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Abstract. In light of the explosive growth of e-commerce logistics, optimizing vehicle
delivery routes has become a pressing concern. This paper delves into the complexities of
vehicle routing problems with time windows (VRPTW), where vehicles must efficiently
transport goods from depots to customers within specified time windows, while also con-
sidering capacity limitations. To address these challenges, we introduce a hybrid intelli-
gent optimization algorithm that combines the enhanced sparrow search algorithm (SSA)
with adaptive large-scale neighborhood search (ALNS). This hybrid SSA-ALNS method
aims to overcome issues related to local optima and stability encountered when using
the ALNS algorithm. We achieve this by integrating three operation mechanisms of SSA
into ALNS and implementing a warning mechanism to optimize the potential population,
thus enhancing the search process. Furthermore, we expand the types of operators in the
improved ALNS algorithm to perform more targeted operations for different identities in
the search space. Our experimental analysis, conducted on 56 instances in the Solomon
Benchmark, demonstrates that the proposed hybrid SSA-ALNS method outperforms tra-
ditional ALNS algorithms, showcasing an average optimization improvement of 30.04%.
Additionally, our method outperforms BKS in several test instances, highlighting its ef-
ficacy in finding superior solutions.
Keywords: Meta-heuristic Algorithm, Adaptive Large-scale Neighborhood Search, Ve-
hicle Routing Problems, Swarm Intelligence Algorithms, Heuristic Random Search

1. Introduction. The widespread adoption of Internet technology and the rapid growth
of e-commerce have made online shopping an integral part of people’s daily lives [1]. The
convenience of online shopping has led to a significant shift away from traditional brick-
and-mortar stores, resulting in a surge in the logistics industry [2]. However, this growth
has also brought several challenges to the forefront [3], including rising logistics costs [4],
delivery efficiency, and service quality [5]. Notably, last-mile delivery has emerged as a
particularly costly and inefficient aspect of logistics distribution [6]. As the final point
of contact with customers, any errors during this phase can significantly impact their
experience with express delivery services. Consequently, the industry has increasingly
focused on addressing these challenges in recent years [7,8]. The issue of logistics terminal
distribution aligns with the Vehicle Routing Problem (VRP) and warrants further study
to develop effective solutions.

The VRP was originally proposed by Dantzig et al. in 1959 as a method for solving
truck scheduling issues [9]. As a classic combinatorial operations optimization problem,
it has consistently garnered significant attention from researchers both domestically and
internationally. Over the years, numerous scholars have introduced various VRP variants
and corresponding solutions [10]. The classic vehicle routing problem involves a depot
node serving as a distribution center with goods to fulfill customer needs, a set of customer
nodes with diverse requirements, and a fleet comprising a specific number of vehicles with
identical cargo capacities. The objective is to plan the optimal driving routes to satisfy the
needs of the customer nodes and other constraints, ultimately minimizing the total cost.
The fundamental depiction of the vehicle routing problem is illustrated in Figure 1(a).
Given the spatial relationship between the depot and the customer in Figure 1(a), the
route depicted in Figure 1(b) is determined.

With the continuous deepening of related research in this field, many variant problems
have emerged, including Vehicle Routing Problems with Time Windows (VRPTW) [11],
Capacitated Vehicle Routing Problems (CVRP) [12], Multi-Depot Vehicle Routing Prob-
lems with Time Windows (MDVRPTW) [13], and others. These problems could find
applications in specific fields such as logistics distribution, medical services [14], job shop
scheduling [15], potential exploration, and inspection [16, 17]. In this study, our focus is
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Figure 1. An illustrative example for the studied vehicle routing problem

primarily on VRPTW. The key distinction between VRPTW and VRP lies in the addi-
tion of a time window constraint in VRPTW. This constraint specifies that each customer
has a designated time window for receiving goods, and vehicles must deliver goods to the
customer within this time frame. Additionally, we take into account vehicle capacity
constraints, meaning that each vehicle has a limited loading capacity. Consequently, the
total cargo demand of each customer in a planned vehicle route cannot exceed the loading
capacity limit of the corresponding vehicle [18].

Certainly, the time sensitivity of customer needs, particularly for items like fresh or
medical goods, underscores the critical importance of studying VRPTW. Failure to meet
the designated time limits can result in significant losses for delivery companies [19, 20].
Given that VRPTW is a proven NP-hard problem with substantial complexity, many re-
searchers are exploring the use of meta-heuristic algorithms to address such NP-hard prob-
lems. These algorithms can yield relatively acceptable solutions within a short timeframe
and have been widely applied in diverse fields to optimize decision objectives [21–32].

One such meta-heuristic method is the Adaptive Large Neighborhood Search (ALNS),
introduced by Ropke and Pisinger in 2006 [33]. Building upon neighborhood search,
ALNS incorporates a mechanism for evaluating the effectiveness of operators, enabling the
algorithm to automatically select the best operator from multiple options to transform the
solution, thereby increasing the probability of obtaining an improved solution. However,
designing different transformation operators for various optimization objectives is crucial,
as an inadequate design can hinder effective target optimization.

Another notable algorithm is the Sparrow Search Algorithm (SSA), a swarm intelligence
optimization method proposed by Xue and Shen in 2020 [34,35]. Based on the foraging and
predator evasion behavior of sparrows, SSA boasts robust optimization capabilities and
high efficiency. When tackling global optimization problems, SSA demonstrates strong
search ability and parallelism, presenting clear advantages in convergence accuracy and
stability compared to other representative heuristic algorithms. Consequently, SSA has
found application across a range of domains.
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In this paper, we introduce the SSA-ALNS algorithm for addressing VRPTW, aim-
ing to overcome the limitations of ALNS, such as susceptibility to local optima and low
algorithm stability. Our contributions are twofold: Firstly, we incorporate the concept
of SSA, integrating three operation mechanisms of SSA into ALNS and categorizing the
population into two identities: producers and scroungers. We also implement an early
warning mechanism to optimize the population for further enhancement. Secondly, we
expand the range of operators in ALNS, including 2-optimization (2-opt), Or-optimization
(Or-opt), improved 2-optimization (2-opt*), swap/shift, and others [36]. These operators
are divided into two groups, allowing for more targeted operations for different popu-
lation identities and broadening the search space of ALNS. Furthermore, we conduct
experimental analysis on 56 instances from the Solomon Benchmark, each containing 100
customers, and compare the results with other algorithms to demonstrate the feasibility
and effectiveness of our proposed algorithm.

The paper is structured as follows: Section 2 provides an overview of relevant works
on VRP problem-solving and summarizes key characteristics of existing literature. In
Section 3, we define the VRPTW and derive the mathematical model for our proposed
solution. Section 4 presents the hybrid SSA-ALNS algorithm, detailing the combination
of SSA and ALNS, operator design, and the solution process. Section 5 covers param-
eter tuning and a comparison of SSA-ALNS with other solving algorithms. Finally, in
Section 6, we summarize the conclusions drawn from this study.

Table 1. VRP-related problems and solving algorithms

Reference Problem Number of depots Time window Capacity constraints Algorithm

Alvarez et.al. [37] VRPTWMD 1
√ √

BPC- ILS- LNS

Gong et.al. [11] VRPTW 1
√ √

S-PSO-VRPTW

Altabeeb et.al. [12] CVRP 1 ×
√

IFA

Yesodha et.al. [13] MDVRPTW n
√ √

IFA

Chen et.al. [38] VRPTWDR 1
√ √

ALNS

Lin et.al. [39] TTRPTW 1
√ √

SA

Ropke et.al. [33] PDPTW 1
√ √

ALNS

Luo et.al. [40] VRPTW 1
√ √

HSFLA

Esam et.al. [41] VRPTW 1
√ √

meta-HSA

zhang et.al. [42] VRPRC 1
√ √

TSABC

Arit et.al. [43] CVRP 1 ×
√

MAS-SA-PR

Juan et.al. [44] FCVRP 1 ×
√

ISCM

This work VRPTW 1
√ √

SSA-ALNS

2. Related work. In recent years, researchers have made many efforts to solve VRP,
proposing various types of solution methods from different research perspectives [45–48].
VRP related issues are mainly solved using heuristic methods [49]. In Table 1, we summa-
rize several characteristics of the relevant works in the literature. Based on set heuristic
rules, these algorithms can search within an appropriate range and find the optimal so-
lution within a certain amount of time [50–52]. Alvarez et al. [37] provide a hybrid
approach to solve the vehicle routing problem with time windows and multiple deliveries
(VRPTWMD). VRPTWMD is a variant of VRPTW. This method combines the branch
and price reduction (BPC) algorithm, large neighborhood search (LNS), and iterative



Vehicle Routing Problems with Time Windows Using A Hybrid SSA-ALNS Algorithm 1957

local search (ILS). In this issue, the customer’s service time depends on the number of
delivery personnel assigned to the route they serve. Gong et al. [11] provide a set-based
particle swarm optimization algorithm (S-PSO-VRPTW) for solve VRPTW. This algo-
rithm is based on PSO and defines the arithmetic operators on the set, transforming the
solution through set transformation. Consider the arc set of the complete graph of all
nodes in the problem as the search space. Altabeeb et al. [12] introduce an improved
Firefly algorithm (IFA) to solve CVRP. Two local search processes were introduced. In
addition, the crossover operator and two mutation operators of the Genetic Algorithm
(GA) are combined to balance local and global searches. Yesodha et al. [13] provide an
improved Firefly algorithm (IFA) to solve MDVRPTW. This algorithm combines the IFA
with the inter-depot method in the allocation phase to optimize the search space of the
algorithm. At the same time, it expands the use of local search methods in the sched-
uling phase to optimize local optimal solutions. Chen et al. [38] proposed the Vehicle
Routing Problem with Time Windows and Delivery Robots (VRPTWDR). They used
an Adaptive Large Neighborhood Search heuristic (ALNS) algorithm to solve the above
problem. This problem is related to routing a delivery vehicle equipped with multiple au-
tonomous package delivery robots. Seven removal operators and five insertion operators
were introduced into the algorithm. The experimental results have demonstrated that
this algorithm has significant advantages over the CPLEX solver in solving VRPTWDR
problems. Lin et al. [39] introduce an improved simulated annealing heuristic (SA) algo-
rithm. This algorithm solves a vrp variant problem called the Truck and Trailer Routing
Problem with Time Windows (TTRPTW). Six neighborhood structures were introduced
in the algorithm to generate new solutions. Ropke et al. [33] provide an Adaptive Large
Neighborhood Search Heuristic (ALNS) algorithm. A novel VRP variant problem has
been solved, which is the Pickup and Delivery Problem with Time Windows (PDPTW).
The algorithm consists of multiple competing subdomains whose usage frequency corre-
sponds to their historical performance. To handle VRPTW, Luo et al. [40] suggest a
Hybrid Shuffled Frog Leaping Algorithm (HSFLA). For the quality of the solution, an
optimized clonal selection procedure was used. At the same time, in order to expand
the search scope, they used improved and extended extreme optimization (EO) with al-
ternative shift operators. Esam et al. [41] introduce a meta-Harmony Search Algorithm
(meta-HSA) to solve VRPTW. The HSA optimizer and HSA solver are two important
components of this algorithm. The HSA optimizer modifies the solver’s configuration
through adaptive means based on the current search situation. The HSA solver is a hy-
brid of HSA and local search algorithm (LS), which takes the configuration processed by
the HSA optimizer as input to solve a given problem. Zhang et al. [42] proposed a hy-
brid Tabu search and the Artificial Bee Colony algorithm (TSABC). This algorithm can
effectively solve the routing problem with realistic constraints (VRPRC). This problem
includes time window constraints and additionally considers the spatial volume capacity
of the goods. Arit et al. [43] proposed a hybrid strategy consisting of three strategies
- Modified Ant System (MAS), Sweep Algorithm (SA), and Route Relinking (PR), also
known as MAS-SA-PR, to solve CVRP. Generate initial solution using SA and assign
customers to vehicles. Then, use MAS to generate a new generation of reasonable so-
lutions. PR is used to build better solutions from multiple solutions. Juan et al. [44]
proposed an Iterative Soft Constraints Method (ISCM). This method is used to solve a
special VRP problem, which is the Fuzzy Capacity Vehicle Routing Problem (FCVRP)
with fuzzy capacity requirements. Due to the lack of available or reliable data, there are
some uncertain capacity vehicle routing issues. Therefore, they represent these uncertain
costs or requirements as fuzzy numbers. These fuzzy numbers are combined with iterative
integer programming methods to optimize the solution.
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In summary, previous studies have investigated the issue of various variants of VRP,
indicating the importance of VRP and VRPTW. We will focus on solving VRPTW. In
this study, we introduce the SSA-ALNS algorithm for solving VRPTW. Improvements
are made to address the drawbacks of ALNS being prone to locally optimal solutions and
low algorithm stability.

Table 2. The definitions of mathematical notations in the studied
VRPTW model

Notation Definition

F Objective function

α The weighting factor cost, which the weight ratio of the cost of using

the number of vehicles and the distance traveled

V Node set

C Customer set

D Depot set

K Vehicle set

Q Maximum capacity of the vehicle

m Number of customer nodes

u Number of vehicles

TSk,i The starting service time of the k-th vehicle on node i

hi Service time of the vehicle to node i

ci,j The distance between node i and node j

r Cost unit distance

v Vehicle speed

ei The left time window of node i

li The right time window of node i

p Vehicle call cost

qi Customer i’s needs

xk,i,j Decision variable, indicating whether the k-th vehicle passes through

a directed route from customer i to customer j, with a value of {1,0}

yk Decision variable, indicating whether the k-th vehicle is used, with a value of {1,0}

3. Mathematical Model. The VRPTW can be described as having a certain number
of vehicles in the depot, which departs from the depot to deliver goods to customers and
return them [37]. The cost required for the entire process should be as low as possible
and not violate corresponding constraints. The main constraints we consider include time
window constraints, vehicle capacity constraints, etc. Time window constraint refers to
the depot and customers having a corresponding service time interval [53]. Vehicles must
provide services to the depot and customers within the corresponding time interval, which
is a challenging time window. Vehicle capacity constraint refers to each vehicle having a
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Figure 2. A mathematical example for the studied vehicle routing prob-
lem with time windows

maximum loading capacity, which cannot be exceeded during loading. In addition, the
number of vehicles is limited [37]; The capacity of each vehicle is the exact and known;
Each customer can only be served by one vehicle. Constraints such as a single depot are
also considered.

We define VRPTW as a directed connected graph G = (V,E), where V = {0, 1, ...,m}
represents the node-set, V = D

⋃
C, D = {0} represents the depot node, and the number

of depots is 1; C = {1, 2, ...,m} represents the set of customer nodes, with the number
of customers being m; E = {⟨i, j⟩|i, j ∈ V, i ̸= j} represents a set of arcs, with each arc
corresponding to a nonnegative cost cij, represents the distance between node i and node
j; K = {1, 2, ..., u} represents the set of vehicles, and u represents the number of vehicles.
For each vehicle k ∈ K is of the same type, each vehicle has the same capacity Q, usage
cost p, driving speed v, and driving distance cost r. For each customer i ∈ C, there is a
nonnegative demand qi and service time hi. The customer must be served within the time
window [ei, li]. TSk,i represents the starting service time of the k− th vehicle for the i− th
customer. To display the diagram’s structure more clearly, we have drawn Figure 2 based
on the content of Figure 1, which includes 12 customer nodes. The time in the figure is
represented in minutes. Assuming the maximum number of vehicles used is 5(u = 5) and
the current number of vehicles is 3, it meets the limit. The symbol representation table
is shown in Table 2.

Based on the above description of the VRPTW problem, the definition is as follows:

minF = α
∑
k∈K

∑
i∈V

∑
j∈V

ci,jxk,i,jr + (1− α)
∑
k∈K

ykp, (1)

Subject to: ∑
i∈C xk,g,i =

∑
i∈C xk,i,j = 1, ∀g ∈ V,∀j ∈ V,∀k ∈ K, (2)

xk,i,j

(
TSk,i + hi +

ci,j
v

− TSk,j

)
≤ 0, ∀k ∈ K, ∀i, j ∈ V, (3)

ei ≤ TSk,i ≤ li, ∀i ∈ C, ∀k ∈ K, (4)∑
i∈V

∑
j∈V qixk,i,j ≤ Q, ∀k ∈ K, (5)

xk,i,j, yk ∈ {0, 1}, ∀i, j ∈ V, ∀k ∈ K, (6)

TSk,i ≥ 0, i ∈ V, k ∈ K, (7)
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i∈V

∑
j∈V xx,i,j ≤ |LLk|+ 1, k ∈ K, (8)

where Equation (1) is the objective function of the optimization problem represents the
total cost of minimizing the delivery plan, including the cost of distance and the cost of
using vehicles. The objective function is the weighted sum of two cost components. The
weighting factor α represents the importance of two costs. The larger the value of α, the
more important the cost of distance. Equation (2) ensures that each customer can only
be served once. The routes to reach and leave the current customer are selected, and the
index i represents the current customer; g and j represent the previous and next nodes
of the vehicle service, respectively. Equation (3) represents the order of accessing nodes.
Assuming that vehicle k directly travels from node i to node j, the start service timeTSk,i

of arriving at node j must be equal to TSk,i + hi + ci,j/v. Equation (4) ensures that
the i− th customer is serviced within the time window [ei, li]. Equation (5) ensures that
the load does not exceed the capacity Q of vehicle k. Equation (6) defines the decision
variables x and y as binary. In Equation (7), it gives that the start service time TSk,i

cannot be negative. Equation (8) are standard subtour elimination constraints, the |LLk|
represents the number of nodes that the current route has passed through, excluding
depots.

where x1 represents the solution matrix of x when k = 1, corresponding to the first route:
0-7-5-1-2-6-0. In this instance, the matrix’s dimension is 13 × 13, including 1 depot node
and 12 customer nodes. The first row (column) represents the depot node, while rows
(columns) 2 to 13 represent the customer node. The formula x1,1,8 = 1 indicates that the
value of the first row and the eighth column of the matrix x1 is 1. Represents: 0-7 in
the route. Which means choosing the route from the depot to customer 7. The matrix
y represents 5 vehicles, with only 3 selected. The matrices x4 and x5 are both zero
matrices.

4. A hybrid solution algorithm based on SSA and ALNS.
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4.1. Key Concepts of SSA-ALNS.

4.1.1. Basic Sparrow Search Algorithm. SSA mainly simulates the foraging process of
sparrows. The foraging process of sparrows is a model of collaborative foraging between
producers and followers, and it also incorporates a warning mechanism. Find individ-
uals with better food quality in the population as producers and other individuals as
scroungers. Select a certain proportion of individuals in the population for investigation
and warning, and if danger is found, give up food [34].

Algorithm 1 provides the main steps of SSA. When executing SSA, three critical factors
should be considered: the producer’s search rules, the follower’s search rules, and the
warning mechanism’s setting. In the basic version of SSA, these operations are as follows.

(a) Producer
Firstly, assume that the number of individuals in the sparrow population is n. Before

each iteration, the first PD individuals sorted from the population will be labeled as
producers, where PD represents the number of producers. They search near their location.
The location update formula is described as follows:

xst+1
i,j =

{
xsti,j · exp

(
−i

γ·itermax

)
, R1 < ST

xsti,j + Z · L, R1 ≥ ST
, (9)

where xsti,j represents the j dimensional position of the i individual in the t generation of
the population, where j = 1, 2, ..., D and D represent dimensions. Besides, γ represents
the uniform random number in (0, 1], and Z is a standard normal distribution random
number. The R1 is the uniform random number in [0, 1], ST is the alert threshold, and
the value range is [0.5, 0.1]. The itermax represents the maximum number of iterations,
and L represents a unit row vector of the D dimension.

(b) Scrounger
Secondly, label the last (n – PD) individuals sorted from the population as followers.

Some move towards the optimal global position, while the other part randomly searches
within the search space. The search rules are described as follows:

xst+1
i,j =

{
Z · exp

(
xstworst−xsti,j

i2

)
, if i > n

2

xst+1
p + |xsti,j − xst+1

p | · A+ · L, otherwise
, (10)

where xstworst is the worst position of sparrows in the current population, and xst+1
p is the

optimal location for sparrows among producers. The Z is a standard normal distribution
random number, and L is the unit row vector of a D dimension. In addition, the matrix
A represents 1×D dimensional matrix, where each element is randomly assigned as 1 or
-1, and we also have A+ = A+(AAT )−1.

(c) Warning mechanism
Finally, some sparrows will be responsible for implementing warning mechanisms, and

when danger arises, they will abandon their current food. Whether the sparrow is a
producer or follower, it will abandon its current food and move to a new location. After
each iteration, SD individuals will be randomly selected from the population for early
warning behavior, where SD represents the number of early warning individuals. The
location update formula is described as follows:

xst+1
i,j =

{
xstb + β · |xsti,d − xstb|, fi ̸= fg

xsti,j +R ·
(

|xsti,j−xstw|
|fi−fw|+ε

)
, fi = fg

, (11)
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where β is the random number conforming to the standard normal distribution, and R
is the uniform random number of [−1, 1]. The ε represents a smaller number, preventing
the denominator from being 0. The xstw is the global worst position of the sparrow, and
xstb is the global optimal position of the sparrow. Moreover, fi represents the current
fitness value of the sparrow. The fg and fw are defined as the current global best and
worst fitness values, respectively.

Algorithm 1 Pseudo-code of SSA

Input: G,PD, SD,R1, n
Output: xsbest, fg
1: Initialize a population of n sparrows
2: t = 1
3: while t < G do
4: Rank the fitness values and find the current best individual and the current worst

individual
5: for i = 1 to n do
6: if i ≤ PD then
7: Using Equation (9) update the sparrow’s location
8: else
9: Using Equation (10) update the sparrow’s location

10: end if
11: end for
12: for i = 1 to SD do
13: Using Equation (11) update the sparrow’s location
14: end for
15: Rank the sparrow, find the current best among all sparrow’s location xsbest and

fitness fg
16: t = t+ 1
17: end while
18: return xsbest, fg

4.1.2. fitness function. Fitness is the criterion to judge whether a solution is better. Due
to the Equation (1) cannot directly participate in algorithm operations, the fitness is
constructed by expanding on the basis of Equation (1). The fitness in this paper is
expressed by Equation (12). The lower the fitness, the better the quality of the solution.
VRPTW has two goals. The main goal is to minimize the number of vehicles (NV).
The secondary goal is to minimize the total distance (TD) under the same number of
routes. We adjust the optimization direction of the algorithm by assigning different
weight parameters to these two target costs. The algorithm in this paper allows for
generating solutions that violate constraints. A penalty coefficient will be added to the
violated constraints to prevent the algorithm from jumping out of infeasible solutions.
The specific settings of these parameters will be assigned during the experimental phase.
The formula of fitness value is given as follows, and the mathematical symbols used in
the formulation are explained in Table 3.

fit(s) = TD(s) · r · α + V N(s) · p · (1− α) + q(s) · pun1 + w(s) · pun2. (12)
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Table 3. The definitions of mathematical notations in the studied fitness
function

Symbol Definition

s Current solution

α Weight factor for distance cost, range (0,1)

TD(s) The total distance the current solution

V N(s) The number of vehicles for the current solution

p Cost of vehicle

r Cost of driving distance

q(s) The total number of routes that violate vehicle capacity constraints for the current solution

w(s) The total number of customers who violate the time window constraint for the current solution

pun1 Penalty coefficient for violating vehicle capacity constraints

pun2 Penalty coefficient for violating time window constraints

657

8 9 4 3

1 2

10 11 12

Route: 1

Route: 2

Route: 3

7 5 1 2

10 11 12

8 9 4 3

6

7 5 1 2 10 11 12 8 9 4 36 0 0

657

8 9 4 3

1 2

10 11 12 0

0

Solution: s_set Solution: s_seq

(a) set (b) sequence

Figure 3. Representation of solutions for the proposed algorithm

4.1.3. Representation of Solutions. In this paper, we use two methods to represent the
solution of the algorithm, which can be used in different operator transformation methods
and mutually transformed. We use the instance in Figure 2 for an explanation. The
solution in Figure 2 consists of three routes: 7-5-1-2-6, 10-11-12, and 8-9-4-3. The first
method: In Figure 3 (a), the solution is represented as a set: s set, which includes three
sequences representing vehicle routes. The second method: In Figure 3(b), the solution is
represented as a sequence: s seq, which connects all subsets in Figure 3(a) and separates
them with 0.

4.1.4. Generation of initial solutions. The initial solutions of all individuals are generated
randomly. The advantage of the random approach is that it enables the algorithm to have
higher universality in different situations. For each individual, generate a random solution
sequence s with a length of m; s represents the solution sequence of this individual; m
represents the total number of customers. Then randomly insert u − 1 zeros into the
sequence s, where u represents the maximum number of vehicles used. Finally, a random
solution sequence s with a length of Ls is generated, Ls = m + u − 1. As shown in
Figure 4, we assume that the maximum number of vehicles used in this instance is 5.
Figure 4 shows the generation of initial solutions. We assume that the maximum number
of vehicles used in this instance is 5.
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Figure 4. Generation of initial solutions

4.1.5. Simulated annealing algorithm. The simulated annealing algorithm (SA) is a ran-
dom optimization algorithm based on Monte Carlo iterative solution strategy [38]. In the
simulated annealing algorithm, the generating function of the new solution is not strictly
set. The main idea is to use the Metropolis criterion to determine whether a new solution
is accepted.

Metropolis criterion: When a new solution s
′
is generated, compare the fitness value of

the current solution s and judge whether to accept the new solution s
′
through probability

pro. The formula is derived as follows:

T = T0 · fit(best0), (13)

T = T · η, (14)

prob(s → s
′
) =

{
1, f it(s

′
) < fit(s)

exp
(
−fit(s

′
)−fit(s)
T

)
, f it(s

′
) ≥ fit(s)

. (15)

When fit(s
′
) < fit(s), the new solution is better than the current solution, then the

probability of acceptance is 1, that is, it must be accepted. If fit(s
′
) ≥ fit(s), and the

new solution is worse than the current solution, then the accepted probability is related
to the formula. The T0 represents the initial temperature factor; fit(best0) represents the
optimal fitness value in the initial population with Equation 13. In the iteration process,
temperature T is updated with Equation 14; η represents the annealing rate, and the
range is (0,1). Note that the temperature T decreases gradually during the iterations.
The probability prob is also reducing. The probability of accepting the worse new solution
is higher in the early iteration, and the acceptance rate of the worse new solution gradually
decreases with the continuous iteration of the algorithm.

4.1.6. Adaptive large neighborhood search algorithm. Adaptive Large Neighborhood Search
(ALNS) is a heuristic method proposed by Ropke and Pisinger [26]. Based on neighbor-
hood search [54], it adds a measure of the effect of the operator so that the algorithm can
automatically select a good operator from many operators to transform the solution to
get a better solution. The weight-updating formula of the operator is as follows:

ωd =

{
ωd, ud = 0

(1− ρ)ωd + ρ sd
ud
, ud > 0

, (16)

where d represents the neighborhood operator used, and ωd represents operator weight.
The sd represents operator fraction, and ud represents the number of times the operator
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is used, must be greater than or equal to 0. Besides, ρ is the weight updating coefficient
used to control the speed of weight change. We calculate the current operator’s weight
based on each round’s score. The weight of an operator is related to the degree to which
the operator produces a solution. The operator selection method is applied according to
the operator’s weight, and by using the roulette to be selected. In the following Table 4 ,
it shows the score setting.

Table 4. Solution reception and score setting

The reception of the solution score

The new global optimal solution

is obtained after the operation
scd1

The optimal global solution

is not obtained

after the operation

The new solution is better than

the current one. Accept it.
scd2

The new solution is worse than

the current one

Meet the criteria, accept scd3

Do not meet the criteria, do not accept scd4

Figure 5. Grouping diagram of operators used in the improved neighbor-
hood design of ALNS

4.2. Improved neighborhood operator design in ALNS. Traditional ALNS only
includes removal operators and insertion operators. Sometimes, new solutions generated
solely by these operators do not have good advantages. So, it is necessary to expand
the operator to increase individual diversity. Therefore, in this paper, we have expanded
ALNS by adding various transformation operators to assist traditional ALNS in trans-
formation and combined them with SSA. The neighborhood operators in our proposed
ALNS include three types of operators: The first type is the removal operators and inser-
tion operators, the Type 2 is the global transformation operators, and the Type 3 is the
inter-route and intra-route neighborhood operators.

We will divide three neighborhood generation algorithms into two parts.Each part per-
forms different transformations on the producer and follower [55]. In Figure 5, it shows
the grouping diagram of these operators. ALNS pro is mainly aimed at producers, in-
cluding removal and insertion operators. ALNS scr primarily targets followers, including
global transformation operators and inter-route and intra-route neighborhood operators.
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4.2.1. ALNS pro. ALNS pro is an algorithm that performs neighborhood transformations
on producers, also known as traditional ALNS. We used six removal and three insertion
operators. Removal operators include Shaw removal, time window removal, distance
removal, route removal, random removal and maximum distance removal. Insertion op-
erators include greedy, regret, and farthest insertion operators.

Removal Operators.Remove several customer nodes meeting the corresponding condi-
tions from solution sequence s. The number of customer nodes removed each time is
represented by nr, and the expression is as follows:

nr = rand(⌊krmin · n+ 1⌋ , ⌊krmax · n+ 1⌋), (17)

where rand(A,B) indicates that an integer is randomly selected between A and B. The
calculation formula ⌊krmin · n+ 1⌋ means krmin · n + 1 is rounded down, where krmin

and krmax are the coefficients between (0,1), krmin < krmax. The reasonable setting
of krmin and krmax can make the algorithm have strong performance and control time
consumption. The specific Settings are given in the experimental section. krmin andkrmax

can vary with the functions are as follows:

krmin = krmin · kk, (18)

krmax = krmax · kk, (19)

kk =
2−

(
t

maxItera

)
2

, (20)

where kk represents the change parameter. The t represents the current number of iter-
ations, and maxItera indicates the maximum number of iterations.

(1) Shaw removal
This method was first proposed by Shaw [56]. The basic idea is to remove a set of nodes

related to correlation. The correlation between customer i and customer j is represented
by R(i, j), which is expressed as follows:

R(i, j) = φ1 · di,j + φ2 · (|ei − ej|+ |li − lj|) + φ3 · |qi − qj|+ sri,j, (21)

where φ1, φ2 and φ3 represent the weight coefficients of distance, time window and de-
mand, respectively. The d(i, j) represents the Euclidean distance between two nodes, and
the calculation formula |ei − ej|+ |li − lj| represents the time interval between two nodes,
where ei indicates the left time window of the customer i, and li indicates the right time
window for the customer i. Besides, the calculation formula |qi − qj| represents the de-
mand difference between the two nodes, where the qi indicates the requirements of the
customer i. Note that the smaller R(i, j) is, the higher the correlation between two nodes
is; otherwise, the higher the correlation is.

The correlation between removed nodes should be as low as possible. If customer i
and customer j are on the same route, then sri,j = 1; otherwise, it gives 0. The time
complexity is estimated as O(m), where the m represents the number of customers.

(2) Distance removal
Distance removal is removal based on Shaw removal only considering the distance. In

Equation (21), let φ2 = φ3 = 0. The time complexity is estimated as O(m).
(3) Time Window removal
Time window removal only considers time window factors based on Shaw removal. In

Equation (21), let φ1 = φ3 = 0. The time complexity is estimated as O(m).
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(4) Maximum distance removal
We calculate the sum of the distance travelled in the front segment and the distance

travelled in the back segment for each customer in the current solution. Next, we remove
the top nr customers with the longest distance based on the wheel. The time complexity
is estimated as O(m).

mDis(i) =


d0,i + di,i+1, i− 1 node is depot

di−1,i + di,0, i+ 1 node is depot

di−1,i + di,i+1, else

, (22)

where the mDis(i) represents the sum of the driving distance of the front section and the
driving distance of the back section of node i. The i represents the node corresponding
to i in the current sequence, which may represent a customer or a depot. The i − 1
and i + 1 represent the previous and next nodes of the node corresponding to i in the
current sequence. The di−1,i represents the Euclidean distance between customer i − 1
and customer i. The di,0 represents the Euclidean distance between the customer and the
depot.

(5) Route removal
We remove an entire route to reduce the total number of vehicles, and preferentially

select a route with no more than nr customers. If the number of customers on all routes
is greater than nr, select a route at random among all routes. The time complexity is
estimated as O(m).

(6) Random removal
We randomly select nr customers from the current solution to the removal. The time

complexity is estimated as O(1).
Insertion operators.After using the above removal operator, we put the customers re-

moved into the collection Lr. The customer in Lr is inserted back into the current solution
si using the insertion operator during the customer insertion phase.
(1) Greedy insertion
We select the location where the effect on fitness is minimal. A random node is selected

to calculate the total fitness increment value of the route after the node is inserted into a
certain position. Select the position corresponding to the lowest increment value. Repeat
until Lr is an empty set. The time complexity is estimated as O(m).
(2) Regret insertion
Based on the optimal greedy insertion operator, this operator takes one more step to

ensure the plurality of operators. Evaluate the optimal and suboptimal locations where
each removal node is inserted, and calculate the difference between the least total cost
increment and the least total cost increment. All the removed customer nodes should be
sorted from largest to smallest, and the next node to be inserted is selected to insert in
an optimal greedy way. Choose the node with the large difference first. Repeat until Lr

is an empty set. The time complexity is estimated as O(m).
(3) Farthest insertion
When selecting the insertion position, the operator calculates the reasonable position

with the maximum increment of the distance to insert each customer, and these positions
must meet the constraint conditions. Select the customer with the smallest distance
increment to insert into the corresponding position. The customer to be inserted and the
corresponding location are recalculated each time. Repeat until Lr is an empty set. The
time complexity is estimated as O(m).
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4.2.2. ALNS scr. The procedure ALNS scr is a neighborhood transformation algorithm
for followers. We use the global transformation and inter-route/intra-route transforma-
tions operators, respectively. During the execution of the algorithm, the solution s is trans-
formed by selecting one of the following seven transformation operators using roulette.
The global transformation operator operates on the routine s seq. The inter-route/intra-
route transformation operator operates on the routine s set. Global transformation op-
erators include exchange, reversal and insertion. Inter-route conversion operators include
2-opt and Or-opt. Intra-route conversion operators include 2-opt* and swap/shift.

Global transformation operators.For the exchange structure, we randomly select two
positions and exchange the nodes corresponding to the selected positions. The time
complexity is estimated as O(1). For the reversal structure, we randomly select two
positions and arrange all nodes between the nodes corresponding to the selected positions
in reverse order, including the selected position nodes. The time complexity is estimated
as O(1). We randomly select two positions for the insertion structure and insert the first
node corresponding to the selected position after the second node. The time complexity
is estimated as O(1).

Inter-route and intra-route transformation operators.
(a) Intra-route transformation operators
(1) 2-optimization (2-opt)
2-opt is an intra-route transformation algorithm proposed by Lin [57]. We randomly

select a route from the route set and randomly select two nodes i, j, i < j from this route.
Arrange all nodes between nodes i and j in reverse order, including i, j. Figure 6(a) shows
a schematic diagram of the transformation. The time complexity is estimated as O(1).

(2) Or-optimization (Or-opt)
Or-opt is an intra-route transformation algorithm proposed by Babin et al. [58]. We

randomly select a route from the route set and assume the route length is nl. We randomly
select two nodes i, j, i < j from this route. This operator has two transformation methods,
with a probability of 50% each. The time complexity is estimated as O(m). The first
method is shown in Figure 6(b). Generate a random number ki that is not greater than
the length between two nodes i and j. Insert node i and the following ki nodes after
node j. The second method is shown in Figure 6(c). Generate a random number kj not
greater than (nl − j). Insert node j and subsequent kj nodes after node i.

(b) Inter-route transformation operators
(1) Improved 2-Optimization (2-opt *)
It is an improved method for inter-route transformation proposed by Potvin and Rousseau [59].

We randomly select two routes in the current solution and randomly select one exchange
position each. Swap all customer nodes after the position of the first route with all cus-
tomer nodes after the position exchange of the second route, as shown in Figure 6(d).
L1 and L2 represent the last customer of Route 1 and Route 2, respectively. The time
complexity is estimated as O(m).

(2) swap/shift
It is an inter-route transformation algorithm proposed by Chen and Wu [60]. There

are two ways to use this method. First, we randomly select two routes from the routes
and exchange multiple nodes from the two routes, as shown in Figure 6(e). The a and
b represent the number of exchange nodes from the two routes. Second, transfer some
nodes from one route to another, as shown in Figure 6(f). The c represents the number
of transfer nodes. The time complexity is estimated as O(m).

4.3. A hybrid SSA-ALNS algorithm.
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(a) 2-opt

(b) Or-opt (1)

(c) Or-opt (2)

(d) 2-opt *

(e) swap/shift (1)
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(f) swap/shift (2)

Figure 6. Inter-route and intra-route transformation operators

4.3.1. Use of SSA. We refer to the SSA algorithm and introduce three operational mech-
anisms. First, before each iteration, we will take the pronum individuals with the best
fitness in the current population as the producer. The procedure ALNS pro is used for
neighborhood transformation on such individuals during the iteration process. The cal-
culation formula for pronum is as follows:

pronum = prorate · popnum, (23)

prorate = proprate + (t/1.8)/maxItera, (24)

where the pronum represents the number of discovers; pronum represents the number of
populations, and prorate represents the proportion of producers. The proprate represents
the initial proportion of producers. Besides, t represents the current number of iterations,
and maxItera represents the maximum number. The proportion of producers increases
proportionally with iteration. Secondly, the remaining individuals act as scroungers, and
we use ALNS scr for neighborhood transformation during the iteration process for these
individuals. Finally, after completing the transformation of all individuals, we perform an
early-warning operation on the population. We select sdnum individuals with the worst
fitness in each iteration randomly transform into others. The calculation formula of sdnum
is derived as follows:

sdnum = sdrate · popnum, (25)

where sdnum represents the number of individuals alerted, and sdrate represents the pro-
portion of early warning recipients.

4.3.2. Process of SSA-ALNS. We integrate the above content to construct a hybrid algo-
rithm, SSA-ALNS. In the Algorithm 2, we summarize the pseudocode for the proposed
hybrid SSA-ALNS algorithm. In Figure 7, it illustrates the presented algorithmic frame-
work, and the symbol interpretation is summarized in Table 5.

5. Results and discussion. To verify the effectiveness and feasibility of the algorithm
in solving VRPTW problems, we will conduct comparative experiments between the pro-
posed SSA-ALNS algorithm and other algorithms. The algorithms are evaluated using
Solomon VRPTW instances, where the data set can be accessed at http://web.cba.ne
u.edu/~msolomon/problems.htm.
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Table 5. The symbol interpretation for the proposed hybrid SSA-ALNS
algorithm

Symbol Definition

popnum Number of populations

maxItera Maximum number of iterations

t Current Iterations

i Current individual

T Simulated annealing temperature

T0 Initial temperature factor

fitbest The global optimal fitness value

sbest The optimal global solution

si Current individual’s solution

si
′

The solution of the current individual after neighborhood transformation

fit(si) Current individual fitness

fit(si
′
) Fitness of the current individual after neighborhood transformation

pronum Number of producers

scrnum Number of scroungers

sdnum Number of individuals for warning operations

prorate The proportion of producers

proprate The initial proportion of producers

scrrate Proportion of scroungers

sdrate The proportion of early-warning personnel

The experiment involves the dataset, including 56 Solomon instances with 100 cus-
tomers, divided into six groups (R1, R2, C1, C2, RC1, and RC2). In R1 and R2, cus-
tomers are generated based on a uniform distribution. In C1 and C2, customers are
concentrated and distributed into several clusters. In RC1 and RC2, some customers are
evenly distributed, while others form groups. R1, R2, RC1, and RC2 time windows are
randomly generated. For C1 and C2, customers gather by route and then create windows.
R1, C1, and RC1 are Type 1, and logistics delivery vehicles’ cargo carrying capacity and
time window are relatively small. R2, C2, and RC2 are Type 2, and logistics delivery
vehicles have a large cargo capacity and time window. Display the information of the top
10 customers of instance C101 in Table 6. Numbers 1 to 10 represent customers, and 0
illustrates the depot. The maximum number of vehicles is 25. The capacity limit of each
vehicle is 200. CUST NO.(Customer Number) means the customer number, 1-10 repre-
sents the customer, and 0 represents the depot. XCOORD. (X Coordinate) represents
the horizontal axis coordinate. YCOORD. (Y Coordinate) represents the vertical axis
coordinate. Demand represents the demand for goods; Ready Time represents the left
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Start

Initialize population

End

j=1,i=1

Start iteration, update the producer and 

the scrounger in the current population

  Obtain the solution       of the i-th   

individual and record the current   

individual's

i=i+1

T=a*T,   j=j+1

ALNS_pro ALNS_scr

Accept 

refuse
Accept and UpdateUpdate Do not Update

 

Is the current

 individual a producer

Judge whether 

to accept or not

Eq. (15)

Yes

No

   Record            and 

Early warning 

mechanism

ALNS

    Output           and 

SSA

No

Yes

NoYes
No

Yes

NoYes

NoYes

Update adaptive weight scores Eq. (16)

Figure 7. The flowchart for the proposed hybrid SSA-ALNS algorithm

time window. Due Time represents the right time window. Service Time represents the
service time.

Table 6. Information on the top 10 customers of C101

CUST NO. XCOORD. YCOORD. Demand Ready Time Due Time Service Time

0.00 40.00 50.00 0.00 0.00 1236.00 0.00

1.00 45.00 68.00 10.00 912.00 967.00 90.00

2.00 45.00 70.00 30.00 825.00 870.00 90.00

3.00 42.00 66.00 10.00 65.00 146.00 90.00

4.00 42.00 68.00 10.00 727.00 782.00 90.00

5.00 42.00 65.00 10.00 15.00 67.00 90.00

6.00 42.00 96.00 20.00 621.00 702.00 90.00

7.00 40.00 66.00 20.00 170.00 225.00 90.00

8.00 40.00 68.00 20.00 255.00 324.00 90.00

9.00 38.00 70.00 10.00 534.00 605.00 90.00

10.00 38.00 66.00 10.00 357.00 410.00 90.00

. . .

5.1. Experimental Environment. The algorithm testing experimental environment
used in this paper is shown in Table 7. The calculation parameter settings of fitness
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Algorithm 2 Pseudo-code of the proposed SSA-ALNS algorithm

Input: popnum,maxItera, T0, proprate, sdrate
Output: sbest, fitbest
1: Initialize parameters
2: Generate the initial population using the random method and calculate sbest and

fitbest
3: T = T0 ∗ fitbest
4: j = 1
5: while Stopping criteria is not satisfied do
6: Update producers and scroungers in the current population
7: for i = 1 to popnum do
8: if Current individual si belong to the producer then
9: Execute ALNS pro transformation, and calculate fitness fit(s

′
i);

10: else
11: Execute ALNS scr transformation, and calculate fitness fit(s

′
i);

12: end if
13: sc = 0
14: if fit(s

′
i) < fit(si) then

15: si = s
′
i

16: if fit(s
′
i) < fitbest then

17: sbest = s
′
i

18: sc = scd1
19: else
20: sc = scd2
21: end if
22: else
23: if Accept new solution, Equation(15) then
24: si = s

′
i

25: sc = scd3
26: else
27: sc = scd4
28: end if
29: end if
30: Update the adaptive weights based on the rating, Equation(16)
31: i = i+ 1
32: end for
33: Implement early warning mechanism
34: Rank the sparrow, find the current best among all sparrow sbest and fintness fitbest;
35: T = T · η
36: j = j + 1
37: end while
38: return sbest, fitbest

in the experiment are shown in Table 8. Table 10 shows the experimental results under
different simulated annealing parameter settings. It can be seen that when the experimen-
tal parameters are set to T0 = 0.0001 and η = 0.93, the optimal results can be obtained,
with Avg reaching 0.88%.
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Table 7. Experimental environment configuration

Name Model

operating system Windows 11 64bit

CPU Intel(R) Core (TM) i7-10870H 2.20GHz 2.21GHz

Memory 16.00GB

compiler MATLAB 2020b

Table 8. Experimental environment configuration

Symbol Value

α 0.3

p 200

r 1

pun1 100

pun2 1000

Table 9. Experimental environment configuration

C104 C109 R105 R108 R206 R208 RC103 RC104 RC204

popnum popprate sdrate gap gap gap gap gap gap gap gap gap Avg.

10 0.1 0.2 2.23% 2.32% 0.66% 0.93% 1.44% 0.92% 1.46% 1.53% 1.25% 1.42%

10 0.2 0.2 2.03% 2.23% 0.59% 0.67% 1.41% 1.33% 1.37% 1.22% 1.45% 1.37%

10 0.2 0.3 1.98% 1.67% 0.47% 0.69% 1.27% 1.24% 1.51% 1.47% 1.31% 1.29%

20 0.1 0.2 2.27% 1.17% 0.50% 0.61% 1.16% 1.41% 1.60% 1.49% 1.10% 1.26%

20 0.2 0.2 1.99% 1.44% 0.42% 0.67% 1.40% 1.22% 1.37% 1.41% 1.42% 1.26%

20 0.2 0.3 1.77% 1.68% 0.44% 0.57% 1.33% 1.10% 1.27% 1.47% 1.40% 1.23%

50 0.1 0.2 1.13% 1.01% 0.30% 0.40% 0.93% 0.81% 1.32% 0.86% 1.23% 0.89%

50 0.2 0.2 1.10% 1.26% 0.25% 0.39% 1.05% 0.74% 1.15% 1.16% 0.94% 0.90%

50 0.2 0.3 1.36% 1.04% 0.37% 0.41% 1.16% 0.71% 1.00% 1.18% 1.15% 0.93%

5.2. Parameter experiments. To determine the parameter settings in the SSA-ALNS
algorithm, we selected 9 difficult instances to solve, such as C104, C109, R105, R108,
R206, R208, RC103, RC104, and RC204. Execute these instances 30 times under different
parameter settings. We select the evaluation index gap as the evaluation index of the
algorithm, which represents the relative error percentage between the average value of
results and the currently known Best Know Solution (BKS). The formula is as follows:

gap = (favg − fBKS)/fBKS · 100% (26)

where favg represents the average of the total cost of the shortest delivery vehicle travel
planning searched by the algorithm in multiple experiments; fBKS represents the total
cost of shortest delivery vehicle travel planning that is currently known to be solved by
heuristic algorithms.
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Table 10. Experimental results of simulated annealing parameters

C104 C109 R105 R108 R206 R208 RC103 RC104 RC204

T0 η gap gap gap gap gap gap gap gap gap Avg.

0.001 0.93 1.42% 0.93% 0.40% 0.76% 0.84% 1.39% 1.30% 1.15% 1.34% 1.06%

0.001 0.9996 3.68% 5.05% 1.91% 1.79% 1.31% 1.34% 2.32% 2.52% 1.43% 2.37%

0.001 0.99975 3.75% 4.91% 1.81% 1.59% 1.65% 2.02% 2.07% 2.64% 1.03% 2.38%

0.0005 0.93 1.44% 0.86% 0.45% 0.42% 1.07% 0.84% 1.30% 1.01% 1.04% 0.94%

0.0005 0.996 3.67% 3.96% 1.72% 1.74% 1.09% 0.50% 2.30% 2.63% 1.24% 2.09%

0.0005 0.99975 3.57% 4.13% 1.93% 1.87% 0.97% 0.99% 2.36% 2.96% 1.19% 2.22%

0.0001 0.93 1.36% 0.98% 0.34% 0.53% 1.04% 0.68% 1.19% 0.91% 0.92% 0.88%

0.0001 0.996 2.22% 1.56% 1.29% 1.17% 1.27% 0.84% 2.12% 2.62% 1.03% 1.57%

0.0001 0.99975 2.38% 1.43% 1.58% 1.34% 1.30% 1.54% 2.20% 2.29% 1.46% 1.73%

We need to tune some parameters in the algorithm, which play a crucial role in the
optimization quality of the algorithm. Firstly, Table 9 shows the experimental results
under the ratio settings of different population numbers and initial identity settings.
Avg. represents the average gap of these nine instances. It can be seen that when the
experimental parameters are set to popnum = 50, proprate = 0.1 and sdrate = 0.2, the
optimal results can be obtained, with Avg reaching 0.89%.

5.3. Experimental Comparison. To verify the effectiveness and feasibility of SSA-
ALNS in solving VRPTW problems, we will conduct comparative experiments with the
proposed SSA-ALNS and other algorithms. For 56 instances with 100 customers in the
Solomon Benchmark, conduct 30 experiments on each instance and calculate the average
result. Table 11 shows the parameter settings for SSA-ALNS, ALNS [38], S-PSO [11],
and SA [39].

We will display the adaptive operators in the SSA-ALNS score average results in Tables
12 and 13. In Figure 8, the probability ratio of operator use is shown in the pie chart.
The proportion of operators removed in Figure 8(a) is relatively uniform, ranging from
10% to 20%. The proportion of path removal operators is the lowest, only 10.09%. In
Figure 8(b), the greedy insertion operator has the lowest proportion of insertion operators,
only 13.74%. The other two operators have similar proportions, 19.44% and 17.43%, re-
spectively. In Figure 8(c), the two operators with the highest proportion in ALNS scr are
2-opt and Or-opt, with a proportion exceeding 50%. It can be considered that they pro-
duce the best results. The proportion of other operators is relatively uniform, accounting
for about 9% each.

Algorithm comparison section. Firstly, in Table 14, we present the optimal results
obtained by the algorithm. In some instances, better solutions than BKS were found,
represented by * in the table. Such as R101, R201, R208, R209, RC205, and RC207.
Our algorithm found shorter driving distances than BKS in these instances when using
the same number of vehicles. When facing type C instances, there is not much difference
between the algorithms. Our algorithm can demonstrate certain advantages when faced
with type R and type RC instances. At the same time, these two types are closer to the
real situation, indicating that our algorithm has more advantages.
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Table 11. Parameter Settings of the Algorithm

Algorithm Parameter Symbol Value

SSA+ALNS

Number of populations popnum 50

Maximum number of iterations maxItera 300

Initial temperature factor T0 0.0001

Cooling factor η 0.93

The lower bound of the initial removal factor krmin 0.1

The upper bound of the initial removal factor krmax 0.15

Weights used for Shaw removal (φ1, φ2, φ3, srij) (6, 5, 4, 1)

The initial proportion of producers proprate 0.1

The initial proportion of scroungers scrrate 0.9

The initial proportion of early warning Personnel sdrate 0.2

Adaptive score (scd1, scd2, scd3, scd4) (1.6, 1.2, 0.8, 0.1)

Adaptive update weights ρ 0.4

ALNS

Maximum number of iterations MaxIter 2000

Initial temperature parameters η 0.001

Cooling rate c 0.99975

Solution Score (σ1, σ2, σ3) (30, 10, 20)

Reaction factor r 0.1

Number of iterations in each segment Iter 200

Shaw removes weights used (ϕ1, ϕ2, ϕ3, ϕ4) (8, 2, 1, 1)

Weights used for optimal insertion (g1, g2, g3, g4) (0.5, 0.2, 0.2, 0.1)

Randomize parameters δ 16

Noise parameters µ 0.08

S-PSO-VRPTW

Inertia weight ω 0.9 to 0.4

Acceleration coefficient c 2

Refresh interval rg 7

Learning probability Pc 0.05 to 0.5

Population size M 20

Greedy initialization probability φ 0.3

SA

Maximum number of iterations for outer loop MaxOutIter 2000

Maximum number of iterations for inner loop MaxInIter 300

Initial temperature T0 100

Cooling factor η 0.99

Secondly, we also compare the fitness value calculated from BKS according to Table
8 with the fitness value calculated from the test algorithm, as shown in Table 15. Keep
the results to two decimal places. Where min. represents the minimum fitness; Avg.
represents the average fitness in 30 experiments; CPU time represents the calculation
time of the algorithm in seconds; C, R and RC lines represent the average values of the
corresponding results for type C, type R, and type RC instances, respectively; gapAvgAll.
represents the average value of gap for all instances. When solving C and R instances,
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Table 12. Average Score and Usage of Operators in ALNS pro

Removal Operators Insertion Operators

Random Route Shaw Time Window Distance Maximum distance Farthest Regret Greedy

C1 1.254 0.92 1.215 1.106 1.236 1.249 1.263 1.37 0.487

C2 1.386 0.492 1.274 1.203 1.29 1.372 1.276 1.396 0.979

R1 1.127 0.848 0.937 0.804 1.037 1.128 1.022 1.17 0.179

R2 1.21 0.339 1.093 0.961 1.124 1.196 1.076 1.233 0.253

RC1 1.096 0.789 0.916 0.761 1.026 1.095 0.993 1.128 0.188

RC2 1.224 0.347 1.106 0.99 1.128 1.206 1.111 1.24 0.219

Avg. 1.216 0.622 1.09 0.971 1.14 1.207 1.124 1.256 0.384

Per. 19.44% 10.09% 17.43% 15.51% 18.23% 19.30% 40.73% 45.53% 13.74%

Table 13. Average Score and Usage of Operators in ALNS scr

Exchange Reversal Insertion 2-opt Or-opt Swap/Shift 2-opt*

C1 0.232 0.205 0.237 0.614 0.794 0.246 0.233

C2 0.227 0.202 0.244 0.441 0.825 0.235 0.231

R1 0.242 0.218 0.245 0.677 0.763 0.264 0.238

R2 0.242 0.21 0.27 0.454 0.779 0.249 0.253

RC1 0.24 0.22 0.245 0.683 0.769 0.262 0.235

RC2 0.235 0.212 0.26 0.462 0.788 0.245 0.241

Avg. 0.236 0.211 0.25 0.555 0.786 0.25 0.238

Per. 9.34% 8.34% 9.88% 22.07% 31.06% 9.90% 9.42%

our algorithm yields an average gap of only 0.63% and 10.66%, which is better. However,
our algorithm achieved 11.73% when solving RC instances, slightly worse than S-PSO-
VRPTW. Our proposed algorithm achieves a gapAvgAll. of 7.92%, which improves the
average optimization ability of SSA-ALNS by 30.04% compared to the 11.32% obtained by
traditional ALNS. Compared with the 8.04% obtained from S-PSO-VRPTW, the average
optimization ability of SSA-ALNS increased by 1.5%.

Regarding computational time, our algorithm significantly shortens the time compared
to S-PSO-VRPTW. But it takes longer than traditional ALNS. It can be seen that in
most calculation instances, SSA-ALNS can produce better results and be closer to BKS.

Result display section. Firstly, we will present 6 instances of the optimal solution
obtained in Figure 9, including R101, R201, R208, R209, RC205, and RC207. In Table 16,
we will present the optimal route results obtained from the proposed algorithm search.
Secondly, we also selected some SSA-ALNS solutions to display the results, as shown in
Figure 10. In Figure 11, their iterative process is shown. It can be seen that our proposed
algorithm has a fast convergence speed and finds a better optimal value.

6. Conclusion. This study proposed an enhanced SSA-ALNS algorithm to tackle the
VRPTW problem, addressing the limitations of ALNS related to local optima and algo-
rithm stability. The key innovations include integrating SSA’s operation mechanisms into
traditional ALNS and expanding the types of operators in ALNS, such as 2-opt, Or-opt,
2-opt*, swap/shift, and more. Additionally, the algorithm is divided into ALNS pro and
ALNS scr to conduct targeted searches for producers and scroungers in the population.
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Table 14. Optimal Solution

BKS SSA-ALNS ALNS S-PSO-VRPTW SA

NV TD NV TD NV TD NV TD NV TD

C101 10 828.94 10 828.94 10 828.94 10 828.94 10 828.94

C102 10 828.94 10 828.94 10 828.94 10 829.71 10 828.94

C103 10 828.06 10 828.06 10 828.06 10 851.37 10 882.76

C104 10 824.78 10 847.05 10 853.08 10 868.52 10 886.95

C105 10 828.94 10 828.94 10 828.94 10 828.94 10 828.94

C106 10 828.94 10 828.94 10 828.94 10 828.94 10 828.94

C107 10 828.94 10 828.94 10 862.37 10 828.94 10 828.94

C108 10 828.94 10 828.94 10 828.94 10 828.94 10 863.50

C109 10 828.94 10 828.94 10 828.94 10 828.94 10 924.42

C201 3 591.56 3 591.56 3 591.56 3 591.56 3 591.56

C202 3 591.56 3 591.56 3 591.56 3 591.56 3 591.56

C203 3 591.17 3 591.17 3 603.37 3 591.17 3 591.56

C204 3 590.60 3 590.60 3 607.15 3 615.43 3 612.72

C205 3 588.88 3 588.88 3 588.88 3 588.88 3 588.88

C206 3 588.49 3 588.49 3 588.49 3 588.88 3 588.49

C207 3 588.29 3 588.29 3 588.29 3 591.35 3 588.29

C208 3 588.32 3 588.32 3 588.32 3 588.49 3 588.32

R101 19 1645.79 19 1642.88* 19 1689.09 19 1652.00 21 1707.70

R102 17 1486.12 18 1477.32 18 1519.85 17 1500.81 19 1530.78

R103 13 1292.68 14 1234.19 14 1264.98 14 1242.65 15 1299.53

R104 9 1007.24 10 1012.87 10 1032.54 10 1042.22 12 1050.69

R105 14 1377.11 14 1382.20 14 1428.61 14 1385.08 17 1507.51

R106 12 1251.98 13 1262.25 13 1299.67 12 1294.87 15 1360.33

R107 10 1104.66 11 1090.77 11 1132.33 11 1123.98 13 1133.34

R108 9 960.88 10 956.49 10 995.85 10 1011.68 11 1027.81

R109 11 1194.73 12 1164.89 12 1270.82 12 1211.63 15 1253.71

R110 10 1118.59 11 1099.70 11 1144.14 11 1190.36 14 1182.65

R111 10 1096.72 11 1083.36 11 1129.14 11 1102.99 13 1161.26

R112 9 982.14 10 965.49 10 1023.74 10 1029.12 12 1051.56

R201 4 1252.37 4 1206.02* 4 1300.15 4 1274.97 8 1289.70

R202 3 1191.70 3 1254.38 4 1122.67 3 1247.03 8 1114.41

R203 3 939.54 3 949.09 3 973.75 3 1052.71 6 952.18

R204 2 825.52 3 755.36 3 782.37 3 844.16 5 796.69

R205 3 994.42 3 1010.15 3 1090.17 3 1061.46 7 1060.45

R206 3 906.14 3 937.07 3 998.74 3 1016.35 6 1007.19

R207 2 893.33 3 818.13 3 919.22 3 946.78 5 891.63

R208 2 726.75 2 715.53* 2 779.17 2 834.72 4 775.17

R209 3 909.16 3 893.90* 3 981.78 3 1003.19 7 969.86

R210 3 939.34 3 957.61 3 1011.70 3 1040.54 7 1020.27

R211 2 892.71 2 980.05 3 876.95 3 861.32 6 847.17

RC101 14 1696.94 15 1652.47 15 1758.79 15 1641.20 18 1779.37

RC102 12 1554.75 14 1503.15 14 1527.71 13 1510.95 16 1620.90

RC103 11 1261.67 12 1327.63 12 1380.88 11 1294.74 14 1422.85

RC104 10 1135.48 10 1170.86 10 1204.01 10 1190.55 12 1223.58

RC105 13 1629.44 15 1544.62 15 1600.43 14 1603.71 17 1624.26

RC106 11 1424.73 13 1380.06 13 1463.87 12 1410.93 16 1522.40

RC107 11 1230.48 12 1252.57 12 1366.82 11 1249.80 13 1358.09

RC108 10 1139.82 11 1165.76 11 1272.01 11 1181.87 12 1202.17

RC201 4 1406.91 4 1427.95 4 1497.74 4 1423.52 10 1430.03

RC202 3 1367.09 4 1161.29 4 1239.13 4 1193.59 8 1216.99

RC203 3 1049.62 3 1058.48 4 1146.29 3 1123.42 7 1049.75

RC204 3 798.41 3 820.48 3 835.91 3 894.12 5 889.43

RC205 4 1297.19 4 1253.48* 4 1338.48 4 1321.43 9 1305.31

RC206 3 1146.32 3 1406.18 4 1184.80 3 1307.90 7 1210.87

RC207 3 1061.14 3 1013.24* 3 1114.37 3 1130.37 7 1103.89

RC208 3 828.14 3 871.90 3 933.31 3 958.24 6 875.92
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Table 15. Comparison of fitness values

BKS SSA-ALNS ALNS S-PSO-VRPTW SA

min. min. avg. gap
CPU

Time(s)
min. avg. gap

CPU

Time(s)
min. avg. gap

CPU

Time(s)
min. avg. gap

CPU

Time(s)

C101 1648.68 1648.68 1665.81 1.04% 421.68 1648.68 1648.68 0.00% 148.04 1648.68 1648.68 0.00% 336 1648.68 1653.57 0.30% 166.06

C102 1648.68 1648.68 1653.78 0.31% 427.97 1648.68 1659.08 0.63% 180.21 1648.91 1655.25 0.40% 581.4 1648.68 1652.29 0.22% 167.78

C103 1648.42 1648.42 1655.6 0.44% 431.07 1648.42 1685.86 2.27% 198.6 1655.41 1665.9 1.06% 1726.8 1664.83 1697.35 2.97% 167.99

C104 1647.43 1654.12 1667.45 1.22% 424.94 1655.92 1692.69 2.75% 206.93 1660.56 1687.55 2.44% 2404.2 1666.09 1704.83 3.48% 162.28

C105 1648.68 1648.68 1652.78 0.25% 424.65 1648.68 1652.14 0.21% 211.85 1648.68 1649.13 0.03% 364.8 1648.68 1665.5 1.02% 167.33

C106 1648.68 1648.68 1648.68 0.00% 420.06 1648.68 1687.49 2.35% 204.78 1648.68 1648.68 0.00% 379.2 1648.68 1720.18 4.34% 170.58

C107 1648.68 1648.68 1664.29 0.95% 428.74 1658.71 1704.46 3.38% 168.74 1648.68 1659.59 0.66% 417 1648.68 1694.44 2.78% 168.12

C108 1648.68 1648.68 1653.61 0.30% 420.73 1648.68 1680.66 1.94% 143.8 1648.68 1648.72 0.00% 759.6 1659.05 1728.68 4.85% 179.53

C109 1648.68 1648.68 1665.16 1.00% 421.17 1648.68 1713.81 3.95% 144.63 1648.68 1648.87 0.01% 934.8 1677.32 1725.11 4.64% 171.92

C201 597.47 597.47 597.47 0.00% 357.51 597.47 597.47 0.00% 87.94 597.47 606.53 1.52% 377.4 597.47 611.09 2.28% 117.9

C202 597.47 597.47 597.47 0.00% 364.3 597.47 633.71 6.07% 89.48 597.47 604.91 1.25% 432.6 597.47 616.82 3.24% 110.63

C203 597.35 597.35 606.39 1.51% 277.03 601.01 691.4 15.74% 90.41 597.35 601.75 0.74% 845.4 597.47 630.07 5.48% 143.94

C204 597.18 597.18 619.34 3.71% 381.44 602.14 634.54 6.26% 91.58 604.63 651.43 9.08% 2285.4 603.82 656.96 10.01% 189.76

C205 596.66 596.66 596.66 0.00% 359.62 596.66 596.66 0.00% 88.41 596.66 600.09 0.57% 355.2 596.66 611.36 2.46% 170.1

C206 596.55 596.55 596.55 0.00% 340.23 596.55 596.55 0.00% 93.24 596.66 597.88 0.22% 385.8 596.55 622.64 4.37% 168.25

C207 596.49 596.49 596.49 0.00% 317.96 596.49 596.49 0.00% 88.64 597.41 598.96 0.41% 385.8 596.49 629.98 5.61% 114.26

C208 596.5 596.5 596.5 0.00% 309.39 596.5 600.35 0.65% 92.2 596.55 597.48 0.16% 382.8 596.5 622.3 4.33% 105.59

R101 3153.74 3152.86 3229.54 2.40% 953.56 3166.73 3217.46 2.02% 265.79 3155.6 3157.37 0.12% 439.8 3452.31 3602.9 14.24% 269.34

R102 2825.84 2963.2 2969.22 5.07% 723.73 2975.96 2966.52 4.98% 252.1 2830.24 2943.99 4.18% 882.6 3119.23 3249.29 14.98% 245.2

R103 2207.8 2330.26 2347.38 6.32% 556.61 2339.5 2332.44 5.65% 240.85 2332.79 2340.58 6.01% 1656 2489.86 2695.87 22.11% 206.41

R104 1562.17 1703.86 1726.36 10.51% 464.73 1709.76 1732.24 10.89% 290.4 1712.66 1799.33 15.18% 1935 1995.21 2183.75 39.79% 171.33

R105 2373.13 2374.66 2506.22 5.61% 575.01 2388.58 2533.5 6.76% 312 2375.52 2423.58 2.13% 1056.6 2832.25 3007.1 26.71% 226.48

R106 2055.59 2198.67 2247.22 9.32% 507.14 2209.9 2188.05 6.44% 196.36 2068.46 2192.11 6.64% 1366.2 2508.1 2629.39 27.91% 202.98

R107 1731.4 1867.23 1877.68 8.45% 449.74 1879.7 1882.56 8.73% 171.82 1877.19 1888.01 9.05% 1696.2 2160 2320.21 34.01% 183.42

R108 1548.26 1686.95 1696.21 9.56% 453.51 1698.76 1705.61 10.16% 157.65 1703.5 1733.89 11.99% 1832.4 1848.34 2016.21 30.22% 161.57

R109 1898.42 2029.47 2093.78 10.29% 768.37 2061.25 2137.36 12.59% 192.97 2043.49 2111.84 11.24% 2509.8 2476.11 2563.71 35.04% 196.16

R110 1735.58 1869.91 1992.44 14.80% 567.35 1883.24 2001.86 15.34% 182.14 1897.11 2037.11 17.37% 2196.6 2314.79 2412.79 39.02% 255.78

R111 1729.02 1865.01 1929.02 11.57% 532.01 1878.74 1885.14 9.03% 176.04 1870.9 1930.98 11.68% 1755.6 2168.38 2322.43 34.32% 276.18

R112 1554.64 1689.65 1731.12 11.35% 483.1 1707.12 1832.3 17.86% 170.21 1708.74 1842.92 18.54% 2464.8 1995.47 2063.46 32.73% 229.68

R201 935.71 921.81 970 3.66% 339.08 950.05 1003.72 7.27% 108.24 942.49 949.48 1.47% 1457.4 1506.91 1815.93 94.07% 113.79

R202 777.51 796.32 893.24 14.88% 385.56 896.8 959.88 23.46% 106.7 794.11 867.95 11.63% 2052 1454.32 1654.04 112.74% 112.44

R203 701.86 704.73 725.93 3.43% 429.84 712.13 798.47 13.76% 98.26 735.81 750.24 6.89% 2031 1125.65 1311.63 86.88% 108.02

R204 527.66 646.61 653.66 23.88% 443.84 654.71 671.09 27.18% 107.73 673.25 698.41 32.36% 2337.6 939.01 1056.85 100.29% 114.96

R205 718.33 723.05 794.64 10.62% 389.8 747.05 870.05 21.12% 102.54 738.44 760.71 5.90% 2125.2 1298.14 1555.92 116.60% 112.7

R206 691.84 701.12 709.08 2.49% 305.6 719.62 783.39 13.23% 116.27 724.9 739.68 6.91% 2702.4 1142.16 1321.24 90.97% 107.7

R207 548 665.44 676.46 23.44% 299.07 695.77 683.52 24.73% 127.1 704.03 731.06 33.41% 2436.6 967.49 1104.36 101.53% 118.28

R208 498.03 494.66 587.24 17.91% 292.07 513.75 643.87 29.28% 127.02 530.42 628.09 26.11% 2563.2 792.55 900.25 80.76% 104.7

R209 692.75 688.17 783.52 13.10% 314.33 714.53 828.03 19.53% 130.6 720.96 743.08 7.27% 2502.6 1270.96 1427.23 106.02% 109.38

R210 701.8 707.28 729.61 3.96% 309.46 723.51 863.69 23.07% 149.07 732.16 747.11 6.46% 2619.6 1286.08 1396.63 99.01% 106.93

R211 547.81 574.01 670.78 22.45% 301.34 683.09 758.13 38.39% 152.54 678.4 701.45 28.05% 2724.6 1094.15 1218.92 122.51% 114.47

RC101 2469.08 2595.74 2713.79 9.91% 596.13 2627.64 2742.79 11.09% 323.21 2592.36 2600.66 5.33% 765.6 3053.81 3200.52 29.62% 245.52

RC102 2146.43 2410.95 2461.34 14.67% 554.23 2418.31 2410.97 12.32% 310.15 2273.29 2384.04 11.07% 1098.6 2726.27 2930.34 36.52% 218.45

RC103 1918.5 2078.29 2100.83 9.50% 498.33 2094.27 2075.99 8.21% 257.51 1928.42 2029.78 5.80% 1252.2 2386.85 2563.77 33.63% 193.37

RC104 1740.64 1751.26 1885.68 8.33% 452.06 1761.2 1897.46 9.01% 185.62 1757.16 1877.8 7.88% 1617 2047.07 2227.42 27.97% 196.67

RC105 2308.83 2563.39 2643.97 14.52% 585.28 2580.13 2569.68 11.30% 248.41 2441.11 2560.54 10.90% 1080 2867.28 2987.98 29.42% 284.22

RC106 1967.42 2234.02 2347.9 19.34% 534.25 2259.16 2302.55 17.03% 237.89 2103.28 2216.85 12.68% 1424.4 2696.72 2740.25 39.28% 283.16

RC107 1909.14 2055.77 2123.98 11.25% 498.96 2090.05 2122.25 11.16% 207.44 1914.94 1965.39 2.95% 2259.6 2227.43 2396.23 25.51% 248.88

RC108 1741.95 1889.73 1957.83 12.39% 479.08 1921.6 2009.89 15.38% 189.23 1894.56 1909.28 9.61% 2167.2 2040.65 2178.72 25.07% 189.49

RC201 982.07 988.38 1024.13 4.28% 325.13 1009.32 1147.29 16.82% 113.99 987.06 1001.81 2.01% 1329 1829.01 2041.87 107.91% 117.28

RC202 830.13 908.39 935.65 12.71% 316.11 931.74 953.4 14.85% 109.65 918.08 945.96 13.95% 1726.2 1485.1 1717.71 106.92% 116.7

RC203 734.89 737.54 856.69 16.57% 313.37 903.89 885.58 20.51% 105.94 757.03 786.84 7.07% 2289 1294.92 1403 90.91% 113.91

RC204 659.52 666.14 674.38 2.25% 290.86 670.77 741.55 12.44% 108.86 688.24 709.35 7.56% 2056.8 966.83 1081.66 64.01% 116.89

RC205 949.16 936.04 1072.12 12.95% 322.74 961.54 1083.31 14.13% 115.55 956.43 974.66 2.69% 2393.4 1651.59 1875.79 97.63% 117.99

RC206 763.9 841.85 910.03 19.13% 372.16 915.44 937.56 22.73% 160.13 812.37 927.62 21.43% 2538.6 1343.26 1592.13 108.42% 118.77

RC207 738.34 723.97 862.94 16.88% 401.18 754.31 896.42 21.41% 155.97 759.11 875.77 18.61% 2748 1311.17 1468.2 98.85% 117.57

RC208 668.44 681.57 688.37 2.98% 295.32 699.99 786.94 17.73% 143.81 707.47 745.48 11.53% 3216 1102.78 1292.26 93.32% 110.29

C 0.63% 384.03 2.72% 137.03 1.09% 785.54 3.67% 155.41

R 10.66% 471.52 15.28% 171.06 12.20% 1971.47 63.59% 167.3

RC 11.73% 427.2 14.76% 185.84 9.44% 1872.6 63.44% 174.32

gapAvgAll. 7.92% 432.3 11.32% 164.95 8.04% 1583.21 45.35% 165.7
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Table 16. Route of experimental results for optimal values obtained by
SSA-ALNS

instances Routes

R101

Route 1 0->12->76->79->3->54->24->80->0

Route 2 0->39->23->67->55->25->0

Route 3 0->63->64->49->48->0

Route 4 0->45->82->18->84->60->89->0

Route 5 0->92->42->15->87->57->97->0

Route 6 0->95->98->16->86->91->100->0

Route 7 0->2->21->73->41->56->4->0

Route 8 0->62->11->90->10->0

Route 9 0->72->75->22->74->58->0

Route 10 0->27->69->30->51->20->32->70->0

Route 11 0->40->53->26->0

Route 12 0->65->71->9->66->1->0

Route 13 0->5->83->61->85->37->93->0

Route 14 0->36->47->19->8->46->17->0

Route 15 0->28->29->78->34->35->77->0

Route 16 0->31->88->7->0

Route 17 0->14->44->38->43->13->0

Route 18 0->59->99->94->96->0

Route 19 0->33->81->50->68->0

Route 20 0->52->6->0

R201

Route 1

0->27->69->31->52->82->7->18->99->85->87->57->41->22->56->4->54->55->25->24->80->77->0

Route 2

0->28->33->65->71->29->12->76->79->81->51->9->78->34->50->3->68->26->74->13->58->0

Route 3

0->5->45->83->47->36->63->64->11->19->62->88->30->90->10->20->66->35->32->70->1->0

Route 4

0->2->72->39->75->23->67->21->73->40->53->94->6->96->97->37->43->100->91->93->0

Route 5

0->95->59->92->42->15->14->98->61->16->44->38->86->84->8->49->46->48->17->60->89->0

R208

Route 1

0->28->76->50->1->69->70->30->20->66->65->71->35->9->51->33->81->34->78->79->3->77->29->24->55->25->4->72->74->

73->21->40->58->0

Route 2

0->27->52->31->88->7->82->48->19->11->62->10->32->90->63->64->49->36->47->46->8->45->17->84->83->18->60->5->99->

59->97->87->2->57->42->100->91->98->37->95->94->13->0

Route 3

0->89->6->96->92->93->85->61->16->86->44->38->14->43->15->41->22->75->56->23->67->39->54->80->68->12->26->53->0

R209

Route 1

0->40->2->73->21->72->75->23->67->39->25->55->80->68->77->50->3->79->34->35->65->66->20->32->10->70->1->0

Route 2

0->27->52->69->31->88->62->63->11->19->47->7->82->83->5->84->17->45->18->6->94->13->53->58->41->22->74->56->

4->54->24->26->0

Route 3

0->95->99->59->98->85->61->16->86->38->44->14->87->57->15->43->42->97->92->37->100->91->93->96->0

Route 4

0->28->12->76->29->78->71->9->81->33->51->30->90->64->49->36->46->8->48->60->89->0

RC205

Route 1

0->65->83->64->23->21->18->19->57->99->52->86->87->59->75->97->74->24->48->25->77->58->0

Route 2

0->2->45->42->39->36->44->61->90->98->88->78->73->79->7->8->6->46->5->3->4->1->43->35->37->93->96->0

Route 3

0->92->95->33->28->27->29->31->30->63->76->51->84->49->22->20->66->56->85->89->26->32->34->50->91->80->0

Route 4

0->69->82->11->15->16->47->14->12->53->9->10->13->17->60->100->70->0

Route 5

0->94->62->67->71->72->38->40->41->81->54->68->55->0

RC207

Route 1

0->82->53->98->90->61->72->93->94->81->42->44->40->39->38->37->35->36->43->41->54->96->0

Route 2

0->92->95->67->71->31->29->27->28->30->85->63->76->18->19->49->51->84->62->50->34->26->32->33->89->48->20->

24->66->56->91->80->0

Route 3

0->65->99->52->83->64->22->21->23->25->77->75->58->59->87->86->57->74->97->13->9->10->17->78->60->55->0

Route 4

0->69->88->12->11->15->16->47->14->73->79->7->6->2->8->5->3->1->45->46->4->100->70->68->0
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(a) (b)

(c)

Figure 8. Proportion of operator usage

The contributions of this paper are presented as follows: Firstly, the proposed SSA-ALNS
algorithm builds upon the traditional ALNS, enhancing population diversity and algo-
rithm stability. Secondly, by extending multiple operators for ALNS, the algorithm’s
local development ability is improved, and the search space is expanded. Mathematical
experiments optimized the algorithm’s parameters, leading to suitable settings for 100
customers, as demonstrated in Table 11.

Conduct comparative experiments with ALNS, S-PSO, and other algorithms on 56 in-
stances in Solomon Benchmark. The algorithm proposed in this article can find better
results when facing most cases. At the same time, we will display the result graph, and
it can be seen that the result paths are relatively reasonable. Notably, the removal oper-
ators showed relative balance, while the greedy insertion operator produced suboptimal
results. In ALNS scr, 2-opt and Or-opt consistently generated superior solutions. The
experimental results underscore the feasibility and effectiveness of our proposed algorithm.

While our algorithm achieved remarkable results, there are avenues for future explo-
ration. These include combining SSA-ALNS with other neighborhood search algorithms
that have not been studied yet, making the algorithm’s time complexity smaller so that it
takes less time to run, and using SSA-ALNS to solve other VRPs like TDVRP, MDVRP,
MDVRPTW, and similar ones. These extensions hold promise for further advancing the
field of vehicle routing optimization.
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Figure 9. Experimental result graph of the optimal values obtained by
SSA-ALNS
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Figure 10. Experimental result graph of the optimal values obtained by
SSA-ALNS
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Figure 11. Experimental result graph of the optimal values obtained by
SSA-ALNS
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