E-Commerce Letters 3T R 55PFi, 2026, 15(9), 742-749 Hans i
Published Online September 2026 in Hans. https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2026.1591053

H [ B A YREC X S EH R ILRY
DDMOPSORZ iRz 14 BT E

iR, XATRE, KRwgt
MR S gt e, St SR

S GTIREEU (Eoal T R VL IS 5

Weks . 20264F7H21H; FHER: 20264F8H4H; KA HM: 20264F9H21H

R

X TR TR IR AL BEHRISRELERLGRIE BT R, #42 BirRT
FHIE(MOPSO)EW S S BRI P LFAEREAR, HURBHLARFERANZE. RFAWM
BEISEPRFE R ALk, ASCBIHHFRAE T —FhiH A 3% R KIDDMOPSO%3%: . RAZDT 5 UF R 51
WRRBAED B ER L Birm R R, KiEEES/\MERE BARULESTT R LSEl, BAEHLR
FiERE. SBRERKRY, DDMOPSORVERAEMASEEMERMERES, BBHBTEEERIK
SES TR, WRABRARYRIE T RA SN EHREPREEEEE 5B N L B AR TE
. ZENHERIE RS B R ERA T BT R SRSE, BT RE T et
BE. BRBERA. #ITRA R, BB/ SRR

X in

TR, £ HUL, DDMOPSORITREEVE, WRBGRMIL, EHREMAL

Design and Performance Verification of
DDMOPSO Algorithm for Optimization of
E-Commerce Logistics Distribution and
Marketing Strategies

Jiangyan Xu!, Yanmin Liu?*, Siwan Chen!

1School of Mathematics and Statistics, Guizhou University, Guiyang Guizhou
2School of Mathematics, Zunyi Normal University, Zunyi Guizhou

Received: July 21, 2026; accepted: August 4, 2026; published: September 21, 2026
“EIRSEE

SCES| M AR, XIRTRS, BRVYJT. DA AR IR RCIE S E B R AL ) DDMOPSO Sk it MR REIRED]. LT
15 45 1Fi8, 2026, 15(9): 742-749. DOI: 10.12677/ecl.2026.1591053


https://www.hanspub.org/journal/ecl
https://doi.org/10.12677/ecl.2026.1591053
https://doi.org/10.12677/ecl.2026.1591053
https://www.hanspub.org/

(GRAR A

Abstract

In response to the multi-objective optimization demands in core scenarios such as logistics distri-
bution path optimization and marketing strategy precision in the e-commerce field, the traditional
multi-objective particle swarm optimization (MOPSO) algorithm shows significant deficiencies in
balancing convergence and diversity, making it difficult to efficiently meet the actual needs of e-
commerce platforms for refined operation, quality improvement, and efficiency enhancement. There-
fore, this paper designs and validates a DDMOPSO algorithm tailored for e-commerce scenarios. By
using the ZDT and UF series benchmark test functions to simulate the actual multi-objective conflict
scenarios in e-commerce, the algorithm is compared with eight mainstream multi-objective optimi-
zation algorithms to verify its comprehensive performance. The experimental results show that the
DDMOPSO algorithm has a superior convergence speed and global search capability, effectively bal-
ancing the convergence and diversity of the algorithm. It can efficiently solve the multi-objective
balance problems in e-commerce logistics distribution, such as cost and timeliness, and in market-
ing strategies, such as recommendation accuracy and coverage. This algorithm provides efficient
and reliable technical support for complex multi-objective optimization problems in the e-com-
merce field, which is conducive to promoting refined operation of e-commerce platforms, reducing
operating costs, and enhancing user experience, thereby contributing to the quality improvement
and efficiency enhancement of the e-commerce economy.
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R TFAFRERBHIE ST, BTFESORATHEFZ LA, Vs Emit. 8
PP 6 PR TR . ANMEGHEERHET . BN R R O R, R TN 2 HiRfi . 2 B
FRARAL 7] i (Multi-objective Optimization Problems, MOPS) [ 4Z 0o FAE 75 T He 75 [A] i AbFE 22 /N AH B 2R 5
T4 R RN B Fr R E1]. K FRECAL 2] (Particle Swarm Optimization, PSO), £ H briitAk il @i
H I R RE, B FAAKE LY R B 2 H AR R A, AT R JE H 2 B ARRL T REIR AL 5L MOPSO
[3]. &4t MOPSO Joiifi /& LR M 5 (W SERR 75 3K, o2y RS TR SR B b A T R e 7 R e

S HATERXT MOPSO flift, $&H T 1% 2 m sl ik SR s [4]-[6], H R 707456 fi 17 55 s I sh s
500, ERCERZE . Biln, 8 XIRE AL TH(DAMOPSO) SEIg [7], TS [ J7ik[8] [9], H7h
LR ERAE[10], FREERHE A1), XL SEm I A H b S — 5 B

ARCHEH T DDMOPSO 3%, 5] NGB B W ks 25 B AR 725 FE fabm, et —Fh AT RS AL, LA
SRR EERE H R E R RE J1[12], TR S AU E A 2 H AR I AR A S T SE AR T R

2. EXTIE
2.1. ZERMALEE
TR %50, RACIE B AR MELE RS SR . GERCBE D Rtk S5 5,

DOI: 10.12677/ecl.2026.1591053 743 HLF 7 55 Ve


https://doi.org/10.12677/ecl.2026.1591053
http://creativecommons.org/licenses/by/4.0/

SR B MR 22 H R AL i L
% AR AL IR R — R iR 0

min F(x):(fl(x), f, (%), fy (x)) (1)
st g;(x)=0,i=12,-,q )
h (x)=0,j=12r
X=(X, %, Xp), X eRP
Horb, X FRRUSEZN, x FoRISETRPHIRERR, F(x)RnBERRE, f(x) 258 | R
BRAEL g,(x)20 (i=12,,q)Flh (x)=0 (j=12,,1) 5 AREAERMERL K.
2.2. RIFREE
KA BEERIIZ O AR ZOAXWF:
V, (t+1) = oV, (t)+cr, ( pbest (t)— X, (t))+c,r, (gbest, (t)- X, (t)) ®3)
X (t+1) = X; () +V, (t+1) 4)
o, t RRERIREL, o ZoRBHERE, o Mc, H¥IRT, HHBFEHRERN2, M ERAT0
A1 Z A BELE -
3. MOPSO E%i%it
3.1 W& EI=HIRE
E SRR R JETE R G BN G RIS, i3 & WA BT U REESH. IR
THE SRR (B AL AR AR) R BRAA I HFAE A2 R, THE AT

M M
R:[W ><1"(M/2+1)J -

M/2
™/

Hor, w RIS MRS SE (L R K), M RoR MBI AERE, ndon B EE, T RS is.

FEMEATSE: R 7 OuEh. BLR YRR REERTEE A, a5 i H Al E o ik 1 4L
UKL T3 o 58 SRR EE B D9 5E R B0 AT A KL 13 FE 1R RN

AREYES IRAT MR o B0 A 55 A e I TS e BRI 7R AT AR A e AL
(i > FNIIET 3TV Bl i v GEA R A S AR R =71k AR (RPN RR ISR (vl 1] ey A =S
SRR RS PR A% B L, R RS U 48 g D o 4% 3 B ARl 25 B M ok 1 Kok 18 B2, R B sBIR (IR
SRE PR P B KR I A% PAY LG %85 P58 s v FRORE T iE AT INIBR ), L A A7 A% ) 55 A A o S A A
BEAVFEHEN

3.2. ETHTRESHENBHER
FET ARSI ECHE P ER [13], TESR RN 7 1 RATIRESRHIE, M ATIRESRNEE, R T:
T()=(c(0).¢, ()6 (1), T(0)=(00,-,0)
Horp, ¢ FORBAREL o () RIBRFPHEDE | KL AESE t YO X RIS A, n RS AR T
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SR T AT e BT OIHN BN AT A UL, R0 7 24 R A B FERAT R, K
BT R G, (1) =, (t-1)+15 JRZ, 2K TAFURIT N0, RIS A EE A 6 (1)=0, M5 44
5 1 o L0478 SR A A R TR R - 37 B S A (1) = 0 o SEURHAL c () > 3 KL TR s
SURAE F AR, SRR A (6 LT R B A 7

Xoa (1) = X (0)+ 22576 (X, (6)= X (1) ©)
1
" n
Sob, CRRISRUEL 0 WEIERARE T, ub s AN I, ¢ RRBH, X, R
SRTFIROE, X, FFERFH TR, X, W H BB AR R PR
4. IWHRSNEERT
41 MARBMSHRE

RGBT ZDT [141H1 UF [15]3X B A FE v AR ZE , s R 0 1) A AE U mi s A2 9 26 8 4 1 1) (P 3
FRAS 55 I R HARAEAL) B A SR A (FH P HEFE R R P 5 7 76 FE I 2 H A1) 55 Wtz st . BN
A% H b4 532 NMPSO [16]. SMPSO [17]. MOPSO [3]. MOPSCD [18]. NSGAIII [19]. SPEAR [20].
DGEA [21], IDBEA [22]5 DDMOPSO ikt 47 %t FL I8 E 5 i 25 A 1 R
4.2. MR IEER

RAEARIEES(IGD) [231FEEARFA(HV) [24138 4 FH R Al 5 2 H bn b1 BE0 A0 B2 AW SO Al 22 R

(1) IGD & —TJE & 5L FT13 Pareto il fifde 5 H.5 Pareto IV (PF)Z A1 HIL P2 1254 M Be 45
B, TAB RN BR BE 150 B o D0 AR RO WACSICICR R 23 A 14 9 77 THD 2 IR
1
[Pl
Horp, S FoRmMRmE, P RARHSRENE, dist(x,S)RamE LA L1 s B R ENIEE.

(2) HV 22— I & FE IR N AR AR 5 2% fUFE B br 2 (8] v B BB DXCSAR R R PN 4R AR 1%
(BLBRORBR BE 15t ] fo 010 A 4R SO SRR AN 0 A VE W 7 T R I T . AR HV TR R A B 225 5
Z2=(2,,Z,,,2y) ZRGEPAE R DA Pareto B ARMESCICHI— > M

HV(S):S(XEUS[Q(X),zljx[fD(x),zD]j (8)

e 2,ref01]

IGD(P,S) ==Y dist(x,S) (7)

xeP

Hrh, S FoRmINMEE, S %R Lebesgue MIJE, D Fon HFR AL .
43. ARERDT

e 1 RIFE 2 X IGD Al HV X NPEAN R AR 3 T S0 B AR B0 5 B . RIS E — 178Uk 2o,
B3 BRI AN 4885, DDMOPSO 7 15 /NI i) &R 431 o5 1 10 ANF 9 ANt . K HH Friedman #&3E
BRI [25]33 4T X LA FT, SEBGBUEVE L. 3. UEW] DDMOPSO Sy fE L H 15 37 5 (1 03k B B b 36
PUSEAR, LR 5 P S AR L S S g% .
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Table 1. Experimental results of IGD performance indicators of DDMOPSO and 8 comparison algorithms on ZDT and UF series test
problems
%z 1. DDMOPSO 5 8 Attt B3E 7 ZDT #1 UF RILR )8 I1GD M AEHEFRSCIasE R

MWikA@ Reo NMPSO  SMPSO  MOPSO MOPSOCD NSGAIIl  SPEAR DGEA IDBEA DDMOPSO

Mean 2.9473e-2 1.0488e—1 1.5285e+0 1.2966e—2 8.2819e—2 1.7855e—1 1.2267e+0 5.2960e—1 3.2553e—3

ZDTL "4 (141e2) (048e-2) (549-2) (391e-2) (L37e-2) (3.1de-2) (2.69e-1) (7.93e2) (1.23e-4)
ZDT2 Mean 2.1687e—2 6.2243e—2 3.0402e+0 1.4828e—1 1.6344e-1 4.0712e-1 9.2717e-1 2.0047e+0 6.397%e—2
Std (2.67e-2) (1.34e-1) (1.38e-1) (2.36e-1) (4.88e—2) (1.38e-1) (3.08e-1) (2.45e-1) (1.82e-1)
7DT3 Mean 9.1998e—2 1.8999%-1 1.1761e+0 4.5027e—2 6.9550e—2 1.4794e—1 1.0005e+0 3.264le—1 3.7973e-3
Std  (2.02e-2) (7.53e-2) (9.98e-2) (5.45e-2) (9.51e-3) (1.47e-2) (2.51e-1) (3.69e-2) (1.70e—4)
ZDT4 Mean 1.9467e+1 7.6028e+0 1.0024e+1 2.0105e+1 2.2931e+0 1.7962e+0 6.9964e+0 2.6975e+1 6.9205e—1
Std (1.12e+1) (3.32e+0) (4.12e+0) (6.47e+0) (9.37e-1) (6.79e-1) (4.92e+0) (6.53e+0) 2.47e-1
ZDT6 Mean 2.2933e-3 1.8983e—3 5.5719e+0 5.0748e-3 1.2184e+0 1.1555e+0 3.0312e-3 4.4203e+0 1.7806e—2
Std (2.53e-4) (6.97e-5) (2.83e-1) (8.15e-3) (1.88e-1) (1.95e-1) (5.94e-3) (3.8le-1) 2.96e-2
UEL Mean 1.2311e-1 3.8679%-1 4.838le—1 6.9564e—1 1.2171e-1 1.328le-1 6.7888e—1 3.7813e—1 1.6642e-1
Std  (1.35e-2) (9.96e-2) (7.02e-2) (1.58e-1) (3.15e-2) (2.39e-2) (1.58e-1) (7.95e-2) 1.82e-2
UE2 Mean 8.5377e—2 9.8537e-2 9.9070e—2 1.3615e—1 7.5884e—2 7.2635e—2 1.7109e-1 1.6134e-1 7.9527e-2
Std  (6.71e-3) (9.86e-3) (6.30e-3) (1.50e—2) (5.14e-3) (7.41e-3) (2.04e-2) (1.83e—2) 5.55e-3
UE3 Mean 3.568le-1 4.5430e-1 4.6035e-1 4.0555e-1 4.6423e—1 4.3388e—1 5.6007e-1 6.0924e-1 3.3479%e-1
Std (5.31e—2) (5.77e-2) (3.52e-2) (9.54e-2) (1.34e-2) (1.86e—2) (3.73e—2) (2.64e-2) 3.35e-2
UF4 Mean 6.3767e—2 1.1126e-1 1.818% -1 7.6978e—2 8.8208e—2 8.5548e—2 1.1891e-1 1.0700e-1 6.3669e—2
Std (8.51e-3) (8.50e-3) (3.39e-3) (9.14e-3) (2.57e-3) (2.56e-3) (1.02e-2) (3.19e-3) 9.71e-3
UES Mean 1.6485e+0 2.8108e+0 2.6808e+0 3.8676e+0 1.1420e+0 1.1178e+0 2.963%e+0 3.0673e+0 1.8605e+0
Std  (4.49e-1) (5.15e-1) (3.82e-1) (4.29e-1) (3.56e-1) (1.88e-1) (5.87e-1) (2.50e-1) 2.27e-1
UE6 Mean 6.4390e-1 1.4121e+0 1.9873e+0 2.8804e+0 6.4688e—1 6.7952e—1 2.5635e+0 2.0025e+0 6.3802e—2
Std  (1.21e-1) (5.24e-1) (3.86e-1) (5.57e-1) (1.48e-1) (8.46e—2) (6.99e-1) (3.04e-1) 9.00e-3
UE7 Mean 2.335le-1 3.6160e-1 5.8056e—1 6.363%—1 1.7995e-1 2.0873e—1 7.1060e-1 4.5394e-1 1.4449e-1
Std (1.66e-1) (1.31e-1) (5.17e-2) (1.44e-1) (8.07e-2) (7.29e-2) (1.16e-1) (9.13e-2) 2.14e-2
UES Mean 4.8642e—1 3.8208e—1 4.2988e—1 7.7729%e—-1 3.4655e—-1 3.2018e—1 7.2307e-1 3.6417e-1 3.1817e-1
Std (1.02e-1) (4.13e-2) (2.71e-2) (1.41e-1) (4.06e-2) (1.52e-2) (1.24e-1) (3.99e-2) 7.13e-2
UE9 Mean 4.5301e-1 5.6648e—1 5.3213e-1 8.728le-1 4.7390e-1 4.9296e-1 7.7735e-1 5.4922e-1 1.8550e-1
Std  (7.13e-2) (3.67e-2) (2.88e—2) (1.46e-1) (3.77e-2) (5.58e-2) (1.25e-1) (6.03e-2) 1.91e-2
UF10 Mean 1.5397e+0 2.7801e+0 1.3708e+0 4.9747e+0 1.8141e+0 1.7808e+0 4.4397e+0 3.0934e+0 9.2969e-1
Std  (3.91e-1) (3.23e-1) (2.96e-1) (8.34e-1) (4.72e-1) (3.10e-1) (9.92e-1) (4.54e-1) 6.36e-2
Best/All 1/15 1/15 0/15 0/15 1/15 2/15 0/15 0/15 10/15

Table 2. Experimental results of HV performance indicators of DDMOPSO and 8 comparison algorithms on ZDT and UF series test
problems
%z 2. DDMOPSO 5 8 Attt B3k 7 ZDT #1 UF RFEMNK B8 E HV M REIEFRSCINLE R

WS Rav NMPSO SMPSO MOPSO MOPSOCD NSGAIIl  SPEAR DGEA IDBEA DDMOPSO
Mean 6.8954e—1 5.9067e—1 0.0000e+0 7.086le—1 6.1424e-1 4.9286e—1 6.8676e—3 1.5304e—1 7.2104e-1

ZDTL - oiq (18de2) (1L16e-1) (0.00e+0) (478e-2) (L46e2) (297e-2) (3.256-2) (4.77e-2) (1.29e—4)
o7,  Mean 431801 3883%-1 0.0000e+0 3.3653e-1 24555e-1 7.6257e-2 10371e-2 0.0000+0 4.09%4e-1

Std (28le-2) (L1%-1) (0.00e+0) (145e-1) (4.12e—2) (5.09e-2) (3.68e-2) (0.00e+0) (1.06e-1)
7DT3 Mean 5.7086e—1 5.3653e—1 1.4409e—3 5.7592e—1 5.5477e—1 5.0408e—1 3.5795e—2 3.6890e—1 6.0001e—1

Std  (7.71e-3) (6.35e-2) (4.27e-3) (3.88e-2) (6.43e-3) (1.49%e-2) (4.59e-2) (3.60e-2) (1.50e—4)
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ZDT4 Mean  0.0000e+0 0.0000e+0 0.0000e+0 0.0000e+0 1.8148e—3 6.3769e—4 0.0000e+0 0.0000e+0 1.7568e—1
Std (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (8.24e—3) (3.49e-3) (0.00e+0) (0.00e+0) (1.41e-1)
ZDT6 Mean 3.8976e—1 3.9006e—1 0.0000e+0 3.8733e—1 0.0000e+0 0.0000e+0 3.8893e—1 0.0000e+0 3.7529e-1
Std (2.24e—4) (6.73e-5) (0.00e+0) (6.25e—3) (0.00e+0) (0.00e+0) (6.10e-3) (0.00e+0) (2.57e-2)
UE1 Mean 5.3243e—1 2.6448e—1 1.7412e—-1 5.3666e—2 5.3847e—1 5.2110e-1 7.7362e—2 2.5277e-1 4.6717e-1
Std (2.66e—2) (8.43e—2) (5.13e—2) (5.66e—2) (3.35e-2) (2.94e-2) (7.73e-2) (6.99e-2) (2.44e-2)
UE2 Mean 6.1711e-1 6.0989e-1 6.1211e-1 5.4726e—1 6.2584e—1 6.2715e—1 5.1391e-1 5.0594e-1 6.2977e-1
Std (6.36e—3) (1.02e-2) (5.36e-3) (2.01e-2) (4.98e-3) (7.81e-3) (2.19e-2) (2.03e-2) (5.63e—-3)
UE3 Mean 2.8961e—1 2.1083e—1 1.7958e—1 2.3295e—1 1.9472e—-1 2.2292e-1 1.2369e—-1 9.7502e—2 3.1329%e-1
Std (4.24e-2) (5.14e-2) (2.74e-2) (7.06e-2) (1.04e-2) (1.63e-2) (1.87e-2) (1.62e-2) (2.35e-2)
UE4 Mean 3.6430e—1 2.9215e-1 2.1217e-1 3.3521e-1 3.2307e-1 3.2413e-1 2.8092e-1 2.9596e—-1 3.5449e-1
Std (8.45e-3) (9.91e-3) (3.29¢e-3) (1.17e-2) (3.30e-3) (2.91e-3) (1.09e-2) (4.09e-3) (1.22e-2)
UES Mean 0.0000e+0 0.0000e+0 0.0000e+0 0.0000e+0 3.1665e—3 6.4959e—5 0.0000e+0 0.0000e+0 0.0000e+0
Std (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (1.32e-2) (3.56e—4) (0.00e+0) (0.00e+0) (0.00e+0)
UE6 Mean 1.6352e—2 1.5608e—3 0.0000e+0 0.0000e+0 2.6216e—2 1.2376e—2 0.0000e+0 0.0000e+0 3.5403e-1
Std (2.28e—2) (5.69e-3) (0.00e+0) (0.00e+0) (2.60e—2) (1.61e—2) (0.00e+0) (0.00e+0) (1.16e-2)
UE7 Mean 3.5423e—1 1.9480e-1 5.2409e—-2 3.4276e—2 3.6110e—1 3.3252e—1 2.0500e—2 1.0227e-1 3.7266e-1
Std (1.12e-1) (1.03e-1) (2.92e-2) (4.23e-2) (6.47e-2) (5.82e—2) (3.31e-2) (5.47e-2) (2.84e-2)
UES Mean 2.7993e—1 1.7472e-1 2.6929e—-1 8.1345e—3 2.4801e—1 1.8413e—1 2.3176e—2 1.7398e—1 3.2358e-1
Std (6.66e—2) (3.88e—2) (3.25e—2) (1.21e-2) (4.36e—2) (2.98e-2) (2.34e-2) (4.52e-2) (1.11le-2)
UE9 Mean 3.2353e-1 2.0421e-1 2.6107e-1 3.0577e-2 2.8419e-1 2.5555e—1 6.7747¢—2 2.0399e-1 5.6252e—1
Std (6.60e—2) (3.68e—2) (2.33e—2) (3.38e—2) (3.24e-2) (5.13e—2) (4.60e-2) (5.10e-2) (1.91e-2)
UF10 Mean 0.0000e+0 0.0000e+0 8.4564e—7 0.0000e+0 0.0000e+0 0.0000e+0 0.0000e+0 0.0000e+0 9.2150e—2
Std (0.00e+0) (0.00e+0) (3.88e—6) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (0.00e+0) (5.76e-3)
Best/All 2/15 1/15 0/15 0/15 3/15 0/15 0/15 4/15 9/15
Table 3. Friedman rank test results of IGD and HV values for the DDMOPSO algorithm and eight comparison algorithms
%z 3. DDMOPSO EAF/\ AN 3FLL B AR IGD {EH0 HV {E/Y Friedman #0845 R
ZDT1-4,6 UF1-10 Overall ZDT1-4,6 UF1-10 Overall
S Friedman Friedman Friedman Friedman Friedman Friedman

ank ank rank ank ank rank

test test test test test test
NMPSO 3.4 2 3.1 3 3.2 2 3.1 2 3.1 2 3.1 2
SMPSO 3.8 3 5.7 5 5.07 5 4.1 4 5.7 5 5.17 5
MOPSO 8.4 9 5.9 6 6.73 7 8.1 9 5.75 6 6.53 7
MOPSOCD 4 4 7.5 8 6.33 6 3.7 3 6.75 7 5.73 6
NSGAIIl  IGD 4.4 5 3.3 4 3.67 3 HV 45 5 3.3 3 3.7 3
SPEAR 5 6 3 2 3.67 3 5.7 6 3.9 4 45 4
DGEA 6 7 8.1 9 7.4 9 6.5 7 7.65 9 7.27 9
IDBEA 7.8 8 6.6 7 7 8 7.3 8 6.95 8 7.07 8
DDMOPSO 2.2 1 1.8 1 1.93 1 2 1 1.9 1 1.93 1
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