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ABSTRACT This paper aims to address the time-dependent multi-depot vehicle routing problem with time
windows (MDVRPTW) in urban cold chain logistics under a dynamic road network. The study considers the
impact of carbon emissions and traffic congestion on urban cold chain logistics distribution activities. It pro-
poses a cross-period road segment travel time calculation method, constructs a multi-objective optimization
model that minimizes total costs encompassing comprehensive transportation costs, carbon emission costs,
time penalty costs, cargo damage costs, and refrigeration costs. An adaptive large neighborhood search ant
colony optimization algorithm (ALNS_ACO) is designed, which combines the exploration capability of ant
colony optimization algorithm (ACO) with the local search capability of adaptive large neighborhood search
algorithm (ALNS) to optimize and solve the model. Finally, the model is optimized and solved through
simulation using six sets of C-type, R-type, and RC-type instances from the Solomon test database. The
results indicate that: 1) The planned routes can reasonably avoid peak congestion periods in the morning
and evening. Compared to the single-center scenario, the multi-center approach achieves superior solutions
in terms of the total cost, carbon emissions, and total travel time in urban cold chain logistics distribution;
2) The exacerbation of traffic congestion leads to increased costs, and different optimization objectives have
a significant impact on the model solutions; 3) Finally, through multidimensional comparisons of simulation
performance with ACO and GA algorithms, the effectiveness of the proposed optimization algorithm is
validated.

INDEX TERMS Multi-depot, time-varying speeds, urban cold chain logistics, multi-objective optimization,
ALNS_ACO algorithm.

I. INTRODUCTION
As China accelerates its pace towards carbon neutrality, low-
carbonization has become a common pursuit across society.
The introduction of the important goals of ‘‘peak carbon
emissions by 2030 and carbon neutrality by 2060’’ signifies
the continuous and steady advancement of China’s energy
towards green and low-carbon transformation. This entails
the continued promotion of optimization and upgrading
of industrial structures, coordinated efforts towards carbon
reduction, pollution control, expansion of green areas, and
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growth enhancement. The dual goals of carbon reduction
and pollution control are increasingly becoming the green
engine driving China’s high-quality economic development.
The achievement of carbon neutrality targets requires actions
across various sectors. As an essential, strategic, and leading
industry supporting the development of the national econ-
omy, the logistics industry must undergo low-carbon reforms.
Cold chain logistics, as an important branch of the logis-
tics sector, plays a crucial role in ensuring the quality and
safety of fresh and perishable products in cities. Effectively
planning cold chain logistics routes can not only reduce
energy consumption and carbon emissions but also improve
logistics efficiency and distribution quality, further meeting
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consumers’ demands for product quality and safety. There-
fore, with the increasing prominence of cold chain logistics
in urban life, enhancing its service quality and safety level
in logistics activities, considering the realistic distribution
scenarios of urban cold chain logistics, and reducing uncer-
tainties such as cargo damage and transportation risks have
become particularly important. Thus, researching the effects
of urban road network variability, multiple distribution cen-
ters, and other factors on urban cold chain logistics route
planning is imperative for current development needs.

The optimization of distribution routes for urban cold chain
logistics can be effectively summarized as a Vehicle Rout-
ing Problem (VRP), a topic that has garnered widespread
attention in academia since its proposal in 1959 [1]. The
optimization research on the Multi-depot Vehicle Routing
Problem with Time Window (MDVRPTW) for urban cold
chain logistics with time-varying road networks aims to
establish mathematical models that better fit the distribution
scenarios of urban cold chain logistics. It seeks efficient
heuristic optimization algorithms or methods [2], [3], [4],
[5], with the objectives of minimizing distance, time, or total
cost to enhance the efficiency of logistics distribution. This
process requires comprehensive consideration of factors such
as temperature and humidity requirements in cold chain logis-
tics, as well as the impacts of dynamic factors such as traffic
congestion, road construction, and weather on route selection
in time-varying road networks. Time window constraints can
be classified as soft or hard time window requirements, and
the consideration of multiple distribution centers accounts
for the practical scenarios of urban cold chain distribution
activities. The effective planning of urban cold chain logistics
distribution routes has become an urgent issue in the devel-
opment of cold chain logistics, aiming to adapt the planned
routes to the dynamic changes in urban traffic environments
and ensure the quality and safety of cold chain products. From
the perspective of model optimization in cold chain logistics
path optimization problems, the focus has gradually shifted
towardsmulti-objective [6], multi-depot [7], multi-constraint,
dynamic programming models, etc., with increasing dif-
ficulty and complexity, approaching practical applications
more closely. This paper addresses the optimization prob-
lem of MDVRPTW for urban cold chain logistics under
time-varying road networks by proposing a cross-period road
segment time calculation method and designing a path plan-
ning algorithm based on an adaptive large neighborhood
search ant colony algorithm. This aims to tackle the chal-
lenges of cold chain logistics transportation brought about
by multiple distribution centers and the time-varying nature
of road networks. By analyzing the various optimization
objectives and constraints of urban cold chain logistics and
integrating optimization theory and algorithm design, the
paper endeavors to provide more reliable and efficient path
planning solutions for urban cold chain logistics, promoting
the development of urban cold chain logistics and safeguard-
ing food safety and the sustainable development of supply
chains.

II. LITERATURE REVIEW
A. MULTI-DEPOT VEHICLE ROUTING PROBLEM
OPTIMIZATION
To improve the efficiency and service level of logistics
distribution systems, many e-commerce companies typi-
cally establish multiple warehousing and distribution centers.
Thus, optimizing logistics distribution paths for multi-depot
operations holds significant practical value. The optimization
of the multi-depot vehicle routing problem (MDVRP) has
been the subject of several successful studies carried out in
recent years by both domestic and international researchers.
Gillett et al. [8] first proposed the multi-vehicle routing
problem in 1976, which subsequently attracted widespread
attention from scholars at home and abroad. Renaud et al. [9]
proposed the MDVRP model with vehicle capacity and
mileage constraints and solved it with a taboo search
algorithm to minimize costs. Kuo and Wang [10] designed
a three-stage variable neighborhood search algorithm to
solve the MDVRP problem while considering loading costs.
Alinaghian and Shokouhi [11] constructed anMDVRPmodel
with both capacity and delivery distance constraints, and
proposed a hybrid algorithm that combines adaptive large
neighborhood search with variable neighborhood search.
In order to maximize fuel consumption and driving distance,
Li et al. [12] constructed a bi-objective MDVRP model with
capacity and vehicle number limitations. They then combined
an adaptive local search with a hybrid genetic algorithm.
A genetic algorithm was utilized by Zhang et al. [13] to solve
a multi-objective MDVRP model with capacity restrictions
that sought to reduce carbon emissions, journey time, and
overall expenditures. Zhou et al. [14] designed an improved
ant colony method with a minimum total cost objective
for the green vehicle routing problem by measuring the
effect variables of vehicle fuel consumption and carbon
emissions function and assigning clients to different depots
using K-means clustering. To reduce carbon emission costs,
driving time, and maximize profits, Li et al. [15] built
a multi-objective MDVRP model with capacity and vehi-
cle number limits. They also suggested an improved ant
colony optimization algorithm. Jabir et al. [16] constructed an
MDVRPmodel with capacity constraints, aiming tominimize
carbon emission costs, variable vehicle usage costs (including
fuel consumption costs), and fixed costs, and proposed a
hybrid algorithm that combines ant colony algorithm with
variable neighborhood search.

B. PATH OPTIMIZATION PROBLEM IN TIME-VARYING
ROAD NETWORKS
The current optimization problem of cold chain logistics
paths mainly revolves around static road networks. How-
ever, in actual distribution processes, road network data often
exhibits time-varying characteristics. To attain path optimiza-
tion, it is therefore required to take into account dynamic and
time-varying road conditions during various times, such as
morning and evening rush hours, student commuting times,
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and off-peak hours, in urban cold chain logistics distribu-
tion. Lan et al. [17] proposed that road conditions have
an impact on logistics time and established a cold chain
logistics model using a genetic algorithm combined with
2-opt local optimization. Fan et al. [18] designed an adaptive
genetic large neighborhood search algorithm to solve the
time-dependent mixed time window VRP problem. Addi-
tionally, Fan et al. [19] comprehensively considered factors
such as multiple types of vehicles and dynamic customer
demands to minimize total costs and constructed a dynamic
VRP model under time-varying road network conditions.
Zhou et al. [20] considered carbon emissions and established
a time-dependent green VRP objective optimization model,
which was solved using an improved ant colony algorithm.
Liu et al. [21] designed a road segment travel time calculation
method based on time intervals and introduced a carbon
emission calculation function integrating multiple factors,
including a traffic congestion index. They created a mathe-
matical model for the time-varying vehicle routing problem
in low-carbon logistics with the goal of minimizing carbon
emissions. Meneghetti and Ceschia [22] considered the varia-
tion in vehicle speed caused by traffic congestion and reduced
load capacity during the delivery process. They established a
corresponding mathematical model to minimize fuel costs.

C. PATH OPTIMIZATION FOR COLD CHAIN LOGISTICS
Due to the need for temperature control in cold chain logis-
tics to maintain product quality, more fuel is consumed for
insulation during transportation, leading to increased carbon
emissions. Therefore, many scholars consider the impact of
carbon emissions on path optimization for cold chain logis-
tics. Jabir et al. [23] were the first to incorporate carbon
dioxide emissions into the vehicle routing problemmodel and
successfully resolved the contradiction between cost and car-
bon reduction goals, thereby suppressing the rise in economic
costs. A cost-minimizing green and low-carbon optimization
model for cold chain logistics distribution channels was cre-
ated by Wang et al. [24], who also suggested using a cyclic
evolutionary genetic algorithm (CEGA) to solve the problem.
Chen et al. [25] focused on vaccine distribution in cold chain
logistics and proposed a vehicle routing optimization model
with the objective of minimizing distribution costs. They
combined the balanced optimizer algorithm with simulated
annealing to improve the algorithm’s ability for global search
and local optimization. In order to minimize production
costs, Wang et al. [26] established an optimal distribution
route model for fresh agricultural products that takes car-
bon emissions into consideration and accounts for variations
in energy consumption during transportation and unload-
ing caused by opening cold storage doors. Chen et al. [27]
presented a multi-vendor vehicle routing problem with
time windows (MCVRPTW) in the context of fresh food
e-commerce. They developed a total cost model that includes
carbon emission costs. Other researchers have considered
the personalized demand characteristics of fresh cold chain

logistics in the objective function and proposed optimizing
customer satisfaction as the goal. A multi-objective model
incorporating cold chain distribution costs, carbon emissions,
and customer satisfaction was examined by Zhao et al. [6].
Ghannadpour et al. [28] used a multi-objective dynamic truck
routing problemwith fuzzy travel durations and customer sat-
isfaction to investigate the effects of carbon taxes on carbon
emissions in cold chain distribution systems. A cold chain
distribution planning model that considers the deterioration
in food quality with time was developed by Hsiao et al. [29].
Their goal is to satisfy consumer demands for a variety of
goods while keeping distribution costs to a minimum by
offering companies distribution agreements.

D. OPTIMIZATION ALGORITHMS
The optimizationmodel for cold chain logistics path is a com-
plex and difficult problem, belonging to the NP-hard problem
category. Therefore, improved heuristic algorithms are com-
monly used to solve it. In order to prevent the influence
of irrational parameter selection on algorithm performance,
Zhang et al. [30] integrated RNA computation with the ant
colony optimization algorithm and incorporated the notion of
low-carbon economics into the optimization model for cold
chain logistics path. In order to minimize carbon emissions
and overall distribution costs, Ning et al. [31] developed
a mathematical model. They also suggested an enhanced
quantum ant colony method based on adaptive rotation angle,
which was used in simulation instances. A multi-objective
simulated annealing-ant colony optimization (MOSA-ACO)
technique was created by Wang et al. [32] to solve the peri-
odic vehicle routing problem with time windows and service
choices. A multi-objective optimization model based on cost,
carbon emissions, and customer satisfaction was presented by
Zhao et al. [6] for cold chain logistics distribution. To find
more Pareto optimal solutions, they created an enhanced
version of the ant colony algorithm, ACOMO, featuring a
multi-objective heuristic function. In addition, Ren et al. [33]
studied the optimization model for minimizing total cost in
cold chain logistics distribution paths using an ant colony
algorithm that incorporates taboo search and dynamic prob-
ability selection. Chen et al. [34] considered cost, freshness,
and environmental pollution in fixing the cold chain logis-
tics vehicle routing issue. They developed an LCFD-VRP
solution algorithm based on IACA and TS and constructed
an LCFD-VRP model based on carbon emissions. Galarcio-
Noguera et al. [35] aimed to minimize freshness loss by
increasing perishable products and improving customer satis-
faction during delivery, and proposed a hybrid PSO-TS-PSO
algorithm to solve the model.

Analyzing the current research status of urban cold chain
logistics by domestic and international scholars, it can be
observed that the research on cold chain logistics is still a
relatively new field. To effectively increase the application
study on the comprehensive distribution efficiency of cold
chain logistics, more investigation into its research material
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is required. Achieving low-carbon development in urban cold
chain logistics has gained significant importance with the
advent of the low-carbon age. The current cold chain logistics
path optimization mostly considers costs related to fixed
expenses, transportation, cargo damage, refrigeration, carbon
emissions, etc., as optimization objectives. However, it fails
to consider the variation in vehicle speed over time due to
road congestion during urban distribution processes. Further-
more, the current optimization of cold chain logistics paths
mostly focuses on the optimization of single distribution cen-
ters, while the optimization of multiple distribution centers
is given less attention. At the same time, with the rise of
swarm intelligence algorithms, the application of optimized
intelligent algorithms in the process of optimizing urban cold
chain logistics paths has not been fully explored, which could
lead to comprehensive improvement in the efficiency of cold
chain logistics enterprises.

As previously indicated, the case of many distribution
centers and the characteristics of time-varying road network
speeds were not taken into account in prior research on
the optimization model of urban cold chain logistics paths.
This paper presents a thorough optimization model for cold
chain logistics called MDVRPTW (Multiple Depot Vehi-
cle Routing Problem with Time Windows), which accounts
for the costs of comprehensive transportation, carbon emis-
sions, time penalties, cargo damage, and refrigeration. The
model was developed in response to the limitations of earlier
research. Additionally, a cross-time period method for calcu-
lating segment travel time is proposed to address the changing
speeds of urban road networks. To solve the optimization
model, an improved self-adaptive large neighborhood search
ant colony algorithm is designed by combining the explo-
ration ability of ant colony optimization algorithm and the
local search ability of the adaptive large neighborhood search
algorithm.

III. MODEL ESTABLISHMENT
A. PROBLEM DESCRIPTION
A number of cold chain logistics distribution centers are
established based on the real growth conditions in China,
taking into account the necessity for low-carbon transfor-
mation in urban cold chain logistics. There is a set amount
of vehicles at each distribution center. After leaving the
distribution center to satisfy every customer’s request, the
distribution vehicles return to the original location. The dis-
tribution centers’ locations and the cars’ capabilities are
known. The customer quantities, locations, demand volumes,
time windows, and service times are known as well. The
vehicle speeds during peak congestion periods and normal
driving periods are considered. The objective is to optimize
the vehicle routes for urban cold chain logistics, minimiz-
ing comprehensive costs while satisfying constraints such as
vehicle capacity, vehicle load, time-varying road network,
customer time windows, and meeting the demands of all
customers. The following presumptions are made in order to
aid in analysis and research:

(1) The path optimization problem covers multiple distri-
bution centers, each of which can provide cold chain services
to multiple customers.

(2) The load and capacity limitations for every vehicle are
similar and known, as are the fixed numbers of vehicles that
can be dispatched from each distribution center.

(3) Cars travel at both regular and congested speeds, and
they instantly return to the distribution center after the deliv-
ery is finished.

(4) Customer demand points’ demand volume, location,
time window, and service time are all known. Every demand
point is met once, and the demand volume for a single order
cannot be greater than the delivery vehicle’s maximum carry-
ing capacity.

(5) All roads are interconnected and are bidirectional driv-
able roads.

(6) There is a soft time window for customer service.
Penalty costs apply if the vehicle arrives at the client location
before the earliest permitted service time or after the latest
permissible service time.

B. PARAMETER SYMBOL AND VARIABLE DEFINITION
In this section, we provide the definitions of variables, sets,
and decision variables used in our study:
Set:
C : Represents the set of customer locations, C =

{1, 2, 3 . . . . . . n}, where n is the total number of customers.
D : Represents the set of distribution centers, D =

{n+ 1, n+ 2 . . . . . . .n+ m}, where C is the total number of
distribution centers.
N : Represents the set of node indices, N = {1, 2,

3 . . . . . . n+ m}, namely A = C ∪ D;
K : Represents the set of vehicles available at each distri-

bution center.
T : Represents the set of time intervals within a day.
Parameter:
L : Represents the maximum travel distance allowed for

each vehicle.
Q : Represents the maximum capacity or load limit of each

vehicle.
qi :Represents the demand quantity of customer location i.
[ETi,LTi] : Represents the time window requirements for

customer location i.
[EETi,LLTi] : Represents the acceptable time window

constraints for customer location i.
dij : Represents the distance from customer location i to

customer location j.
vs : Represents the driving speed when the road is uncon-

gested.
vj : Represents the driving speed during congested periods

on the road segment.
vijt :Represents the driving speed on the road segment (i, j)

within a time interval t .
Tijtk :Represents the driving time of a vehicle k on the road

segment (i, j) within a time interval t .
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Tmk : Represents the departure time of a vehicle k from the
distribution center m.
Tik : Represents the arrival time of a vehicle k at the

customer location i.
TLik : Represents the departure time of a vehicle k from

the customer location i.
TSik : Represents the service time of a vehicle k at the

customer location i.
Decision variables:
xmkij : Represents the selected driving route for a vehicle k

departing from the distribution center mandmovefrom the node i
to the node j.
ymki : Represents whether a vehicle k departing from the

distribution center mand serves customer location i.
zmkijt : Represents the travel from node i to node j by a

vehicle k departing from the distribution center m within a
specific time interval t .

C. OBJECTIVE FUNCTION
This paper builds an optimal mathematical model for the city
cold chain logistics MDVRPTW problem under time-varying
road networks based on the model description and parameter
settings given above. The model’s goal is to reduce the whole
cost of the city’s cold chain logistics distribution channels.
This includes the costs associated with carbon emissions,
comprehensive transportation, fines for missing deadlines,
damage to perishable goods, and refrigeration.

1) COMPREHENSIVE TRANSPORTATION COSTS
Three components make up comprehensive transportation
expenses: fuel consumption costs, variable costs, and fixed
costs. Fixed costs, such as vehicle depreciation and startup
fees, are directly correlated with the total number of cars.
Variable costs mainly include driver labor costs. Fuel
consumption costs represent the expenses incurred during
vehicle operation due to fuel consumption. Based on the
above analysis, the formula for calculating the compre-
hensive transportation costs of cold chain logistics can be
expressed as:

C1 = f0
∑
i∈N

∑
j∈N

∑
m∈D

∑
k∈K

xmkij + fk
∑
i∈N

∑
j∈N

∑
m∈D

∑
k∈K

xmkij dij

+ φ
∑
i∈N

∑
j∈N

∑
m∈D

∑
k∈K

∑
t∈T

FCijtkZmkijt dij (1)

where:
f0 :Represents the fixed cost per vehicle (including vehicle

rental fees, vehicle insurance fees, vehicle maintenance fees,
etc.).
fk : Represents the variable cost per vehicle (including

driver labor costs and other variable costs).
φ : Represents the cost per unit of fuel consumption.
FCijtk :Represents the amount of fuel consumed by vehicle

k on the road segment (i, j) within a specific time interval t .

FIGURE 1. Improved customer time window penalty cost function.

2) CARBON EMISSION COSTS
This study considers carbon emissions originating from two
main sources. Firstly, carbon emissions arise from vehicle
transportation processes, primarily stemming from fuel and
refrigerant consumption during transportation. Secondly, car-
bon emissions occur during unloading processes, primarily
resulting from refrigerant consumption in this process. The
carbon emission costs associated with the distribution process
of cold chain logistics can be represented as follows, based on
the previously indicated analysis:

C2 =
∑
i∈N

∑
j∈N

∑
m∈D

∑
k∈K

∑
t∈T

ECijtkCeZmkijt

+

∑
i∈N

∑
k∈K

EC ′ikCeTSik (2)

Ce : Represents the cost per unit of carbon emissions.
ECijtk : Represents the carbon emissions of a vehicle k on

the road segment (i, j) within a specific time interval t .
EC ′ik : Represents the carbon emissions of a vehicle k

during its service at customer points i.

3) TIME PENALTY COSTS
Based on the level of acceptability by customers for delivery
vehicles violating time window constraints, time window
constraints in logistics path optimization problems are gen-
erally classified into three types: hard time windows, soft
time windows, and hybrid time windows. Time penalty costs
represent the additional costs incurred by vehicles due to
their inability to meet customer time window requirements.
In accordance with the specific characteristics of customer
demands in actual cold chain logistics distribution processes,
this paper designs a piecewise function that varies with time
for penalty costs, as shown in the figure 1:

As can be seen from the above, under the time-varying
road network, the penalty cost calculation method for urban
cold chain logistics distribution that violates the time window
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constraint is as follows:

C3(i) =



M , 0 < tmki ≤ EETi
Pt (tmki − ETi)

2, EETi < tmki ≤ ETi
0, ETi < tmki ≤ LTi
P0 + Pt (tmki − LTi)

2, LTi < tmki ≤ LLTi
M , tmki > LLTi

(3)

tmki : Represents the time it takes for a vehicle k to reach a
customer point i from the distribution center m.
Pt : Represents the unit time penalty cost for arriving early

or late.
P0 : Represents the fixed penalty cost incurred due to the

opportunity cost loss resulting from late delivery within an
acceptable time window.

C3 = Pt
∑
i∈N

∑
k∈K

∑
m∈D

max
{
(tmki − ETi)

2, 0
}

+

∑
i∈N

∑
k∈K

∑
m∈D

[
P0 + Pt max

{
(tmki − LTi)

2, 0
}]

(4)

4) LOSS COST
Perishable goods are vulnerable to several elements during
the cold chain transit process, including temperature, humid-
ity, and oxygen concentration in the storage environment.
These factors might lead to specific losses over time. Consid-
ering the distribution process of perishable products, the loss
cost primarily originates from two aspects. Firstly, it is caused
by the gradual loss of goods during transportation due to the
passage of time and cumulative handling of goods. Secondly,
it arises from the loss of goods during unloading due to
factors such as surrounding oxygen content, air circulation,
and temperature changes. The loss cost in the cold chain
logistics distribution process can be shown as follows based
on the analysis above:

C4 =
∑
i∈N

∑
j∈N

∑
m∈D

∑
k∈K

Pqixmkij [1− e−ξ1(Tik−Tmk )]

+

∑
i∈N

∑
k∈K

∑
m∈D

PQiymki (1− e−ξ2TSik ) (5)

P : Represents the unit price of fresh products.
Qi : Represents the remaining quantity of fresh products

after serving customers point i by a vehicle k .
ξ1 : Represents the freshness decay coefficient of fresh

products during vehicle transportation;
ξ2 : Represents the freshness decay coefficient of fresh

products during unloading process.

5) REFRIGERATION COST
In contrast to the general VRP problem, the cold chain logis-
tics path optimization problem must account for the cost of
refrigeration incurred in order to preserve fresh goods. This
cost is typically represented by the amount of refrigerant used
to keep the vehicle compartment at a constant temperature.
The cost of refrigerant generated by opening refrigeration

equipment during shipping and the cost of refrigerant gener-
ated by opening refrigeration equipment during the unloading
process comprise the majority of the refrigeration cost in the
cold chain logistics distribution process. The precise formula
for refrigeration cost in the cold chain logistics distribution
process can be stated as follows, based on the analysis pre-
sented above:

C5 =
∑
i∈N

∑
j∈N

∑
t∈T

∑
k∈K

∑
m∈D

P1xmkij Tijtk

+

∑
i∈N

∑
k∈K

∑
m∈D

P2TSikymki (6)

P1 : Represents the unit refrigeration cost during
transportation;
P2 :Represents the unit refrigeration cost during unloading

process.

D. CALCULATION OF TIME SPAN FOR ROAD SEGMENTS
Vehicle travel speed is connected with both the departure time
and the level of traffic congestion in the context of urban
cold chain logistics distribution. Refrigerated vehicles adopt
different travel speeds during different time periods within
a day. Therefore, for road segments (i, j), the measurement
of travel time across different time spans becomes a research
focus in this context. The Ichoua model (2003) [36] considers
that within a sufficiently short time span, the vehicle travel
speed can be regarded as constant. The urban road network
is split into peak and off-peak times based on this. A method
for calculating vehicle journey time is presented in this study.
The following are the precise steps:

1)Assuming that the vehicle remains in motion through-
out, except during customer service at delivery points
where it remains stationary, and no vehicle stops or
waits occur during other operational stages. Let TR denote
a fixed time interval for speed segmentation, TR =

{T0,T1,T2,T3,T4 . . . . . . .} .tRijk represents the travel time of
the vehicle k on the road segment (i, j) within the time interval
TR, vRijk represents the travel speed of the vehicle k on the
road segment (i, j) within the time interval TR, dij represents
the distance of the road segment (i, j), and sRijk represents the
traveled distance of the vehicle k on the road segment (i, j)
within the time interval TR.
2)The starting time for the vehicle to enter i is denoted

as tmki , tkij representing the total time from the customer
point i to point j. Assuming that within a day, only peak
and off-peak periods are distinguished, and peak periods
occur only in the early morning and evening stages. Let
vj denote the travel speed during congested periods and vs
denote the travel speed during normal periods. If the vehicle
arrives i during a congested period, then tkij = (TR+1− tmki )+
[dij − (TR+1 − tmki )vj]/vs.

3)Assuming that the time period TR vehicle enters i dur-
ing a normal period, the subsequent delivery period can be
divided into normal and congested periods. If only normal
periods exist, then tkij = dij/vs. If there is a congested period,
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it can be further divided into congestion during intermediate
deliveries and congestion at the final node. If congestion
occurs during intermediate deliveries, then tkij = TR+
(dij − vjTR)/vs. If congestion occurs at the final node, then
tkij = [ dijvs ]+ (dij − vs[

dij
vs
])/vj. (Here, [ ] denotes rounding.)

E. MATHEMATICAL MODEL
In conclusion, this paper is designed to minimize the total
cost, which includes comprehensive transportation costs,
carbon emission costs, time penalty costs, cargo damage
costs, and refrigeration costs, as the optimization objective.
The following time-dependent urban cold chain logistics
MDVRPTW model is constructed:

MINZ = C1 + C2 + C3 + C4 + C5 (7)

where: ∑
m∈D

∑
k∈K

ymki = 1 (8)∑
i∈N

xmkij −
∑
j∈N

xmkij = 0 (9)

∑
j∈N

xmkij ≤ 1 (10)

Tik + TSik ≤ TLik (11)∑
k∈K

∑
m∈D

xmkij ≤ K (12)∑
i∈N

qiymki ≤ Q (13)∑
i∈N

∑
j∈N

dijxmkij ≤ L (14)

xmkij ∈ {0, 1} , y
mk
i ∈ {0, 1} , z

mk
ijt ∈ {0, 1}

(15)

where, equation (8) indicates that each customer point must
be serviced exactly once; equation (9) represents the fact that
vehicles arrive and depart from the same node; equation (10)
signifies that each vehicle at any distribution center is used
exactly once; equation (11) denotes the time window con-
straints for customer points; equation (12) stipulates that
the number of vehicles used by a single distribution center
must be less than the total number of vehicles; equation (13)
constrains the vehicle capacity; equation (14) sets the dis-
tance traveled by vehicles; and equation (15) outlines the
constraints on the decision variable values.

IV. ALGORITHM DESIGN
The aforementioned MDVRPTW problem is a typical
NP-hard problem. When the scale of nodes is small, an exact
solution can be obtained using mathematical programming
methods. However, as the scale of nodes increases, the
solution space grows exponentially, making it infeasible
to achieve precise solutions using mathematical program-
ming methods. Therefore, heuristic methods or metaheuristic
methods are commonly employed for solving such problems.

Adaptive Large Neighborhood Search (ALNS), Tabu Search,
Genetic Algorithm, Particle Swarm Optimization, and Ant
Colony Optimization are the most popular algorithms among
academics, according to a statistical analysis of metaheuris-
tic algorithms for solving VRP problems done by Elshaer
and Awad [37]. The Ant Colony Optimization algorithm,
characterized by its systematic, self-organizing, positive feed-
back, and distributed computing features, possesses excellent
global search capabilities and is easily integrated with other
algorithms, making it widely applicable in combinatorial
optimization, communication network path selection, auto-
matic control, and systems engineering (2022) [38]. On the
other hand, the ALNS algorithm demonstrates precise local
optimization capabilities, with a high probability of explor-
ing better solutions, but this also increases the risk of the
algorithm getting trapped in local optima (2021) [39]. Thus,
this work presents an algorithm for Adaptive Large Neigh-
borhood Search Ant Colony Optimization (ALNS_ACO)
and discusses the features of the urban cold chain logistics
MDVRPTWproblem. This approach improves the program’s
capacity for global optimization by fusing the exploration
powers of Ant Colony Optimization (ACO) with the local
search powers of Adaptive Large Neighborhood Search
(ALNS). Initially, the algorithm constructs initial solutions
using the Ant Colony Optimization algorithm, then disrupts
and repairs parts of existing solutions, changing the majority
of solutions at each iteration (2019) [40], and ultimately
obtains the optimal solution based on an adaptivemechanism.

A. CONSTRUCTION OF INITIAL SOLUTIONS
The ALNS algorithm’s following optimization phase is heav-
ily influenced by the quality of the initial solution, and a
better initial solution will raise the probability of obtaining
satisfactory answers (2023) [41]. Considering the character-
istics of the MDVRPTW problem, this study adopts the Ant
Colony Algorithm to obtain improved initial solutions (2023)
[42]. Initially, all ants are allocated to various distribution
centers, with each ant initializing a route. BThe ants employ
a roulette wheel selection method based on the transition
probability formula to choose which customer nodes to visit.
The customer nodes that are selected are added to the current
route one after the other until the ant is no longer eligible
to visit customers. Subsequently, the ant is reset to the initial
distribution center and recommences its visiting process. This
process is repeated until the ant has visited all customers.

1) STATE TRANSITION PROBABILITY SETTING

Pmij (t) =


τij(t)αη

β
ij∑

j∈unvisitm τij(t)
αη
β
ij

0 if j ∈ visitedm

, if j ∈ unvisitm (16)

where, Pmij (t) represents the probability that ant m transfers
from customer point i to customer point j at time t . unvisitm
represents the set of possible destination points (customers)
for ant k(vehicle) at time t . In the algorithm, each ant (vehicle)
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is assigned a taboo list tabum(m = 1, 2 . . . . . .) to record
the set of visited destination points (customers). unvisitm =
{1, 2, 3 . . . . . . n}−tabum represents the set of cities that antm
is allowed to choose for the next step. When an ant (vehicle)
completes a tour (route), its taboo list is cleared. When all
cities are included in the taboo list tabum, ant m completes a
full traversal, and the path followed by ant m corresponds to
a workable fix for the issue.
α represents the important factor of pheromone con-

centration (carbon emissions) during the ants’ (vehicles’)
movement, while β represents the relative importance of the
expected heuristic factor (road conditions) in the ants’ (vehi-
cles’) path selection. Here, the higher the concentration and
importance, the larger the corresponding parameter values.

2) PHEROMONE UPDATE STRATEGY

τ newij = τ
old
ij (1− ρ)+

M∑
m=1

1τmij (17)

1τmij =


f /Dis tan cem, if ant m passes by ij at timet

and t + 1
0, otherwise

(18)

where, τ newij represents the pheromone update formula, where
τ oldij is the pheromone concentration before the update,
and τ newij is the pheromone concentration after the update.
ρ(0 < ρ < 1) represents the coefficient of pheromone
evaporation on the path, while 1−ρ represents the persistence
coefficient of pheromone. 1τmij represents the increment of
pheromone on arc (i, j) for ant m. f is a constant that repre-
sents the amount of pheromone secreted by ants in each trip.
Dis tan cem is the total distance traveled by ant m.

3) SPECIFIC IMPLEMENTATION STEPS OF ANT COLONY
ALGORITHM
Step 1: Setting up a parameter. Enter the required test
data, such as vehicle capacity, maximum trip distance, client
demand, service time windows, vehicle coordinates, fixed
and variable vehicle costs, unit carbon emissions cost, and
vehicle speed in a time-varying road network. Here, Iterant
represents the current iteration count, max Iterant represents
the maximum number of iterations, minLen represents the
shortest distance traveled by all ants, antNum represents the
number of ants, and initialRoute represents the initial best
travel route.

Step 2: Determine Iterant if the condition Iterant ≤
max Iterant is satisfied. If satisfied, assign a value to ant m
such that m = 1, and check if m satisfies the condition
m ≤ antNum. If satisfied, proceed to the next step; if not
satisfied, proceed to Step 5. (Here, tabum is the taboo list of
ant m. tabum = 0) Otherwise, proceed to Step 7.

Step 3: Place ant m at different distribution centers and
allocate the maximum allowable capacity and travel dis-
tance for it. Using the state transition probability calculation,

choose customer nodes that meet the constraint constraints
and incorporate them into the existing solution. Then, remove
that node from the set unvisitm of ant m and place it into the
set tabum of ant m. Repeat the above operations until ant m
no longer satisfies the conditions for visiting any remaining
customer nodes.

Step 4: Relocate ant m to the initial distribution center
and reset its maximum capacity. Determine unvisitm if it is
an empty set. If unvisitm ̸= 0, return to Step 3; otherwise,
save the total distance antLenm traveled by ant m into a set
iterLeniter , and save the travel route antSolm of ant m into a
set iterSoliter , then proceed to Step 5.
Step 5: Set m = m + 1, clear the taboo list tabum,

reset the unvisitm settings, and continue with Step 3.
Analyze all the traveled distances in the set iterLeniter to
derive the best traveled distance bestLeniter and the best
travel route bestRouteiter . If bestLeniter = minLen, set
minLen = bestLeniter and update the global optimal route
to initialRoute = bestRouteiter . Conversely, if bestLeniter >
minLen, set bestLeniter = minLen and bestRouteiter =
initialRoute. Then, before proceeding to the next step, update
the route according to the pheromone updating formula.

Step 6: Set Iterant = Iterant + 1 and return to Step 2.
Step 7: Following the greedy principle, based on the

time-varying conditions of vehicles and multiple vehicle con-
straint conditions, insert the uninserted customer demand
points into the optimal initial path initialRoute until all cus-
tomer points and distribution centers are included in the
feasible route. Through this process, a tailored initial solution
initialSol is designed for ALNS.

B. DESIGN OF ADAPTIVE LARGE NEIGHBORHOOD
SEARCH OPERATORS
The optimization objective of this paper is mainly closely
related to travel time, which in turn is related to vehicle
speed and distance. In addition, the problem also includes
customer time window requirements. Therefore, the large
neighborhood operators proposed in this paper are mainly
designed around these characteristics. In addition, relevance
operators, random operators, greedy operators, and regret
criterion operators are all efficient search operators in general
adaptive large neighborhood search algorithms and have also
been considered. Furthermore, when performing repair oper-
ations, it is necessary to ensure that the repaired solution is
feasible, that is, it satisfies the basic constraints of the vehicle.
Based on this, this paper uses 5 destruction operators and
3 repair operators, and designs an adaptive weight updating
formula based on historical performance to adjust the opera-
tor weights.

(a) Removal Operators
Removal operations often disrupt the structure of the cur-

rent solution, which is beneficial for escaping local optima.
In existing VRP-related literature, demand removal primar-
ily follows the following principles: (1) randomly selecting
parts to remove to ensure retrieval diversity; (2) removing
the worst-performing parts; (3) choosing comparable units
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to be eliminated, like points with comparable numbers, time
periods, and spatial placements. The following five destruc-
tion operators are used in this study based on these three
concepts; each removal operator doesn’t stop working until
every customer has been gone.

(1) Random removal: Randomly select r customer nodes
and delete them directly from the current solution, while
updating the paths.

(2) Worst removal: This operator aims to remove points
that have the greatest impact on the cost of the entire path,
intuitively reducing the total cost. Calculate the difference
in the objective function before and after removing each
customer point, and select the customer point with the largest
difference for removal, while updating the paths. Repeat
the removal operation until r customers are removed. This
strategy was proposed by Hemmelmayr et al. [43].

(3) Association Removal. This method was initially pro-
posed by Shaw [44] in 1998, which involves splitting two
highly correlated customers to generate new solutions and
explore a larger solution space (2023) [45]. First, a customer
node (i) is assigned to setCunvisit after being arbitrarily chosen
for removal. The similarity between each customer point in
the current solution and the deleted customer point is then
determined using a similarity function. To be removed and
added to set Cunvisit is the customer node that has the most
similarity in the current solution. Subsequently, a customer
node is randomly chosen from the set Cunvisit , and the pro-
cess of similarity calculation is repeated to remove the node
with the highest similarity. This step is repeated until r cus-
tomer nodes have been removed. The association between
customer i and customer j is represented by R(i, j), and the
expression is as follows:

R(i, j)

= ψ1dij + ψ2(
∣∣Tik − Tjk ∣∣+ ∣∣TLik − TLjk ∣∣)+ ψ3(

∣∣qi − qj∣∣)
+ ψ4xmkij (19)

Here, ψ1, ψ2, ψ3, ψ4 represent the weight coefficients
for distance, time window, demand, and path, respectively.
A smaller value of R(i, j) indicates a higher association
between two nodes, and it is desired to minimize the overall
association among all removed nodes. If customer i and j are
on the same path, it is represented xmkij as 1; otherwise, it is
represented as 0. The next customer to be deleted is chosen
based on the ascending order of association values, and this
process is repeated until r customers have been eliminated
from the set.

(4) Farthest Time Window Removal. This essay addresses
time penalty costs, which necessitate that the car arrive as
close to the customer’s requested time window as feasible.
The customer node that arrived at the time that was farthest
from the customer’s required time window gets eliminated.
If the vehicle’s arrival time satisfies the time window of
customer i, 1ti = 0, otherwise:

1ti = min
{
λ

∣∣∣tmki − Tik ∣∣∣ , ∣∣∣tmki − TLik ∣∣∣} (20)

Here, λ represents the multiplicative relationship between
the penalty for arriving early and the penalty for arriving late.
Based on i = argmax {1ti}, r customers are selected for
removal.

(5) Maximum Velocity Difference Removal. This method
was proposed by Franceschetti et al. [46] in 2017. The basic
idea is to remove the customer with the maximum differ-
ence in velocities before and after the vehicle’s arrival at the
customer’s location. This study considers the time-varying
factors in urban cold chain distribution. If the difference
in velocities before and after the customer’s location is
1vj, Nr customers are selected for removal based on j =
argmax

{
1vj

}
.

(b) Repair Operators
The clients who were removed are gradually reinserted by

the repair operators into the existing partial solution. This
study designs three repair operators to search for feasible
solutions: random insertion, best greedy insertion, and regret
criterion insertion.

(1) Random insertion
A random customer is chosen from the set Cunvisit of

deleted customers, and all permitted insertion locations are
established in accordance with vehicle capacity and journey
distance limitations. The customer is then inserted into a
randomly chosen position. Until all r clients have been rein-
tegrated into the solution, this process is repeated.

(2) Best Greedy Insertion
The best greedy insertion method selects the position with

the minimum impact on the objective function value for
insertion. A random point is chosen, and the increase in the
total cost of the path after inserting the point at each posi-
tion is evaluated. The position corresponding to the lowest
increase value is selected for insertion. Until every removed
customer has been reintegrated into the solution, this process
is repeated.

(3) Regret Criterion Insertion
First, determine every location where the r removed con-

sumers may be inserted, taking into account the fundamental
limitations of the cars. Subsequently, determine the regret
value of every eliminated point and arrange the points in order
of greatest regret value being inserted into the position with
the least amount of overall cost increase. The total of the
discrepancy in distance increments between the top i ideal
insertion positions and the best position for every customer
is used to compute the regret value. Continue doing this until
all r clients have been added back into the system.

(c) Adaptive Weight Adjustment
The adaptive adjustment of operator weights based on

past performance is the fundamental idea behind the ALNS
algorithm. In this study, the initial operator weight is set to
10 and the initial operator score is set to 0. All operators
are initially allocated the same weight and score. To increase
the diversity of operator selection, the roulette wheel rule
is used to guide the selection of removal and insertion
operators in each search phase throughout the algorithm’s
iteration. A stepwise scoring system is then utilized to score
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the various performances of operators, with higher scores
denoting greater performance, based on the quality of the
solution(updateSol) updated after each iteration. The oper-
ator weights change when the number of iterations crosses a
predetermined threshold.

In this study, the score of operator i in stage j is defined as
εij, and a four-level scoring system has been established. The
update rule for εij is as follows:

εij

= εij(j−1) +



30, if bestSol ≤ updateSol
10, if currentSol < updateSol < bestSol
6, if currentSol < updateSol, and

updateSol is accepted
0, otherwise

(21)

According to the scoring system, the corresponding oper-
ators for destruction and repair receive points based on how
well the updated solution compares to the current and global
best solutions. More specifically, the participating operator
will gain 30 extra points if the modified neighborhood solu-
tion outperforms the global best solution. The operator gets
10 points if the updated neighborhood solution still outper-
forms the current solution but falls short of the global best
solution. The operator gets six points if the revised neighbor-
hood solution is still approved even though it is inferior to
the current global best answer. Lastly, no point is awarded
to the relevant destruction and repair operators if the updated
solution does not improve upon the current solution nor is
accepted.

During the algorithm iteration process, the probability
of an operator being selected after the j − th iteration is
updated using the following operator weight update formula:
ωi(j+1) = (1 − θ )ωij + θπij/εij, where ωi(j+1) represents the
weight value of operator i in stage j + 1, assuming an initial
operator weight of 10, θ is the weight adjustment coefficient,
and πij denotes the number of times operator i is selected
during during the Nb iterations in stage j. If operator i is not
used during the current stage j, its weight remains unchanged
in subsequent stages. After the weight update, both εij and πij
are reset to zero.

C. DESIGN OF ALNS_ACO ALGORITHM
Adulyasak et al. developed the simulated annealing approach,
which was utilized as the acceptance rule for solutions in
this work [47]. If updated solution updateSol performs better
than current solution currentSol during the iteration process,
the new solution is retained. If not, there’s a chance that the
revised solution will remain in place. The initial temperature
is set to TEMPmin = 1000 and follows the cooling schedule
TEMPn = TEMPn−1 × H , where the cooling rate is set to
H = 0.995. If the maximum iteration limit is reached, the
entire search process ends.

V. SIMULATION AND RESULTS ANALYSIS
A. EXPERIMENTAL SETUP
In light of the characteristics of the MDVRPTW problem,
this study uses test cases from the Solomon benchmark
dataset(1987) [48] as the experimental dataset. The dataset
consists of cluster distribution test set (C-type), random dis-
tribution test set (R-type), and random cluster distribution test
set (RC-type). The first coordinate of each test case repre-
sents the depot, and three additional locations at coordinates
(10, 30), (50, 75), and (70, 20) are added as depots, forming
the simulation instances for this study. The new instances
consist of four depots and 100 customer points. The earliest
departure time for refrigerated vehicles from the four depots
is set at 6:00 (defined as time zero), and the latest arrival
time back at the depots is set at 22:00, resulting in a total
service time of 16 hours. Based on the traffic patterns in urban
areas, the time periods from 7:00 to 9:00 and 18:00 to 20:00
are designated as congestion periods (morning and evening
rush hours), during which vehicles travel at congested speeds
vj. During non-congestion periods, vehicles travel at normal
speeds vs. The speeds vs and vj are set to 40 km/h and 20 km/h,
respectively. For ease of analysis, the straight-line distance is
used as the shortest distance between customer locations. The
algorithm is implemented using Matlab 2021a and executed
on a computer with a CPU speed of 2.50 GHz and 16 GB of
memory.

B. PARAMETER OPTIMIZATION
The model and algorithm in this study involve various
parameters, including parameters specific to the MDVRPTW
problem and parameters specific to the algorithm. For the
parameters specific to the problem, some are set based on
relevant literature, such as fixed costs of vehicles, carbon
emission costs per unit, fuel consumption costs per unit,
freshness decay coefficient, etc., while others are set by the
author based on real-world circumstances. For the parameters
specific to the algorithm, some are set based on relevant liter-
ature, such as weights for time window constraints, distance
constraints, and demand constraints, pheromone evapora-
tion coefficient, initial temperature for simulated annealing,
etc., with the numerical values directly referenced from
the cited literature. Some parameters are optimized through
experimentation, such as the number of iterations for the
ALNS algorithm, increment of operator scores, and adjust-
ment coefficient for operator weights, primarily following
the recommendations from the classical ALNS paper [49].
The remaining parameters are set by the author, as detailed in
Table 1.

C. SIMULATION RESULTS ANALYSIS
1) VEHICLE ROUTING AND DISTRIBUTION TIME
DISTRIBUTION
To verify the effectiveness of the model constructed and the
algorithm proposed, Solomon simulation cases C201, C202,
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Pseudocode of ALNS_ACO algorithm is shown below:
Input: initialSol: Use ant colony algorithm to form initial solution; TEMPmin: Initial temperature; H: Cooling rate;H:Cooling
rate;
Input: RO: Set of destruction operators, including removal operators that remove customer points; IO: Set of insertion operators,
including insertion operators that insert customer points.
1: bestSol ← initialSol,TEMP← TEMPmin
2: while the stopping condition is not met do
3: updateSol ← initialSol
4: Use roulette wheel selection method to select a removal operator d ∈ RO based on the weights of operators in RO
5: if the selected removal operator is a customer point removal operator then
6: if the resulting route is infeasible after removal then
7: Select an insertion operator from IO to repair the route by inserting customer nodes
8: updateSol = r(d(x))
9: else
10: Select an insertion operator from IO to repair the route directly
11: end if
12: if f (bestSol) ≤ f (updateSol) then
13: bestSol ← currentSol ← updateSol, Increase the scores of all applied neighborhood operators ε1
14: else if f (currentSol) < f (updateSol) < f (bestSol) then
15: currentSol ← updateSol, Increase the scores of all applied neighborhood operators ε2
16: else if f (updateSol) ≥ f (currentSol), updateSol is accepted by the simulated annealing criterion is accepted then
17: currentSol ← updateSol, Increase the scores of all applied neighborhood operators ε3
18: else if, increase the scores of all applied neighborhood operators ε4
19: end if
20: TEMP← TEMP× H
21: if TEMP < TEMPmin then
22: TEMP← TEMPmin
23: end if
24: Update the weights of each operator in RO and IO using the operator weight update formula
25: end while

TABLE 1. Summary of model and algorithm parameter settings.

R201, R202, RC201, and RC202 were used for simulation
analysis. The program runtimeswere 83.06s, 86.98s, 116.67s,
132.66s, 135.3s, and 113.23s, respectively. The optimal vehi-
cle routing schemes generated by the program are shown

in Figure 2, where the square represents the distribution
center.

For the convenience of presentation, this paper specifically
provides the optimal travel path and time distribution of case
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FIGURE 2. Optimal vehicle routing results of simulation cases.
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FIGURE 2. (Continued.) Optimal vehicle routing results of simulation cases.

RC201, as shown in Table 2. Where: DN represents the depot
number, SN represents the vehicle number, VR represents the

vehicle travel path, and VAT represents the time at which the
vehicle arrives at each node.
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TABLE 2. Optimal travel path and time distribution of case RC201.

From Table 2, it can be observed that: (1) Based on the
SN column, a total of 15 delivery vehicles are used for the
four distribution centers. Specifically, distribution center 1
utilizes 4 vehicles, distribution center 2 utilizes 4 vehicles,
distribution center 3 utilizes 4 vehicles, and distribution
center 4 utilizes 3 vehicles. (2) The number of consumers
served by various vehicles varies, as indicated by the VR
column. There is a minimum of five customers served and
a maximum of nine. This difference is primarily due to fac-
tors such as the location of the distribution centers, traffic
congestion conditions, customer demand and service time
windows, as well as vehicle capacity. (3) Based on the VAT
column, vehicle 4 from distribution center 1, vehicle 1 from
distribution center 2, and vehicles 1 and 2 from distribution
center 4 entirely avoid the peak congestion periods in the
morning and evening. The remaining vehicles only enter
either the morning or evening peak congestion period sep-
arately This suggests that the strategy put out in this research
can successfully avoid periods of heavy traffic, improve the
effectiveness of vehicle distribution for cold chain logistics,
and successfully lower total distribution costs.

2) ANALYSIS OF SIMULATION RESULTS FOR SINGLE DEPOT
AND MULTIPLE DEPOTS AT DIFFERENT LOCATIONS
To compare the impact of single depot and multiple depots
on different optimization objectives, simulations were con-
ducted for various scenarios using single depots at different
locations (Single Depot 1, Single Depot 2, Single Depot 3,
Single Depot 4) and multiple depots. The simulation results
are presented in Table 3. Herein, TC represents the total cost
(in units of yuan), CC represents carbon emission cost (in
units of yuan), and TT represents the total travel time of
vehicles (in units of minutes).

According to Table 3, the following observations can be
made: (1) The vehicle distribution costs of multiple distribu-
tion centers are much lower than those of a single distribution
center. In terms of total distribution costs, compared to the

vehicle distribution costs of Single Distribution Center 1, Sin-
gle Distribution Center 2, Single Distribution Center 3, and
Single Distribution Center 4, the vehicle distribution costs
of multiple distribution centers have average reductions of
19.81%, 21.56%, 20.57%, and 23.18% respectively. In terms
of carbon emission costs, multiple distribution centers also
exhibit certain advantages, with average cost reductions of
12.33%, 10.5%, 11.36%, and 12.56% respectively. This indi-
cates that the use of multiple distribution centers for vehicle
distribution can effectively reduce both distribution costs
and carbon emissions. (2) The total travel time of vehicles
in multiple distribution centers is lower than that of a sin-
gle distribution center. Compared to the vehicle distribution
of Single Distribution Center 1, Single Distribution Cen-
ter 2, Single Distribution Center 3, and Single Distribution
Center 4, the average travel times of vehicles in multiple dis-
tribution centers are reduced by 12.8%, 13.62%, 14.77%, and
13.66% respectively. Therefore, through a comprehensive
comparison of total distribution costs, carbon emission costs,
and total travel time, it can be concluded that using multiple
distribution centers for urban cold chain logistics delivery
services results in lower distribution costs, less environmental
pollution, and higher delivery efficiency.

3) ANALYSIS OF SIMULATION RESULTS FOR DIFFERENT
CONGESTION SPEEDS
Under the constant model parameters and constraints, simu-
lation experiments were conducted on various scenarios with
congestion speeds of 15 km/h and 10 km/h, respectively.
As indicated in Table 4, the outcomes were contrasted with
the simulated results at a congestion speed of 20 km/h. In the
table, TC represents the total cost (in units of yuan), CTC
represents the comprehensive transportation cost (in units of
yuan), and CC represents the carbon emission cost (in units
of yuan).

From Table 4, it can be observed that as congestion
speed decreases, total distribution costs, vehicle usage costs,
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TABLE 3. Comparison of simulation results for different single depot and multiple depots.

TABLE 4. Comparison of simulation results for different congestion speeds.

and carbon emission costs gradually increase, indicating
an inverse relationship between these costs and congestion
speed. (1) Regarding total distribution costs, when the con-
gestion speed decreases from 20 km/h to 15 km/h, the average
total cost increases by 4.22%; when the congestion speed
decreases from 20 km/h to 10 km/h, the average total cost
increases by 8.33%. (2) In terms of vehicle usage costs, when
the congestion speed decreases from 20 km/h to 15 km/h and
10 km/h, the vehicle usage costs increase by an average of
3.05% and 11.7%, respectively. (3) With respect to carbon
emission costs, when the congestion speed decreases from
20 km/h to 15 km/h and 10 km/h, the carbon emission costs
increase by an average of 2.96% and 12.59%, respectively.
In summary, the analysis indicates that traffic congestion has
varying degrees of impact on vehicle distribution costs, fuel
consumption, and carbon emissions. Moreover, as the level
of traffic congestion increases, vehicle distribution costs and
carbon emission costs also increase.

4) SIMULATION RESULTS ANALYSIS FOR DIFFERENT
OPTIMIZATION OBJECTIVES
Simulators were run under identical conditions, with the
optimization goals of minimizing vehicle total trip time and
minimizing vehicle total travel distance, respectively. Table 5
displays the comparison between the obtained findings and
the simulation results of this work, where the optimization
aim was total cost. Here, TC represents total cost (unit:
yuan), TD represents total travel distance (unit: km), and
TT represents total travel time (unit: min). CTC represents
comprehensive transportation costs, CC represents carbon
emission costs, TPC represents time penalty costs, CDC rep-
resents cargo damage costs, and RC represents refrigeration
costs.

According to Table 5: (1) The model presented in this
study, which set total cost as the optimization goal, reduced

comprehensive transportation expenses by an average of
18.24% and 21.78%, respectively, as compared to models
that set out to minimize total journey time and total travel
distance; (2) In terms of carbon emission costs, the proposed
total cost minimization model achieved an average reduction
of 19.49% and 16.8% compared to the models with mini-
mizing total travel distance and minimizing total travel time,
respectively; (3) In terms of time penalty costs, the proposed
total cost minimization model achieved an average reduc-
tion of 28.65% and 16.31% compared to the models with
minimizing total travel distance and minimizing total travel
time, respectively; (4) In terms of cargo damage costs, the
proposed total cost minimization model achieved an average
reduction of 26.61% and 19.2% compared to the models with
minimizing total travel distance and minimizing total travel
time, respectively; (5) In terms of refrigeration costs, the
proposed total cost minimization model achieved an average
reduction of 22.28% and 17.39% compared to the models
with minimizing total travel distance and minimizing total
travel time, respectively.

In summary, the model proposed in this paper, which con-
siders comprehensive transportation costs, carbon emission
costs, time penalty costs, cargo damage costs, and refrig-
eration costs, with total cost as the optimization objective,
is more effective in reducing the distribution costs of urban
cold chain logistics and improving the economic benefits of
logistics companies, compared to the optimization objectives
ofminimizing total travel distance andminimizing total travel
time.

D. ANALYSIS OF SIMULATION RESULTS FOR DIFFERENT
ALGORITHMS
To validate the effectiveness of the proposed ALNS_ACO
algorithm, the algorithm is applied to the Solomon sim-
ulation examples of the six MDVRPTW problems and

VOLUME 12, 2024 71345



X. Yang, H. Jiang: Research on Urban Cold Chain Logistics Path Optimization

TABLE 5. Comparison of simulation results for different optimization objectives.

FIGURE 3. Comparison of iterative processes of different algorithms.

TABLE 6. Comparison of simulation performance for different optimization algorithms.

comparedwith theAnt ColonyAlgorithm (ACO) andGenetic
Algorithm (GA), all with the objective of minimizing total
costs. The codes are implemented using Matlab 2021a,
and the simulation results are presented in Table 6 and
Figure 3. Table 6 provides the distribution total costs, con-
vergence time, and simulation execution time for different
optimization algorithms after 400 iterations on various stan-
dard test case sets. Figure 3 displays the convergence curve
of the optimal solutions obtained by different optimization
algorithms during the simulation process for the RC201
example.

According to Table 6: (1) In terms of total delivery
costs, the ALNS_ACO algorithm achieves the optimal solu-
tion in all cases, with the lowest convergence time and
computation time. Compared to the ACO and GA algorithms,
the ALNS_ACO algorithm reduces the average delivery

costs by 15.4% and 12.11% respectively. (2) In terms of
convergence time, the ALNS_ACO algorithm reduces the
average convergence time by 50.68% and 43.58% compared
to the ACO and GA algorithms respectively. (3) In terms
of computation time, the ALNS_ACO algorithm reduces the
average computation time by 44.67% and 43.58% compared
to the ACO and GA algorithms respectively. (4) As shown
in Figure 3, the ALNS_ACO algorithm reaches convergence
faster and obtains better solutions compared to the ACO and
GA algorithms, indicating that the improved ALNS_ACO
algorithm has higher solution accuracy and improves
solution quality compared to conventional algorithms. Based
on the above analysis, it can be concluded that the designed
ALNS_ACO algorithm not only achieves better optimization
results in model solving, but also demonstrates signifi-
cant improvements in terms of iterative convergence and
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simulation efficiency compared to the single Ant Colony and
Genetic Algorithms.

VI. CONCLUSION
Logistics and transportation are one of the main sources of
carbon emissions, and in order to contribute to the overall
goals of carbon neutrality and peak carbon emissions, this
study focuses on the optimization of urban cold chain logis-
tics routes considering multiple distribution centers, aiming
to promote the green development of transportation and logis-
tics distribution. Taking into account the characteristics of
peak hours in urban transportation, the time-varying factors
are incorporated into the model. A total cost minimization
objective is designed, which includes comprehensive trans-
portation costs, carbon emission costs, time penalty costs,
cargo damage costs, and refrigeration costs. A city multi-
distribution center cold chain logistics route optimization
model under time-varying road networks is constructed.
Based on the characteristics of the model, an ALNS_ACO
algorithm is designed to solve the model. Finally, the feasibil-
ity of the model and algorithm is verified through numerical
experiments using 6 test cases from the Solomon benchmark
database. The main results are as follows:

(1) In the optimization of the urban cold chain logistics
MDVRPTW problem model, the number of vehicles depart-
ing from each distribution center is maintained at 3-4, and
there is a certain difference in the number of customers served
by different vehicles. Meanwhile, some vehicles perfectly
avoid the morning and evening peak periods, while others
only avoid either the morning or evening peak period. This
indicates that the route planning can reasonably avoid traffic
congestion time periods and demonstrates the effectiveness
of the model optimization.

(2) Combining the simulation results of the optimization
solutions for multiple distribution centers and single distri-
bution centers, it can be observed that multiple distribution
centers have made significant improvements in terms of total
delivery costs, carbon emission costs, and total travel time
compared to single distribution centers. This demonstrates
that using multiple distribution centers for urban cold chain
logistics services can effectively reduce delivery costs, gener-
ate less environmental pollution, and improve overall delivery
service efficiency.

(3) The changes in vehicle congestion speed will have a
significant impact on total delivery costs, vehicle usage costs,
and carbon emission costs. As congestion speed decreases,
i.e., as traffic congestion worsens, it will gradually lead to
an increase in total delivery costs, vehicle usage costs, and
carbon emission costs.

(4) The changes in different optimization objectives will
also have a significant impact on the optimization results of
the model. The total cost minimization objective designed
in this study, which includes comprehensive transporta-
tion costs, carbon emission costs, time penalty costs, cargo
damage costs, and refrigeration costs, compared to the opti-
mization objectives of minimizing total distance and total

time, can effectively reduce the distribution costs of urban
cold chain logistics and thus widely improve the economic
benefits of logistics enterprises.

5) Through the performance comparison of different
optimization algorithms, it is found that the ALNS_ACO
algorithm has relatively better optimization effects in terms
of total delivery costs, convergence time, and computational
time compared to ACO and GA algorithms. This indicates
that the improved optimization algorithm has made signifi-
cant improvements compared to a single ant colony algorithm
and genetic algorithm.

Based on the above research findings, some feasible sug-
gestions for the low-carbon development of urban cold chain
logistics can be proposed, especially for cold chain logistics
enterprises. This paper provides some development insights
and references on how to effectively reduce distribution costs
and subsequently improve the quality of logistics services.
However, this paper only explores and analyzes the urban
cold chain logistics MDVRP problem in theory. In partic-
ular, in the empirical case study section, there is a lack of
specific development examples for optimizing urban cold
chain logistics routes. Furthermore, in future research, it will
be important to further refine the time-varying factors, ana-
lyze the main influencing factors of carbon emissions, and
design more scientifically effective optimization algorithms
for logistics multi-distribution centers. These areas are wor-
thy of in-depth exploration and investigation.
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