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Abstract: For the commercial and residential mixed distribution network load forecasting, the influence factors are
diverse and randomness is high. A short-term power load forecasting method of distribuion network based on the hy-
drid grey wolf optimization algorithm with coyote optimization algorithm (HGWOACOA) and long short-term mem-
ory network (LSTMN) is proposed. To select and reduce multiple input characteristics of power load, in this paper,

we use the maximum information coefficient (MIC) method to quantify the nonlinear correlation between the load
and input characteristics, eliminate the invalid features, and then use the factor analysis (FA) method to extract the

information of historical data, meteorology, temperature and other input features, so as to reduce the dimension of
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effective influencing factors. Results show that the grey wolf optimization algorithm (GWOA) has strong global

search ability and fast convergence speed, and the coyote optimization algorithm (COA) has strong global search

ability and fast convergence speed. To highlight the advantages of the two algorithms and make up for their corre-
sponding shortcomings, a hybrid GWOA with COA (HGWOACOA) is proposed to solve long short-term memory

networks. The number of hidden layer neurons and the number of training samples are optimized to overcome the dif-

ficulty of parameter selection. While ensuring the prediction accuracy, the operation efficiency is also improved,

which realized the high-precision short-term power load forecasting of the distribution network based on

HGWOACOA-LSTMN. Taking a commercial and residential mixed load in a distribution network as an example, the

accuracy and robustness of the proposed forecasting method are verified. Meanwhile, the operation efficiency is im-

proved and the dimension of

applicability of the proposed method.

the input characteristics of the model is simplified, which proves the accuracy and

Keywords: distribution network; short-term load forecasting; factor analysis; grey wolf optimization algorithm;

coyote optimization algorithm; long short-term memory network
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RMSE; n B0 I 2005505 9, DA ¢ Bl 200 8 F 0 7 i
85 p, M ¢ BRI SRR AT
3.2 HEIA—i

R T SR TR U SIGHE E , PRAEASERL RS FE , X
[ st A ey A AFIE B A T — AR AR B, 4225 (40)
He b AFFIEE R 21, -1 XA F.
Zimax T Zinin

. _ 2
Z =t (40)

max Z min

2

Kz, 2 0028 S AR (B S /M.
3.3 EIRMINFHER TR IE SPE%

AT Sk R KA B &R B (MIC) % <5 i
N FRAE SEAT 08 . SCHR (1019 4 78 2 35 MK E
0.001 B}, MIC =0.28, Bi24 MIC > 0.28 B, A[A M4h
RRZ I R 2 5 e AT R G R, il MIC xR
1 A 9 T0 20 FEths i ARHIES Bl AR IR S
B far (A SCHESEAT 40 0T, ATAS AR EE | XG5 FA K
) MIC FHSPEME 54 0.13,0.11 A1 0.09, ¥/hF
MIC FLERBIE 0.28, It , WRREAHXT R | K 5
FIK X 3 U A RFAESBE.

MR 1553 2R B0ORT ) 2 TR A e v R 0
FE. AT RIS - W EARRE RO A T, A
B F 1 7 £ TR R 94.079% (> 85%) , BEEHIZ A
FEEAMT 10 TG AREN 2T ARG R,

W3R 2.
R2 SEWANFHINEFIRER

Tab.2 Factor analysis results of meteorological input

characteristics
EiEtaD SHEFRS

T g b 220 T 3L 0.107
T H £ — 1 220 o v 0.107
T H £ — 2 B 220 0 v 0.107
TN H £ - 3 A2 T i 0.106
B 1K ¢ B 203 0.105
B 2 K ¢ B 203 0.104
B 3 K ¢ A 20 0.103
U P-4 3 vL E 0.105
T H ¢ B2 A 0.098
TN H H R 0.099

3.4 TMLEERSH

SRy BIEAS SCHR H Y T 1 R LS R RIRA S
Do B g A7 fup PSR PR B P |, 1 S BRI 3 TR
PR BURE Z NG AR, JF X E S8 LSTMN £l 1Y 5
HGWOACOA-LSTMN 70 i Tl o A K 45 SR A 7
XF AT, AR S E RS 7E COA HARMR
HEN, =5, HNBRANDEN, =3, FRRIEAUEL
MaxDT =3 . 7EMRILALF L KIREL N =5, 254
ORI, =5.

PEAEHT LSTMN BRI S5 S5 k5 LSTMN
BRI S HANER 3 Fon, KRG ZGEFE loss #hZkdn
Bl 4 &5 s, il loss HHEERT DA% Sk B M 2
MR SR S B0 , DTHT Sz e S B A R i Je AL
PEREILS , SAAT SEPR S TIIMEANR 4 o, PR ALT
W45 RS2 PRAE -5 TRINME R 220 FLAn &l 6 Fs.

%£3 f&%4 LSTMN 5 HGWOACOA-LSTMN & S5
prit e
Tab.3 Parameter selection of traditional LSTMN model
and HGWOACOA-LSTMN model

[ BB 0B | —RINRREAER | 2R
{4 LSTMN 150 2 250
HGWOACOA-

6 10 250
LSTMN
0.08
0.07 W —- Ul[é}j‘;%
L —— »‘I'j| R

= 0.06 A

2 0.05}

=]

% 0.04

= 003}

= L

% 0.02 1

0.01F
o= .
_0.01 L . . . .
0 50 100 150 200 250
BRS¢

B4 55 LSTMNARE)IZRITTE loss #i £k
Fig.4 Training process loss curves of traditional LSTMN
model
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o s IF , AR DI R 408 % (L AT e 1 22
= 030} — g BrE, RUMERRKIIIGERRY, H
45 i HGWOACOA-LSTMN %I {54 LSTMN HRI7E
= o1sh YIZREE loss SIIRLE loss ZIANA 2= /)N, [R] A i
Z oa0p LA S, SRR BT, BEBTHE GWOA L)
0'03 I . . eenes F COA FLAFRNMS L AR5 , BRI ZRCR

0 50 133%{/}(50 200 250 B3] T o E.

(2) MK 6 ATLIE H, HGWOACOA-LSTMN #5

B 5 HGWOACOA-LSTMNREIIEIIE loss 52 RIS 2 HA% 58 LSTMN BERAT T W A,

Fig.5 Training process loss curves of HGWOACOA-

=4

LSTMN model
&% LSTMN 5 HGWOACOA-LSTMN & E4 757
AL ET 2R

Tab.4 Comparison of traditional LSTMN model and
HGWOACOA-LSTMN model for load forecasting
. SEpR AR {E/ 0B 7 B/ kW
kW 44 LSTMN| HGWOACOA-LSTMN
00:00 511.438 495.823 501.935
01:00 463.748 459.678 457.773
02:00 428.264 458.306 443.968
03:00 428.156 468.876 454.180
04:00 418.404 451.403 433.535
05:00 400.628 454.363 439.374
06:00 406.380 448.457 432.097
07:00 524.500 511.001 513.871
08:00 550.452 566.834 577.538
09:00 919.532 925.863 953.381
10:00 1 875.022 1 815.685 1 859.137
11:00 1927.020 1944.326 1 949.972
12:00 2010.368 1969.387 1 988.031
13:00 1902.156 1993.252 2016.181
14:00 1 862.474 1983.944 2 004.578
15:00 1 892.336 1958.642 1971914
16:00 1 881.878 1959.675 1973.171
17:00 1922.140 1920.554 1 923.440
18:00 2020.932 1964.631 1 981.044
19:00 2 249.104 2 083.328 2 141.271
20:00 2216.118 2 084.402 2 144.465
21:00 2 131.290 2120.173 2 143.261
22:00 809.200 934.867 883.553
23:00 532.284 531.595 534.174

o iR, AT P E5IE.
(1) MAPE4 FEs aln, SIZRRBOE N 250 K
£5 TEET IMBUEEEE LR

Tab.5 Comparison of the accuracy of three prediction models in different seasons

1M H. HGWOACOA-LSTMN  £75 B8 A 1 AR 434 it
MR 245 HFE 6% LI

16 | CO L4 LS TMEL R
14 } COHGWOACOA-LSTM#E #!

AN R 22/%

m”\ il b

0 2 4 6 8 10 12 14 16 18 20 22
Hif ]/

B 6 f&% LSTMN5 HGWOACOA-LSTMN =& iR =
Fig.6 Prediction errors of traditional LSTMN model and
HGWOACOA-LSTMN model

(3) WKl 6 13k 4 ATLUER, FEHF 02, 1558
LSTMN AR {552 b £ g 5 000 672 i i 2 5K, Tl
KEREMELIMAIE. M FAE%8 LSTMN 58, AR SCHR
(AR TR 5 i B, B TIN5 i Pl T 67 i T DK v
L K.

R T B EA SCHE A 1T ) DI R AR
Fh, Do) B 7 7 i OIS 7Y PR A, A T ER L T
k& 4 AFEWHHTEON, 53+ RBFNN Bk %
4t LSTMN B33k i WU A Y JE A 7 S B0 %of L, o,
RBFNN B35 LA S 06 B F R s 8 723k
15, WS R 5 Fs. RSN T LB R
(RIZ AN, AR IERE IR A b T 22 B A 2k ] 1 1) 7 i
oot PR 1, AR A RN SR v I R T LA LAY
H AR A T B, 45581l 7 fis.

il &% HZ T A% PO fE
MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE MAPE RMSE
&4 LSTMN 5.35 68.95 6.39 125.11 4.29 78.00 4.06 87.01 5.02 89.77
HGWOACOA-LSTMN 3.86 60.42 5.78 92.77 3.32 66.98 2.44 56.51 4.03 69.17
RBFNN 8.39 103.61 9.91 96.01 6.44 71.64 5.13 71.64 7.47 85.73

A SIS A5 R nT DIAS R I R 4518,
(1) BASkE, iz 5 A%, HGWOACOA-

LSTMN f# MAPE #1 RMSE PUZSEHE I/ NF5F He
iR, fE B AW AT LSTMN FI RBENN 15[
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Fig.7 Typical daytime prediction errors with different

numbers

FEIRZR /N, EHEKMZE, £ LSTMN Eifly
HGWOACOA-LSTMN #i#I[) RMSE JoHE 255,
{H MAPE & T1RZ, UtBIf&4: LSTMN A& t%
PEAEXT 855, [AI, HGWOACOA-LSTMN % ()

16 24 48 56 64 72

MAPE  $4{f 4 Ho 45 P Rl AR L 23 B REAR T 0.99% F
3.44% ; RMSE MIME K 69.17, 84551 LSTMN #
RIFI RBFNN 43 3B T 20.60 il 16.56, AL
PR B H S 6 HGWOACOA-LSTMN i
R FIN 3 7 H ELAT it AR 1 B e e | i A
AE B e b 0L R L N BT A B fr 5 i AR AIE 22 (1)
AR LM R, A BORPTT AR

() 7 ATLLEE], EELE H B,
HGWOACOA-LSTMN  #5% 5 B A% 0 446 FCHS 43 1 25 15
HlAE 10% LA, B o0 fr W00 5R 2 8o e, &
HGWOACOA-LATM  Ji s} £7 fif T AR 74 75 b B A 5%
I ) o 1) 30 ) R IR A R 5 4032 A .
3.5 fhikAETLE ST

J T FE—HKAE HGWOACOA-LSTMN #E &1 f
ARSI, AR SCHEHR T 5 &P ZE Il AN IR A T
i 7 S B, 43 5% GWOA , COA . HGWOACOA it
3 FEEAEIXT LSMTN #Efr28ifb, itk m
LSTMN RIS R S, SHGER R 6 PR,
H COA-LSTMN {3 LSTMN ##R1 Hg-A3 AR AT
AR VE R — RN R e BURE A B S 5001k, GWOA-
LSTMN {3 LSTMN #RI R L1 AR IL 57k
XTBZ P TT S ENAL, iRk 7 PR,

%6 AEERMGRLSHLEE

Tab.6 Optimization parameter selection of different

models
28
=] LT b= — gk
PZICER | EHUHEAEL
LSTMN 150 2
GWOA-LSTMN 6 2
% Epoch =250 COA-LSTMN 150 10
HGWOACOA 6 10
LSTMN 150 8
47 Epoch = 150 GWOA-LSTMN 20 8
COA-LSTMN 150 4
HGWOACOA 20 4

R7T TEERMAULBERTE

Tab.7 Optimization effect comparison of different models

" G A7
s
RMSE MAPE RIRLEL T R]/s RMSE MAPE FERLIZF THA)/s
GWOA-LSTMN 60.71 3.86 44.52 80.33 3.73 23.08
COA-LSTMN 52.62 3.55 24.30 57.42 2.74 143.25
HGWOACOA 55.62 3.62 11.49 57.73 2.78 .52
LSTMN 67.34 475 79.17 87.01 4.06 135.62

HE 7 PESMASHLEZER TN, HEd
GWO X2 M e 5, "EA #5485 RMSE |
MAPE 7% 4k i B AR /N, {078 32 17 B 8] I 8814 42

LSTMN 1 fay i 0 4% 7Y 43 51 9 /> T 34.65s F
112.54s. HiE1t COA ¥ LSTMN — RN BoFE A
Bo iS5k, A iR AL A £ 48 LSTMN
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X FIHGEL COA T — IRk B A S S ER
POAR R TRl B B AR T, (A — B AN
TEME, FE R 2.

& 7 L] IE S|, Wil GWOA ,COA &
A5G LSTMN #7251k, Bf% 458 LSTMN fit
FFFIAA RMSE . MAPE | f55 B 32 47 5 6] #4725
ERTE. HIL, MIXTF GWOA , COA Fk Py 1H
2Bk, HGWOACOA AL 5 1 4E % e 1)
TOIAE BE AR, CROIE T B s T, e
T A TSR A

4 & it

(1) IR T s 5l R ZE N H 2 3
T T A B oy T A ARRAE , 43 BISR B MIC 1 FA
Jr R G A RE R 7 e 5 R, SR IR 5
BRI E 90% DA AR /D AR B FEARUERE FE AU ATIE R,
fAT AL T B AERAE B 45K

(2) HGWOACOA-LSTMN #5575 fig 4 47 it 481 &
T R EETRAS  TC H ) £ 7 5 i AR =2 [ 1) 4
FeARLRME S R, FEADFR [E] 3 41 [ Aot A LAt ASE AR B
HEARH. FIFH GWOA ., COA 4 F L343 5l
JE RO B — RN Gk BUREARBGHA T AL, F)okh
SRR () RIHE , PRAIETRUIRS B2 () [R] ek i — 25 3 7
BATRCR S HAUA BIERE .

(3) ASCEIRIFE A2 48 7 s fof SRS R E p
(A 3005 8, ELA e g e R e v ) T
A R4 T A el R TR A 0 T R T 30T g 1
Ao PO ST R AL 5.
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