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Abstract

This study addresses the electric refrigerated vehicle routing problem under a mixed
public–private charging mode. An optimization model is developed with the objective of
minimizing total cost. The model jointly considers vehicle load capacity, battery capacity,
customer time windows, refrigeration energy consumption, cargo damage cost, and the
heterogeneity of charging resources. To solve this NP-hard problem, an improved Grey
Wolf Optimizer is proposed. The algorithm enhances solution quality and convergence
performance through elite individual selection, a “destruction–repair” operator, and an
adaptive position update strategy. Experimental results based on modified Solomon
benchmark instances show that the proposed model can effectively capture the operational
characteristics of electric refrigerated distribution under mixed charging scenarios. The
proposed IGWO is compared with GA, GWO, and ALNS over multiple independent runs,
and the results reported as means ± standard deviations demonstrate its competitive
solution quality and robustness. These findings provide theoretical support for optimizing
electric cold-chain distribution systems and coordinating charging resources.

Keywords: public private charging stations; electric vehicle routing problem (EVRP);
improved gray wolf optimization (IGWO); cold chain delivery

1. Introduction
With the implementation of China’s 15th Five-Year Plan and the continued advance-

ment of the “dual carbon” strategy, electric cold-chain logistics has emerged as a key
direction for enhancing agricultural product circulation, reducing food losses, and promot-
ing low-carbon freight transportation. The Outline of the 15th Five-Year Plan emphasizes
the improvement of agricultural product markets and circulation networks, as well as the
development of warehousing, preservation, and cold-chain logistics systems [1]. From an
economic perspective, cold-chain logistics is also expanding rapidly. According to data
released by the China Federation of Logistics and Purchasing at the 17th Global Food
Cold Chain Conference, the global cold-chain logistics market reached approximately
USD 363.8 billion in 2024, with China accounting for more than 20% of the global market.
In the first half of 2025, China’s food cold-chain logistics demand reached approximately
192 million tons, representing a year-on-year increase of 4.35%. Meanwhile, the total lo-
gistics value reached approximately CNY 4.7 trillion, representing a 4.21% year-over-year
increase [2]. Nevertheless, China’s fresh agricultural product circulation still faces relatively
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high loss pressure. According to the Ministry of Agriculture and Rural Affairs of China,
the cold-chain transportation rates of fruits and vegetables, meat, and aquatic products in
China are 35%, 57%, and 69%, respectively, while the average level in developed countries
exceeds 90%; taking meat as an example, the circulation loss rate in China is about 12%,
compared with only 3% in the United States [3]. Therefore, improving cold-chain logistics
efficiency has important implications for reducing cargo losses, ensuring food safety, and
lowering distribution costs.

The electrification of freight vehicles and the rapid expansion of charging infrastruc-
ture further provide practical conditions for the development of electric cold-chain logistics.
According to the International Energy Agency’s Global EV Outlook 2025, global sales of
electric medium- and heavy-duty trucks exceeded 90,000 units in 2024, increasing by nearly
80% year on year, with more than 80% sold in China [4]. In China’s commercial vehicle
sector, new-energy commercial vehicle registrations increased from about 333,000 in 2023
to 546,000 in 2024, and the penetration rate rose from 11.3% to 19.0% [5]. In the refrigerated
transport sector, China Daily reported that 29,474 refrigerated trucks were sold in China in
the first half of 2025, up 18.19% year on year; among them, sales of new-energy refrigerated
trucks reached 10,548 units, up 119.61% year on year, and their market penetration rate
reached 35.8% [6]. Meanwhile, China’s charging infrastructure has continued to expand
rapidly. According to the National Energy Administration, by the end of March 2026,
the total number of EV charging facilities in China had reached 21.481 million, including
4.863 million public charging facilities and 16.618 million private charging facilities [7].
In addition, China’s Three-Year Action Plan for Doubling EV Charging Service Capacity
proposes that, by the end of 2027, 28 million charging facilities will be built nationwide,
providing more than 300 million kW of public charging capacity and meeting the charging
demand of more than 80 million electric vehicles [8]. These developments indicate that
electric refrigerated distribution has entered a stage of rapid application, but its opera-
tional efficiency still depends on the coordinated optimization of routing, battery energy
consumption, refrigeration demand, and charging resource selection.

Existing studies also support the need for integrated optimization in this field. Cold-
chain distribution route optimization generally needs to consider transportation cost, refrig-
eration cost, cargo damage, carbon emissions, and customer time-window constraints [9].
More specifically, logistics distance has been recognized as an important factor influenc-
ing transport-related carbon emissions. The concept of food miles emphasizes that the
spatial separation between food production and consumption affects the carbon footprint
of food supply chains. Lee and Stoeltje [10] estimated food transportation distances and
associated CO2 emissions across highway networks, showing that road-based logistics
distance is closely related to the carbon burden of food distribution. From the perspective
of freight vehicle decarbonization, Maggini et al. further demonstrated that the technical
and economic performance of zero-carbon road freight vehicles is strongly associated with
mileage, energy consumption, and operating conditions [11]. These studies indicate that
reducing unnecessary travel distance and improving route efficiency are important not
only for lowering distribution costs but also for reducing transport-related emissions.

Compared with conventional cold-chain logistics, electric cold-chain distribution fur-
ther involves the coupling of driving energy consumption, refrigeration energy consump-
tion, temperature-controlled delivery requirements, and soft time-window constraints [12].
In addition, charging decisions have a significant influence on electric vehicle routing, since
the state and availability of charging stations affect route feasibility, charging timing, and
overall distribution cost [13]. The rapid expansion of charging infrastructure provides prac-
tical support for EV deployment, but also creates new challenges related to infrastructure
planning, charging accessibility, and energy coordination [14]. Therefore, electric cold-chain
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vehicle scheduling under mixed charging conditions requires a more integrated modeling
framework that jointly considers routing, freshness preservation, charging constraints, and
heterogeneous charging resources [15]. Furthermore, due to constraints such as driving
range, battery capacity, charging time, and charging infrastructure conditions, the electric
vehicle routing problem is no longer a simple extension of the classical vehicle routing prob-
lem. It has evolved into an electric vehicle routing problem (EVRP) that requires integrated
decisions on routing, energy consumption, and recharging strategies [16–21]. Existing
studies have explored extensions involving time windows, partial recharging, satellite
customers, and heterogeneous fleets, driving EVRP research from basic feasibility models
toward more realistic and comprehensive operational optimization problems [16–18,20–22].

As research progresses, scholars have increasingly focused on the real energy con-
sumption characteristics of electric vehicles during operation. Existing studies show that
energy consumption is not only related to travel distance, but is also jointly affected by traf-
fic congestion, vehicle load, operating speed, and the charging process [23–28]. Therefore,
time-dependent traffic conditions, load–speed coupling effects, nonlinear charging func-
tions, and energy consumption uncertainty have become key directions in refined EVRP
modeling [23–27]. At the same time, some studies incorporate public charging stations,
mobile battery swapping, and charging station heterogeneity into routing optimization
frameworks. These works suggest that recharging decisions have evolved from a simple
“whether to charge” choice to a comprehensive decision problem involving when, where,
and at what cost to use different types of charging resources [29–33].

Compared with conventional distribution, cold-chain logistics must additionally con-
sider refrigeration energy consumption, cargo damage costs, and the impact of service time
on product quality [34–36]. Existing studies indicate that the cost structure of cold-chain
distribution exhibits strong multidimensional coupling [34,36]. Models based solely on
travel distance or driving energy consumption cannot accurately represent real-world oper-
ations. In particular, in electric cold-chain distribution scenarios, vehicle driving energy
consumption, refrigeration load, customer time windows, and recharging strategies interact
with each other, further increasing the complexity of the problem [34,35].

In terms of solution methods, as the number of constraints increases and the level
of coupling becomes more complex, the applicability of traditional exact algorithms to
medium- and large-scale problems is limited. Metaheuristic algorithms and their hybrid
improved variants have therefore become a major research focus [37–41]. Although existing
studies have made progress in improving solution efficiency and solution quality, several
issues remain in complex scenarios, such as poor initial solution quality, limited local search
capability, and a tendency to fall into local optima [37–40].

In summary, existing research still has limitations in several aspects, including insuffi-
cient representation of differences between public and private charging resources [42–44],
lack of systematic analysis of the interaction among driving energy consumption [34–36],
refrigeration energy consumption, and recharging decisions, and room for improvement in
solution methods under complex constraints [37–40]. Against this background, this paper
focuses on electric refrigerated vehicle routing for cold-chain logistics enterprises under a
mixed public–private charging mode. An optimization model is developed with the objec-
tive of minimizing total cost. The model integrates fixed vehicle costs, transportation costs,
charging costs, refrigeration costs, cargo damage costs, and time-window penalty costs
within a unified framework. Meanwhile, given the complexity of the constraints and the dif-
ficulty of solving the model, an improved Grey Wolf Optimizer is proposed. The algorithm
improves solution performance through elite individual selection, a “destruction–repair”
mechanism, and an adaptive position update strategy. This study provides theoretical
support for optimizing electric cold-chain distribution systems under mixed charging
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scenarios and offers practical guidance for enterprise charging strategies and distribution
planning decisions.

Compared with existing EVRP and cold-chain routing studies, the main contributions
of this study are fourfold.

First, this study develops an electric refrigerated vehicle routing model under a
mixed public–private charging mode. Unlike studies that treat charging resources as
homogeneous, this model explicitly distinguishes public and private charging stations in
terms of charging cost, charging power, and charger availability, thereby better reflecting
the operational characteristics of real mixed charging scenarios.

Second, this study integrates the operational characteristics of electric cold-chain
delivery into a unified cost-minimization framework. The model jointly considers vehicle
fixed cost, transportation cost, charging cost, refrigeration cost, cargo damage cost, and
time-window penalty cost. In addition, SOC-dependent nonlinear charging, charging-
station queuing, and link-based time-dependent travel time are incorporated to capture the
coupling relationship among routing decisions, charging behavior, refrigeration operation,
and traffic conditions.

Third, an improved Grey Wolf Optimizer is proposed to solve the highly constrained
electric refrigerated vehicle routing problem. The proposed algorithm improves the stan-
dard GWO through high-quality initial individual selection, a destroy–repair operator, and
an adaptive position update strategy, aiming to enhance initial solution quality, local search
capability, and the balance between global exploration and local exploitation.

Fourth, the effectiveness and robustness of the proposed model and algorithm are eval-
uated through numerical experiments based on modified Solomon benchmark instances.
Multiple independent runs, mean and standard deviation statistics, comparison with GA,
GWO, and ALNS, and sensitivity analyses of key parameters are conducted to provide
more reliable evidence for the performance of the proposed approach.

These contributions provide methodological support for electric cold-chain vehicle
routing optimization and offer practical implications for logistics enterprises in coordinating
delivery routes, charging decisions, and public–private charging resources under low-
carbon transportation scenarios.

2. Materials and Methods
This paper first clearly defines the cold chain delivery route optimization problem,

specifying the system boundaries and core decision factors. On this basis, it identifies the
key constraints and optimization objectives by considering the operational characteristics
of electric vehicles and the differences in charging infrastructure.

2.1. Problem Description

A cold chain delivery company operates a distribution center and a fleet of electric
delivery vehicles. All vehicles depart from the distribution center, complete their delivery
tasks, and return to the center. Within the delivery area, there are several private and
public charging stations. Private charging stations charge a fixed electricity rate, while
public stations charge a combination of a base rate and a service fee, with additional
variable electricity costs. The energy consumption of each electric refrigerated vehicle is
affected not only by vehicle load and travel speed, but also by road gradient, stop-and-
go traffic conditions, and ambient temperature. In particular, road gradient and traffic
interruptions influence driving energy consumption, while ambient temperature affects
both traction energy use and refrigeration demand. Therefore, this study extends the
original load–speed-based energy consumption function by incorporating these real-world
operating factors.
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The charging process is no longer simplified as a linear process with constant charging
power. In practical EV operations, the charging power varies with the vehicle’s state of
charge (SOC), and charging speed usually decreases when the battery approaches a high
SOC range. Moreover, vehicles may not be able to start charging immediately after arriving
at a charging station because chargers are limited and may be occupied by other vehicles.
Therefore, this study incorporates an SOC-dependent nonlinear charging function and a
shared-charger queuing mechanism to better describe the charging process under mixed
public–private charging conditions.

Instead of using a global constant speed for different time periods, this study further
constructs a link-based time-dependent travel time model. Each road link is assigned its
own distance, free-flow speed, basic capacity, and storage limitation. During peak periods,
link speed and link capacity are reduced to reflect traffic congestion. When the number
of vehicles on a link reaches its storage capacity, subsequent vehicles must wait upstream,
thereby capturing congestion propagation and spillback effects. Customers served by
the company have explicit time window constraints. Vehicles must arrive and complete
deliveries within the specified time periods. Arriving earlier or later incurs additional
costs. Considering constraints such as link-based time-dependent travel time, vehicle load,
battery capacity, SOC-dependent charging time, charging station queuing, and customer
time windows, the goal is to minimize the total cost by jointly optimizing charging station
selection and delivery routes.

2.2. Modeling Conditions and Assumptions

To facilitate problem modeling and algorithm design, the following assumptions
are made:

Assumption 1. Delivery routes are closed, and goods flow in a single direction only.

Assumption 2. Vehicle speed varies by road link and time period, and is determined by the
link-based time-dependent travel time model.

Assumption 3. Vehicle travel time is link-dependent and time-dependent. Each road link has its
own free-flow speed, basic capacity, and storage limitation. During peak periods, both link speed
and link capacity may decrease, and vehicles may experience upstream waiting when the storage
capacity of a link is reached.

Assumption 4. Public and private charging stations differ in charging power, charging cost, and
charger availability. The charging power is determined by the station type and the vehicle’s current
SOC level.

Assumption 5. A non-split delivery policy is adopted. Each customer must be visited exactly once
by a single vehicle, and the full demand of that customer must be delivered during that visit.

Assumption 6. EV energy consumption depends on vehicle weight, real-time load, travel speed,
travel distance, road gradient, stop-and-go traffic conditions, and ambient temperature. The effects
of road gradient and traffic conditions are reflected in the driving energy consumption function,
while the effect of ambient temperature is incorporated into both driving and refrigeration energy
consumption.

Assumption 7. Charging costs differ between private and public stations. Vehicles can prioritize
charging or traveling during low-cost periods or favorable road conditions.

Assumption 8. The EV charging process is represented by an SOC-dependent nonlinear charging
function. Vehicles may wait before charging when all chargers at a selected station are occupied.
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Assumption 9. Charging costs differ between private and public charging stations. The charging
decision of each vehicle is jointly affected by charging price, SOC level, charger availability, and
subsequent route feasibility.

2.3. Notation

To facilitate the formulation of the proposed electric refrigerated vehicle routing model,
the main sets, parameters, and decision variables used in this study are summarized in
Table 1.

Table 1. Notation Table.

Parameter Description of Symbols

O Distribution center
E Set of electric vehicles, k ∈ E denotes a vehicle
C Set of customers, i ∈ C denotes a customer
R Set of private charging stations
U Set of public charging stations
D Set of all nodes, D = {O} ∪ C ∪ R ∪ U
B Maximum battery capacity

Ed
ijk Driving energy consumption of vehicle k from node i to node j

fij(t1)
Energy consumption rate from node i to j, depends on time period t1 and traffic

conditions
fe Energy consumption rate when vehicle is empty
vij Vehicle travel speed
wij Vehicle real-time load
α1 Load sensitivity coefficient for energy consumption
β1 Speed sensitivity coefficient for energy consumption
dij Distance between nodes i and j, i, j ∈ D
e0 Basic energy consumption rate under empty-load conditions
λ1 Road gradient sensitivity coefficient for energy consumption

sin θij Road gradient angle of arc i − j
µ1 Stop-and-go traffic conditions sensitivity coefficient for energy consumption

Sij
Stop-and-go traffic intensity coefficient, which can be represented by congestion

level, number of intersections, or stop–start frequency
δ1 Ambient temperature sensitivity coefficient for energy consumption
T Ambient temperature
T0 Reference ambient temperature
a1 Fixed cost per vehicle
c1 Base electricity price
cd Travel distance cost per vehicle
c2 Service fee
α Electricity price fluctuation coefficient
t Charging time

qe
i Charging amount of vehicle e at node i
ρi Charging station type indicator, if i ∈ R, ρi = 0; if i ∈ U, ρi = 1
cc Charging price
εk Energy consumption per unit distance for vehicle k (kWh/km)
ρk ρk ∈ (0, 1), proportion of public charging in vehicle k’s route
tk Total refrigeration time required during operation for vehicle k
td
k Refrigeration time during vehicle k’s travel

tl
k Refrigeration time during vehicle k’s unloading

tc
k Refrigeration time during vehicle k’s charging

φk Refrigeration power of vehicle k

https://doi.org/10.3390/app16104700

https://doi.org/10.3390/app16104700


Appl. Sci. 2026, 16, 4700 7 of 29

Table 1. Cont.

Parameter Description of Symbols

cl
c Refrigeration cost per unit time for vehicle k

pt Conversion efficiency of vehicle k
β1 Loss coefficient during unloading
β2 Loss coefficient during non-unloading
t(n)i

Non-unloading time for customer i

t(u)i
Unloading time for customer i

qi Demand of customer i
c3 Unit cost of cargo loss

[ei, li] Service time window of customer i
c4, c5 Unit penalty cost for time window violation
δk

i Arrival time of vehicle k at node i
µk

i Departure time of vehicle k from node i
uk

i Battery level of vehicle k
uk

j,in Battery level of vehicle k upon arrival at charging station j
uk

i,out Battery level of vehicle k upon leaving node i after charging
zk

jh Selected feasible charging station h chosen by vehicle k after serving customer j
uih Minimum energy required for vehicle to travel from node i to charging station h
si Service start time of vehicle k
xk

ij 0–1 variable, xk
ij = 0 equals 1 if vehicle k travels from node i to j, otherwise 0

yk 0–1 variable, indicates whether vehicle k is used
yk

i 0–1 variable, indicates whether vehicle k charges at node i
SOCk(t) State of charge of vehicle k at time t

Ek(t) Remaining battery energy of vehicle k at time t
Pmax

s Rated charging power of charging station s
Ps(SOCk(t)) Effective charging power at charging station s under the current SOC of vehicle k
ϕ(SOCk(t)) SOC-dependent charging power coefficient

ms Number of chargers at charging station s
asr Earliest available time of charger r at charging station s
tarr
ks Arrival time of vehicle k at charging station s

tstart
ks Charging start time of vehicle k at charging station s

Wks Waiting time of vehicle k at charging station s
tdep
ks

Departure time of vehicle k after charging at charging station s

Tchg
ks

Charging duration of vehicle k at charging station s
A Set of directed road links
(i, j) Directed link from node i to node j
dij Length of link (i, j), consistent with the distance between nodes i and j
u0

ij Free-flow speed of link (i, j)
uij(t) Time-dependent speed of link (i, j) at time t

q0
ij Basic traffic capacity of link (i, j)

qij(t) Time-dependent traffic capacity of link (i, j) at time t
Kij Storage capacity of link (i, j)
ρjam Jam density used to calculate link storage capacity
τff

ij (t) Free-flow travel time on link (i, j) at time t
hij(t) Minimum discharge headway of link (i, j)

2.4. Energy Consumption and Refrigeration Model

Drawing on existing modeling approaches for electric vehicle energy consumption, this
study models the driving energy consumption of electric refrigerated vehicles as a function
of travel distance, vehicle load, travel speed, road gradient, stop-and-go traffic conditions,
and ambient temperature. Therefore, the relationship between energy consumption, vehicle
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load, speed, and distance is treated as part of the energy consumption function rather than
as an independent assumption [45].

fij(t1) = fe
(
vij, t1

)
·
(

1 + α1·
wij

wmax

)
·
(

1 + β1·
v2

ij

v2
max

)
(1)

According to the above formula, the vehicle’s load directly affects battery consumption:
a heavier load requires more energy to overcome inertia and friction, leading to higher
power usage.

Vehicle speed also influences battery consumption: the closer the speed is to the
maximum speed, the greater the incremental energy required.

Moreover, traffic conditions at different times of day impact vehicle speed, which in
turn affects battery consumption. During peak hours, congestion reduces speed, resulting
in relatively lower energy consumption; under off-peak or free-flow conditions, higher
speeds can increase battery usage.

2.5. Nonlinear Charging and Charging Station Queuing Model

To address the limitation of the linear charging assumption, this study introduces an
SOC-dependent nonlinear charging model. In practical EV charging, the charging power
is not constant over the entire charging process. The charging speed is usually higher at
low and medium SOC levels, while it gradually decreases when the battery approaches a
high SOC range. Therefore, the effective charging power at charging station s is defined
as follows:

Ps(SOC) = Pmax
s ·ϕ(SOC) (2)

where Pmax
s denotes the rated charging power of charging station s, and ϕ(SOC) is the SOC-

dependent charging power coefficient. The piecewise function of Ps(SOC) is defined as:

ϕ(SOC) =


1.0, 0 ≤ SOC < 0.60

1.0 − 2.0(SOC − 0.60), 0.60 ≤ SOC < 0.85
0.5 − 2.0(SOC − 0.85), 0.85 ≤ SOC ≤ 1.00

(3)

Compared with the original linear charging formula, this formulation avoids system-
atically underestimating the charging time in high-SOC ranges. In this study, the rated
charging powers of the depot, private charging stations, and public charging stations are
set to 100 kW, 80 kW, and 60 kW, respectively.

In addition, to represent competition for limited charging resources, a shared-charger
queuing mechanism is introduced. For charging station s, let ms denote the number of
chargers, and each charger maintains its earliest available time. When vehicle k arrives at
station s at time tarr

ks , its charging start time is determined by:

tstart
ks = max

(
tarr
ks , min

r=1,...,ms
asr

)
(4)

where asr denotes the earliest available time of charger r at station s. The waiting time of
vehicle k at station s is then calculated as:

Wks = tstart
ks − tarr

ks (5)

The departure time after charging is given by:

tdep
ks = tstart

ks + Tchg
s (SOCa, SOCb) (6)
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After the charging service is completed, the earliest available time of the corresponding
charger is updated to tdep

ks . This mechanism allows multiple vehicles in the same solution
to share the charging station service state. The resulting queuing time is further trans-
mitted to the calculation of time-window penalties, refrigeration cost, and subsequent
route feasibility.

2.6. Link-Based Time-Dependent Travel Time and Congestion Propagation Model

To address the limitation of the global constant-speed assumption, this study intro-
duces a link-based time-dependent travel time model. Since the Solomon benchmark
provides only the coordinates of the depot, customers, and charging stations, but does not
include real GIS road topology, a synthetic directed road network is constructed based on
geometric proximity. Specifically, a k-nearest-neighbor graph is first generated for all nodes.
In this study, k is set to 5. If the initial graph is disconnected, the nearest node pairs between
different connected components are gradually connected until the entire graph becomes
connected. Each undirected edge is then converted into two directed links with opposite
directions. For each directed link (i, j), its length is denoted by dij, its free-flow speed by
u0

ij, its basic capacity by q0
ij, and its storage capacity by Kij. According to the comparison

between the link length and the median link length of the whole network, each link is
classified as either a branch road or a trunk road. The free-flow speeds of branch roads and
trunk roads are set to 40 km/h and 60 km/h, respectively, and their corresponding basic
capacities are set to 600 vehicles per hour (vph) and 900 vph.

To reflect peak-hour congestion, the free-flow speed and basic capacity of each link
are reduced during peak periods:

uij(t) =

{
0.75u0

ij, if t falls within peak periods,
u0

ij, otherwise.
(7)

qij(t) =

{
0.65q0

ij, if t falls within peak periods,
q0

ij, otherwise.
(8)

The free-flow travel time of link (i, j) at time t is calculated as:

τff
ij (t) =

60dij

uij(t)
(9)

Furthermore, to describe vehicle accumulation and spillback, each link is assigned a
finite storage capacity:

Kij = ρjamdij (10)

Kij = ρjamdij
(
ρjam = 18

)
veh/km denotes the jam density. If a vehicle is ready to enter

link (i, j) but the current number of vehicles on this link has reached Kij, the vehicle must
wait upstream until the link becomes available. At the exit side, vehicles are discharged
according to the link service rate qij(t), and the minimum discharge headway is defined as:

hij(t) =
60

qij(t)
(11)

Therefore, the actual exit time of a vehicle from a link is determined by the larger value
between the free-flow exit time and the capacity-constrained discharge time. This design is
equivalent to a finite-storage point-queue model, which can capture both time-dependent
travel time and congestion propagation caused by multiple vehicles sharing the same
road network.
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It should be noted that the synthetic network is constructed because the Solomon
benchmark does not provide real GIS road topology or observed traffic flow data. Therefore,
the purpose of this network is to represent link-level time dependence and congestion
propagation mechanisms rather than to reproduce a specific real-world road geometry.

2.7. Objective Function and Constraints

The objective function retains the original cost structure, including fixed vehicle cost,
transportation cost, charging cost, refrigeration cost, cargo damage cost, and time-window
penalty cost. However, the travel time, charging time, waiting time, and refrigeration dura-
tion are no longer calculated solely based on static distance and constant charging power.
Instead, they are jointly determined by the SOC-dependent charging process, charging-
station queuing status, and link-based time-dependent travel time. Charging waiting time
and congestion delay are not counted as independent penalty terms; rather, they indirectly
affect the total cost by extending vehicle operation time, increasing refrigeration costs,
influencing time-window penalties, and altering subsequent route feasibility.

The fixed usage cost of EVs, which mainly includes vehicle purchase cost, fixed
insurance, and basic maintenance fees, is proportional to the number of vehicles used, as
expressed in Equation (12):

A1 = ∑
k∈E

a1yk (12)

The driving cost of EVs is proportional to the distance traveled, as shown in
Equation (13):

A2 = ∑
k∈E

∑
i∈D

∑
j∈D

dij·c1·xk
ij (13)

The charging cost of EVs is defined as in Equation (14):

A3 = ∑
k∈E

∑
i∈R∪U

yk
i [c1·(1 + αρi) + c2ρi]·qe

i (14)

The cooling cost of EVs is expressed in Equation (15):

A4 = ∑
k∈E

(
td
k + tl

k

)
·φk·

(
cl

c + pt

)
+ ∑

k∈E
tc
k·φk·

(
cl

c + pt

)
(15)

The cargo damage cost is given by Equation (16):

A5= ∑
k∈E

∑
i∈C

qi

[(
1 − e−β1t(u)i

)
+

(
1 − e−β2t(n)i

)]
c3 (16)

The time window penalty cost is defined as in Equation (17):

A6 = c4 ∑
i∈C

max
(

0, ei − δk
i

)
+ c5 ∑

i∈C
max

(
0,µk

i − li
)

(17)

The overall objective function is thus formulated as:

minA = (A1 + A2 + A3 + A4 + A5 + A6) (18)

Constraints:

∑
k∈E

∑
j∈D,j ̸=i

xk
ij = 1, ∀i ∈ C (19)

∑
i∈D,i ̸=j

xk
ij = ∑

m∈D,m ̸=j
xk

jm, ∀j ∈ (C ∪ R ∪ U), ∀k ∈ E (20)
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∑
i∈C

∑
j∈D

xk
ij·qi ≤ Qmaxyk, ∀k ∈ E (21)

∑
j∈D\{O}

xk
Oj = yk, ∑

i∈D\{O}
xk

iO = yk, ∀k ∈ E (22)

∑
h∈F

yjhk = ρjk, ∀j ∈ N, k ∈ K (23)

xjhk = yjhk, ∀j ∈ N, h ∈ F, k ∈ K (24)

Bjk ≥ Ejhk − M
(

1 − yjhk

)
, ∀j ∈ N, h ∈ F, k ∈ K (25)

zk
jh ≤ ∑

m∈D
xk

jm, ∑
h∈R∪U

xk
jh ≤ M ∑

h∈R∪U
zk

jh (26)

uk
j,in ≥ uk

i,out − uk
ij − M

(
1 − xk

ij

)
(27)

uk
j,in ≤ uk

i,out − uk
ij + M

(
1 − xk

ij

)
(28)

uk
i,out ≥ mineih, ∀i ∈ C, k ∈ E, h ∈ R ∪ U (29)

0 ≤ uk
i,in ≤ B, 0 ≤ uk

i,out ≤ B, ∀i ∈ D, k ∈ E (30)

tk = td
k + tl

k + tc
k, ∀k ∈ E (31)

0 ≤ uk
i ≤ B, ∀i ∈ D, ∀k ∈ E, uk

O = B (32)

∑
k∈E

xk
ij ≤ |H| − 1, ∀i, j ∈ D (33)

si ≥ δk
i , ∀i ∈ C (34)

si ≥ ei, Ei ≥ ei − δk
i , Li ≥ si − li, Ei,Li ≥ 0, ∀i ∈ C (35)

Constraint (19) ensures that each customer is served exactly once. Constraint (20)
is the flow balance constraint. Constraint (21) is the vehicle capacity constraint, which
ensures that the total customer demand carried by each vehicle on its route does not exceed
the maximum vehicle load capacity. Constraint (22) ensures that each activated vehicle
departs from the depot O and returns to the depot; vehicle k must depart from and return
to the depot. Constraint (23) ensures that if vehicle k needs to visit a charging station after
serving customer j, exactly one charging station is selected from the set of available public
and private charging stations. Constraint (24) links the charging-station selection variable
with the route decision variable, ensuring that if charging station hhh is selected, the corre-
sponding route arc from customer j to charging station h must be generated. Constraint (25)
guarantees that the vehicle has sufficient remaining battery to reach the selected charging
station. Therefore, the charging station is not predetermined simply by distance; instead, it
is selected jointly according to route feasibility and the total cost minimization objective.
Constraint (26) further maintains the consistency between the customer-departure decision
and the charging-station visiting decision. The first part defines the auxiliary variable
zk

jh according to whether vehicle k leaves customer node j. The second part restricts the
generation of route arcs from customer j to charging stations, so that a vehicle can travel to
a charging station only when the corresponding customer-departure decision is activated.
This avoids infeasible route structures in which a charging-station arc is generated inde-
pendently of the customer service sequence.Constraints (27) and (28) describe the battery
propagation relationship along each selected route arc. When vehicle k travels from node i
to node j, the battery level upon arriving at node j equals the battery level upon leaving
node iii minus the energy consumption on arc (i,j). The big-M term relaxes this relationship
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when arc (i,j) is not selected. Constraint (29) ensures that after serving a customer, the
vehicle has sufficient remaining battery either to continue to the next planned node or to
reach the selected feasible charging station for recharging. This constraint prevents infea-
sible routes caused by battery depletion and maintains the energy feasibility of the route.
Constraint (30) ensures that vehicle battery levels never drop below zero. Constraint (31)
ensures that the refrigeration time of each vehicle covers the entire cold-chain delivery
process, including traveling, customer unloading, and charging. In this study, temperature
control is ensured at the route-optimization level by assuming that each electric refrigerated
vehicle is equipped with a thermostatically controlled refrigeration unit. The refrigeration
unit operates continuously during traveling, unloading, and charging. Therefore, the
total refrigeration time of vehicle k is defined as the sum of traveling refrigeration time,
unloading refrigeration time, and charging refrigeration time. A route is considered feasible
only when the vehicle can complete the delivery process under continuous refrigerated
operation while satisfying the battery-capacity and customer time-window constraints. The
corresponding refrigeration cost and cargo damage cost are incorporated into the objective
function to penalize routes with excessive transportation, unloading, or charging duration.
Constraint (32) requires that at each node, vehicle battery levels are greater than or equal to
zero and less than or equal to the maximum battery capacity B; vehicles depart the depot O
fully charged. Constraint (33) is the subtour elimination constraint. Constraint (34) ensures
that the vehicle service start time cannot be earlier than the arrival time. Constraint (35)
allows for certain early arrivals and delays but requires paying the associated costs.

2.8. Improved Grey Wolf Algorithm
2.8.1. Greedy Insertion Algorithm for Initial Population Optimization

The initial population affects the search speed and direction of the algorithm in its
early stages. Randomly generating the initial population can maintain diversity, but if the
alpha and beta wolves generated randomly happen to fall into local optima, the search
process may deviate from the direction of the global feasible optimum, ultimately resulting
in infeasible solutions.

The improved Grey Wolf Algorithm enhances the selection mechanism for alpha and
beta wolves to improve the quality of the initial population. Alpha and beta wolves with
outstanding early performance are selected as the core of the initial population. First, the
fitness of each wolf can be calculated as:

f(Xi) = Objective Function Value of Xi (36)

The top N wolves with the best fitness are selected as the initial population:

Xi = {X1, X2, . . . , XN} (37)

where X1, X2 . . . XN are high-quality alpha and beta wolves in the initial population.
The selection of alpha and beta wolves considers not only their fitness but also their

leadership ability within the pack. Both criteria are used to choose the initial population,
expressed as:

Xbest = argmin f (Xi), 1 ≤ i ≤ N (38)

The position update formula for the wolf pack is:

X(t+1)
i = Xt

i + r1

(
XA − X(t)

i

)
+ r2

(
XB − X(t)

i

)
(39)
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2.8.2. Dynamic Proportional Weight Position Update Strategy

In the original Grey Wolf Algorithm, the ω wolves update their positions by following
the α, β, and δ wolves as: 

X1 = Xα − A1Dα

X2 = Xβ − A2Dβ

X3 = Xδ − A3Dδ

(40)

According to the dynamic proportional weight strategy, the weight ratios of the three
wolves for the ω wolves are:

ω1 =
|X1|

|X1|+ |X2|+ |X3|

ω2 =
|X2|

|X1|+ |X2|+ |X3|
(41)

ω3 =
|X3|

|X1|+ |X2|+ |X3|
Here, ω1,ω2,ω3 represent the positional influence weights of α, β, and δ wolves on

the ω wolves. After introducing the dynamic proportional weights, the final position of ω
wolves is:

X(t+1) =
ω1X1 +ω2X2 +ω3X3

3
(42)

The “destroy–repair” operator performs local optimization on the positions of the
alpha and beta wolves, enhancing their search capability. The destroy operator expands
the search space and prevents premature convergence by randomly perturbing the current
solution. In the destroy phase, the current solution Xi is disturbed to break its local structure,
where ∆Xi is the perturbation variable, which can be random or a local modification of the
search space, expressed as:

Xd
i = Xi + r1·∆Xi (43)

The repair operator reconstructs the disturbed solution using a greedy criterion,
ensuring feasibility while improving solution quality. Let Ω denote the set of all feasible
solutions. Then:

Xr
i = agrminf(Xi), Xi ∈ Ω (44)

After each iteration, dynamic search adjusts the weights to optimize the path search
process. ω(t) is the dynamic weight function, which is gradually adjusted with increasing
iterations to improve the search for the optimal path. The position update formula for
alpha and beta wolves is:

X(t+1)
i = Xt

i +ω(t)·r1

(
XA − X(t)

i

)
+ω(t)·r2

(
XB − X(t)

i

)
(45)

The local optimization of the destroy–repair operator improves the search mechanism
of the Grey Wolf Algorithm, enabling effective convergence to the optimal solution of the
objective function. That is, let XO denote the optimal solution position:

C(XO) = minf(XO) (46)

2.8.3. Destroy–Repair Operator

To provide a clearer description of the local search procedure, the destroy–repair oper-
ator is formalized as follows. The operator first destroys part of the current route structure
by removing a subset of customer nodes, and then repairs the solution by reinserting
these nodes into feasible positions. During the repair process, feasibility with respect to
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vehicle capacity, customer time windows, battery level, and charging-station accessibility
is checked sequentially. If a candidate insertion violates the battery constraint, a feasible
charging station is inserted before the infeasible arc. If no feasible repair can be found, the
corresponding solution is penalized and excluded from the elite population.

To further clarify the implementation procedure and improve reproducibility, the
pseudo-code of the destroy–repair operator is summarized in Table 2.

Table 2. Pseudo-code of the destroy–repair operator.

Step Procedure

Input Current solution (X), customer set (N), charging station set (F), removal ratio (r).
Output Repaired solution (X′).

1 Decode (X) into vehicle routes.

2 Select (r%) of customer nodes from the current routes according to a random or
relatedness-based removal rule.

3 Remove the selected customers from the routes and store them in set (R).
4 Remove redundant charging-station nodes if they are no longer needed.
5 For each removed customer (j ∈ R), enumerate all possible insertion positions in all routes.

6 For each candidate insertion position, check vehicle capacity feasibility, customer
time-window feasibility, and battery feasibility before and after insertion.

7 If the battery constraint is violated, insert a feasible charging station before the infeasible
arc and update the battery level and charging time.

8 Calculate the incremental total cost of each feasible insertion position.
9 Insert customer (j) into the feasible position with the minimum incremental cost.

10 If all customers are inserted and all constraints are satisfied, return the repaired
solution (X′).

11 Otherwise, assign a penalty value to (X′) and reject it from the elite population.

2.8.4. Adaptive Position Update Mechanism

In the standard Grey Wolf Optimizer, if the difference between the α wolf and the
β wolf is excessively large, the population may move in dispersed directions, leading
to slow convergence and low search efficiency. Conversely, if the difference between
the leading wolves becomes too small at an early stage, the population may converge
prematurely to a local optimum. To address this issue, an adaptive update mechanism is
introduced to dynamically adjust the disturbance intensity and balance global exploration
with local exploitation.

The difference between the α wolf and the β wolf is used to measure the population
dispersion. A larger difference indicates that the population is still widely distributed,
and thus a stronger disturbance is introduced to enhance global exploration. A smaller
difference indicates that the population has entered a promising search region, and the
disturbance is reduced to strengthen local exploitation.

The adaptive disturbance coefficient is defined as:

λt = λmin + (λmax − λmin)
Dt

αβ

Dmax

(
1 − t

Tmax

)
(47)

where Dt
αβ denotes the difference between the α wolf and the β wolf at iteration t, Dmax

is the maximum difference observed in the population, t is the current iteration, and
Tmax is the maximum number of iterations. As the iteration proceeds, the disturbance
intensity gradually decreases, which helps the algorithm shift from global exploration to
local exploitation.

To further clarify the implementation procedure of the adaptive update mechanism,
its pseudo-code is presented in Table 3.
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Table 3. Pseudo-code of the adaptive update mechanism of IGWO.

Step Procedure

Input Population Xt, alpha wolf Xα, beta wolf Xβ, delta wol
Xδ, current iteration t, maximum iteration Tmax.

Output Updated populationXt+1.
1 Calculate the difference Dαβ between Xα and Xβ.
2 Compute the adaptive disturbance coefficient λt

3 For each wolf Xi in the population, update Xi according to the weighted guidance of Xα,
Xβ, and Xδ.

4 Add adaptive disturbance controlled by λt.
5 Decode the updated position into a route solution.
6 Apply the destroy–repair operator to restore feasibility.
7 Evaluate the fitness value of the repaired solution.
8 Update Xα, Xβ, and Xδ according to the fitness ranking.
9 Preserve the best-so-far solution using an elitist strategy.

10 Return the updated population Xt+1.

2.8.5. Local Optimization Operation

In the Grey Wolf Algorithm, if the difference between the solutions of the alpha and
beta wolves is large, the wolves may converge slowly and move in dispersed directions
during the convergence process, which reduces the global search efficiency and convergence
speed of the algorithm. To avoid this situation, an adaptive position update strategy for
the ω wolves is introduced. The improved Grey Wolf Algorithm not only enhances the
coordination of the wolf pack but also improves the stability and robustness of the algorithm
in solving the cold chain logistics routing optimization problem. The position of the wolf
pack is adjusted according to the dynamic difference between the alpha and beta wolves.
Let ∆ denote the difference measure between the alpha and beta wolves. The difference
measure function is defined as:

∆ =
1
N

N

∑
i=1

|XA − XB| (48)

According to the difference measure, the strategy for dynamically adjusting the posi-
tion update of the wolf pack is as follows:

When ∆ is large, the exploration ability of the wolf pack is enhanced by increasing the
disturbance in the position update:

X(t+1)
i = Xt

i + ω(t)·r1

(
XA − X(t)

i

)
+ ω(t)·r2

(
XB − X(t)

i

)
(49)

When ∆ is small, the exploitation ability of the wolf pack is strengthened and the
disturbance is reduced:

X(t+1)
i = Xt

i + ω(t)·r1

(
XA − X(t)

i

)
(50)

The adaptive update mechanism adjusts the search direction according to the distri-
bution of the alpha and beta wolf solutions. When the difference between them is large,
ordinary wolves increase the disturbance appropriately during the update process to avoid
falling into local optima in the early stage. When the two become similar, unnecessary
disturbances are reduced, guiding the wolf pack to converge rapidly to the optimal solution.

To more clearly illustrate the operational logic of the adaptive update mechanism, the
overall procedure is presented in Figure 1.
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Figure 1. Operation Flowchart.

3. Results
This paper conducts numerical experiments based on the Solomon standard dataset

C201 as the basic test instance. The original Solomon customer and depot data, including
coordinates, demands, time windows, and service times, were retained unchanged; only
six public charging stations and six private charging stations were added within the distri-
bution area to adapt the instance to the electric vehicle cold-chain distribution scenario and
support charging-related routing decisions. Specifically, the customer node coordinates
were used as input data, and K-means clustering was applied to generate representative
charging station locations. The number of clusters was set to 12, corresponding to 12 charg-
ing stations, and a fixed random seed was used during the clustering process to ensure the
reproducibility of the experimental results.

3.1. Experimental Setup

The original Solomon C201 dataset is used as the basic benchmark instance in this
study. The original customer and depot data, including coordinates, demands, time win-
dows, and service times, are retained unchanged. The customer nodes and the additionally
introduced charging-station nodes used in the experiment are summarized in Table 4.
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Table 4. Solomon Dataset.

Node Coordinate/
km

Demand/
kg

Time
Window

Service
Time/min Node Coordinate/

km
Demand/

kg
Time

Window
Service

Time/min

0 (40, 50) -- -- -- 57 (38, 15) 40 [1725, 1885] 90
1 (52, 75) 10 [311, 471] 90 58 (38, 5) 30 [1442, 1602] 90
2 (45, 70) 30 [213, 373] 90 59 (38, 10) 10 [1630, 1790] 90
3 (62, 69) 10 [1167, 1327] 90 60 (35, 5) 20 [1535, 1695] 90
4 (60, 66) 10 [1261, 1421] 90 61 (50, 30) 10 [401, 561] 90
5 (42, 65) 10 [25, 185] 90 62 (50, 35) 20 [120, 280] 90
6 (16, 42) 20 [497, 657] 90 63 (50, 40) 50 [25, 185] 90
7 (58, 70) 20 [1073, 1233] 90 64 (48, 30) 10 [493, 653] 90
8 (34, 60) 20 [2887, 3047] 90 65 (44, 25) 10 [871, 1031] 90
9 (28, 70) 10 [2601, 2761] 90 66 (47, 35) 10 [588, 748] 90
10 (35, 66) 10 [2791, 2951] 90 67 (47, 40) 10 [12, 172] 90
11 (35, 69) 10 [2698, 2858] 90 68 (42, 30) 10 [776, 936] 90
12 (25, 85) 20 [2119, 2279] 90 69 (45, 35) 10 [680, 840] 90
13 (22, 75) 30 [2405, 2565] 90 70 (95, 30) 30 [2321, 2481] 90
14 (22, 85) 10 [2026, 2186] 90 71 (95, 35) 20 [2226, 2386] 90
15 (20, 80) 40 [2216, 2376] 90 72 (53, 30) 10 [308, 468] 90
16 (20, 85) 40 [1934, 2094] 90 73 (92, 30) 10 [2414, 2574] 90
17 (18, 75) 20 [2311, 2471] 90 74 (53, 35) 50 [213, 373] 90
18 (15, 75) 20 [1742, 1902] 90 75 (45, 65) 20 [118, 278] 90
19 (15, 80) 10 [1837, 1997] 90 76 (90, 35) 10 [2131, 2291] 90
20 (30, 50) 10 [10, 170] 90 77 (72, 45) 10 [2900, 3060] 90
21 (30, 56) 20 [2983, 3143] 90 78 (78, 40) 20 [2802, 2962] 90
22 (28, 52) 20 [22, 182] 90 79 (87, 30) 10 [2608, 2768] 90
23 (14, 66) 10 [1643, 1803] 90 80 (85, 25) 10 [2513, 2673] 90
24 (25, 50) 10 [116, 276] 90 81 (85, 35) 30 [2703, 2863] 90
25 (22, 66) 40 [2504, 2664] 90 82 (75, 55) 20 [1925, 2085] 90
26 (8, 62) 10 [1545, 1705] 90 83 (72, 55) 10 [1832, 1992] 90
27 (23, 52) 10 [209, 369] 90 84 (70, 58) 20 [1641, 1801] 90
28 (4, 55) 20 [1447, 1607] 90 85 (86, 46) 30 [2029, 2189] 90
29 (20, 50) 10 [398, 558] 90 86 (66, 55) 10 [1736, 1896] 90
30 (20, 55) 10 [303, 463] 90 87 (64, 46) 20 [3097, 3257] 90
31 (10, 35) 20 [781, 941] 90 88 (65, 60) 30 [1546, 1706] 90
32 (10, 40) 30 [593, 753] 90 89 (56, 64) 10 [1355, 1515] 90
33 (8, 40) 40 [685, 845] 90 90 (60, 55) 10 [3119, 3279] 90
34 (8, 45) 20 [1346, 1506] 90 91 (60, 60) 10 [1451, 1611] 90
35 (5, 35) 10 [876, 1036] 90 92 (67, 85) 20 [694, 854] 90
36 (5, 45) 10 [1253, 1413] 90 93 (42, 58) 40 [8, 168] 90
37 (2, 40) 20 [971, 1131] 90 94 (65, 82) 10 [788, 948] 90
38 (0, 40) 30 [1063, 1223] 90 95 (62, 80) 30 [881, 1041] 90
39 (0, 45) 20 [1158, 1318] 90 96 (62, 40) 10 [3001, 3161] 90
40 (36, 18) 10 [1819, 1979] 90 97 (60, 85) 30 [597, 757] 90
41 (35, 32) 10 [2758, 2918] 90 98 (58, 75) 20 [978, 1138] 90
42 (33, 32) 20 [2666, 2826] 90 99 (55, 80) 10 [407, 561] 90
43 (33, 35) 10 [2573, 2733] 90 100 (55, 85) 20 [502, 662] 90
44 (32, 20) 10 [1913, 2073] 90 1000 (49, 34) -- -- --
45 (30, 30) 10 [2105, 2265] 90 1001 (18, 66) -- -- --
46 (34, 25) 30 [2009, 2169] 90 1002 (67, 54) -- -- --
47 (30, 35) 10 [2480, 2640] 90 1003 (6, 42) -- -- --
48 (36, 40) 10 [2856, 3016] 90 1004 (39, 12) -- -- --
49 (48, 20) 10 [967, 1127] 90 1005 (88, 34) -- -- --
50 (26, 32) 10 [2292, 2452] 90 1006 (61, 83) -- -- --
51 (25, 30) 10 [2200, 2360] 90 1007 (40, 65) -- -- --
52 (25, 35) 10 [2385, 2545] 90 1008 (25, 52) -- -- --
53 (44, 5) 20 [1256, 1416] 90 1009 (20, 80) -- -- --
54 (42, 10) 40 [1160, 1320] 90 1010 (58, 70) -- -- --
55 (42, 15) 10 [1065, 1225] 90 1011 (31, 33) -- -- --
56 (40, 5) 30 [1350, 1510]

Note: Node 0 represents the distribution center; nodes 1–100 represent customer locations; nodes 1006–1011
represent public charging stations; and nodes 1000–1005 represent private charging stations.

https://doi.org/10.3390/app16104700

https://doi.org/10.3390/app16104700


Appl. Sci. 2026, 16, 4700 18 of 29

To simulate actual electric refrigerated vehicle operations, key vehicle-related pa-
rameters are specified in the numerical experiments, including battery capacity, vehicle
maximum load, distance cost, electricity price, refrigeration power, refrigeration cost, cargo
loss cost, time-window penalty coefficients, energy consumption parameters, charging
power, and maximum driving range. These vehicle-related parameters are shown in Table 5.

Table 5. Vehicle-Related Parameters.

Symbol Description Units Value

B Battery Capacity kWh 60
ωmax Vehicle Maximum Load kg 200

cd Distance Cost CNY/km 0.8
c1 Base Electricity Price CNY/kWh 0.6
c2 Service Fee CNY/kWh 0.3

α
Electricity Price

Fluctuation Coefficient -- 0.4

φk Refrigeration Power kw 2.0
cl

c Refrigeration Cost CNY/h 0.4
pt Conversion Efficiency -- 0.9
c4 Early Arrival Penalty CNY/min 2.0
c5 Late Arrival Penalty CNY/min 4.0
c3 Cargo Loss Cost CNY/kg 8.0

β1
Unloading Loss

Coefficient -- 0.02

β2
Non-Unloading Loss

Coefficient -- 0.002

fe Base Energy Consumption kWh/km 0.4
α1 Weight Sensitivity kWh/km·kg 0.05
β1 Speed Sensitivity kWh/km·(km/h) 0.1

vmax Maximum Speed km/h 80
pc Charging Power kw 60

Rmax Maximum Driving Range km 120

This paper adopts numerical experiments for analysis. The Solomon standard dataset
C201 is used as the basic test instance. To adapt it to the electric vehicle cold chain
distribution scenario, six public charging stations and six private charging stations are
added within the distribution area, with their coordinates uniformly distributed across the
service region.

For the nonlinear charging and queuing model, the rated charging powers of the
depot, private charging stations, and public charging stations are set to 100 kW, 80 kW, and
60 kW, respectively. These settings are used to distinguish the service capability of different
charging resources and to reflect possible queuing effects under limited charger availability.

For the link-based time-dependent travel time model, a synthetic directed road net-
work is generated using a k-nearest-neighbor graph with k = 5. Branch roads and trunk
roads are assigned free-flow speeds of 40 km/h and 60 km/h, respectively, with corre-
sponding basic capacities of 600 veh/h and 900 veh/h. During peak periods, the link
free-flow speed and link capacity are reduced by factors of 0.75 and 0.65, respectively. The
jam density used to calculate finite link storage capacity is set to 18 veh/km.

3.2. Algorithm Performance Comparson

To further verify the proposed algorithm, GA, GWO, ALNS, and IGWO are compared
for solution quality. Each algorithm was run four times on each benchmark instance. Table 6
reports the mean objective value and sample standard deviation.
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Table 6. Optimization Results under Different Algorithms.

Case
GA GWO ALNS IGWO

Mean ± SD Mean ± SD Mean ± SD Mean ± SD

C201 3620.98 ± 335.82 3410.19 ± 253.50 4939.88 ± 877.69 3331.64 ± 296.78
C202 3064.65 ± 188.50 3098.70 ± 272.07 3753.63 ± 626.79 2564.67 ± 310.55
C203 2575.83 ± 171.15 2767.02 ± 248.19 2998.23 ± 477.64 2494.55 ± 244.53
C204 2108.85 ± 81.53 2141.13 ± 175.31 2163.66 ± 201.90 2087.96 ± 121.19
C205 2891.42 ± 113.79 3032.75 ± 278.75 4609.67 ± 464.67 2958.00 ± 35.03
C206 2595.87 ± 238.44 2872.39 ± 163.36 3933.88 ± 667.19 2452.75 ± 213.65
C207 2753.23 ± 90.80 2716.25 ± 529.10 3687.86 ± 750.05 2747.50 ± 135.51
C208 2595.55 ± 127.92 2690.62 ± 120.43 3623.34 ± 859.52 2545.01 ± 136.70

Table 6 shows that IGWO achieves the best mean objective value in six of eight C-type
Solomon instances. This suggests IGWO often outperforms GA, GWO, and ALNS. In
several cases, IGWO has small standard deviations, indicating robust performance and
stable solution quality.

Although GA achieves the lowest mean objective value in C205 and GWO performs
slightly better in C207, the overall comparative results demonstrate the competitive perfor-
mance of IGWO across different benchmark instances. Compared with GA and standard
GWO, IGWO benefits from the high-quality initial population selection mechanism, the
destroy–repair operator, and the adaptive position update strategy, which help balance
global exploration and local exploitation. Compared with ALNS, IGWO also shows better
average performance in most tested instances, indicating that the proposed algorithm is
effective for solving the electric cold-chain vehicle routing problem under mixed public–
private charging conditions.

Figure 2 compares the mean objective values of GA, GWO, ALNS, and IGWO over
four independent runs on the C201–C208 benchmark instances. The height of each bar
represents the mean objective value, while the error bar indicates the sample standard
deviation. Since the objective of the model is to minimize the total cost, a lower bar indicates
better solution quality, and a shorter error bar indicates more stable performance.

Figure 2. Algorithm Comparison Based on Mean Objective Values and Standard Deviations.
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As shown in the figure, IGWO achieves the lowest mean objective value in most
benchmark instances, including C201, C202, C203, C204, C206, and C208. This indicates
that the proposed IGWO generally provides better solution quality than GA, GWO, and
ALNS under repeated runs. Although GA performs slightly better in C205 and GWO
performs slightly better in C207, IGWO still maintains competitive performance across all
tested cases.

The error bars further show the robustness of different algorithms. ALNS exhibits
relatively large fluctuations in several instances, such as C201, C206, C207, and C208,
indicating that its performance is less stable under the current experimental setting. By
contrast, IGWO generally maintains relatively small standard deviations while achieving
lower mean objective values. This suggests that the proposed high-quality initial population
selection mechanism, destroy–repair operator, and adaptive position update strategy can
improve both the solution quality and robustness of the standard GWO.

Overall, Figure 2 demonstrates that IGWO achieves a better balance between optimiza-
tion performance and solution stability for the electric cold-chain vehicle routing problem
under the mixed public–private charging mode.

3.3. Route and Cost Comparson

The modified Solomon standard dataset C201 is used, with the number of vehicles
set to ten. The experiment is conducted four times, and the optimal route is obtained. The
optimal route is shown in the following figure, and the specific optimization results are
presented in Figure 3. The delivery information of each vehicle is shown in Table 7.

Figure 3. Route Visualization with Travel Direction.
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Table 7. Delivery Information of Each Electric Vehicle.

No. Delivery Routes

1 0→68→37→54→1005→53→40→42→41→78→77→87→0
2 0→32→33→35→7→86→84→1002→82→70→80→96→0
3 0→2→30→39→34→36→1001→57→52→25→10→1007→48→1009→0
4 0→20→22→27→61→49→56→59→1009→26→1001→44→46→1002→13→9→90→0
5 0→64→100→97→92→1002→38→18→23→1001→14→47→1009→79→1006→81→0
6 0→1→99→94→95→98→1003→55→58→60→45→51→50→43→0
7 0→93→5→75→74→3→4→89→8→0
8 0→63→66→69→65→91→88→83→85→76→1006→71→73→0
9 0→67→24→62→72→29→1008→6→1004→31→19→16→15→11→0
10 0→28→12→17→21→0

Figure 3 shows the optimized electric vehicle routing map under the mixed public–
private charging mode. The black square represents the distribution center, the grey points
represent customer nodes, the red triangles represent public charging stations, and the
blue triangles represent private charging stations. Different colored lines indicate the
delivery routes of different vehicles. As shown in the figure, all vehicles depart from the
distribution center and return to the depot after completing their delivery tasks, forming
closed delivery routes.

The routing results show that the proposed model can coordinate customer service,
vehicle battery constraints, and charging station selection within the same optimization
framework. When the remaining battery level is insufficient to support subsequent cus-
tomer visits or the return trip to the depot, vehicles are guided to nearby public or private
charging stations for energy replenishment. This indicates that the model can dynami-
cally incorporate charging decisions into route planning rather than treating charging as a
separate process.

The delivery cost analysis under different models for each route is shown in Table 8.

Table 8. Analysis of Delivery Costs under Different Models.

Cost Types Public Charging Stations Private Charging Stations Mixed Public–Private
Charging Stations

Fixed Cost 1200.00 1200.00 1200.00
Travel Cost 2655.94 2141.94 1913.33

Charging Cost 1136.13 571.88 450.78
Time Window Penalty Cost 763.98 751.60 828.53

Cargo Loss Cost 331.12 329.23 323.84
Refrigeration Cost 34.82 30.01 27.92

Total Cost 6121.99 5024.66 4744.40

3.4. Sensitivity Analysis

The electric vehicle routing problem studied in this paper involves the selection of
public and private charging stations. When some parameters change, the distribution
routes may show different optimization results. In this section, sensitivity analysis is
conducted to discuss the impact of changes in certain parameters on the optimization
results, providing reference value for the green and low-carbon transformation of cold
chain distribution scenarios.

Since the sensitivity analysis is designed to evaluate the influence of model parameters
rather than to conduct another full algorithm ranking, only GA, GWO, and IGWO are
reported in this section. ALNS has already been included as a benchmark algorithm in the
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algorithm performance comparison section. The sensitivity analysis focuses on whether the
proposed IGWO shows consistent parameter-response patterns under changes in battery
capacity and energy efficiency.

3.4.1. On-Board Battery Capacity

The driving range of electric vehicles is limited by battery capacity. To meet different
application scenarios, manufacturers also produce batteries with different capacities for
the same type of vehicle. Considering this situation, based on the research framework, the
battery capacity is adjusted to 60 kWh, 80 kWh, 90 kWh, 100 kWh, 110 kWh, 120 kWh,
and 130 kWh. The charging amount, charging frequency, and total route cost obtained by
the GA, GWO, and IGWO under different battery capacities are compared. The detailed
comparison results are shown in Figures 4 and 5. In addition, when the battery capacity
increases to 130 kWh, regardless of the charging mode adopted, vehicles can complete
pickup and delivery tasks without recharging.

Figure 4. Trends of Total Cost and Cost Reduction Rate.

The shaded areas indicate the variability of the results obtained from repeated inde-
pendent runs. Specifically, they represent the mean ± standard deviation range for each
algorithm under each battery-capacity setting.

Figure 4 shows the impact of battery capacity on the total distribution cost under
different algorithms. Overall, as battery capacity increases, the total cost shows a clear
downward trend. This is mainly because a larger battery capacity extends the driving range
of electric refrigerated vehicles, reduces the need for intermediate charging, and decreases
charging-related detours and waiting time. When the battery capacity increases from
60 kWh to 120 kWh, the total cost decreases significantly, indicating that battery capacity
is an important factor affecting the economic performance of electric cold-chain delivery.
However, after the battery capacity reaches a relatively high level, the cost reduction
becomes less obvious, suggesting that the marginal benefit of further increasing battery
capacity gradually weakens.
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Figure 5. Trends of Charging Amount and Number of Charging Events.

Among the three algorithms, IGWO generally obtains lower total costs than GA and
GWO under most battery capacity settings. This indicates that the proposed IGWO can
better coordinate battery capacity, route planning, and charging decisions. In particular,
under lower battery capacity conditions, vehicles face stronger energy constraints and need
more frequent charging decisions. In this case, the advantage of IGWO is more obvious
because its improved search mechanism can better avoid unnecessary detours and reduce
infeasible or high-cost routing schemes.

Figure 5 further illustrates the influence of battery capacity on the average number
of charging events. The number of charging events decreases rapidly as battery capacity
increases. When the battery capacity is relatively low, such as 60 kWh or 80 kWh, vehicles
need to visit charging stations more frequently to maintain route feasibility. As the battery
capacity increases to 120 kWh or above, the number of charging events becomes very small,
and in some cases, vehicles can complete their delivery tasks without en-route charging.
This result confirms that increasing battery capacity can effectively reduce dependence on
charging stations.

Overall, Figures 4 and 5 indicate that battery capacity has a significant influence
on both total cost and charging behavior. A larger battery capacity can reduce charging
frequency and improve route flexibility, thereby lowering the overall distribution cost.
However, the marginal cost reduction gradually decreases when the battery capacity
becomes sufficiently large. Therefore, for electric cold-chain logistics enterprises, battery
capacity selection should consider not only driving range but also vehicle purchase cost,
charging infrastructure conditions, and actual delivery demand.

3.4.2. Energy Conversion Coefficient

Due to the current technological limitations of battery systems, regardless of the
medium used in electric vehicle batteries, the discharge performance of batteries is affected
by external environmental factors such as weather. As a result, vehicles may consume more
electricity when traveling the same distance under harsh environmental conditions. In this
paper, the energy conversion coefficient θ is used to describe the relationship of electricity
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consumption for electric vehicles. A larger value of θ indicates that more electricity is
required to travel the same distance. By adjusting the value of θ, the differences in route
optimization results for electric vehicles under different environmental conditions are
analyzed. In this section, the energy conversion coefficient is set to 1.05θ, 1.10θ, 1.15θ,
1.20θ, 1.25θ, 1.30θ. The comparison of total costs is shown in the following figure. As
illustrated in the figure, with the continuous increase the energy coefficient, the total cost
also increases continuously.

Figure 6 shows the influence of the energy conversion coefficient on the total dis-
tribution cost. As the energy conversion coefficient increases from 1.05 to 1.30, the total
cost of all three algorithms shows an increasing trend. This is because a larger coefficient
indicates higher electricity consumption for the same travel distance and load condition,
which increases charging demand and charging-related costs. The shaded areas indicate
the variability of the results obtained from repeated independent runs. Specifically, they
represent the mean ± standard deviation range for each algorithm under each battery-
capacity setting.

Figure 6. Total Cost and Cost Increase.

Among the three algorithms, IGWO consistently obtains the lowest total cost under
both efficiency settings, followed by GA and GWO. This indicates that the proposed IGWO
can better adjust route planning and charging decisions when vehicle energy efficiency
changes. In particular, when the energy conversion efficiency is relatively low, vehicles face
higher energy consumption pressure, and the advantage of IGWO becomes more evident
because it can reduce unnecessary detours and improve the coordination between delivery
routes and charging decisions.

The shaded areas in the figure indicate the fluctuation range of the results. Compared
with GA and GWO, IGWO maintains relatively stable performance while achieving a lower
total cost. This suggests that the proposed algorithm has good robustness under different
energy efficiency conditions.

Overall, the results indicate that improving energy conversion efficiency can effectively
reduce the operating cost of electric cold-chain delivery. For logistics enterprises, improving
battery performance, vehicle energy management, and refrigeration system efficiency can
help reduce charging demand and total distribution cost.
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3.4.3. Effects of Road Gradient, Stop-and-Go Traffic, and Ambient Temperature

To further examine the influence of real-world road and environmental conditions
on the operations of electric refrigerated vehicles, a scenario-based sensitivity analysis is
conducted. In the revised energy consumption function, road gradient, stop-and-go traffic
conditions, and ambient temperature are incorporated to better reflect practical driving
conditions. Since the modified Solomon benchmark does not provide real road gradient,
traffic interruption, or ambient temperature data, these factors are introduced as scenario-
based parameters in the numerical experiments. Four scenarios are designed: baseline,
mild, moderate, and severe conditions. The road gradient is set to 0◦, 2◦, 4◦, and 6◦, the
stop-and-go traffic coefficient is set to 0, 0.1, 0.2, and 0.3, and the ambient temperature is set
to 25 ◦C, 30 ◦C, 35 ◦C, and 40 ◦C, respectively.

For each scenario, the driving energy consumption, refrigeration energy consumption,
charging energy, charging frequency, and comparative operating cost are recalculated based
on the optimized routes. The comparative operating cost includes fixed vehicle costs, travel
costs, charging costs, and refrigeration costs. Since cargo-loss cost and time-window penalty
cost are not recalculated in this scenario comparison, the analysis focuses on the marginal
effects of road gradient, stop-and-go traffic, and ambient temperature on energy-related
operating costs.

Transitioning to the results, harsher road and environmental conditions lead to higher
energy consumption for driving and refrigeration. As road gradient, stop-and-go traffic
intensity, and ambient temperature increase, vehicles consume more electricity during
operation, which further increases charging demand and energy-related operating costs.
This confirms the necessity of incorporating road and environmental factors into the energy
consumption function of electric refrigerated vehicles.

Figure 7 presents the combined sensitivity analysis of road gradient, stop-and-go traf-
fic conditions, and ambient temperature. As the operating scenario changes from baseline
to mild, moderate, and severe conditions, the driving energy consumption, refrigeration
energy consumption, charging energy, charging frequency, and comparative operating
cost all show an increasing trend. Under the baseline scenario, where the road gradient is
0◦, the stop-and-go traffic coefficient is 0, and the ambient temperature is 25 ◦C, vehicles
operate under relatively favorable conditions, resulting in the lowest energy consump-
tion, charging demand, and comparative operating cost. As the road gradient, traffic
interruption intensity, and ambient temperature increase simultaneously, vehicles require
higher traction energy, greater refrigeration energy, and more frequent or higher-volume
charging. This is because a larger road gradient increases the energy required for ve-
hicle movement. Heavier stop-and-go traffic reduces vehicle energy efficiency through
frequent acceleration, deceleration, and idling. Additionally, higher ambient temperatures
increase the refrigeration load required to maintain cold-chain temperature control. The
increase in driving and refrigeration energy consumption further raises charging demand
and charging-related costs. These results suggest that electric refrigerated vehicle routing
decisions are significantly influenced by real-world road and environmental conditions.
Therefore, incorporating road gradient, traffic interruption, and ambient temperature into
the energy consumption model can improve the realism and explanatory power of the
proposed route optimization framework.
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Figure 7. Sensitivity Analysis Combined.

4. Discussion
The results suggest that charging decisions should be jointly optimized with delivery

routes in electric cold-chain distribution. Under the mixed public–private charging mode,
vehicles can select charging stations based on their route structure, remaining battery level,
charging cost, and time-window feasibility. This explains why the mixed charging mode
achieves a lower total cost than using only public or private charging stations. It also
indicates that charging behavior should not be treated as a separate post-processing step,
but as part of the route optimization process.

The comparison of GA, GWO, ALNS, and IGWO further shows that the proposed
algorithm is suitable for solving the highly constrained electric refrigerated vehicle routing
problem. The improved mechanisms in IGWO, including high-quality initial individual
selection, the destroy–repair operator, and the adaptive position update strategy, help
improve solution quality and stability. This is particularly important when routing, battery
constraints, charging decisions, and cold-chain operation are strongly coupled.

The sensitivity analysis provides practical implications for logistics enterprises. A
larger battery capacity can reduce charging frequency and improve route flexibility, but
its marginal cost-saving effect gradually decreases. Therefore, battery selection should
consider both operational benefits and investment costs. In addition, improving energy
conversion efficiency can reduce electricity consumption and charging demand, suggesting
that vehicle energy management and refrigeration system efficiency are also important for
cost reduction.

Nevertheless, the model still has limitations. The road network is generated from
Solomon benchmark coordinates rather than real GIS data, and some traffic and environ-
mental parameters are scenario-based. Future studies can further incorporate real road
networks, dynamic traffic information, stochastic customer demand, and more detailed
charging-station operation data to improve the realism and scalability of the model.

5. Conclusions
This study investigated the electric refrigerated vehicle routing problem under a mixed

public–private charging mode. The model jointly considered vehicle fixed costs, travel costs,

https://doi.org/10.3390/app16104700

https://doi.org/10.3390/app16104700


Appl. Sci. 2026, 16, 4700 27 of 29

charging costs, refrigeration costs, cargo damage costs, and time-window penalty costs,
and further incorporated SOC-dependent nonlinear charging, charging-station queuing,
and link-based time-dependent travel times.

The C201 case results show that the mixed public–private charging mode achieved
the lowest total cost among the three tested charging modes. Specifically, the total cost
under the mixed charging mode was 4744.40, compared with 6121.99 under the public-only
charging mode and 5024.66 under the private-only charging mode. This result indicates that,
in the tested case, allowing vehicles to select both public and private charging stations can
reduce total operating cost by improving charging flexibility and reducing charging-related
detours and costs.

The algorithm comparison results show that IGWO achieved the best mean objective
value in six of the eight tested C-type Solomon instances. For example, in C201, the mean
objective value of IGWO was 3331.64 ± 296.78, which was lower than GA, GWO, and
ALNS. These results suggest that the high-quality initial population selection, destroy–
repair operator, and adaptive position update mechanism can improve the solution quality
of the standard GWO under the tested electric cold-chain routing constraints.

The sensitivity analysis provides further evidence on the effects of key operational
parameters. When battery capacity increased from 60 kWh to 120 kWh, the total cost
decreased, and the number of charging events was reduced. However, the marginal benefit
became weaker when battery capacity reached a relatively high level. The analysis of the
energy conversion coefficient showed that higher electricity consumption per unit distance
increased the total cost by increasing the charging demand. In addition, the scenario-based
analysis showed that higher road gradient, stronger stop-and-go traffic intensity, and
higher ambient temperature increased driving energy consumption, refrigeration energy
consumption, charging energy, charging frequency, and comparative operating cost.

These findings are limited to the tested modified Solomon instances and the scenario-
based parameter settings used in this study. The synthetic road network was constructed
from benchmark node coordinates rather than real GIS road topology, and the road gradient,
traffic, and ambient temperature factors were represented through designed scenarios rather
than observed field data. Future studies can incorporate real road networks, dynamic traffic
observations, stochastic customer demand, and detailed charging-station operation data to
further test the robustness and practical applicability of the proposed model.
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