
  

Material Delivery Algorithm and Warehouse 

Management System for Continuous Production 

Manufacturing 

Wangmin Sun1,a, Pei Pei2,b, Liang Gao2,c* 

1Compliance Management Department, CNPC KUNLUN MANUFACTURING COMPANY 

LIMITED, Beijing, China 
2Equipment Management Division, Kunlun Digital Technology Co., Ltd, Beijing, China 

asunwangmin@cnpc.com.cn, bpeipei@cnpc.com.cn 
c*gaoliang01@cnpc.com.cn 

Abstract. This study addresses material delivery and warehouse management 

challenges in continuous manufacturing by proposing an integrated system with 

a hybrid A*-PSO algorithm. The algorithm combines Particle Swarm Optimiza-

tion  and A* to optimize obstacle-aware path planning and dynamic task alloca-

tion in grid-based workshops. Simulations confirm its effectiveness in route op-

timization and priority management. The warehouse system streamlines material 

flows through automated inbound or outbound processes and cross-department 

collaboration. Core modules include factory modeling, inventory management, 

and stock control, enhancing space utilization and operational efficiency. This 

solution supports digital transformation and intelligent warehouse management. 

Keywords: Continuous production manufacturing, Material delivery, A* algo-

rithm, Particle Swarm Optimization, Warehouse management 

1 Introduction 

Under the background of Industry 4.0 and intelligent manufacturing, warehouse man-

agement systems (WMS) play a pivotal role in modern industrial operations. Serving 

as a critical link across the entire supply chain, WMS ensures the efficient flow of ma-

terials and provides robust support for smooth production processes. 

With its powerful data processing and analytical capabilities, the WMS enables real-

time monitoring and refined management throughout all stages and elements of ware-

house operations. During the inbound phase, the system can accurately and rapidly rec-

ord material information, facilitating intelligent inspection and significantly reducing 

human error. This ensures both the quality and quantity of inbound materials are effec-

tively controlled. 

In terms of inventory management, leveraging Internet of Things (IoT) technologies, 

the WMS continuously tracks the storage status and location of materials. This supports  
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intelligent replenishment and inventory optimization, preventing both overstock and 
stock-outs, thereby reducing inventory costs effectively. 

When materials are dispatched, the WMS schedules outbound sequences and routes 
based on production plans and order demands. Through close integration with the dis-
tribution system, it achieves precise material delivery, ensuring timely supply for pro-
duction lines. Additionally, the system comprehensively records various types of data 
throughout the warehousing process, providing strong support for production decision-
making. This helps enterprises optimize workflows, enhance production efficiency, and 
maintain a competitive edge in the increasingly intense market environment, thereby 
facilitating the realization of Industry 4.0 intelligent manufacturing objectives. 

In continuous production environments, material logistics faces strict constraints. 
Uninterrupted manufacturing requires near-zero latency in material delivery, as even 
minor delays can trigger costly production halts. Densely configured workshops must 
maximize spatial efficiency while navigating physical obstacles between production 
cells. These challenges are compounded by task priorities and fragmented communica-
tion across procurement, quality control, and production departments, often leading to 
inventory inaccuracies and workflow disruptions. 

Our integrated solution addresses these operational realities, centered on a hybrid 
A*-PSO algorithm. This algorithm combines A* algorithm, renowned for obstacle-
aware shortest-path computation in grid-based environments, with Particle Swarm Op-
timization (PSO), a stochastic optimization technique adept at complex scheduling. A* 
algorithm precomputes precise obstacle-avoiding paths between workshop locations, 
while PSO optimizes dynamic task allocation to delivery carts and delivery sequencing, 
factoring in priorities and capacity constraints. This integration effectively balances ef-
ficient routing with responsive, priority-driven material flow in dynamic workshop set-
tings, complemented by cross-functional process synchronization in the warehouse sys-
tem to enhance overall operational efficiency. 

2 Research Background 

2.1 Research Status of Warehouse Management System 

Warehouse management systems are increasingly vital in industries like e-commerce, 
retail, and manufacturing, driven by the push for intelligent manufacturing and digital 
transformation. These systems enhance operational efficiency, cut costs, and boost cus-
tomer satisfaction through automation. For example, large e-commerce companies use 
automated warehousing centers to streamline storage, sorting, and dispatching, signifi-
cantly reducing order fulfillment times[1]. 

Advancements in technologies like IoT, big data analytic, and AI are transforming 
WMS. Enterprises are developing proprietary systems that optimize inventory layout, 
improve space utilization, and enable autonomous path planning and intelligent sched-
uling[2]. For instance, Li et al.[3] proposed a collaborative intelligent warehousing sys-
tem for intelligent manufacturing, automating production and logistics while improving 
transparency. Similarly, Wu et al.[4] used IoT and unmanned systems to enhance supply 
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chain management for pumped-storage power stations, improving maintenance and 
fault response efficiency. 

Government policies supporting smart manufacturing and logistics have accelerated 
the adoption of intelligent warehousing. Technologies like 5G and digital twins enable 
real-time device interaction, remote control, and system optimization, while standardi-
zation enhances system interoperability[5,6]. 

Recent research focuses on optimizing outbound logistics. Wei et al.[7] applied ge-
netic algorithms to optimize grain storage delivery routes, minimizing overlap and 
costs. Wang et al.[8] combined k-means clustering with adaptive genetic algorithms and 
particle swarm optimization for multi-depot vehicle routing. Wu et al.[9] introduced a 
hybrid particle swarm optimization algorithm, while Li et al.[10] developed an improved 
adaptive large neighborhood search algorithm for similar problems. Zhou et al.[11] pro-
posed a bi-objective green vehicle routing model incorporating time-dependency and 
simultaneous pickup and delivery. 

2.2 Key Technologies 

The system leverages a micro-frontend architecture using the Qiankun framework, 
splitting complex frontend applications into independent, reusable modules. This ena-
bles teams to develop, test, and deploy using diverse technology stacks, ensuring mod-
ular independence, seamless intercommunication, and a consistent user experience. It 
is built on domestic Xinchuang middleware, offering high-performance messaging, dis-
tributed scheduling, load balancing, and robust integration with monitoring, logging, 
and fault recovery for high availability and scalability. Additionally, a Spring Cloud-
based microservices architecture decomposes business functions into independent ser-
vices, supporting lightweight communication, independent scaling, and robust govern-
ance. This enhances maintainability, fault tolerance, and rapid iteration, making the 
system ideal for large-scale enterprise applications with high concurrency and dynamic 
requirements. 

3 Algorithmic Research on Distribution Route Planning 

3.1 Problem Description 

The Material Distribution Problem (MDP) aims to design optimal paths for delivery 
carts in a smart manufacturing workshop, starting from a central depot, distributing 
materials to multiple demand points, and returning to the depot. Unlike traditional ve-
hicle routing problems, MDP focuses on dynamic logistics within a workshop, empha-
sizing priority-based time constraints and a grid workshop map. The workshop layout 
is modeled through a grid map, abstracting machines, shelves, and pathways into a grid, 
with passable areas marked as accessible and obstacles as impassable. Path planning 
accounts for cost differences between orthogonal and diagonal movements. 

Each demand point has specific material demands and a priority-based time range, 
reflecting task urgency. Delivery carts must operate within capacity limits, and paths 
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must navigate around obstacles. The objective is to minimize a weighted sum of total 
travel distance and priority violation.  

costs, ensuring timely service to all demand points. The complexity of MDP arises 
from dynamic demands, obstacle-induced map fragmentation, and multi-cart coordina-
tion, making it relevant to smart workshops and automated warehouses, requiring in-
novative algorithms to address its unique constraints. 

3.2 Mathematical Modeling 

The Material Distribution Problem in warehouse workshops is formulated as a con-
strained optimization problem, using a directed graph and constraints to describe deliv-
ery cart routing and scheduling requirements. 

To formalize the problem, a directed graph 𝐺𝐺 = (𝑉𝑉,𝐴𝐴) is defined, where the vertex 
set 𝑉𝑉 =  {0}  ∪ 𝐶𝐶 includes the depot and the set of demand points  𝐶𝐶. The arc set 𝐴𝐴 =
{(𝑖𝑖, 𝑗𝑗) ∣ 𝑖𝑖, 𝑗𝑗 ∈ 𝑉𝑉, 𝑖𝑖 ≠ 𝑗𝑗} represents feasible paths between vertices. Each arc (𝑖𝑖, 𝑗𝑗) is as-
sociated with a travel distance 𝑑𝑑𝑖𝑖𝑖𝑖  and travel time 𝑡𝑡𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖 , computed via a grid-based 
path-finding algorithm. Each demand point 𝑖𝑖 ∈ 𝐶𝐶 is characterized by a material de-
mand 𝑞𝑞𝑖𝑖, a priority time range [𝑒𝑒𝑖𝑖, 𝑙𝑙𝑖𝑖] reflecting task urgency, and a service time𝑠𝑠𝑖𝑖. 
Each delivery cart  𝑘𝑘 ∈ 𝐾𝐾  has a capacity  𝑄𝑄. The decision variables are defined as 
follows: 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖  equals 1 if delivery cart  𝑘𝑘 travels from vertex  𝑖𝑖  to  𝑗𝑗 , and 0 otherwise; 
𝑎𝑎𝑖𝑖 represents the arrival time at vertex  𝑖𝑖 ; and 𝑤𝑤𝑖𝑖  denotes the service start time at ver-
tex  𝑖𝑖 . 

The objective is to minimize a weighted sum of total travel distance and priority 
violation costs, expressed as: 

min𝑍𝑍 =𝑤𝑤𝑑𝑑 ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈𝑉𝑉𝑖𝑖∈𝑉𝑉𝑖𝑖∈𝐾𝐾 + 𝑤𝑤𝑡𝑡 ∑ 𝑝𝑝𝑖𝑖𝑖𝑖∈𝐶𝐶 max(0, 𝑎𝑎𝑖𝑖 − 𝑙𝑙𝑖𝑖)  (1) 

where 𝑤𝑤𝑑𝑑 is the weight for distance costs, 𝑤𝑤𝑡𝑡  is the weight for priority violation 
costs, and 𝑝𝑝𝑖𝑖  is the priority weight of demand point  𝑖𝑖 , reflecting task urgency. 

The constraints of the vehicle routing problem are formulated as follows:  

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈𝑉𝑉𝑖𝑖∈𝐾𝐾 = 1, ∀𝑖𝑖 ∈ 𝐶𝐶 (2) 

∑ 𝑥𝑥0𝑖𝑖𝑖𝑖𝑖𝑖∈𝑉𝑉 = 1, ∀𝑘𝑘 ∈ 𝐾𝐾 (3) 

∑ 𝑥𝑥𝑖𝑖0𝑖𝑖𝑖𝑖∈𝑉𝑉 = 1, ∀𝑘𝑘 ∈ 𝐾𝐾 (4) 

∑ 𝑥𝑥𝑖𝑖ℎ𝑖𝑖𝑖𝑖∈𝑉𝑉 = ∑ 𝑥𝑥ℎ𝑖𝑖𝑖𝑖𝑖𝑖∈𝑉𝑉 ,  ∀ℎ ∈ 𝐶𝐶,∀𝑘𝑘 ∈ 𝐾𝐾 (5) 

∑ 𝑞𝑞𝑖𝑖 ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖∈𝑉𝑉𝑖𝑖∈𝐶𝐶 ≤ 𝑄𝑄,  ∀𝑘𝑘 ∈ 𝐾𝐾 (6) 

𝑎𝑎𝑖𝑖 ≥ �𝑎𝑎𝑖𝑖 + 𝑠𝑠𝑖𝑖 + 𝑡𝑡𝑖𝑖𝑖𝑖�𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ,  ∀𝑖𝑖, 𝑗𝑗 ∈ 𝑉𝑉,∀𝑘𝑘 ∈ 𝐾𝐾 (7) 

𝑤𝑤𝑖𝑖 = max(𝑎𝑎𝑖𝑖 , 𝑒𝑒𝑖𝑖) ,  ∀𝑖𝑖 ∈ 𝑉𝑉 (8) 

𝑒𝑒𝑖𝑖 ≤ 𝑤𝑤𝑖𝑖 ≤ 𝑙𝑙𝑖𝑖 + max(0, 𝑎𝑎𝑖𝑖 − 𝑙𝑙𝑖𝑖) ,  ∀𝑖𝑖 ∈ 𝑉𝑉 (9) 

𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ∈ {0,1},  ∀𝑖𝑖, 𝑗𝑗 ∈ 𝑉𝑉,∀𝑘𝑘 ∈ 𝐾𝐾 (10) 
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(2) ensures each demand point is visited exactly once. (3) and (4) guarantee that each 
delivery cart starts and ends at the depot. (5) enforces flow conservation at each demand 
point. (6) limits the total demand assigned to each delivery cart to its capacity. (7) to 
(9) manage the priority time ranges, allowing early arrivals to wait until 𝑒𝑒𝑖𝑖 and penal-
izing priority violations through the objective function. (10) ensures that 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖  is a bi-
nary variable. 

3.3 Hybrid A*-PSO Algorithm 

To address the warehouse workshop MDP, this paper proposes a novel hybrid A*-PSO 
algorithm, seamlessly integrating A* path-finding with Particle Swarm Optimization to 
achieve precise obstacle-avoiding path planning and dynamic task allocation on a grid 
workshop map. The algorithm incorporates a priority-driven dynamic scheduling 
mechanism and adaptive optimization, adapting to real-time changes in workshop de-
mands. 

The hybrid A*-PSO algorithm operates as follows: 
Path Pre-computation: Using a grid workshop map, A* computes shortest paths be-

tween the depot and demand points. The map grids the workshop layout into a grid, 
marking passable pathways as `0` and obstacles as `1`. A* employs the Manhattan dis-
tance heuristic: 

ℎ �(𝑥𝑥, 𝑦𝑦), �𝑥𝑥𝑖𝑖 ,𝑦𝑦𝑖𝑖�� = �𝑥𝑥 − 𝑥𝑥𝑖𝑖� + �𝑦𝑦 − 𝑦𝑦𝑖𝑖� (11) 

It explores orthogonal and diagonal moves, generating distance matrix 𝑑𝑑𝑖𝑖𝑖𝑖  and time 
matrix 𝑡𝑡𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖 . To handle dynamic priorities, paths are dynamically prioritized based 
on priority weights 𝑝𝑝𝑖𝑖 , favoring high-priority demand points. 

Priority-Guided Particle Initialization: Initialize a population of particles, each rep-
resenting a solution as a list of (𝑐𝑐, 𝑣𝑣, 𝑝𝑝) tuples, where  𝑐𝑐  is a demand point index,  𝑣𝑣  
is a delivery cart index, and  𝑝𝑝  is a priority weight. Initial solutions use priority-
weighted random permutations, prioritizing high-priority demand points for delivery 
cart assignment. Fitness is evaluated using the objective function, incorporating dis-
tance, priority violation costs, and capacity penalties. 

Dynamic Decoding and Evaluation: Decode particles into delivery cart routes, with 
delivery carts serving assigned demand points in priority order. Evaluation uses A*-
computed 𝑑𝑑𝑖𝑖𝑖𝑖  and 𝑡𝑡𝑖𝑖𝑖𝑖 for arrival times, with priority time ranges [𝑒𝑒𝑖𝑖 , 𝑙𝑙𝑖𝑖] and service 
times 𝑠𝑠𝑖𝑖 determining violation costs. Early arrivals 𝑎𝑎𝑖𝑖 < 𝑒𝑒𝑖𝑖 wait until 𝑒𝑒𝑖𝑖 and late arri-
vals 𝑎𝑎𝑖𝑖 > 𝑙𝑙𝑖𝑖 incur 𝑝𝑝𝑖𝑖-weighted penalties. Capacity violations trigger dynamic penalties 
proportional to overload. 

Adaptive Priority-Based Update: Particles are updated through a priority-guided 
mechanism. With a 0.5 probability, two demand points are swapped, prioritizing low-
priority swaps to optimize high-priority paths; otherwise, a demand point is reassigned 
to a delivery cart, favoring load-balanced or high-priority-focused carts. An adaptive 
inertia weight, which decays with iterations, balances exploration and exploitation. If 
the new fitness is better, personal and global bests are updated. 
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Output and Visualization: Return the global best solution, including delivery cart 
routes, total distance, priority violation costs, and arrival times. Paths are visualized 
using A*-computed grid coordinates, highlighting obstacle avoidance and priority op-
timization in the workshop. 

3.4 Experiments 

To rigorously validate the A*-PSO algorithm under realistic conditions, we constructed 
a 50×75 grid-based simulation environment that directly mirrors the material delivery 
workshop of our Continuous Production Manufacturing Company. The grid layout, in-
cluding the precise locations of passable pathways and impassable obstacles such as 
production equipment and storage shelves, was digitized from the facility’s official op-
erational blueprints. Critical operational parameters, including the spatial distribution 
of demand points, delivery cart capacities, material demand quantities, and the priority 
time windows along with their weights, were extracted and parameterized from histor-
ical production logs and real-time operational data spanning six months of our contin-
uous manufacturing lines. This ensures the simulation faithfully captures the stringent 
real-world constraints inherent in our production environment, particularly the need for 
near-zero latency in just-in-time material synchronization and the challenges posed by 
limited buffer storage space. 

The depot is centrally located, with demand points across machining stations and 
assembly lines. The logistics network uses 12 or 20 demand points, with 3, 5, or 7 
vehicles. The 12-point scenario has 80-unit vehicle capacity and 300-unit demand; the 
20-point scenario has 50-unit vehicle capacity and 560-unit demand. Priority time win-
dows span 0-1000 units for the depot and 30-50 units for demand points, with service 
duration of 10-20 units. The cost function prioritizes timeliness, weighting distance at 
1.0 and time window violations at 5.0. Using a PSO framework with 100 particles and 
5000 iterations, the algorithm’s performance is compared to classic PSO. Evaluation 
metrics include total travel distance in grid units, total tardiness from time window vi-
olations, total cost as a weighted sum, and computation time in seconds.  

The experimental results are summarized in Table 1, detailing the total travel dis-
tance, total tardiness, total cost, and computation time for A*-PSO and PSO in simu-
lated workshop high-load scenarios. 

Table 1. Experimental Results of A*-PSO and PSO 

Scenario Algorithm 
Total  
Distance 

Total Tar-
diness 

Total Cost 
Time (s) 

A*-PSO 392.73 11.56 450.51 15.53 
PSO 430.13 11.67 488.47 17.05 
A*-PSO 381.52 0.00 429.76 16.09 
PSO 435.12 0.00 435.12 17.61 
A*-PSO 417.18 0.00 417.18 17.50 
PSO 427.36 2.83 441.50 18.82 

20 Points, 3 Veh. A*-PSO 738.94 44.53 961.57 22.29 



20 Points, 5 Veh. 

20 Points, 7 Veh. 

234             W. Sun et al.

Scenario Algorithm 
Total  
Distance 

Total Tar-
diness 

Total Cost 
Time (s) 

PSO 848.95 39.25 1045.22 25.45 
A*-PSO 787.43 16.36 869.20 23.51 
PSO 826.80 29.37 973.64 25.98 
A*-PSO 801.00 0.00 801.00 23.89 
PSO 896.42 1.73 905.06 24.87 

The significant performance advantages demonstrated by A*-PSO in these simula-
tions, which are grounded in our actual workshop layout and operational data, translate 
directly to tangible benefits in the real production environment. The reduction in Total 
Distance signifies lower energy consumption for delivery carts and reduced wear-and-
tear on equipment. More critically, the consistently lower Total Tardiness achieved by 
A*-PSO, particularly evident under demanding high-load scenarios like the 20 Points 
and 3 Vehicles configuration, directly addresses the core operational challenge of min-
imizing production delays caused by late material arrivals in our continuous manufac-
turing setting. The superior Total Cost reflects an effective balance between operational 
efficiency represented by travel distance and the crucial requirement for timeliness en-
forced by priority adherence. Maintaining this balance is essential for sustaining smooth 
and uninterrupted production flow. Furthermore, the comparable or slightly better com-
putation time indicates that these practical gains in routing efficiency and timeliness are 
achieved without incurring prohibitive computational overhead, making the algorithm 
highly suitable for near real-time scheduling within our dynamic workshop environ-
ment. 

Simulation experiments, meticulously parameterized using the actual layout and his-
torical operational data from our Continuous Production Manufacturing Company 
workshop, have conclusively demonstrated the effectiveness of the A*-PSO algorithm. 
The results show clear potential for reducing delivery cart energy consumption and, 
most critically, significantly minimizing tardiness in meeting high-priority material de-
mands. This translates directly to mitigating the risk of costly production stoppages and 
enhancing overall production efficiency within our continuous manufacturing opera-
tions. The algorithm’s computational efficiency further supports its practical deploy-
ment for dynamic scheduling. Through optimized routing based on A*-PSO and multi-
department collaboration mechanisms, the integrated solution significantly enhances 
warehouse space utilization and material flow efficiency, accelerating intelligent man-
agement transformation. 

4 System Business Processes 

4.1 System Business Processes 

Coiled Plate Inbound Process: The procurement team signs a Coiled Plate Procurement 
Contract with suppliers, specifying model, specifications, quantity, quality standards, 
delivery time, and manufacturer. They send a Procurement Inbound Notice to the ma-
terials management team, who generate a detailed Coiled Plate Inbound Notification 
with contract details, arrival time, and material specifics. During receiving, staff use 
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mobile devices to verify and record delivery status, updating the system for discrepan-
cies. In-plant inspection follows, checking material, dimensions, surface quality, and 
mechanical properties, with results updated in the system. If needed, inspection data is 
revised for accuracy. Post-inspection, inventory is updated, and quality certificates are 
uploaded for traceability.The flow diagram of the Coiled Plate Inbound Business Pro-
cess is shown in Fig. 1. 

 
Fig. 1. The flow diagram of the Coiled Plate Inbound Business Process 

Coiled Plate Outbound Process: The production operations team creates a Produc-
tion Plan and a Work Order - Material Feeding, specifying coiled plate requirements. 
The materials management team generates a Coiled Plate Outbound Notification with 
production plan and material details. During dispatch, staff use tablets to verify and 
select coiled plates, using a Steel Delivery Slip by Furnace for tracking. Post-dispatch, 
inventory is updated to reflect real-time stock levels, ensuring accurate warehouse man-
agement.The flow diagram of the Coiled Plate Outbound Business Process is shown in 
Fig. 2. 

 
Fig. 2. The flow diagram of the Coiled Plate Outbound Business Process 

4.2 Functional Modules 

Coiled Plate Inbound: The Inbound Notification sub-module displays contract, manu-
facturer, material details, and order status, supporting data entry, query, editing, and 
confirmation to initiate and advance the process. The Receiving sub-module verifies 
deliveries, updates status via mobile devices, and transitions to inspection for quality 
and quantity verification. The Coiled Plate Receiving sub-module is shown in Fig. 3. 
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Fig. 3. The Coiled Plate Receiving sub-module 

Coiled Plate Inventory and Inspection: A clear interface with detailed fields enables 
precise record retrieval by contract or manufacturer, with status labels like Normal en-
suring efficient stock management. Post-receiving quality checks follow strict stand-
ards, with automatic record updates to reduce errors. The coiled plate inventory module 
is shown in Fig. 4. 

 
Fig. 4. The coiled plate inventory module 

Coiled Plate Outbound: The Outbound Notification sub-module generates traceable 
notifications linked to production plans. The Dispatch sub-module records real-time 
data, linked to notifications, and generates Steel Delivery Slips by Furnace for accurate 
production delivery. 



gistics Engineering and Management, vol. 46, no. 3, pp. 14–15+10, 2024. 

transport robots,” Logistics Technology, vol. 42, no. 10, pp. 92–95+116, 2023. 

vol. 52, no. 12, pp. 176–180, 2023. 

based on intelligent WMS,” Internet of Things Technology, vol. 13, no. 2, pp. 98–101, 2023. 

2024. 

Logistics Technology and Application, vol. 29, no. 10, pp. 96–97, 2024. 

netic algorithm,” Electronic Technology, vol. 53, no. 9, pp. 42–43, 2024. 

        237Material Delivery Algorithm and Warehouse Management System for …     

5 Conclusion 

This study has designed and implemented a workshop material delivery algorithm and 
warehouse management system tailored for continuous production manufacturing. 
Through A*-PSO optimized routing and multi-department collaboration mechanisms, 
the solution significantly enhances warehouse space utilization and material flow effi-
ciency, accelerating intelligent management transformation. Algorithmic scalability re-
mains a key challenge where computational load intensifies with expanding demand 
networks and static obstacle assumptions limit adaptability to dynamic mobile interfer-
ence. Future development will focus on system-level intelligence including machine 
learning for predictive material flow adaptation, multi-vehicle coordination in con-
gested environments, 3D digital twins enabling real-time logistics transparency, and 
carbon-footprint-integrated scheduling decisions. These advancements will ultimately 
forge adaptive smart supply chain ecosystems driving industry-wide value through an-
ticipatory coordination and sustainability-aligned operations. 
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