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Abstract: Traditional logistics and supply chain scheduling often focus on 
single-objective optimisation and ignore the complexity of multiple objectives, 
resulting in inefficiency and difficulty in cost control. This paper applies the 
particle swarm optimisation algorithm (PSO) to the collaborative scheduling of 
logistics and supply chain to improve transportation efficiency. This paper uses 
PSO to model logistics and supply chain scheduling problems, studies vehicle 
routing problems, and comprehensively considers multiple objectives such as 
transportation cost, inventory cost, and delivery time to optimise logistics 
transportation routes. Experiments show that after vehicle No. 1 was planned 
using the PSO algorithm, the transportation time was reduced by 2.1 h, the 
utilisation rate was as high as 98.2%. This shows that the PSO algorithm has 
significant advantages in logistics and supply chain collaborative scheduling, 
can effectively perform multi-objective optimisation, and has fast convergence 
speed and good stability. 

Keywords: logistics and supply chain management; PSO; particle swarm 
optimisation; collaborative scheduling; production and transportation; vehicle 
routing problem. 
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introduction to smart logistics, international trade theory and practice, 
warehousing and distribution management, and logistics science. 

 

1 Introduction 

In the current context of global economic integration, logistics and supply chain 
management, as the core hubs connecting the production and consumption ends, are 
becoming more and more important. With the increasingly fierce market competition and 
the increasing diversification of user needs, enterprises urgently need to achieve efficient 
collaboration in key links such as production, inventory, and transportation to improve 
response speed, optimise cost structure, and enhance market competitiveness (Richey et 
al., 2022; Richey et al., 2023; Akbari and Do, 2021). Especially when facing complex 
issues such as logistics and supply chain collaborative scheduling, enterprises need to 
deal with multiple tasks such as production scheduling, transportation organisation, and 
inventory coordination at the same time, which not only tests their flexibility and 
adaptability but also puts forward higher requirements for optimisation technology. Most 
of the existing scheduling methods focus on the optimisation of a certain goal, such as 
reducing transportation costs or increasing productivity, and often ignore the correlation 
and trade-off between multiple goals. This kind of single-target method is difficult to 
effectively take into account multiple aspects such as transportation, inventory, and 
delivery cycle, resulting in poor overall scheduling effect, cost control, and service levels 
are difficult to unify. Traditional optimisation strategies lack the ability to find global 
optimisation, and they often fall into local optimal solutions, making it difficult to cope 
with the uncertainty brought about by market changes. Therefore, the introduction of 
intelligent algorithms with strong global search capabilities and multi-objective balancing 
mechanisms has become a key way to deal with the problem of collaborative scheduling 
in the modern supply chain. 

In order to cope with the limitations of traditional scheduling methods in logistics and 
supply chain collaboration, PSO has been widely introduced as an effective solution. 
Inspired by the foraging behaviour of birds in nature, PSO can process multiple decision-
making variables in parallel by simulating information interaction and group 
collaboration between individuals, to achieve the overall optimisation and efficiency 
improvement of the entire supply chain system (Zhang et al., 2019; Abdelaziz et al., 
2020; Son et al., 2021). The algorithm has a simple structure, easy implementation, and 
good global optimisation performance, which is particularly suitable for large-scale, high-
dimensional, and complex optimisation tasks. In the actual supply chain scheduling 
application, PSO guides the exploration of solution space through the group search 
mechanism, and gradually approaches the global optimal solution, effectively improving 
the science and system coordination of scheduling. Based on this, this paper will discuss 
the specific application path of PSO in logistics and supply chain collaborative 
scheduling, and conduct systematic research on problem modelling, fitness function 
design, and algorithm parameter optimisation to improve scheduling efficiency and 
service quality. The research focus includes vehicle path issues (VRP), combined with 
multi-objective optimisation ideas, comprehensive consideration of key indicators such as 
transportation costs, inventory costs, and delivery timeliness, and a more practical and 
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operational scheduling strategy to promote the development of logistics and supply chain 
management in the direction of intelligence and efficiency. 

The main contributions of this research are reflected in the following aspects:  

1 With the help of PSO, an efficient intelligent optimisation method has been 
introduced for the collaborative scheduling of logistics and supply chain, breaking 
through the limitations of traditional methods in terms of multi-objective 
coordination and global search capabilities. 

2 By constructing a mathematical model covering key variables and a targeted fitness 
function, the refined expression and optimised solution of the scheduling problem 
are realised, and the rationality and practical enforceability of the scheme are 
enhanced. 

3 Through experiments, the excellent performance of the proposed algorithm in 
collaborative scheduling tasks is verified, and it shows high scheduling efficiency 
and stability, which is of great guiding significance to the production and logistics 
operations of actual enterprises.  

Overall, this research delves into the practical application of PSO in complex logistics 
and supply chain scheduling, expands the research boundaries of optimisation algorithms 
in this field, and shows obvious advantages in improving system response speed, 
reducing operating costs, and improving customer service levels. 

2 Related work 

Logistics and supply chain collaborative scheduling is a comprehensive integrated 
management strategy, the core of which is to optimise the various links in logistics and 
supply chain to achieve smooth connection and efficient operation between them 
(Chenna, 2024; Koh et al., 2023). Cai et al. (2023) proposed a new real-time scheduling 
model and algorithm. There is a new task information release time that can give AGVs a 
longer time to prepare tasks than existing research. In order to improve energy efficiency 
and reduce the pollution emissions of replacing ports with electric hydrogen, Pu et al. 
(2023) proposed a port-integrated energy and container logistics collaborative scheduling 
method considering electric hydrogen transportation and also constructed a port container 
logistics assembly line model based on flexible workshop scheduling. As a revolutionary 
technology that has emerged in recent years, Blockchain technology has great application 
potential in supply chain operations. Xia et al. (2023) conducted a systematic review of 
Blockchain-based supply chain case studies. Barman et al. (2022) examined the impact of 
business strategies in multiple industries on the cooperative market system, proposed a 
production inventory system with a manufacturer-retailer supply chain, and examined the 
two-level supply chain model. To solve the problem of supply chain collaboration and 
improve its effectiveness, Ghazal and Alzoubi (2022) provided a framework based on 
fusion machine learning. The study of supply chain scheduling and classical logistics has 
numerous flaws. They frequently concentrate on single-goal optimisation, which makes it 
challenging to properly account for the complexity of many goals like delivery times, 
inventory costs, and transportation expenses. This leads to low efficiency and challenging 
cost control. Second, the global search capabilities of traditional approaches are limited, 
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making it challenging to locate the best answer in a complex and dynamic market 
environment. Additionally, it is simple to fall into local optimality. 

This work makes use of PSO’s quick convergence and straightforward structure. The 
PSO algorithm can comprehensively consider multiple goals and gradually approach the 
global optimal solution through iterative optimisation, which significantly improves the 
efficiency of supply chain collaborative scheduling (Li and Li, 2024; Dai, 2023). To 
enable the company to make decisions that are in line with market changes, Chen and Du 
(2024) uses the PSO algorithm to optimise the deep learning neural network, improves 
the model parameter settings, combines the inertial weight strategy of normal distribution 
attenuation, and proposes a normal distribution attenuation inertial weight particle swarm 
optimisation (PSO). As the core of vehicle route decision-making in logistics and 
distribution management, route planning has become a hot topic in logistics and 
distribution. Cai (2023), a heuristic elastic PSO algorithm is proposed. The A* algorithm 
is used to provide global guidance on path planning in large-scale grids. The elastic PSO 
algorithm uses a contraction operation to determine the global optimal path formed by the 
local optimal node. Wang et al. (2025) aims to build a supply chain financial decision 
support system based on deep reinforcement learning and PSO algorithms. This research 
effectively captures the dynamic characteristics of supply chain financial data, optimises 
model parameters, improves decision-making accuracy and response speed, and further 
evaluates the impact of the system on improving the financial efficiency of enterprises. 
Machine scheduling and vehicle scheduling are intertwined because vehicles must 
transport tasks to machines for processing and machines must complete processing 
operations before they can be transported. Fontes et al. (2023) proposed a hybrid PSO 
and simulated annealing technique for scheduling industrial activities and optimising 
transportation resources. Li et al. (2022) constructed a multi-objective optimisation model 
with cogeneration system operating cost, pollutant emissions, and energy efficiency as 
objectives, and proposed a PSO method based on mapping chaos search and nonlinear 
adaptation. 

Recent research has made significant progress in applying PSO algorithms to solve 
supply chain and logistics coordination scheduling problems; however, some 
shortcomings remain. For instance, some methods struggle with complex optimisation 
problems involving multiple objectives and constraints, where the global search 
capability and convergence speed need improvement. To address these issues, this paper 
introduces an improved hybrid PSO algorithm. By incorporating nonlinear adaptive 
strategies and chaotic search mechanisms, the algorithm enhances its global optimisation 
capabilities and convergence performance. This algorithm is applied to solve multi-
objective, multi-constraint supply chain coordination scheduling models, effectively 
improving the efficiency and practicality of the scheduling solutions. 

3 Methods 

3.1 Theoretical considerations 
The members of the supply chain have differences in goals, geographical distribution, 
external environment, management strategies, plans, process flow, and operation 
methods, which leads to different problems to be solved in supply chain collaborative 
management at different management levels (Rejeb et al., 2021; Alzoubi et al., 2020). At 
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the strategic level, the main focus is on the coordination of goals, and the emphasis is on 
the construction and strategy design of the supply chain, which mainly involves the 
coordination of node enterprises at the logical level. At the tactical level, supply chain 
synchronisation or integration planning is the core. These factors are mostly related to the 
enterprise logic level, and some involve the physical level. In general, the collaborative 
scheduling of the supply chain operation layer involves multiple aspects. When 
considering the storage and transportation connection relationship and capacity 
constraints between nodes, these factors merge and intersect with each other, forming a 
more complex scheduling problem. PSO algorithm is a heuristic random search algorithm 
inspired by the foraging behaviour of birds. In the algorithm, food represents the target, 
and the bird’s position is regarded as a variable, which is then simplified to massless and 
volumeless particles. These particles move freely in space with a certain initial velocity 
and record the optimal position of their individuals and groups. 

As a typical group intelligence optimisation method, PSO’s core idea is derived from 
the simulation of bird foraging behaviour, emphasising the information sharing and 
collaboration mechanism between individuals, which makes it show good application 
potential in the field of logistics and supply chain collaborative scheduling. In this 
problem, each scheduling scheme is abstract as a particle in the solution space, and the 
scheduling strategy is continuously optimised through changes in the speed and position 
of the particles. From the theoretical point of view, the PSO algorithm can not only 
comprehensively consider multi-objective optimisation factors such as transportation 
costs, inventory costs, and delivery time, but also has the ability to maintain stability and 
adaptability in a dynamic environment. 

Every potential solution is treated as a particle in the solution space by the PSO 
algorithm, and these particles track their movements (Chen and Du, 2024; Ji et al., 2021; 
Song et al., 2020). Particles keep flying in the direction of both the group’s ideal position 
and their historical optimal location. Each particle may remember and modify its speed in 
order to accomplish this. The following are the formulas for the iteration process of the 
ith particle: 

( ) ( ) ( ) ( )( ) ( ) ( )( )1 1 2 21 *i i i i ix k y x k a b qe k r k a b ge k r k+ = + − − −  (1) 

( ) ( ) ( )1 1i i ir k r k x k+ = + +  (2) 

Among them, y  is the inertia factor, which determines the search range; 1a  and 2a  are 
learning factors, which allow particles to continuously approach the optimal solution; 1b  
and 2b  are random numbers between [0,1]. 

3.2 Vehicle routing problem (VRP) 

When multiple customer points require varying quantities of goods, the logistics vehicle 
routing problem entails calculating a reasonable driving route by a distribution centre to 
finish the delivery of goods to each customer point (Konstantakopoulos et al., 2022; 
Vidal et al., 2020; Rojas Viloria et al., 2021). The main goal of this problem is to 
minimise the logistics distribution centre’s costs while satisfying the demands of every 
consumer point and a number of limitations. By modifying the vehicle driving route, PSO 
can be used to examine supply chain logistics vehicle routing issues and efficiently 
reduce empty loads and detours, increasing the overall efficiency of transportation. 
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Starting from a specific distribution centre, a fixed number of delivery vehicles are used 
to deliver goods to known customer points. In this process, the maximum load capacity of 
each vehicle and the demand for goods at each customer point are known and fixed. The 
goal is to design a set of scientific and reasonable logistics distribution routes. These 
constraints provide important guidance and a basis for the subsequent establishment of a 
mathematical model for the VRP problem. The mathematical models of the VRP problem 
studied in this paper are as follows: 

( ) ij ij ijk
i j k

Minh t t W=∑∑∑  (3) 

( ) 1, 2, ,i ki
i

p M P k K≤ =∑ …  (4) 

( )1 1, 2, ,ki
i

M i R= =∑ …  (5) 

( )1,2, ,ijk kj
i

W M j R= =∑ …  (6) 

( ) 1, 2, ,ijk ki
j

W M i R= =∑ …  (7) 

ijt  represents the logistics distribution cost from customer point i to customer point j; ip  
is the cargo demand of customer point i; P represents the maximum load limit of the 
delivery vehicle. 

In the field of logistics and supply chain collaborative scheduling, the PSO algorithm 
has shown significant advantages. The algorithm gradually optimises the vehicle’s 
driving route by simulating the group behaviour and information interaction mechanism 
of particles, thereby achieving efficient allocation of logistics resources. PSO also 
performs well in dealing with large-scale transportation problems and can maintain stable 
computing performance even in the face of complex constraints. Each particle represents 
a potential vehicle route solution, and its position reflects in detail key information such 
as the vehicle’s departure order, driving route, and the order of customer service. The 
particle’s speed reflects the magnitude and direction of the route adjustment, aiming to 
optimise the transportation cost or time. In the iterative process, the particle adjusts 
according to its position, speed, and the optimal solution information in the group 
constantly approaches the global optimal solution and finally reveals the optimal vehicle 
route solution. The structure diagram of logistics transportation vehicle route planning 
based on PSO is shown in Figure 1. 

Because of the characteristics of logistics, this paper adopts a coding method based on 
particle position size. The basic principle is to first clarify the number of workpieces, 
which is equivalent to the number of population particle dimensions to be set. Assuming 
there are D workpieces, the position of the ith particle in the population can be described 
by a real number sequence. These real numbers have size attributes, so they can be sorted 
according to their size to generate a discrete n-dimensional sequence. As the particle 
position is updated, the sorting changes accordingly, thereby generating a new solution. 
Taking the scheduling of n processes as an example, a two-dimensional vector group with 
a particle length of n is constructed. Among them, the first dimension represents the 
process number, and the second dimension represents the particle’s position. During the 
update process, the particles of the first dimension remain unchanged, while the positions 
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of the particles of the second dimension are arranged in ascending order. The particle 
positions are rearranged, and the arrangement of the processes also changes. A new 
solution is generated, and the fitness evaluation is re-performed. 

Figure 1 Structure diagram of logistics transportation vehicle route planning based on PSO 

 

 

In the problem of vehicle path optimisation, PSO adopts an efficient and intuitive path 
coding strategy, that is, the specific scheduling sequence is represented by the position of 
the particles. The different dimensions of each particle correspond to different task 
execution orders so that its location information is directly mapped to the vehicle’s 
driving path scheme. This design makes the change of particle position of practical 
significance, and the distribution sequence can be dynamically adjusted, so as to achieve 
continuous optimisation of the path. In the iterative process, the particles continuously 
correct their positions based on their historical optimal solutions and the globally optimal 
solutions of the group, which is equivalent to constantly exploring better path 
arrangements. Each location update may bring about adjustments in the scheduling 
sequence, which in turn affects the overall distribution efficiency and cost control. 

Setting parameters is especially important for enhancing the algorithm’s performance. 
While learning variables dictate how particles combine individual and group experience 
for speed updates to improve local search accuracy, inertial weights govern the particles’ 
ability to maintain the initial motion trend and impact the algorithm’s capacity for global 
exploration. Convergence can be accelerated and solution quality enhanced with a  
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reasonable setting of these parameters. The PSO method has remarkable stability and 
applicability, particularly for handling large-scale, high-dimensional logistics scheduling 
problems. Through the optimisation of the algorithm structure and the fine adjustment of 
the parameters, high-quality feasible solutions can be obtained in a relatively short period 
of time to meet the dual needs of efficiency and accuracy in actual scheduling scenarios. 
Therefore, the application of PSO in complex supply chain systems not only reflects the 
theoretical depth of algorithm design but also responds to the practical challenges of real 
problems. 

3.3 Collaborative scheduling of production and transportation 

PSO is an optimisation method based on group intelligence. Its core idea simulates the 
information sharing and collaboration mechanism in the foraging process of birds, and it 
is widely used in logistics and supply chain collaborative scheduling issues. In this 
algorithm, each scheduling scheme is abstract as a particle in the solution space, and the 
optimal solution is approximated by constantly updating the position and velocity. The 
position of the particles represents the specific scheduling strategy, such as transportation 
path, task sequence, and allocation plan; the speed reflects the direction and amplitude of 
the adjustment strategy. In the iterative process, each particle updates its state according 
to its historical optimal solution and the global optimal solution of the group, not only 
retaining individual experience but also absorbing the wisdom of the group, so as to 
achieve efficient search. This mechanism not only enhances the convergence ability of 
the algorithm but also improves the solving quality. Through collaborative optimisation 
between individuals and groups, PSO effectively balances global exploration and local 
development and is suitable for complex scheduling optimisation problems. 

The core of supply chain management lies in the close coordination of production and 
transportation. To enhance the competitiveness of the supply chain, it is necessary to 
achieve the effective integration of these two links. The problem of collaborative 
scheduling of production and transportation involves two aspects: production sorting and 
route planning (He et al., 2023; Zhang, 2024). In the production link, manufacturers 
receive orders from customers from all over the world and arrange production according 
to production scheduling theory, striving to complete orders and deliver them to 
customers as quickly as possible. In the transportation link, the transportation start time 
of the batch and the order of loading orders need to be considered. The PSO algorithm 
can simultaneously optimise the scheduling scheme of production and transportation to 
ensure a smooth connection between the two, thereby reducing inventory backlogs and 
transportation delays. Figure 2 clearly shows the schematic diagram of the production 
and transportation collaborative scheduling problem based on the PSO studied in this 
paper. 

As shown in Figure 2, a single machine completes the processing of all customer 
orders in the production process, and the machine is available from time 0. Subsequently, 
a fleet of the same type is responsible for delivering the orders directly from the factory 
to the customer’s location. The departure time of the vehicle depends on the production 
completion time of the last order it carries, to achieve the best efficiency of the 
production process. 
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Figure 2 Schematic diagram of the production and transportation collaborative scheduling 
problem based on PSO (see online version for colours) 

 

 

PSO finds the optimal solution to the problem by simulating cooperation and information 
sharing between groups (Khalid et al., 2021; Singh and Singh, 2020). In the production 
and transportation collaborative scheduling problem, each particle represents a potential 
production and transportation scheduling plan. The position of the particle can be 
regarded as a specific manifestation of the scheduling plan, while the speed reflects the 
extent of adjusting the plan. The position of the particle includes the execution order of 
the production tasks and the allocation of the transportation tasks. The allocation of 
transportation tasks determines which transportation tools are responsible for each task, 
as well as the corresponding transportation routes and schedules. The speed of the 
particle reflects the adjustment of the task sorting and transportation route in the 
production and transportation scheduling, aiming to approach the optimal solution 
through continuous iteration. In PSO, to evaluate and optimise the production and 
transportation scheduling plan, a comprehensive objective function is designed to 
measure the pros and cons of the plan. 

( ) 1 2 3* * *  i j i
i j i

h x m B m C m late penalty= + +∑ ∑ ∑  (8) 

Among them, iB  is the completion time of the ith production task, and jC  is the 
transportation time of the jth transportation task. The transportation time of each vehicle 
depends on many factors, and the completion time of the transportation task can be 
expressed as: 

j
j load unload

D
C C C

W
= + +  (9) 
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Among them, jD  is the transportation distance from the factory to customer j ; loadC  is 
the loading time; unloadC  is the unloading time. 

Through the feasible solution, the number of batches and the details of the workpieces 
contained in each batch can be known, and then the manufacturing span can be 
calculated. However, the solutions generated in the iterative process may not all be 
feasible, so these random solutions need to be verified and adjusted to ensure that they 
meet the actual requirements of the problem. To this end, the batch correction rule is used 
for adjustment. The specific steps of the correction are as follows: for any batch jX , if 
the specific condition 1j jX X X X+− + ≤  is met, the workpiece *H  that arrives at the 
machine last in the transportation stage from the warehouse to the manufacturer is 
selected and classified into the batch 1jX + . If the condition is not met, a new batch is 
inserted at a specific position, and the workpiece is classified into this new batch. 
Through this correction process, the processing start and end times of each batch, as well 
as the start and end times of transportation, can be accurately calculated. The specific 
values are shown in Table 1. 

Table 1 Batch results 

Batch 
Batch start 

processing time 
Batch completion 

time 
Batch shipping 

start time 
Batch shipping 

end time 
1 6 11 14 18 
2 12 15 18 25 
3 16 20 26 35 
4 22 29 37 47 
5 30 35 42 51 

As shown in Table 1, the production and transportation schedules of each batch are listed. 
The first batch is processed from the 6th moment to the 11th moment, and then the 
transportation is started at the 14th moment and finally completed at the 18th moment. 
Similarly, the second batch is processed from the 12th moment to the 15th moment, and 
then the transportation is started at the 18th moment and finally completed at the 25th 
moment. These data not only clearly show the specific operation process of each batch 
but also provide valuable information support for the further optimisation of logistics and 
supply chain collaborative scheduling. 

3.4 Collaborative scheduling of inventory and transportation 

The joint optimisation problem of inventory and transportation is a logistics storage and 
transportation management process that comprehensively considers inventory and 
transportation elements. It mainly studies how to efficiently transport specific types and 
quantities of items from one or more upstream enterprises to one or more downstream 
enterprises within a limited or infinite period of time. This problem determines the 
optimal inventory replenishment quantity, time, optimal transportation volume, and 
transportation route for each demand point under the constraints of meeting the demand 
for goods, demand time, and inventory level. Its goal is to minimise the system’s total 
cost or maximise the total benefit. From the perspective of systematisation and 
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integration, the two key functional modules of inventory and transportation in the 
logistics system are integrated and considered. When formulating vehicle allocation and 
route optimisation plans, it comprehensively weighs inventory costs and transportation 
costs, striving to achieve cost optimisation of the entire system. Table 2 displays the key 
characteristics of the inventory and transportation joint optimisation problem. 

Table 2 Main characteristics of the joint optimisation problem of inventory and transportation 
problems 

Supplier Single 
supplier 

Single 
supplier 

Multi-
supplier 

Multi-
supplier 

Topology 

Demand side Single 
demand side 

Multi-
demand side 

Multi-
demand 
side 

Single 
demand side 

Two-level 
supply chain 

Two-level supply chain supplier to demand-side two-level Supply chain 
consolidation 

Multi-level 
supply chain 

Multi-level supply chain suppliers to middlemen to the 
demand side 

Inventory cost Inventory cost purchase fee, cargo holding fee, out-of-stock 
loss fee, etc. 

Cost factor 

Transportation 
cost 

Transportation costs, distribution, and transportation costs, 
such as transportation costs related to the distance traveled 

Constraints Supplier supply capacity, transportation capacity, demand-side storage 
capacity, demand-side liquidity restrictions 
Requirements are known 

Random demand 

Demand side 
demand 
situation 

Demand unknown 

As shown in Table 2, the topological structure of the supply chain is flexible and allows 
suppliers and demanders to exist in the form of single or multiple entities, thereby 
constructing a two-level or even multi-level complex structure. In terms of cost 
considerations, inventory costs not only cover conventional costs such as purchasing and 
holding goods but also need to consider the losses caused by out-of-stock; transportation 
costs are closely related to driving distance, mainly reflected in the distribution link. 

The collaborative optimisation of inventory and transportation is a key issue in supply 
chain management. Its core lies in reasonably weighing the relationship between 
transportation costs and inventory costs in order to maximise the overall supply chain 
efficiency. This problem not only requires controlling logistics expenditures but also 
ensuring that inventory can not only meet market demand but also avoid capital backlogs 
and excessive storage costs, which have strong complexity and multi-objective 
characteristics. In response to this challenge, PSO has demonstrated good problem-
solving ability with its efficient group intelligent search mechanism. PSO is a useful tool 
for figuring out how many delivery trucks are best for the strategic layer of the logistics 
system. The program takes every particle configuration as a particle and dynamically 
modifies the scheme according to its position and velocity by mimicking the cooperative 
search process of particles in the solution space. The particles gradually get closer to the 
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ideal configuration during the iterative process, which thoroughly takes into account 
multifaceted elements including market demand, vehicle utilisation rate, inventory level, 
and transportation costs. In addition to increasing the system’s operational efficiency, this 
approach lowers total operating costs dramatically, boosts supply chain responsiveness 
and flexibility, and offers effective resource allocation support in intricate logistical 
settings. 

Inventory cost is a comprehensive consideration, and its formula is: 

( ) ( )( )
1

* *max 0, *max 0,
T

inventory g t a t t s t t
t

F F E F Z E F E Z
=

= + − + −∑  (10) 

tE  represents the inventory at time t; tZ  is the demand; the unit inventory holding cost is 
gF ; the unit out-of-stock cost is aF ; the unit excess inventory cost is sF . 

In order to optimise inventory and transportation and lower the overall cost of 
inventory and transportation, cooperative scheduling is essential. By carefully modifying 
the replenishment and transportation tactics, the PSO algorithm keeps a manageable 
inventory level and lowers needless transportation costs. A transportation allocation 
model is developed to more efficiently distribute resources (Zhou et al., 2019). The main 
goal of this model is to reduce transportation costs by figuring out the best amount to 
allocate from the material centre to each sub-centre and between sub-centres. The 
transportation costs are: 
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According to the constraint, the material sub-centre may distribute items to the out-of-
stock sub-centre if it has enough inventory, but the quantity of goods left over after the 
distribution must be less than its order point. In a similar vein, if the material centre has 
enough inventory, it may also distribute it to the out-of-stock sub-centre; however, the 
quantity of inventory left over after the distribution cannot be less than the order point. 
Figure 3 displays the collaborative scheduling structure diagram for PSO inventory and 
transportation. 

Through repeated iterations and optimisation, the algorithm can determine the best 
solution, thereby providing strong support for the planning of logistics systems. In short-
term operation plans, PSO can also provide solutions for the joint optimisation of 
inventory and transportation. It dynamically adjusts relevant strategies based on real-time 
demand, inventory status, and transportation capacity. By optimising the fitness function, 
the algorithm can efficiently find the optimal inventory allocation and transportation 
route, which not only ensures inventory stability but also reduces transportation costs. 
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Figure 3 PSO-based inventory and transportation collaborative scheduling structure diagram 

 

 

4 Experiments and discussions 

4.1 Comparison of transportation time 
The use of PSO can well help various vehicles in supply chain logistics to arrange and 
optimise the routes and maximise the utilisation rate of vehicles. To further demonstrate 
this advantage, an experimental simulation is conducted to study the vehicles in the 
upstream and downstream supply chains of a certain enterprise. There are a total of 10 
vehicles, each with a different transportation route, and the 10 vehicles are numbered 
from 1 to 10. By using different methods to plan the transportation routes of these 10 
vehicles, the transportation time required for the routes designed based on genetic 
algorithm (GA), simulated annealing (SA) algorithm, and the method studied in this 
paper is compared with the original transportation time. The specific comparison results 
are shown in Figure 4. 

Figure 4 Comparison of transportation time of different methods (see online version for colours) 
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As shown in Figure 4, the experimental data shows that compared with the original 
transportation time, the three algorithms have reduced the transportation time to a certain 
extent. However, the PSO algorithm shows a more outstanding performance. For vehicle 
No. 1, its original transportation time is 10.2 h, but after the PSO algorithm performs 
vehicle route planning, the transportation time is 8.1 h, which is reduced by 2.1 h.  
In contrast, although the GA and SA algorithms have also improved, with transportation 
times of 9.4 h and 9 h, the effect is still not as good as the PSO algorithm. By comparing 
the transportation time of the selected vehicles, it is found that the PSO algorithm 
achieves the shortest transportation time in all cases, which fully demonstrates its 
efficiency and practicality in dealing with complex supply chain logistics route 
optimisation problems. The reason why the PSO algorithm is so outstanding is mainly 
due to its unique swarm intelligence search strategy and powerful global optimisation 
ability. This enables PSO to quickly find high-quality solutions when dealing with 
complex optimisation problems containing many variables and constraints, which not 
only realises efficient transportation route planning but also maximises the efficiency of 
vehicle use. 

By simulating the order location accepted by the manufacturer, the PSO algorithm is 
used to study the scheduling plan for production and transportation, so as to obtain a 
specific production and transportation plan. This process can quickly obtain a specific 
plan using the PSO algorithm, and the calculation speed is very fast. To reflect the 
advantage of the PSO algorithm in the speed of generating production and transportation 
plans, 10 different plans are generated, and the time required to generate each plan is 
compared. The comparison results are compared with the GA and SA algorithms. The 
specific comparison results are shown in Figure 5. 

Figure 5 Comparison of production and transportation plan generation time under different 
methods (see online version for colours) 

 

As shown in Figure 5, the PSO algorithm is significantly better than GA and SA in the 
speed of generating production and transportation plans. In the first plan, the PSO 
algorithm only takes 4.41 min, while GA and SA take 10.45 min and 11.30 min 
respectively. The PSO algorithm takes 6.04 min and 6.89 min less than GA and SA, 
respectively, and this time advantage continues in the subsequent plan generation. 
Among the 10 solutions, the average generation time of the PSO algorithm is 3.87 min, 
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which is 4.61 min and 4.51 min lower than GA and SA, respectively, fully demonstrating 
its efficient problem-solving ability. In addition, the PSO algorithm is simpler in 
parameter setting and easy to implement and debug, and further improves its flexibility 
and practicality in practical applications. Simulating the order location accepted by the 
manufacturer and using the PSO algorithm to quickly generate high-quality production 
and transportation scheduling solutions, can not only greatly improve the speed of 
solution generation but also ensure the quality and feasibility of the solution. 

4.2 Algorithm performance comparison 

Using PSO to study the collaborative scheduling of logistics and supply chain, it can be 
found that PSO can coordinate production, inventory, or transportation in the supply 
chain very well, and has excellent performance in all aspects. Compared with the GA and 
SA algorithms, the specific comparison results are shown in Table 3. 

As shown in Table 3, the PSO algorithm performs outstandingly in terms of vehicle 
utilisation rate, with an utilisation rate of 98.2%, which is significantly higher than GA’s 
88.5% and SA’s 90.1%. This shows that PSO has significant advantages in optimising 
vehicle dispatching and improving vehicle efficiency, which helps reduce logistics costs 
and improve operational efficiency. In terms of production efficiency improvement, the 
PSO algorithm is 15.61%, which is 5.27% and 6.97% higher than GA and SA 
respectively. PSO also performs well in reducing inventory backlog and transportation 
delays, by 20.73% and 18.44% respectively, effectively easing inventory and 
transportation pressure. In terms of transportation route quality, PSO receives an 
‘excellent’ rating due to its powerful global search and optimisation capabilities, while 
both GA and SA are rated ‘good’, further highlighting PSO’s advantages in optimising  
transportation routes and shortening time. In terms of convergence speed, PSO shows fast 
convergence characteristics, which is significantly better than GA and SA, which means 
that PSO can find high-quality solutions more efficiently. 

Table 3 Study on the performance of collaborative scheduling of logistics and supply chain by 
different methods 

Evaluation indicators PSO GA SA 
Vehicle utilisation rate (%) 98.2 88.5 90.1 
Production efficiency improvement (%) 15.61 10.34 8.64 
Inventory backlog reduction rate (%) 20.73 14.28 11.89 
Transportation delay reduction rate (%) 18.44 10.96 12.15 
Transportation route Excellent Good Good 
Convergence speed Fast Medium Medium 
Computational complexity Medium High Medium 
Resource consumption Medium Medium High 

4.3 Discuss 

PSO is an optimisation method based on group intelligence. It is inspired by the foraging 
behaviour of birds. By simulating this natural phenomenon, PSO simplifies the solution 
process of traditional optimisation problems and has a strong global search ability. In the 
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field of logistics and supply chain management, PSO can comprehensively consider 
multiple goals such as transportation costs, inventory costs, and delivery time, and 
gradually approach the optimal solution through iterative optimisation. In the algorithm, 
each potential solution is regarded as a particle in the solution space, the position of the 
particle represents the scheme parameters, and the speed determines the direction and 
amplitude of the parameter adjustment. PSO regulates the trajectory of particles by 
introducing inertial weights and learning factors. Inertial weights affect the ability of 
particles to maintain their original motion trends, thereby controlling the global 
exploration level of the algorithm; learning factors guide particles to combine individual 
and group experience to update speed and improve local search efficiency. Parameter 
configuration is particularly critical to the convergence speed and resolution quality of 
the algorithm, especially when dealing with large-scale, high-dimensional logistics 
scheduling. 

When applying PSO to VRP, the core goal is to design a scientific and reasonable 
distribution route to complete all customer distribution at the lowest cost. By treating 
each path as a particle, PSO dynamically adjusts its position and speed, optimises the 
driving sequence of the vehicle, effectively reduces no-load and roundabout phenomena, 
and improves transportation efficiency. Each location update corresponds to the 
adjustment of the distribution sequence, further optimising the overall path, so as to 
achieve the dual improvement of scheduling efficiency and cost control. The 
experimental results show that for vehicles numbered 1, the transportation time is 
reduced by 2.1 h after the PSO algorithm is planned; at the same time, the vehicle  
utilisation rate of PSO is as high as 98.2%, which is significantly better than GA’s 88.5% 
and SA’s 90.1%.In addition, PSO also has obvious advantages in the speed of generating 
production and transportation solutions. The average generation time is 3.87 min, which 
is much lower than the 10.45 min of GA and the 11.30 min of SA. This shows that PSO 
can not only improve the speed of program generation but also ensure the quality and 
feasibility of the program. 

This study applies PSO to the collaborative scheduling of logistics and supply chains, 
fully demonstrating its outstanding advantages in multi-objective optimisation, dynamic 
adaptation, and computational efficiency. PSO can effectively coordinate multiple 
optimisation goals such as transportation costs, inventory costs, and delivery time, and 
quickly generate high-quality scheduling plans when the market and supply chain 
environment changes, reflecting good flexibility and practicality. The experimental 
results show that PSO is superior to traditional methods in vehicle path planning, 
collaborative scheduling of production and transportation, and collaborative optimisation 
of inventory and transportation, and provides a new technical path for logistics and 
supply chain management. Compared with the existing research, this work is innovative 
at both the theoretical and application levels. In theory, the convergence characteristics, 
computational complexity, and the impact of key parameters on the performance of PSO 
are analysed in depth, which lays the foundation for subsequent algorithm improvement; 
in application, through actual cases and data analysis, the effectiveness of PSO in 
improving efficiency and reducing costs is verified, which provides strong support for 
practice. 

Although the PSO algorithm has shown good optimisation ability in experiments, 
there are still certain limitations in this research. When applied to larger-scale or more 
complex logistics and supply chain scheduling issues, the computational efficiency and 
quality of solutions may decrease. In addition, the research mainly focuses on the 
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performance of algorithms in a static environment, and the adaptability to dynamic 
market demand and supply chain fluctuations still needs to be verified. The experience 
derived from this shows that when applying intelligent optimisation algorithms, their 
applicable scope and limitations should be fully evaluated, and the algorithms and 
parameters should be rationally selected according to the characteristics of specific 
problems. Future research can be carried out in many ways: first, improve the structure of 
the PSO algorithm and enhance its ability to handle large-scale problems; secondly, try to 
integrate PSO with other optimisation algorithms to build hybrid algorithms to enhance 
the solving ability; strengthen application testing in actual scenarios and promote the 
transformation of research results. Through continuous exploration in the above 
directions, it is expected to provide more effective solutions and technical support for the 
collaborative scheduling of logistics and supply chains. 

Overall, this paper systematically explores the application of PSO in logistics and 
supply chain collaborative scheduling, highlighting its advantages in multi-objective 
optimisation, such as transportation costs, inventory expenses, and delivery times. 
Despite certain limitations, PSO demonstrates significant potential due to its flexibility 
and adaptability in addressing complex market and supply chain demands. As the 
algorithm continues to be optimised and its applications expand, PSO is expected to 
become a crucial tool for driving innovation and development in logistics and supply 
chain management, bringing about significant changes. 

5 Conclusions 

Collaborative scheduling of logistics and supply chains is crucial in modern enterprise 
operations, which profoundly affects production efficiency and customer satisfaction. 
However, traditional methods are unable to cope with changing market and customer 
demands when dealing with this complex problem. To this end, this paper studies the 
collaborative scheduling of logistics and supply chains based on the global search 
capability and fitness function of the PSO algorithm. PSO comprehensively considers 
multiple objectives such as transportation costs, inventory costs, and delivery time, and 
generates practical solutions under given constraints. Through iterative optimisation, PSO 
can avoid local optimal solutions and gradually approach the global optimal solution, 
thereby locking in the best scheduling solution. In terms of vehicle route planning, this 
algorithm significantly reduces empty loads and detours by optimising driving routes and 
improves overall transportation efficiency. In the field of collaborative scheduling of 
production and transportation, the PSO algorithm ensures a seamless connection between 
production and transportation, reduces inventory backlog and reduces transportation 
delays. In the collaborative scheduling of inventory and transportation, the algorithm 
maintains reasonable inventory levels and reduces unnecessary transportation expenses 
through precise strategic adjustments. 
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