F42%5 F58
2022 F 5 A

® 2 & % wE &

Electric Power Automation Equipment

Vol.42 No.5
May 2022

Je T KRB B AR L 2 H #7 Stacking 4557 2] 1T
LR REDR R S8 2 oL Sty P

BEATA, E T A&

(Ligw kg &%

WE A S TR AN TEAMERZAEWRRRIAEEETARNAED TZHER, o AR
IRIEAT IR G T BB S L R AT A B4R A K B ATXTIX — AR, 4R B — K T % B 4% Stacking & A%,

5 &g, L& 200090)

&

W,

4

6 %A RATR TR AR . FIANRKATE RE LU RATRRAE FHITA LS, TR E QTS
AR KRR AL S T RATR 486K 2% % BAR )25 Stacking £ F I BEA LS, 2L ST HT
BB T AL A | 38 A 92 B AR B P AR AR A 04 A Aot R 45 R R 9, 5 A TR AR A AR EL | BT 32 AR AL SR

KT % B AR = )2 ;Stacking R F 3T 3 LA RRIR R 40 IROKAS & A G BN O RA A

hESES:TM 715

0 35l

RETR & N Rt R R SCHEDN 22 o 46 B
2030 4FREIR T ORI 50 % L) B FEAESERE IR T
ARG s T BT B B R AR RE IR Z A JE LA
B FEor e AL, S ERE IR FRCR AR T KL T RE IR
TIEBGET N AE . NI, 275 BETR R 58 1ES (In-
tegrated Energy System) F1 & I B X B EI (Energy
Internet) B¢ AHAKEE o TESYER EL R BRERIAR 21
HL TS BEIE BABERE R AR B . Zonti g
TN G B L 42 O 2R B TES 1 RE VR O 32 R E 47 R 4
Je G AR ARGE T T U 2 i — RE TR 6
o, 1M TES G o] $0I0 5 2545 2% B HL VB 14 S 22 A
REUR 2 18] AR S IBC , 675 TES 22 70 6 iy B 4 4
BEHIR

R, 130615 58 5 — RE VR 1 28 48 00 Ay T30 BF 5%
C IR B IF T R, B0 - AE AL GE R i T 7 Ay 93
N7 1T, SCHRL4 125 R ARE R B D S
S 8N , SR FH IR A R 5 SR Tk A TN 5 A4
AT PN T 1T, SCHRLS DRF BRAR DAL S A 22 75 st Ak
ARG G AR S I LA T A I B 7 12 TR A
P T PRty R 5 £ v B fer FTIN 5 1A, SCHR L6 1T
X KRS ¥ 2 P & B T A7 A 830 SR AR P 1
DL, BT — T 5 o 28 ) 28 S TR R fft D TX — [ R

FREE T B — A far TN , TES 2250 671 A U AH SCAF
FAAE TR Be o AR, HLas o ) S8 N T g
R 3Z T G A O 450, £ % TES 22 50 17 fip

W B :2021-06-11; f& B H#3:2021-12-29

FEZk AR B 83 :2022-02-28

BEEWHE:BE A RAF AT A (71972127)

Project supported by the National Natural Science Foundation
of China(71972127)

SRR SRS A

DOI:10.16081/j.epae.202202025

()52 2 ARG OC 2R, JOT ST fE I BE Y, (GE
b L P 43 2 2 S SRR BV BE 2 1R C &R .
SCHR L7 VR TR T PRy 047 7228 s Rl A, JF R R
IR PRI HL (B Ve A s AT TN 5 SCHR[ 8 TR 2 AT
552 ) IR S N AZ 28 AR 25 Tl it 2 2o
P RE R 2 G0 97 oy 2 [ R 5 R 5 SCHR 9 Jad it
PR UR B S5 A0 1 AT 55 5 I AL e i R
[ AR AP, ST T B R+ R I T A% = Sk
[10]5E T 2 )2 438 ) 56 bR KR ph 28 ) 28 S AU S 1 R,
SLAZ TR AT IR 5 SCERL 11 1R A% 85 o i
XoF e G BRI AT B, 50 3] R T B ) 4 e 3
¢ 25 ) 24 i 22 0 2 1 [l A A8 78 30E 47 22 e A g T
DU, 88 J5 568 SR FH 33K 2 AR RS T (%) 45 SR 47 A 15
PRSI . B SCERER X Z2 50 17 iy T K 22k
B — SR AR R O LA B R 2 S i T . IR AR
K, Z AR R & T AR DA IO USRS T — 5 Y
B, SCHR[ 12 J7E Stacking 4 il S HEZL R fil & £
B ) MR A M A Tl SRR R 2
BRI Gl 5 SRR AR T B — I AU B ] B AR AL 25 7
DA B T IS R . B 2 B EL S E
T 22 0B Ay U 45U RIS AD o DRI, AR SCfE B
Stacking 5 5 > Y SEAR, [R] I 51 A 22 H bk 18] 05 > fige
AL B Stacking 5 il 27 > B o 1k R AT 278 12 T
) [ A

2 b AR SO — 3T 2 H AR Stacking £ %
2 BRI Z2 o B A DR R T O vk . B, B AR
FTAE B REEMIC(Maximal Information Coefficient ) Ff
W, 4 Z T b far e KA R AT AR DG 23 Br s Lk,
FIA ARG IE AT AR , TR BEF2 4 22 70 67y 8] Y #5
B RFR, IFE TR 2 A MIC A HE 17 4 A A2 2 0
e ARG K 2 HAR [ ) AR S Stacking 48 2% ~J



%58

FERAR , 45 3 T A5 R B 22 H AR Stacking 52 027 > BS54 RE TR R G022 00 6 1mr L ®

WERIARSS & , £ 57 22 o0 7 Ay bl ] O 2 5 e ), 1
T3 S BR S A H UE P SR A Y ) R A

1 ERAMERSERBXESH

IES J2— N LAH 1 RGO, BAT & F0E B4k
BRI BEVRT- M 22 40, nT LASE P (3R % RN £ 6E
HAN . HARMTES 22 B A B 5% A B AL R .
M AT DU TES 45 BB IR+ R 48 2 (8] AT LA3E 1 B
A ARE VR W B AT RE TR R A . AS[E) i fof 22 []
fig i o e B S B B SR T Zon i 2
BFEE 2B G C R . Ik, RIS 48 £ o0 1 fif
Z (B A R R or By ZoT i R R Z
TEJ P8 T DX 30 T 4 e A TR T A R 3] 1 R
AIVEH
1.1 MIC

MIC™* F 2011 4F B IR g 2 11, AN AT LAAE ik 2
AR 2 AR B AFAEL N R, 38 ] DL A% (7]
A HATIEL M R B E LM OC & | 1 H MIC X
TEHA M AR B A B a . MICHAER
{HYE B 7E 0~1 2Z 8], MIC A B, 32 BH 2 A% 2 (] 1Y
KIRAR LR 5

MIC (%) FE A J5L B A < A 2 A8 5 2 [R] A7 A6 AH
K, AT DAAE H 2 4> A8 B2 21 RN 180 T 2 o )
#& , I H T B AZ B MI(Mutual Information ) 1[5 4% %l
S MIC, FIFH MIC JEA7 40 640 0 EAA A
BRUNE .

D% RIEREEA={a,})(i=1,2,--+,n) £
Jet A B=(b;}(j=1,2, -, m), Hotf n Fllm 53 5y K
SEEMZ oA g i 5ce . B MIE £, (A, B)
IHEAR

pla,b;)
fMl(A» B)_;;p(a” bj)logzp(ai)p(bj)
K pla,, b)) BT o, Fl b, RGBS pla,)
Flp(b,) 53 BIR AL & a, M1 b, DS MER

2) 78 SL—A-PHE L IEE G=(x, y), K B HE 45 D=
{(a, b)Y a, A b, BYAE 53 51 53 B x Ly 3X 2 A% £
W RS B DAERIRE G R T B iR MIE N -

S (D, %, y)=max fM](D|G) (2)
Ao fu(D1G) B DAE G i MIfH.

3) X T [ BB E D ¥ D EASREINAS G BT
B R MUEH—4LZ (0, D X [E N, H— 13
AT

(1)

fMI‘(D’ %)
M) g min 2y ] -

4)MIC BP Ay IH—A6 S5 (A f K ML, MIC TR
AUWF .

fn11c(D)=x{E;‘gi()§ {M(D),w} (4)

)

K B(8) T SR RREL, B H 6,

AR 3R T7 v RSB 5 B A I8 N <7 R
Tempe K X 1) 42 4F TES $dfs S K B ST AH G
I3HT
12 ZrAmz EREXES T

TE TES PR e, A [6) B U5 22 18] W] LS i ol sy
JE WIE AT A B3 AL X R W 200 i fi Z [ A7 7E
—E B . oo i Z AR & A - A2 FITR
NP AT LU, v B e 1 it s sh 5 o 420
AL B B AR AR A, i A B e i £k 30 Bl 1 4
MR, R EARA R X R B %
TURT Z AT B Y 2= EAMAE .y 7 SN UL
feZ et Z [0 B & , PRk HI MIC {E AR I A
P Ve T Ia] A OCIRRE R o i T AR Y BT Y 2
T EAME, TEAN R ZE5 L BV U AR ) AR
AR, a4 2R 3R 1 s .

Rl EARFHELAFZENMICHE
Table 1 MIC values among multiple loads

in different seasons

_ MIC
FoLidi %% a7  BE A%
MM SMMAE 04342 03959 04807 0.7712
FL B 47 5 ¥4 B far 0.5053 0.6432 0.605 1 0.2003
A 5% T ff 0.4647 0.4184 0.6230 0.2951

S WS € o7 N T = v E N2 S i el [ ¢
MR EAEHEZESR . ASCHMICH KT 030
A VR SR AH SE AR i MIC /N T 0.1 FOZS R4 55
FHOCAR . B R A0 far 55 3RO AT [B] A RE DG B e
K, T F 67 g 5 04 67 g [ A AR G R B i, T & 22 5
HBIEM R BB R R A W 67 7 8] (1 MIC
HIRT 0.3, RPAHEAF LM BT
FEUAAEEAT 22 0 7 fap IO A, S BE 22 W 67 g (] 8 4
13 Sxhm5RSEEMNEXESH

L AR A AT IR T A2 2 B e 22 [B) A AR LA A R
Wi 2 A, X F R R U, AR R
RAZEXTFH I R ey s R BE AN TR . PRI,
TRBEAZ I8 HR VR T far 5 R AR 2R Z ] I A e
X R TR AR (%) TR R AR B EE A, HLAAR
ULBRE S A R AL, AR AT, RA BT RSN &R
St Z [ A AR 25 . WER
e IR EE 5 20t Ml MIC 4K T 0.3, BoA B iy
AH A 1 B T H2 5 22 o0 5 far [B] 1) MIC ¥4 /8NF 0.1,
AHRFERE RS . UL ARFEB 5% A 26 AR /R 92T
25 SRS BT AT AR AN [R] 255 R e O [R) (1) R SR
VMt AL i
1.4 SAEBEESERPEXES T

T TES $5 A 1938 1 454, H 2 oo i fiy e HoA



@ L/ AR {7 G-

Fa02k

B AR R R AZ I R G R TR T
RUR FOI0ORS B B AR A . R, O T Rk £t
T pir ] AR 5 A, 4t v Bl R AR L Ve B X
3T AL SR bR, LSS 43R TES 22 70 67 fir [H]
A 15 BRI T Z T 0 Ay b R S0 A R 12 .
TR UERTRSA T ASFE bR BEHY 5 22 70 17 AT Y AT
P, I MIC R B AL i il G IR 2548 hn 5 2ot 1
far [ A AH DGR B, 25 R ANk 2 s
x2 AEREESHERESTRAEEKMICE
Table 2 MIC values between load coupling

morphological indexes and multiple loads
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considering load coupling morphological

indexes in summer
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Table 6 Comparison results of forecasting accuracy
between multivariate load collaborative forecasting
and single-load forecasting in summer with

different forecasting step sizes
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Table 8 Forecasting results of different

multivariate load forecasting models
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Novel MMC sub-module topology with DC fault clearing capability
SHU Hongchun', WANG Wentao',JJANG Yaoxi*,SHAO Zongxue', WANG Rui', LIAO Mengli'
(1. Faculty of Electric Power Engineering, Kunming University of Science and Technology,Kunming 650500, China;
2. Faculty of Information Engineering and Automation,Kunming University of Science and Technology,
Kunming 650500, China)

Abstract: When short circuit fault occurs on DC line of MMC-HVDC (High Voltage Direct Circuit based
on Modular Multilevel Converter) system,the DC fault current cannot be blocked by traditional HBSM(Half-
Bridge Sub-Module). In this regard,a FLHBSM (novel Five-Level Half-Bridge Sub-Module) topology is pro-
posed. FLHBSM has the same control structure as HBSM with the addition of DC fault clearing capability.
Compared with other sub-module topologies with DC fault clearing capability, FLHBSM reduces the number
of switching devices and the area occupied by the converter station, reduces the loss and provides high
control flexibility, and not only improves the economy of MMC, but also enhances its operation reliability.
Meanwhile, FLHBSM can be compatible with the capacitor voltage balancing strategies suitable for HBSM,
and can choose better capacitor voltage balancing strategy according to the actual needs. A simulation model
of bi-terminal +100 kV 21-level MMC-HVDC system based on FLHBSM is built on MATLAB / Simulink
platform, which verifies the effectiveness of DC fault clearing capacity by using FLHBSM.
Key words: MMC ;sub-module topology; DC fault clearing capability ; voltage balancing strategy ; economy
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Multivariate load forecasting in integrated energy system based on maximal
information coefficient and multi-objective Stacking ensemble learning
CUI Shuyin, WANG Xinjie

(School of Economics and Management,Shanghai University of Electric Power,Shanghai 200090, China)
Abstract:The accurate multivariate load forecasting plays an important role in energy dispatching and opera-
tion planning of integrated energy system. Traditional methods for forecasting electrical, thermal, and cooling
loads separately ignore the coupling relationship between multivariate loads. In order to solve this problem,
a multivariate load collaborative forecasting model based on multi-objective Stacking ensemble learning is
proposed. The maximal information coefficient is introduced to analyze the correlation between multivariate
load and weather factors,and the load coupling morphological index is proposed to deeply explore the coup-
ling relationship between multivariate loads. Then, the multi-objective regression and Stacking ensemble
learning model are combined to establish the multivariate load cooperative forecasting model. A practical
example is given to verify the effectiveness of the proposed model, and the results of numerical examples
show that the forecasting accuracy of the proposed model is higher than that of other forecasting models.
Key words: multi-objective regression;Stacking ensemble learning;integrated energy system;maximal informa-

tion coefficient;regularized greedy forest algorithm
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Table A1l MIC values between multivariate loads and weather factors in different seasons

AL L) & H K S

W M 0.3313 0.6447 0.4929 0.6270
i 0.4471 0.2869 0.6212 0.8889

% 0.7071 0.8559 0.7270 0.3383

T il 0.2108 0.2989 0.2160 0.2262
# 0.1666 0.1163 0.1504 0.2885

% 0.4576 0.2460 0.2900 0.2007

KAUE 0.1274 0.2030 0.2653 0.2073
i 0.2340 0.0917 0.2606 0.1804

% 0.2011 0.1989 0.3253 0.2115

R H 0.1095 0.2100 0.2198 0.2029
# 0.0911 0.1539 0.1641 0.1543

% 0.1189 0.2353 0.2312 0.2089

i H 0.0891 0.0487 0.2328 0.2863
e 0.0614 0.0176 0.1396 0.1528

% 0.0942 0.0487 0.2301 0.1932
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Table A2 Input variable settings
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