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Industrial load data identification and correction method with improved

k-prototypes clustering algorithm

Wang Xiaocit, Dong Shufeng?, Liu Yuquan?, Wang Li?, Li Junge?
(1. College of Electrical Engineering Zhejiang University, Hangzhou 310027, China.
2. Guangzhou Power Supply Bureau Co., Guangzhou 510620, China)

Abstract: The realization of many technologies in the industrial field is based on accurate load data, while the
existing measurement system in factories often results in a large number of bad data due to communication and
storage failures. Therefore, an industrial load data identification and correction method with improved k-prototypes
clustering algorithm was proposed to reduce the impact of bad load data on the clustering results by introducing
characteristics of non-load data, so as to make the identification and repair results more accurate. Through random
initialization and parallel calculation, the improved k-prototypes algorithm overcomes the defect that standard
algorithm tends to fall into the local optimal solution. And the problem of subjectively determining the number of
clusters is solved by adaptive processing. Based on the clustering results, the feasible region of load data is obtained
according to the principle of normal distribution, and the bad data is identified. The identified bad data is corrected
by centroid vector replacing. Experiments show that the method outperforms the fuzzy C-means clustering method
which only considers the load data.
Keywords: k-prototypes clustering, mixed dataset clustering, bad data identification, correction with centroid vector
replacing, industrial load data preprocessing
0 5l 8§ XF ¥R Ay Ailk,  AERRE R A R T DAL 2
BE A P2 48 BORAE Tl FH SR i . BB R RS, S P o sl R B T
M, HERR R AT B ARG R, T ) R, gel2l, ST, TR FIE ., DGR, R
AERA A G fr B o] DLSCRF AT T . desRma s AR, BT g B AR KRR AR
SRR, ATERTHH BRI LBt ST,

HEWH: EHREAHGULIRITEEINHE (2016YFB0901300) -1 -



SN R E Al () IE R sk SR, DR, 7R A7 T
A2 2 00, BTN BRI PR S E AR

HAT, INEHE SR S5EE 7L 0T 78 32 BT )
RGN B T, EEITIEAREM I
N LLe vk . Rk RS R T IRl 22 slibs
HETR 22 PR TS, 28 5 AR 22 15 Ye F ok 22
BIG, 3 RIR B IR A AR A S, R et
EbYEAR 3 7 5k 6 Ay B A 1 e 1 B v e, oA
QIS ESF Z21 1) A7 A MR A R A, DRI A E — e R |
oV A R 8 T R B SR IR A &7 TRl
PRI P 2 B B, R A AR U 47 fir
B 1) A PRI R S A B, AR T AN IR SR
(8101 S R [8]F F HRLigt I L v A A5 C ¥18 (fuzzy
C-means, FCM)ZRIEE, o8 1 RS0 LLEFE,
WG RO BELE B s, AR 44 r A
T 7 S A7 AT 11 B R e /ML T 5 08 T 47 858
PRI R R o SCHR O] AR PR 2% S HLAR B E e
fIE, I 7 (B A% % B 3R 2K A3 i Re AR FF TR0 AN R 3
o A0S, IR IR EMRRAE n) 5 4 £ s F R
i, EREKMETAGOEHREARNHEL T, KE
g8 JICVE AL BRI B 1) i QR A, X 8
PR 55 EIE B . SCER[10108 T A v bk il
R, BT — R R B 2K I o A 5N R fu s B
R, daE FCM REMMEIRHHA S ERA, St
5625 BRI R B G NAE A B R A, T LA
e R F o ff 2 R 2 P

SCHER[L1]4R tHAE AT F e S U ER I, AN AEAE—
R TR T H A R 2807k IR BT Tolk
HR LR AL, BB ILE R BT VEBUR A,
B XA IT . SCHR[L2)2R A G T A0 A
Gr FIERE T A B 4T 4328, FFiEd RS 8R4
M 7 VB B O B A [ B, T A 3 S O
SERR AT HEN . (RIZ T VETEVR RO, 7R B R A,
A KR4 T ek 2 H B A7 1R K

B B AN, T — AT o
k-prototypes FE IR EIHHR HEIE 7. FETT
BRAE T

(D MR IRHE R R, R T AR,
FINAE S HHE,  H 55 5707 S R o J R A
EQINpEAP

(2) XFhriE k-prototypes FHiEBEAT Gk, BN
T ZHEYMEFAT M, SGE T HE G BN R s
(PER R, FERTSRREAT FIE R, MR T W

T RACE Y )

() SERBLER, 1B T 178 &
ik, FEEET L M2 B IR SR AT B I .
HA TR, BTt ol k-prototypes SRR
TREE FCM REEIVELE T s s B R
UF, BOHBIREERPRR S MBS, SN A [ R
1B HERR 2R HA BTt s BT R BAS X A 0
Pl RMEREEA SRS, AR R
1 BREFHERE
1.1 RA TR EAFAELIF

I B ter R EEIAT R B HE R 518 IE A
s SEECH P AT AR, BARAEHAT N
BRI R, JRATEIE. M TREN T
J Gt B2 A B A S IR, R SRR, X
R ATEAR, SHORBEAN )8

(1) T, Rz a8 mEmR, X
yEs6t P R AT AR AT RS B PR, AT R
Fr RS 15 IE 45 R

(2) fBIERF, XT3 ) s ™ o B Ok it
B, ol HoAth A 2 A Bl I AT SRR

BT FRJER, FEAREREFIIANT B
At Y FEARRAE , A IE ) 7 i e MR A SR 245
T RS A, AR, W TE
M PR 2 BT, AP — %
FIFRE, 2 H . Bk, F Rk
SIN “TAEHRBEH” 5 “HEHEE" . Bk, &8
LT R FE AL, AT B, Wde i
T Bzl A HoB 21 20%~30%, 25
FH R S SR RAH . WOTE 25 R UL P BURR R 2R
YR S E R TR, BN CRUR” RRHE
YERE ., RRAFEIEESE RNE 1 Fis.

1 BRI RIK

Tab.1 Feature selection

H A i HoEn

gt HfH R
TAEHEME (. EH—) e[S gkt
T H s E[rgl=Ric)

1.2 k-prototypes -

T IRERBEE R, FR S 5k
B - AL ST R FE 2 R AR BB R A
AL, FE TR SRS I R SO A7 28 A P R 2
KAEAEAE AR RSB E HE B 8 1 A B B 3L
AEREFGIN T TIBR. Xt BT, &



k-prototypes 5%, TETHE 5245 0% bR AU X £ (2L
R B H 0 43 A AT 5 R

SFEH N ADNEEMES X ={X,X,, - X} H5F
j AR AU AR, AT R RN

r
j.m’”-’

v
Jimg

C

X ¢ e
bt (L

X. =[xjvl,xj'2,-«-,x X

XS ]

J,mp+me

KAf xim A X I8 m MR, EAR r RoRE
EARE, bhr ¢ RoRIAEEERE. m NEUETY
FRAERSEG  m N AEBUE BRI (1) e 5

BT k-prototypes HiyE KA & N k2K, T
HEEES X AJRKRN:

X =X, UX,U--UX,
XiNX, =3, i#]

...’X

j,m’.“’

(2)

A Xi(i=1,2,
HEE.

BRI, BUE R AR AR 2 A RR =0
AR K8 7Y S 1k AR ADLRE 3 R 4 2R R M R s 131, ) g
BB B A RIR N

o, K) AR R E 2R 1 2K 1A

m, . . 2 m, +me c .
d(xj,vi):z Xim=Vinll +7 z S(XS 1 VEn)
m=1 m=m, +1
(3
0, X, =V,
(XS i Vi) = o
R 1, X0 #Vin
K X FTEE X O &
Vi :[Vir,lvvir,z""vvir,m,’Vic,mr+1""!ViC,m,+mc] (4

Ay AAEEE AR ERCE, AIAESUE R
OYAT R B AR EZE ) 1/3~2/3 22 [aldk A7 ik 1
FERRM R, L&A [ B B s 2K 0
SRR BIR R, RIEH H AR 9 R
BN, IR
mininzld(xj,vi) (5)

i=1 j=1

L niBE X mEHEE.
1.3 &t X k-prototypes kit f2

N7 FElRFRAE k-prototypes 45 5 BN JR BB B AR,
RRE A LIRSS, X k-prototypes k4T
T et

(1) BRI FEF, BEHLIEIZ H R OIME,
HAT U E, B R BUE /NI N TR R,
SRR N, B I ) 1

(2) FEICREBR R bR, B BE, WE
REE AT HIEN AR, SO BOk £ 0 3 WM.

(3 B EHEED R, mEAIFRIE
B /N AN, R R IR B M 2, TR
EHAT IR

23k J5 1 k-prototypes SRR EILFR WA 1 By

7N o

Fria
WMANSH:
Ko, Nimin, Dins Smaxs liim , i = 0
[EES
e A
: HiTHX1 FiToX2  HITHZn
| A 4
! ML H(EL BEALEREAE2 | | FEH L EN
k-pototypesBE k-pototypesBE 3 k-pototypesEE
T T T
v

[ mpkEER MIBRRER |

_____________________________________________________

_____________________________________________________

[ mEsas TN, ARERENE |
¥

ki, Vi, Xi, REEBIE

> HR
A 1 2t X k-prototypes R A2 H
Fig.1 Flow chart of improved k-prototypes
clustering algorithm

X T A A S EOEAT IR B

ko JSEBUHIAAME, 1 T 500 R0 B & M
BRI, il ko HIEFEA 2 RN JERA A 4R
1B ko BREEIT e 25 I BRI, BIE IS AUD kD,
12 BB P R

Srmax JBE— ] B 1 B O3 A R B KRR AE 22, A
FEMIEE B AR 253 Smaxs W61 IE N FARALLRE
BUR, BIBEATYRD o Smax FIEEURT BUARYE SRR 1
PRAEZE R U 5%~200%, HGEM/N, FNBRE %,

Dimin AN R ZR S HhCa ) de /NEE RS, A5 PSS BE /)
T Dmins WIFFHEATH I o Dimin HOLE AT DLAR 5 5S84
PP 2 B B B 10%~20%, JLIEfERR, 2R
Gy SCERTE

Nimin A — RO RIFEHH, =0T, N
ANBEAER— DI o Nimin IO AT DU 4 5 58 5L



PR LR FE 0L 5% ~ 1006198 E, W Nmin = 1
WUPAN 3 4 K d A 18] B H HEAT 295 o Niin R PR 1) 7T LA
8GR S R IR 1 R 2R, R
PR GBIE,

liim J9 S KAEACIRE
2 IFRIREHRRAEIE
2.1 AR HRILAE

RIE TR IR, IR RES P &I 5
Taf B o X TR R s I A R (R R )
B> 15min, U s=96) , [ X MFEHEs RrRon
5

P =X 1, X100 X ] (6)
RRAFO M E v BRSO
Vi*= Vir,11Vir,zv"'1Vir,s] (7

BARSRIUSE, XN RRBATE, BIE GxEX,
N pi € Po

BEISH G 2 BOA AR, R HR 2R TR K 3
FAAL,  HUANEA I ZIEE A [F], ATIA g [A)— 8 A
Fudar 126 DL vi g O B IE S 73 A, R4 1A 7 A
PR AR AT DR A AT, BB RINT

W L B — R Py, FEIES S

Hi =Y, :[Vi,l'vi,Z""’Vir,s]
n,

1 I r r 1 . r r
o :[n_Z(Xj,l _Vj,l)zvn_Z(Xj,z _Vj,z)zy"‘ (8)

i i i=l

FOXCHRRY
% 2 FUIE L REBOSH, IO
A 1 TR

{Iiup = H +3°'i2

down
I i

(9
:ﬂi_saiz

TR 3. TR AT 2 S AT AT AR, X TR
AT H AT AT R -

N

up up up
Iil Ii 2 Iis

feasible __ B B )
Iﬁ' - I down | down | down ( 10 )
il i2 o dis

2.2 SFREIEASIE

BTt th AR VE 5T, 3R R TSR0
28 B B A R 2 107, Ry AAFZIE

S 2 7 8 1 B K f ot 0 I AR 4y, AR
WA TE MR 0 0 B R 2 (S LU, B RS 1B 1F
K

B 2 B, P 2(a) S I S B, Bl
[0 B s B | S TEXE. 1 2(0) 9 2(a)
GRS 2, BRI 2(0) R 2(a) B TE

A BBV VY oV | B 4 e, SR

FI 2(a)F .
p A
;m A === ’
0 eS|
(@) BEEnE
P 4 : !
v, ! i
F R S e - ’
R . !
R ! :

(b) BT
B 2 #EGEETER
Fig.2 Schematic of bad data correction

r

[V Vo Ve | e o g L

AERP K, WA m (m® <m<m?) BgE 2K apj,
I RARA:
r m-m?® r . ; .
Apjvm= e 5.[(pjme _Vime)_(pjms_vims)] (11)
mf—m : : , ,

Wa, BEIEREE AT RN N:

r r r r

I:p;,ms’ pj,m5+l’”" p;,me:|:|:vj,m5’Vj,m5+l’“.'vj,me:|+“. (12)
+|:A p;,ms A p;,mﬂ-l’”"A p;,me]
2.3 F kR RAR
BT o3 R k-prototypes BRI BIEHHR 515
IET7 A 3 froR . BT IR R S 12 2,
B SRS B R R I R E R R, AS
R, WNREE 0 FER L IR R o



BARE

FEERERENAER

AR B E R : ‘ _

1 B &R, BAETR
AR EREE AR E S E AR
AR (1) T2 v
RIBER(11)~(12)

RER (610 KA BT IS E
HEEEAENTITE i

B 3 Fikm A RAER
Fig.3 Flow chart of method application
3 HBISH
SR K Hhs SR A0 B tar Y B . RSB T
(EASE- &/ Rk« €2 PN\ B W AT BR 7 PiS ciaie
AT M 2018457 H 1 H—2018 4F 10 H 24 HFJ 1
fif 96 miThFHEE (EBRIGR) o 3 AT R
IR, DARE A A N AR I 1) A2 5 B, FRER
I B 508 R R B A R R R )M
T [A)HY ER~F 250 G, A el SR T [ 5 v
B H o g B AT Ab 3
(D #liEs A% 0T BblEsE 10 %
H Aar 2k, 44 2% il 28 1) 38 20 Bt I B I B
o sk, KRN B AV B 5% M 2R ¥ 40%:
(2) HEREHE: 4L FEhlLLHE 10 %H
Bifar Hh £k, ok 2RI £ 3~20 it Tl
% 60% ~ 70%.
e 1.3 TATRTIA, EE G k-prototypes
HZ2H, Jrda BT Beaiin, ik 2 fos.
% 2 Bt X k-prototypes F4 A%k
Tab.2 Key parameters of improved k-prototypes
Ko Smx  Dmin Nmin  lmin
W 2 015 015 01 10

AL 2 012 015 01 10
WHLLT 2 015 015 01 10

3.1 #at X k-prototypes F £ SR

RNIMARFENAIE, FEAT XS k-prototypes iz
PN R s B P G R, X 3 AN L) T B
IEEUCASF R ZREL, N 1 BN E17 40 5230, i
A R EE AR, HFEEZ IR

Kl 4 xRk (k=5) , FEATH M O
428 50, HA SN 50 IR, EIRR& TN
—RSEIG SR, RO 26 2 SIS P Y ME
B AR ER I O AT 2y A SR s L fE . T AL,
BEE AT 73 SCECE 3G N, IR s EUE B T

TaRm e, JEENTRKIsITa R, MEIHT
Oy SCECE TN, FACHT B SR S 4 SR R A R 10
BB LRI

B 4 4RAC S 3T TN SR 4G B
Fig.4 Improvement of trapped local optima

P B 20 k-prototypes % T.) Hl 4T 2%,
FFEFE FCM RRFLLATX . FCM JBHIEAE
WHARHPR SRR R )2, B G R
FREFMREL . =) RRGERWE 5 Fiow,
Rkt — % H &, B & AERES
O g, HEN L, MEEEEAERIR, R
H1 T 51N AR S far 50 I 95 58 B s i sg e, SRR
B hf:

(L FRPBHREFLL, BNEER, A%
S O 5 B 4y 2R

(2) ANFEZRESFBEE, RO ER
B8 (X 3, 1 FCM 32 11 RIS Hhoca i) B EL M
8L

(a) RICHH: K1

(b) FCM %3 K1

(e) AICER: K

(d) FCM 3 K11

(e) AICHRIE: KNI (f) FCM R KN



(g) ACEAE: KN (h) FCM 2 KV
B 5 it k-prototypes 5 FCM K K4 Rttt
Fig.5 Comparison between the improved
k-prototypes and the FCM clustering
3.2 IR AR

ANTE (0 SR SR R 2 0 R B (R IR R = AR R
i, [ 6 i) S IRER PR R, B R
LN S AT RSO EE T, SRR TR 1A
BRI, M AT AT, B iR
oK TMAE FCM JREE, AR P& 17 = o 3
K1, EZRATEE, KABERR: B2RA
BEATIREE, BRI T CLIRG ok, (H 2 R 45
RIEEGEX A%, RHERAFE

O RAH KRR

(a) ACHAE: R

LS ESERUL

\-\, ‘ﬁhé'léﬁﬁ'&ﬁ e

T T T T T T T T T T T
0 8 18 24 32 40 56 6 72 80 88 9%

]
F3l =

(b) FCM 2. K1

O RAHHFEIE (5LEER)

(o) BEX L
B 6 JRIKLERATIRIAE IR GG 706
Fig 6. The influence of clustering results on bad
data identification

XF 3 AL ISR EEE RS Rk T gt A%
P B R 5 HHRR AR S 3K 3 . 5 FCM &
REVEML, CHEETEER R R T,
REFFI B 2 (IR, Bt m 7R EdE A =
H, T EEXEE, HEYENA R 2 Ef 2R
A RERT

k3 RHIBEHIRER
Tab.3 Bad data identification results

A% e

X FCM EfEIX 3L FCM  EfEKX
Rk RK l0kES Hik EES lDRES

SR 914%  714%  52.5% 744%  735%  56.2%
BET 871%  37.1% 65.4% 65.6%  26.1%  35.4%
WAL 701% 65.5%  69.0% 85.0%  85.0%  84.2%

3.3 W IES ERKFE

FIA BRI 280 Bk R R AT 2 1, 18
5 FCM+R0 Bk LUEL, 40 A FRERT 80 B 02
BIEAEM RN W [RI, XT LA i, oA
Pt T R R FR M0 Bk S B E MG
TEAERR R A o

WR 4 fis. ST FCM RHEHIZR0 B iz
1B, XHITERBIEERBAT R . B A
SRR R, EROL) 5, TREEE
YIS IEHER A — e . AHEL T2 PR MEE, BT
RBOEBHREAEG ELRIER, BT & T HIEZN
B, MRS IERET A B R

k4 REBEHELR
Tab.4 Bad data correction results
FCM %3 +

o PR
ST St B TE N
R 83.9% 83.0% 78.6%
L 73.7% 72.5% 60.3%
B 72.6% 72.6% 71.1%

4 LERE

BT Tk RSB EM R L, it
T MBI R 5B R B
FIANBENLEEZ HYME, FHATREEM, wikfes
k-prototypes H.i2:%5 7y Fa N Js s s DL (R R B o I3
TSR 2R [ AL EE, AR e 3 U R SR 2B
. TSN T AR S, HISS AR S AR
IR 0 SRR A5 B 2, A PR E S HE R ) 4 el
RIS IE e A AT



SRR IE T K 2 B AR U A A 2
T, EEbREM RS, —S N T AT RE R
A 7 SR R 1R B R R B RS . R SR
r, ATEE B RN ) AR PSS R R R
fEJ7i%, BRI EEE PR S 2 IE R e

A

(1] BTN, Fa2, e, 25 SETIEBMIE M0 Tl 0 73
R SIBIE Q] B R% A3k, 2017, 41(18): 53-59.
Zhao Tianhui, Wang Jianxue, Ma Longtao, et al. Outlier Detection and
Correction Method for Industrial Loads Based on Nonparametric
Regression Analysis[J]. Automation of Electric Power Systems, 2017,
41(18): 53-59.

[2] ZE7e, THNWY, TEE, S —RhiEhA TR S E R BRI G
PR TIAR[I]. HIS5 1%, 2018, 55(21): 19-24.
Li Ning, Yin Xiaoming, Ding Xuefeng, et al. A method of stealing
identification based on fusion of clustering and abnormal-point detection
algorithm[J]. Electrical Measurement & Instrumentation, 2018, 55(21):
19-24.

[3] ki, AR, (EHEZE, & BRI i e A B B e R 52
EFRAI]. R %548, 2013, 36(2): 69-74.
Zhang Yun, Zhou Quan, Ren Haijun, et al. Application of data mining
method in power load bad data intelligent identification and correction[J].
Journal of Chongging University, 2013, 36(2): 69-74.

[4] BEEIR, . KORHSHAE 548 REWEFFR). R

. EIREFERT, 1997, (4): 72-75.

Kang Chongging, Xia Qing. Parameter Estimation and Bad Data

Identification Of Grey Systems[J]. Journal of Tsinghua University

(Science And Technology), 1997, (4): 72-75.

XIRME, BENG, SRAREE, . RREAC HL I OCHO B SR 5

B se[a]. o L LR 2440, 2015, 35(2): 287-293.

[5

—

Liu Keyan, Sheng Wanxing, Zhang Dongxia, et al. Big Data Application
Requirements and Scenario Analysis in Smart Distribution Network[J].
Proceedings of the CSEE, 2015, 35(2): 287-293.

[6] H A, &3, Adh, S5 23 W) g S O v S B R S b e
[J]. ZRAbE K524, 2013, 33(1): 45-50.
Xiao Bai, Xu Xiao, Song Kun, et al. Abnormal Data ldentification and
Treatment in Spatial Electric Load Forecasting[J]. Journal of Northeast
Dianli University (Natural Science Edition), 2013, 33(1): 45-50.

[7] 2068, XISCH, me i, 4. B R T0 hRE A s Tk BT
T[] AR, 2010, 34(2): 155-160.
Li Guangzhen, Liu Wenying, Yun Huizhou, et al. A New Data
Preprocessing Method for Bus Load Forecasting[J]. Power System

Technology, 2010, 34(2): 155-160.

[8] FLEEE, #H=2, SEOAE, . ISR C MME SR M St HR
HRBAERIIED]. I RS A3k, 2017, 41(9): 96-101.

Kong Xiangyu, Hu Qian, Dong Xuzhu, et al. Load Data Identification and
Correction Method with Improved Fuzzy C-means Clustering
Algorithm[J]. Automation of Electric Power Systems, 2017, 41(9):
96-101.

REWRER, PO, AR, 2. F:F ELM 55 DBSCAN At i A R 2K
PEREINJTIL[T]. Al 5 {3k, 2018, 55(6): 59-65.

Xiong Xiaoqi, Huang Heming, Hao Liangliang, et al. A micro-grid bad

[9

—

data detection method based on ELM and DBSCANIJ]. Electrical
Measurement & Instrumentation, 2018, 55(6): 59-65.

[10] M, WHE, AR, 5. T K SRS RO SR I8 A i 1A 5
ALHTFEA[]. M5 1R, 2017, 54(11): 36-42.

Lin Shunfu, Xie Chao, Li Dongdong, et al. Load preprocessing method
based on grey relational analysis and fuzzy clustering[J]. Electrical
Measurement & Instrumentation, 2017, 54(11): 36-42.

[11] Skikid, AT, w75 P O A SR BRI AR B F SRR [3].
HiR, 2016, 40(3): 150-157.

Zhang Tiefeng, Gu Mingdi. Overview of Electricity Customer Load
Pattern Extraction Technology and Its Application[J]. Power System
Technology, 2016, 40(3): 150-157.

[12] BRWE, Er%, D, 5. FTAESERA 534 Lol 5o 7 3

R SEIEED]. B RGABNML, 2017, 41(18): 53-59.
Zhao Tianhui, Wang Jianxue, Ma Longtao, et al. Outlier Detection and
Correction Method for Industrial Loads Based on Nonparametric
Regression Analysis[J]. Automation of Electric Power Systems, 2017,
41(18): 53-59.

[13] HUANG Z, MA NG.Fuzzy k-modes algorithm for clustering categorical
data [J].IEEE Translations on Fuzzy Systems.1999,7(4).

[14] Huang, Z.: Clustering large data sets with mixed numeric and categorical
values, Proceedings of the First Pacific Asia Knowledge Discovery and
Data Mining Conference, Singapore, pp. 21-34, 1997.

[15] XU, ERI, ¥, k-means FEASFVELE Gufef 2% 5 2 15 [J].
) RG R 515, 2011, (23): 74-77, 82,

Liu Li, Wang Gang, Zhai Denghui. Application of k- means clustering
algorithm in load curve classification[J]. Power System Protection and

Control, 2011(23): 74-77, 82.

EEREM:



EFE (1994—) , &, WLHTA, SRR AL TR R
9T, Email: 982128684@qg.com

ERG (1982—) , 5B, L, AR, WERES AT AA JRAC M 4
A< 5T Email: dongshufeng@zju.edu.cn

Weks H . 2020-01-23; &8 H 1 2020-04-11
(HEW R



