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Short-term power load prediction based on WNR-CLSSA-LSTM
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[ Abstract] Accurate short—term power load prediction (STPLF) plays an important role in the daily operation of smart grids. In
order to more effectively predict short—term load, this paper proposes a hybrid deep learning method based on the wavelet noise
reduction, improvement of the Salp Swarm Algorithm (SSA) and long—term memory network (LSTM). First of all, the original
data removes some noise through the method of wavelet noise reduction; secondly, the initial position of the population is used to
initialize the chaos Cubic strategy, at the same time add the Levy flight strategy to position update of the leader and the follower,
and the follower “s update formula is introduced to the optimal adaptability position dimension of each dimension, so that the
algorithm is accelerated to convergence; then the improved SSA algorithm optimizes the parameters of the LSTM model. The
optimized LSTM is applied to short—term power load predictions to obtain the real STPLF results. Through the experimental
comparison, the improved CLSSA-LSTM is compared with the GA-LSTM, PSO-LSTM, SSA-LSTM and a single LSTM. The
experimental results show that the improved CLSSA-LSTM predictive effect is superior to other optimized LSTMs. Meanwhile,
compared with different predicted models PSO-SVR and GA-BP, CLSSA-LSTM model has a good performance. Therefore, the
hybrid depth learning method proposed in this article is an effective STPLF tool.

[ Key words] wavelet noise reduction; chaos mapping; Levy flight strategy; salp swarm algorithm; LSTM; power load
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Tab. 1 Benchmark functions
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Fig. 2 LSTM cell segment element structure
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Tab. 2 Data set description

5%, B Bf
Datetime EL & D HF X UTC-05:00 X i (19 B A ==
week_X - 2 BT TR TES 2 A MWh
week_X - 3 U JS T R AT SR 3 6 MWh
week_X - 4 Bufarits J7 T IURATHS 4 8 MWh
MA_X - 4 GRS BTy, AES | 255 4 8 Z Ay T MWh
DayOfWeek R 1 X, NEBISTFR [1,7]
weekend I NSTVE =1 7 1 = weekend, 0 = weekday
holiday & It 7 I = holiday, 0 = regular
Holiday_ID AR S0 (R H IS ) integer
HourOfDay — K B [0, 23]
T2M_toc EE AT ]l 2 m C
DEMAND SR 7 B fif (bRl R AR ) MWh

BEI 2019 4FHT 11 A H BRI ZREE, B (ERIIE 2 B (E R AT B RE B F R B X L, X FE
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FEHT T L0 AR, AR RIE M & i) & 2 R R A [ {8 PR B SNR Fil RMSE
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T AR NR R, NIRRT RO BRI TR AL B
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Tab. 3 Different threshold functions and wavelet bases results comparison

sym10 coif5 db8
SNR RMSE SNR RMSE SNR RMSE
Joa o — i A 63.786 4  0.813 82 64.0937 0.785 53 63.960 9 0.797 63
Ja B—H A 53.524 1  2.652 40 53.4914  2.662 40 51.5475 3.330 20
— T 36.476 7 18.880 50 35.250 6 21.742 90 35.518 5 21.082 60
I S — ¢ P 1 32.069 7 31.359 20 31.8158 32.289 30 31.726 9 32.621 30
2.3 H—{LAbIE 2) ¥ H iR 2 ( Root Mean Square Error,
T—fRAb 3 KA SRR 0 B 1 28],  RMSE) ., BUEBME, FoRBEALME . af il
HAAR . NEIHER R
_ X = Xin (17) 1 " A 2
xnormuliz(llinn - xmax _ xmin RMSE = ;( Z (yL - yz> ) ( 19)
2.4 FHIEHR 3) RE. RA AR 3L A R . T B
N NV 2 R oyl tsT
ARICHEH3 M SEAR, 20l BRI, IR AR
(1) PRI, (T 0, 1350 T (o3
HHER Efmizn?/z}ﬁﬁ%;ﬁ%u- RP=1- =t 7 (20)
2 n (y,' - &i)z
i=1 v

MAPE = — E\yl v, (18)



82 oBe

ERRES

3 LIS

W T2 Y CLSSA_LSTM #5578 5 A [] 35 41
{6 LSTM. SSA _ LSTM, GA _ LSTM''' | PSO _
LSTM 7D % B — ) LSTM 0%t [, 25 B RMSE,
MAPE Vi R* PR AL G T 14 B

Horf LSTM S0 BT, o= a4 2 4>
LSTM JZ 2 /> Dense J= , i Ja W a2, #2080
N 1, droupout tL3R K 0.1, batchsize iy 256, Hif ]
AR 48, 105k 2 RAVEUE, B— LSTM AL~
2J#00.01, FIAEEFRERRE, LSTM )25
Dense 2 H #2080 LA M2 2] RIUANS50

S FIIEE LR 4,

F4 BEIMKLE
Tab. 4 Parameters optimization range

BEARKEL (epoch) (10,150)

LSTM ZEth ook (L1,12) (10,300)

Dense JZ 204U (12) (10,300)
CSED (0.001,0.1)

LI R ERLBLAR S 20, 3 ARRECR 50 1K,
PSO MIBHPERF w0 4 0.5, T HF ¢, =2, ¢, =2,
GA ZZ XA 0.8, B AN 0.1, RALIEHY
PRI R BRI R AR L 5,

K5 AREEHMA LSTM HER
Tab. 5 The results of LSTM optimized by different algorithms

HEETRY R? MAPE RMSE
LSTM 0.866 3 55.224 3 67.427 7
PSO-LSTM 0.941 9 36.293 1 44.425 7
GA-LSTM 0.933 4 38.718 9 47.580 7
SSA-LSTM 0.928 8 40.567 6 49.222'5
CLSSA-LSTM 0.967 9 24.402 0 33.066 7

AT EEW RS R AR 2 2l T A
LRI PEAN F8 AR 09T BB 7 K K B B R R A
mE 4~K 6 frs,

AR T

.941 9
PSO-LSTM

0.967
CLSSA-LSTN

SS/ TM

: 0.933 4
4 FREEEMNL LSTM B R* 3tL
Fig. 4 R’ comparison of LSTM optimized by different algorithms
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Fig. 5 MAPG comparison of LSTM optimized by different algorithms
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Fig. 6 RMSE comparison of LSTM optimized by different

algorithms
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U 7 5 550~ 650 S8R SEAT 40T, S AT
EENE 8 i,
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B, RIS R I N HREIE 2 1EH B 7K,
X N LB A TR L LR A A d T AR
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SRS, AR RO 10, BHRZEO8 1, PRI 550~650 SR HEAT A LA, RO R LK 6,
PR BT AR 2 B A XGRS, MALEME  ARPIIERLESS0 ~ 650 Z& & i Xt L Un i 9 fis,
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Fig. 7 Prediction comparison chart of different models
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Fig. 8 Prediction results comparison chart from 550 to 650 data optimized by different algorithms

£6 ARRBRRHSR L IO AT LA, PSO-SVR 40 2 A R Bt

Tab. 6 Comparison of results of different prediction models % Rz {ﬁj’\j 0.881 2. RMSE j’\] 63.557 8. H: wﬂ\ 7511: GA-
e R MAPE RMSE BP, R* {4 0.926 8, RMSE 4 50.343 7, CLSSA-
PSO-SVR 0.881 2 54.432 3 63.557 8 LSTM {75 U5 B b PSO-SVR 4255 T 9.830 8%,
GA-BP 0.926 8 40.967 6 50.343 7 H: GA-BP TE%T 4.429 39 , ﬁ%x%ﬂgﬂi{m”gi% ,

CLSSA-LSTM  0.967 9 24.402 0 33.066 7 UL IE T 2R T f T R
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Fig. 9 Comparison chart from 550 to 650 data of different prediction models
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