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Abstract

This paper studies the capacitated electric vehicle routing problem (CEVRP) and formulates a 0-1
mixed-integer programming model that minimizes total fleet travel distance subject to vehicle-ca-
pacity and battery-energy constraints. Let C, F', and V denote the customer set, charging-
station-copy set, and extended node set, respectively. The binary arc variable x; and state var-

iables w;, and b, describe routing, residual load, and residual energy. Unique-service, flow-bal-
ance, load-recursion, and energy-recursion constraints define the feasible region, with objective
min Z = Z(i Jled d;x; . For this NP-hard combinatorial optimization problem, low-level heuristic se-
lection is modeled as a finite Markov decision process M =(S,4,P,R,y),and Q(s,a) isupdated by

the Bellman optimality equation to adaptively schedule operators. For candidate customer routes,
charging-station insertion restores energy feasibility, and a dynamic-programming recurrence
then optimizes the charging-station combination for the fixed customer sequence. Instance features
determine construction-strategy sampling weights during initialization. Thirty independent runs
are conducted on 17 IEEE WCCI 2020 benchmark instances. Differences are evaluated using the
Friedman omnibus test and Holm-adjusted two-sided Wilcoxon signed-rank post-hoc tests at
a = 0.05 . The results show that the proposed algorithm is overall competitive in Best and Mean, and
every reported solution satisfies the fleet-size, capacity, and energy constraints.
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Figure 1. An illustrative CEVRP delivery network
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Table 1. Notations of the CEVRP
% 1.CEVRP X EFS

(i) X

X ARG, HAT R 1, B 0

d; AL FN R RS

W, AR SE T R i RS S TR AR

q EIRNIE DS s

w TR IR B A

b AR BT 5 i I O 4 L R

h P B REAE R AL

B AR A

c FRRES

F YEE7s AR A

F' Fo R RI A S
RS

A IS

S el g R IR R FL BN AR R

BT Bl T, RABBLIEMLRIA CEVRP, YRR x, ZoR FMR SN (4, /) 1778, w55,
AR EM B ERES . AR S 2RmT.

minZ = d;x; €8
(ij)ea
> x =1 VieC,
i(ik)ed
. 2
> x; =1, VjeC
Jik.j)ed
Doxy= D x, VkeF' 3)
iV izk JjeV.k#j
w, <W-q,x,,, VjeC “
w, <w, —q,%; +W(1—xz.f), VieCuF',jeCuF'u{O'},(i,j)eA (5)
0<w <W, VieV 6)
b, <b —hd;x;+B(1-x,), VieC,je CUF'U{0'},(i,j)e 4 (7
b, <B—hdx,, Yie{0}UF',je CUF'U{0'},(i,j)e 4 ®)
0<bh <B, VieV (€))

RO FAMEAET M EATRE B . KQRIEREAN 2 A K G)IE 78 Ak B A (70T .
(@)% A TTRCIE L 5 IR EE . a5 HiA B I R AR (AL 3 . 3R PE B L5 . (D) fifiik
B R RV FE . 2(8) T AR T AT 3 O BT R S FEL I T S ) AR AR . SO E R R E
VuH . JRERRNARIRIZ R AE O, FF B AR B % P AR R 5 [ 58 BR A2 70 L

DOI: 10.12677/0rf.2026.165030 11 BE 51


https://doi.org/10.12677/orf.2026.165030

Wit 5

3. B3kt

ARSCEE A P B A A R . G2 R SR T R AR P R, R T
H A Ak B L 4y B AT AT I S B B 4% . BEWLAI AR Ak 17 55 RS &S 4, Q-learning 3 F 82 P 0
Tk, R 7S HAR AL 1 T e B ) B AT AT P AR Ak . [ 2 4 H AR AR

R4E SLHIRBERE WG Vo, FIIHRT 50 5QE QGs, @)

;
[ o7 e ]

I GE R R AT R
2 PR AR
RS LT B IR B

2 E iR E SRS SR ?

i

[ yl, <« Y’o, Wbest — ¥ ]
!
{ He-greedy N B R RE Fith 7 FEBEINE a ]
v
[ PATIE a, HERBIFEF P ]
)
[ Vg < ¥ ]
\
T:
| = max(M, 1) 1+ ) ]
v
[ Qsis(Sy @) «— Qusiy a)) + @ [1+ Y (aerr) QSesr @) — Qu(sy @1)] ]

¥

[ V) — Yup St < Sy ]

Figure 2. Overall procedure of the proposed algorithm

B 2. BEBERE

I IT B BRI AT 3G BEAL 0 5 51 4 B R A AR A 4 e T S MR B L e 15— R SR . T

DOI: 10.12677/0rf.2026.165030 12 BE 51


https://doi.org/10.12677/orf.2026.165030

Wt &

I TR AR R R B B LRI P ARG, JoHAT 2-opt BEEE,  FLIELEE B AR S AR AT R R AT AR
LI E S % E FWE K A8, W EMRATHT A IR 7. EEARRIER S, BRI
BRI AT AT A A IR -

% P ER AR AR A AT REAT 5 78 HL U G AR, TRl Ik iz ik 06 Z5LE B bRAE PEAN BT 28T 5 ] g A 78 B ARk
FURIRE PR T R ER R E, JETEEEIIA TN & MEAZAT RN BN T IA T H s, . TR
BAATIHAE, BEEMBRICRA R B R EEN Bl R P o5 B m Py iE B 4 R . e
BME TG, AR OO IR B 2R, TR T T [ 52 1 2% A T R FH B AS RLRI 7 st 4H A
BEATARA o AN 28T 7 G200 B T A ELV R R 2O RN, A B T R %I R B[] 8 AR A R4 6]
(4 3),

Loz 3 e s o)
| A
Lo e J )2 )7 ) e e e e s Jo ) o)
| mig

ISR ERENE N KA BN EREY

=L DYORNERE 75 () FEmss GEAN)

Figure 3. Charging-station insertion and redundant-station removal illustration
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Algorithm 1. Main search loop
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Table 3. Main parameters of the proposed algorithm
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4.2. SEBEEANERER

K C# TAMLS. BACO. CACO-I. CACO-D #1 QHH 1E %t b33k . &5 1 Us FH R BT 98 b 1 2 0%

B. & 447 Best. Mean Ml Stdo M Best &, ACHIELE 15 N LA RS FIRA, Hd 10 ™
eiflt, 5 A AIHFFIEA. X-n214-k11 Fl X-n351-k40 [¥] Best 5T QHH. Mean 7 14 ANSZH_E ik 5ok,
HH A, o 9 MR RAL, 5 AN AIEFIERAL . E F/NIRE S H LA 2 AR 45 58, W 2 MR
AR R Y R [ — R R . MU S, Bk ZERE S RI. BPEGEE 150 9 A4S X st
i, ARSCEEAE 7 A S EIUR FEAR Best, JRAE 7 AN SEBI S B K Mean. X-n685-k75. X-n819-k171.

X-n916-k207 Fl X-n1001-k43 EAMRABNHE . SHFER, X-n214-k11 5 X-n351-k40 1] Best 1 Mean
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Table 4. Comparison of values on 17 CEVRP instances
& 4.17 /> CEVRP % EREERTEE

No.  Time/h Metric TAMLS BACO CACO-I CACO-D QHH Ours

Best 384.67 384.67 384.67 384.67 384.67 384.67

1 0.167 Mean 385.12 384.67 384.67 384.67 384.67 384.67
Std 0.45 0.00 0.00 0.00 0.00 0.00

Best 571.94 571.94 571.94 571.94 571.94 571.94

2 0.167 Mean 571.94 571.94 571.94 571.94 571.94 571.94
Std 0.00 0.00 0.00 0.00 0.00 0.00

Best 509.47 509.47 509.47 509.47 509.47 509.47

3 0.167 Mean 509.56 509.47 509.47 509.47 522.50 509.47
Std 0.09 0.00 0.00 0.00 13.03 0.00

Best 840.14 840.56 840.56 840.56 840.14 840.14

4 0.167 Mean 840.24 841.95 842.24 840.56 840.14 840.14
Std 0.10 1.41 1.68 0.00 0.00 0.00

Best 529.90 529.90 529.90 529.90 529.90 529.90

5 0.167 Mean 542.65 530.41 529.90 529.90 529.90 529.90
Std 12.75 0.51 0.00 0.00 0.00 0.00

Best 692.64 692.64 692.64 692.64 692.64 692.36

6 0.335 Mean 714.14 693.03 693.43 692.64 692.89 693.66
Std 21.50 0.39 0.79 0.00 0.34 223

Best 855.87 837.89 840.25 838.93 834.22 833.85

7 0.904 Mean 879.88 845.24 843.53 840.41 837.81 837.63
Std 24.01 7.35 3.28 1.48 3.59 2.46
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Best 16634.27 16064.74 15917.57 15903.53 15897.24 15864.52
8 1.002 Mean 17514.75 16164.15 16005.88 15946.53 16036.62 15893.00
Std 880.48 99.41 88.31 43.00 139.38 11.35
Best 11993.25 11199.52 11114.60 11610.88 11078.27 11083.96
9 1.174 Mean 11993.25 11329.23 11230.00 11713.91 11162.29 11174.74
Std 0.00 129.71 115.40 103.03 84.02 35.77
Best 27300.61 26594.68 26469.12 27753.89 26409.67 26478.20
10 1.667 Mean 27322.69 26862.02 26637.70 27968.96 26570.48 26630.16
Std 22.08 267.34 168.58 215.07 160.81 62.32
Best 26329.44 24900.99 24824.25 25802.71 24561.65 2445423
11 1.667 Mean 26329.44 25049.08 24969.84 25928.03 24785.40 24582.69
Std 0.00 148.09 145.59 125.32 223.75 81.43
Best 53447.51 52349.36 53979.95 52831.60 51551.36 51465.87
12 1.667 Mean 53447.51 53178.35 54625.80 52951.81 51692.69 51626.76
Std 0.00 828.99 645.85 120.21 141.33 117.21
Best 71936.75 71726.16 71966.24 75998.30 70916.83 69412.69
13 1.667 Mean 71947.72 72206.92 72572.22 76498.85 71342.06 69716.47
Std 10.97 480.76 605.98 500.55 425.23 129.43
Best 80201.48 80437.08 80410.09 82985.97 79322.23 79169.36
14 1.667 Mean 80201.48 80830.13 80828.41 83291.54 79608.60 79453.93
Std 0.00 393.05 418.32 305.67 286.37 165.52
Best 166946.98 164933.60 165074.94 166187.29 161881.70 160012.34
15 2.000 Mean 166948.77 165581.88 166360.50 166525.12 162419.50 160349.22
Std 1.79 648.28 1285.56 337.83 537.80 126.97
Best 344217.72  343984.51 345428.58 343724.07 33629236  332373.35
16 2.000 Mean 344217.72 345744 .33 346616.98 344850.12 336850.15 332786.19
Std 0.00 1759.82 1188.40 1126.05 557.79 258.72
Best 78184.30 76842.26 78040.30 79412.98 75373.23 74638.66
17 2.000 Mean 78193.33 78186.81 79029.72 79773.83 75848.78 74983.91
Std 9.03 1344.55 989.42 360.85 475.55 190.60
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Table 5. Friedman average ranks and omnibus test results

5% 5. Friedman PS5 B FRIEER

RIS N Best Mean
TAMLS 4.529 4.853
BACO 3.765 4.000
CACO-I 4.059 3.971

CACO-D 4.471 3.971
QHH 2.353 2.382
Ours 1.824 1.824

7 44.063 36.657
P 2.25%x1078 7.02 x 1077
Kendall W 0.518 0.431

Friedman G455 7E Best 5 Mean b 3345 4875 Fh 5035 45 5 75 A AH 8] ) SR e o A SCRLVEAE I TR A
RN 1.824. Best 55 Mean (1) Kendall Wi 250 W 431105 0.518 1 0.431, 2 BN 2 (1) Bk 7
S B AT 2008 1Y S K

£ Friedman SRR RA RIS EE5, o —A RN Wilcoxon £ 5 k3 Gt e LA HIL S
BXFE SR, BEMKFN 0.05. FZEE K Pratt TZE AL, I FH B ELEHAT Holm A2 1E .
7 6 "FRIEUE N Holm BLIEJS ) p fH.

Table 6. Holm-adjusted p-values for two-sided Wilcoxon signed-rank post-hoc tests

< 6. WM Wilcoxon FFSTREFRIEA Holm KXIE p 1E

239 Best Mean
Ours vs TAMLS 0.00321 0.00160
Ours vs BACO 0.00321 0.00453
Ours vs CACO-I 0.00487 0.00453
Ours vs CACO-D 0.00321 0.00453
Ours vs QHH 0.01419 0.01812

ARG p (HBMET 0.05. A5 QHH /) Mean LL#4 0.01812, /2 F2H Mean HLEH K AR
L) p e ZRE-TRIRR. RNSRE SIZLHI 4R, EAR AR R A AR AT s E R a5 d
fLs, AR A Sefl B Rk L.

4.4. HRRSCIE

T RAHCR R bR Al . Full 8588505 . w/o RR KIABIRER . w/o DP ¢ [H & 2 7 v
TS RRITA . wio QL PABENLE F ik B A Q-learning 7 ik #%. FFANRRERA S EINIZIT
30 Ik, HARHRESSERFFAZ. &7 LSSy T2 B AR E G ISR R, IR RN R g )
KRG R %

7 KW, =AHERXS Best 5 Mean HIFMIAE . BERENESMEITEALIG Best A#5 LA 125 17 8 i
Ry 9 0.144%. #Fx Q-learning 51X+ /5 Mean (115 SLBIF IR H R, 9 0.062%. FERIIAEH 5
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Best T34 1E N 0.118%. Mean -T2 HEMEAL T 0.048% % 0.062% 2 [8] . 45 515 B A [F) R B i FH 5 s
BEPEAN 48 Fr i A4 -

Table 7. Summary of search-module ablation results

7. RRERHRME R

BN Best P11 18/% Mean T334 18/%
w/o RR 0.118 0.048
w/o DP 0.144 0.056
w/o QL 0.098 0.062
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Figure 4. Comparison of per-instance relative degradation across three ablation variants
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Figure 5. Normalized convergence trajectories on representative instances
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