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Abstract
As a solution method that considers the probability distribution information of the data while en-
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suring that the results are not too conservative, distributionally robust optimization methods are
increasingly studied. In this paper, based on the least-cost consensus model, a two-stage distribu-
tionally robust least-cost consensus model that considers the cost of risk is proposed. First, CVaR
is used to characterize the second-stage risk cost considering the uncertainty of risk. Secondly, an
uncertainty set containing all possible distributions around the empirical distribution is defined
by Wasserstein distance. To address the consequences of the risk measure part of the problem
that makes the model difficult to solve, an improved RNGA algorithm is given to solve the model
better. Finally, to evaluate the robustness of the proposed model, TSDRO-MCCM-CVaR is compared
with SP-MCCM. The case study proves that the SP-MCCM results are too optimistic and the perfor-
mance is not satisfactory, while the solution of the model proposed in this paper is more robust. It
has both better performance and sufficient risk resistance.
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1. 518

BERUR 2 M A YR B — N ER ISR RIS, CER 8 T ARSI R E . B Rk
(Group Decision Making, GDM) [1] /&t %4 2 5 IR [ ¥ 55 % (Decision Makers, DMs) ) & WL SEEL ) -
SI LR IR AFIY A, SAFITA S5 #H — SR BB PR ., AT SRAT R 5 1) 3 1) B AR AR R T R
IR R R A B R 13 F5 (Consensus Reaching Processes, CRPs) [2]. i e id 24 % # JEL 4 # 5 7] LA
B, RN RAE R N HEZERAE SR GG EMIRTT D, BB A
FEH BENE LU AME A R PRk BN, 3 A HUR A BR AR R IR SR A I e vk sk . IR, SR
A FERAE R (Minimum Cost Consensus Model, MCCM)IHF 5 52 A L By . N1k, Ben-Arieh A1 Easton
H IR T MCCM [3], DA RA T8 DMs i 5 2 WAw 22 77 A2 IR R 3 A

DA TS A T E R MCCM BRI TH3EAT 1) 2 BB FL . — Pt F 7722 2k T BEA LRI (SP)
BEATHAR, Zhang 55 A[4]15E T Ml b 7 iEn — & BAGFE R i/ NHR TS AT @824, SR1f, 7E SP 5%
™, B AR AN 2 Bl AN 2 S EU R 70 A AN B A A AR AL, BT AR 3R B B AL A A 2%
PR TBEAN RO o 57— Pt 5 )5 A A i - #1214, (Robust Optimization, RO)EE#4[5]. Han %5 A\ [6]i@ i %
JE RS TR ACAE SR B A28 S e A i PRI SR, $ T — T DU AN AN 8 ZE R B A L U . RO 7 V28
HLH Soyster $& H[7]. ‘L H T A2 S E RIS BA A FI AR v i =5 FE Y (1) fx
INREIL N AR AR U T S AT eI AN e R R o Rem, (HIE RS TRy Hoh, £8H
RO J7EA — AN A e 5, R B BRI A5 5, (B St s 2=,

ARk, A &4k (Distributionally Robust Optimization, DRO)J772:[8] [9] [10]3Z ¥ B A 5T 5 15
IR SO BEHL AR OO0 RO ELEE Sk, SEIAREA B AR . AL AN E S B NN AR
B BENL S B IREZ  A ARL, WFI0 T — R 8RB A [ P A B A AT S R LAY . J@ 3 Wasserstein
PRES[11] [12]58 LT —NLARI /- Ai N DI B 2 N T8 T 15, BRI O T s XU =
B B AT, 10 R A A — AN G MR I R 5% ) s i 0 A A 1R RS B B AR A il /R, 3R T —
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PG RNGA JHEHETRAR . S 55 SP-MCCM BURIEAT R LESGAIE T A SCRUR A 20t o
2. BB
P BEBE N UL B (A DS ) BT LA

min c'x+E[Q(x.¢)] ()
Horb Q(x, @) A& R THI 55 — [y BUie 9] 1] R 1) s I 1
ming(£)" y(¢) @)
SEW (&) y(&)+T(£)x=h(¢), 3)
AX <b, 4)
x>0,y(£)=0, ©)

FEL)~G)H, x R M BRI Bk E, q(&)eR™,W eR™™ T(&)eR™™ h(&)eR™ &
5 B B ARA T R B BERL ) A BE LR RS o [ A1) h B R S T RN £ 3. ceR™, Ae R™™
Flb e R™ 535l 2 1 7€ 1 17 B R R
HIQ) T, PIB B A B B AL I ) — RO 3R T
TSDRO  min ch+sPu7£)]EP [Q(x.¢)] (6)

R PR UTHEAMATES, MR PeP BAARSHEES, Q(x,&) 24 —krBuk ]
I & (2)~(5) U R LA«
2.1. FHRESRGE

AHhES P BRI W TR R AT B PR AR ) DG B« AR SR Wasserstein B B OR 5 LSRR
oA ANZE S oA 2 T (2= 5 . e SOR:

E
dy (Q.Q,)=inf {6 - & 11 (04, d&,))°
For, TI(dg, dg, ) REAIME QA Q, “ kA AT TRES RIOES, d, (Q,,Q,) B Q- Q,
Z [A]f) Wasserstein BiES. || Fnias, — M 1%, Bl p=1.

T3 T Wasserstein ¥ 5 ) % sz 42 7T LUSE i 3 52 HOHR 45 4 HOHR 9580 0 T VAT R . LA
Wasserstein 505 ST LA I, B6 B R b SRR 6 BEAR AL ST GEbHIERT Ok St 14T
A B S BRI B M N s R R e . BT, 24 22— MRS, T Wasserstein i
S 0 T S S

P(By)={QeM(E):q, (B, Q)< 0} 7
i3 LB, BRI R KA, HMERIRAON p° o P(B, ) RIET Wasserstein B BSHIEEILL B, Jy
EROIIERIR, 0> 0 4R 4e, MIARVFIRAE, R T S M 5045 2 101 2 SRR (R
th PR T
22. g EIRRE

£ CRPs ™1, KESDBLA T RS DMs IR SR WA, fa R RN BRA T IR E
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oo AHLESEERRHERETE N, KIS AR AR BALR), HAET R R & IR EAR . R I s s F
N, I R IR BT, R RS A (RSN EEAT Z . ph T RS PR R AN E M, R E R
753 [ 52 1 B/ NS . DRI, ARSI AE F DRO J5 72 78RR A (K1 s Bl AR A ) W o
A . 2 A PR R I P B Al iR LA MCCM BB AT AR B F

TSDRO-MCCM min Y ¢;x, + Asup B, [ Q(x,£)] 8
X el PeP

st x =[0 —o )

[o,-0|<g, Ve=0 (10)

Ho Q(x, &) MBI R KM EINAR . 1 [0,1] RN RE, 2 4=0, [1E(B)~(10)E1k
N MCCM A#

Q(x,&):= m)z;lehiyi (11)
st oy, <diel (12)
X +y;,—06,<0/iel, (13)
Y206 >0,iel (14)

Hr

(AN 5 K B B AR AL, RO ER | AP K XU A s

(A2 ISR, s IR IG5 N RHE B PSR SR Y, 5

(13) BRI, FoR 5 | M RHEE 1 LT B & x AL R p B S By, S Red AN A
AL G .

BT 1-Wasserstein B 25 ) e 2215 5 1 3018 10 RO AT DA AL N — N8 5 SRR (K A LR I it o

EHE 1EGE f(x0): R xQ >R L HE O >0 M—NRBMFRE p° eRT,

SUpE, [f(x&)] (15)
pe
A DLEEAN M ALy T 51— AN R MR R )
inf 02+i o (z -z )+7 (16)
2,757 7 o1
st. 27 +z -2<0,i=1,---,m, 17)
f(x,&)<z -z +mi=1---,m, (18)
zeR,, 77 eRT,z eRT,7eR (19)
EW: XA E e2, REWH NI LERAN:
supBe [ F(x,&)]= sup D pf(x¢&) (20)
PeP peRT heRT i=1
st. 3h <6, 1)
i=1
p—p’<h,i=1---m, (22)
p’—p, <h,i=1---,m, (23)
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z b, =1. (24)
(20)~(24) P hr kg B3 H XHE R AR IR 9

|nf 6'z+2p, (z -z )+=

stz +z <z,i=1---,m,
f(x,a)‘)ﬁzi*—zi’+;z,i=1,---,m,
zeR,, 7" eRT,z eRT, 7 eR,
XH 7,7 :(zl+ --~,z*)eRm z :(zl’ ---,z’)eRm A7 53 3152 (21)~(24) 20T W7 R RiAg B H 3l 1. 1l
WPEO20, fAE—MERFTRERE p° J8 T AHESE P RIAES, B Slater 25 FL. I, (15)7T LAAEAT
M40 (16)~(19) -

2.3. BEANEEFNTRIEAN

i 7 SRR LA 0 IS5, AR SR CVaR SRR BT IEIT . B4 RERUF
AsupE [Q(x.¢)]= ﬂsupmln{KHE { } (25)
pep KeR 1-

I FH 5 B L Kty DRSS LB 1) 4 1 R A 5 e A A A R 4 S 2 1) e S5 AN 2
SEB 2: FUEREARER AL p° R OHII. £iEM A1 €[0,1], B<(0,1), 1] TSDRO-MCCM H%(8)~(10)
SEAN TN T 2R R ] R

TSDRO-MCCM-CVaR min ¢ x+/1/<+92+z ol (z -z )+ (26)
i=1

StW(E)Y +T(&)x=h(¢&),i=1--,m, 27)
z'+z; <z,i=1---,m, (28)

ﬂ/ | + _ -
—V' <7 -z +xi=1---m, (29)

1-p

T . )
a(é') y -k <v,i=1-m, (30)
neR,zeR,, 2" R,z eR], 7R, veR", (31)
xeX,y' e),i=1---m (32)

IR SAREE AL
m y) : .
x2(x, pn)= ﬂm+§ P, {E(Q(x,g )—K‘) }
KT ERME, KT p ZMEI(EER LRZNER). BT P RZEE, y(p &) EEE PxR LA EIA-
BN, BRI AT PASZ i  30(25) LT SUp A mln FIIFE , 133000~ B4 H Ax e 20% 3

supmin y (X, p,x) = mlnsup;((x p,K)

pep K peP

= min A+ max Y. p L *ﬂ(o(x,é“)—'ﬂ

peP i1
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MR e 1 A7,
m ) , i
max > p {E(Q(x,é )-n) } (33)
= inf 92+ipi°(zi*—zi’)+7r (34)
2,2t 7 i1
stz +z, —z2<0,i=1---,m, (35)
2 L
—V, <7/ -z +7,i=1---,m, (36)
1-p
Q(x,&')=x v,y 20,i=1-,m, (37)
zeR,, 7" eRT,z eR],7eR (38)

F @) Asup By [ Q(x, &) | FH(B4)~(38) i #fe, 5% W BE £ SR 5% 1 & ke [ mT 45 IR W 1
PeP

e AR, 2 2 =0, TSDRO-MCCM-CVaR R ALR AL Bl — B B B 73 AT B AL IL R A . 24 6 =0
i}, TSDRO-MCCM-CVaR #5845 A% jis =% e UG FE 5 (1) 9 B B BEATL R R R B A o 2 m (R4 B A /N B
fii, B PREEFEAR ARG, ] DL SRARZRPE LR 7] /(26)~(32) 75 2] TSDRO-MCCM-CVaR [ @ F)H
. (H2, US5REANBEZ HE, BHRARIE AN KRR 2 PRI = A K B 1

3. FAMHE GA E3xKR#® TSDRO-MCCM-CVaR

AT, Wit T — 92 il (8% 50 (RNGA) [13] [14]9 A8 46 % TSDRO-MCCM-CVaR 13K i .
XFE—K, GAMZMGER. Jetfk, AR fE. WM E)EN TA M, M REARGE—4 DM
IR FAS B Rk Rt = F B 4Lk

1) MANBEEFF YIRS . B, MERMAYEE, SRR EMEE SR M
WIREA T, FRREAS I LS8 A B LRI RO 4 77 = A2 . FERENLPTAG i FE o, PIRE S R BLR &M
ARG B o T L ) 850 2 38 B9 (1 B R AR 5 TR I A R vk . RIUE,  FEAS PR 48 2% 23 8] 1) 15
BUR, KRR o — AN RS R B, RO, AT DU R A TR AR B . 6 T e pk
MIgmbdik e, AT S bR AT RO R R PR A AR 2 o R A S SERR I T B, SR
SEE GRS T

2) HiF Sk X E—ARMA AT VAL S, SOB B A A — N R . e, AR
PEAAIE B AR AT HE T o GBI iR M M S AT A . — BAMEBEHET, MR DL
PBENLAI T IR . 7E GA B 5 N, FH9E 3 AR & Mk B e 8 A28 2~ — AR AE R T
R BT, GRS WA BEVLEEE B M, 1E N R — AR, XM EANER,
LR NAZ SURAS A 45

3) RN JFiFEMA Rt fE . T AERFRET AN EIRS I, [ e ANAR (A8 SOME 2 AR S W 2 06k B9 1)
PERRIE SR KBS . BT DLASCR H S R RE S R TR 3 75, SRR R A it AT i — 2Btk . 7ETt
BRI, 38 G RAS SOME AN AR S MR R (KRR IR TR B 2 B, RAER LI 2R )5 1,
N T ARAF IR H ARG A, R G M BRI R IME, LRI R MR R B R A ) T AR R
A, HLakE SR AL i) B DR 45 44 T T e R N RS0 e PR AR R 155 1O

P T 2 RN T ) S A 2R M R ), AR SCROR IR RCRE L R, IFEARIN A S BT INn T A
AN P 1T S B
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4. BUERBISTHR

BT &R TSDRO-MCCM-CVaR #i%4, 7 3G UEFTHEH ) Waserstein 73 A7 €3 U A (1) kb
AR R . IrA BUE TR — G 5 PSS, T4 2.30 GHz, 17 32 GB [ o L ik47 .
SofF A SR SEBRBUE R0, R T RARMARS TR (Natural Forest Protection Project, NFPP) 1%k 1 2 4
[10]. MRBHr A BRAEA @R AL, NFPP AP A IEHITBUT G 1 20 MRIRF ={f, f,,--, f,0} -
AR B {E e=1, Wasserstein A~ i &2 Bk 4R ) * 1% 6{0.01,0.02,0.04,0.06,0.08,0.1} , M [ & %
2€{0.2,0.4,0.6,0.8,1} . A AT BUFHIHIAEE ., LUSHH LA R B 1o B MG S 8dfE v %0,
IEURF R 1) B R R IR /N R R L4031 2 9.5 1 6.5 b X [H)[6.5, 9.5]%!4r Bk 3 AN/IMX [a], it
N 3 BhATREM BT R St MRS P TR E s, HAMIT IR AE R RIS HE S, RFLLESHI
i, LL Wasserstein R 254 FE & T B € — N A€ 5, RIS 256 43 A B AL AE BOMASE 9
N =100, 200,---,3000 f¥jFE A K dfE .

Table 1. Initial information data for decision makers

® 1L ORREVBESHE

i AEEN o WBRAREN AR 0 WEER o RERARMEN RERHC
1 5.7 12 11 2 4.2 15 13
3 6.3 11 16 4 6.7 1.0 16
5 4.9 14 12 6 6.2 11 12
7 5.3 13 13 8 53 12 14
9 2.8 2.1 0.9 10 6.1 13 15
11 3.2 18 1.0 12 55 11 11
13 45 14 14 14 38 16 11
15 6.8 11 15 16 4.9 12 13
17 7.1 0.9 18 18 4.6 15 14
19 3.6 19 1.0 20 5.0 16 15

Table 2. The best Results of TSDRO-MCCM-CVaR model with different values of parameters
# 2. TSDRO-MCCM-CVaR #E R R RS HEVE TR sk

0 A PASAYSYS N RS A 0 i LS A IR A
0.01 0.2 27.75 3.17 0.02 0.2 28.03 3.24
0.4 31.12 6.54 0.4 31.36 6.57
0.6 33.86 9.28 0.6 33.92 9.13
0.8 37.01 12.43 0.8 37.48 12.69
1 42.26 17.68 1 42.8 18.01
0.04 0.2 27.83 3.47 0.06 0.2 27.98 3.37
0.4 30.69 6.33 0.4 31.03 6.42
0.6 33.3 8.94 0.6 33.87 9.26
0.8 37.13 12.77 0.8 37.19 12.58
1 42.18 17.82 1 42.23 17.62
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Continued
0.08 0.2 28.03 3.44 0.1 0.2 28.51 3.35
0.4 31.18 6.59 0.4 31.55 6.39
0.6 33.72 9.13 0.6 34.13 8.97
0.8 37.3 12.71 0.8 37.77 12.61
1 42.53 17.94 1 42.99 17.83

TSR A SR ) TSDRO-MCCM-CVaR AT K& EUE S5, & 2 TG ), Wasserstein
AN 8 BREE P12 O AR AL, 23 SR BY SR AR 25 S~ AR KIS . 0 ML 0.01 35K 5 0.1, il iAk R
GWE), HERRE BT RERMEBRRAER-S 0 KM K, #52, Wasserstein AN e Bk
SRR, BRI . WRPIETTLUE H, FRREE A IR, BB 25 A R R <
(1, I IR 52 MRS, SRR SRR T X aT B R AE 3L X, 75 2 1E 2k

—%— TSDRO-MCCM-CVaR
—%— SP-MCCM
28 | .
®
= k
g
=
=
4
N\
27 .
S S S S S S S S S T S S S T S, S S S S, T — —, —— —, — —, o —,
0 500 1000 1500 2000 2500 3000

FEA S
Figure 1. Comparison of the results of SP-MCCM and TSDRO-MCCM-CVaR
[ 1. SP-MCCM %1 TSDRO-MCCM-CVaR KIZ5 R ¥t

*21=0,6=0H, TSDRO-MCCM-CVaR BN SP-MCCM 57!, 1ZAR AN 18 w58 KUK T s oK
(AT RESEI . A SCEHL A = 0.2,0 = 0.01 15 f) TSDRO-MCCM-CVaR 5 SP-MCCM #E47%f b . M S 1 dhaf
DIEH, HIT TSDRO-MCCM-CVaR AN £ G 14 52 BN A B0 B0s 1 semal, By LGS S 2 00— & 13l
P, TEREARHCH 2900 B, A EIEAM HARME 27.75, 1 SP-MCCM 45 R1E R 26.72. BIRMA N KE,
JE AR TR /N, AR 5 35 TR R 2 R A IR AN s Mg, RSB IR S o AN SRRy SRR S5 1) ) 5 5% 1
AR SCHE AR TE N A LS rh B R R B, HLURSEE AT DR 2 R AR R i, RIS [F] (1
A REL, fFRER L R
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5. &R iB

A SCAE T/ N AR FE Y B, 25 FR B AR T YR SRR XS AN 2 M. DM 1 4R 55 i e R 352 IR
W52 B n] Bedt o N R BCE oA rT ge R R s, MELAF e ifE . E ALY 7R 00 R T KR A X T
5 IR SR IE 5 . A3 DMs (AN E sk B T 10 R0 8dE, Rz, EEURMFIT, W]
DA Rt i & DMs IR AS . (H2, BB EIXMINERA — @RS A e . Bk, AR H
DATE AT IAT AL, D3 TR B, SR TR A RO R R T . A E
LR S EAREARSFIRIU AT $E ~, B i st 2050, UL Wasserstein A 25 1E N B LA, M
Wasserstein AifiE Bk . ZEAEE T ULR MO, —EgHEE RN RIIE 51, AEAE
R — AT RFATZIE , E— @R R BRI S . R, SR —Fhsus () RNGA Skt
ARSI HEAT A HOb R . BUEAL R, TSDRO-MCCM-CVaR #5855 N5 & Bl gz vh & 24 i S 15 5,
H e sk 38 v US4 T AR LT, RIEE A F KR R4, 15 M R4 3R
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