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Abstract: In this work, we aim to adjust vehicle speeds in real time by predicting the
surrounding population density based on the spacing of customer locations. We compre-
hensively consider fixed costs, cargo loss costs, fuel costs, penalty costs, and environmental
costs; build a cold chain distribution vehicle path optimization model with the goal of min-
imizing the total cost and maximizing customer satisfaction; and design a hybrid genetic
algorithm solution optimization model. The algorithm dynamically adjusts the tournament
scale through the standard deviation of the fitness value, uses the OX cross operator, deter-
mines the position of variation based on the customer information matrix, and performs
local search optimization with the removal and insertion operators. Through comparison
to other algorithms in the literature, the results show that the hybrid genetic algorithm
not only improves customer satisfaction, but also maintains a lower total cost, which is
obviously superior when solving the complex cold chain distribution path optimization
problem; further comparison and analysis of the mathematical model in this paper with
the single-dimension satisfaction model reveals that under the same satisfaction constraint
threshold, the model in this paper can significantly reduce the system operating cost; we
also deeply discuss the influence mechanism of vehicle traveling mode and customer point
sparsity radius on distribution path planning.

Keywords: cold chain logistics; vehicle routing problem; satisfaction; adaptive velocity;
genetic algorithm

MSC: 68W50; 90C59

1. Introduction

Cold chain logistics [1], as a special logistics model, was first proposed by Albert Ein-
stein and Leo Szilard in 1926. This problem involves the rational planning of transportation
routes in the distribution process while meeting distribution requirements in different time
windows to ensure that the goods can reach the target location in a timely and efficient
manner. With the continuous development of cold chain logistics, many scholars have
carried out in-depth research on this problem, which involves a number of hot areas such
as cold chain technology [2], cold chain efficiency [3,4], distribution time window [5-7],
cold chain carbon emission [8-10], etc. Zhang et al. [11] proposed an effective scheduling
scheme for cold chain vehicles by considering various constraints through the forbidden
search and gray wolf optimization algorithms; Zhang et al. [12] constructed a cold chain
logistics path optimization model for traffic conditions in China by considering the multiple
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impacts of traffic conditions on the total cost of distribution, product freshness, and low
carbon emissions; Gao et al. [13] designed an improved genetic algorithm to solve the
perishable cold chain distribution vehicle path optimization model with the objective of
minimizing the total cost from the perspective of customer satisfaction; Guo and Liu [14]
constructed the least-cost cold chain logistics path optimization model and analyzed it,
using clustering and annealing algorithms; Jiang et al. [15] constructed a two-stage cold
chain distribution optimization model with the objective of minimizing the total cost in
order to quickly respond to the dynamic needs of customers and solved it using enhanced
genetic algorithm; Zhang and Li [16] considered a class of vehicle path problems affected
by the spread of epidemics with the aim of minimizing the total distribution time and the
transmission risk of the distribution network; Chen et al. [17] studied the vehicle path
problem of a real cold chain distribution company and modeled it as a multi-compartment
vehicle path problem with some practical constraints.

Cold chain logistics, as a variant problem of the vehicle routing problem (VRP) [18], is a
typical NP-hard problem [19]. Genetic algorithms (GAs) [20] are meta-heuristic algorithms
inspired by biological evolution that are commonly used to solve complex combinatorial
optimization problems, especially the traveling salesman problem (TSP) [21] and so on.
While VRP can be regarded as a generalization of TSP, many scholars applied genetic
algorithms to the solution of VRP to improve the optimization performance of the algorithm.
Liu et al. [22] introduced the longest common substring of elite and inferior individuals in
the crossover and mutation operators of genetic algorithms to speed up convergence and
help individuals exit local optima; Mu et al. [23] combined the Gaussian matrix variation
operator to improve the genetic algorithm’s efficiency; Dubey and Tanksale [24] proposed a
genetic algorithm combining elite selection and local search; Teng [25] used three-vector
chromosome coding method and four heuristic resource selection rules, and also introduced
a neighborhood search operator with four neighborhood search operators, which enhanced
the local search ability of the improved genetic algorithm.

The following scholars have contributed to solving the multi-objective problem.
Leng et al. [26] integrated the elements of soft time window, heterogeneous fleet, and
route flexibility, and at the same time applies six evaluation functions to quantitatively
evaluate the system objectives from the core dimensions of logistics cost, fuel consump-
tion, carbon emission, perishable goods quality damage, and customer satisfaction. The
Pareto solution is obtained by organically integrating domain operators with a generalized
multi-objective evolutionary algorithm (MOEA) to achieve comprehensive multi-objective
optimization. Shi and Fu [27] introduced the time window constraints to carry out vehi-
cle path optimization research based on minimizing distribution cost, minimizing empty
vehicle cost and maximizing customer satisfaction, adopted a two-stage solution strat-
egy of pre-optimization and real-time optimization, decomposed the problem by using
decomposition method, and designed a minimum envelope cluster analysis method and
hybrid genetic algorithm to solve the problem.Li et al. [28] simultaneously optimized
the costs associated with siting, transportation, inventory, and carbon trading, and im-
proved the Non-dominated Sorting Genetic Algorithm II ( NSGA-II) to solve the model.
Zheng et al. [29] proposed a novel location inventory routing model for solving the cold
chain logistics network problem in uncertain demand environments and employed a non-
dominated sorting algorithm in the genetic algorithm to solve the problem. Wang and Wen
[30] focusing on the cold chain third-party logistics service scenario, a low-carbon two-level
heterogeneous fleet vehicle path problem model incorporating hybrid time window charac-
teristics is constructed, which proposed an adaptive genetic algorithm to solve the problem
with multiple objectives: realizing reductions in both cost and carbon emissions and the
enhancement of total customer satisfaction.
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In this paper, based on the time window, vehicle load, and other factors, the cold chain
logistics path optimization problem is studied, and the main results are as follows:

(I)  We construct the sparse radius according to the customer point density and control
the vehicle driving speed in real time, which is more in line with the real life.

(2)  We construct the fuel cost by using the vehicle’s mechanical power and running
time, design the penalty cost by combining it with the current customer value, and
construct the optimization model of the cold chain logistics path with the goal of
minimizing the total cost and maximizing the customer satisfaction.

(3) A hybrid genetic algorithm is proposed to dynamically adjust the size of tournament
scale by combining the standard deviation of fitness, control the variation operation by
utilizing the customer information matrix; we also design two removal operators and
one insertion operator to perform local search and confirm its improved optimality.

The rest of the paper is structured as follows: Section 2 describes the fresh cold chain
logistics vehicle path optimization problem with adaptive speed. Its mathematical problem
modeling is described in detail in Section 3. The solution method is elaborated in Section 4.
The experimental results are given in Section 5. Finally, considerations for future work are
summarized in Section 6.

2. Problem Description

In the distribution of fresh products, in order to ensure the quality of the products,
it is necessary to reasonably plan the driving speed and route planning of the vehicle. In
actual distribution, transportation is often affected by many uncertain factors, such as
traffic safety, weather conditions, etc. Now, consider a cold chain logistics vehicle routing
problem based on adaptive speed. During the distribution process, the speed of the vehicles
is adjusted in real time according to the density of neighboring customer points. Under
the circumstances, optimize the distribution path to minimize the total cost of distribution
and maximize customer satisfaction. To ensure the integrity of the model build, make the
following assumptions:

(1)  The coordinates of the warehouse and all customer points are known.

(2)  Consider a single distribution center for fresh food distribution to multiple customer
points, and the starting and ending points of the vehicles are warehouse.

(3)  All customers need the same type of goods, the demand is known, and each customer
can only be serviced once by one car.

(4)  All customer time windows are known to incur penalty fees for early arrivals and late
arrivals, and the penalty per time for late arrivals changes based on customer value.

(5)  The number of vehicles, the load, the maximum travel speed are known, and all
delivery vehicle types are the same.

3. Problem Modeling
3.1. Model Parameters
We developed a mathematical model to describe cold chain logistics using the notation

of Table 1.

Table 1. Model Parameters

Notations Definitions

N A collection of warehouses and customer points, N = {0,1,2,...,n}
K Collection of vehicles available in the warehouse
Q Maximum load capacity of the vehicle

Qg Vehicle’s own weight
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Table 1. Cont.
Notations Definitions
Qijk The weight of the vehicle k during customer i to customer j delivery
Dj; Distance from customer i to customer j
G The start-up cost of a vehicle
p Unit price of fresh produce
) Cargo damage factor for fresh produce while vehicles are in transit and waiting
1) Cargo damage factor for fresh produce when the vehicle is serving customers (with doors open)
) Vehicle original speed
vjj Vehicle speed from customer i to customer j
Sparsity radius, within which vehicles are slowed down accordingly to the sparsity of customers
in the neighborhood
bsf Vehicle k arrival time at customer i
tk. The time taken by the vehicle k to travel from customer i to customer j
tZ.J Vehicle k Time to start serving customer i
tsk Sum of service times for other customers on the path before vehicle k reaches customer i
Wik Waiting time for vehicle k at customer i
sk Vehicle k service hours to customer i
C Unit price of fuel
qi Customer i Demand for fresh produce
[ET;,LT;]  Customer i desired delivery window
MT; Customer i Acceptable point in time for minor delays
leti, 1t;] Customer i acceptable delivery window
€1 Penalty cost per unit of time for arriving earlier than ET
& Penalty cost per unit of time for arriving later than LT, but earlier than /¢
Cs Unit carbon tax
o Carbon emission factor
Xoik Vehicles k Started serving customer i from the warehouse, 1 if so, 0 otherwise
Xijk Vehicle k from customer i distribution to customer j, 1 if so, 0 otherwise
Yik Customer i is served by the vehicle k, 1 if so, 0 otherwise.

3.2. Objective Function
3.2.1. Fixed Costs

Fixed costs refer to the fixed expenses incurred by vehicles during transportation,
regardless of distance or length of time [31]. Vehicle fixed costs f; are expressed as follows:

n K

fi=Ci) ) xo 1)

i=1k=1

3.2.2. Cargo Loss Costs

In cold chain distribution, improper temperature control can cause damage to goods,
which is divided into two categories: damage when the door is unopened and damage
when air circulation is caused [31]. Cargo loss costs f, are expressed as follows:

n n K n n K

Fo=p 1Y x Qi1 — ) 4 Y VY Qi (1 — %)) )

i=0j=1k=1 i=1j=1k=1

3.2.3. Fuel Costs

The fuel consumption of a vehicle is mainly due to two factors: the fuel consumption
caused by the vehicle driving during transportation and the fuel consumption of the refrigeration
system required to maintain a low temperature environment.

The energy consumption generated by vehicle driving is expressed in terms of fuel
power and time consumed by the engine per unit time [32]. First the mechanical power P;j
of the vehicle k on travel arc (i, j) is expressed:

1
Pijk = 5¢air -0+ S v + (Qg + Qi) * 8¢5 * Ui &)



Mathematics 2025, 13, 1981

50f24

In the formula, c,;, indicates the air resistance coefficient of the vehicle, which is used to
describe the effect of air resistance on the vehicle; p indicates the air density; S indicates
the area of the front face of the vehicle, which affects the magnitude of air resistance when
traveling; ¢ indicates the coefficient of gravity; and ¢y indicates the coefficient of rolling
friction of the vehicle.
The fuel consumption per unit of time when the vehicle is in motion Hiljk is expressed
as follows: p.
) )
Y

In the formula, « indicates the mass ratio of fuel to air; x indicates the calorific value of

114

Hz]k Tﬁ(¢¢+

the fuel, the capacity released per unit mass of fuel; B indicates the fuel consumption
conversion factor, which is used to represent the actual capacity to which fuel consumption
is converted; ¢ indicates the engine friction factor; ¢ indicates the technical parameters of
the engine; and <y indicates the efficiency of the drive system, the efficiency with which the
engine’s rotational capacity is converted to the vehicle’s power.

Fuel consumption R} iji 1s expressed as follows:

Rz]k Hz]k< tk) (5)

Fuel consumption due to refrigeration during the three processes of transportation,
waiting, and unloading of vehicles Rlz]-k is expressed as follows:

R3, = HA[(F — 1) + wp) + HY - sF (6)

In the formula, Hizjk indicates fuel consumption per unit time due to refrigeration during
transportation and waiting and H?jk indicates fuel consumption per unit time due to
refrigeration during unloading.

Fuel costs f3 are expressed as follows:

nnK

f3 =G Z Z 1]k + R1]k xl]k] (7)

1:0]:Ok=1

3.2.4. Penalty Costs

Considering the customer’s demand and the degree of satisfaction of the time window,
the current customer value calculation formula g; is designed, which is expressed as follows:

i LT; — ET;
g = - M ®)
Y g; max
izlql

- \LTi—ETi\)

In the formula, (1 indicates factors reflecting the time window for customer

satisfaction; Tyux indicates the maximum length of the whole time window; and |LT; — ET;|
indicates the width of the customer i time window.
Considering the penalty cost of early and late arrival and the current customer value

gi, we construct a penalty function Pj; based on the time window deviation as follows:

e1(ET; — t5) tk € (et; ET;)
Py =10, tk € [ET;, LT}] 9)
ea(tf —LT;)(1+g:) tf € (LT It;)
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In cold chain distribution, the penalty costs f4 of the vehicle are expressed as follows:

n K

Z Piyix (10)

i=1k=1

3.2.5. Environmental Costs

Cold chain transportation mainly uses refrigeration equipment and fuel-powered
transport vehicles to maintain a cold environment, and the operation of this equipment
consumes a lot of energy, which directly leads to the emission of greenhouse gases such as
carbon dioxide. Environmental costs f5 are expressed as follows:

nnK

f5 =G0 Z Z k + Rl]k xl]k] (11)

i=0;7=0 k:l

3.2.6. Customer Satisfaction

Customer satisfaction is comprehensively assessed from the aspects of time satisfaction
and quality satisfaction, and the timeliness is measured by time window. The expression
for customer i satisfaction S¢(i) with the timeliness of fresh products is defined as follows:

nq - Eijfz;ii fﬁc € [eti,ETi)
1, t € [ET;, LT}]
Se(i) = o - % tf € (LT;, MT]] (12)
oz - ;2:11\\/[/[%, ke (MT;, 1t;]
0, otherwise

In the formula, a1, ap, a3 indicate the psychological factor reflecting the customer’s tolerance
of different types of delays, set such that a3 < ap < a7 < 1; a; is the tolerance level
for early arrival, which has a value of 0.9; a5 is the tolerance level for slight tardiness,
which has a value of 0.8; and a3 is the tolerance level for severe tardiness, which has a
value of 0.7. This not only takes into account timeliness but also captures the customer’s
psychological perception of the differences so as to more comprehensively assess the
customer’s satisfaction with the delivery time [33].

Quality is measured using the degree of freshness loss and customer demand for fresh
produce. The expression of the quality satisfaction function S; for all customers for fresh
products is defined as follows:

Sy=it (13)

where 6; indicates the degree of damage to fresh produce from the warehouse to the

. . . —5y-th—y-tsk o . .
time when the customer i starts service, §; = 1 — e 1'% O2°ts, Assigning weights to time
satisfaction and quality satisfaction respectively, the overall satisfaction S is constructed

as follows: .
S=wi-)_ Si(i)+wr-Sy (14)

In the formula: w; and w; are weights. Since the impact of quality loss on customer
experience in fresh food logistics is usually more significant (e.g., product spoilage may
lead to returns or bad reviews), this paper sets w; = 0.3 and w; = 0.7 (higher weight).
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3.2.7. Adaptive Speed

The speed design of the vehicle dynamically adjusts based on the number of adjacent
customers of the customer. Specifically, the speed is inversely proportional to the number
of adjacent customers, i.e., the more adjacent customers, the slower the vehicle. At the
heart of this design principle is the simulation of real-world road network congestion and
customer-dense areas that can lead to a decrease in vehicle speed. The number of adjacent
customers can be seen as an indicator of regional complexity or traffic congestion [34].
Among them, the sparse radius is a key parameter used to measure the sparse distribution
of customers in the vehicle driving area, and its core role is to dynamically adjust the
vehicle driving speed by simulating the impact of congestion and customer-intensive areas
of the real road network on the vehicle speed. The following is an example: In city centers
(high customer density), vehicles need to slow down to avoid pedestrians or deal with
congestion; in suburban areas (where customers are sparse), vehicles can maintain higher
speeds. Sparse radius is the core parameter connecting “spatial distance” and “density
perception”. By setting the distance threshold R, the customer distribution is transformed
into a calculable number of neighbors, and then the vehicle speed is dynamically adjusted
to realize the intelligent simulation of real traffic congestion. The essence is to transform
the abstract “sparsity” into a concrete speed control strategy through the quantization of
spatial scale. Vehicle speed is defined as follows:

Vo

=0 (15)
| 4 LU0

Ui]'

L()) = Y @(y/(xi — %2 + (5 — ;)2 < R) (16)
j#i

In the formula, L(7) indicates the number of customers adjacent to the customer i, which
can be considered a quantitative indicator of regional complexity or traffic congestion; @ is
an indicator function, 1 when the condition is true, otherwise it is 0; and (x;,y;) and (x;, y;)
indicate the coordinates of customer i and customer j. When the vehicle passes through
the area of customer i, the vehicle is slowed down accordingly in advance, based on the
number of neighboring customers and the estimated population density.

3.2.8. Model Building

To summarize, the optimization model of cold chain logistics distribution path is
as follows:

minf = fi+fo+fa+ fa+fs (17)
F=f+2 (18)
S
n n
)Xo =Y xior <1LVkeK (19)
i=1 i=1
n K
Y ) xox <K, VkeK,i e N\ {0} (20)
i=1k=1
n
Yikgi <Q, Vk € K (21)
i=1
K
Y yia=1Vie N\ {0} (22)

k=1
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D..
bs§ = xiji - (£ +si+ —2) (23)
Uij
k n, X k Dj;
tj = 2 2 Xjjk - max(t; +s; + —],eti),v]' e N\ {0} (24)
i=0 k=1 Uij
et; <t <1 (25)

where Equation (17) represents the minimization of the total distribution costs. Total
costs consist of fixed costs, cargo loss costs, fuel costs, penalty costs, and environmental
costs. Equation (18) represents the objective function of the model. It is a comprehensive
evaluation function that takes into account total costs and customer satisfaction (balanced
by the inverse of satisfaction and weighted by w). Equation (19) represents that each vehicle
departs from the warehouse and returns to the warehouse after completing the distribution
task. Equation (20) represents that the warehouse has a sufficient number of vehicles to
complete the distribution task. Equation (21) represents that each vehicle must not be
overloaded when performing distribution. Equation (22) represents that each customer can
only visit once. Equation (23) indicates the time when the vehicle arrives at the customer’s
point. Equation (24) indicates the time when the vehicle starts to serve the customer’s
point. Equation (25) indicates that the vehicle’s start time must be within the customer’s
acceptable time window.

4. Algorithm Design

Genetic algorithms are widely used in various optimization problems due to their
strong global search ability. However, when dealing with large-scale complex problems,
GA tends to fall into locally optimal solutions. In order to solve this shortcoming, a hybrid
genetic algorithm (HGA) is proposed. The main improvements of the algorithm include the
following: We use integer coding and the use of greedy ideas to initialize the population.
By calculating the standard deviation of the fitness value, the scale in the tournament
selection operation is dynamically adjusted to adapt to the search needs of different stages
and avoid premature convergence. The OX crossover operator [35] can effectively maintain
the gene order of the parent individual and enhance the search efficiency. Based on the
customer information matrix, the cumulative probability is used to drive the mutation
operation so as to enhance the diversity of the algorithm and the ability to escape local
optima. In each iteration, the optimal individual is selected, the removal operation is
performed by randomly applying the improved Shaw removal operator or the distance
ratio removal operator, and the removed clients are reinserted with the rule that minimizes
the distance increment, thus improving the quality of the overall solution. The flowchart of
the algorithm is shown in Figure 1.

4.1. Chromosomal Coding

In genetic algorithms, a chromosome is used to represent a solution in the solution
space. Using integer coding, the length of the chromosome can be determined based on
the number of customers (cus,u,) and the number of vehicles (v;), and the length of
the chromosome G is defined as G = cus,ym + Vnum — 1. Assuming we have 10 customers
and 5 vehicles, the length of the chromosome is G = 1045 — 1 = 14. An example of a
chromosome might be Example 1 in Figure 2, 1-10 denotes the customer sequence, numbers
greater than the number of customers are markers used to divide the distribution route,
which is divided into 5 segments, indicating that all 5 vehicles are used for the distribution
task. An example of a chromosome might be Example 2 in Figure 2, where 1-10 denotes the
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customer sequence, which is divided into 3 segments that make up the 3 distribution routes,
where numbers greater than cus,,;,;; that are not used to divide the routes are placed at the
end of the chromosome to indicate that there are still 2 vehicles that are not being used.

Encodings

v

Initializing populations

Calculate fitness values and record the |
optimal individual for each generation |

Gen=Gen+1

OX crossover
operation

'

Mutation

Randomly select a

Output optimal
h removal operator
solution
L Improved Shaw Distance Ratio
Decodes Removal Operator Removal Operator
L [ * ]
Close Distance Increment
Minimum Insertion Operator

Generate a new generation of

I
|
I
I
|
I
I
I
I
I
I
I
I
|
I
I
|
I
|
|
I
v v !
|
I
|
|
I
|
|
I
|
I
I
|
I
I
|
chromosome populations :
|

Figure 1. Flowchart of the hybrid genetic algorithm.

Route 1 Route 2 Route 3 Route 4 Route 5

S T e VY e W At W G
657.4 1.9108

Example 1 2 . 3
3 1 4 5 2 7 6 . 10 | 8 9 -

Example 2
Route 1 Route 2 Route 3

Figure 2. Chromosome Coding Example Chart.

4.2. Population Initialization and Fitness Function
4.2.1. Population Initialization

In order to try to satisfy the customer’s time window requirements, a greedy idea
is incorporated in the initialization of the population. The paths are initialized by the
following steps:

Step 1: Set the initial path to empty and the current load of the vehicle to 0.

Step 2: From the warehouse, randomly select a customer i, and add new customers
sequentially according to the size of the left time window.
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Step 3: Calculate the current load of the vehicle and update the remaining capacity of
the vehicle. If the load exceeds the maximum capacity, enable a new vehicle, reset the path
and load of the new vehicle, and execute Step 2.

Step 4: If all customer nodes have been served and the vehicle satisfies the capacity
constraint, the algorithm terminates. If there are still unserved customers, perform Step 2.

4.2.2. Fitness Function

Fitness is an important concept in genetic algorithms, which measures the strength
and disadvantage of an individual, and the larger the fitness value, the better the quality of
the individual. Combining the two goals of minimizing total cost and maximizing customer
satisfaction, the fitness function is designed as follows:

fitness(i) = m,i =1,2,...,NIND (26)
In the formula, fitness(i) indicates the fitness value of the chromosome, F(i) indicates the
objective function computed for chromosome i, and NIND indicates the population size.

4.3. Selection Operator

The use of tournament selection [36] for subsequent crossover and mutation of indi-
viduals, combined with the standard deviation of fitness values to dynamically adjust the
tournament size during the selection process increases the randomness and diversity of the
selection process. The specific steps are as follows:

Step 1: Determine the number of individuals NSel to be selected and initialize the
selection result.

Step 2: Start the loop and dynamically adjust Tsize, fity, is the standard deviation
of the fitness value, rand € [0,1] , Tsize = max(2, min(round(fitg, - rand + 2), NSel)),
implying that if the population has a large difference in fitness (large standard deviation),
the size of the tournament will increase accordingly, thus making the selection process
more randomized and increasing the diversity of selection.

Step 3: For each round of selection, randomly select a set of individuals (number Tsize)
from the population. Then, select the one with the best fitness among these individuals
and record the index of this individual with the highest fitness.

Step 4: Repeat the above process NSel times until a sufficient number of individuals
are selected.

4.4. Crossover Operator

We select a classical crossover operator in the genetic algorithm. The OX crossover
operation can effectively preserve the sequence information of the parent gene and avoid
the problem of gene loss or duplication that may occur in the traditional crossover operation.
First, two genes in parent 1 were randomly selected, then the selected gene positions and
intermediate gene fragments were copied to the generated offspring, and then the position
of the selected gene fragments in the previous step was found in parent 2, and finally the
remaining genes in parent 2 were filled into the generated offspring in order. Figure 3
shows the specific steps.
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Parent1

12 110 | 8 | 9 | 14
////“
211

0] 8 9 | 13| 14

Offspring 3 1 11

2 6
‘ ! \\\
5 |11 | 2 i 6

Parent2 3 1 4

1

Figure 3. OX crossover chart.

4.5. Mutation Operator
4.5.1. Cumulative Probability

An M-matrix is generated based on the distance of each customer from the warehouse,
the size of the time window, and the amount of demand:

D()l LT1 — ET1 Q1
D02 LTZ — ET2 ‘72

M = (27)
Dy, LT, —ET, qu
The formula for calculating the cumulative probability is as follows:
1. M; M; M;
cumulativeprob(i) = = (—2 12 By (28)

T 3‘mdist ' mtime ' mdemand
In the formula: mdist indicates the maximum value of the distance between all customers
and the warehouse; mtime indicates the maximum value of the time window among all

customers; mdemand indicates the maximum value of the demand among all customers.

4.5.2. Random Probability Generation

We generate a random probability that ranges between the maximum and minimum
values of the cumulative probability. If the probability of randomness is outside this range,
it is regenerated to ensure randomness.

4.5.3. Customer Selection and Variation Strategies

Let the mutant individual be u = (11, g2, Ur3, ..., Upj, ..., Utjs e Utn—1, Uy). Ran-
domly determine a mutation gene point u;; and select the first gene point u; ; that satisfies
the cumulative probability greater than the random probability as the second mutation
point. After that, one of the following three strategies is randomly selected for the mutation
operation:

Mutation strategy 1: Swap mutation. Swapping the gene point u;; and the
gene point u; j, with the other positions remaining the same, the mutation is coded
u= (um, U, U3, .+, ut,]‘, ey ut/i, e Urn—1, ut,n).

Mutation strategy 2: Reverse mutation. Reverse all the sequences between the gene
point u;; and the gene point u; ;, leaving all other positions unchanged; the mutation is
coded as u = (up 1, Ut2, Ut3, - -+, Upjy Ut 1, -+ Upit 1, Utis s Ut n—1, Utn) -

Mutation strategy 3: Deletion-insertion mutation. Deleting a gene point u; ; from the orig-
inal path and inserting it into a position before the gene point u; ;, leaving the other positions
unchanged; the mutation is coded as u = (us1, ugp, ur3, ..., Upi—1, Upj, Uty Utn—1, Utp).
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In genetic algorithms, the mutation operation is a key link for escaping local op-
tima and maintaining population diversity. The M-matrix and its cumulative probability
model designed by the algorithm in this paper achieve guided intelligent mutation by
integrating multi-dimensional customer characteristics (distance, time window, and de-
mand), effectively balancing the algorithm’s exploratory and exploitative capabilities. The
synergy of the three factors makes it possible to balance global exploration and local ex-
ploitation. High cumulative probability nodes (e.g., proximity, high demand, tight time
window): they have significant impact on path structure and constraint satisfaction, and
prioritizing the adjustment of these nodes can quickly optimize the quality of the solution
(development capability). Low cumulative probability nodes (e.g., long distance, small
demand, wide time window): Provide more exploration space, tuning these nodes may
discover new feasible solutions (exploration capability). The mutation operation assists
the algorithm to exit locally optimal solution by introducing randomness, and the three
mutation strategies adopted can effectively balance the exploration and exploitation abil-
ity of the algorithm and ensure that the population maintains its diversity during the
evolutionary process.

4.6. Local Search

Genetic algorithms perform global search through selection, crossover, mutation and
other operations, but when dealing with large-scale VRPs, it is prone to fall into premature
convergence (premature convergence to locally optimal solutions) or inefficient search due
to insufficient population diversity. Local search can quickly optimize the local structure
(e.g., path order, node assignment) and improve the quality of the solution by performing
a deep search in the neighborhood of the current solution, which is especially suitable
for constraints that need fine-tuning in VRP (e.g., time window, load balance). According
to the goal of minimizing the total costs and maximizing the satisfaction of the model
distribution, two removal operators and one insertion operator were designed for local
search from several aspects, such as distance, demand, and time window.

4.6.1. Improved Shaw Removal Operator

The classic Shaw removal operator considers customer relevance from two main

aspects. The correlation is calculated as R;; = where ¢;; is the distance traveled from

itoj. If i and j are served by different vehicles, the value of Vj; is 1; otherwise, it is 0 [37].
At present, for the processing of customer nodes, we calculate the correlation between

customers i and customers j(j € N, j # i) from four dimensions to optimize the correlation

evaluation more comprehensively.

(1) Distance correlation (RD): mD(i) indicates the maximum value of the distance

between the customer and other customer nodes, RD (ij) = mgigi) . The smaller RD(i)

is, the more relevant the customer i is to the customer ;.
(2) Demand correlation (Rg): mgq(i) indicates the maximum value of the difference

between the customer i demand and that of other customers, Rq(ij) = ‘Z;;(%‘ . The
smaller Rq(ij) is, the more similar the customer i demand is to that of customer j and
the stronger the correlation is.

(3)  Path correlation (RV): by checking whether the customer i and the customer j are on
the same delivery path. If i and j are on the same path, then RV (ij) = 0; otherwise,
RV (ij) =1.

(4) Time correlation (Rf): mt(i) indicates the maximum value of the difference between

. . . g ET;—ET;
the left time window of the customer i and other customers, Rt(ij) = W The



Mathematics 2025, 13, 1981

13 of 24

smaller Rf(ij) is, the closer the service time, and the stronger the correlation between
customer 7 and customer j.

The correlation R;; between customer i and customer j is obtained by combining the
four factors mentioned above (distance, demand difference, path overlap, and service

time difference):
1

I = RD(if) + Rq(if) + RV (ij) + RE(ij)

The larger Rl-]- is, the stronger the correlation between the customer i and the customer j,

R

(29)

and the more likely the customer j will be selected for removal.

The following is a simplified example (a warehouse and 5 clients) to illustrate the
exact flow of operation of the improved Shaw removal operator, with diagrams to aid
understanding. Take customer 1 (i = 1) as an example, calculate its correlation R;; with
other customers (j = 2, 3, 4, 5), and select the two customers with the strongest correlation
for the removal operation. After calculating the customer information in Figure 4, we can
get RD(12) = 0.25, Rg(12) = 0.67 , RV(12) = 0, Rt(12) = 0.5. Similarly, we can thus
calculate the correlation between customer 1 and the other customers. After calculations,
we selected customer 2 and customer 5 for removal.

Client 1 2 3 4 5

Distance

matrix 9 10 0 4 8

12 | 15| 8 |11 | 0O

Vehicle 1 1 2 2 2

Quantity demanded 5 3 4 6 2

Left time window 8 9 7 10| 8

Figure 4. Customer delivery information chart.

4.6.2. Distance Ratio Removal Operator
For the customer node m, the delivery precursor node is i, and the successor node is j.
The distance ratio removal operator is defined as follows:

n
- Dim + ij ) h§1 n

30
D; an (30)

DR(m)

In the formula, D;; indicates the direct distance between the customer i and the
customer j after removing the node m, D;,, indicates the distance between the customer i
and the customer m, ij indicates the distance between the customer m and the customer j,

n
r n

1

h=
and =

indicates a weighting factor designed according to the customer m demand. If the
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value is larger, it means that the node m is less important in the path so as to avoid removing
the critical node by mistake. The larger DR is, the easier it is to remove customer m.

In the following, we analyze the working principle of the distance ratio removal
operator (DR) in detail through a specific logistics and distribution path example, combining
node coordinates, demand and graphical illustration. Evaluate whether to remove node
m and calculate its DR value. Calculated from the information in the Figure 5. Calculate

Djy = 3.16, Dyyj = 3.61, Dj; = 6.71, Z qn = 28, substituting into Equation (30) results in
DR = 0.108. The before and after dlstrlbutlon comparison after removing customer m is
shown in Figure 6. Following the above example, calculate the DR values of all customer

points and select customers with large DR values for removal until the number of customers
to be removed is satisfied.

Distribution sequence i m Jj

Qualify 10 3 15

Geographic coordinate (2, 5) 5, 4) (8, 2)

Figure 5. Delivery routes and customer information.

i%?.
\ After Removing m "

Original Route: 0 =i —m —j— 0
Post-Removal: 0 — i —j— O

Figure 6. Before and after customer removal.

4.6.3. Distance Increment Minimum Insertion Operator

For the customer node m, the vehicle serves the customer i and the customer j in turn,
and the path increment AD is calculated:

AD=1L4—Lg (31)

L 4 is the path length of the inserted customer m and Lp is the path length before insertion.
Then, we determine whether the time window of each customer and the load constraint of
the vehicle are satisfied; if they are satisfied, then insert, if not, select the second-best result
for insertion. We proceed sequentially until all the points are all inserted into the path.
The distance incremental minimum insertion operator is illustrated below by a simple
example. The distance matrix of four points—warehouse, customer A, customer B, and
customer C—is the H matrix. The original distribution route is shown in Figure 7. Customer
B is a customer point that needs to be inserted, now he has three locations in this distribu-
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tion route that can be inserted (subject to other constraints), between the warehouse and
customer A (case 1), between customer A and customer C (case 2), and between customer
C and the warehouse (case 3). After calculation, we find that AD; = 32 — 30 = 2 (case 1),
ADy = 31 —30 = 1 (case 2), AD3 = 33 — 30 = 3 (case 3). The most suitable insertion is
shown in Figure 8.

0 10 9 12

H— 10 0 3 8 (32)
9 3 0 6
12 8 6 0

Warehouse

=
=

Route Length: 30 km

Figure 7. Original road map.

Warehouse
b

Route Length: 31 km, AD = +1 km

Figure 8. Insert distribution roadmap after customer B.

5. Test Illustration
5.1. Experimental Examples

The Solomon dataset [38] is a well-known benchmark set for addressing VRP and
variants. According to the characteristics of the dataset, different scale cases are selected to
evaluate and compare the performance of HGA.

5.2. Model Parameter Values

All physical and cost parameters are taken from the literature [39]. The fixed parameter
values of the model are shown in Table 2.
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Table 2. Model Parameter Values.

Parameter Name Value Parameter Name Value
Q 1.29t Cair 0.7
Qg 32t P 120 kgm™—?
G 300 yuan-L~! S 3.912 m?
G 8.15 yuan-L~! g 9.81m-s 2
Cs 0.5 yuan- kg~ ! cr 0.01
p 30 yuan- kg~! « 1
51 0.02 X 44%j-g!
5 0.03 B 737 L-g~!
o 70 km-h~! ¢ 0.2 kj-(L-rev) !
€1 1 Y 0.36
€ 1 HZ, 2L-h~1
o 2.63 Hyy 25L:h1
o 165 L-rev-s !

5.3. Algorithm Parameters and Model Parameter

In order to determine the optimal algorithm parameters, the C101 example in Solomon
is used for test comparison. In the experiment, the relevant parameters were set as follows:
the numbers of iterations were 100, 200, 300, 400, and 500; the population sizes were 50,
100, 150, and 200; the selection probabilities were 0.5, 0.6, 0.7, 0.8, and 0.9; and the cross
probabilities were 0.5, 0.6, 0.7, 0.8, and 0.9. The control variable method was used to
compare and analyze the objective function value and test time under different parameter
settings, and the optimal algorithm parameters were finally determined as follows: the
number of iterations was 300, the population size was 100, the selection probability was 0.7,
and the crossover probability was 0.5.

In order to determine the optimal model parameter, the same Solomon dataset of C101
was used for testing and comparison. The weight w in the objective function F = f + w/S
(corresponding to Equation (18)) took the values of 1, 10, 100, 1000, 10,000, and 100,000.
After several tests to compare and analyze the total cost and customer satisfaction, it was
finally determined that w = 1000 was more reasonable.

5.4. Sparse Radius Sensitivity Analysis

In order to test the influence of different sparse radius on the model, C101 in Solomon
was used for experimental comparison, and the results are shown in Table 3.

Table 3. Table of changes in number of vehicles and costs with sparse radius.

Number of Cargo Loss Customer
R/km Vehicles Cgosts Penalty Costs Satisfaction Total Costs
1 4 18,551 25,200 0.727 61,797
2 13 1488 0 0.909 10,808
3 13 1413 0 0.911 10,987
4 15 1238 300 0.899 10,918
5 18 1245 304 0.871 13,617

It is observed that when R = 1, the number of vehicles decreases, but the cargo loss
costs, penalty costs, and total costs are higher, and customer satisfaction is lower. When
R > 2, the number of vehicles is increased, but the cargo loss costs, penalty costs, and total
costs are greatly reduced, and customer satisfaction is increased. From the data, the 3 km
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spacing radius is more balanced in terms of customer satisfaction and cost control, which
can ensure the distribution efficiency and reduce the cost.

5.5. Algorithm Performance Comparison

In order to further verify the effectiveness of HGA, the traditional genetic algorithm (GA),
an algorithm from study [13] IGA-1), and an algorithm from study [15] (IGA-2) were used to
compare the different scales of the Solomon examples. The algorithm in study [13] uses a
roulette wheel to perform the selection operation with a selection probability of 0.9; the OX
crossover operator is used with a crossover probability of 0.9; two-point variation is used
with a variational probability of 0.05; and for the local search, the client points are removed
randomly, and the clients are inserted back to the position with the smallest possible
increment of the objective function. The algorithm in study [15] uses the optimal individual
retention strategy and roulette wheel selection strategy with a selection probability of
0.9; a two-point crossover operator with a crossover probability of 0.9; swap mutation
with a mutation probability of 0.2; and a traditional Shaw removal operator and a cost
incremental minimum insertion operator for local search. Each algorithm was run ten
times. The best values, averages, and standard deviations were taken for comparison;
the results are shown in Table 4, and the iterative curves of the four algorithms for the
RC207 case is given, as shown in Figure 9. The optimal distribution scheme routes for
all the above tested arithmetic cases are shown in Table 5 and the roadmap is shown
in Figure 10.

Table 4. Algorithm comparison.

Math Sta{ld‘ard Stapd‘ard
Example Algorithm Total Costs Customer Average Average Deviations Deviations
Optimum Satisfaction Total Costs Satisfaction of Total of Satisfac-
Datasets .
Costs tion
GA 15,948 0.739 41,709 0.829 16,653 0.0404
Cl04 IGA-1 9911 0.696 10,269 0.746 1200 0.0724
IGA-2 9772 0.703 10,558 0.7019 835 0.0410
HGA 9291 0.754 10,205 0.833 477 0.0307
GA 25,147 0.844 31,392 0.868 5515 0.0119
205 IGA-1 14,386 0.853 15,390 0.835 757 0.0292
IGA-2 14,438 0.772 14,943 0.821 1098 0.0287
HGA 14,061 0.862 14,417 0.839 254 0.0361
GA 22,062 0.778 60,020 0.811 30,150 0.0134
R105 IGA-1 8385 0.742 8891 0.794 342 0.0658
IGA-2 9236 0.732 10,751 0.693 1405 0.0763
HGA 7982 0.867 8145 0.865 139 0.0060
GA 5769 0.941 7684 0.903 1456 0.0165
R208 IGA-1 4798 0.921 5006 0.938 285 0.0299
IGA-2 6130 0.922 5721 0.913 923 0.0207
HGA 4687 0.936 4849 0.929 92 0.0126
GA 19,281 0.798 40,635 0.831 19,947 0.0153
RC108 IGA-1 7221 0.845 7829 0.820 365 0.0518
IGA-2 9848 0.699 8802 0.784 717 0.0794
HGA 6720 0.882 7204 0.892 331 0.0088
GA 14,959 0.901 15,127 0.899 989 0.0021
RC207 IGA-1 6516 0.905 6648 0.951 354 0.0254
IGA-2 6829 0.914 7688 0.948 912 0.0212
HGA 6116 0.978 6287 0.979 137 0.0060
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Figure 9. Algorithm iteration diagram.
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Table 5. Distribution Routes for Each Example.

Math Example Distribution Routes

Datasets
49-32-10-11-9-7-27 28-25-34-39-38-33-35-31
13-19-8-6-4-16-1-75 5-3-2-15-12-30-23-29-46

C104 20-47-42-44-45-48-51-50-52-24-21 55-54-53-56-58-60-59-68-69
67-65-66-62-74-72-61-64-57-40-41 90-87-86-83-82-84-85-89-91-63
80-76-71-70-73-77-79-78-81 96-95-94-92-97-100-99-98-88
43-37-36-22-26-18-17-14-93
99-100-97-98-94-3-4-91-83-82-79-80-96-87 22-93-5-75-2-1-7-49-54
30-32-26-19-16-12-17-25-9-11 6-31-35-34-28-15-14-13-10-21

C205 20-24-27-29-33-55-37-38-39-36-23-18 74-92-95-89-88-40-51-50-43-48
63-62-72-61-53-60-59-84-86-41-8 69-68
46-85-76-71-70-73-81-78-77-90 67-66-64-65-56-58-57-44-45-52-47-42
82-47-19-90-66-70 76-71
27-52-61-18-60-89 12-40-53-3-68-24-80
28-65-51-20-32-1 83-45-8-84-97-37-93

R105 15-87-22-43-13-58 5-98-16-85-86-91-100
95-59-99-94-6-96 2-21-73-75-5-26
33-29-81-79-54-55-4 36-11-64-49-46-48
63-31-62-88-10-50 92-42-14-44-38-17
72-39-23-67-41-56-74-25 69-30-9-78-34-35-77
50-33-81-3-80-54-12 69-10-62-19-48-8-84-5-59-95

R208 89-96-99-93-98-91-100-37-13-58-40-74-4-26 53-21-23-67-39-25-55-24-29-68-77-18
41-22-56-72-57-42-15-43-14-38-86-44-16-6 52-70-30-90-32-20-65-71-34-79-9-51-76-28
97-92-85-61-17-46-47-36-49-64-11-63-66-35-78 60-83-45-82-7-88-31-1-27-94-87-2-75-73
99-82-53-47-14 11-13-15-16-17-12-10-60
71-29-26-34-89 67-31-27-28-30-32-33
61-81-94-92-84-56-91-80 62-76-25-21-19
98-78-73-79-7-45-3-5-1-70 64-48-18-23-77

RC108

69-88-9-87-59-97-75-58
100-6-8-46-4-2-55-68
83-24-22-20-49-66
40-44-54-96-39

95,57-74-86-52-65-90
51-63-85-50-93
42-41-38-43-35-36-37-72
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Table 5. Cont.

Math Example Distribution Routes
Datasets
69-98-12-99-22-21-19-51-85-92 11-53-42-54-34-32-26-89-56-91
95-72-36-2-6-7-88-52-61-6 47-16-73-78-13-86-57-66-41-39
RC207 65-9-10-3-45-46-4-1-70-100-55 71-33-30-31-35-81-38-40-43-37-96
44-5-8-79-15-90-80-94-93-67-50-84 14-82-83-64-23-49-18-48-20-24-25-77-58-74
62-29-27-28-63-76-59-87-75-97-17-60
90 T 90
164
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Figure 10. HGA Solves Some of Solomon’s Examples.
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As can be seen from Table 4, HGA outperforms the other three algorithms in terms
of overall performance, and it is able to improve customer satisfaction while keeping the
total cost low, giving it a greater advantage in practical applications. As seen in Figure 8,
HGA outperforms the other three algorithms in terms of convergence speed, global search
capability, stability, and final result. HGA can find the better solution quickly and shows
better stability during iteration and finally converges to a lower value, which indicates its
obvious superiority in solving complex optimization problems.

5.6. Comparative Analysis of Models

In order to verify the effectiveness of the model, the cost under three different thresholds
of 0.80, 0.85, and 0.90 was analyzed, and the model (M1) in this paper was compared to model
(M2) that only considered timeliness satisfaction (M2) and quality satisfaction (M3). These
were tested on the R102 example, and the results are shown in Table 6.

Table 6. Comparison of models at different satisfaction thresholds.

Satisfaction Threshold Model Total Costs Customer Satisfaction
M1 9251 0.840
0.80 M2 10,239 0.844
M3 9399 0.817
M1 9347 0.869
0.85 M2 10,457 0.899
M3 9458 0.852
M1 10,497 0.901
0.90 M2 10,983 0.903
M3 13,656 0.901

Analyzing the data, it can be seen that under the same satisfaction threshold, the
model in this paper reduces the total cost for each of the three thresholds by 10.61%, 11.76%,
and 4.62% compared to the model that only considers time satisfaction and 1.53%, 1.19%,
and 30.10% compared to the model that only considers quality satisfaction. So, it can be
seen that the model has a significant effect on reducing costs.

5.7. Comparison with Path Planning of Static Road Networks

In order to test the path planning of the static road network and random disturbance,

six cases of different scales were selected from the Solomon test set for experimental

comparison, and the speed of constant speed was set v’ = — % The test results are
X L(i)
14+=1

n

shown in Table 7.

From the above data, it is found that variable speed driving is more advantageous in
general. Variable speed driving generally consumes less fuel than uniform speed driving,
which can reduce fuel costs; customer satisfaction with variable speed driving is usually
slightly higher than that of uniform speed driving, especially in RC105 and other examples,
where the gap is obvious; the total cost of variable speed driving is usually lower than
that of uniform speed driving, which can achieve certain cost savings; variable speed
driving has little to no penalty cost, while driving at a uniform speed sometimes incurs
additional penalty costs, further increasing the overall cost. Comparatively speaking, the
variable speed mode can be more energy-efficient than driving at a uniform speed in some
cases, especially when considering the changes in traffic density in different regions, it
can balance the service time and traffic impact in route planning, reduce the unreasonable
delay caused by the vehicle speed is too fast or too slow, and thus improve the overall
distribution efficiency.
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Table 7. Comparative results of uniform and variable speed tests.

Math Example Speed Fuel Costs Customer Satisfaction Total Costs Penalty Costs

c1o1 variable speed 5021 0.910 11,221 0
uniform speed 5711 0.891 12,718 7

C202 variable speed 7444 0.974 13,738 0
uniform speed 7456 0.952 13,746 0

R103 variable speed 1689 0.807 6862 0
uniform speed 2767 0.784 7926 17

R204 variable speed 1868 0.903 4972 0
uniform speed 2964 0.881 6268 0

RC105 variable speed 2556 0.809 8670 0
uniform speed 2607 0.775 9829 32

RC206 variable speed 2390 0.977 6108 0
uniform speed 2899 0.943 6670 0

6. Conclusions

Cold chain logistics, as an important part of modern supply chains, has attracted wide
attention for its high energy consumption, carbon emissions, and real-time problems. In
this paper, we comprehensively consider the multiple cost factors in cold chain logistics
and distribution. At the same time, we integrate time satisfaction and quality satisfaction to
evaluate customer satisfaction and also introduce the adaptive speed model in combination
with the sparseness of customer points so that the model is more in line with the complex
reality of cold chain logistics and can more accurately reflect the real situation of cold chain
logistics operation.

Aiming to mitigate the shortcoming of traditional genetic algorithms in that they
easily fall into locally optimal solutions when dealing with large-scale complex problems,
this paper significantly improves the performance of the algorithm through a variety of
improvement strategies that can more effectively cope with the complexity of the cold chain
logistics path planning. Using integer coding, the chromosome length is flexibly deter-
mined according to the number of customers and the number of vehicles, which intuitively
represents the solution. We combine this with a greedy idea to initialize the population
and prioritize to meet the customer time window requirements. We dynamically adjust the
tournament selection scale based on the standard deviation of the fitness value, increase
the selection randomness in the pre-search period, and reduce the scale in the later period
according to the convergence of the population, to accelerate the speed of convergence. OX
crossing arithmetic efficiently retains the gene order of the parent generation, avoiding the
loss of genes or duplications. We generate an M-matrix based on customer point informa-
tion, cumulative probability driven selection of variant positions, and help the algorithm
exit locally optimal solutions by introducing randomness. We design an improved Shaw
removal operator, distance ratio removal operator, and distance incremental minimum
insertion operator to optimize the quality of the solution by performing local search from
multi-dimensions such as distance, demand, and time window.

Although this study has made some positive achievements in the cold chain logistics
path optimization problem, there are still limitations: although a variety of costs are taken
into account, some of the cost models may be simplified for the actual situation (e.g., the
vibration of the vehicle during the transportation process leading to the breakage of the
package which in turn causes damage to the goods). In reality, customers may have a certain
tolerance elasticity for the time window (e.g., a few minutes earlier/later is acceptable), but
the model treats the time window as a rigid boundary, resulting in a possible deviation
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between the penalty cost calculation and the actual customer feedback. The mechanical
power calculation takes into account air resistance and rolling friction, but does not address
road conditions (e.g., gradient, road roughness). In actual transportation, climbing or
bumpy roads increase mechanical power demand, but the model is based only on the
assumption of planar, uniform-speed motion, which may underestimate the cost of fuel
in complex terrain. Adjusting speed based on the sparseness of customers’ neighboring
points is difficult to fully reflect the complex and changing transportation environment
in reality. In reality, traffic congestion is affected by dynamic factors such as time of day
(e.g., morning and evening peaks), weather, and emergencies (e.g., accidents), but the model
relies only on static geographic densities (customer coordinates), which do not capture
changes in real-time road conditions. We evaluated the performance of the algorithm in
some of the examples, but the test set used was limited and could not cover all types of
cold chain logistics.
Our future research will focus on the following topics:

(1)  We will further study how to quantify the cost factors and customer satisfaction
factors more accurately, optimization of the cost function and satisfaction function,
and improvements to the accuracy and reliability of the model.

(2)  We plan to conduct more actual case studies, apply the model to different sizes and
types of cold chain logistics enterprises, test the effectiveness and practicality of the
model in actual operation, and further optimize the model according to the actual
feedback so as to promote the wide application of the model in the industry.

(3)  We will explore the in-depth integration of the hybrid genetic algorithm with other
intelligent algorithms (e.g., simulated annealing algorithm, particle swarm algorithm)
or optimization techniques (e.g., heuristic algorithms), and give full play to the
advantages of each so as to form a more powerful solution.

(4) We will also study the decision-making process and behavioral logic of hybrid
genetic algorithm in cold chain logistics path planning in depth to improve the
interpretability of the algorithm, facilitate logistics enterprises in understanding and
trusting the algorithm output results, and better apply it to practical decision-making.
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