LLSTM has fast convergence speed and high accuracy.
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22 ) 2 1 S50 J7 3 % o M AR A RO BEAT T B,
ANN P28 W 26 5% H = )2 PR S5 4, S g i 8 4 5 DA
9 AR 100 A BRI A 1A LS R BEAILRD T seed =1, 1)
iR steps =500, % 2 F y=0. 001, LA LK/ batch_size=
o ANN H 2 W 2% 3 3 500 Wk % A5 B 10 Wl 45 738
RMSE # 7. 922.F-% MAPE 4 11. 258 83,10 W % iiF (1) -5
RMSE 3 4.732,F-¥] MAPE J3 6. 6036, 453K 7 iR,
BPNN it 22 [ 45 5% 04 J22 BOBR 45 4, S5 36 % & 40 F « 5 N4 A
A5 B — BROC)Z R AR RS2 AR SR 100 AN R )Z 1 s 1 A
T L BEBLAD R seed =1, U145 5K ‘s‘tep‘VZSOO,‘%;J R
7=0. 001, HLAL B K /N barch_size=1, BPNN M £ [ 2% [7] £
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2019 4F

fEH 500 kRS 10 RIIZE) ¥4 RMSE 4 5,017,
MAPE $ 7.0248; 5 4iF 9 F-4 RMSE % 3. 851, %% MAPE
7 5.1538, SLERLERWME 7 Frs.
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LR ANN BPNN  SHCP-LSTM
B JI4RMSE J14MAPE
B BiIRMSE B %iEMAPE
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MAPE X} [t
Fig. 7 Comparison of RMSE and MAPE of LR, ANN,BPNN and

SHCP-LSTM algorithms

(3) R 7 T2l 5 MY s ) 370 %) AR 6 Pk RTAE 4 M L AR SR
JH [R) B S L BsF () A € 4 Al 28 % 59 SHCP-LSTM #fi 28 W %%
J7 AT TS I R O T R G T L 7 B ) A R, S G
BB AT 6 A4 AT AL 50 BT AL 1 AN AR, Bl
HLFP 3L seed =1, M ZRHEL steps=500,%% 2 2 9=0. 001, it
KN batch_size=1, it 500 K % i &5 5] 10 W
24 RMSE 4 3. 997,33 MAPE J9 5. 0788510 R I iiE
B F Y F 1 RMSE 2 3. 185, %% MAPE Jy 4. 1346, St
ERWME 7 R,

Sz 45 Al LU Y, SHCP-LSTM # 2 [ 45 16 3l 2 i)
B ANN 125 R 4% . BPNIN A1 25 I 465 i 6045 T B, 700000 ) S
W07, EAR i 25 RMSE FF 346 % 5 43 1% 25 MAPE 3 izt
/NF LRLANN #1256 48 . BPNN $ 25 %) 2%, iF B 32 150 I 7
TEM AR TGN mIH LR AAEL M ANN #f
25 94 . BPNN i 22 5 46 (1) T 00 7 3 .

GERIE A SCEN HOAT A R A e R T Oy vk
M L[] B fife o v s 97 AT P, 5 30 1 S A R I ) R O 2 )
B BRI T — P TR A 2] LSTM 22 M 4% 14 45 301 &5 s 11
T L T 5 ¥ SHCP-LSTM ., %55 1 78 10 1 72 o [8] i 3
ELIFRLAE OGP A AR M R AR . BE T E R A L L A F A
S TR PR CHE HEAT S5, 9T SR B 10 Wk T AT 56 UE 7 1k 14T OT
fili 45 R F W T SHCP-LSTM HA5 T8 = A9 4 44 0 08 47 19 18
I,

T A5 B TAR o — O AT LAY R RO SR A MR, 5 —
T8 T DA 51 AT 19 96 35 4 25 I 45 455 %L 40 CW-RNNs Ml In-
dRNN #:17 H .
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