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Abstract

This paper systematically investigates the fundamental principles and algorithmic framework of the
alternating minimization method, and innovatively proposes an alternating optimization model that
integrates a gradient-regularized Newton algorithm with sparse optimization techniques, applied to
power system state estimation and bad data detection problems. For the multivariate non-convex op-
timization challenge, the proposed method alternately optimizes state variables and sparse bad data
vectors, effectively achieving joint processing of state estimation and bad data identification with a fast
convergence rate. Experimental results on the IEEE 14-, 30-, and 57-bus test systems demonstrate that,
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compared to traditional semidefinite programming and second-order cone programming relaxation
methods, the proposed algorithm exhibits significant superiority in computational efficiency while
maintaining good accuracy levels and bad data identification performance. This study provides a typ-
ical application case for theoretical research on optimization algorithms and offers effective technical
support for the secure operation of power systems.
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1. 5|15

BRAFIEAE NN TR BRI Gt %0 TR, fEBAI S S50l T Sl 2 R 9y i 2 0 2
WA 1] [2]. BEAE REEEE A RIS AR 5T % B AR T, A2 et A T e T R AR AR
KK USGE S SRR [3]. ML R, R H/ME(Alternating Minimization, AM) 77 2 R 5 & 2k
P ST B RO B VR AT AR BRI 52 BV V4] [5].

LR MUITIE R —FE R R, H T MG 2 e s B R R 6] o0 ARG 2 2R 1)
Z AR BRI B R — R B A B AR R T I, i e A AR, R — AR E
17 A AT, 1B IE I 5 W R SRR 7] [8] &7 EE R IEH T H AR R BB A 7] 2 B 45 i B B
X ARFER R R . 388 B MU TTVETE T R B R AR, RN I 10 o o 22 N 58 5 SR A 1)
T, JD TR S AR, JCHOEH TR, AR B A R RS M i) [9]. AR, sk
PRI E AT B AR SR BT (P eI ), HOAT REUSCSE R R M T AR A R B LA, TR TR
IEPERISC SN ) T 7E SEBR R R TR 48 T ORI . TR S ARRR T R, AR B SRR A0 S g e AR
kA, AR RIS PR AT R A AR 1 2 USSR B 12 R AR A A [10] [11].

Ubah, B MU RS R iz, Bl sCER[12]32 H— 2T AM 55T 3P AR RE R 4
Jiids ATTE B R AT A RO A T B R 25 A, R AU SR R ISR, B m A AR E
RLPE . [13]48 H —Fh 2 T2 ) R T 20 & S/ MU 1B SR BV, s ) 2 SR o A4 B RO &L
I B AR M S AR K 7, FETTH SO BE RIS B AR T30 753 [L41PKE A8 B e /MU AE B 8 T FL ) &
GOIRZAGTE, PRI T i 4ERE R (Second-Order Cone Programming, SOCP) ) BEA R A A AR Bt 46
ik, HAESRER P EUS AR .

IM%:T SOCP [1HL ) RGUHLA RS Al TH5 PR B Al 2 2 - SCHR[15] 0~ 7 K1 (Semidefinite Pro-
gramming, SDP) I #2 7, Jid 51N ¢, JEECE LB A TS, FI A SDP KAk A 4 in 4% A ™ AR
PRI, T SEBAE R B0 T4 R BOASHEIR S A5 1. ARSCR2 SCRR[LS]E &, %5 FE 3] SOCP J5 ik B AR TE Al
THREFE DRI R e 3s, H I b P R T4 A o Il R A D e A ) 0 ) A st S, 2% i R (1 R
R FEA R T R B AR A, HAZ O VEIE Y oK e ERASE, B s A AT AR I R 2 SR T SR AR
X—RHFECT HART AR PARERAA T 2. BRI, Ui w7277 10 2 — SR 75 R n] REOR 54
J5E 1Y () BN 8 v U SR o e 3 STk I, A B TE U 4k - 151925 (Gradient Regularized Newton Method,
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GRNM) [16]7E 3R Al — R I AR I 2 AR 2R RIS SRR, S8 SRR I A WS S0 B 5 i T e T T 38
BTGB R IEEE, ER RHIPIRAS MG TH R4 TR AT e84 Ik, AR A8 B SR/ I i
PE, DA H AM HEZEHEAT BV iudt, FR i —FdE T GRNM M2, YUBOH 45 & A B A il 53R 1 7
5, DU RO I T) P S A e R FE O HE R0 (RIS SRR F ) R GRS Al vt
2. ZERME: EILETH
2.1, EXEFIER
SE s B/ M TR ) SRR AL ) AT AR Ay -

min f (x,y)

Xy

st. xeX,yeY
Horb f (x,y) 2 BFFREL X FY RRARES . SR 0B REE A B E e — AR MR —4
AR ARIEAGE L M. X T oA E N, AM FRiE I DL SEHE 48 S ) AR A

o))

BYE 1 SRS B iR MEHESE

WA SEEERILR R (%, Y,) » WE k=0
E§-N- X508

1. x“*eargmin f (% y*)

2: y“earg min f (x*4y)

3: k«k+1

B (X, ) PRI AR

TXFPIEAMELL AT DL E AR HE B 2 P B RS . AR B YIS AN, SRR IR IR LR
AR, T ARRE A AR E L E .
2.2, Wrsit

AM FLE USSR w5 B A B A BRI o T EL T A R B, AM SRR PR AR )RR E S 2
AR ALT]: XTTFAEMN AR, AM Sk ] BEUSLE] R TR N Ao 7 bR B A 1 S i ™ RN 25 ik e T AR
A, 1 — 2 A NI AT RIE R T BRSOk (19 n 28 RS 8403 %K) [6]. Kurdyka-Eojasievicz (KL)TH: /5 tH % F
Fobr e N AM Sk et [18] [19].
3. BRI KB
3.1. BAHRGIHREBHRER M RGN

TESZRREBIN R, ST fE R G0 RSN B RGN e R N A B B ik, LB A AL IR S A
THRSR BRI . ASCHE H — P 028 2308 S MU B & AL BEHL D R G IR /) J7v:, R GRNM fig vk
IREAET I, FF45 S CIEEEEEABHE AT SR . 6FA M ANTIEAE 2SR RS ARt
R EOTLLE N

z,=h(v)+e+a, i=1-M )

Hrpz g E, BEATR. LIhIR, BIREME, vtk R E, 65 % 50 R E R A,
h(-) R RIE SRR TR E L kK &, e RERBCA S B MM ELE S &, WERRE, B
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e~N(0,0°), i a UGN HFREE I 8 LKA BRI SRR [15], 2 a yARAER, BEHIAE
FERHEE, RZNIEF .

AR SCHR[15] 368 1o 4 8 L DU A R SR A A PR I 5 R B, F S0 52 ek vl U (e g Sk, 4
HHEE SR AR AL R R -

A ] 1 M T 2
(x,a)eargng’gn{mzi_l(zi - X AX—ai) +/1||a||1} ©)

Hep A2 —NIESHL xR PTA T R SE A R AR R S BCIRAS A T AR 7 75 X
TR A SERTAR TR AR . BRI, SR AS B RN 2R SEILA AR AR x A a

{xk” e argmin L(x.a")

a“* eargminL(x**,a)
a

(4)

XF x fflTHRI GRNM 532, Xf a (0 3K g R B 1A

3.1.1. BElE a, &K x

PR — 3 ol [ @, % X HEATIEAR AR . ARIE S 2, BFFCRA GRNM X iZ Ik A B/ —
T I AT RANSRAR 12— AE IR A0 5 ) Bt B A7 iy ek, BRI A B 28
— B BRI AR R, B TR A xR R — AN A3 R 5 (B X" )28 B s 25 B
EESE k> K+ 1SR EN A7k, IR0 2T 258 — I B 2 1 4% 4

WK GRNM J5ik85 4 1 ARty 0 DRI S SSURe PR ARG 2 IE U A 1 AR 1, (A3 7E MRk A il it
) R, AL RE AR I U . SR GRA R T BRIEAR L, ARl i — A0S S SR R kb 1 R A
T, AT DAYk AR UKL, TS FE LE AR BN AT DAYS /N S R R B Bl A1 R A HE
TEHLR, SRR AR . HSCHR[16]7 CAE B GRNM J5 7% AT DUSR A& — Y il s A 28 (R AR A 1) 7,
FHREME 225 3R S SO P AR R kG

% 2 BAREIENAKZF 1175 (GRNM)

BIHEA— DT X e RN, 6,>0,8> 0,1, 11y, 0,0, €(0,1) o k=00
(FE—HBR—BE T

5oz

L B = VT () =D X (X)) AX a7 )AX

2¢ RN GUR A7 £ (X —ak ") < f (X) - et o -
3 Wr =) X =x—r g JFHk<k+1,

gk

EFE K <k Al xS =x*s

(B =W B—— ML)

B 14 A

4 IR G = A(X) A(X).

5. BRI B0 aiit ot = (644 pla 1) ot

6: HkHH I NIAE AL AE7 F (X +abd*) < F(x)+ pad (g*,d%)

7 W =ak X=X+ d" IEH kek+l,

4R
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3.1.2. EE x*, EFfa
FEETR PR o5 — 3ol ik [ 5 X, BT a . MR H AR R B RE A, AT UR AR B AR T V2 AT SR AR

PATR 2 A AROD IR
.
1) At =z - () AXS, R HRRER $(3) T LA S
1 M [ ks 2 M
WZizl(rik 1_a‘i) +’12i:1|ai| (®)
FURRAESRAAREAS o BUSEHT o FH T F AR R EOG RS @ AL, R LR IR R N7 ) B A B ] L
+1 Y 2
af :argnl!n{i(rik _ai) +/1|ai|} (6)

2) XFREA e, R A HBH ( VEROE NI MU R R, SRR R R, R, X
TN =12 M, LB B F AR A
=M, if £ > M
aik+1 _ SOft(fik+1,ﬂM ) =10, if ri"+1 <M @)
Y4 AM, if it < —AM

R A B ASIZD ER o M, B R M

i Ph S /M5, AR R TR R R RIS, BEAE D KA F g 28 G e i 7 e B
WS HFH, AT AR i B AARZS A T AR S AR, Bl 1 P TR A L, 4R
BRI L .

GRNM Fiigi E L R 45 S AERIE 3G T B AL AR B E AL B 5 5K, 7R SEBR N RE S LA
RATHEARH R Bt b B IR A TR, 2 — P R B 2k

3.2. HERE

AFIE T 1EEE 14 5 /5. 30 7 5 A1 57 5 A5 RGE[20101R 1 FE T 58 B R /NI I B A IR S A TH IR 4
PR 7%, FFSBARIET SDR A SOCP J7 kA7 1 b, f8 4 T HAH MATPOWER [21]4: iiAH
RIFFATHENE . HAh, 5 E R AR ECH 5000,

FINBENUGE S FSREE , o R D) 2R (e 7St AMEN % . At 2243739 0.01 pu A1 0.02 pu [BEHL =
Wi oy AR o Bk e WM s b, 76 THAIJC T I 233 N S i i 21 rh BE AT LI 3% 10% K 5 1 M SR 4t
I AE BT A P A EAA N 1 SRR S, AR I A S A e

I 100 KERE RIS LI RGP R T IEANMUBRAE — BRI N IR IR, LR AR A
FATM A REAE B E, NG REIEMN 52K It st e R . £ 1 BT gt A kg
PRk FERR, XS Ee A Th & a PEHERE AL E SHNLERA REGRALE, HT3T SDP M7 ERIR
AR B TR, I ARSCA WS SDP 4h R, HEFXTH /755 SOCP Jiik st 45 Wik vt bk, 5k
WA RRY, A ATNEEAFRBANR RS T, EREIREN MR iR, dREE FL 5%
S H BE MR T4 SOCP Jrik, RARGRMMEHRAHREE ), Wik T HAERTHHE ) RGUIRESA
THE R TH A R E S AT 5, N ) RGN B A S ARt 5%

UeAh, Wi 2 fos, RS A MEEIERB G THE5 RAEVU ML 5 B E R 2 R 3877
MR 1% 22 (RMSE) 5 ~F#5 FH X 5% 22 (MRE) 8 ST F

N i i 5
RMSE = \/Zil( Xl('egtov’:red - X‘(rl}e ) (8)
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MRE - e = Yoscore [

e

)

Horfr|-|| . %7 Frobenius Va4, k30K, BUELEAEA REAE ST, ABF T E e AU T
{8, HIASTHRE AT AR TT A0 T4 48 SDP 5 SOCP J7i%, JuHAE /MR R gt s A 35 5. 2%,

JEEAE BT 41 i ARG TS 104 A G, (E LR AN TR b B0 02 28 0 34 1l B0 A T RS A - Ay
PEZSR B IR S bR N 37537

Table 1. Comparison of bad data identification results

1 FBURPHRGERRIL

JivE BREEELD 14 5 45 30 5 A 57 5 4
MiRrEd 98.13% 98.53% 96.52%
I K% 98.95% 90.05% 97.90%
FE e 92.83% 96.59% 86.73%

F1 733 0.95 0.93 0.91
HERA 78.75% 77.47% 77.06%
socp K% 94.30% 93.61% 93.90%
% 70.94% 66.36% 67.32%

F1 5% 0.74 0.71 0.72

Table 2. Evaluation metrics
2. WhigRRE

THRARG VRGE =t SDP SOCP AM
MRE 0.2890 0.0211 0.0160
14 i 54 RMSE 0.3026 0.0112 0.0089
PRI [ 2.7538 2.6244 0.9789
MRE 0.2974 0.0397 0.0281
30 A% RMSE 1.3227 0.0426 0.0318
PRI [ 7.7441 2.5833 1.2458
MRE 0.3159 0.0478 0.0399
57 i 5% RMSE 0.2667 0.0178 0.0174
S S5 B[R] 71.6578 3.8381 3.8872

BEAk, WHFEHRE T WA S SOCP ISP IAHXS R 2 A 3 J5 iR ZE ) 90%, 959%F1 99% & A5 X[, A
HI matlab 21 E 47 (1 pretile BRECH 545 € B O9E € B 0 ARIE CE S XA B R IR . ARGE I 1A 2

WDEH, ETEERNGHINEBERRI R, REBOVRE.

Multi-Level Confidence Intervals Comparison
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Figure 1. Comparison of multi-level confidence intervals for mean relative error (MRE)
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Figure 2. Comparison of multi-level confidence intervals for root mean square error (RMSE)
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