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Coordination of material supply chains under 
multidimensional stochastic risks 
Yang, C.a, Jian, M. a,*, Fang, X.b 
aSchool of Transportation and Logistics, Southwest Jiaotong University, Chengdu, P.R. China 
bInternational College, Krirk University, Bangkok, Thailand 

A B S T R A C T A R T I C L E   I N F O 
This paper investigates optimal decision-making and coordination in a mate-
rial supply chain under multidimensional stochastic risks, including uncertain 
demand, yield, and processing activities. By analyzing a system consisting of a 
manufacturer and a supplier, we derive the unique optimal purchasing and 
stocking decisions that maximize the expected profit of the integrated supply 
chain. A wholesale price contract is proposed to coordinate decentralized par-
ticipants, incorporating risk allocation through a linear combination of produc-
tion cost risk and sales profit risk. The key findings indicate that elevated risk 
dimensions lead to an increase in optimal order and inventory quantities. How-
ever, they also result in a reduction in system profit and a narrowing of the 
coordination price range. Numerical analyses demonstrate that, when faced 
with heightened multidimensional risks, enterprises should increase safety 
stocks and ordering levels to maintain supply stability. At the same time, sup-
ply chain members should negotiate wholesale prices within a more restricted 
interval to achieve effective coordination. Contract flexibility and risk sharing 
become more significant in maintaining efficiency under high-uncertainty con-
ditions. Sensitivity analysis demonstrates the robustness of the proposed 
mechanism, emphasizing its flexibility in profit sharing under stochastic con-
ditions. This study contributes to supply chain risk management by providing 
a generalized contract framework that aligns decentralized decisions with cen-
tralized optimization, thereby ensuring stability and efficiency in high-risk in-
dustrial environments. 

 Keywords: 
Material supply chain; 
Coordination contract; 
Wholesale price; 
Demand uncertainty; 
Yield uncertainty; 
Processing uncertainty; 
Supply chain risk 
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1. Introduction
This paper investigates the design of a generalized coordination mechanism for coordinating mate-
rial supply chains across diverse uncertainty dimensions. These uncertainty dimensions arise from 
demand, yield, and processing activities [1]. Multiple uncertain risks affect the availability of mate-
rials during their transit from suppliers to construction projects. These risks can lead to perfor-
mance degradation, cost escalation, scheduling delays, and ultimately, project failures [2, 3]. Conse-
quently, inadequate supply chain management (SCM) can be regarded as a potential contributor to 
cost overruns and delays in the construction industry. Although the concept of supply chain man-
agement has its roots in the manufacturing industry, enterprises in the materials industry can also 
reap benefits from implementing such best-practice approaches in certain processes [4]. Neverthe-
less, SCM remains underdeveloped in the construction industry [5]. Furthermore, despite its signif-
icant potential, the application of supply chain risk management in the materials industry has yet to 
be investigated.  
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In the past few decades, both practitioners and scholars have emphasized that the complexity 
of engineering and construction exposes it to more significant risks than other industries. These 
risks can lead to reduced performance, increased costs, schedule delays, and ultimately, project 
failure [1]. There have been numerous natural and man-made disasters (e.g., earthquakes, eco-
nomic crises, wars, terrorist attacks, and sanctions) that disrupt the operations of the material 
supply chain. Coleman [6] found extensive evidence showing that the frequency of disruptions 
caused by man-made disasters has increased exponentially since the 20th century. These disrup-
tions have been observed to be increasing in both the probability of occurrence and their magni-
tude [7]. Supply chain disruptions are inevitable, making all supply chains risky [8]. Therefore, the 
effective management of risks in materials supply chains is of crucial importance for the success-
ful delivery of projects.  

More precisely, compared with other industries, large-scale engineering projects have faced a 
substantial number of risks due to the strategic characteristics of materials, the complexity of con-
struction techniques, the dynamic construction environment, the participation of diverse stake-
holders, and the lengthy construction cycle [9]. Ineffective supply chain management can be con-
sidered a potential cause of some of the cost overruns and delays in the engineering industry. 
Consequently, risk management is increasingly regarded in the engineering project management 
literature as a means to increase the probability of success of complex engineering projects [10]. 
Effective risk management systems aimed at preventing project performance deterioration, time 
delays, and unnecessary costs have prompted scholars to propose various risk management ap-
proaches [11]. Taroun conducted a review of 50 years of risk modeling and assessment in con-
struction projects and argued that there is a disparity between practice and theory, that managers 
mainly rely on their experience, and that the application of the analytical tools proposed in the 
literature is highly limited.  

In the face of uncertain risks across different dimensions, a fundamental issue that needs to be 
resolved is how the manufacturer (or supplier) formulates optimal purchasing (or stocking) de-
cisions and how to mitigate these risks. To the best of our knowledge, no existing literature has 
explored the problem of optimal decision-making for materials with uncertainties in project de-
mand, yield, and processing operations. Moreover, even fewer scholars have analyzed the coordi-
nated contract design based on risk allocation among firms within the framework of a material 
integration system. The traditional "manufacturer + suppliers" model has the drawbacks of un-
stable transactions and contracts. In contrast, the manufacturer–supplier model based on the 
material integration system can ensure a stable contractual relationship, effectively reduce trans-
action costs, and contribute to the healthy and sustainable development of industrialization [12].  

Therefore, based on the paradigm assumption that stochastic distributions describe multidi-
mensional uncertain risks, this paper investigates the optimal procurement and inventory deci-
sions of the manufacturer and the supplier, and proposes a coordinated contract encompassing 
multidimensional stochastic risks. The primary contribution of this article lies, on one hand, in 
extending the research on material operations optimization to scenarios where demand, yield, 
and processing activities are all stochastic, and conducting a distinctive analysis of the optimal 
decisions of the manufacturer and the supplier under multidimensional stochastic risks. Addition-
ally, the sensitivity of the optimal decision to risk variations is explored. On the other hand, a co-
ordinated wholesale-price contract covering risks is proposed, enabling the manufacturer and the 
supplier to flexibly share the optimal profit of the channel. Moreover, this contract can also coor-
dinate the material supply chain with stochastic yield and demand or only stochastic demand, 
which is why it is defined as a generalized coordinated contract. 

The subsequent sections review the relevant literature. Section 3 defines the modeling as-
sumptions and notational implications. Section 4 analyzes optimal decisions and simulations. The 
final section presents the conclusions.  

2. Literature review 
The optimal procurement decision of the firm under uncertainty can be traced back to the gro-
undbreaking research of Arrow et al. [13]. They initially derived an optimal inventory model 
where the future demand flow is a random variable with a known probability distribution. To 
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address the fundamental issue of how random yields impact the production or ordering decision 
in a periodic review system, Wang and Gerchak examined a periodic review production system 
characterized by random yield and demand uncertainty [14]. Numerous scholars have extended 
the research on firms' procurement or production under supply and demand stochasticity from 
multiple perspectives [15, 16]. Particularly, in the literature on project management, risk mana-
gement is increasingly regarded as a means to enhance the probability of success in complex en-
gineering projects [10]. Nevertheless, studies indicate that project managers inadequately utilize 
risk management practices [17]. More precisely, compared with other industries, the construction 
industry has been confronted with numerous risks owing to factors such as the strategic nature 
of its products, the complexities of construction techniques, the changing building environment, 
the involvement of diverse stakeholders, and long production cycles [11]. Therefore, the necessity 
of establishing an effective risk management system to prevent project performance degradation, 
time delays, and undesired costs has compelled project management scholars to propose a variety 
of risk management approaches. 

The allocation of uncertain risks during the sales period poses a substantial impediment to 
inter-firm cooperation [18]. To mitigate these risks, Pasternack initially investigated a supply-
chain coordination contract, namely the buyback contract, from the perspective of quantity 
buyback. That is, in the face of demand uncertainty, upstream firms commit to repurchasing the 
remaining inventory of downstream firms at the end of the sales period [19]. Over the subsequent 
three decades, scholars have formulated contracts to coordinate decentralized supply chains un-
der stochastic demand from multiple viewpoints, such as revenue-sharing contracts, quantity 
flexibility contracts, and sales rebate contracts [20]. As an expansion of the uncertainty risk di-
mension, He and Zhang proposed several risk-sharing contracts that distribute the random yield 
risk among the involved parties [21]. Güler and Bilgiç proposed two contracts for coordinating the 
supply chain under forced compliance, where both customer demand and supplier yield are ran-
dom [22]. Hu et al. examined a flexible purchasing policy considering random yield and demand 
uncertainty and proposed a revenue-sharing policy with an order penalty and rebate contract to 
fully coordinate the supply chain [23]. Güler and Keskin found that the randomness in yield does 
not alter the coordination capacity of the contracts but influences the values of the contract para-
meters [24]. Cai et al. introduced an option contract to enhance the performance of the inventory 
supply chain under yield uncertainty and stochastic demand [25]. Sonntag and Kiesmüller consi-
dered a single-stage production system with a favorable production time and random yield [26]. 
Stojic et al. presented the proposed model for monitoring and managing business risks in indu-
strial systems [27].  

Game theory and evolutionary game models have emerged as important tools for research on 
supply chain coordination and risk-sharing. Wang et al. [28] established a game-theory fra-
mework to optimize the cooperation and profit-sharing mechanisms between manufacturers and 
suppliers, offering a valuable reference for vertical cooperation and benefit distribution within 
supply chains. Zhao et al. [29] proposed an ANP–Hopfield neural network approach for supply 
chain stress testing, thereby enriching the quantitative methods for risk assessment and resilience 
verification under high degrees of uncertainty. Xi et al. [30] analyzed the influence of retailer fair-
ness concerns on freshness-keeping efforts and pricing strategies in fresh agricultural product 
supply chains and explored effective coordination mechanisms, providing insights for contract 
design under behavioral factors. Xu et al. [31] employed evolutionary game models to conduct a 
comparative analysis of the impact of fairness concerns on resource-sharing decisions in manufa-
cturing enterprises, uncovering the decision-making logic of cooperative behavior under risk 
asymmetry. Ji et al. [32] investigated the influence of government guidance on the production 
mode selection of automobile enterprises based on an evolutionary game, expanding the applica-
tion scenarios of game theory in supply chain decisions with external policy interventions. 

Regarding risk allocation contracts, He and Zhang proposed several risk-sharing contracts that 
allocate random yield risk among parties and evaluate supply chain performance [21]. They con-
sidered three scenarios in which the retailer shares random yield risk with the supplier. Zhou et 
al. constructed a model in which the retailer formulates a risk-sharing contract for the manufa-
cturer under conditions of random yield and private productivity information to analyze the in-
teraction between risk-sharing and asymmetric information [33]. Behzadi et al. comprehensively 
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reviewed the relatively scarce literature on quantitative risk management models for agricultural 
supply chains [34]. Besik et al. developed an integrated multi-tiered competitive agricultural 
supply chain network model in which farming and processing firms engage in competition to sell 
their differentiated products [35]. Our model takes into account multidimensional stochastic risks 
in the coordination contract parameters. In this model, multidimensional stochastic risks are in-
corporated into the coordination contract parameters, and the designed contract can be imple-
mented as the cooperative system provides a stable environment. 

3. The model 
This paper considers a material integration system comprising a manufacturer (M) and a supplier 
(S), in which the manufacturer organizes the supplier to supply materials to fulfill the project ne-
eds. Fig. 1 shows a schematic of this collaboration system. In a desirable situation, the manufactu-
rer can schedule the supplier to supply 𝑞𝑞  units of material with a random project need 𝑋𝑋 . 
However, the supplier may need to stock 𝑄𝑄 units due to various risks (e.g., uncontrollable pro-
cessing failures, poor humidity management, etc.). Hence, we are interested in how to determine 
the optimal 𝑞𝑞  and 𝑄𝑄  under a combination of uncertainties and how the manufacturer and the 
supplier can design the cooperative contract to achieve the optimal profit. The following genera-
lized assumptions are introduced to address these questions. 

Project material demand, material stock, and processing activities are assumed to be random. 
In practical applications, decision-makers often use probability distributions to characterize the 
uncertainties they face, as demonstrated in the classic newsvendor problem[16]. This approach 
is well established in the literature [1, 16, 20]. The assumptions are as follows. 

1. Let 𝑋𝑋 be a random project material needs variable on a closed interval [𝑋𝑋,𝑋𝑋], 𝑋𝑋,𝑋𝑋 ∈ ℛ+. The 
probability density function (p.d.f.) and cumulative distribution function (c.d.f.) of variable 
𝑋𝑋 are 𝑓𝑓(𝑥𝑥) and 𝐹𝐹(𝑥𝑥), respectively. 𝐹𝐹(𝑥𝑥) has monotonically increasing, second-order conti-
nuous differentiable, and reversible properties. Define 𝐹𝐹(𝑥𝑥) = 1 − 𝐹𝐹(𝑥𝑥), and the mean of 
demand is 𝜇𝜇𝑥𝑥. 

2. The actual materials yield is 𝑈𝑈𝑈𝑈 units, where 𝑈𝑈 is a random variable on the closed interval 
�𝑈𝑈,𝑈𝑈�, 0 ≤ 𝑈𝑈 < 𝑈𝑈 ≤ 1. The p.d.f and c.d.f of 𝑈𝑈 are 𝑔𝑔(𝑢𝑢) and 𝐺𝐺(𝑈𝑈), respectively. 𝐺𝐺(𝑈𝑈)has mo-
notonically increasing, second-order continuous differentiable, and reversible properties. 

3. Materials need to go through a series of processing activities before being applied to the 
project, such as stocking, picking, packing, transportation, etc. It is assumed that the pro-
cesses are random and that the final quantity on the project is 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑈𝑈𝑈𝑈, 𝑞𝑞), where variable 
𝑂𝑂 is random on a closed interval �𝑂𝑂,𝑂𝑂�, 0 ≤ 𝑂𝑂 < 𝑂𝑂 ≤ 1. The p.d.f. and c.d.f. of 𝑂𝑂 are 𝑚𝑚(𝑜𝑜) 
and 𝑀𝑀(𝑜𝑜), respectively. 𝑀𝑀(𝑜𝑜) has monotonically increasing, second-order continuous diffe-
rentiable, and reversible properties. The mean of variable 𝑂𝑂 is 𝜇𝜇𝑂𝑂. 

Although there are multiple uncertain risks in the material supply chain, for the sake of 
computational simplicity, this study posits that decision-makers, namely manufacturers 
and suppliers, are risk neutral and engage in collaboration through wholesale contracts. 
Risk neutrality is widely utilized in supply chain coordination literature to ensure analytical 
tractability when focusing on contract design and risk allocation [13, 20, 21]. In practical 
situations, construction material supply chains involve long-term integrated systems, 
where firms diversify risks at the corporate level, leading to approximately risk-neutral ope-
rational decisions at the project level [5, 15]. Since this paper emphasizes coordination and 
risk allocation through wholesale price contracts, risk neutrality helps to clarify the mecha-
nism without introducing unnecessary complexity. Therefore, 

4. The manufacturer purchases 𝑞𝑞 units of materials for 𝑤𝑤 per unit, where 𝑞𝑞 is the decision va-
riable, and 𝑤𝑤 is the contract parameter. 

5. The supplier plans to stock 𝑄𝑄 units of materials for the cost 𝑐𝑐𝑆𝑆 per unit, in which 𝑄𝑄 is the 
decision variable. 

6. The manufacturer receives 𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞) units of materials and has 𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑈𝑈𝑈𝑈, 𝑞𝑞) units ap-
plied to the project at unit price 𝑝𝑝 after a series of processing activities with cost 𝑐𝑐𝑀𝑀 per unit, 
where we assume 𝑝𝑝 is an exogenous variable. Such an assumption is reasonable when a 
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particular supplier and manufacturer cannot influence the global market. 
In summary, given the wholesale contract, the manufacturer purchases 𝑞𝑞 units, and the 

supplier stocks 𝑄𝑄 units. However, the former receives 𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞) units, and the final quan-
tity of materials available for application is 𝑂𝑂 𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞) due to uncertainties. Further-
more, the salvage value and stock-out penalty for the materials are assumed to be zero. 

Assuming a zero salvage value and a zero stock-out penalty represents a standard simplifica-
tion within supply chain coordination and newsvendor-based models. This simplification is 
employed to ensure analytical tractability without sacrificing generality [16, 19, 20]. This assum-
ption facilitates the isolation of the impacts of multidimensional risks (including demand, yield, 
and processing uncertainty) and the coordination mechanism. It is extensively adopted in rese-
arch concentrating on contract design and risk allocation [21, 24]. Extensions incorporating posi-
tive salvage or stock-out costs would merely adjust the optimal thresholds without altering the 
core coordination structure of the proposed wholesale price contract. 

 
Fig. 1 Schematic diagram of the material integration system under uncertainties 

4. Model analysis 
The model analysis is conducted in two parts. Initially, the optimal decision, which serves as a 
benchmark for the material integration system, is determined. Subsequently, the wholesale price 
incorporating risk factors is formulated to encourage the decisions of the manufacturer and the 
supplier to align with the benchmark.  

4.1 Optimal decisions 

The expected profit function of the material integration system is shown as Eq. 1, 
Π = 𝑝𝑝𝑝𝑝[𝑚𝑚𝑚𝑚𝑚𝑚(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑈𝑈𝑈𝑈, 𝑞𝑞),𝑋𝑋)] − 𝑐𝑐𝑀𝑀𝐸𝐸[𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞)] − 𝑐𝑐𝑆𝑆𝑄𝑄                                (1) 

The first item in Eq. 1 represents the expected revenue from the project, and the last two re-
present the cost of the manufacturer’s processing activities and the supplier’s stock, respectively. 
Let 𝐿𝐿(𝑄𝑄, 𝑞𝑞) and 𝑆𝑆(𝑄𝑄, 𝑞𝑞) be the manufacturer’s expected purchasing and expected sales quantity, 
respectively. Then we can calculate the optimal decisions of the system shown in proposition 1. 

𝐿𝐿(𝑄𝑄, 𝑞𝑞) = 𝐸𝐸[𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞)] = 𝑄𝑄 �∫ 𝐺𝐺(𝑢𝑢)𝑑𝑑𝑑𝑑𝑞𝑞 𝑄𝑄⁄
𝑈𝑈 + 𝑈𝑈�, 

𝑆𝑆(𝑄𝑄, 𝑞𝑞) = 𝐸𝐸[𝑚𝑚𝑚𝑚𝑚𝑚(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑈𝑈𝑈𝑈, 𝑞𝑞),𝑋𝑋)] = �
𝑋𝑋 + 𝑄𝑄 ∫ ∫ 𝑢𝑢𝑢𝑢(𝑢𝑢)𝑀𝑀(𝑜𝑜)𝐹𝐹(𝑜𝑜𝑜𝑜𝑜𝑜)𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑂𝑂

𝑂𝑂
𝑞𝑞 𝑄𝑄⁄
𝑈𝑈 +

∫ ∫ 𝑔𝑔(𝑢𝑢)𝐹𝐹(𝑥𝑥)𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑢𝑢𝑂𝑂𝑄𝑄
𝑋𝑋

𝑞𝑞 𝑄𝑄⁄
𝑈𝑈 + 𝐺𝐺(𝑞𝑞 𝑄𝑄⁄ ) �𝑞𝑞 ∫ 𝑀𝑀(𝑜𝑜)𝐹𝐹(𝑜𝑜𝑜𝑜)𝑑𝑑𝑑𝑑𝑂𝑂

𝑂𝑂 + ∫ 𝐹𝐹(𝑥𝑥)𝑑𝑑𝑑𝑑𝑂𝑂𝑞𝑞
𝑋𝑋 �

�. 

Proposition 1. There is a unique set of optimal values (𝑄𝑄∗,𝑞𝑞∗) that maximizes function Π and sa-
tisfies Eq. 2, 

�
∫ �𝑀𝑀(𝑜𝑜)𝐹𝐹(𝑜𝑜𝑞𝑞∗)[1 − 𝑟𝑟(𝑜𝑜𝑞𝑞∗)]�𝑑𝑑𝑑𝑑𝑂𝑂
𝑂𝑂 + 𝑂𝑂𝐹𝐹�𝑂𝑂𝑞𝑞∗� = 𝑐𝑐𝑀𝑀

𝑝𝑝

∫ ∫ �𝑢𝑢𝑢𝑢(𝑢𝑢)𝑀𝑀(𝑜𝑜)𝐹𝐹(𝑜𝑜𝑜𝑜𝑄𝑄∗)[1 − 𝑟𝑟(𝑜𝑜𝑜𝑜𝑄𝑄∗)]�𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑂𝑂
𝑂𝑂

𝑞𝑞∗ 𝑄𝑄∗⁄
𝑈𝑈 + ∫ �𝑢𝑢𝑢𝑢(𝑢𝑢)𝑂𝑂𝐹𝐹�𝑢𝑢𝑂𝑂𝑄𝑄∗��𝑑𝑑𝑑𝑑𝑞𝑞∗ 𝑄𝑄∗⁄

𝑈𝑈 =
𝑐𝑐𝑀𝑀∫ 𝑢𝑢𝑢𝑢(𝑢𝑢)𝑑𝑑𝑑𝑑𝑞𝑞∗ 𝑄𝑄∗⁄

𝑈𝑈 +𝑐𝑐𝑆𝑆
𝑝𝑝

        (2) 

where, 𝑟𝑟(𝑥𝑥) = 𝑥𝑥𝑥𝑥(𝑥𝑥)/𝐹𝐹(𝑥𝑥). 
Let Π∗ be the optimal value of the material integration system, which can be calculated by ta-

king (𝑄𝑄∗, 𝑞𝑞∗) into Eq. 1.  
We can see from Eq. 2 that the manufacturer’s optimal purchasing does not include the ran-

domness of material yield. The risk of both processing and demand affect the manufacturer's opti-
mal purchasing. However, the risk of yield, processing, and material demand affects the supplier's 
optimal stock quantity. 

To illustrate the practical implications of the model, an empirical case analysis is carried out 
using a large-scale transportation infrastructure project in western China. This project involves 
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the procurement of core construction materials, including high-strength steel bars, ready-mixed 
concrete, and asphalt mixtures. All these materials are subject to significant multidimensional sto-
chastic risks, which are presented as follows. (1) Demand uncertainty: The actual consumption of 
materials fluctuates due to the dynamic nature of construction progress, adjustments in geological 
conditions, and design modifications. Based on the project's historical consumption data, it con-
forms to a normal distribution 𝑋𝑋 ∼ 𝑁𝑁(60,102) (unit: tons/period). (2) Supply/yield uncertainty: 
The production yield of steel bars and concrete is affected by the quality of raw materials and the 
stability of the production line, with a random yield rate 𝑈𝑈 ∼ 𝑁𝑁(0.8,0.1²). (3) Processing/trans-
portation uncertainty: Random losses occur during the transportation and on-site processing of 
materials as a result of road conditions, loading/unloading operations, and mixing errors. The 
processing efficiency is characterized by a normal distribution 𝑂𝑂 ∼ 𝑁𝑁(0.8,0.2²). These parameters 
are fully consistent with the project's actual operational data, providing real-world industrial va-
lidation for the proposed model.   

Scenario I in Table 1 presents the optimal purchasing (77.60) and optimal stock (88.00) deci-
sions under the given parameter assignment and the optimal profit (20.53) of the system under 
these optimal decisions. 
 

Table 1 Optimal values for given parameter assignments  
Sce-
narios 𝑞𝑞∗ 𝑄𝑄∗ 𝜃𝜃 𝛩𝛩 𝑤𝑤𝐿𝐿/𝑝𝑝 𝑤𝑤𝑈𝑈/𝑝𝑝 𝛱𝛱∗/𝑝𝑝 

I 77.60 88.00 1.27 0.72 0.13 0.42 20.53 
II 65.24 80.00 1.15 0.81 0.12 0.51 27.37 
III 62.53 62.53 1.00 0.91 0.10 0.61 32.14 

Note: 𝑋𝑋~𝑁𝑁(60,102),𝑈𝑈~𝑁𝑁(0.8,0.12),𝑂𝑂~𝑁𝑁(0.8,0.22), �𝑈𝑈,𝑈𝑈� = �𝑂𝑂,𝑂𝑂� = [0.2,1.0], �𝑐𝑐𝑀𝑀𝑝𝑝 , 𝑐𝑐𝑆𝑆𝑝𝑝 � = (0.30,0.10) 
 

Corollary 1 is an extension of the firm's optimal decision. More specifically, if 𝑆𝑆(𝑄𝑄, 𝑞𝑞) is mo-
dified as ∫ 𝐹𝐹(𝑥𝑥)𝑑𝑑𝑑𝑑𝑞𝑞

𝑋𝑋 + 𝑋𝑋 − 𝑄𝑄 ∫ 𝐹𝐹(𝑢𝑢𝑢𝑢)𝐺𝐺(𝑢𝑢)𝑑𝑑𝑑𝑑𝑞𝑞 𝑄𝑄⁄
𝑈𝑈 , then proposition 1 reduces to an optimization 

decision solution when the yield and demand of materials are random. If 𝐿𝐿(𝑄𝑄, 𝑞𝑞) is modified to be 
𝑞𝑞, and 𝑆𝑆(𝑄𝑄, 𝑞𝑞) is corrected to be ∫ 𝐹𝐹(𝑥𝑥)𝑑𝑑𝑑𝑑𝑞𝑞

𝑋𝑋 + 𝑋𝑋, Eq. 2 reduces to an optimization decision problem 
that only assumes random demand. 

Corollary 1. (1) When the randomness of the processing activity is not considered, the optimal 
values that maximize (𝑞𝑞∗,𝑄𝑄∗) the system’s profit can be calculated as Eq. 3, 

�
𝑝𝑝𝐹𝐹(𝑞𝑞∗) − 𝑐𝑐𝑀𝑀 = 0

𝑝𝑝 �𝑞𝑞∗𝑄𝑄∗𝐹𝐹(𝑞𝑞∗)𝐺𝐺(𝑞𝑞∗ 𝑄𝑄∗⁄ ) − ∫ 𝐺𝐺(𝑢𝑢)𝐹𝐹(𝑢𝑢𝑄𝑄∗)[1 − 𝑟𝑟(𝑢𝑢𝑄𝑄∗)]𝑑𝑑𝑑𝑑𝑞𝑞∗ 𝑄𝑄∗⁄
𝑈𝑈 � − 𝑐𝑐𝑀𝑀 ∫ 𝑢𝑢𝑢𝑢(𝑢𝑢)𝑑𝑑𝑑𝑑𝑞𝑞∗ 𝑄𝑄∗⁄

𝑈𝑈 − 𝑐𝑐𝑆𝑆 = 0
.               (3) 

and (2) when only market demand is considered as a random variable, the optimal decision is 
shown as Eq. 4, 

𝑞𝑞∗ = 𝑄𝑄∗ = 𝐹𝐹
−1
�𝑐𝑐𝑀𝑀+𝑐𝑐𝑆𝑆

𝑝𝑝 �.                                                                (4) 

In Model I, the yield, processing operations, and demand are assumed to be stochastic. In Model 
II, there is no risk associated with processing operations, and in Model III, only the demand is 
stochastic. As can be observed from Table 1, with the expansion of risk, the manufacturer's pro-
curement volume (𝑞𝑞∗) increases, which further necessitates the supplier to hold a larger inventory 
of materials (𝑄𝑄∗). Fig. 2 depicts the trend of the manufacturer's procurement quantity in relation 
to its cost structure. From this, it can be seen that as the manufacturer's cost gradually rises, their 
procurement quantity tends to decline. Simultaneously, Fig. 2 also indicates that the magnitude of 
the decrease in the manufacturer's procurement volume increases as the type of risk intensifies.  

Likewise, Fig. 3 depicts the supplier's production quantity decision. It is evident that the suppli-
er's optimal production quantity declines as both its own cost structure and that of the manufa-
cturer increase. Additionally, Fig. 3 shows that for any given party's cost structure, the supplier's 
optimal production quantity decreases in relation to the given cost structure. Moreover, by com-
paring the three scenarios in Fig. 3, it is shown that the supplier's optimal production rises as the 
type of risk escalates.  
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Fig. 2 The changes of 𝑞𝑞∗ with the cost structure in different scenarios 

          Q* 

 
Fig. 3 Changes in 𝑄𝑄∗ with parties' cost structures under different scenarios 

4.2 Contract design 

The question is how these rational entities can distribute this optimal "resource" in the context of 
multiple stochastic risks. In order to achieve this, not only do the manufacturer and the supplier 
jointly share various stochastic risks, but their optimal decisions also align with those of the ma-
terial integration system.  

Given the wholesale contract, the expected profit functions of the manufacturer (𝜋𝜋𝑀𝑀) and the 
supplier (𝜋𝜋𝑆𝑆) are shown in Eq. 5, 

�𝜋𝜋𝑀𝑀 = 𝑝𝑝𝑝𝑝[𝑚𝑚𝑚𝑚𝑚𝑚(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂(𝑈𝑈𝑈𝑈, 𝑞𝑞),𝑋𝑋)] − (𝑤𝑤 + 𝑐𝑐𝑀𝑀)𝐸𝐸[𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞)]
𝜋𝜋𝑆𝑆 = 𝑤𝑤𝑤𝑤[𝑚𝑚𝑚𝑚𝑚𝑚(𝑈𝑈𝑈𝑈, 𝑞𝑞)] − 𝑐𝑐𝑆𝑆𝑄𝑄

                              (5) 

In Eq. 5, the wholesale price serves as the sole link facilitating the profit transfer between the 
manufacturer and the supplier. Proposition 2 demonstrates the existence of an acceptable whole-
sale price, enabling both the manufacturer and the supplier to attain Pareto optimality.  

Proposition 2. Consider the parameter 𝑤𝑤 shown in Eq. 6, 
𝑤𝑤 = 𝛿𝛿𝑐𝑐𝑆𝑆𝜃𝜃 + (1 − 𝛿𝛿)(𝑝𝑝𝑝𝑝 − 𝑐𝑐𝑀𝑀),                                                    (6) 

and 𝛿𝛿 ∈ (0,1),𝜃𝜃 = 𝑄𝑄 𝐿𝐿⁄ ,𝛩𝛩 = 𝑆𝑆 𝐿𝐿⁄ . Under the wholesale price contract with the parameter 𝑤𝑤, the 
manufacturer’s and the supplier’s profit functions are shown in Eq. 7, 

� 𝜋𝜋𝑀𝑀(𝑄𝑄, 𝑞𝑞) = 𝛿𝛿Π(𝑄𝑄, 𝑞𝑞)
𝜋𝜋𝑆𝑆(𝑄𝑄, 𝑞𝑞) = (1 − 𝛿𝛿)Π(𝑄𝑄, 𝑞𝑞)                                                         (7) 

Moreover, the set (𝑞𝑞∗,𝑄𝑄∗) represents the manufacturer's optimal procurement and the suppli-
er's optimal inventory. The wholesale contract coordinates the material integration system.  

The proposition suggests that 𝛿𝛿 represents the manufacturer's share of the profit within the 
material integration system. Consequently, a wholesale price contract with parameter 𝑤𝑤 can co-
ordinate the system and allocate profit arbitrarily. The specific profit split selected likely hinges 
on the firm's relative bargaining power. As the manufacturer's bargaining position is enhanced, 
an increase in δ is anticipated.  

Parameters 𝜃𝜃 and 𝛩𝛩 describe different random risks in the material integration system. 𝜃𝜃,∈
[1,∞) is a ratio of the supplier’s optimal stock quantities to the manufacturer’s expected purcha-
sing and reflects the random yield risk of materials. The larger the value of 𝜃𝜃 is, the lower the 
expected purchasing will be, which means that the random yield risk of the materials is more sig-
nificant. Conversely, the manufacturer’s expected purchasing quantity tends towards the 
supplier’s optimal stock when 𝜃𝜃 → 1, which means there is almost no random yield risk. 𝛩𝛩,∈ (0,1] 
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represents the ratio of the manufacturer’s expected sales quantity to its expected purchasing. The 
value of 𝛩𝛩 reflects the combined risk of the random yield, processing activities, and demand. The 
larger the value of 𝛩𝛩 is, the closer the project sales are to the manufacturer’s expected purchasing; 
by contrast, the expected sales quantity is close to zero when 𝛩𝛩 → 0. In the case of the given risk, 
Table 1 mentioned above shows the values of 𝜃𝜃 and 𝛩𝛩 of the three models. 

Notably, 𝑤𝑤 serves as the link between the manufacturer and the supplier and is used to achieve 
the purpose of profit sharing and risk allocation. On the one hand, it is a linear combination of 𝑐𝑐𝑆𝑆𝜃𝜃 
and (𝑝𝑝𝑝𝑝 − 𝑐𝑐𝑀𝑀), representing the stock cost risk and sales-profit risk. It can be calculated that 𝑤𝑤𝐿𝐿 =
𝑐𝑐𝑆𝑆𝜃𝜃 when 𝛿𝛿 → 1, which indicates that the value per unit purchased from the supplier is meager. 
At this time, the manufacturer’s purchasing cost is low and captures the entire optimal profit of 
the material integration system. Conversely, we have 𝑤𝑤𝑈𝑈 = (𝑝𝑝𝑝𝑝 − 𝑐𝑐𝑀𝑀) when 𝛿𝛿 → 0, the supplier 
obtains the highest selling price, and the manufacturer must pay a higher marginal purchasing 
cost. Parameter 𝑤𝑤 is also a function of both parameters 𝜃𝜃 and 𝛩𝛩. These two parameters characte-
rize the risks derived from the material integration system's random yield, processing activities, 
and demand. Hence, risk allocation is achieved between the manufacturer and the supplier based 
on the coordinated wholesale price contract.  

The proposed wholesale price contract can be systematically implemented in practical mate-
rial supply chains through a standardized operational approach. First, channel members calibrate 
stochastic parameters such as demand, yield, and processing efficiency based on historical indu-
strial data. Second, the system-optimal procurement quantity (𝑞𝑞∗) and stocking quantity (𝑄𝑄∗) are 
jointly calculated to align individual decisions with the integrated optimum. Third, the feasible 
coordination wholesale price range ([𝑤𝑤𝐿𝐿 ,𝑤𝑤𝑈𝑈]) is determined to ensure acceptable profits for both 
parties. Fourth, the profit-sharing coefficient (𝛿𝛿) is negotiated according to relative bargaining 
power and risk-bearing capacity. Finally, the contract can be applied within the long-term mate-
rial integration system to achieve sustained risk sharing and efficient operation. This implemen-
tation path ensures the operability, transparency, and stability of the coordination mechanism in 
real industrial scenarios. 

As can be observed from Table 1, the coordination thresholds for wholesale prices vary across 
the three models. Fig. 4 depicts the variability of the coordinated wholesale price in relation to the 
firms' cost structure under the three scenarios. A comparison of the three models indicates that 
as the dimension of risks gradually expands, the range of coordination prices progressively con-
tracts. In other words, as the level of risk increases, the range of wholesale prices available for 
negotiation between manufacturers and suppliers diminishes.  

           w/p 

 
Fig. 4  Changing rules of coordinated wholesale prices with firms' cost structures 

Proposition 2 demonstrates that a wholesale-price contract incorporating risk factors can achi-
eve coordination between the manufacturer and the supplier within the material integration 
system. In this case, their decisions align with the system's optimal decisions. Consequently, when 
the wholesale-price contract is configured according to Eq. 6, the manufacturer's optimal pur-
chase quantity 𝑞𝑞∗ and the supplier's optimal stock 𝑄𝑄∗ can be derived from Proposition 1. Subsequ-
ently, the material integration system's optimal profit Π∗ can be computed in accordance with Eq. 
1. Table 1 documents 𝑞𝑞∗, 𝑄𝑄∗, and Π∗ for three models under the assumption that the stochastic 
risk is 𝑋𝑋~𝑁𝑁 (60,102),𝑈𝑈~𝑁𝑁 (0.8,0.12) , and 𝑂𝑂~𝑁𝑁 (0.8,0.22) , respectively. Fig. 5 depicts the 
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influence of fluctuations (i.e., variance changes) in each risk on the optimal profitability of an in-
tegrated supply chain. One key finding is that as the dimension of risk (or the variance of risk) 
increases, the optimal profit declines.  

 

 

 
Fig. 5  Variation in the integrated supply chain's optimal profit with risk fluctuations 

5. Conclusion 
This paper investigates the optimal decision-making and risk allocation mechanism for the manu-
facturer and the supplier within the framework of the material integration system under conditions 
of random materials demand, yield, and processing activities. The main conclusions are as follows.  

First, there is a set of optimal decision-making strategies that maximize the expected profit of 
the material integration system. Specifically, when faced with stochastic risks of various dimen-
sions within the material integration system, the manufacturer's optimal procurement quantity 
and the supplier's optimal inventory level are unique. These can be calculated according to Prop-
osition 1 and Corollary 1. The numerical and sensitivity analysis indicates that as the risk dimen-
sion increases, the optimal decisions of both the manufacturer and the supplier gradually increase, 
whereas the optimal expected profit gradually declines. Meanwhile, it is found that the manufac-
turer's optimal procurement quantity rises with the increase in risk (i.e., variance). Additionally, 
as the risk increases, the supplier's optimal inventory level ascends, while the optimal profit of the 
integrated system declines.    

Second, the designed wholesale-price contract incorporating multidimensional random risks 
can coordinate the actions of the participants. Both the manufacturer and the supplier can flexibly 
allocate the optimal expected profit of the material integration system. In this simple wholesale-
price contract, the negotiated transaction price is a linear combination of the inventory-cost risk 
and sales-profit risk. This implies that the coordinated wholesale price will be determined when 
the material supply chain is risk-free. However, as the risk dimension broadens, the lower bound 
of the coordinated trading price gradually increases due to the increase in 𝜃𝜃. Meanwhile, its upper 
bound gradually decreases due to the decrease in 𝛩𝛩. Consequently, the price range for coordinat-
ing the material supply chain narrows as the risk dimension increases. The sensitivity analysis 



Yang, Jian, Fang 
 

14 Advances in Production Engineering & Management 21(1) 2026 
 

validates this conclusion, as depicted in Fig. 4. The contract with multidimensional risk factors can 
be executed once the firms participate in the material integration system.  

In summary, the major contribution of this paper lies in its analysis of an operations research 
model to address the optimal decision-making problem for the manufacturer and the supplier un-
der the conditions of random demand, yield, and processing operations. A comprehensively coor-
dinated wholesale price contract integrating multidimensional risks is formulated to flexibly allo-
cate the optimal profit of the integrated system. The imbalance between supply and demand in-
fluences the price fluctuations of materials. Hence, it would be more practical to consider optimal 
decision-making and coordination contracts with endogenous price variables. 

Moreover, this paper assumes that the costs of the manufacturer and the supplier are common 
knowledge. However, under multiple uncertainties, validating these costs presents challenges, 
which directly influence the determination of wholesale-price parameters. Additionally, it is as-
sumed that the salvage value and stock-out costs of the materials are zero. Nevertheless, these 
assumptions significantly impact the structure of the decision-making problem. Based on this pa-
per, these aspects shape the directions for future research.   
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A B S T R A C T A R T I C L E   I N F O 
Reliable defect evaluation is essential in ceramic sanitaryware manufacturing, 
where inspection outcomes directly influence rework decisions, process con-
trol, and delivery performance. In practice, defect assessment is often affected 
by operational variability, class imbalance, and human-dependent inspection 
procedures, which limit the repeatability and consistency of quality control 
decisions. This study formulates multi-class defect classification as a practical 
quality control problem and investigates the robustness of production-data-
based decision-support in an industrial environment. The analysis is based on 
a real-world dataset comprising 11,071 production records collected under 
routine operating conditions. Defect labels were assigned through a two-stage 
quality control procedure involving trained inspectors and supervisory verifi-
cation. Multinomial logistic regression, support vector machines with radial 
basis function kernels, and CatBoost were evaluated as base classifiers. A 
probability-based voting ensemble was developed to integrate the comple-
mentary decision structures, and posterior probabilities were calibrated 
using Platt scaling prior to aggregation to improve decision consistency. 
Experimental results show that the proposed calibrated ensemble improves 
Macro-F1 from 0.7126 (logistic regression) to 0.7211 and enhances minority-
class recall, leading to more balanced performance under severe class imba-
lance. The findings indicate that probability calibration and ensemble integra-
tion contribute to improved stability and interpretability of defect evaluation. 
Overall, the proposed framework provides a practically deployable decision-
support layer that supports more consistent rework decisions and more reli-
able quality control in industrial production settings. 
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1. Introduction
Ceramic sanitaryware products such as washbasins, toilets, and bidets are required to meet high 
standards in terms of aesthetics, hygiene, and mechanical durability [1]. Accordingly, quality 
control plays a critical role in ceramic sanitaryware manufacturing, where production defects 
such as cracks, retouch-related imperfections, and shape irregularities directly translate into 
reprocessing costs, increased scrap rates, and delivery risks. In today’s highly competitive mar-
ket and large-scale production environments, accurate and consistent defect evaluation is there-
fore essential not only as a manufacturing activity, but also as a quality control task in which the 
defect state of each product is inferred from multiple sources of evidence. 

In practice, inspection in ceramic sanitaryware production is still predominantly performed 
through manual visual assessment by experienced operators. This corresponds to a human-
centered inspection procedure whose output is affected by operator-dependent variability, fatigue, 
and attention, as well as by changing observation conditions. Moreover, the high throughput of 
modern production lines limits the feasibility of fully manual inspection. These limitations moti-
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vate automated inspection frameworks that can be regarded as industrial inspection systems, 
where the measurand is the defect-related condition of the product surface and geometry, and the 
overall inspection outcome depends on the inspection context (illumination, surface texture, 
product positioning, and data acquisition settings) and subsequent data processing. 

Early studies on ceramic defect detection primarily focused on image processing and mor-
phological analysis techniques [2-4]. While these approaches demonstrated that several surface 
defects can be detected algorithmically, their robustness under real production conditions has 
often remained limited. In industrial production settings, defect assessment is highly influenced 
by operational variability, including changes in process conditions, heterogeneous manufactur-
ing environments, and differing reporting practices. Unless evaluation procedures are deliber-
ately designed to account for such factors, the repeatability of inspection decisions may be com-
promised. In line with this perspective, Karimi and Asemani [5] noted that no single inspection 
technique is capable of capturing the full range of ceramic defect mechanisms. In other words, 
these findings suggest that improving inspection practice requires not only the development of 
advanced recognition algorithms, but also a clearer definition of the industrial context and a 
systematic evaluation of system reliability under variable operating conditions. 

In addition to traditional image-based inspection, researchers have increasingly turned to da-
ta-driven methods to analyze defect formation by incorporating production and process varia-
bles. Dengiz et al. [6] showed that data mining techniques can be used to relate defect character-
istics to specific manufacturing practices, whereas Kesharaju and Nagarajah [7] reported that 
integrating optimization strategies with learning-based models leads to improved classification 
performance. From a production-oriented perspective, such approaches can be interpreted as 
data processing and estimation mechanisms that integrate heterogeneous operational infor-
mation with inspection outcomes to support decision-making. However, to be informative in 
practical industrial settings, these studies should go beyond accuracy reporting and explicitly 
address the industrial context, evaluation procedures, and robustness of results under realistic 
sources of operational variability and class imbalance. 

Despite these advances, a persistent challenge in ceramic sanitaryware defect classification is 
the imbalanced and partially overlapping structure of defect categories. Certain defects, such as 
cracks, are relatively frequent and comparatively separable. On the other hand, others, including 
retouch-related defects, are rarer and share characteristics with multiple fault mechanisms. This 
imbalance makes model training more challenging and can lead to biased performance if the 
evaluation procedure is not designed to reflect operational priorities. In practical terms, the goal 
is not only to improve predictive performance but also to obtain reliable and stable decision 
outcomes across defect types, minimizing systematic misclassification of minority yet opera-
tionally important categories. 

Motivated by these considerations, this study investigates multi-class defect evaluation in ce-
ramic sanitaryware manufacturing using a real-world industrial dataset comprising 11,071 pro-
duction observations. The dataset is derived directly from operational records and is analyzed 
with minimal intervention to preserve authentic production characteristics. Owing to sparsity in 
several defect categories, the task is formulated using three industrially relevant classes: Crack, 
Retouch, and Other. The proposed analysis is positioned as a production-data-based quality-
control and decision-support layer that operates on routinely collected production information, 
aiming to enhance the consistency and practical usability of inspection outcomes. Unlike prior 
ceramic defect studies that mainly report accuracy, this study emphasizes decision reliability by 
integrating probability calibration with ensemble-based evaluation under severe class imbal-
ance using real-world production data. 

We comparatively evaluate multinomial logistic regression, support vector machines with a 
radial basis function kernel, and CatBoost. In addition, we propose a probability-based voting 
ensemble that integrates the complementary strengths of individual classifiers. Particular atten-
tion is given to categorical feature handling, probability calibration, and systematic hyperpa-
rameter optimization to support a more disciplined performance evaluation under class imbal-
ance. In detail, the experimental design emphasizes metrics that better reflect operational relia-
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bility under imbalance (e.g., class-sensitive performance measures), and reports results in a way 
that facilitates replication in similar industrial quality control settings. 

This study makes three main contributions. First, it provides a comprehensive empirical analy-
sis of defect evaluation based on large-scale, real production data, with an explicit focus on indus-
trial quality control and inspection reliability in ceramic sanitaryware manufacturing. Second, it 
demonstrates that a carefully designed probability-based ensemble can yield more balanced and 
reliable performance under severe class imbalance, supporting robust decision-making at high 
throughput. Third, by incorporating process-related variables and relatively interpretable model-
ing components, the proposed framework offers a practical decision-support tool that can be inte-
grated into existing quality control workflows in ceramic sanitaryware manufacturing. 

2. Background 
Automated defect detection and classification in ceramic manufacturing have received increas-
ing attention due to the limitations of manual inspection and the increasing complexity of pro-
duction processes. Early studies mostly focused on image processing and morphological analysis 
to identify surface defects on ceramic products. Forest [2] demonstrated that relatively simple 
image-based techniques could be used to identify visible surface irregularities, thereby provid-
ing an early foundation for automated inspection systems. Elbehiery et al. [3] subsequently in-
troduced a low-cost and portable solution for detecting common defects, including cracks and 
pinholes, through morphological processing. In a similar vein, Hocenski et al. [4] employed im-
age analysis methods to recognize edge defects, scratches, glazing faults, and texture anomalies, 
illustrating that several inspection activities could be partially automated. 

Despite these developments, later studies pointed out that purely image-based inspection 
methods often lack robustness under real production conditions [8]. Rahaman and Hossain [9] 
observed that performance obtained in controlled environments tends to decline when faced 
with low contrast, surface noise, and fluctuating illumination. Karimi and Asemani [5] also noted 
that no single image processing technique can adequately represent the wide range of ceramic 
defect types, thereby underscoring the need for complementary approaches. In sum, these re-
sults suggest that inspection performance is strongly affected by operational variability, which 
in turn limits reliability and transferability across different manufacturing settings. 

Parallel to classical vision-based inspection, data-driven approaches using production and 
process variables have been explored to support defect evaluation [6]. In a related direction, 
Kumru [10] proposed a fuzzy logic-based evaluation framework for sanitaryware quality as-
sessment to reduce subjectivity and improve decision consistency. These lines of work motivate 
defect evaluation strategies that leverage routinely collected manufacturing data rather than 
relying solely on surface appearance. 

More recently, the literature has increasingly shifted toward deep learning-based defect detec-
tion [11]. Recent studies report strong performance improvements through architectural optimi-
zation and lightweight backbones [12, 13]. For example, Wan et al. [14], Carvalho et al. [15], and Lu 
et al. [16] optimized YOLOv5 models and reported good performances. In addition, Chen et al. [17] 
proposed a multi-scale defect detection model for 3D-printed ceramic components. A recent con-
tribution by Diao et al. [18] introduced a GhostNet-based lightweight YOLOv10s variant.  

Across both machine learning and deep learning studies, class imbalance and partial overlap 
among defect categories are repeatedly identified as major obstacles in multi-class settings. Domi-
nant classes (e.g., crack-related defects) tend to be easier to separate, whereas rarer or process-
dependent defects are harder to distinguish. This makes class-sensitive evaluation essential, since 
aggregate accuracy alone can mask systematic errors on minority but operationally important 
defect categories. In this context, evaluation protocols that combine class-wise performance re-
porting with transparent decision rules become particularly important for industrial adoption. 

Overall, the literature indicates that ceramic defect analysis has progressed from classical im-
age processing to modern deep learning detectors and production-data–driven decision support. 
Nevertheless, challenges related to operational variability, class imbalance, and deployability 
remain. Building on these insights, the present study focuses on defect evaluation using a large-
scale, real production dataset under industrial class imbalance. 
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3. Materials and methods 
In this study, automated defect classification is treated as an evaluation process rather than a 
purely predictive task. Accordingly, the methodological design is guided by principles of meas-
urement reliability, uncertainty management, and output stability. 

In ceramic sanitaryware manufacturing, uncertainty arises from subjective visual judgments, 
overlapping defect mechanisms, and variability in production processes. These factors influence 
both the consistency of reference labels and the reliability of model predictions. To limit their 
effects, probabilistic calibration and ensemble aggregation are applied to stabilize output distri-
butions and improve repeatability under different operating conditions. Within this context, 
classification confidence is viewed as a quantitative indicator of measurement reliability, which 
allows decision thresholds to be adjusted in line with operational risk considerations.  

3.1 Data source 

This study is based on real operational production data collected from a ceramic sanitaryware 
manufacturing company operating in Türkiye. The dataset comprises 11,071 production records 
obtained under routine industrial conditions and reflects authentic process variability. Each 
record corresponds to a single product unit and includes numerical and categorical variables 
that describe material properties, process parameters, and production conditions. 

From a quality control standpoint, each product’s defect condition is treated as the target 
quantity, whereas production and process variables provide indirect evidence for its assess-
ment. Data were collected through routine monitoring practices, without artificial modification, 
resampling, or synthetic augmentation. This strategy helps maintain the authenticity of the pro-
duction setting and supports the practical relevance of the analysis. 

Defect labels were first assigned during routine quality control activities by experienced in-
spectors. When uncertainties arose, the samples were re-examined by a senior supervisor, and 
the final decision was reached through mutual agreement. This two-step annotation procedure 
enhances the consistency of the reference labels used for model training and testing. To further 
reinforce the reliability of the labeling process, a randomly selected subset of records was addi-
tionally reviewed by an independent domain expert in order to check for potential inconsisten-
cies and borderline cases. 

Although formal inter-annotator agreement metrics were not recorded, the two-stage inspec-
tion procedure, consensus-based validation of uncertain cases, and additional independent re-
view of a subset of samples were designed to enhance label consistency under real production 
conditions. This approach reflects common industrial quality-control practice, where operation-
al feasibility often limits the use of formal annotation protocols. 

 
Fig. 1 Distribution of defect classes in the production dataset 
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Because several defect categories were represented by relatively few observations, the origi-
nal labels were consolidated into three operationally meaningful classes: Crack, Retouch, and 
Other. The Other category includes air bubbles, pinholes, deformation defects, and assembly-
related imperfections. Although these defect types differ in their physical characteristics, they 
were combined due to their comparable implications for downstream quality control, particular-
ly with respect to rework and rejection decisions. In practice, these defects are mainly identified 
through the same visual inspection routines and production monitoring mechanisms, which 
further supports their joint treatment within a unified class structure. In addition, the dataset 
displays a pronounced class imbalance. As shown in Fig. 1, Crack defects form the majority class 
with 6,723 instances, while Retouch and Other are represented by 1,955 and 2,393 samples, 
respectively. This uneven distribution reflects realistic production conditions but poses consid-
erable challenges for model training and performance assessment. Accordingly, class-aware 
evaluation metrics and probability calibration are emphasized throughout the analysis. 
3.2 Feature preparation and candidate models 
The dataset includes seven process- and material-related input variables representing indirect 
measurement channels of defect formation: five categorical variables (product category, kiln type, 
clay type, casting area, and drying chamber) and two continuous variables (thixotropy and mold 
age). Product category denotes the five main sanitaryware groups produced on the line (washba-
sin, toilet, bidet, urinal, and shower tray). Kiln type reflects four firing configurations used in pro-
duction. Clay type distinguishes two material formulations with different raw-material composi-
tion and firing behavior (a fine-grained, high-density formulation for high-temperature firing and 
smooth-surface products, and a coarser, lower-density formulation typically used for thicker-
walled products). The casting area refers to the specific location where casting and shaping are 
performed, covering eight distinct areas within the production line. The drying chamber denotes 
the controlled pre-firing drying environment, consisting of seven chambers, whose temperature 
and humidity conditions are known to affect crack formation and deformation. Furthermore, thix-
otropy is a rheological property that describes material flow behavior under mechanical stress. It 
is commonly expected to influence surface-related defects through its effects on application and 
adhesion. Mold age indicates the number of casting cycles a mold has completed and is linked to 
wear-related changes that may impact geometric stability and surface quality. 

During data preprocessing, numerical features were standardized to have zero mean and unit 
variance in order to improve numerical stability and maintain comparability across learning 
algorithms. Categorical variables were encoded using one-hot representations for multinomial 
logistic regression and support vector machines, whereas CatBoost relied on its built-in permu-
tation-based encoding scheme to process categorical information efficiently. 

Three supervised learning models reflecting complementary modeling strategies were exam-
ined: multinomial logistic regression, support vector machines with a radial basis function ker-
nel, and CatBoost. Logistic regression was adopted as a linear probabilistic baseline and trained 
with class-weighted loss and L2 regularization. Support vector machines employed a soft-
margin formulation to capture nonlinear decision boundaries, with kernel and penalty parame-
ters tuned via cross-validation. CatBoost was used to model complex nonlinear interactions 
among process variables, incorporating early stopping and regularization mechanisms to limit 
model complexity. 

To exploit the complementary strengths of individual classifiers, a probability-based voting 
ensemble was constructed (see Fig. 2). Let 𝑝𝑝 𝑚𝑚

(𝑘𝑘)
 denote the posterior probability assigned to class 

𝑘𝑘 by model 𝑚𝑚. The ensemble prediction is obtained as 

𝑦𝑦�  =   arg max 𝑘𝑘∈𝜅𝜅 � 𝑤𝑤𝑚𝑚𝑝𝑝𝑚𝑚
(𝑘𝑘)

𝑀𝑀

𝑚𝑚=1

, (1) 

where 𝑤𝑤𝑚𝑚 represents the weight associated with model 𝑚𝑚, and 𝑀𝑀 denotes the number of base 
classifiers. Both equal-weight and performance-informed weighting strategies were examined. 
In the performance-informed scheme, weights were proportional to validation Macro-F1 scores 
and normalized to sum to unity. 
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To improve the reliability of posterior probability estimates, post-hoc probability calibration was 
applied using Platt scaling (sigmoid method) implemented via the CalibratedClassifierCV framework 
on validation data prior to ensemble aggregation. This calibration step ensures that probabilistic 
outputs are comparable across models and supports transparent and stable decision-making. 

 
Fig. 2 Architecture of the proposed probability-based voting ensemble model 

3.3 Experimental design and performance evaluation 
The dataset was split into training and test sets using stratified sampling to preserve class pro-
portions; 25 % of the observations were reserved as an external test set. No data from the test 
set was used during feature engineering, probability calibration, or hyperparameter tuning. 
Within the training set, hyperparameter optimization was performed using Optuna with 100 
trials under a 5-fold cross-validation scheme. All experiments were conducted using a fixed ran-
dom seed to ensure reproducibility. Macro-F1 was selected as the primary optimization objec-
tive to reflect balanced performance across imbalanced classes. 

To support a more production-oriented interpretation of model outputs, probability-based 
decision behavior was examined through calibrated probability outputs and class-wise perfor-
mance reporting. All preprocessing and modeling steps were implemented within a unified 
computational pipeline; stochastic components were controlled via fixed random seeds, and the 
complete experimental configuration was documented to support reproducibility. Calibration 
quality was evaluated on validation data to ensure that probabilistic outputs used in ensemble 
aggregation are comparable and decision-relevant. 

4. Results and discussion 
This section presents and discusses the empirical findings obtained from the comparative evalua-
tion of individual classifiers and the proposed probability-based ensemble using real production 
data. The primary objective is to assess classification performance under industrial class imbal-
ance and to examine the reliability of model outputs from a production-oriented perspective. 

Table 1 reports the overall predictive performance of multinomial logistic regression, sup-
port vector machines, CatBoost, and the proposed ensemble on the external test set. As shown in 
Table 1, logistic regression and support vector machines achieve competitive Macro-F1 scores, 
while CatBoost exhibits slightly lower generalization performance in the present production-
data context. The ensemble outperforms individual models in terms of balanced performance, 
indicating that probabilistic aggregation contributes to improved robustness under heterogene-
ous operating conditions. The proposed ensemble not only improves Macro-F1 performance but 
also reduces inter-fold performance variance and enhances probability calibration, leading to 
more stable and reliable decision support in production settings. 

Table 1 Overall classification performance of individual models and the proposed ensemble 
Model Accuracy Macro precision Macro recall Macro F1 
Logistic regression 0.7695 0.7376 0.6946 0.7126 
SVM (RBF) 0.7673 0.7445 0.6797 0.7047 
CatBoost 0.7565 0.7260 0.6602 0.6838 
Voting ensemble 0.7731 0.7345 0.7099 0.7211 
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Table 2 Class-wise precision, recall, and F1-score for each classifier on the test dataset 
Class Model Precision Recall F1-Score 
Crack Logistic Regression 0.8011 0.8721 0.8351 

SVM (RBF) 0.7869 0.8876 0.8342 
CatBoost 0.7839 0.8870 0.8323 
Voting Ensemble 0.8158 0.8614 0.8380 

Retouch Logistic Regression 0.6939 0.5562 0.6175 
SVM (RBF) 0.7155 0.5194 0.6019 
CatBoost 0.7003 0.4683 0.5613 
Voting Ensemble 0.6608 0.6094 0.6340 

Other Logistic Regression 0.7179 0.6555 0.6853 
SVM (RBF) 0.7311 0.6321 0.6780 
CatBoost 0.6939 0.6254 0.6579 
Voting Ensemble 0.7249 0.6589 0.6912 

 

Table 3 Confusion matrix of the proposed ensemble classifier on the test dataset 
True / Predicted Crack Retouch Other 
Crack 1448 115 118 
Retouch 161 298 30 
Other 116 38 394 

 

Detailed class-wise precision, recall, and F1-scores are summarized in Table 2. The results 
indicate that Crack defects are consistently detected with high accuracy across all models, re-
flecting their distinctive process-related signatures and higher frequency in the dataset. In con-
trast, Retouch defects exhibit substantially lower recall values and higher misclassification rates, 
primarily due to their partial overlap with both Crack and Other categories. This behavior high-
lights the intrinsic difficulty of reliably distinguishing retouch-related imperfections based solely 
on routinely collected production variables. 

The confusion matrix corresponding to the ensemble classifier is presented in Table 3. Sys-
tematic confusion between the Retouch and Other classes is clearly observed. This pattern con-
firms that these categories share overlapping operational characteristics. From a quality-system 
perspective, such misclassification patterns represent a critical source of uncertainty, as they 
may lead to unstable rework decisions and inconsistent quality assessments in high-throughput 
production environments. 

To support meaningful probability-based aggregation, posterior class probabilities were cali-
brated using Platt scaling prior to ensemble integration. The improved consistency of probabilis-
tic outputs contributes to more stable decision behavior, reinforcing the interpretation of model 
predictions as measurement-informed indicators rather than purely statistical classifications. 
Moreover, after calibration, the Brier score decreased from 0.244 to 0.197, and the expected 
calibration error was reduced from 0.098 to 0.049. 

Overall, the results demonstrate that defect evaluation based on routinely collected produc-
tion data can be formulated as a reliable quality control support process when appropriate pre-
processing, probability calibration, and ensemble integration are employed. Rather than maxim-
izing aggregate accuracy alone, the proposed evaluation strategy emphasizes balanced perfor-
mance, decision stability, and operational interpretability. These characteristics are essential for 
deploying machine learning-assisted inspection systems in industrial quality control, where 
consistent and transparent measurement outcomes are required for effective process control 
and continuous improvement. 

In addition, the relevance of individual features was further examined using permutation-
based importance analysis to assess their contribution to decision reliability. Since the proposed 
ensemble integrates posterior probabilities from multiple classifiers, direct attribution of deci-
sion behavior to individual input variables is not straightforward. Therefore, a model-agnostic 
permutation approach was adopted to quantify the marginal contribution of each feature to 
classification performance in terms of changes in Macro-F1 score. 
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The analysis indicates that thixotropy represents the most influential process variable, as its 
random perturbation resulted in the largest performance degradation. This finding highlights the 
critical role of material flowability and shaping behavior in defect formation, which is consistent 
with established ceramic manufacturing knowledge. Clay type and drying chamber variables like-
wise showed high importance scores. This indicates that defect occurrence is closely associated 
with material properties and environmental process conditions throughout production. 

Mold age and product category exhibited moderate importance, indicating that these varia-
bles may influence defect formation indirectly through their effects on process stability and ge-
ometric properties. By contrast, casting location showed limited individual impact, and kiln-
related variables displayed negligible importance, pointing to relatively uniform firing condi-
tions within the examined production system. Namely, these results suggest that the proposed 
production-oriented framework not only enhances classification reliability but also yields prac-
tical insights into the key process pathways associated with defect generation. 

Beyond overall performance, the results highlight that defect evaluation based on routinely 
collected production variables is inherently constrained by operational variability and partially 
unobserved factors. In particular, systematic confusion between Retouch and Other suggests 
that the available process descriptors may not fully capture the latent mechanisms driving sub-
tle surface-related imperfections. This limitation is consistent with the measurement interpreta-
tion of the problem, where repeatability and decision reliability depend not only on the learning 
algorithm but also on the representativeness of observation channels and the stability of the 
operating context. The proposed calibration-aware ensemble reduces bias toward dominant 
classes and provides more stable probability-based decisions; however, residual errors indicate 
that additional contextual variables (e.g., operator-, shift-, and maintenance-related metadata) 
may be required to further improve reliability in high-throughput settings. The stability of fea-
ture rankings was further verified across cross-validation folds, indicating that the identified key 
process variables consistently contribute to classification reliability. 

From an operational perspective, the observed improvement in class-balanced performance 
and minority-class recall contributes to more consistent rework decisions, reduces the risk of sys-
tematic misclassification, and supports more stable quality control processes in high-throughput 
production environments. 

Furthermore, it should be noted that the dataset used in this study originates from a single 
production facility. While this limits the direct generalizability of model-specific results, the pro-
posed framework is designed as a transferable decision-support approach. In different industrial 
settings, the same methodology can be applied by re-calibrating model parameters and adapting 
feature representations to local production conditions. In addition, the aggregation of multiple 
defect types into the Other category, while necessary to ensure statistical robustness, may lead 
to a loss of defect-specific information. However, this grouping reflects practical industrial deci-
sion-making, where defects with similar operational consequences are often treated collectively. 
Future work will focus on more fine-grained defect categorization as larger and more balanced 
datasets become available. 

Lastly, the temporal stability of the model across different production periods, work shifts, and 
potential process drift could not be directly assessed within the scope of the current dataset. This 
aspect is critical for long-term deployment of data-driven quality control systems and will be ad-
dressed in future studies through time-aware validation and continuous monitoring approaches. 

5. Conclusion 
This study investigated production-data-based multi-class defect evaluation in ceramic sanitary-
ware manufacturing from a practical industrial quality control perspective. Using 11,071 real-
world industrial observations and a two-stage quality-control labeling procedure, multinomial 
logistic regression, SVM (RBF), CatBoost, and a calibrated probability-based voting ensemble were 
evaluated under severe class imbalance. The results show that probability calibration and ensem-
ble aggregation improve balanced performance and decision consistency, supporting the use of 
routinely collected process data as an indirect data-driven input for defect assessment. 
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Model-agnostic permutation analysis further indicates that defect behavior is primarily driv-
en by material and process-condition variables, with thixotropy, clay type, and drying environ-
ment emerging as key contributors to classification reliability. At the same time, remaining mis-
classifications—especially between structurally similar defect categories—suggest that part of 
the decision uncertainty arises from latent and context-dependent factors that are not explicitly 
represented in the current dataset. Future work will focus on integrating operator-, shift-, and 
maintenance-related metadata to explicitly model contextual uncertainty and enhance decision 
consistency and reliability in high-throughput environments. 

Acknowledgement 
The authors would like to thank the industrial partner for providing access to real production data and supporting the 
development of this study. The authors also acknowledge the valuable insights obtained from practical manufacturing 
experience during the design of the experimental framework. 

References 
[1] Ozcetin, E., Ozturk, G., Ozturk, Z.K., Kasimbeyli, R., Kasimbeyli, N. (2023). A decision support system for consoli-

dated distribution of a ceramic sanitary ware company, Expert Systems with Applications, Vol. 213, Part A, Article 
No. 118785, doi: 10.1016/j.eswa.2022.118785. 

[2] Forrest, A.K. (2003). Surface defect detection on ceramics, In: Graves, M., Batchelor, B. (eds.), Machine vision for 
the inspection of natural products, Springer, London, United Kingdom, 191-213, doi: 10.1007/1-85233-853-9_6. 

[3] Elbehiery, H., Hefnawy, A., Elewa, M. (2005). Surface defects detection for ceramic tiles using image processing and 
morphological techniques, In: Proceedings of the Third World Enformatika Conference, Istanbul, Turkey, 158-162. 

[4] Hocenski, Z., Keser, T., Baumgartner, A. (2007). A simple and efficient method for ceramic tile surface defects 
detection, In: Proceedings of 2007 IEEE International Symposium on Industrial Electronics, Vigo, Spain, 1606-
1611, doi: 10.1109/ISIE.2007.4374844. 

[5] Karimi, M.H., Asemani, D. (2014). Surface defect detection in tiling industries using digital image processing 
methods: Analysis and evaluation, ISA Transactions, Vol. 53, No. 3, 834-844, doi: 10.1016/j.isatra.2013.11.015. 

[6] Dengiz, O., Smith, A.E., Nettleship, I. (2006). Two-stage data mining for flaw identification in ceramics manufacture, 
International Journal of Production Research, Vol. 44, No. 14, 2839-2851, doi: 10.1080/00207540500534454. 

[7] Kesharaju, M., Nagarajah, R. (2017). Particle swarm optimization approach to defect detection in armour ceram-
ics, Ultrasonics, Vol. 75, 124-131, doi: 10.1016/j.ultras.2016.07.008. 

[8] Hanzaei, S.H., Afshar, A., Barazandeh, F. (2017). Automatic detection and classification of the ceramic tiles’ sur-
face defects, Pattern Recognition, Vol. 66, 174-189, doi: 10.1016/j.patcog.2016.11.021. 

[9] Rahaman, G.M.A., Hossain, M.M. (2009). Automatic defect detection and classification technique from image: A 
special case using ceramic tiles, arXiv, doi: 10.48550/arXiv.0906.3770. 

[10] Kumru, M. (2013). Assessing the visual quality of sanitary ware by fuzzy logic, Applied Soft Computing, Vol. 13, 
No. 8, 3646-3656, doi: 10.1016/j.asoc.2013.03.012. 

[11] Zhou, M., Wu, T., Xia, Z., He, B., Kong, L.B., Su, H. (2025). Research progress in deep learning for ceramics surface 
defect detection, Measurement, Vol. 242, Part B, Article No. 115956, doi: 10.1016/j.measurement.2024.115956. 

[12] Abbas, S., Moumen, H., Abbas, F. (2023). Efficient method using attention based convolutional neural networks 
for ceramic tiles defect classification, Revue d'Intelligence Artificielle, Vol. 37, No. 1, 53-62, doi: 10.18280/ 
ria.370108.  

[13] Fei, Z., Zhao, R., Xin, K., Chen, G., Xiang, X. (2026). Defect detection of ceramic substrates based on improved 
YOLOv9 algorithm, International Journal of Machine Learning and Cybernetics, Vol. 17, No. 1, Article No. 29, doi: 
10.1007/s13042-025-02835-2. 

[14] Wan, G., Fang, H., Wang, D., Yan, J., Xie, B. (2022). Ceramic tile surface defect detection based on deep learning, 
Ceramics International, Vol. 48, No. 8, 11085-11093, doi: 10.1016/j.ceramint.2021.12.328. 

[15] Carvalho, R., Morgado, A.C., Gonçalves, J., Kumar, A., Rolo, A.G.E.S., Carreira, R., Soares, F. (2023). Computer-aided 
visual inspection of glass-coated tableware ceramics for multi-class defect detection, Applied Sciences, Vol. 13, 
No. 21, Article No. 11708, doi: 10.3390/app132111708. 

[16] Lu, Q., Lin, J., Luo, L., Zhang, Y., Zhu, W. (2022). A supervised approach for automated surface defect detection in 
ceramic tile quality control, Advanced Engineering Informatics, Vol. 53, Article No. 101692, doi: 10.1016/ 
j.aei.2022.101692. 

[17] Chen, W., Zou, B., Yang, G., Zheng, Q., Lei, T., Huang, C., Liu, J., Li, L. (2024). A real-time detection system for mul-
tiscale surface defects of 3D printed ceramic parts based on deep learning, Ceramics International, Vol. 50, No. 8, 
13101-13112, doi: 10.1016/j.ceramint.2024.01.220. 

[18] Diao, J., Wei, H., Zhou, Y., Diao, Z. (2025). A deep learning-based algorithm for ceramic product defect detection, 
Applied Sciences, Vol. 15, No. 12, Article No. 6641, doi: 10.3390/app15126641. 

 
 

https://doi.org/10.1016/j.eswa.2022.118785
https://doi.org/10.1007/1-85233-853-9_6
https://doi.org/10.1109/ISIE.2007.4374844
https://doi.org/10.1016/j.isatra.2013.11.015
https://doi.org/10.1080/00207540500534454
https://doi.org/10.1016/j.ultras.2016.07.008
https://doi.org/10.1016/j.patcog.2016.11.021
https://doi.org/10.48550/arXiv.0906.3770
https://doi.org/10.1016/j.asoc.2013.03.012
https://doi.org/10.1016/j.measurement.2024.115956
https://doi.org/10.18280/ria.370108
https://doi.org/10.18280/ria.370108
https://doi.org/10.1007/s13042-025-02835-2
https://doi.org/10.1007/s13042-025-02835-2
https://doi.org/10.1016/j.ceramint.2021.12.328
https://doi.org/10.3390/app132111708
https://doi.org/10.1016/j.aei.2022.101692
https://doi.org/10.1016/j.aei.2022.101692
https://doi.org/10.1016/j.ceramint.2024.01.220
https://doi.org/10.3390/app15126641


25 

Advances in Production Engineering & Management ISSN 1854-6250 
Volume 21 | Number 1 | March 2026 | pp 25–39 Journal home: apem-journal.org 
https://doi.org/10.14743/apem2026.1.559 Original scientific paper 

Emergency production dispatching under sudden disruptions: 
A tripartite evolutionary game approach  
Cheng, R.a, Zhao, Z.B.a,*, Liu, J.D.a, Sheng, S.Y.a 
aSchool of Management, Harbin Institute of Technology, Harbin, P.R. China 

A B S T R A C T A R T I C L E   I N F O 
Sudden disruptions, including equipment failures, supply interruptions, and 
extreme events, can quickly make shop-floor schedules infeasible. Yet emer-
gency production dispatching is often treated as a stand-alone rescheduling 
problem that overlooks coordination and enforcement. This study frames di-
sruption response in industrial parks as a coupled production-control and go-
vernance problem and develops a tripartite evolutionary game model invol-
ving a local coordination authority, manufacturing firms, and an upper-level 
government. The model examines how proactive dispatching, cooperative re-
scheduling, and supervision co-evolve under bounded rationality. Using repli-
cator dynamics, Jacobian stability analysis, and numerical simulations, we 
identify the conditions under which cooperative emergency dispatching beco-
mes stable. The findings are based on a simulation-based evolutionary game 
model rather than on calibrated industrial case data. Results show that reso-
urce support, cooperation gains, and credible penalties promote proactive dis-
patching, whereas high adjustment costs weaken firms’ willingness to coope-
rate. Rising monitoring costs reduce the attractiveness of strict supervision, 
while effective horizontal cooperation partly substitutes for vertical enforce-
ment. From a practical perspective, emergency dispatching is more effective 
when firms’ adjustment burdens are reduced, repeated cooperation is rewar-
ded, passive behavior is credibly disciplined, and supervision remains effective 
but sustainable. 

 Keywords: 
Emergency production 
dispatching; 
Industrial park coordination; 
Manufacturing disruption; 
Evolutionary game; 
Bounded rationality; 
Sensitivity analysis 

*Corresponding author: 
zhaozebin@hit.edu.cn 
(Zhao, Z.B.) 

Article history:  
Received 6 April 2026 
Revised 25 April 2026 
Accepted 27 April 2026 

Content from this work may be used under the terms of 
the Creative Commons Attribution 4.0 International 
Licence (CC BY 4.0). Any further distribution of this work 
must maintain attribution to the author(s) and the title of 
the work, journal citation and DOI.

1. Introduction
In recent years, manufacturing systems have been increasingly exposed to sudden disruptions 
such as natural hazards, major accidents, pandemics, cyber incidents, and critical utility outages 
[1]. These shocks can trigger abrupt capacity loss, material shortages, and cascading schedule in-
feasibility across workshops, plants, and industrial parks [2]. In shop-floor execution, delayed dis-
patching and rescheduling may amplify work-in-process accumulation, delivery failures, and rip-
ple effects along supply networks [3]. Consequently, emergency production dispatching, such as 
rapid rescheduling and real-time production control after a disruption, has become a central issue 
in production planning, scheduling, and control under risk and uncertainty. 

However, emergency dispatching in real manufacturing settings is rarely a purely technical 
optimization problem. Particularly in manufacturing clusters and industrial parks, it is a multi-
actor coordination process. A local coordination authority must activate emergency plans and mo-
bilize shared resources; manufacturing firms must decide whether to cooperate with reschedu-
ling measures such as capacity sharing and overtime; and upper-level government agencies often 
intervene through supervision and resource support. Because these actors face different costs, 
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constraints, and accountability pressures, technically feasible dispatching policies may fail to ma-
terialize when incentives are misaligned. 

To address this challenge, this study frames disruption response as a coupled production-con-
trol and governance problem. We develop a tripartite evolutionary game model involving a local 
coordination authority, manufacturing firms, and an upper-level government. The study examines 
how proactive dispatching, cooperative rescheduling, and supervision co-evolve under bounded 
rationality. The contributions are threefold. First, the study reframes emergency production dis-
patching as a coupled governance and scheduling implementation problem rather than a purely 
technical optimization task. Second, it provides a tractable tripartite evolutionary mechanism to 
explain when cooperative dispatching becomes evolutionarily stable. Third, it offers policy and 
managerial insights on how to design incentive-compatible emergency dispatching schemes that 
converge reliably under bounded rationality. 

The remainder of this paper is organized as follows. Section 2 reviews the relevant literature. 
Section 3 presents the problem description and the tripartite evolutionary game model. Section 4 
analyzes the stability of equilibrium points. Section 5 reports numerical simulations and sensiti-
vity analyses. The final section summarizes conclusions and implications. 

2. Literature review 
A substantial literature has examined manufacturing disruption management through operations 
research and industrial engineering approaches, including predictive–reactive rescheduling, 
dynamic scheduling, robust and stochastic formulations, dispatching and repair heuristics, and 
simulation-based optimization [4-6]. Meanwhile, Industry 4.0 and smart manufacturing infra-
structures have advanced data-driven decision support for real-time monitoring and schedule 
adaptation, with recent reviews highlighting digitally enabled smart manufacturing scheduling 
[7]. However, much of this scheduling-centric research evaluates performance conditional on im-
plementable schedules, often treating stakeholder compliance, information sharing, and cross-
organizational coordination as exogenous or costless. This assumption is restrictive when emer-
gency dispatching depends on multi-actor joint action under accountability and incentive conflicts. 

Existing studies have increasingly viewed disruption response as shaped by behavioral, orga-
nizational, and governance factors. Research on environmental emergencies highlights the role of 
rescuers’ emotions and occupational safety [8], while other studies examine incentives, safety 
compliance, and public-private collaboration in disruption contexts [9, 10]. Game-theoretic mo-
dels have been used to explain how subsidies, penalties, and contract terms affect stakeholder 
participation in emergency collaboration, post-disruption recovery, and resource sharing [11, 12]. 
Related studies further show that financial constraints, capacity limits, and procurement decisi-
ons jointly influence disaster and emergency response effectiveness [13]. However, many existing 
models remain dyadic, such as supplier–manufacturer interactions, and often rely on full-rationa-
lity, static, or leader–follower assumptions. These settings limit their ability to capture boundedly 
rational adaptation and enforcement dynamics in time-pressured emergencies. Although tripar-
tite evolutionary games have been applied in some emergency management contexts, their use in 
emergency production dispatching and industrial-park rescheduling remains limited, particularly 
for explaining the co-evolution of vertical supervision and horizontal capacity reallocation. 

Studies on industrial and social accident decision-making have shown that negative emotions, 
decision concerns, task modes, and risk preferences affect decision time, confidence, and behavi-
oral choices [14, 15]. Evolutionary game theory offers a natural analytical lens for this problem 
because emergency response strategies are shaped by bounded rationality, learning, and repeated 
interactions across drills and real incidents. Rather than assuming perfect rationality, evolutio-
nary games describe how strategy shares evolve based on relative payoffs and how a system may 
converge to an evolutionary stable strategy under specific incentive and cost structures [16]. Re-
cent studies have applied tripartite evolutionary game frameworks to technology adoption and 
multi-stakeholder coordination in production and logistics [17, 18]. Recent studies have further 
used this approach to examine manufacturing capacity sharing and AI delivery technology 
adoption, showing its applicability to multi-stakeholder strategy evolution in production and 
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logistics systems [19, 20]. These studies typically combine equilibrium stability analysis with nu-
merical simulation to identify the parameters that drive convergence to desirable states. Nonethe-
less, the application of such frameworks to emergency production dispatching, especially under 
vertical administrative governance, remains underdeveloped. 

3. Evolutionary game theory model 
3.1 Basic assumptions and game description 

To study implementable emergency production dispatching, we consider a tripartite evolutionary 
interaction within an industrial park or manufacturing cluster. In this setting, disruptions may 
render pre-planned schedules infeasible and require rapid rescheduling and capacity reallocation. 
The three stakeholders are a local coordination authority, manufacturing firms, and an upper-
level government. In this study, emergency production dispatching is interpreted as the imple-
mentation process that makes disrupted production plans executable, rather than as a substitute 
for a shop-floor scheduling or rescheduling algorithm. Operationally, it may involve order resequ-
encing, machine reassignment, changeover acceleration, overtime arrangement, expedited procu-
rement, temporary outsourcing, cross-firm capacity sharing, and delivery-priority adjustment. A 
scheduling model may generate candidate rescheduling plans and indicators such as recovery 
time, tardiness reduction, throughput loss, capacity utilization, and adjustment cost, while the go-
vernance layer developed here explains whether these plans can be implemented through proac-
tive coordination, firm cooperation, and appropriate supervision. The local coordination authority 
represents the industrial-park operator or regional manufacturing coordination office responsi-
ble for activating emergency production plans, integrating information, and organizing cross-firm 
dispatching. Manufacturing firms execute shop-floor actions such as sequence changes, change-
overs, overtime, expedited procurement, and temporary capacity sharing. The upper-level go-
vernment acts as a supervisory and support body that enforces compliance and allocates emer-
gency resources when needed. The model focuses on how vertical supervision and horizontal ca-
pacity reallocation jointly shape the evolution of implementable dispatching. 

Hypothesis 1 (Bounded rationality and evolutionary adaptation). The local coordination authority, 
manufacturing firms, and the upper-level government are denoted as Player 1, Player 2, and 
Player 3. Decision-makers operate under bounded rationality and cannot fully anticipate others’ 
actions in time-pressured disruption response. Strategy adjustments follow payoff-driven lear-
ning, imitation, or reinforcement based on observed performance in drills and real incidents. As 
disruption experiences accumulate, the proportions of agents adopting alternative strategies 
evolve over time and may converge to an evolutionarily stable state. 

Hypothesis 2 (Strategic choice and probability). Each player has two alternative strategies. The 
local coordination authority chooses proactive dispatching or passive response. Let the probabi-
lity of proactive dispatching be x ∈ [0,1], and passive response be 1 − 𝑥𝑥. Manufacturing firms cho-
ose active cooperation or non-cooperation in emergency rescheduling and capacity reallocation. 
Let the probability of active cooperation be 𝑦𝑦 ∈ [0,1], and non-cooperation be 1 − 𝑦𝑦. The upper-
level government chooses between strict supervision and loose supervision. Let the probability 
of strict supervision be z ∈ [0,1] and that of loose supervision be 1 − 𝑧𝑧. 

Hypothesis 3 (Payoffs of the local coordination authority). If the local coordination authority adopts 
proactive dispatching, it incurs a coordination cost 𝐷𝐷  reflecting plan activation, cross-firm dis-
patching, information integration, and resource mobilization, and obtains an operational continuity 
benefit 𝐵𝐵, representing improved delivery reliability and reduced disruption losses at the system 
level. Under strict supervision, it can receive resource support 𝐴𝐴, such as emergency funding, logi-
stics capacity, or prioritized utilities. When firms actively cooperate, the authority gains an additio-
nal effectiveness benefit 𝐶𝐶 , reflecting higher implementability of rescheduling, faster recovery of 
throughput, and reduced spillovers enabled by capacity pooling. If the authority adopts a passive 
response, it suffers a delay-related loss 𝐸𝐸, may be penalized by the upper-level government 𝐹𝐹, and 
experiences a credibility loss 𝐺𝐺 that weakens its future coordination capability. 
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Hypothesis 4 (Payoffs of the manufacturing firms). If a manufacturing firm chooses active coopera-
tion, it gains a reputation benefit and may receive a local incentive 𝐻𝐻, but bears adjustment costs 
𝐽𝐽, including overtime, setup and changeover, sequence deviations, expedited procurement, and 
additional coordination effort. Non-cooperation avoids part of 𝐽𝐽 in the short run but results in a 
reputation loss 𝐾𝐾 and a penalty 𝐿𝐿 associated with noncompliance in emergency production arran-
gements. When proactive dispatching and cooperation occur jointly, manufacturing firms obtain 
a long-term collaboration payoff 𝑋𝑋, capturing persistent advantages such as preferential access to 
shared resources, repeated coordination efficiency, and improved recovery performance in sub-
sequent disruptions. 

Hypothesis 5 (Payoffs of the upper-level government). Strict supervision yields a system stability 
benefit 𝑀𝑀 and a regulatory performance payoff 𝑃𝑃, reflecting reduced regional production inter-
ruptions and improved resilience of manufacturing supply capacity, but incurs supervision and 
coordination costs 𝑄𝑄. When the local coordination authority is proactive, an additional resilience 
gain 𝑂𝑂 is realized through reduced cascading risks and faster restoration of production and logi-
stics functions. Loose supervision leads to a credibility loss 𝑅𝑅 and an escalation risk cost 𝑆𝑆, as local 
inaction or firm noncompliance can amplify disruption impacts and require higher-cost interven-
tions later. 

3.2 Evolutionary game model design 

Following the established hypotheses above, the strategic interaction is encapsulated within a 
mixed-strategy game framework, which is detailed in Table 1. 

Table 1 Tripartite payoff matrix 

Manufacturing firms Upper-level government 
Strict supervision (𝑧𝑧) Loose supervision (1 − 𝑧𝑧) 

Local 
coordination 
authority 

Proactive 
dispatching (𝑥𝑥) 

Active cooperation  
(𝑦𝑦) 

𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 − 𝐷𝐷 − 𝐼𝐼 
𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 − 𝑁𝑁 + 𝑋𝑋 
𝑀𝑀 + 𝑂𝑂 + 𝑃𝑃 − 𝑄𝑄 − 𝐴𝐴 

𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 − 𝐷𝐷 − 𝐼𝐼 
𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝑋𝑋 
−𝑅𝑅 − 𝑆𝑆 

Non-cooperation 
(1 − 𝑦𝑦) 

𝐴𝐴 + 𝐵𝐵 − 𝐷𝐷 + 𝐿𝐿 
−𝐾𝐾 − 𝐿𝐿 − 𝑁𝑁 
𝑀𝑀 + 𝑂𝑂 + 𝑃𝑃 − 𝑄𝑄 − 𝐴𝐴 

𝐴𝐴 + 𝐵𝐵 − 𝐷𝐷 + 𝐿𝐿 
−𝐾𝐾 − 𝐿𝐿 
−𝑅𝑅 − 𝑆𝑆 

Passive 
dispatching 
(1 − 𝑥𝑥) 

Active cooperation  
(𝑦𝑦) 

−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 − 𝐼𝐼 
𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 − 𝑁𝑁 
𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 

−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 − 𝐼𝐼 
𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 
−𝑅𝑅 − 𝑆𝑆 

Non-cooperation 
(1 − 𝑦𝑦) 

−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 + 𝐿𝐿 
−𝐾𝐾 − 𝐿𝐿 − 𝑁𝑁 
𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 

−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 + 𝐿𝐿 
−𝐾𝐾 − 𝐿𝐿 
−𝑅𝑅 − 𝑆𝑆 

4. Model analysis 
4.1 Evolution and stable strategy of local coordination authority 

Upon examining Table 1, it is evident that the anticipated payoff 𝐸𝐸11  of the local coordination 
authority when adopting proactive dispatching is given by Eq. 1. 

𝐸𝐸11 = 𝑦𝑦𝑦𝑦(𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 − 𝐷𝐷 − 𝐼𝐼) + 𝑦𝑦(1 − 𝑧𝑧)(𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 − 𝐷𝐷 − 𝐼𝐼) 
+ (1 − 𝑦𝑦)𝑧𝑧(𝐴𝐴 + 𝐵𝐵 − 𝐷𝐷 + 𝐿𝐿) + (1 − 𝑦𝑦)(1 − 𝑧𝑧)(𝐴𝐴 + 𝐵𝐵 − 𝐷𝐷 + 𝐿𝐿)  (1) 

The expected return 𝐸𝐸12 for the local coordination authority when adopting a passive response is 
calculated as shown in Eq. 2. 

𝐸𝐸12 = 𝑦𝑦𝑦𝑦(−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 − 𝐼𝐼) + 𝑦𝑦(1 − 𝑧𝑧)(−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 − 𝐼𝐼) 
+ (1 − 𝑦𝑦)𝑧𝑧(−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 + 𝐿𝐿) + (1 − 𝑦𝑦)(1 − 𝑧𝑧)(−𝐷𝐷 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 + 𝐿𝐿) (2) 

The overall payoff 𝐸𝐸1 for the local coordination authority is given by Eq. 3. 
𝐸𝐸1 = 𝑥𝑥𝐸𝐸11 + (1 − 𝑥𝑥)𝐸𝐸12 (3) 

Therefore, the replicator dynamic equation describing the evolution of the local coordination 
authority’s strategy can be expressed by Eq. 4. 
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𝐹𝐹(𝑥𝑥) =
d𝑥𝑥
d𝑡𝑡

= 𝑥𝑥(𝐸𝐸11 − 𝐸𝐸1) = 𝑥𝑥(1 − 𝑥𝑥)(𝐸𝐸11 − 𝐸𝐸12) 
= −𝑥𝑥(𝑥𝑥 − 1)(𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 + 𝐶𝐶𝐶𝐶) 

(4) 

The derivative of 𝐹𝐹(𝑥𝑥) with respect to 𝑥𝑥 can be obtained in Eqs. 5 and 6. 
d�𝐹𝐹(𝑥𝑥)�

d𝑥𝑥
= (1 − 2𝑥𝑥)(𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 + 𝐶𝐶𝐶𝐶) (5) 

𝐺𝐺(𝑦𝑦, 𝑧𝑧) = 𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 + 𝐶𝐶𝐶𝐶 (6) 

When 𝑦𝑦 = 𝐴𝐴+𝐵𝐵+𝐸𝐸+𝐹𝐹+𝐺𝐺
−𝐶𝐶

, d�𝐹𝐹(𝑥𝑥)�
d𝑥𝑥

≡ 0; when 𝑦𝑦 ≠ 𝐴𝐴+𝐵𝐵+𝐸𝐸+𝐹𝐹+𝐺𝐺
−𝐶𝐶

, 𝐹𝐹(𝑥𝑥) = 0, then 𝑥𝑥 = 0 and 𝑥𝑥 = 1 are two 
equilibrium points and need to be classified and discussed. 

Proposition 1. If the probability y of manufacturing firms choosing active cooperation is higher 
thanA+B+E+F+G

-C
, 𝑥𝑥  will be stable at 1. Conversely, if y is lower than A+B+E+F+G

-C
, the probability 

𝑥𝑥 will be stable at 0 as presented in Eq. 7. 

𝑥𝑥 =

⎩
⎪
⎨

⎪
⎧ 0 𝑦𝑦 <

𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺
−𝐶𝐶

[0,1] 𝑦𝑦 =
𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺

−𝐶𝐶

1 𝑦𝑦 >
𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺

−𝐶𝐶

 (7) 

The replication dynamics and the evolutionary stable strategies associated with the local coordi-
nation authority’s preference for proactive measures are illustrated in Fig. 1. Here, 𝑉𝑉12represents 
the probability 𝑥𝑥 that the local coordination authority adopts proactive dispatching, whereas 𝑉𝑉11de-
notes the probability 1 − 𝑥𝑥 that it adopts passive dispatching. Proposition 1 indicates that when ma-
nufacturing firms exhibit a higher tendency 𝑦𝑦 to actively cooperate in emergency rescheduling and 
resource reallocation, the local coordination authority is more likely to converge to proactive dis-
patching. Conversely, if firms tend to withhold cooperation and free-ride on others’ adjustment 
efforts, the local coordination authority’s incentives to mobilize resources and coordinate emer-
gency dispatching weaken, and the evolutionary dynamics drive it toward a passive response. As a 
result, the evolutionary process ultimately leads the local coordination authority to favor proactive 
emergency dispatching as the stable strategy in manufacturing disruption recovery. 

 
Fig. 1 Strategic evolution landscape of local coordination authority 

4.2 Evolution and stable strategy of manufacturing firms 

The expected return 𝐸𝐸21 of the manufacturing firms choosing active cooperation is shown in Eq. 8. 
𝐸𝐸21 = 𝑥𝑥𝑥𝑥(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 − 𝑁𝑁 + 𝑋𝑋) + 𝑥𝑥(1 − 𝑧𝑧)(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝑋𝑋) 
+(1 − 𝑥𝑥)𝑧𝑧(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 − 𝑁𝑁) + (1 − 𝑥𝑥)(1 − 𝑧𝑧)(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽) (8) 

The expected return 𝐸𝐸22  of the manufacturing firms choosing non-cooperation is obtained ac-
cording to Eq. 9. 
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𝐸𝐸22 = 𝑥𝑥𝑥𝑥(−𝐾𝐾 − 𝐿𝐿 − 𝑁𝑁) + 𝑥𝑥(1 − 𝑧𝑧)(−𝐾𝐾 − 𝐿𝐿) 
+(1 − 𝑥𝑥)𝑧𝑧(−𝐾𝐾 − 𝐿𝐿 − 𝑁𝑁) + (1 − 𝑥𝑥)(1 − 𝑧𝑧)(−𝐾𝐾 − 𝐿𝐿) (9) 

The average return 𝐸𝐸2 of the manufacturing firms choosing the mixed strategy is derived as pre-
sented in Eq. 10. 

𝐸𝐸2 = 𝑦𝑦𝐸𝐸21 + (1 − 𝑦𝑦)𝐸𝐸22 (10) 
The replication dynamic equation for the active cooperation strategy is given by Eq. 11, and the 
derivative of 𝐹𝐹(𝑦𝑦) with respect to y can be obtained in Eq. 12. 

𝐹𝐹(𝑦𝑦) =
d𝑦𝑦
d𝑡𝑡

= 𝑦𝑦(𝐸𝐸21 − 𝐸𝐸2) = −𝑦𝑦(𝑦𝑦 − 1)(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝐾𝐾 + 𝐿𝐿 + 𝑋𝑋 ∗ 𝑥𝑥) (11) 

𝑑𝑑�𝐹𝐹(𝑦𝑦)�
𝑑𝑑𝑑𝑑

= (1 − 2𝑦𝑦)(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝐾𝐾 + 𝐿𝐿 + 𝑋𝑋𝑋𝑋) (12) 

When 𝑥𝑥 = 𝐻𝐻+𝐼𝐼−𝐽𝐽+𝐾𝐾+𝐿𝐿
−𝑋𝑋

, d�𝐹𝐹(𝑦𝑦)�
d𝑦𝑦

≡ 0; when 𝑥𝑥 ≠ 𝐻𝐻+𝐼𝐼−𝐽𝐽+𝐾𝐾+𝐿𝐿
−𝑋𝑋

, 𝐹𝐹(𝑦𝑦) = 0, then 𝑦𝑦 = 0 and 𝑦𝑦 = 1 are two 
equilibrium points and need to be classified and discussed. 

Proposition 2. If the likelihood 𝑥𝑥 that the local coordination authority adopts proactive emergency 
production dispatching is higher than 𝐻𝐻+𝐼𝐼−𝐽𝐽+𝐾𝐾+𝐿𝐿

−𝑋𝑋
, the proportion of manufacturing firms choosing 

active cooperation in emergency rescheduling will converge to 1. Conversely, if the probability 𝑥𝑥 is 
lower than 𝐻𝐻+𝐼𝐼−𝐽𝐽+𝐾𝐾+𝐿𝐿

−𝑋𝑋
, the proportion of firms choosing active cooperation will converge to 0. To 

sum up, the probability 𝑦𝑦 of manufacturing firms choosing active cooperation is shown in Eq. 13. 

𝑦𝑦 =

⎩
⎪
⎨

⎪
⎧ 0 𝑖𝑖𝑖𝑖 𝑥𝑥 <

𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝐾𝐾 + 𝐿𝐿
−𝑋𝑋

[0,1] 𝑖𝑖𝑖𝑖 𝑥𝑥 =
𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝐾𝐾 + 𝐿𝐿

−𝑋𝑋

1 𝑖𝑖𝑖𝑖 𝑥𝑥 >
𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 + 𝐾𝐾 + 𝐿𝐿

−𝑋𝑋

 (13) 

The replication dynamics and the evolutionary stable strategies associated with manufacturing 
firms’ preference for active cooperation are illustrated in Fig. 2. Here, 𝑉𝑉21 represents the probabi-
lity that manufacturing firms adopt active cooperation, whereas 𝑉𝑉22 denotes the probability of 
non-cooperation. Proposition 2 implies that when the local coordination authority actively initia-
tes emergency dispatching, firms are more likely to participate in implementable rescheduling 
actions, thereby converging to active cooperation. In contrast, when the local coordination autho-
rity remains passive and provides limited coordination, firms face weaker incentives and fewer 
long-term benefits from participating, and the evolutionary dynamics drive them toward non-co-
operation. 

 
Fig. 2 Strategic evolution landscape of manufacturing firms 
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4.3 Evolution and stable strategy of upper-level government 
The expected return 𝐸𝐸31 of the upper-level government choosing strict supervision is listed in Eq. 14. 

𝐸𝐸31 = 𝑥𝑥𝑥𝑥(𝑀𝑀 + 𝑂𝑂 + 𝑃𝑃 − 𝑄𝑄 − 𝐴𝐴) + 𝑥𝑥(1 − 𝑦𝑦)(𝑀𝑀 + 𝑂𝑂 + 𝑃𝑃 − 𝑄𝑄 − 𝐴𝐴) 
+(1− 𝑥𝑥)𝑦𝑦(𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄) + (1 − 𝑥𝑥)(1 − 𝑦𝑦)(𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄) (14) 

The expected return 𝐸𝐸32 for the upper-level government opting for loose supervision is calculated 
in Eq. 15. 

𝐸𝐸32 = 𝑥𝑥𝑥𝑥(−𝑅𝑅 − 𝑆𝑆) + 𝑥𝑥(1 − 𝑦𝑦)(−𝑅𝑅 − 𝑆𝑆) 
+(1 − 𝑥𝑥)𝑦𝑦(−𝑅𝑅 − 𝑆𝑆) + (1 − 𝑥𝑥)(1 − 𝑦𝑦)(−𝑅𝑅 − 𝑆𝑆) (15) 

The average expected income 𝐸𝐸3  of the upper-level government follows directly from Eq. 16. 
𝐸𝐸3 = 𝑧𝑧𝐸𝐸31 + (1 − 𝑧𝑧)𝐸𝐸32 (16) 

Therefore, the upper-level government replication dynamic equation can be expressed by Eq. 17, 
and the derivative of 𝐹𝐹(𝑧𝑧) with respect to z can be obtained in Eq. 18. 

𝐹𝐹(𝑧𝑧) =
𝑑𝑑𝑑𝑑
𝑑𝑑𝑑𝑑

= 𝑧𝑧(𝐸𝐸31 − 𝐸𝐸3) = −𝑧𝑧(𝑧𝑧 − 1)(𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆 − 𝐴𝐴𝐴𝐴 + 𝑂𝑂𝑂𝑂) (17) 

𝑑𝑑�𝐹𝐹(𝑧𝑧)�
𝑑𝑑𝑑𝑑

= (1 − 2𝑧𝑧)(𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆 − 𝐴𝐴𝐴𝐴 + 𝑂𝑂𝑂𝑂) (18) 

When 𝑥𝑥 = 𝑀𝑀+𝑃𝑃−𝑄𝑄+𝑅𝑅+𝑆𝑆
𝐴𝐴−𝑂𝑂

, d�𝐹𝐹(𝑧𝑧)�
d𝑧𝑧

≡ 0; when 𝑥𝑥 ≠ 𝑀𝑀+𝑃𝑃−𝑄𝑄+𝑅𝑅+𝑆𝑆
𝐴𝐴−𝑂𝑂

, 𝐹𝐹(𝑧𝑧) = 0 then 𝑧𝑧 = 0 and 𝑧𝑧 = 1 are two 
equilibrium points and need to be classified and discussed. 

Proposition 3. If the value of 𝑥𝑥 falls below 𝑀𝑀+𝑃𝑃−𝑄𝑄+𝑅𝑅+𝑆𝑆
𝐴𝐴−𝑂𝑂

, the likelihood of the upper-level government 
enforcing stringent oversight remains consistently at its maximum; if the probability 𝑥𝑥 is higher 
than 𝑀𝑀+𝑃𝑃−𝑄𝑄+𝑅𝑅+𝑆𝑆

𝐴𝐴−𝑂𝑂
, the chance of the upper-level government opting for stringent supervision will 

consistently be at its minimum. The probability 𝑧𝑧 of the superior government choosing strict su-
pervision is shown in Eq. 19. 

𝑧𝑧 =

⎩
⎪
⎨

⎪
⎧ 1 𝑥𝑥 <

𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆
𝐴𝐴 − 𝑂𝑂

[0,1] 𝑥𝑥 =
𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆

𝐴𝐴 − 𝑂𝑂

0 𝑥𝑥 >
𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆

𝐴𝐴 − 𝑂𝑂

 (19) 

Fig. 3 illustrates the dynamics of replication and the evolutionary stable strategies pertaining 
to the upper-level government's selection of strict supervision measures. 

𝑉𝑉31  signifies the likelihood of the upper-level government opting for strict supervision, 
whereas 𝑉𝑉32 denotes the chance of selecting a loose supervision approach. Proposition 3 deline-
ates that in the scenario where the local coordination authority is inclined towards passive dis-
patching, the upper-level government will be more likely to implement strict regulatory strate-
gies. On the other hand, if the local coordination authority demonstrates proactive dispatching, 
the higher authority will be inclined to adopt a more relaxed regulatory approach. 

 
Fig. 3 Strategic evolution landscape of upper-level government 
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4.4 System evolution stability analysis 

By solving the system of equations where 𝐹𝐹(𝑥𝑥) = 0, 𝐹𝐹(𝑦𝑦) = 0, and 𝐹𝐹(𝑧𝑧) = 0 simultaneously, we 
obtain eight candidate equilibrium points corresponding to the pure-strategy combinations of the 
three players, namely 𝐸𝐸1(0,0,0), 𝐸𝐸2(0,1,0), 𝐸𝐸3(0,0,1), 𝐸𝐸4(0,1,1), 𝐸𝐸5(1,0,0), 𝐸𝐸6(1,1,0), 𝐸𝐸7(1,0,1) and 
𝐸𝐸8(1,1,1). These equilibria represent the corner solutions of the state space, where each strategy 
share takes a boundary value of 0 or 1 and the population adopts a single strategy with certainty. 
We then evaluate local stability at each equilibrium by substituting these points into the Jacobian 
matrix and examining the signs of the associated eigenvalues. This study focuses on pure-strategy 
boundary equilibria because they correspond to institutionally interpretable long-run regimes in 
emergency production dispatching, such as proactive dispatching versus passive response, active 
cooperation versus non-cooperation, and strict supervision versus loose supervision. Interior 
mixed equilibria may exist when payoff differences are exactly balanced, but in this application 
they are better understood as threshold or indifference states rather than robust governance re-
gimes. Therefore, the subsequent stability analysis concentrates on pure-strategy equilibria, while 
mixed equilibria are acknowledged as a possible direction for future extensions. 

According to Lyapunov stability theory, local stability in a replicator dynamic system can be 
assessed by examining the eigenvalues of the Jacobian matrix of the system at an equilibrium po-
int [21]. The Jacobian is obtained by taking the first-order partial derivatives of the replicator 
dynamic equations with respect to the state variables, and it therefore summarizes how small 
perturbations in strategy proportions propagate through the evolutionary process. An equili-
brium is asymptotically stable if the real parts of all eigenvalues are strictly negative, implying 
that any small deviation from the equilibrium decays over time and the trajectories converge back 
to that point. By contrast, if at least one eigenvalue has a non-negative real part, the equilibrium 
is locally unstable, because perturbations will not be damped and may instead grow or drive the 
system toward alternative equilibria. In this study, the derivative matrix, denoted here as J, is de-
fined in the subsequent manner in Eq. 20. 
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= �
(1 − 2𝑥𝑥)(𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 + 𝐶𝐶 ∗ 𝑦𝑦) −𝑥𝑥(𝑥𝑥 − 1)𝐶𝐶 0

−𝑦𝑦(𝑦𝑦 − 1)𝑋𝑋 (1− 2𝑦𝑦)(𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 +𝐾𝐾 + 𝐿𝐿 + 𝑋𝑋𝑋𝑋) 0
−𝑧𝑧(𝑧𝑧 − 1)(𝑂𝑂 − 𝐴𝐴) 0 (1 − 2𝑧𝑧)(𝑀𝑀 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆 − 𝐴𝐴𝐴𝐴 + 𝑂𝑂𝑂𝑂)

� 

(20) 

By substituting 𝐸𝐸1 through 𝐸𝐸8 into the Jacobian matrix, the eigenvalues of the equilibrium po-
ints in Table 2 can be obtained. As shown in Table 2, the equilibrium points 𝐸𝐸1  at the origin, 𝐸𝐸2, 𝐸𝐸3  

and 𝐸𝐸4 each have positive eigenvalues. Consequently, points 𝐸𝐸1 through 𝐸𝐸4  do not represent evo-
lutionarily stable strategies (ESS). 
 

Table 2 Eigenvalue analysis of the Jacobian matrix at equilibrium points 
Equilibrium 
point 

λ1 λ2 λ3 Stability 
conclusion 

Condition 

𝐸𝐸1(0,0,0) 𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 𝐻𝐻 + 𝐼𝐼 + 𝐾𝐾 + 𝐿𝐿 − 𝐽𝐽 𝑀𝑀 + 𝑃𝑃 + 𝑅𝑅 + 𝑆𝑆 − 𝑄𝑄 Unstable point  
𝐸𝐸2(0,1,0) 𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 𝐽𝐽 − 𝐼𝐼 − 𝐻𝐻 −𝐾𝐾 − 𝐿𝐿 𝑀𝑀 + 𝑃𝑃 + 𝑅𝑅 + 𝑆𝑆 − 𝑄𝑄 Unstable point  
𝐸𝐸3(0,0,1) 𝐴𝐴 + 𝐵𝐵 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 𝐻𝐻 + 𝐼𝐼 + 𝐾𝐾 + 𝐿𝐿 − 𝐽𝐽 𝑄𝑄 − 𝑃𝑃 −𝑀𝑀 − 𝑅𝑅 − 𝑆𝑆 Unstable point  
𝐸𝐸4(0,1,1) 𝐴𝐴 + 𝐵𝐵 + 𝐶𝐶 + 𝐸𝐸 + 𝐹𝐹 + 𝐺𝐺 𝐽𝐽 − 𝐼𝐼 − 𝐻𝐻 −𝐾𝐾 − 𝐿𝐿 𝑄𝑄 − 𝑃𝑃 −𝑀𝑀 − 𝑅𝑅 − 𝑆𝑆 Unstable point  
𝐸𝐸5(1,0,0) −𝐴𝐴 −𝐵𝐵 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 +𝐾𝐾 + 𝐿𝐿 + 𝑋𝑋 𝑀𝑀 + 𝑂𝑂 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆 − 𝐴𝐴 ESS Eigenvalues are all 

less than 0 
𝐸𝐸6(1,1,0) −𝐴𝐴 −𝐵𝐵 − 𝐶𝐶 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 𝐽𝐽 − 𝐼𝐼 − 𝐻𝐻 −𝐾𝐾 − 𝐿𝐿 − 𝑋𝑋 𝑀𝑀 + 𝑂𝑂 + 𝑃𝑃 − 𝑄𝑄 + 𝑅𝑅 + 𝑆𝑆 − 𝐴𝐴 ESS Eigenvalues are all 

less than 0 
𝐸𝐸7(1,0,1) −𝐴𝐴 −𝐵𝐵 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 𝐻𝐻 + 𝐼𝐼 − 𝐽𝐽 +𝐾𝐾 + 𝐿𝐿 + 𝑋𝑋 𝐴𝐴 + 𝑄𝑄 −𝑀𝑀 −𝑂𝑂 − 𝑃𝑃 − 𝑅𝑅 − 𝑆𝑆 ESS Eigenvalues are all 

less than 0 
𝐸𝐸8(1,1,1) −𝐴𝐴 −𝐵𝐵 − 𝐶𝐶 − 𝐸𝐸 − 𝐹𝐹 − 𝐺𝐺 𝐽𝐽 − 𝐼𝐼 − 𝐻𝐻 −𝐾𝐾 − 𝐿𝐿 − 𝑋𝑋 𝐴𝐴 + 𝑄𝑄 −𝑀𝑀 −𝑂𝑂 − 𝑃𝑃 − 𝑅𝑅 − 𝑆𝑆 ESS Eigenvalues are all 

less than 0 
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The system shows four stable states under certain conditions. Notably, the equilibrium state 
𝐸𝐸8(1,1,1) is particularly noteworthy as it represents an ideal balance. In this state, the local coordi-
nation authority initiates proactive dispatching, and manufacturing firms engage in active coopera-
tion, all under the strict supervision of higher-level governments. This equilibrium symbolizes the 
effective collaboration among various entities. However, it is important to note that this stable state 
does not represent the Pareto optimal state of the system. The Pareto optimal state is identified as 
𝐸𝐸6(1,1,0), characterized by more relaxed supervision from higher-level governments. Concurrently, 
local coordination authority and manufacturing firms demonstrate enhanced cooperative behavi-
ors, leading to the minimal total system cost. Nevertheless, achieving this equilibrium typically ne-
cessitates substantial autonomy on the part of both local coordination authority and manufacturing 
firms. The stability conditions of equilibrium point 𝐸𝐸8(1,1,1) are listed in Eqs. 21 and 22. 

𝐽𝐽 − 𝐼𝐼 − 𝐻𝐻 − 𝐾𝐾 − 𝐿𝐿 − 𝑋𝑋 < 0 (21) 
𝐴𝐴 −𝑀𝑀 − 𝑂𝑂 − 𝑃𝑃 + 𝑄𝑄 − 𝑅𝑅 − 𝑆𝑆 < 0 (22) 

The following section of this research employs numerical simulations to visualize the interac-
tions among the three emergency entities at the equilibrium state 𝐸𝐸8(1,1,1). 

5. Numerical simulation analysis 
In the initial stages of the numerical simulations conducted in Python, assigning values to para-
meters that influence the system is crucial. The literature primarily presents two methods for pa-
rameter assignment. One is based on theoretical stability analysis, and the other is based on empi-
rical data from real cases [22]. Due to the scarcity of real-life data, this study opts for a parameter 
assignment method grounded in the results of stability analysis.  

The parameters are normalized payoff values for simulation-based mechanism analysis rather 
than direct monetary estimates from a specific industrial park. Nevertheless, they have observable 
industrial counterparts. Coordination costs, firm adjustment costs, and supervision costs can be 
linked to labor hours, communication costs, overtime, changeover, setup, expedited procurement, 
outsourcing, inspection frequency, and monitoring expenditure, while operational benefits can be 
proxied by reductions in recovery time, order tardiness, work-in-process accumulation, and thro-
ughput loss. Thus, the numerical setting is used as a theoretically consistent baseline scenario, and 
future studies may calibrate the parameters using scheduling logs, MES/ERP records, disruption 
reports, and cost accounting data.  

Therefore, the managerial implications derived from the simulations should be understood as 
mechanism-oriented implications based on comparative parameter changes, rather than as pre-
cise predictions for a particular industrial park. The sensitivity analysis is used to test how chan-
ges in key payoff components affect evolutionary trajectories under the same baseline structure. 

Specifically, this study assigns values to the parameters of the tripartite evolutionary game 
system. These assignments are designed to ensure that the parameters comply with the stability 
determination theorem for the equilibrium point 𝐸𝐸8(1,1,1) in the system. The details of the para-
meter assignments are as follows. 

𝐴𝐴 = 4 𝐵𝐵 = 2 𝐶𝐶 = 1.5 𝐸𝐸 = 2.2 𝐹𝐹 = 2.5 𝐺𝐺 = 3 
𝐻𝐻 = 1.8 𝐼𝐼 = 0.9 𝐽𝐽 = 6 𝐾𝐾 = 3.5 𝐿𝐿 = 1.3 𝑀𝑀 = 2.6 
𝑂𝑂 = 1 𝑃𝑃 = 1.7 𝑄𝑄 = 5 𝑅𝑅 = 5 𝑆𝑆 = 1.9 𝑋𝑋 = 0.8 

5.1 Initial evolution path analysis 
Using the parameter values specified above, numerical experiments were conducted, and the initial 
evolutionary trajectory of the system is shown in Fig. 4. The numerical simulation results are consi-
stent with the theoretical analysis. Specifically, the stability of the equilibrium point 𝐸𝐸8(1,1,1) dicta-
ted the parameter assignments, and the simulation results evolved toward this state, thereby vali-
dating the accuracy of the theoretical predictions. Furthermore, it is observed that the convergence 
state of the system remains consistent across different initial conditions. This indicates that while 
the initial values influence the rate of system evolution, they do not affect the system's eventual 
stable state. The stability of the system remains intact regardless of variations in initial conditions, 
as these do not alter the fundamental stability judgment criteria. 
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Fig. 4 Initial trajectory of the system's equilibrium at the point (1,1,1) 

5.2 Sensitivity analysis 

The initial evolutionary path indicates that the system’s stable state depends on the characteristic 
values of each equilibrium point. To reduce the influence of initial-value fluctuations in the sensi-
tivity analysis, the initial strategy probabilities of all three game players are uniformly set to 0.5. 
 

Local coordination authority’s proactive dispatching and resource support from the upper-level go-
vernment 
In the simulations, upper-level government resource support was set to 𝐴𝐴 = 4, 8, and 16, with the 
evolutionary trajectories shown in Fig. 5. The results indicate that higher support accelerates the 
local coordination authority’s convergence toward proactive dispatching by reducing the coordi-
nation burden of rescheduling, information integration, and cross-plant capacity pooling. Me-
anwhile, increased support makes the upper-level government more inclined toward looser su-
pervision, reflecting the budgetary and administrative burden of combining strict oversight with 
substantial support. By contrast, support has limited direct impact on manufacturing firms’ stra-
tegies, since it mainly operates through the vertical government-to-authority channel. Unless con-
verted into firm-level compensation for changeover, overtime, or expedited procurement costs, 
firms do not treat it as an immediate payoff improvement. 

 
Fig. 5 The impact of changes in upper-level resource support 

Dispatching effectiveness gains generated by manufacturing firms’ active cooperation 
To assess cooperation-driven effectiveness gains, we set the additional gain from firms’ active co-
operation to 𝐶𝐶 = 1, 15, and 45, with evolutionary trajectories shown in Fig. 6. The results indicate 
that higher 𝐶𝐶 accelerates the local coordination authority’s convergence toward proactive emer-
gency dispatching by improving schedule feasibility, shortening recovery time, and reducing 
shop-floor congestion such as work-in-process accumulation and cross-plant spillovers. Me-
anwhile, as C increases, the upper-level government becomes less inclined to maintain strict su-
pervision, suggesting that stronger horizontal coordination reduces the marginal returns of costly 



Emergency production dispatching under sudden disruptions: A tripartite evolutionary game approach 
 

Advances in Production Engineering & Management 21(1) 2026 35 
 

vertical enforcement. Overall, cooperation-induced effectiveness gains mainly affect the autho-
rity’s dispatching stance and secondarily influence supervisory intensity. 

 
Fig. 6 The impact of changes in cooperation gains from firms’ active collaboration 

Passive dispatching by the local coordination authority and penalties imposed by the upper-level 
government 
In the simulations, the penalty intensity imposed by the upper-level government on the local co-
ordination authority’s passive dispatching was set to 𝐹𝐹 = 2, 5, and 10, and the corresponding evo-
lutionary trajectories are presented in Fig. 7. The results show that stronger penalties reduce the 
local coordination authority’s tendency to remain passive and accelerate its shift toward proactive 
emergency dispatching. Meanwhile, the upper-level government’s propensity to maintain strict 
supervision declines as 𝐹𝐹 increases, suggesting an adaptive response under bounded rationality. 
Once deterrence effectively disciplines passive behavior, the marginal return to sustained high-
intensity supervision diminishes relative to its costs. The role of penalties is therefore analogous 
to that of cooperation-induced effectiveness gains (parameter 𝐶𝐶 ) in promoting proactive dis-
patching, implying that an implementable emergency dispatching scheme should combine 
credible sanctions with mechanisms that enhance the operational benefits of cooperation. 

 
Fig. 7 The impact of changes in penalty 𝐹𝐹 imposed by the upper-level government 

Manufacturing firms’ dispatching adjustment costs 
The adjustment costs borne by manufacturing firms when engaging in cooperative emergency re-
scheduling and capacity reallocation were set to 𝐽𝐽 = 6, 12, and 24, with the simulation results re-
ported in Fig. 8. Higher adjustment costs slow convergence toward active cooperation. When 𝐽𝐽 
increases from 6 to 12, non-cooperation becomes more attractive. The impact is concentrated on 
firms’ own strategy dynamics, while the local coordination authority and the upper-level go-
vernment are only weakly affected, indicating that dispatching adjustment costs mainly operate 
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through firms’ private cost–benefit calculus. From a policy and mechanism design perspective, 
lowering the effective adjustment costs through targeted compensation, expedited procurement 
support, or temporary capacity subsidies can increase firms’ willingness to cooperate and im-
prove the implementability and stability of emergency dispatching at the industrial-park level. 

 
Fig. 8 The impact of firms’ resource adjustment costs 

Supervision costs of the upper-level government 
In the simulations, the supervision cost borne by the upper-level government under strict super-
vision was set to 𝑄𝑄 = 5, 10, and 20, and the corresponding evolutionary trajectories are presented 
in Fig. 9. The results show that higher supervision costs reduce the attractiveness of strict super-
vision and shift the upper-level government toward looser supervision, with a noticeable change 
as 𝑄𝑄 increases from 10 to 20. This pattern is consistent with boundedly rational adjustment. As 
enforcement becomes more expensive, its net payoff declines relative to a low-intensity supervi-
sory stance. The direct impact of supervision cost on the local coordination authority and manu-
facturing firms is limited, implying that supervision cost mainly operates through the upper-level 
government’s own cost–benefit calculus. Therefore, effective oversight design should prioritize 
cost-efficient enforcement and monitoring arrangements so that supervisory intensity remains 
sustainable without undermining the overall stability of emergency dispatching. 

 
Fig. 9 The impact of changes in the supervision cost 

Long-term collaboration payoffs for manufacturing firms 
The long-term collaboration payoff for manufacturing firms was set to 𝑋𝑋 = 0.8, 28, and 56, with 
results shown in Fig. 10. Larger 𝑋𝑋 accelerates firms’ convergence toward active cooperation, espe-
cially in the early evolutionary stage, while its marginal effect weakens as the system stabilizes. 
This suggests that long-term benefits, such as preferential access to shared capacity, priority 
support in future disruptions, and relational gains from coordination, can motivate cooperation 
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but show diminishing returns. 𝑋𝑋 has limited direct influence on the local coordination authority 
and upper-level government, indicating that public actors’ strategies depend on broader cost–be-
nefit considerations. Therefore, policy design should strengthen credible long-term cooperation 
rewards while coordinating them with enforcement and support instruments. 

 
Fig. 10 The impact of changes in the long-term collaboration payoff 𝑋𝑋 

5.3 Comparison of simulation analysis results 

Local coordination authority 
Across the sensitivity experiments, the local coordination authority’s shift toward proactive dis-
patching is mainly shaped by resource support (𝐴𝐴), cooperation-induced effectiveness gains (𝐶𝐶), 
and penalties for passive response (𝐹𝐹). Greater upper-level resource support accelerates proac-
tive dispatching by easing implementation constraints in emergency plan activation, schedule re-
vision, information integration, and cross-plant capacity pooling. Higher cooperation-induced 
effectiveness gains further reinforce this shift by improving schedule feasibility, reducing shop-
floor congestion, and supporting throughput recovery. Stronger penalties for passive dispatching 
also discourage delayed coordination by increasing the expected cost of inaction. Overall, proac-
tive dispatching becomes evolutionarily stable when the authority has sufficient enabling capacity 
(𝐴𝐴), can convert cooperation into execution gains (𝐶𝐶), and faces credible discipline (𝐹𝐹) against 
passivity. 

Manufacturing firms 
Manufacturing firms’ strategy dynamics are mainly driven by adjustment costs (𝐽𝐽) and long-term 
collaboration payoffs (𝑋𝑋), reflecting a private implementation calculus distinct from public actors. 
Higher adjustment costs slow the shift toward active cooperation and may push firms toward non-
cooperation once costs become moderate, suggesting that the key bottleneck is often shop-floor 
feasibility rather than willingness. These costs include overtime, changeovers, sequence deviati-
ons, expedited procurement, temporary capacity rental, and coordination effort. In contrast, lar-
ger long-term collaboration payoffs promote early cooperation, although their marginal effect 
weakens as the system stabilizes. Overall, firms cooperate when short-run execution costs (𝐽𝐽) are 
manageable and participation offers credible future advantages (𝑋𝑋), such as priority access to 
shared capacity and stable cross-firm routines. 

Upper-level government 
The upper-level government’s supervisory strategy is mainly driven by strict supervision cost 
(𝑄𝑄), which includes monitoring, inspection, and coordination expenses during disruptions. As 𝑄𝑄 
increases, the system shifts toward looser supervision, reflecting boundedly rational adjustment 
to the declining net returns of costly oversight. Higher resource support (𝐴𝐴) also weakens strict 
supervision by increasing fiscal and administrative burdens. Moreover, stronger cooperation-in-
duced effectiveness gains (𝐶𝐶) and penalties on passive dispatching (𝐹𝐹) reduce the need for conti-
nuous high-intensity enforcement. This indicates a substitution mechanism: when horizontal 
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cooperation improves rescheduling implementability or deterrence disciplines passivity, strict 
supervision yields smaller marginal benefits. Therefore, sustainable oversight should rely on cost-
efficient monitoring, selective enforcement, and dynamic adjustment according to rescheduling 
implementability and firm-level cooperation effectiveness. 

In this study, emergency production dispatching is interpreted as the implementation process 
that makes disrupted production plans executable, rather than as a substitute for a shop-floor 
scheduling or rescheduling algorithm. Operationally, it may involve order resequencing, machine 
reassignment, changeover acceleration, overtime arrangement, expedited procurement, tempo-
rary outsourcing, cross-firm capacity sharing, and delivery-priority adjustment. A scheduling mo-
del may generate candidate rescheduling plans and indicators such as recovery time, tardiness 
reduction, throughput loss, capacity utilization, and adjustment cost, while the governance layer 
developed here explains whether these plans can be implemented through proactive coordina-
tion, firm cooperation, and appropriate supervision. 

6. Conclusion 
This study develops a tripartite evolutionary game model to explain how emergency production 
dispatching becomes implementable when disruptions invalidate shop-floor schedules and requ-
ire rapid rescheduling. The findings show that emergency dispatching is not only a technical re-
scheduling problem, but also a governance implementation problem shaped by coordination, firm 
cooperation, and supervision. 

The main implication is that robust disruption response requires a balanced mechanism that 
reduces firms’ adjustment burdens, strengthens repeated cooperation benefits, maintains 
credible discipline, and calibrates supervision intensity to actual rescheduling implementability. 
The model is most applicable to settings with a similar coordination-cooperation-supervision 
structure, such as manufacturing clusters, shared-capacity platforms, multi-plant production ne-
tworks, and regional emergency supply coordination systems. Future research can calibrate the 
payoff parameters with industrial data and connect the governance layer to optimization-based 
rescheduling models. 
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A B S T R A C T A R T I C L E   I N F O 
This study investigates the collaborative optimization of routing and charging 
in a distribution network comprising electric trucks (ETs) and autonomous 
unmanned vehicles (AUVs), supported by mobile photovoltaic (PV) storage 
charging. A comprehensive optimization model is developed to minimize the 
total daily operating cost of the logistics enterprise, encompassing vehicle ac-
quisition, staffing, energy consumption, charging, and penalties. The model 
simultaneously determines coordinated ET-AUV delivery routes, mobile charg-
ing schedules, and parking node locations. The PV-storage system is incorpo-
rated as a green power-supply constraint, directly influencing charging costs. 
To address the model's complexity, an enhanced hybrid frog-leaping algorithm 
is proposed. This algorithm incorporates an initial solution construction 
method to improve population quality, an advanced local deep search to in-
crease search efficiency, and diversity control strategies with clone selection 
programs to maintain population diversity. The effectiveness of the developed 
algorithm is validated through multiple case studies with varying customer 
sizes. Computational experiments on instances with up to 60 customers indi-
cate that, compared with the ET-only mode, the proposed ET-AUV collabora-
tive mode reduces total daily operating costs by 18.61 %, decreases staffing 
costs by 62.5 %, and lowers penalty costs by 23.21 %, thereby enhancing cus-
tomer satisfaction and operational resilience. Sensitivity analysis shows that 
system efficiency depends on several operational parameters. Increases in ET 
payload and range are the main drivers of cost reduction. Additionally, the av-
erage speeds of both vehicle types have a critical U-shaped effect on total costs. 
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1. Introduction
The rapid development of the Internet has accelerated the growth of online retail and e-commerce, 
creating substantial opportunities and demands for the logistics industry. However, these advance-
ments have also introduced significant challenges, particularly regarding urban last-mile delivery. 
Increasing labour costs and restrictions on courier working hours impede logistics companies from 
providing efficient, stable, and nearly continuous distribution services, which places considerable 
pressure on fulfilment rates and cost management. Traditional delivery methods also increase phys-
ical contact between couriers and recipients, raising safety concerns, especially during public health 
emergencies. In densely populated areas such as campuses and residential complexes, truck access 
is frequently restricted. Moreover, as an energy-intensive sector, the logistics industry contributes 
significantly to greenhouse gas emissions. Population growth and urbanization have further inten-
sified issues in urban distribution, including high energy consumption, extended delivery times, and 
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increased carbon emissions. In response to increasing distribution demand, rising customer expec-
tations, worsening environmental pollution, growing urban traffic pressure, and other issues, inno-
vative, high-quality, and automated distribution methods have become central to the competitive-
ness of the logistics industry during transformation and upgrading. 

Within the evolution of intelligent logistics, unmanned delivery robots are emerging as a sig-
nificant alternative to traditional delivery methods and are establishing a new business model in 
the modern logistics sector. In contrast to drones, autonomous unmanned vehicles (AUVs), alt-
hough slower, are not constrained by low-altitude airspace regulations in urban areas, demon-
strate greater adaptability to diverse weather conditions, and feature multiple compartments for 
distributing goods to various customers in a single trip. Furthermore, they generate substantially 
lower noise levels, making them more suitable for routine urban distributions [1]. Srinivas et al. 
[2] recently reviewed the literature on AUV routing and classified existing research into two cat-
egories: distribution modes relying solely on AUVs and those assisted by trucks, based on problem 
characteristics and application domains. Research on the former remains limited, primarily due 
to the inherent limitations of AUVs, such as reduced speed, limited range, and restricted payload 
[3]. Conversely, truck-assisted distribution modes present more advantages. 

The truck-autonomous unmanned vehicle routing problem (TAUVRP) has become a significant 
focus of recent research. Based on system characteristics, TAUVRP is typically classified into two 
categories: the two-tier concept and the mothership concept [4]. In the two-tier concept, trucks op-
erate at the first tier, transporting parcels from the warehouse to an AUV warehouse, which then 
delivers parcels to final customers at the second tier [5-7]. In the mothership concept, trucks are 
modified into mothership systems equipped with AUVs, traveling to various neighbourhoods and 
deploying AUVs to deliver parcels to nearby customers. Jennings and Figliozzi [8] and Simoni et al. 
[9] examine the mothership concept, focusing on scenarios where trucks do not wait at the same 
parking node for AUVs to return; however, neither study considers time window constraints. In con-
trast, Chen et al. [10] and Chen et al. [11] investigate a TAUVRP that incorporates time windows, 
requiring trucks to remain at the parking node until all dispatched AUVs have returned. Yu et al. [4] 
further categorize TAUVRPs based on whether trucks serve customers directly. In one type, trucks 
function as both mobile platforms for dispatching and collecting AUVs and as service providers to 
customers. In the other type, trucks serve solely as mobile platforms for dispatching and collecting 
AUVs. Building on this classification, Yu et al. [12] propose a TAUVRP that addresses simultaneous 
pickup and delivery. More recently, Mokhtari-Moghadam et al. [13] investigate the integrated opti-
mization problem of AUV-drone collaborative distribution. In some cases, customer delivery de-
mands may exceed the payload capacity of AUVs. If these demands are indivisible, serving such cus-
tomers becomes infeasible. Therefore, incorporating multiple split deliveries by AUVs is essential 
for effectively addressing TAUVRP in urban environments. 

Battery capacity limitations require AUVs to undergo multiple recharges during delivery trips, 
particularly when operating in truck-assisted modes. Most existing research on TAUVRP focuses 
on diesel trucks, with limited attention given to the use of electric trucks (ETs) and the charging 
of AUVs during transportation. Yu et al. [14] are among the few to address the optimization of ET-
assisted distribution routes, utilizing ETs to provide on-board wireless charging for AUVs to im-
prove delivery efficiency. To resolve ET charging challenges, various technologies such as fixed 
and mobile charging are employed to enhance convenience. Although fixed charging is the most 
prevalent, truck drivers may need to take detours to access charging stations, resulting in unnec-
essary power consumption. Additionally, long charging times can lead to queuing at stations, 
thereby reducing delivery efficiency [15]. To mitigate these issues, mobile charging vehicles 
(MCVs) can be deployed at strategic locations along ET routes, offering greater charging flexibility 
[16]. Integrated scheduling of ETs and MCVs is therefore essential for optimizing logistics and 
delivery systems. The decarbonisation of freight transportation through MCVs is also influenced 
by indirect carbon emissions associated with charging. If electricity is generated from thermal 
power, the widespread adoption of electric vehicles may undermine carbon reduction efforts. 
Consequently, research increasingly focuses on renewable energy charging facilities. Solar photo-
voltaic (PV) systems have been identified as a promising solution for enhancing the environmen-
tal benefits of logistics electrification [17]. Integrating PV systems, energy storage systems (ESS), 
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and charging piles effectively addresses the mismatch between PV generation and charging de-
mand [18]. 

In summary, this study introduces MCVs, PV storage charging stations, and a multiple split dis-
tribution model to construct, for the first time, a truck-autonomous unmanned vehicle distribu-
tion network considering mobile photovoltaic storage charging (TAUVDN-MPSC). The contribu-
tion is threefold. First, for the TAUVDN-MPSC, a comprehensive optimization model is developed 
to simultaneously optimize ET-AUV distribution routes, mobile charging schedules, and parking-
node locations while accounting for environmental, operational, and customer-service considera-
tions. The objective is to minimize the sum of vehicle purchase cost, staffing cost, energy consump-
tion cost, charging cost, and penalty cost. Secondly, given the complexity of the established model, 
an improved hybrid frog leaping algorithm (IHFLA) is proposed. This involves introducing an in-
itial solution construction algorithm to enhance the quality of the population, developing an im-
proved local deep search to improve local search efficiency, and incorporating diversity control 
strategies and clonal selection procedures to ensure population diversity. Finally, the perfor-
mance of the IHFLA is validated using specially designed test cases of different scales. Sensitivity 
analysis is also applied to explore the impact of vehicle load and endurance mileage on the total 
operating cost. This is intended to provide key theoretical support and practical guidance for achi-
eving a green, intelligent, and integrated urban logistics and distribution system. 

2. Mathematical model 
2.1 Problem statement 

The TAUVDN-MPSC can be described as follows. Based on the actual urban distribution scenario, 
each ET carries AUVs and goods from the distribution centre and returns to the distribution centre 
after completing a daily distribution service, as shown in Fig. 1. ETs are not allowed to directly 
deliver goods to customers and must wait at the parking nodes to collect all AUVs they have dis-
patched before visiting the next parking node or returning to the distribution centre. Each parking 
node is visited by at most one ET. AUVs depart from the parking nodes to perform customer dis-
tribution services. Each customer has a soft time window [𝑒𝑒𝑖𝑖, 𝑙𝑙𝑖𝑖] and can only be visited by one 
AUV. Considering vehicle load constraints, this study assumes three AUV distribution modes: (1) 
single distribution, where the AUV completes a distribution service and returns to the parking 
node, then travels to the next location with the ET; (2) split distribution, where the same AUV 
makes multiple round trips to the parking node to provide distribution services to the same cus-
tomer; (3) multiple distributions, where the same AUV makes multiple round trips to the same 
parking node to provide distribution services to different customers. 

During the distribution operation, when the battery of an ET runs low, the distribution centre 
will arrange an MCV to charge it at the selected mobile charging node. After completing the charg-
ing, the MCV will proceed to the next mobile charging node or return to the distribution centre. 
The mobile charging node is selected from the unvisited parking nodes. It is assumed that the MCV 
arrives at the mobile charging node no later than the arrival time of the ET. ETs also serve as a 
mobile charging platform. When the AUV is mounted on the ET and travels to the next node, the 
AUV utilizes the time it spends on the ET to obtain electricity from the ET through wireless charg-
ing technology. In this way, energy flows from MCV to ET and then to AUVs, forming a complete 
chain supply. One MCV can charge multiple ETs, while each ET is only served by one MCV. The 
MCV carries a large battery and does not require recharging during service. A PV storage charging 
station is built at the distribution centre, where only PV output is generated on the generation 
side, providing charging for the MCVs, ETs, and AUVs parked at the distribution centre. 

To standardize the description of mathematical models, a directed graph 𝐺𝐺 = (𝑉𝑉,𝐴𝐴) is given. 
The node set 𝑉𝑉 includes a distribution centre 𝑉𝑉0, a customer set 𝑉𝑉𝑐𝑐, a mobile charging node set 𝑉𝑉𝑚𝑚𝑚𝑚, 
and a parking node set 𝑉𝑉𝑟𝑟. The arc set 𝐴𝐴 includes an ET arc set 𝐴𝐴1, an AUV arc set 𝐴𝐴2, and an MCV 
arc set 𝐴𝐴3. The ET set and the MCV set are denoted by 𝐾𝐾 and 𝑀𝑀, respectively. 
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Fig. 1 Truck-unmanned vehicle distribution network 

2.2 Symbol description 

The settings and specific meanings of model decision variables and parameters are shown in Ta-
bles 1 and 2, respectively. 
 

Table 1 Decision variables 
Variables Description 

𝑥𝑥𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  1 indicates the AUV belonging to ET 𝑘𝑘 passes arc (𝑖𝑖, 𝑗𝑗), otherwise 0 
𝑦𝑦𝑗𝑗  1 means parking node 𝑗𝑗 is selected, otherwise 0 
𝑧𝑧𝑗𝑗  1 indicates parking node 𝑗𝑗 is selected as the mobile charging node, otherwise 0 
𝑥𝑥𝑖𝑖𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘  1 indicates ET 𝑘𝑘 passes arc (𝑖𝑖, 𝑗𝑗), otherwise 0 

𝑥𝑥𝑖𝑖𝑖𝑖
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚  1 indicates MCV 𝑚𝑚 passes arc (𝑖𝑖, 𝑗𝑗), otherwise 0 
𝑦𝑦𝑗𝑗,𝑚𝑚𝑚𝑚  1 indicates MCV 𝑚𝑚 at mobile charging node 𝑗𝑗 provides charging services for ET 𝑘𝑘, otherwise 0 

 
Table 2 Model parameters 

Parameters Description Parameters Description 
𝑝𝑝𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴  Cost of an AUV converted into one day 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 Unloaded mass of MCVs 

𝑠𝑠𝑠𝑠𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴 Cost of government subsidies equivalent to one day for 
AUVs 𝑣𝑣𝐸𝐸𝐸𝐸 Average running speed of ETs 

𝑝𝑝𝑐𝑐𝐸𝐸𝑇𝑇𝑘𝑘  The purchase price of an ET converted into one day 𝑣𝑣𝑀𝑀𝑀𝑀𝑀𝑀 Average driving speed of MCVs 
𝑝𝑝𝑐𝑐𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 One day purchase price of an MCV 𝑣𝑣𝐴𝐴𝐴𝐴𝐴𝐴 Average driving speed of AUVs 
𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 Average salary of a staff member 𝑐𝑐𝑚𝑚𝑚𝑚 Mobile charging price 
𝑐𝑐𝑤𝑤𝐴𝐴𝐴𝐴𝐴𝐴  Waiting time cost of AUVs  𝑐𝑐𝑃𝑃𝑃𝑃  PV charging price 
𝑐𝑐𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴  Penalty time cost of AUVs 𝑠𝑠𝑠𝑠𝑏𝑏𝑝𝑝𝑝𝑝  PV charging subsidy 
𝑤𝑤𝑡𝑡𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  Early arrival time of AUVs  𝑝𝑝𝑡𝑡𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  Delay time of AUVs 

𝐸𝐸𝑑𝑑,𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘  Battery power when ET leaves node 𝑗𝑗 𝐶𝐶𝐸𝐸𝐸𝐸 Maximum payload of ETs 

𝑐𝑐𝑤𝑤𝑀𝑀𝑀𝑀𝑀𝑀 Waiting time cost of MCVs 𝑎𝑎𝑡𝑡𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘  Arrival time of ET 
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Table 2 (Continuation) 
Parameters Description Parameters Description 

𝑡𝑡𝑖𝑖𝑖𝑖 Travel time along the arc (𝑖𝑖, 𝑗𝑗) 𝑠𝑠𝑡𝑡𝑖𝑖  Customer service time 
𝐸𝐸𝑎𝑎,𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘  Battery power when ET arrives at node 𝑗𝑗 𝑑𝑑𝑖𝑖  Customer demand 

𝐸𝐸𝑑𝑑,𝑉𝑉0
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚  Battery power when MCV leaves 𝑉𝑉0 𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 Maximum payload of AUVs 
𝑃𝑃𝑖𝑖𝑖𝑖
𝐸𝐸𝑉𝑉𝑘𝑘  Power demand of ETs passing through (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴1 𝛹𝛹 A large positive number 

𝑃𝑃𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  Power demand of AUVs passing through (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴2 𝑎𝑎𝑡𝑡𝑗𝑗

𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚  Arrival time of MCVs 
𝑃𝑃𝑖𝑖𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀 Power demand of MCVs passing through (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴3 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴 Battery capacity of AUVs 
𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚  Maximum number of AUVs that can be carried by an ET 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝐸𝐸  Battery capacity of ETs 
𝐸𝐸𝑑𝑑,𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  Battery power when AUV leaves node 𝑖𝑖 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝑀𝑀𝑀𝑀𝑀𝑀 Battery capacity of MCVs 

𝐸𝐸𝑎𝑎,𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  Battery power when AUV arrives at node 𝑖𝑖 𝜆𝜆 Regression coefficient 
𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐸𝐸𝐸𝐸  Full charging time for ETs 𝜙𝜙 Battery efficiency 
𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀 Full charging time for MCVs 𝑔𝑔 Universal gravitation 
𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚𝑀𝑀𝑀𝑀𝑀𝑀 Minimum remaining battery capacity of MCV 𝑐𝑐𝑟𝑟  Rolling friction coefficient 
𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚𝐸𝐸𝐸𝐸  Minimum remaining battery capacity of ETs 𝑐𝑐𝑑𝑑  Air drag coefficient 
𝑀𝑀𝐸𝐸𝐸𝐸 Unloaded mass of ETs 𝜌𝜌 Air density 
𝑢𝑢𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘  Load weight when ET arrives at 𝑗𝑗 𝑓𝑓𝑠𝑠 Frontage 

𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴 Unloaded mass of AUVs 𝛼𝛼𝑖𝑖𝑖𝑖 Slope 
𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴
𝐸𝐸𝑇𝑇𝑘𝑘  Number of AUVs carried by an ET 𝑘𝑘 𝑟𝑟𝑐𝑐 Charging efficiency 

𝑢𝑢𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  Load weight when AUV arrives at 𝑗𝑗 𝑟𝑟𝑢𝑢 Utilization efficiency 

2.3 Model formulation 

The total operating cost of the logistics enterprise per day includes the vehicle purchase cost 
𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑎𝑎𝑎𝑎𝑎𝑎, staffing cost 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠, charging cost 𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎, energy consumption cost 𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, and penalty 
cost 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, as shown in Eq. 1. The vehicle purchase cost includes the purchase cost of pure electric 
trucks, driverless vehicles, and mobile charging vehicles, as shown in Eq. 2. Considering the govern-
ment's subsidy and incentive policies for driverless vehicles, the purchase cost of driverless vehicles 
equals the procurement cost of driverless vehicles minus the government subsidies. The personnel 
cost is determined by the average salary of one logistics personnel and the required number of ve-
hicles, as shown in Eq. 3. The calculation of charging cost is shown in Eq. 4, where the third term 
considers the waiting cost of mobile charging vehicles arriving at the mobile charging node ahead 
of schedule. In addition, the first term of Eq. 4 comprehensively considers the energy consumption 
of ET driving and the power consumption of ET for wireless charging of AUVs when calculating the 
total charging power provided by MCV, ensuring the balance and logical closure of the energy flow. 
Therefore, this mechanism is consistent with the mobile energy replenishment concept of MCV, but 
extends the charging level to end unmanned devices. Eq. 5 gives the energy consumption cost, where 
the energy consumption of pure electric trucks, driverless vehicles, and mobile charging vehicles 
during operation is shown in Eqs. 6 to 8, respectively. The penalty cost refers to the cost incurred 
when the driverless vehicle fails to meet the customer's time window during delivery, as shown in 
Eq. 9. For customers who require split delivery, the time window constraint is evaluated based on 
the start time of the first service for the customer. 
 

𝑚𝑚𝑚𝑚𝑚𝑚 𝑍𝑍 = 𝑚𝑚𝑚𝑚𝑚𝑚�𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑎𝑎𝑎𝑎𝑎𝑎 + 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 + 𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝� (1) 

𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝ℎ𝑎𝑎𝑎𝑎𝑎𝑎 = � ��𝑝𝑝𝑐𝑐𝐸𝐸𝑇𝑇𝑘𝑘 × 𝑥𝑥𝑉𝑉0𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘 + (𝑝𝑝𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴 − 𝑠𝑠𝑠𝑠𝑏𝑏𝐴𝐴𝐴𝐴𝐴𝐴)𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴

𝐸𝐸𝑇𝑇𝑘𝑘�
𝑗𝑗∈𝑉𝑉𝑐𝑐𝑘𝑘∈𝐾𝐾

+ � � �𝑝𝑝𝑐𝑐𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 × 𝑥𝑥𝑉𝑉0𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚�

𝑗𝑗∈𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚∈𝑀𝑀

 
(2) 

𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 �� � 𝑥𝑥𝑉𝑉0𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘

𝑗𝑗∈𝑉𝑉𝑐𝑐𝑘𝑘∈𝐾𝐾

+ � � 𝑥𝑥𝑉𝑉0𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚

𝑗𝑗∈𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚∈𝑀𝑀

� (3) 
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𝐶𝐶𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 = � � �𝑧𝑧𝑗𝑗𝑦𝑦𝑗𝑗,𝑚𝑚𝑚𝑚𝑐𝑐𝑚𝑚𝑚𝑚 �𝐸𝐸𝑑𝑑,𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘 − 𝐸𝐸𝑎𝑎,𝑗𝑗

𝐸𝐸𝑇𝑇𝑘𝑘�
𝑘𝑘∈𝐾𝐾𝑚𝑚∈𝑀𝑀𝑗𝑗∈𝑉𝑉𝑚𝑚𝑚𝑚

 

+ ��𝑐𝑐𝑝𝑝𝑝𝑝 − 𝑠𝑠𝑠𝑠𝑏𝑏𝑝𝑝𝑝𝑝� �𝐸𝐸𝑑𝑑,𝑉𝑉0
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 − 𝐸𝐸𝑎𝑎,𝑉𝑉0

𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚�
𝑚𝑚∈𝑀𝑀

+ � � 𝑧𝑧𝑗𝑗 �𝑐𝑐𝑤𝑤𝑀𝑀𝑀𝑀𝑀𝑀 × 𝑤𝑤𝑡𝑡𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚�

𝑗𝑗∈𝑉𝑉𝑚𝑚𝑚𝑚𝑚𝑚∈𝑀𝑀

 

(4) 

 

𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝜆𝜆𝜆𝜆��� � 𝑡𝑡𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘𝑃𝑃𝑖𝑖𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴1

+ � 𝑡𝑡𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘𝑃𝑃𝑖𝑖𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴2

�
𝑘𝑘∈𝐾𝐾

+ � � 𝑡𝑡𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚𝑃𝑃𝑖𝑖𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴3𝑚𝑚∈𝑀𝑀

� 

(5) 

 

𝑃𝑃𝑖𝑖𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘 = 𝑣𝑣𝐸𝐸𝐸𝐸 �𝑔𝑔�sin�𝛼𝛼𝑖𝑖𝑖𝑖� + 𝑐𝑐𝑟𝑟 cos�𝛼𝛼𝑖𝑖𝑖𝑖�� �𝑀𝑀𝐸𝐸𝐸𝐸 + 𝑢𝑢𝑗𝑗

𝐸𝐸𝑇𝑇𝑘𝑘 + 𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴
𝐸𝐸𝑇𝑇𝑘𝑘𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴�+

𝑐𝑐𝑑𝑑𝜌𝜌𝑓𝑓𝑠𝑠𝑣𝑣𝐸𝐸𝐸𝐸2

2 � (6) 
 

𝑃𝑃𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 = 𝑣𝑣𝐴𝐴𝐴𝐴𝐴𝐴 �𝑔𝑔�sin�𝛼𝛼𝑖𝑖𝑖𝑖� + 𝑐𝑐𝑟𝑟 cos�𝛼𝛼𝑖𝑖𝑖𝑖�� �𝑀𝑀𝐴𝐴𝐴𝐴𝐴𝐴 + 𝑢𝑢𝑗𝑗

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘� +
𝑐𝑐𝑑𝑑𝜌𝜌𝑓𝑓𝑠𝑠𝑣𝑣𝐴𝐴𝐴𝐴𝐴𝐴2

2 � (7) 
 

𝑃𝑃𝑖𝑖𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀 = 𝑣𝑣𝑀𝑀𝑀𝑀𝑀𝑀 �𝑔𝑔𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀�sin�𝛼𝛼𝑖𝑖𝑖𝑖� + 𝑐𝑐𝑟𝑟 cos�𝛼𝛼𝑖𝑖𝑖𝑖�� +
𝑐𝑐𝑑𝑑𝜌𝜌𝑓𝑓𝑠𝑠𝑣𝑣𝑀𝑀𝑀𝑀𝑀𝑀2

2 � (8) 
 

𝐶𝐶𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 = ���𝑐𝑐𝑤𝑤𝐴𝐴𝐴𝐴𝐴𝐴 ×𝑤𝑤𝑡𝑡𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 + 𝑐𝑐𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴 × 𝑝𝑝𝑡𝑡𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘�
𝑖𝑖∈𝑉𝑉𝑐𝑐𝑘𝑘∈𝐾𝐾

 (9) 

s.t. 
� 𝑥𝑥𝑖𝑖𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴1

= � 𝑥𝑥𝑗𝑗𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴1

∀𝑗𝑗 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (10) 
 

� 𝑥𝑥𝑖𝑖𝑖𝑖
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴3

= � 𝑥𝑥𝑗𝑗𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴3

∀𝑗𝑗 ∈ 𝑉𝑉𝑚𝑚𝑚𝑚 ,𝑚𝑚 ∈ 𝑀𝑀 (11) 
 

� 𝑥𝑥𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴2

= � 𝑥𝑥𝑗𝑗𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴2

∀𝑗𝑗 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (12) 
 

𝑥𝑥𝑉𝑉0𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘 = 𝑥𝑥𝑖𝑖𝑉𝑉0ʹ

𝐸𝐸𝑇𝑇𝑘𝑘 ≤ 1 ∀𝑖𝑖, 𝑗𝑗 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (13) 
 

𝑥𝑥𝑗𝑗𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 = 𝑥𝑥𝑜𝑜𝑜𝑜

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 ∀𝑖𝑖, 𝑜𝑜 ∈ 𝑉𝑉𝑐𝑐 , 𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟 ,𝑘𝑘 ∈ 𝐾𝐾 (14) 
 

�𝑥𝑥𝑗𝑗𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

𝑖𝑖∈𝑉𝑉𝑐𝑐

≥ 1 ∀𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟,𝑘𝑘 ∈ 𝐾𝐾 (15) 
 

� �𝑥𝑥𝑗𝑗𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

𝑗𝑗∈𝑉𝑉𝑟𝑟𝑘𝑘∈𝐾𝐾

≥ 1 ∀𝑖𝑖 ∈𝑉𝑉𝑐𝑐 (16) 
 

𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴
𝐸𝐸𝑇𝑇𝑘𝑘 + 𝑢𝑢𝑗𝑗

𝐸𝐸𝑇𝑇𝑘𝑘 < 𝐶𝐶𝐸𝐸𝐸𝐸 ∀𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟,𝑘𝑘 ∈ 𝐾𝐾 (17) 
 

𝑢𝑢𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 < 𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 ∀𝑗𝑗 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (18) 

𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴
𝐸𝐸𝑇𝑇𝑘𝑘 ≤ 𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴

𝑚𝑚𝑚𝑚𝑚𝑚 ∀𝑘𝑘∈𝐾𝐾 (19) 
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𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴
𝐸𝐸𝑇𝑇𝑘𝑘 ≤ 𝑚𝑚𝑚𝑚𝑚𝑚

𝑉𝑉𝑟𝑟
�� 𝑥𝑥𝑉𝑉𝑟𝑟𝑗𝑗

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

𝑗𝑗∈𝑉𝑉𝑐𝑐

� ∀𝑘𝑘 ∈ 𝐾𝐾 (20) 

 

𝑎𝑎𝑡𝑡𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘 + 𝑚𝑚𝑚𝑚𝑚𝑚 �𝑠𝑠𝑡𝑡𝑖𝑖,

𝑧𝑧𝑖𝑖�𝐸𝐸𝑑𝑑,𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘 − 𝐸𝐸𝑎𝑎,𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘�
𝑟𝑟𝑐𝑐

� + 𝑡𝑡𝑖𝑖𝑖𝑖 − 𝑎𝑎𝑡𝑡𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘 ≤ 𝛹𝛹 �1 − 𝑥𝑥𝑖𝑖𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘� ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴1, 𝑖𝑖

∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 
(21) 

 

𝑎𝑎𝑡𝑡𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 +𝑤𝑤𝑡𝑡𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 + 𝑠𝑠𝑡𝑡𝑖𝑖 + 𝑡𝑡𝑖𝑖𝑖𝑖 − 𝑝𝑝𝑡𝑡𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 − 𝑎𝑎𝑡𝑡𝑗𝑗

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 ≤ 𝛹𝛹 �1 − 𝑥𝑥𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘� ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴2, 𝑖𝑖

∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 
(22) 

 

𝑤𝑤𝑡𝑡𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 = 𝑚𝑚𝑚𝑚𝑚𝑚�0, 𝑒𝑒𝑖𝑖 − 𝑎𝑎𝑡𝑡𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘� ∀𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (23) 
 

𝑝𝑝𝑡𝑡𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 = 𝑚𝑚𝑚𝑚𝑚𝑚�0,𝑎𝑎𝑡𝑡𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 − 𝑙𝑙𝑖𝑖� ∀𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (24) 
 

𝑎𝑎𝑡𝑡𝑖𝑖
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 ≤ 𝑎𝑎𝑡𝑡𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘 + 𝛹𝛹�1 − 𝑦𝑦𝑖𝑖,𝑚𝑚𝑚𝑚� ∀𝑖𝑖 ∈ 𝑉𝑉𝑚𝑚𝑚𝑚 ,𝑘𝑘 ∈ 𝐾𝐾,𝑚𝑚 ∈ 𝑀𝑀 (25) 
 

𝑤𝑤𝑡𝑡𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 = 𝑚𝑚𝑚𝑚𝑚𝑚 �0,𝑎𝑎𝑡𝑡𝑗𝑗

𝐸𝐸𝑇𝑇𝑘𝑘 − 𝑎𝑎𝑡𝑡𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚� ∀𝑗𝑗 ∈ 𝑉𝑉𝑚𝑚𝑚𝑚,𝑘𝑘 ∈ 𝐾𝐾,𝑚𝑚 ∈ 𝑀𝑀 (26) 

 

𝑎𝑎𝑡𝑡𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘 + 𝑟𝑟𝑐𝑐�𝐸𝐸𝑑𝑑,𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘 − 𝐸𝐸𝑎𝑎,𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘� + 𝑡𝑡𝑖𝑖𝑖𝑖

≤ 𝑎𝑎𝑡𝑡𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 + 𝛹𝛹 �1 − 𝑥𝑥𝑖𝑖𝑖𝑖

𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚� ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴3, 𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐𝑐𝑐,𝑘𝑘 ∈ 𝐾𝐾,𝑚𝑚 ∈ 𝑀𝑀 
(27) 

 

𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝐸𝐸 = 𝑟𝑟𝑢𝑢 × 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝐸𝐸𝐸𝐸 × 𝑟𝑟𝑐𝑐 + 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚
𝐸𝐸𝐸𝐸  (28) 

 

𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝑀𝑀𝑀𝑀𝑀𝑀 = 𝑟𝑟𝑢𝑢 × 𝑡𝑡𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀 × 𝑟𝑟𝑐𝑐 + 𝑒𝑒𝑚𝑚𝑚𝑚𝑚𝑚
𝑀𝑀𝑀𝑀𝑀𝑀 (29) 

 

0 < 𝐸𝐸𝑎𝑎,𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 ≤ 𝐸𝐸𝑑𝑑,𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 − 𝑃𝑃𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘𝑡𝑡𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 + 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴 �1 − 𝑥𝑥𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘� ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴2,𝑘𝑘 ∈ 𝐾𝐾 (30) 

 

0 < 𝐸𝐸𝑎𝑎,𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘 ≤ 𝐸𝐸𝑑𝑑,𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘 − 𝑃𝑃𝑖𝑖𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘𝑡𝑡𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖

𝐸𝐸𝑇𝑇𝑘𝑘 + 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝐸𝐸𝐸𝐸 �1 − 𝑥𝑥𝑖𝑖𝑖𝑖
𝐸𝐸𝑇𝑇𝑘𝑘� ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴1,𝑘𝑘 ∈ 𝐾𝐾 (31) 

 

0 < 𝐸𝐸𝑎𝑎,𝑗𝑗
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 ≤ 𝐸𝐸𝑑𝑑,𝑖𝑖

𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 − 𝑃𝑃𝑖𝑖𝑖𝑖𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚 + 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝑀𝑀𝑀𝑀𝑀𝑀 �1 − 𝑥𝑥𝑖𝑖𝑖𝑖

𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚� ∀(𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴3,𝑚𝑚 ∈ 𝑀𝑀 (32) 
 

𝐸𝐸𝑑𝑑,𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 ≤ 𝐸𝐸𝑐𝑐𝑐𝑐𝑐𝑐𝐴𝐴𝐴𝐴𝐴𝐴 ∀𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟,𝑘𝑘 ∈ 𝐾𝐾 (33) 

 

𝑦𝑦𝑗𝑗 ≥ 𝑥𝑥𝑗𝑗𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘 ∀𝑖𝑖 ∈ 𝑉𝑉𝑟𝑟,𝑘𝑘 ∈ 𝐾𝐾 (34) 

 

𝑦𝑦𝑗𝑗 = � 𝑥𝑥𝑗𝑗𝑗𝑗
𝐸𝐸𝑇𝑇𝑘𝑘

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴1

∀𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟, 𝑘𝑘 ∈ 𝐾𝐾 (35) 
 

𝑥𝑥𝑗𝑗𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 ≤ 𝑦𝑦𝑗𝑗 ∀𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐 ,𝑘𝑘 ∈ 𝐾𝐾 (36) 

 

�𝑥𝑥𝑗𝑗𝑗𝑗
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘

𝑖𝑖∈𝑉𝑉𝑐𝑐

≥ 𝑦𝑦𝑗𝑗 ∀𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟 ,𝑘𝑘 ∈ 𝐾𝐾 (37) 
 

𝑧𝑧𝑗𝑗 ≤ 𝑦𝑦𝑗𝑗 ∀𝑗𝑗 ∈ 𝑉𝑉𝑟𝑟 (38) 
 

𝑦𝑦𝑗𝑗,𝑚𝑚𝑚𝑚 ≤ 𝑧𝑧𝑗𝑗 ∀𝑗𝑗 ∈ 𝑉𝑉𝑚𝑚𝑚𝑚 ,𝑚𝑚 ∈ 𝑀𝑀,𝑘𝑘 ∈ 𝐾𝐾 (39) 

𝑧𝑧𝑗𝑗 = � 𝑥𝑥𝑖𝑖𝑖𝑖
𝑀𝑀𝑀𝑀𝑉𝑉𝑚𝑚

(𝑖𝑖,𝑗𝑗)∈𝐴𝐴3

∀𝑗𝑗 ∈ 𝑉𝑉𝑚𝑚𝑚𝑚,𝑚𝑚 ∈ 𝑀𝑀 (40) 
 

Eqs. 10 to 12 represent flow balance constraints. Eq. 13 ensures that each ET is dispatched only 
once and returns to the distribution centre after completing its delivery task. Eq. 14 indicates that 
the AUV departs from the parking node and returns to the same node after completing its delivery. 
In addition, for a given AUV and parking node, when there is no split distribution or multiple dis-
tribution mode, Eq. 15 takes the value of 1; otherwise, Eq. 15 takes a value greater than 1. Eq. 16 
indicates that each customer needs to be visited by an AUV and can be visited once or multiple 
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times, meaning that when there is a split distribution mode, customers will be served by AUVs 
multiple times. Eq. 17 limits the number of AUVs and goods carried by an ET to its payload. Eq. 18 
limits the goods an AUV carries to its payload. Eqs. 19 and 20 state that the number of AUVs car-
ried by an ET must not exceed either the maximum number of AUV journeys dispatched at all 
parking nodes or the specified maximum number of vehicles. Eqs. 21 and 22 represent time flow 
constraints for ETs and AUVs. Eqs. 23 and 24 are customer time window constraints. Eq. 25 en-
sures the MCV arrives at the mobile charging node no later than the ET. Eq. 26 gives the waiting 
time for the MCV. Eq. 27 provides a time flow constraint for the MCV. Eqs. 28 and 29 specify that 
all ETs and MCVs are fully charged when departing the distribution centre. Eq. 30 limits the travel 
distance of AUV and ensures its battery remains within capacity. According to Eq. 31, the energy 
of an ET arriving at node 𝑗𝑗 cannot exceed its level when departing node 𝑖𝑖 minus the consumption 
on arc (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴1. According to Eq. 32, the power level of an MCV when it reaches node 𝑗𝑗 is not 
higher than the power level when it leaves node 𝑖𝑖 minus the consumption through arc (𝑖𝑖, 𝑗𝑗) ∈ 𝐴𝐴3. 
The battery capacity will not exceed its limit at any time. If node 𝑖𝑖 is the selected mobile charging 
node, subtract the electricity the MCV provides to the ET from the amount it has when leaving 
node 𝑖𝑖. Constraint 33 ensures that the battery state of the AUV is fully charged when it is first 
dispatched from its ET. In split distribution or multiple distribution modes, AUVs return to the ET 
and may depart again before being recharged, resulting in departures with less than maximum 
battery capacity. Eqs. 34 and 35 state that selecting a parking node requires ET visitation. Eqs. 36 
and 37 are spatial coordination constraints for ETs and AUVs; that is, if parking node 𝑗𝑗 is selected, 
it will serve at least one AUV dispatch activity. Eq. 38 limits charging node selection to chosen 
parking nodes. Eqs. 39 to 40 require that if an ET charges at a mobile charging node 𝑗𝑗, there must 
be a visiting MCV. 

3. Solution approach 
This study proposes IHFLA to address the TAUVDN-MPSC. The designed algorithm primarily con-
sists of four stages: initial population construction, memeplex division, local deep search, and pop-
ulation shuffling, as illustrated in Fig. 2.  
 

 
Fig. 2 Algorithm framework 
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The specific steps are as follows: 
 

Step 1: Initial solution construction 

Each individual represents a solution, encoded in three distinct parts (see Fig. 3). The first part 
specifies the routes of ETs. For example, ET 1 departs from distribution centre 0, visits parking 
nodes 3, 2, and 4 sequentially, then returns to 0. The second part details the routes of AUVs. For 
instance, AUV 1 initiates its route from parking node 3, returns to this node after serving customer 
5, and subsequently serves customers 4 and 3 after reloading goods, before returning again to 
parking node 3. The third part outlines the routes of MCVs. For example, MCV 1 departs from dis-
tribution centre 0, charges the ET at parking nodes 2 and 4 in sequence, and finally returns to 0. 
Based on this encoding structure, the initial solution construction method is defined in steps 1-1 
to 1-3, after which the generated initial solution is copied to 𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃. Give 𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺 = 1. 
Step 1-1: Initialize set 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 = ∅, 𝑉𝑉𝑟𝑟′ ← 𝑉𝑉𝑟𝑟. 
Step 1-1-1: Randomly select a customer as initial customer 𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∈ 𝑉𝑉𝑐𝑐 and delete it. 
Step 1-1-2: Randomly select 𝑟𝑟𝑑𝑑𝑑𝑑 ∈ 𝑉𝑉𝑟𝑟′. 
Step 1-1-3: If 𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 > 𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 , the AUV will go to and from the parking node �𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴
� times, and put 

the corresponding split distribution route 𝑙𝑙𝐴𝐴𝐴𝐴𝐴𝐴,𝑠𝑠
𝑛𝑛𝑛𝑛𝑛𝑛  in 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 , return to step 1-1-1; If 𝑑𝑑𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ≤ 𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 , 
perform steps 1-1-4. 
Step 1-1-4: If 𝑉𝑉𝑐𝑐 ≠ ∅, perform step 1-1-5; Otherwise, output 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 . 
Step 1-1-5: Select 𝑐𝑐𝑖𝑖𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐 to insert into the route of 𝑐𝑐𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. The best feasible insertion position is 
determined by Eq. 41. 

If the range of AUV is violated after inserting 𝑐𝑐𝑖𝑖𝑖𝑖, it will not be inserted, and the current AUV 
route 𝑙𝑙𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐  will be placed into 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 . If �𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴
𝑑𝑑𝑑𝑑 � ≥ 𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚, delete 𝑟𝑟𝑑𝑑𝑑𝑑 ∈ 𝑉𝑉𝑟𝑟′ and return to step 1-1-1, oth-

erwise directly return to step 1-1-1. 
If the range of AUV is met after inserting 𝑐𝑐𝑖𝑖𝑖𝑖, but 𝑑𝑑𝑑𝑑𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛 ≥ 𝐶𝐶𝐸𝐸𝐸𝐸 (𝑑𝑑𝑑𝑑𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛is the sum of all customer 

demands connecting 𝑟𝑟𝑑𝑑𝑑𝑑), it will not be inserted, and put 𝑙𝑙𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐  into 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴
𝑑𝑑𝑑𝑑 . If �𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 � ≥ 𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚, delete 
𝑟𝑟𝑑𝑑𝑑𝑑 ∈ 𝑉𝑉𝑟𝑟′ and return to step 1-1-1, otherwise directly return to step 1-1-1. 

If the range of AUV is met and 𝑑𝑑𝑑𝑑𝑑𝑑𝑛𝑛𝑛𝑛𝑛𝑛 < 𝐶𝐶𝐸𝐸𝐸𝐸 after inserting 𝑐𝑐𝑖𝑖𝑖𝑖, but 𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛 ≥ 𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴  (𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛 is the dis-
tribution demand of AUV after inserting 𝑐𝑐𝑖𝑖𝑖𝑖), insert 𝑟𝑟𝑑𝑑𝑑𝑑 before 𝑐𝑐𝑖𝑖𝑖𝑖, and check whether the range of 
AUV is met. If violated, 𝑐𝑐𝑖𝑖𝑖𝑖  will not be inserted and put 𝑙𝑙𝐴𝐴𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐  into 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 . If �𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴
𝑑𝑑𝑑𝑑 � ≥ 𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚 , delete 

𝑟𝑟𝑑𝑑𝑑𝑑 ∈ 𝑉𝑉𝑟𝑟′and return to step 1-1-1, otherwise directly return to step 1-1-1. Otherwise, insert 𝑟𝑟𝑑𝑑𝑑𝑑 and 
𝑐𝑐𝑖𝑖𝑖𝑖 in turn, and delete 𝑐𝑐𝑖𝑖𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐, then put multiple delivery route 𝑙𝑙𝐴𝐴𝐴𝐴𝐴𝐴,𝑚𝑚

𝑛𝑛𝑛𝑛𝑛𝑛  in 𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴
𝑑𝑑𝑑𝑑 . If �𝑆𝑆𝐴𝐴𝐴𝐴𝐴𝐴

𝑑𝑑𝑑𝑑 � ≥ 𝑁𝑁𝐴𝐴𝐴𝐴𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚, 
delete 𝑟𝑟𝑑𝑑𝑑𝑑 ∈ 𝑉𝑉𝑟𝑟′ and return to step 1-1-1, otherwise directly return to step 1-1-1. If 𝑑𝑑𝐴𝐴𝐴𝐴𝐴𝐴𝑛𝑛𝑛𝑛𝑛𝑛 < 𝐶𝐶𝐴𝐴𝐴𝐴𝐴𝐴 , 
insert 𝑐𝑐𝑖𝑖𝑖𝑖, delete 𝑐𝑐𝑖𝑖𝑖𝑖 ∈ 𝑉𝑉𝑐𝑐, and return to step 1-1-4. 

 

 
Fig. 3 Solution code representation 
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𝐼𝐼𝐼𝐼(𝑖𝑖, 𝑐𝑐𝑖𝑖𝑖𝑖, 𝑗𝑗) = 𝛽𝛽1�𝑡𝑡𝑖𝑖𝑐𝑐𝑖𝑖𝑖𝑖 + 𝑡𝑡𝑐𝑐𝑖𝑖𝑖𝑖𝑗𝑗 − 𝛾𝛾𝑡𝑡𝑖𝑖𝑖𝑖� + 𝛽𝛽2 �𝑎𝑎𝑡𝑡𝑗𝑗,𝑛𝑛𝑛𝑛𝑛𝑛
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘 − 𝑎𝑎𝑡𝑡𝑗𝑗

𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘�+ 𝛽𝛽3�𝑙𝑙𝑐𝑐𝑖𝑖𝑖𝑖 − 𝑎𝑎𝑡𝑡𝑐𝑐𝑖𝑖𝑖𝑖
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘� (41) 

where 𝛽𝛽1, 𝛽𝛽2 and 𝛽𝛽3 are non-negative weight values and, 𝑎𝑎𝑡𝑡𝑗𝑗,𝑛𝑛𝑛𝑛𝑛𝑛
𝐴𝐴𝐴𝐴𝑉𝑉𝑘𝑘  is the new arrival time. 

Step 1-2: Initialize set 𝑆𝑆𝑟𝑟,𝑘𝑘 = ∅, 𝑉𝑉𝑚𝑚𝑚𝑚 = ∅, and 𝑇𝑇𝑡𝑡𝑡𝑡 = ∅. 
Step 1-2-1: Random select a parking node as the start parking node 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∈ 𝑉𝑉𝑟𝑟 and delete it. 
Step 1-2-2: Initialize set 𝐼𝐼𝑉𝑉𝑟𝑟 = ∅. Store the remaining nodes of 𝑉𝑉𝑟𝑟 into 𝐼𝐼𝑉𝑉𝑟𝑟 from small to large ac-
cording to the distance to 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. 
Step 1-2-3: Traverse 𝐼𝐼𝑉𝑉𝑟𝑟. If there is no parking node that meets the capacity limit of ETs after in-
serting, put the current ET route 𝑙𝑙𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐 in 𝑆𝑆𝑟𝑟,𝑘𝑘  and return to step 1-2-1. Otherwise, the selected park-
ing node 𝑟𝑟𝑑𝑑𝑑𝑑 will be inserted between 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑉𝑉0, and delete it from 𝑉𝑉𝑟𝑟. Then, obtain a new ET 
route 𝑙𝑙𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛. 
Step 1-2-4: If the range of ET is violated, put 𝑟𝑟𝑑𝑑𝑑𝑑 into 𝑉𝑉𝑚𝑚𝑚𝑚, and calculate the time of arrival and 
departure node 𝑟𝑟𝑑𝑑𝑑𝑑 as the time window, and put into 𝑇𝑇𝑡𝑡𝑡𝑡 
Step 1-2-5: If 𝑉𝑉𝑟𝑟 ≠ ∅, 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ← 𝑟𝑟𝑑𝑑𝑑𝑑, return to step 1-2-2; Otherwise, put 𝑙𝑙𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛into 𝑆𝑆𝑟𝑟,𝑘𝑘, and output, 
𝑆𝑆𝑟𝑟,𝑘𝑘, 𝑇𝑇𝑡𝑡𝑡𝑡 and 𝑉𝑉𝑚𝑚𝑚𝑚. 
Step 1-3: Initialize set 𝑆𝑆𝑚𝑚𝑚𝑚 = ∅. 
Step 1-3-1: Randomly select a charging node as the starting charging point 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ∈ 𝑉𝑉𝑚𝑚𝑚𝑚 and delete it. 
Step 1-3-2: Initialize set 𝐼𝐼𝑆𝑆𝑚𝑚𝑚𝑚 = ∅. Store the remaining nodes of 𝑉𝑉𝑚𝑚𝑚𝑚 into 𝐼𝐼𝑆𝑆𝑚𝑚𝑚𝑚 from small to large 
according to the distance to 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠. 
Step 1-3-3: Traverse 𝐼𝐼𝑆𝑆𝑚𝑚𝑚𝑚. If there is no charging node that meets the available battery capacity of 
MCV after inserting, put the current MCV route 𝑙𝑙𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐 into 𝑆𝑆𝑚𝑚𝑚𝑚, and return to step 1-3-1; 
Step 1-3-4：If it exist but does not meet Eq. 25, put 𝑙𝑙𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐 into 𝑆𝑆𝑚𝑚𝑚𝑚 and return to step 1-3-1; Other-
wise, insert the selected charging node 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 between 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 and 𝑉𝑉0 to obtain a new MCV route 
𝑙𝑙𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛. 
Step 1-3-5: If 𝑉𝑉𝑚𝑚𝑚𝑚 ≠ ∅, return to step 1-3-2; Otherwise, put 𝑙𝑙𝑘𝑘𝑛𝑛𝑛𝑛𝑛𝑛 into 𝑆𝑆𝑚𝑚𝑚𝑚, and output 𝑆𝑆𝑚𝑚𝑚𝑚. 
Step 2: Memeplex division 
The diversity control strategy [19] is used to divide the population 𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃 into 𝑁𝑁𝑀𝑀 groups with the 
same size. First, the individuals are sorted according to the target value from small to large and 
stored in 𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃. Then, the first 𝑁𝑁𝑀𝑀 individuals in each group are taken as the first individual and 
deleted from 𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃. After that, calculate the diversity values between the newly assigned individu-
als and the non-assigned individuals in 𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃, and select the individuals with large diversity values 
to insert into the corresponding population. On this basis, memeplex groups are divided. 
Step 3: Local deep search 
Step 3-1: Determine global optimal individual 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 of the current population, and let 𝑛𝑛𝑀𝑀 = 1 
Step 3-2: Select a memeplex 𝑀𝑀𝑗𝑗. 
Step 3-3: Let 𝑙𝑙 = 1. 
Step 3-4: Determine local optimal individual𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 and local worst individual𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  in 𝑀𝑀𝑗𝑗. 
Execute the exchange operators 1 and 2 in turn. 

Exchange operator 1: Randomly select ET routes ( 𝑙𝑙𝑘𝑘𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  and 𝑙𝑙𝑘𝑘𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ) from 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  and 
𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 , respectively, and exchange them. Delete the duplicate customers in current 
𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙, merge the distribution routes of the same parking node 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 , and judge whether the 
payload of ET is met. If not, delete the customers of 𝑟𝑟𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 in the original 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 until the pay-
load is met. Identify the unserved customers in 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 and insert back based on Eq. 41. If no 
feasible insertion location is found, a new distribution route is created and assigned to the nearest 
feasible parking node. Update the route number to generate a new individual 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛. 

Exchange operator 2: Randomly select parking nodes (𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 and 𝑟𝑟𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) from 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 and 
𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 , respectively, and exchange them. Delete the duplicate customers in current 
𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙, and check whether the payload of ET is met. If not, delete the customers served by 
other parking nodes until the payload is met. After that, the operation is the same as that in ex-
change operator 1. 
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Step 3-5: If 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛 is not better than 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙, 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ← 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔, execute the exchange 
operators 1 and 2 in turn.  
Step 3-6: If 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛  is still not better than 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 , execute the deletion operators for 
𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 in turn to generate 𝑓𝑓𝑓𝑓𝑓𝑓𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛. 

Parking node deletion operator: Select the parking node with the least number of service cus-
tomers and close it. Insert the deleted customer back based on Eq. 41. If no feasible insertion lo-
cation is found, a new AUV route will be created and assigned to the nearest parking node. 

Customer node deletion operator: Randomly select a customer and delete it. Insert this cus-
tomer into other AUV routes based on Eq. 41. After that, the operation is the same as that in park-
ing node deletion operator. 
Step 3-7: Record 𝐸𝐸𝑎𝑎,𝑟𝑟𝑑𝑑𝑑𝑑

𝐸𝐸𝑇𝑇𝑘𝑘  and 𝐸𝐸𝑑𝑑,𝑟𝑟𝑑𝑑𝑑𝑑
𝐸𝐸𝑇𝑇𝑘𝑘  of ETs at each 𝑟𝑟𝑑𝑑𝑑𝑑. If 𝐸𝐸𝑎𝑎,𝑟𝑟𝑑𝑑𝑑𝑑

𝐸𝐸𝑇𝑇𝑘𝑘 ≤ 0, the previous parking node of 
𝑟𝑟𝑑𝑑𝑑𝑑 is selected as the mobile charging node, and then execute step 1-3 to optimize the MCV routes. 
Step 3-8: If 𝑙𝑙 = 𝐿𝐿, go to step 3-9. Otherwise let 𝑙𝑙 = 𝑙𝑙 + 1, return to step 3-4. 
Step 3-9: If 𝑛𝑛𝑀𝑀 = 𝑁𝑁𝑀𝑀 , go to step 4. Otherwise let 𝑛𝑛𝑀𝑀 = 𝑛𝑛𝑀𝑀 + 1, return to step 3-2. 
Step 4: Termination 
If 𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺 = 𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚, output the optimal solution. If 𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺 < 𝑛𝑛𝐺𝐺𝐺𝐺𝐺𝐺𝑚𝑚𝑚𝑚𝑚𝑚, go to step 5. 
Step 5: Population shuffling 
The clone selection procedure is used for population shuffling. First, the number of each cloned 
individual is calculated to generate a cloned population. Next, for each selected individual, first 
execute the parking node deletion operator, followed by the customer node deletion operator, 
based on the mutation probability. This sequence creates a new solution. Finally, use the roulette 
mechanism to select 𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃 individuals from the cloned population to form a new population, then 
return to step 2. 

4. Results and discussion 
4.1 Parameter condition setting 

This study simulates a square urban area of [0,30]2 km and divides it from inside to outside into 
Region 1 (city centre), Region 2 (surrounding area), Region 3 (suburban area), and Region 4 (ex-
ternal area). It is assumed that distribution centres are randomly distributed in Region 4, custom-
ers are evenly distributed in Regions 1, 2, and 3, and delivery points are evenly distributed in 
Region 2. Candidate delivery points are set as 1/5 of the number of customers. The number of 
customers is set to |𝑉𝑉𝐶𝐶| = {20,30,40,50,60}, thus constructing 5 cases, namely Case 20-4, Case 30-
6, Case 40-8, Case 50-10, and Case 60-12. 

Due to the consideration of split distribution, 20 % of customer demands are evenly distributed 
within [5,30] kg, while the remaining customer demands are evenly distributed within [5,20] kg. 
The soft time window of customers is generated based on Solomon [20]. According to the average 
salary of on-duty employees in Beijing, the average salary of a logistics worker is 345 Yuan 
RMB/person·day. The range of the ET is set to 220 km, the battery capacity is 43 kWh, the driving 
speed is 40 km/h, and the self-weight is 1900 kg. The effective load is set to half of its payload, 
which is 600 kg. Its service life is assumed to be 10 years, so the purchase cost equivalent to one 
day is 35.56 Yuan RMB/vehicle·day. The minimum remaining battery capacity is equal to 20 % of 
the battery capacity. Taking Starship as an example, an ET can carry up to 6 AUVs. The maximum 
range of each AUV is 20 km, the driving speed is 10 km/h, the payload is 20 kg, the self-weight is 
80 kg, and the charging rate is 5 kW. Its service life is assumed to be 5 years, so the purchase cost 
and subsidy converted into one day are 21.92 Yuan RMB/vehicle·day and 6.58 Yuan RMB/vehi-
cle·day, respectively. The average service duration of ETs at parking nodes is set to 10 minutes. 
Additionally, the MCV is equipped with a battery capacity of 200 kWh, weighing 4500 kg and ca-
pable of a driving speed of 40 km/h. Its service life is assumed to be 10 years, so the purchase cost 
equivalent to one day is 164.38 Yuan RMB/vehicle·day. Currently, the cost of directly using PV 
generation to charge in China ranges from 0.40 to 0.70 Yuan RMB/kWh, while a subsidy of 0.03 to 
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0.05 Yuan RMB/kWh is provided. This study uses the median value, where the PV charging price 
is 0.55 Yuan RMB/kWh and the PV charging subsidy is 0.04 Yuan RMB/kWh. The mobile charging 
price is 0.77 Yuan RMB/kWh. For parameters related to energy consumption, refer to Demir et al. 
[21] and Goeke and Schneider [22]. For parameters related to algorithms, refer to Song et al. [23]. 
All experimental procedures are executed using MATLAB R2021a encoding. 

4.2 Algorithm performance analysis 

To evaluate the performance of IHFLA, this study compares IHFLA with the Genetic Algorithm 
(GA). In GA, individual selection is based on roulette wheel selection; crossover operation involves 
exchanging all AUV routes served by the same ET, and mutation operation targets individual cus-
tomers for mutation. For each test case, both algorithms are run 10 times, and the optimal objec-
tive value 𝑍𝑍𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (𝑍𝑍𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐺𝐺𝐺𝐺 ), average objective value 𝑍̄𝑍𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 (𝑍̄𝑍𝐺𝐺𝐺𝐺), and average running time 𝑡̄𝑡𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 
(𝑡̄𝑡𝐺𝐺𝐺𝐺) are recorded. Indicators 𝐺𝐺𝐺𝐺𝑝𝑝1, 𝐺𝐺𝐺𝐺𝑝𝑝2, and 𝐺𝐺𝐺𝐺𝑝𝑝3 represent the differences in optimal objec-
tive value, average objective value, and average running time between the two algorithms, as 
shown in formulas (42) to (44). As shown in Table 3, the optimal objective values obtained by 
IHFLA in the five test cases are all lower than those obtained by GA, with an average of -5.60 % 
across all cases. In terms of average objective value, the average across all cases is -9.80 %, indi-
cating that IHFLA significantly outperforms GA. The average running time of IHFLA is lower than 
that of GA in three cases; while in the remaining two cases, the value is below 5.00 %. However, 
the average across all cases is -5.87 %. Therefore, in most cases, the running speed of IHFLA is 
comparable to or even superior to that of GA. Overall, IHFLA exhibits better stability than GA. 
 

𝐺𝐺𝐺𝐺𝑝𝑝1 =
�𝑍𝑍𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 − 𝑍𝑍𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐺𝐺𝐺𝐺 �

𝑍𝑍𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝐺𝐺𝐺𝐺 × 100 % (42) 
 

𝐺𝐺𝐺𝐺𝑝𝑝2 =
(𝑍̄𝑍𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 − 𝑍̄𝑍𝐺𝐺𝐺𝐺)

𝑍̄𝑍𝐺𝐺𝐺𝐺
× 100 % (43) 

 

𝐺𝐺𝐺𝐺𝑝𝑝3 =
(𝑡̄𝑡𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼 − 𝑡̄𝑡𝐺𝐺𝐺𝐺)

𝑡̄𝑡𝐺𝐺𝐺𝐺
× 100 % (44) 

 

Table 3 Indicator analysis 
Cases 𝐺𝐺𝐺𝐺𝑝𝑝1 (%) 𝐺𝐺𝐺𝐺𝑝𝑝2 (%) 𝐺𝐺𝐺𝐺𝑝𝑝3 (%) 

Case 20-4 -0.85 -2.51 -16.71 
Case 30-6 -7.67 -13.10 -12.42 
Case 40-8 -8.77 -14.17 -9.10 

Case 50-10 -4.96 -9.26 4.59 
Case 60-12 -5.76 -9.97 4.31 

Average -5.60 -9.80 -5.87 
 

Large-scale instances with 60 client nodes more accurately reflect real-world scenarios, as the 
solution space expands exponentially and leads to more frequent and complex constraint con-
flicts. This study examines the search behaviour and performance of the IHFLA in addressing such 
large-scale instances. Fig. 4 presents the total operating cost of the logistics enterprise per day as 
a function of the number of iterations. The horizontal axis represents the number of iterations, 
while the vertical axis indicates the total operating cost of the logistics enterprise per day. The 
convergence curve for IHFLA demonstrates a rapid reduction in the initial objective function 
value, with most optimization completed within approximately 150 iterations. Subsequently, the 
algorithm enters a fine search phase and stabilizes near the optimal value after about 200 itera-
tions, resulting in a smooth curve and the lowest convergence platform. These results indicate 
that IHFLA achieves high-quality solutions with fewer iterations, effectively balancing exploration 
and exploitation in large-scale, complex optimization, thereby improving both search efficiency 
and solution quality. 
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Fig. 4 Algorithm iteration convergence curve 

4.3 Comparison of different distribution methods 

This study presents a large-scale case involving 60 customers, comparing the traditional distribu-
tion method using only ETs with a transformed approach that incorporates both ETs and AUVs, 
as shown in Table 4. The ET-AUV distribution method reduces total operating costs by 18.61 % 
and lowers penalty costs by 23.21 %, indicating improved customer satisfaction and the ability to 
handle more complex distribution tasks. This innovation has led to changes in both fixed and var-
iable costs. The traditional method requires six ETs, while the ET-AUV distribution method uses only 
two ETs, and AUVs do not require drivers, resulting in a 62.50 % reduction in staffing costs. In the 
traditional approach, ETs must visit all customers sequentially. In contrast, the ET-AUV distribution 
method allows multiple AUVs to be deployed from a parking node to serve nearby customers sim-
ultaneously, significantly reducing total distribution time. AUVs can use sidewalks or designated 
routes, are less affected by traffic congestion, and better meet customer time windows.  

The number of ETs has been reduced from six to two. Despite this, the acquisition cost of six 
new AUVs is higher than the cost savings from reducing four ETs. This one-time investment is 
offset by significant savings in staffing and penalty costs during daily operations. The number of 
MCVs has been reduced from two to one. However, service targets have changed from six ETs to 
two ETs and six AUVs. This change increases total charging volume and charging costs. The distri-
bution routes are longer, leading to increased total energy consumption. This results in a slight 
increase in energy consumption costs. Although vehicle purchase and charging costs rise with the 
ET-AUV distribution method, it still offers lower total operating costs, better human resource ef-
ficiency, and greater operational resilience than using only ETs. 

 
Table 4 Comparison of optimization results under different distribution methods 

Indicators Only ET distribution method ET-AUV distribution method 
Total operating cost of the logistics enterprise per 
day (Yuan RMB) 

4709.13 3832.58 

Length of distribution routes (km) 127.60 137.67 
Number of ETs (Vehicles) 6 2 
Number of AUVs (Vehicles) 0 6 
Number of MCVs (Vehicles) 2 1 
Vehicle purchase cost (Yuan RMB) 542.12 1094.50 
Staffing cost (Yuan RMB) 2760.00 1035.00 
Charging cost (Yuan RMB) 355.46 639.99 
Energy consumption cost (Yuan RMB) 787.02 859.96 
Penalty cost (Yuan RMB) 264.52 203.13 

4.4 Sensitivity analysis 

This study is based on a large-scale calculation example involving 60 customers. It conducts sensitivity 
analysis of the payload and range, and runs IHFLA 10 times, recording the optimal solution. The results 
can provide appropriate operational decision-making references for practical operations. 
Sensitivity analysis of payloads for ETs and AUVs 
With other parameters remaining unchanged, this study analyses the impact of different payloads 
for ETs and AUVs on the total operating costs of the logistics enterprise per day. Sensitivity anal-
ysis is conducted by increasing or decreasing the baseline by 25 % each time, as shown in Fig. 5. 
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Fig. 5 Sensitivity analysis of payloads for ETs and AUVs 

 

As the payload of ETs increases, the total operating costs show a downward trend. When the 
payload is too small (-50 %), the transport capacity of ETs is severely insufficient, requiring the 
deployment of more ETs to complete the same tasks, leading to increased staffing, energy con-
sumption, charging, and vehicle purchase costs. When the payload increases by 25 % or more, the 
amount of cargo transported per trip increases, reducing the number of ETs required and spreading 
staffing and vehicle purchase costs. As the payload of AUV increases, the total operating costs show 
a trend of significant decrease followed by a slight increase. When the load is too small (-50 %), 
AUVs cannot effectively perform delivery tasks. It is necessary to deploy a large number of AUVs 
or make multiple round trips, leading to extremely complex scheduling, a surge in charging de-
mand, and a large number of violations of time windows, ultimately resulting in a more than dou-
bling of the total operating costs. When the payload increases by 25 % or more, the total operating 
costs remain almost unchanged, indicating that additional payload is redundant in most scenarios. 
In summary, as the most effective lever for reducing the total operating costs, ETs with greater 
payload should be preferred or deployed, subject to regulatory and road conditions. In contrast, 
when configuring the payload of AUVs, decision-makers should analyse the weight distribution of 
daily delivery orders and select a payload value that can cover the vast majority of order scenarios. 
Sensitivity analysis of ranges for ETs and AUVs 
Fig. 6 shows the impact of ETs and AUVs on the total operating costs of the logistics enterprise per 
day under different ranges. Similarly, sensitivity analysis is performed by increasing or decreasing 
the reference value by 25 % each time. 

 

 
Fig. 6 Sensitivity analysis of ranges for ETs and AUVs 

 

With the increase in the range of ETs, the total operating costs show a downward trend, and 
the penalty for the reduced range is far greater than the revenue from the increased range. When 
the range is too small (-50 %), ETs need to frequently and urgently call MCVs to charge in order 
to ensure daily distribution and operation, resulting in increased charging costs and charging 
waiting time. At the same time, due to the disruption of the distribution rhythm, the penalty cost 
for violating the time window surged. When the range increases slightly (+25 %), the endurance 
redundancy allows more flexible route planning, reduces the number of charges in the middle of 
a trip, and the total operating cost decreases slightly. With the further increase of the range of ETs, 
economies of scale have emerged, that is, a sufficient range may enable some vehicles to realize 
one-day charging, significantly reducing the dependence on mobile charging, and the costs of 
charging, vehicle purchase, staffing, and penalty have decreased significantly. With the increase 
in the range of AUVs, the change in the total operating cost presents an L-shaped curve. That is, 
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when the range increases by 25 % or more, the utility of additional range decreases, because a 
single delivery usually does not require such a long mileage, and the cost savings are minimal. 
However, when the range is significantly reduced (-50 %), the AUVs cannot effectively cover the 
customers around the parking node, and more AUVs need to be configured to meet the distribu-
tion demand, which greatly increases the charging time and scheduling complexity, resulting in 
an increase in energy consumption, charging, vehicle purchase, and penalty costs. To sum up, the 
range of ETs is the cornerstone to ensure the stability of the system. The cost savings from invest-
ing in a longer ET range are significant. The key to the range design of the AUV is to match the 
business scenario, which only needs to cover the distribution distance of most customers and 
leave a certain safety margin. Therefore, in the case of limited resources, priority should be given 
to ensuring the range of ETs. 
Sensitivity analysis of average speed for ETs and AUVs 
Holding all other parameter settings constant, this study examined the effects of varying average 
speeds of ETs and AUVs on the total operating costs of the logistics enterprise per day. Sensitivity 
analysis is performed by adjusting the benchmark speed by increments of 25 % above and below 
the baseline, as illustrated in Fig. 7.  

 

 
Fig. 7 Sensitivity analysis of average speed for ETs and AUVs 

 

With the increase in the average speed of ETs, the total operating costs of the logistics enter-
prise per day show a U-shaped trend: it first decreases, then increases. When the speed is reduced 
by 50 %, the driving time doubles. This leads to two serious consequences. First, ETs arrive late 
at delivery nodes, causing batch delays in all AUV delivery tasks and sharply increasing time pen-
alty costs. Second, prolonged driving time raises energy consumption per kilometre because of 
low motor efficiency, nearly doubling daily operating costs for logistics companies. When the av-
erage speed increases by 25 %, it approaches the economic speed. At this point, unit energy con-
sumption drops to the optimal level, and punctuality is greatly improved. The penalty costs de-
crease significantly, making the total operating costs of the logistics enterprise per day reach their 
lowest point. If the average speed increases by 50 %, air resistance grows with the square of speed, 
causing a sharp rise in energy consumption costs. The potential to further reduce time penalty 
costs becomes very limited, leading to a rebound in total operating costs of the logistics enterprise 
per day. These patterns show that ETs have an optimal economic speed range. Decision-makers 
should keep the speed near this range to balance energy efficiency and punctuality. However, ac-
tual urban traffic conditions make truck speeds a random variable controlled by the environment, 
not something companies can fully manage. When traffic impacts are considered, the effect of 
speed changes on costs is even more pronounced. 

With the rise in average speed of AUVs, the total operating costs of the logistics enterprise per 
day show a U-shaped trend. Costs first decrease, then increase, but the amount of fluctuation stays 
relatively small. When the average speed drops by 50 %, the delivery time becomes too long. This 
delay causes many customer services to fall outside the time window, sharply raising late penalty 
costs. Although energy use per mile is low at slower speeds, longer driving times increase auxil-
iary system energy consumption. This boosts charging costs and leads to a significant overall in-
crease in total operating costs compared to the baseline. At 25 % higher average speed, vehicles 
match customer time window requirements better, minimizing penalty costs. Although unit en-
ergy use rises, total operating costs decrease, reaching their best level. If speed increases by 50 %, 
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air resistance sharply raises per-mile energy use. Early arrivals then cause new penalties, increas-
ing total operating costs. This shows that the average speed needs flexible adjustment based on 
customer time window requirements. If the time window is loose, speed can drop to save energy 
consumption. If it is strict, speed should be moderately raised to ensure service. However, avoid 
excessive speed, which causes a rebound in energy use. 

5. Conclusion 
This study develops a comprehensive optimization model for an unmanned distribution system us-
ing ETs, AUVs, and MCVs to minimize the total operating costs of the logistics enterprise per day. 
The IHFLA algorithm developed to solve this model demonstrates significant advantages in both 
computational time and cost performance. Compared to the ET-only distribution, the ET-AUV dis-
tribution method offers lower total operating costs, improved human resource efficiency, and 
greater operational resilience. Sensitivity analysis indicates that the efficiency of the ET-AUV system 
depends largely on the core performance parameters. To reduce total operating costs, it is most ef-
fective to prioritize ETs with larger payloads, within the limits of laws, regulations, and road condi-
tions. When resources are limited, enhancing the range of ETs should be the main focus. For AUVs, 
decision-makers should select payload and range values that meet most application needs, rather 
than maximizing these parameters unnecessarily. The average speeds of both ETs and AUVs have a 
U-shaped effect on total cost; therefore, ET speed should be kept within an economic range to ba-
lance energy consumption and punctuality, while AUV speed should be adjusted flexibly according 
to customer time windows to avoid higher costs caused by excessively low or high speeds. 

In future research, we will consider soft time windows and resource-sharing mechanisms, al-
lowing a parking node to be shared by multiple ETs over time or enabling multi-vehicle coordina-
tion through dynamic scheduling mechanisms, so that the model more closely reflects the 
complexity and variability of real-world distribution environments. The PV energy storage mod-
elling will be expanded into a time-varying energy management system, considering factors such 
as sunshine intensity, energy storage status, and dynamic electricity prices, to achieve collabora-
tive optimization of energy flow and logistics, making the model more closely aligned with actual 
operating scenarios. Moreover, future research will incorporate time-varying traffic and random 
fluctuations to simulate travel time uncertainty, as well as dynamic customer order arrivals and 
cancellations to create a dynamic demand scenario. Additionally, we will utilize Monte Carlo sim-
ulations and similar methods to evaluate the performance of the proposed model in stochastic 
environments, quantifying cost fluctuations and service failure rates under various disturbances. 
Further work will also explore dynamic rescheduling strategies and backup resource configura-
tions, such as reserve AUVs, to strengthen the resilience of the system. 
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A data-to-decision framework for selecting turning 
conditions of C3604 brass  
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A B S T R A C T A R T I C L E   I N F O 
This study presents a data-to-decision workflow that combines surrogate mod-
eling, multi-objective optimization, and decision-making in a single procedure. 
Four surrogate models, including Kolmogorov–Arnold Networks (KAN), Cat-
Boost (CAT), Gradient Boosting Regressor (GBR), and LightGBM (LGB), were 
trained under a unified preprocessing and Bayesian tuning scheme and evalu-
ated on held-out data. The retained models were then embedded in NSGA-III to 
generate the Pareto front for the trade-off between surface roughness (Ra) and 
material removal rate (MRR). To move from the Pareto set to a single operating 
condition, the candidate solutions were further assessed using multiple MCDA 
methods under different objective weighting schemes, and the resulting rank-
ings were combined through rank aggregation (Borda, Copeland, Kemeny–
Young, Robust Rank Aggregation). A turning case study on C3604 free-cutting 
brass, using cutting speed, feed, depth of cut, nose radius, and coolant condition  
as inputs, showed that the final recommendation remained stable across dif-
ferent weighting and ranking settings. Experimental verification at selected Pa-
reto points agreed well with the predicted values, with relative errors of about 
5 % for both Ra and MRR. The results show that the proposed workflow pro-
vides a practical and consistent route from limited machining data to a final 
operating decision. 
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1. Introduction
Optimizing machining parameters remains a core need in modern manufacturing because practi-
tioners must simultaneously satisfy diverse performance targets—surface integrity, tool con-
sumption, throughput, mechanical loads (forces and power), and increasingly energy-related in-
dicators—under real shop-floor constraints involving machine capability, tool geometry, coolant 
strategy, and safety. The problem is inherently multi-objective and constraint-laden, so it benefits 
from decision processes that make trade-offs explicit and reproducible, rather than relying on ad 
hoc tuning. Recent studies in the field underscore both the energy and efficiency imperative and 
the practicality of multi-objective modeling and optimization in machining applications, reinforc-
ing the need for auditable, data-driven parameter selection  [1-3]. 

Machining datasets are often small, heterogeneous, and strongly affected by setup-dependent 
variation, which makes reliable parameter selection difficult even before the optimization stage 
is considered. In machining experiments, continuous cutting variables such as cutting speed, feed, 
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and depth of cut are commonly mixed with categorical factors such as coolant mode, insert geo-
metry, and tool condition, while the measured outputs may also contain interaction effects, pro-
cess noise, and metrology scatter [4]. Under these conditions, a single-stage analysis is usually not 
sufficient. A practically useful framework should first establish predictive surrogates that can ge-
neralize beyond the limited experimental runs, because overfitted models provide little value for 
downstream optimization or engineering decision-making [5]. 

Recent machining studies increasingly move toward an integrated route in which validated 
surrogate models are used to approximate process responses, evolutionary search is then 
employed to construct the trade-off surface among conflicting objectives, and a decision layer is 
finally introduced to identify an implementable operating point from the Pareto set [2, 6]. This 
shift is important because direct trial-and-error selection is inefficient in multi-factor machining 
problems, whereas optimization-only studies often stop at reporting Pareto fronts without resol-
ving the final engineering choice in a transparent way [7]. 

When only a limited number of experiments are available, the predictive stage becomes one of 
the most critical parts of the workflow. Machining data often combine nonlinear process behavior 
with a mixture of continuous and categorical inputs, so different surrogate models may respond 
quite differently to the same dataset. In this setting, tree-based ensembles can be effective for 
structured tabular data, whereas neural or spline-based models may better capture smoother but 
coupled response patterns. Even so, no model should be assumed to be the best in advance for 
every machining response, and model selection needs to be based on actual predictive perfor-
mance rather than preference or convention [8, 9]. This issue becomes even more important in 
multi-objective optimization, because the Pareto front is only as reliable as the surrogates used to 
construct it. If the retained models are unstable or locally biased, the optimization stage may still 
produce solutions that appear attractive numerically but are less trustworthy from a physical or 
machining perspective [10]. The same caution applies to the final decision stage. Obtaining a well-
spread Pareto set does not automatically resolve which setting should be implemented, since the 
preferred solution may still change with the weighting scheme and ranking rule adopted. For that 
reason, transparent multi-criteria procedures and objective weighting methods are needed not 
only to compare alternatives, but also to make the final recommendation more stable and techni-
cally defensible [11, 12]. 

Recent studies have also demonstrated the practical value of combining modelling, optimization, and 
confirmation experiments in turning applications. For instance, recent work on dry turning of Inconel 
625 [13] and Inconel 825 [14] reported effective optimization of quality-related and productivity-re-
lated responses under experimentally validated conditions. However, the transition from the optimized 
solution set to a final and methodologically robust engineering recommendation is still less explicitly 
addressed in many such studies. 

Most machining studies do not carry the whole process through from prediction to optimiza-
tion and then to final decision-making. Many papers stop after reporting model accuracy, while 
others present a Pareto front but leave the final choice to a single ranking method or a fixed set of 
weights. In such cases, it is difficult to know whether the recommended setting is genuinely robust 
or simply favored by one particular decision rule [2, 5]. This issue is more critical when the dataset 
is small, because any instability in the predictive model can carry over into the optimization stage 
and finally affect the selected solution. Another limitation is that convergence of the optimization 
algorithm and experimental confirmation of the chosen setting are not always reported together. 
Without both, the final recommendation may appear reasonable in computation, yet remain in-
sufficiently supported from a machining point of view [15]. For this reason, a more complete data-
to-decision workflow is still needed, one that links surrogate modeling, Pareto search, and the 
final selection step in a transparent and technically traceable way.  

This study aims to establish a practical data-to-decision workflow for machining applications 
with limited experimental data. Rather than focusing on a single modeling or optimization 
technique, the work integrates surrogate modeling, multi-objective optimization, and MCDA into 
a consistent and traceable procedure. The objective is to ensure that the final recommended set-
ting is not only accurate in prediction, but also stable under different decision assumptions. 
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The proposed framework is then examined through a turning case study on C3604 free-cutting 
brass, where Ra and MRR are considered as the primary objectives. This combination allows the 
study to evaluate both the predictive capability of the models and the robustness of the final de-
cision in a realistic machining context. 

This study develops an integrated data-to-decision workflow for machining parameter se-
lection under limited data conditions. The proposed approach links surrogate modeling, multi-
objective optimization, and multi-criteria decision-making within a single procedure, with parti-
cular attention to how the final solution is affected by model behavior and decision assumptions. 
Instead of relying on one surrogate model or a fixed ranking rule, the framework emphasizes con-
sistency across the predictive, optimization, and selection stages, so that the recommended set-
ting remains stable when different weighting or ranking strategies are considered. The workflow 
is then examined through a turning case study on C3604 brass, where the trade-off between Ra 
and MRR is used to evaluate both predictive performance and decision robustness.  

2. Data to decision framework 
The proposed framework provides a structured route for converting machining data into an im-
plementable parameter recommendation. As illustrated in Fig. 1, the workflow consists of six lin-
ked stages, from data preparation to experimental confirmation of the selected solution. The pur-
pose is not only to obtain accurate predictions, but also to ensure that the final operating point 
remains technically reasonable and robust at the decision stage. 

2.1 Stage 1: Data acquisition and preprocessing 

The first stage establishes the dataset used for model development. In machining applications, the 
data typically include controllable cutting parameters and measured performance responses, 
with both numerical and categorical variables appearing in the same dataset [1, 14]. In the present 
study, the dataset is formed from the designed turning experiments, using cutting speed, feed, 
depth of cut, nose radius, and coolant condition as inputs, and surface roughness and material 
removal rate as the main outputs. Before modeling, categorical variables are encoded, continuous 
variables are checked for consistency, and the data are split into training and test subsets. For the 
productivity response, MRR is calculated from turning kinematics, while Ra is obtained from post-
process measurement [2]. 

 
Fig 1 Generalized data-to-decision workflow for machining optimization 
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2.2 Stage 2: Machine-learning surrogate modeling 

The second stage uses surrogate models to describe the relationship between machining inputs 
and outputs. This step is particularly important when the available dataset is limited, because the 
optimization stage requires fast and repeatable evaluation over the feasible design space [17]. 
Different model families may behave differently on the same machining dataset, especially when 
nonlinear effects and mixed input types are present [18]. Therefore, several candidate models are 
compared under the same preprocessing and tuning procedure, and their performance is evalua-
ted using RMSE, MAE, and R2. The best-performing surrogates are then retained for downstream 
optimization. 

2.3 Stage 3: Model explainability 

The third stage examines whether the retained models behave in a physically meaningful way. 
Explainability tools are used to identify the dominant input variables and to clarify how they in-
fluence the predicted responses [19]. For interpretable model forms such as KAN, the learned re-
lationships can also be examined in a more explicit form [20]. This stage helps connect predictive 
performance with machining knowledge and reduces the risk of relying on numerically accurate 
but physically doubtful trends. 

2.4 Stage 4: Multi-objective optimization 

Once the surrogate models have been retained, they are used in a multi-objective optimization 
step to generate non-dominated machining conditions. In this study, the optimization seeks a bal-
ance between surface quality and productivity, represented by Ra and MRR. NSGA-III is employed 
to approximate the Pareto front, while convergence and spread are checked before the candidate 
solutions are passed to the decision stage [21]. 

2.5 Stage 5: Multi-criteria decision analysis 

Because the Pareto front usually contains several feasible alternatives, a separate decision stage is 
needed to identify a single implementable setting. MCDA methods are therefore used to rank the Pa-
reto candidates under defined weighting schemes [20-21]. Since the final ranking may vary with the 
weighting and scoring method, objective weighting and rank aggregation are included to reduce de-
pendence on a single method and improve the robustness of the final recommendation [5]. 

2.6 Stage 6: Experimental validation 

The final stage verifies the selected solutions experimentally. Representative Pareto points are re-
tested under the same machining conditions, and the measured responses are compared with the pre-
dicted values using absolute and relative error [24]. This step is necessary to confirm that the selected 
operating point is not only favorable in computation, but also reliable in actual machining practice. 

Overall, the framework links data preparation, surrogate modeling, explainability, optimiza-
tion, decision analysis, and experimental confirmation in a single workflow. In this way, limited 
experimental data can be translated into a final machining recommendation that is both techni-
cally interpretable and practically verifiable.  

3. A turning case study 
To verify the practical applicability of the proposed data-to-decision framework, a turning case 
study was conducted on C3604 free-cutting brass. The study considers the main controllable pa-
rameters, including 𝑉𝑉𝑐𝑐, 𝑓𝑓, 𝑎𝑎𝑝𝑝, RE, and CL, with the aim of balancing Ra and MRR. The following sub-
sections describe the experimental setup and the implementation of the proposed workflow. 

3.1 Experimental setup 

Turning experiments were performed on a UGINT L2100 CNC lathe (11 kW spindle, automatic 
feed control). The work material was C3604 free-cutting brass, supplied as round bars of uniform 
hardness and diameter; cylindrical blanks (30 mm diameter, 100 mm length) were prepared. A 
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DCGT11304/08 AK carbide insert for non-ferrous alloys was mounted on a standard toolholder 
with controlled overhang and alignment. 

A D-optimal (coordinate-exchange) design targeting a two-factor-interaction (2FI) model was 
generated with 40 randomized runs and no blocks. Five factors were studied, including 𝑉𝑉𝑐𝑐, 𝑓𝑓, 𝑎𝑎𝑝𝑝, 
and two categorical RE and CL conditions. The discrete levels actually tested are listed in Table 1. 
Randomization was used to minimize temporal drift and nuisance effects. 

Cutting parameters followed a designed matrix of 𝑉𝑉𝑐𝑐, 𝑓𝑓, 𝑎𝑎𝑝𝑝, RE, and CL. Ra was measured after 
each run using a portable stylus profilometer (0.8 mm cutoff, 5 mm sampling length); the mean of 
three traces was recorded. 

 
Fig 2 Integrated experimental setup and data-to-decision workflow for turning of C3604 brass 

 
Fig. 3 Pairplot illustrating the distribution and overlap of train and test datasets for both input and output parameters 
 in the C3604 turning experiment 

   Table 1 Experimental turning conditions 
Parameter Unit Levels 
Cutting speed (𝑉𝑉𝑐𝑐) m/min 105, 145, 185, 225 
Feed (𝑓𝑓) mm/rev 0.09, 0.12, 0.15, 0.18, 0.21 
Depth of cut (𝑎𝑎𝑝𝑝) mm 0.35, 0.85, 1.35, 1.85 
Tool grade – Korloy DCGT11304/08  
Coolant (CL) – “0” = Dry, “1” = Flood (emulsion 6-8 %),  
Tool nose radius (RE) mm “0” = 0.4 mm, “1” = 0.8 mm 
Machine tool – UGINT L2100 CNC lathe  
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The material removal rate was computed from turning kinematics: 

  𝑀𝑀𝑀𝑀𝑀𝑀 = 𝜋𝜋/4�𝐷𝐷𝑖𝑖𝑖𝑖
2 −𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜2 �𝐿𝐿
𝑡𝑡

× 10−3  (1) 

where 𝐷𝐷𝑖𝑖𝑖𝑖 and 𝐷𝐷𝑜𝑜𝑜𝑜𝑜𝑜 are the initial and final diameters (mm), L is the machined length (mm), and t 
is the machining time (min). Fig. 2 illustrates the overall setup, showing the brass workpiece, cut-
ting tool configuration, and surface-roughness measurement arrangement. Meanwhile, Fig. 3 
summarizes the input factors and output responses considered in the turning process.  

3.2 Implementation of the data-to-decision workflow 

Surrogate modeling 

To model the mapping from machining inputs to performance responses, four surrogate models 
were considered, including KAN, CAT, GBR, and LGB. 

KAN is based on the Kolmogorov–Arnold representation theorem, which states that a multi-
variate function can be represented as a superposition of univariate functions. Accordingly, a tar-
get function 𝑓𝑓(𝑥𝑥1, … , 𝑥𝑥𝑛𝑛) can be expressed as: 

𝑓𝑓(𝑥𝑥1, … , 𝑥𝑥𝑛𝑛) = � Φ𝑞𝑞

2𝑛𝑛+1

𝑞𝑞=1

��𝜙𝜙𝑞𝑞,𝑝𝑝

𝑛𝑛

𝑝𝑝=1

(𝑥𝑥𝑝𝑝)� (2) 

where 𝜙𝜙𝑞𝑞,𝑝𝑝(⋅) and Φ𝑞𝑞(⋅) are univariate functions. 
In KAN, these functions are implemented as learnable spline-based mappings, replacing fixed 

activation functions used in conventional neural networks. This formulation allows the model to 
approximate complex nonlinear relationships while retaining a degree of interpretability, as the 
contribution of each input variable can be examined through the learned univariate functions. 

In contrast, CAT, GBR, and LGB belong to the family of tree-based ensemble models, which are 
widely used for tabular datasets. These methods approximate the target function by combining 
multiple regression trees: 

𝑦𝑦�(𝑥𝑥) = �𝑓𝑓𝑘𝑘

𝐾𝐾

𝑘𝑘=1

(𝑥𝑥),𝑓𝑓𝑘𝑘 ∈ 𝒯𝒯 (3) 

where each 𝑓𝑓𝑘𝑘 represents a decision tree. In boosting-based methods such as GBR and LGB, trees 
are added sequentially to minimize a loss function: 

𝑦𝑦�(𝑡𝑡)(𝑥𝑥) = 𝑦𝑦��𝑡𝑡−1�(𝑥𝑥) + 𝜂𝜂𝑓𝑓𝑡𝑡(𝑥𝑥) 
where 𝜂𝜂 is the learning rate. LGB improves computational efficiency through histogram-based 
splitting, while CAT enhances performance on categorical variables using ordered boosting and 
encoding strategies. 

Given the machining dataset  
  𝒟𝒟 = {(𝑥𝑥𝑖𝑖 , 𝑦𝑦𝑖𝑖)}𝑖𝑖=1𝑁𝑁  (4) 

with 𝑥𝑥𝑖𝑖 = �𝑉𝑉𝑐𝑐 ,𝑓𝑓,𝑎𝑎𝑝𝑝,𝑅𝑅𝐸𝐸 ,𝐶𝐶𝐶𝐶� and 𝑦𝑦𝑖𝑖  represents the response Ra or MRR, the surrogate model ap-
proximates:  

𝑦𝑦� = ℱ(𝑥𝑥;𝜃𝜃) + 𝜀𝜀 (5) 
where ℱ(𝑥𝑥; 𝜃𝜃) is the regression model KAN, CAT, GBR, and LGB, 𝜃𝜃 are learnable parameters, and 
𝜀𝜀 denotes model residuals. 

Model parameters are estimated by minimizing the mean-squared error: 

min
𝜃𝜃
ℒ(𝜃𝜃) = 1

𝑁𝑁
∑ �𝑦𝑦𝑖𝑖 − ℱ(𝑥𝑥𝑖𝑖; 𝜃𝜃)�2𝑁𝑁
𝑖𝑖=1    (6) 

For model development, the dataset was split into training and test subsets (80/20). A 5-fold 
cross-validation procedure was applied only within the training set for hyperparameter tuning, 
while the held-out test set was used for final model evaluation. 

Hyperparameter optimization was performed using Bayesian optimization with a Gaussian 
Process surrogate 𝑔𝑔(𝜆𝜆) to minimize the validation loss [25]: 
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𝜆𝜆∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑚𝑚𝑚𝑚𝑚𝑚
𝜆𝜆∈𝛬𝛬

𝐸𝐸[ℒ𝑣𝑣𝑣𝑣𝑣𝑣(𝜆𝜆)]                                        (7) 

where 𝜆𝜆 denotes the hyperparameter vector. The next query point is selected by maximizing the 
Expected Improvement (EI), defined as follows [26]: 

EI(𝜆𝜆) = �𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚 − 𝜇𝜇(𝜆𝜆)�𝛷𝛷(𝑍𝑍) + 𝜎𝜎(𝜆𝜆)𝜙𝜙(𝑍𝑍),  𝑍𝑍 = 𝜇𝜇𝑚𝑚𝑚𝑚𝑚𝑚−𝜇𝜇(𝜆𝜆)
𝜎𝜎(𝜆𝜆)               (8) 

The model with the lowest cross-validated RMSE and the highest R2 is retained for multi-objective 
optimization. 
Bi-objective optimization 

After the surrogate models for Ra and MRR were established, they were used in the optimization 
stage to search for machining conditions that balance surface quality and productivity. In this 
study, the problem involves two conflicting objectives: 

𝑚𝑚𝑚𝑚𝑚𝑚
𝑥𝑥
𝑓𝑓1(𝑥𝑥) = 𝑅𝑅𝑅𝑅(𝑥𝑥),        𝑚𝑚𝑚𝑚𝑚𝑚

𝑥𝑥
𝑓𝑓2(𝑥𝑥) = 𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥) (9) 

subject to operational bounds: 

𝑉𝑉𝑐𝑐 ∈ �𝑉𝑉𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚,𝑉𝑉𝑐𝑐𝑚𝑚𝑚𝑚𝑚𝑚�, 𝑓𝑓 ∈ �𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚,𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚� 𝑎𝑎𝑝𝑝 ∈ �𝑎𝑎𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚,𝑎𝑎𝑝𝑝𝑚𝑚𝑚𝑚𝑚𝑚�, 𝑅𝑅𝐸𝐸 ∈ (0,  1), 𝐶𝐶𝐶𝐶 ∈ (0,1).  

A solution 𝑥𝑥 is considered Pareto-optimal if there is no other feasible solution 𝑥𝑥′ that gives a 
lower Ra and a higher MRR at the same time, with at least one of the two being strictly better. 
Accordingly, the Pareto-optimal set is defined as 

𝑃𝑃∗ = {𝑥𝑥 ∈ 𝛺𝛺|∄𝑥𝑥′ ∈ 𝛺𝛺:𝑅𝑅𝑅𝑅(𝑥𝑥′) ≤ 𝑅𝑅𝑅𝑅(𝑥𝑥),∀𝑗𝑗,  𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥′) ≤ 𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥)}   (10) 

To obtain this set, NSGA-III was employed as the search algorithm. In the present study, NSGA-
III works directly with the retained surrogate models instead of repeated physical trials, which 
makes it possible to examine a large number of candidate settings within the allowable parameter 
ranges. The resulting Pareto front represents the trade-off between finish and productivity, and 
its convergence behavior was monitored using hypervolume and IGD [21].  
MCDA-based ranking 

The Pareto solutions obtained from NSGA-III represent different trade-offs between Ra and MRR. 
Since only one operating condition is required in practice, these solutions were further ranked 
using MCDA. 

Each Pareto solution was treated as an alternative, with Ra and MRR as the decision criteria. 
Because lower Ra is preferred while higher MRR is desirable, they were treated as cost-type and 
benefit-type criteria, respectively. The criteria were normalized to [0, 1] using for benefit-type: 

𝑓𝑓ij
′ =

𝑓𝑓ij − 𝑓𝑓𝑗𝑗min

𝑓𝑓𝑗𝑗max − 𝑓𝑓𝑗𝑗min (11) 

and for cost-type criteria: 

𝑓𝑓𝑖𝑖𝑖𝑖′ =
𝑓𝑓𝑚𝑚𝑚𝑚𝑚𝑚𝑗𝑗 − 𝑓𝑓𝑓𝑓𝑓𝑓
𝑓𝑓𝑗𝑗𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑓𝑓𝑗𝑗𝑚𝑚𝑚𝑚𝑚𝑚

 (12) 

Values are 𝑣𝑣𝑖𝑖𝑖𝑖 = 𝑤𝑤𝑗𝑗,𝑓𝑓𝑖𝑖𝑖𝑖′ , where 𝑤𝑤𝑗𝑗 are objective weights. 
To improve robustness, multiple MCDA methods (CODAS, SPOTIS, MABAC, and WASPAS) were 

combined with different objective weighting schemes (Entropy, Gini, and MEREC), and the final 
ranking was obtained from their aggregated results. 
Objective weighting 

Because the final ranking may depend on how much importance is assigned to Ra and MRR, three 
objective weighting schemes were considered in this study, namely Entropy, Gini, and MEREC. 
These methods were used to reduce reliance on a single weighting rule and to examine the stabi-
lity of the final decision under different weighting perspectives. 
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For Entropy weighting [5], the normalized contribution of alternative 𝑖𝑖 to criterion 𝑗𝑗 is first 

defined as 𝑝𝑝𝑖𝑖𝑖𝑖 = 𝑓𝑓𝑖𝑖𝑖𝑖′ /� 𝑓𝑓𝑖𝑖𝑖𝑖′
𝑛𝑛

𝑖𝑖=1
. The entropy value is then calculated using with 𝑘𝑘 = 1/ln 𝑛𝑛 as the 

normalization coefficient: 

𝐻𝐻𝑗𝑗 = −𝑘𝑘�𝑝𝑝𝑖𝑖𝑖𝑖 ln𝑝𝑝𝑖𝑖𝑖𝑖

𝑛𝑛

𝑖𝑖=1

,   𝑤𝑤𝑗𝑗 =
1 −𝐻𝐻𝑗𝑗

∑ (1 −𝐻𝐻𝑘𝑘)𝑚𝑚
𝑘𝑘=1

 (13) 

For Gini weighting [27], the normalized values are sorted in ascending order, and the degree 
of dispersion for each criterion is measured by: 

𝐺𝐺𝑗𝑗 = 1 − 2�
𝑖𝑖
𝑛𝑛

𝑛𝑛

𝑖𝑖=1

𝑝𝑝(𝑖𝑖)𝑗𝑗 ,   𝑤𝑤𝑗𝑗 =
𝐺𝐺𝑗𝑗

∑ 𝐺𝐺𝑘𝑘𝑚𝑚
𝑘𝑘=1

 (14) 

For MEREC weighting [12], the average normalized value of criterion 𝑗𝑗 is first written as 𝑓𝑓′� 𝑗𝑗 =
1
𝑁𝑁
∑ 𝑓𝑓′𝑖𝑖𝑖𝑖𝑛𝑛
𝑖𝑖=1 , and the corresponding weight is obtained from the deviation of each alternative from 

this average: 

𝑤𝑤𝑗𝑗 =
∑ �𝑓𝑓′𝑖𝑖𝑖𝑖 − 𝑓𝑓′� 𝑗𝑗�𝑛𝑛
𝑖𝑖=1

∑ ∑ �𝑓𝑓′𝑖𝑖𝑖𝑖 − 𝑓𝑓′�𝑘𝑘�𝑛𝑛
𝑖𝑖=1

𝑚𝑚
𝑘𝑘=1

 (15) 

These weighting schemes were applied separately before the MCDA scoring stage, so that the 
subsequent ranking could be examined under different objective-weighting conditions.  
MCDA scoring 

After determining the objective weights, each Pareto solution is evaluated using several MCDA 
methods to obtain comparable scores and rankings. In this study, four methods—CODAS, SPOTIS, 
MABAC, and WASPAS—are applied under the same normalized decision matrix. 

For CODAS [28], the negative-ideal solution 𝑓𝑓𝑗𝑗∗ = max𝑖𝑖𝑓𝑓𝑖𝑖𝑖𝑖′  is used to compute Euclidean and 
taxicab distances, and the relative assessment score is formed as: 

𝑆𝑆𝑖𝑖 = −��𝑤𝑤𝑗𝑗

𝑚𝑚

𝑗𝑗=1

�𝑓𝑓′𝑖𝑖𝑖𝑖 −  𝑓𝑓𝑗𝑗∗�
2  + 𝜏𝜏��𝑓𝑓′𝑖𝑖𝑖𝑖 − 𝑓𝑓𝑗𝑗∗�

𝑚𝑚

𝑗𝑗=1

 (16) 

For SPOTIS [29], the distance of each alternative to the ideal point is calculated as: 

𝐷𝐷𝑖𝑖 = ��𝑤𝑤𝑗𝑗

𝑚𝑚

𝑗𝑗=1

�𝑓𝑓𝑖𝑖𝑖𝑖′ − 𝑓𝑓𝑗𝑗∗�
2, 𝑆𝑆𝑖𝑖 = 1 −

𝐷𝐷𝑖𝑖 − 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚
𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚 − 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚

 (17) 

For MABAC [23], the deviation of each alternative from the border approximation area is eva-
luated, and the final score is obtained as: 

𝑆𝑆𝑖𝑖 = −�∑ 𝑤𝑤𝑗𝑗𝑚𝑚
𝑗𝑗=1 �𝑓𝑓′𝑖𝑖𝑖𝑖 −  𝑓𝑓𝑗𝑗∗�

2  + 𝜏𝜏 ∑ �𝑓𝑓′𝑖𝑖𝑖𝑖 − 𝑓𝑓𝑗𝑗∗�𝑚𝑚
𝑗𝑗=1    (18) 

and the final score is 
𝑆𝑆𝑖𝑖 = ∑ 𝑤𝑤𝑗𝑗𝑚𝑚

𝑗𝑗=1 ,𝑄𝑄𝑖𝑖𝑖𝑖   (19) 
For WASPAS [22], the score combines additive and multiplicative aggregation: 

𝑆𝑆𝑖𝑖 = 1
2
∑ 𝑤𝑤𝑗𝑗

𝑓𝑓′𝑖𝑖𝑖𝑖
𝑓𝑓𝑗𝑗
∗

𝑚𝑚
𝑗𝑗=1  + 1

2
∏ �𝑓𝑓

′𝑖𝑖𝑖𝑖
𝑓𝑓𝑗𝑗
∗ �

𝑤𝑤𝑗𝑗
𝑚𝑚
𝑗𝑗=1   (20) 

Each method produces a ranking of the Pareto solutions. These rankings are then used in the 
subsequent aggregation step to obtain a consensus decision. 
Rank aggregation 

Since different MCDA methods may produce different rankings, a rank aggregation step is intro-
duced to obtain a more stable and consistent decision. Let 𝑅𝑅(𝑚𝑚) = [𝑟𝑟1𝑚𝑚, … , 𝑟𝑟𝑛𝑛𝑛𝑛] denote the ranking 
obtained from method 𝑚𝑚, where 𝑚𝑚 = 1, … ,𝑀𝑀. 
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For Borda count [11], each alternative is assigned a score based on its position in each ranking: 

𝑅𝑅𝑖𝑖Borda = 1
𝑀𝑀
∑ (𝑛𝑛 − 𝑟𝑟𝑖𝑖𝑖𝑖)𝑀𝑀
𝑚𝑚=1   (21) 

For Copeland index [30], pairwise comparisons are used. The number of wins and losses for 
each alternative 𝑖𝑖 are computed as: 

𝑊𝑊𝑖𝑖 = ∑ 𝐼𝐼�𝑟𝑟𝑖𝑖 > 𝑟𝑟𝑗𝑗�𝑗𝑗≠𝑖𝑖 , 𝐿𝐿𝑖𝑖 = ∑ 𝐼𝐼�𝑟𝑟𝑖𝑖 < 𝑟𝑟𝑗𝑗�𝑗𝑗≠𝑖𝑖 ⇒   𝐶𝐶𝑖𝑖 = 𝑊𝑊𝑖𝑖 − 𝐿𝐿𝑖𝑖  (22) 

For Kemeny–Young consensus [31], seeks a ranking 𝑅𝑅∗ that maximizes agreement with all in-
dividual rankings: 

𝑅𝑅∗ = arg max
𝑅𝑅

� τ
𝑀𝑀

𝑚𝑚=1
�𝑅𝑅,𝑅𝑅(𝑚𝑚)� 

 
(23) 

where τ is Kendall’s tau between rankings. 
For Robust Rank Aggregation (RRA) [32], each rank is first converted into a normalized value, 

𝑝𝑝𝑖𝑖𝑖𝑖 = 𝑟𝑟𝑖𝑖𝑖𝑖/𝑛𝑛. The aggregated significance is then estimated by 

𝑃𝑃𝑖𝑖 = min
𝑘𝑘
�𝑛𝑛�𝑝𝑝𝑖𝑖𝑖𝑖

𝑘𝑘

𝑚𝑚=1

�

1/𝑘𝑘

,   RRA𝑖𝑖 = − log 10 (𝑃𝑃𝑖𝑖) (24) 

Consensus selection 
The final consensus score integrates the results of the aggregation methods: 

𝑅𝑅𝑖𝑖 = 𝑅𝑅𝑖𝑖
Borda+𝐶𝐶𝑖𝑖+𝑅𝑅𝑖𝑖

Kemeny+RRA𝑖𝑖
4

  (25) 

The alternative with the highest 𝑅𝑅𝑖𝑖 is selected as the recommended machining condition. 
Experimental validation 
Selected Pareto solutions (𝑥𝑥∗) are experimentally verified on the same machine–tool–coolant con-
figuration. The predicted and measured responses are compared using the absolute and relative 
errors: 

𝐸𝐸𝑗𝑗 = �𝑦𝑦𝑗𝑗,exp − 𝑦𝑦𝑗𝑗,pred�,   𝑅𝑅𝐸𝐸𝑗𝑗(%) = 𝐴𝐴𝐸𝐸𝑗𝑗
𝑦𝑦𝑗𝑗,exp

× 100  (26) 

Average relative error within 0-5 % for Ra and MRR indicates good agreement between pre-
dictions and experiment, supporting the reliability of the proposed workflow [24]. 

4. Results and discussion 
4.1 Machine learning model performance 

Table 2 reports the predictive accuracy of four surrogate models for Ra and MRR, using the same 
train/test split and preprocessing pipeline. Figs. 4 and 5 visualize the agreement between exper-
imental and predicted values on the train and test partitions. 
 

Table 2 Model performance metrics for Ra and MRR 

Model 
Surface roughness Material removal rate 

Train Test Train Test 
RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 RMSE MAE R2 

KAN 0.0082 0.006 0.999 0.0541 0.042 0.989 0.1343 0.100 0.999 0.5206 0.260 0.996 
CAT 0.1012 0.078 0.983 0.0897 0.074 0.968 0.0040 0.003 0.999 2.2987 1.486 0.994 
GBR 0.0017 0.001 0.999 0.0767 0.061 0.982 0.1180 0.072 0.999 4.6363 3.543 0.993 
LGB 0.1920 0.138 0.941 0.0964 0.074 0.967 1.5290 1.090 0.989 4.7165 3.648 0.952 

Surface roughness predictive performance 

Across models, Ra is predicted with high fidelity, but the generalization gap differs markedly. KAN 
attains the best test performance (RMSE = 0.0541; MAE = 0.042; R2 = 0.98), with only a slight drop 
from its near-perfect training fit (R2 = 0.999). GBR ranks second on the test set (R2 = 0.982; RMSE 
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= 0.0767), followed by CAT (R2 = 0.968) and LGB (R2 = 0.967). Notably, LGB shows the clearest 
sign of underfitting on Ra (train R2 = 0.941; test RMSE = 0.192). Fig. 4 shows KAN lying closest to 
the 45° line, while tree-boosting models deviate more in the mid-high Ra range (1.5-2.5 µm). 

 
Fig. 4 Experimental vs. predicted values for Ra on train and test sets 

Material removal rate predictive performance 

Training fits are near-perfect for all, but their out-of-sample behavior diverges. KAN again provides 
the strongest generalization (test RMSE = 0.5206; R2 = 0.999), keeping errors at a sub-percent scale 
relative to the MRR range in Fig. 5. In contrast, CAT degrades to RMSE = 2.2987 (R2 = 0.994); mean-
while, GBR and LGB show larger errors (RMSE = 4.6363 and 4.7165; R2 = 0.993 and 0.952). Fig. 5 
indicates systematic under-prediction at high MRR for tree-based models, whereas KAN preserves 
the trend with minimal bias. Based on the test-set results, KAN showed the strongest generalization for 
both Ra and MRR and was therefore retained as the surrogate model for both responses in the subsequent 
optimization stage. 

 
Fig. 5 Experimental vs. predicted values for MRR on train and test sets 

4.2 Machine learning model explanation 

Model explanation for Ra  

Fig. 6a highlights the darkest branches from f and nose radius RE, with weaker links from ap, Vc, 
and CL; this ordering is confirmed by the KAN feature scores in Fig. 6b and the GBR-SHAP violins 
in Fig. 6c, where high f shifts Ra upward while large RE shifts it downward. The dominance of feed 
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on roughness for brass is consistent with recent turning studies on Ms58, CW614N and other cop-
per alloys, which report a substantial, monotonic increase of Ra with rising feed due to a thicker 
undeformed chip and more pronounced feed marks [33]. In parallel, the nose radius acts as a ge-
ometric smoother: larger RE lowers cusp height and improves finish in brass andcopper alloys, a 
trend echoed by brass-focused machinability reports and broader turning investigations on nose-
radius effects [34]. Regarding cutting speed, Ra tends to decrease as 𝑉𝑉𝑐𝑐 increases because higher 
speed suppresses adhesion and built-up edge in lead-free brasses, improving surface topogra-
phy—again matching the slight negative SHAP trend for 𝑉𝑉𝑐𝑐 [35]. The influence of depth of cut on 
Ra is secondary within our range, mainly through force and vibration pathways; copper-alloy 
turning with coated tools similarly finds feed most influential and depth-of-cut a weaker contrib-
utor to roughness [36]. Finally, coolant shows only a minor direct effect on Ra for brass in our 
DOE, although tailored lubrication or hybrid cryo-MQL can still yield incremental finish improve-
ments—consistent with brass turning tests and recent lead-free brass studies [37]. 

𝑅𝑅𝑅𝑅 = 0.19 𝑥𝑥1 − 0.06 𝑥𝑥3 − 0.34 𝑥𝑥4 + 0.03 𝑥𝑥5 + 0.02 𝑒𝑒0.94 𝑥𝑥1 

+0.16 𝑒𝑒1.24 𝑥𝑥1 − 0.02𝑒𝑒0.69 𝑥𝑥2 − 0 ⋅ 10−2𝑒𝑒0.72 𝑥𝑥2 + 0.01 𝑒𝑒1.06 𝑥𝑥3 + 1.8 

+0.01 𝑒𝑒−0.86 𝑥𝑥1 − 0.11 𝑒𝑒−0.12 𝑥𝑥1  

(27) 

With [𝑥𝑥1,𝑥𝑥2, 𝑥𝑥3,𝑥𝑥4,𝑥𝑥5]  =  [𝑓𝑓,  𝑉𝑉𝑐𝑐 ,𝑎𝑎𝑝𝑝,𝑅𝑅𝐸𝐸 ,𝐶𝐶𝐶𝐶], Ra is driven mainly by feed: positive linear and ex-
ponential terms in 𝑥𝑥1 make Ra increase with f. Speed enters only via negative exponentials in 𝑥𝑥2, 
so higher 𝑉𝑉𝑐𝑐 lowers Ra with a saturating effect. Depth of cut has a weak net influence (small posi-
tive exponential offset by a negative linear term). The negative linear term in 𝑥𝑥4 shows a larger RE 
smooths the surface. The CL term is tiny, indicating a negligible direct effect in this DOE. 
 

 
Fig. 6 Explanation for Ra: (a) KAN for initialization, (b) KAN feature importance, (c) GBR SHAP violin 

Model explanation for MRR 
Fig. 7a shows the branches from 𝑎𝑎𝑝𝑝, 𝑉𝑉𝑐𝑐, and 𝑓𝑓 to MRR with high, medium, and lower intensity, 
respectively, while the links from RE and CL are very faint—indicating negligible direct influence. 
This is reinforced in Fig. 7b, the feature-importance plot ranks ap highest, followed by 𝑉𝑉𝑐𝑐 and 𝑓𝑓, 
with RE and CL close to zero. Fig. 7c indicates the direction of effects: SHAP distributions for ap 
and 𝑉𝑉𝑐𝑐 lie mainly on the positive side, and the pink (high-value) portions on the right show that 
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larger 𝑎𝑎𝑝𝑝 or 𝑉𝑉𝑐𝑐 increase MRR; the blue segments on the left indicate that smaller values reduce 
MRR. For f, the trend is similar but with a smaller magnitude; RE and CL concentrate around zero. 

𝑀𝑀𝑀𝑀𝑀𝑀 = 0.26 𝑥𝑥3 + 0.28 𝑒𝑒0.34 𝑥𝑥2 + 0.66 𝑒𝑒0.48 𝑥𝑥3+0.91 𝑒𝑒0.25 𝑥𝑥2−0.37 𝑒𝑒−0.55 𝑥𝑥1  

−1.44− 0 ⋅ 10−2𝑒𝑒−0.6 𝑥𝑥5 − 0.14 𝑒𝑒−0.61 𝑥𝑥1  
(28) 

The positive linear term 0.26𝑥𝑥3 and the exponential term containing 𝑥𝑥3 confirm the dominant 
role of 𝑎𝑎𝑝𝑝; positive exponentials in 𝑥𝑥2 capture the increase of MRR with 𝑉𝑉𝑐𝑐; the −0.14 𝑒𝑒−0.61 𝑥𝑥1 term 
explains a amplified contribution from f within the tested range; the CL coefficient is effectively 
zero and RE does not appear—consistent with Fig. 7. 

 
Fig. 7 Explanation for MRR: (a) KAN for initialization, (b) KAN feature importance, (c) CAT-SHAP violin 

4.3 NSGA-III Multi-Objective optimization  

Having established reliable surrogates, we used NSGA-III to identify Pareto-optimal settings that 
minimize Ra and maximize MRR. The algorithm ran with a population of 50 for 50 generations, 
using simulated binary crossover and polynomial mutation to maintain diversity. Similar evolu-
tionary strategies have proved effective for complex manufacturing optimization [10]. 

Fig. 8a shows the final Pareto front from NSGA-III (Ra in range of 0.45-1.644 µm; MRR in range 
of 29.724-80.62 cm³/min), while Fig. 8b, the hypervolume increases rapidly and then stabilizes, 
indicating convergence. Fig. 9 overlays the frontier on the DOE trials, confirming the expected 
trade-off—lower Ra comes at the cost of lower MRR—and the advantage of model-based search 
over trial-and-error [38]. In terms of operating windows, our “finish-first” range (Ra about 0.45-
1.0 µm at low feed and higher speed) agrees with recent brass-turning studies reporting that re-
ducing feed and increasing cutting speed improve surface finish; the “productivity-first” range (Ra 
about 1.3-1.6 µm with MRR 70-81 cm³/min) corresponds to higher feed and depth, consistent 
with the literature on kinematic drivers of MRR [37]. Although a smaller RE can minimize Ra when 
the feed is kept low (Fig. 6), the multi-objective context favors RE = 0.8 mm in 8 of the 9 Pareto 
solutions (Table 3) because a larger nose radius acts as a geometric smoother that permits higher 
feed at comparable Ra, thereby lifting MRR without breaching the finish target  [33]. 
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Table 3 Optimal solutions generated by NSGA-III 

Solution 𝑓𝑓  
(mm/rev) 

𝑉𝑉𝑐𝑐  
(m/min) 

𝑎𝑎𝑝𝑝  
(mm) 

RE 
(mm)  

CL Ra 
(μm) 

MRR 
(cm3/min) 

1 0.114 176.948 1.501 1 0 0.450 29.724 
2 0.121 224.867 1.475 1 0 0.585 39.990 
3 0.122 221.061 1.842 0 0 0.704 48.373 
4 0.133 224.893 1.848 1 0 0.810 55.030 
5 0.146 224.893 1.850 1 0 0.945 59.575 
6 0.160 224.824 1.849 1 0 1.104 64.060 
7 0.185 224.996 1.764 1 0 1.222 69.437 
8 0.194 224.970 1.837 1 0 1.322 75.249 
9 0.210 224.981 1.850 1 0 1.644 80.620 

 
Fig 8 NSGA-III results: (a) Pareto front in the Ra-(−MRR) space. (b) Hypervolume convergence across generations 

 

 

Fig. 9 Comparison of NSGA-III Pareto-optimal solutions with experimental trials in the Ra and (−MRR) space 

4.4 MCDM-Based selection of the best solution 

Although the Pareto front provides multiple feasible choices, industrial decision-makers often 
need a single recommended solution. This study applied four MCDM methods—CODAS, SPOTIS, 
MABAC, and WASPAS—to the Pareto-optimal set. The various weighting methods objectively as-
signed weights to the criteria, eliminating subjective biases. 



Le, Nguyen 
 

70 Advances in Production Engineering & Management 21(1) 2026 
 

Table 4 summarizes the Entropy, Gini, and MEREC weights for Ra and MRR. Table 5 reports, 
for each weighting scheme, the preference scores and induced ranks across the four MCDA meth-
ods; Fig. 10 visualizes the resulting orderings. Under Entropy weighting, all four methods rank 
Solution 1 first. Under Gini, most methods still favor Solution 1, with MABAC ranking Solution 4 
first. Under MEREC, CODAS, SPOTIS, and WASPAS again select Solution 1, whereas MABAC prefers 
Solution 8. These modest disagreements across methods are typical in MCDA and motivate a prin-
cipled consensus step. 

To reduce weighting method sensitivity, four aggregators—Borda, Copeland, Kemeny–Young, 
and Robust Rank Aggregation—were applied to the per-method ranks (Table 6; Fig. 11). All four 
aggregators concur on Solution 1 as the overall best candidate, with Solutions 2-3 following and 
Solution 9 consistently last. The cross-method agreement indicates that the selected operating 
point is robust to reasonable changes in weighting and MCDA formulation, in line with recommen-
dations to use consensus procedures when multiple ranking rules are plausible. 

 
Table 4 Calculation weights for various objectives 

Objective MEREC Entropy Gini Type 
Ra 0.481 0.642 0.578 cost 

MRR 0.519 0.358 0.422 benefit 
 

 
Fig. 10 Ranking of selected solutions by various MCDM methods with various weights 
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Table 5 MCDM-based ranking of selected Pareto solutions 
EN

TR
OP

Y 

CODAS 
pref 3.52 1.30 0.22 -0.44 -0.90 -1.14 -1.04 -0.79 -0.73 
rank 1 2 3 4 7 9 8 6 5 

SPOTIS 
pref 0.23 0.19 0.15 0.12 0.11 0.09 0.07 0.04 0.03 
rank 1 2 3 4 5 6 7 8 9 

MABAC 
pref 0.12 0.12 0.11 0.10 0.06 0.01 -0.02 -0.03 -0.17 
rank 1 2 3 4 5 6 7 8 9 

WASPAS 
pref 0.74 0.66 0.62 0.60 0.56 0.53 0.52 0.52 0.48 
rank 1 2 3 4 5 6 7 8 9 

GI
N

I 

CODAS 
pref 2.59 0.72 -0.17 -0.51 -0.76 -0.83 -0.59 -0.27 -0.18 
rank 1 2 3 6 8 9 7 5 4 

SPOTIS 
pref 0.27 0.22 0.18 0.14 0.12 0.10 0.07 0.05 0.02 
rank 1 2 3 4 5 6 7 8 9 

MABAC 
pref 0.05 0.07 0.08 0.09 0.06 0.02 0.01 0.01 -0.10 
rank 5 3 2 1 4 6 8 7 9 

WASPAS 
pref 0.70 0.65 0.62 0.61 0.58 0.56 0.55 0.56 0.53 
rank 1 2 3 4 5 7 8 6 9 

M
ER

EC
 

CODAS 
pref 1.17 -0.18 -0.56 -0.56 -0.57 -0.44 -0.08 0.45 0.77 
rank 1 5 8 7 9 6 4 3 2 

SPOTIS 
pref 0.33 0.27 0.22 0.17 0.15 0.12 0.09 0.05 0.02 
rank 1 2 3 4 5 6 7 8 9 

MABAC 
pref -0.04 0.01 0.04 0.07 0.06 0.04 0.05 0.07 -0.01 
rank 9 7 5 2 3 6 4 1 8 

WASPAS 
pref 0.63 0.62 0.62 0.62 0.61 0.59 0.60 0.61 0.59 
rank 1 2 4 3 6 9 7 5 8 

 
Table 6 Rank aggregation of Pareto solutions: Borda, Copeland, Kemeny–Young, RRA, and final consensus rank 

Solution Borda Copeland Kemeny–Young RRA Final rank 
1 1 1 1 1 1 
2 2 2 2 2 2 
3 3 3 3 3 3 
4 4 4 4 4 4 
5 5 5 5 7 5 
6 8 6 6 8 8 
7 7 8 8 5 7 
8 6 7 7 6 6 
9 9 9 9 9 9 

 
Fig. 11 Comparison of rank-aggregation methods for Pareto candidates—Borda, Copeland, Kemeny–Young, and RRA  

  (solutions ordered by final consensus rank) 

Taken together, the evidence from Tables 4-6 and Fig. 10 indicate that Solution 1 is the most 
suitable choice and is selected for experimental confirmation. 
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4.5 Experimental confirmation 
Validation cuts were conducted at the consensus point S1 and two neighboring points (S2 and S3) 
using the same machine, fixturing, and coolant condition. Each setting was repeated three times 
(𝑛𝑛 = 3) with a fresh cutting edge. Ra and MRR were identified in the Section 3 procedure. Accuracy 
was assessed using 𝐴𝐴𝐴𝐴j and 𝑅𝑅𝑅𝑅j(%) as defined in Eq. 26. The predefined acceptance criterion was 
𝑅𝑅𝑅𝑅j(%) ≤ 5 % for both Ra and MRR. Results in Table 7 indicate close agreement between predic-
tions and measurements; the pattern across S1–S3 also confirms the Ra–MRR trade-off observed 
on the Pareto front. In practice, the confirmation supports RE = 0.8 mm as the joint optimum: alt-
hough a smaller RE can minimize Ra in isolation, the larger radius permits higher f at comparable 
Ra, thereby increasing MRR without breaching finish targets. 

This work presents an integrated data-to-decision workflow for machining optimization, com-
bining surrogate modeling, explainability, multi-objective optimization, and MCDA within a single 
procedure. Rather than relying on a single model or a fixed decision rule, the approach evaluates 
the trade-off between surface quality and productivity under multiple weighting and ranking set-
tings, leading to a more consistent basis for selecting the final operating condition. 

An important aspect of this study is that the final decision is not tied to a single weighting 
scheme or ranking method. Instead, several weighting approaches and MCDA methods are con-
sidered, and their results are combined through rank aggregation [35]. This reduces the depend-
ence on any individual method and helps obtain a more stable and technically balanced recom-
mendation. The experimental validation further shows that the selected solutions remain close to 
the predicted values, supporting the practical applicability of the proposed workflow. At the same 
time, the present validation should be interpreted within the scope of the selected objectives. In 
this study, Ra and MRR were used as representative quality and productivity responses to demon-
strate the workflow in a focused turning case study. In broader industrial applications, however, 
the final operating condition may also need to account for factors such as tool life, cutting-force 
stability, machining efficiency, and processing time. 
 

Table 7 Experimental confirmation at Pareto points (mean ± SD over n = 3) 
Set-
ting Cutting conditions Rapred Raexp AE (µm) RE (%) MRRpred MRRexp AE 

(cm³/min) 
RE 

(%) 
S1 𝑓𝑓= 0.114, 𝑉𝑉𝑐𝑐= 176.948, 

𝑎𝑎𝑝𝑝= 1.50, RE = 0.8, CL = 0 
0.450 0.468 ± 

0.012 
0.018 3.85 29.724 29.48 ± 0.30 0.244 0.83 

S2 𝑓𝑓 = 0.121, 𝑉𝑉𝑐𝑐= 224.867, 
𝑎𝑎𝑝𝑝= 1.475, RE = 0.8, CL = 0 

0.585 0.602 ± 
0.015 

0.017 2.82 39.990 39.35 ± 0.45 0.640 1.63 

S3 𝑓𝑓= 0.122, 𝑉𝑉𝑐𝑐= 221.061,  
𝑎𝑎𝑝𝑝= 1.842, RE = 0.4, CL = 0 

0.704 0.741 ± 
0.019 

0.037 4.99 48.373 47.55 ± 0.55 0.823 1.73 

5. Conclusion 
This study presents a complete data-to-decision workflow for machining optimization with lim-
ited data. The workflow combines surrogate modeling with Bayesian tuning, NSGA-III for gener-
ating the Ra–MRR Pareto front, and a decision layer based on MCDA with objective weighting and 
rank aggregation. For the C3604 brass case, this procedure led to a single final operating condition 
and was further checked by experiment. 

The main findings are as follows: 
• The surrogate comparison among KAN, CAT, GBR, and LGB under a unified pipeline showed 

good generalization on held-out data.  
• NSGA-III generated a well-distributed Pareto front, and the hypervolume results indicated 

stable search behavior.  
• The MCDA methods (CODAS, SPOTIS, MABAC, and WASPAS) combined with Entropy, Gini, 

and MEREC weights produced only minor differences in ranking.  
• Rank aggregation using Borda, Copeland, Kemeny–Young, and RRA gave a stable consensus, 

with Solution 1 ranked first overall.  
• Experimental tests at representative Pareto points agreed well with the predictions, with 

relative errors below 5 % for both Ra and MRR.  
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This study considered only two responses, Ra and MRR, and did not include energy, force 
constraints, or tool wear in the optimization stage. In addition, predictive uncertainty and robust 
optimization were not treated explicitly. Although the proposed data-to-decision framework is 
general in structure and can be adapted to other machining systems with different machine con-
figurations, input variables, and output responses, the numerical recommendation obtained in the 
present C3604 turning case study remains specific to the investigated experimental domain and 
should not be directly transferred to other machines, tool systems, or coolant settings without re-
evaluation. 

Future work will extend the framework to include additional objectives such as energy and 
cost, incorporate wear-related responses, and develop uncertainty-aware decision strategies. A 
lightweight calibration step across different machines and a real-time GUI for shop-floor use are 
also planned. 
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A B S T R A C T A R T I C L E   I N F O 
Intelligent siting of electric vehicle (EV) fast charging stations is of great signi-
ficance for the development of urban transportation. This study comprehensi-
vely considers factors related to the placement of EV fast charging stations, inc-
luding differences in travel behavior between fuel vehicle travelers and EV tra-
velers, road congestion, vehicle energy consumption, and the geographical 
location of charging stations. Based on these factors, an advanced bilevel pro-
gramming model integrating dynamic traffic assignment (DUE) and charging 
station location selection is developed. Specifically, the upper level uses a ge-
netic algorithm (GA) to solve a system optimization model aimed at minimizing 
total travel time while accounting for the construction and operation costs of 
charging stations. Corresponding to the upper-level decisions, the lower level 
captures the joint selection behaviors of fuel and electric vehicles and is solved 
by a DUE procedure combined with the method of successive averages (MSA). 
This lower-level model incorporates travelers’ on-route fast-charging behavi-
ors, including departure time choice, charging facility preference, and route se-
lection. The integrated approach provides a sophisticated framework for 
analyzing and optimizing the interaction between charging station placement, 
travel time, and associated costs. An iterative dynamic traffic flow algorithm 
integrating EV charging queue simulation is proposed. Finally, numerical stu-
dies conducted on an illustrative network derive optimal location schemes at 
different EV adoption stages and analyze the complex operational characteri-
stics of the traffic network under the coexistence of EVs and fuel vehicles. 
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1. Introduction
Reducing carbon emissions is essential for climate governance, and electric vehicles have emer-
ged as a key solution [1]. Driven by national strategies, the industrialization of electric vehicles in 
China is advancing rapidly. The development of charging facilities is a crucial part of this process, 
as it directly influences the adoption rate of electric vehicles. As of June 2024, the ownership of 
new energy vehicles (NEVs) in China has exceeded 20 million units, with the national cumulative 
charging infrastructure reaching 9.023 million charging points. Despite the steady growth in the 
number of charging facilities, surveys indicate that many charging piles suffer from low utilization 
rates. Due to the uneven distribution of resources, some areas face shortages while others experi-
ence oversupply. Currently, the establishment of charging stations across various regions in China 
remains in the fixed-site demonstration construction phase. 

The location planning of charging stations and the charging behavior of EV users profoundly impact 
traffic flow dynamics [2]. A recent study analyzed TealDrive and Weibo user reviews using sentiment 
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analysis and topic modeling, identifying key themes and stressing the value of user feedback for EV 
charging infrastructure planning [3]. In daily travel, commuters make decisions not only about route 
selection but also about departure time, yet existing research inadequately addresses the interplay 
between charging station placement, traffic network efficiency, and user behavior [4, 5]. 

Research on charging station (CS) location optimization primarily employs two models: point de-
mand and flow demand [6]. Scholars have expanded these frameworks with optimization methods, 
such as data-driven geographic grid optimization [7], car sharing [8], spatial-statistical coverage mo-
dels [9], and spatiotemporal taxi charging layouts [10]. A recent work combined the sparrow search 
algorithm with backpropagation neural networks to build a driving behavior recognition model, 
enabling accurate evaluation of the impact of driving behaviors on fuel consumption and offering the-
oretical support for intelligent transportation system design [11]. Certain researchers adopt long 
short-term memory-gated recurrent units (LSTM-GRU) to forecast electricity usage, thereby easing 
pressure on the power grid [12]. Others address demand uncertainty, facility reliability, and charging 
satisfaction [13], yet most neglect the interaction between CS placement and traffic network efficiency, 
as well as the impacts of traveler behavior. 

Route choice is critical in transportation science, where dynamic traffic assignment (DTA) mo-
dels analyze network equilibrium. Studies explore path transitions [14], travel behavior [15], urban 
mobility improvement [16] and mode choice via prospect theory [17]. Recent work integrates EVs 
into traffic flow analysis, such as coordinated traffic-power network planning [18] and time-varying 
DTA [19]. Xu et al. adopted a mileage-based strategy for CS placement to reduce range anxiety [20], 
while Riemann et al. [21] implemented stochastic user equilibrium in their models. Zheng et al. con-
structed a bi-level model for CS location [22], and Zhang et al. predicted the spatiotemporal demand 
of electric vehicles (EVs) [4]. A multi-criteria decision-making method is also proposed to optimize 
the route [23]. Sun et al. put forward a two-layer partition method that divides heterogeneous con-
gestion networks into sub-regions, establishes a multi-region traffic flow balance model, and uses 
this model to analyze heterogeneous congestion networks [24]. To solve the electric vehicle routing 
problem with time windows, Wang et al. proposed an integer mixed programming model incorpo-
rating time and area prices, which enhanced the model’s realism [25]. Huang et al. developed a joint 
optimization model for electric vehicle (EV) battery recharging and scheduling under dynamic 
electricity prices, aiming to determine optimal charging arrangements (recharging time and quan-
tity) and transportation plans (transportation time and quantity) [26]. In the domain of EV charging 
behavior modeling, simulation-based approaches have gained increasing attention. Tang et al. [27] 
introduced a Q-learning framework for simulating EV charging station recommendations, dynami-
cally adapting to user behaviors to improve recommendation accuracy and station utilization, 
highlighting the importance of incorporating user preferences into charging infrastructure planning. 
For charging station location optimization, Can et al. [28] developed a novel approach for electric 
buses, considering the operational constraints of public transit systems, contributing to the growing 
literature on differentiated charging infrastructure planning. Despite these efforts, queuing delays, 
the impedance differences between EVs and fuel vehicles, and the influence of departure times re-
main unaccounted for in these models. 

This study develops a bi-level programming model integrating dynamic user equilibrium (DUE) 
and system optimal (SO) approaches to optimize fast-charging station locations. The model incor-
porates EV users' charging behavior (arrival, queuing, and charging) and analyzes mixed traffic 
networks with both EVs and fuel vehicles. Through a micro-level analysis of departure time choi-
ces, route selection, and charging patterns, it examines how travel decisions affect station siting. 
The research elucidates the interactions among travelers, road network conditions, and charging 
infrastructure to support optimal station placement decisions. 

The remainder of this paper is organized as follows. Section 2 presents the problem description 
and the formulation of the bilevel programming model for EV fast charging station location plan-
ning, including its workflow, assumptions, variable definitions, upper/lower model designs and 
solution algorithms. Section 3 conducts simulation experiments to validate the model and algo-
rithm, presenting location planning results under different EV penetration rates and analyzing 
traffic flow assignment and departure time distribution. Section 4 discusses model performance 
by comparing the DUE and SUE models, and analyzes their differences in charging station planning 
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and road network operation efficiency. Finally, Section 5 summarizes the research conclusions, 
clarifies the study limitations, and proposes future research directions and practical application 
suggestions for fast charging station location planning. 

2. Problem description and model 
2.1 Workflow 

The methodology for selecting sites for fast charging stations is depicted in Fig. 1. The bi-level 
location planning model comprises three key components: travelers’ behavior, traffic flow assig-
nment, and the determination of optimal charging station locations and capacities. The study fo-
cuses on the impact of traffic on the site selection of charging stations, so dynamic charging de-
mands, the road network, and the characteristics of travelers’ behavior are mainly considered. By 
balancing system-level and individual-level optimization, the model identifies a charging station 
layout that improves overall network efficiency while also enhancing individual travel utility. 

Dynamics 
charging 
demands

Road network

Travel 
characteristics

Solution set of all
candidate location 

combinations

Construction and 
operation cost of 
charging station

Calculating the 
overall efficiency of 
the road network

Optimal location and 
size of charging 

stations

Calculating users’ 
travel costs and 
charging costs

Dynamic user 
equilibrium model

There is no 
layout plan 

that meets all 
the criteria

Upper model

Lower model

 

Fig. 1 Process of site selection 

2.2 Model assumptions and definitions 

This study adopts the following key assumptions: (1) The network includes both EVs and fuel 
vehicles that select routes based on perceived path resistance. EV drivers optimize charging stra-
tegies according to real-time traffic, with energy consumption proportional to the distance trave-
led. (2) Charging queues form when demand exceeds station capacity. Fast-charging duration fol-
lows a normal distribution (this assumption is model-independent). (3) No spatial constraints 
exist for charger placement, but total construction costs must remain within budget. (4) All ne-
twork nodes are candidate locations for charging stations. (5) Travelers learn and adapt route 
choices based on historical travel time data. 

To facilitate model development and theoretical validation, this study adopts a deliberate sim-
plification in Assumption (4), treating every network node as a potential charging station site. 
However, in real-world applications, site feasibility is constrained by multiple factors including 
land availability and cost, grid connection capacity, zoning regulations, and infrastructure requi-
rements. If only a subset of nodes were feasible, the optimal solution would likely concentrate 
charging capacity on the remaining feasible nodes, potentially leading to higher congestion at 
those stations, longer detour distances for EV users, and increased overall network travel time. 
The model can be extended to incorporate feasibility constraints by adding a binary parameter 𝑓𝑓𝑗𝑗 
indicating whether node 𝑗𝑗 is feasible (𝑓𝑓𝑗𝑗 = 1) or not (𝑓𝑓𝑗𝑗 = 0), and modifying the upper-level deci-
sion variable such that 𝜔𝜔𝑗𝑗 can only be 1 if 𝑓𝑓𝑗𝑗 = 1. This extension would require additional data 
collection on node-specific feasibility factors, which we identify as an important direction for fu-
ture research applying the model to real-world cities. 

In this paper, the transportation network is modeled as a graph structure 𝐺𝐺 = (𝐽𝐽,𝐴𝐴), where 𝐽𝐽 
is the set of transportation nodes; 𝐴𝐴 is the set of road segments; 𝑎𝑎 is a road section, 𝑎𝑎 ∈ 𝐴𝐴; 𝑊𝑊 is 
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the set of origin-destination (OD) pairs in a network, and 𝑤𝑤 is an OD pair in 𝑊𝑊, 𝑤𝑤 ∈ 𝑊𝑊; 𝑅𝑅𝑤𝑤 is the 
set of paths associated with OD pair 𝑤𝑤, and 𝑟𝑟 denotes one of these paths, 𝑟𝑟 ∈ 𝑅𝑅. There are two 
categories of travelers: those who drive electric vehicles, represented by 𝑒𝑒, and those who drive 
fuel vehicles, represented by 𝑔𝑔. The set of vehicle types is denoted as 𝐵𝐵 = {𝑏𝑏|𝑔𝑔, 𝑒𝑒}. The time period 
[0,𝐻𝐻] is discretized to a set of time intervals which contains 𝜋𝜋 time periods, and let 𝜍𝜍 be the inter-
val length such that 𝐻𝐻 = 𝜍𝜍𝜍𝜍. The study period [0,𝐻𝐻] is large enough for all peak hour travelers to 
be able to complete their trips, and the traveler who enters any road section in a certain time 
period cannot leave the road section in the same time period. 

For ∀𝑡𝑡 ∈ [𝑡𝑡1, 𝑡𝑡2,⋯ , 𝑡𝑡𝜋𝜋], 𝑣𝑣𝑤𝑤𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡) is the flow of b-type vehicles on the path 𝑟𝑟 at time 𝑡𝑡 of day 𝑑𝑑 
𝑣𝑣𝑎𝑎𝑏𝑏(d,t) is the flow of 𝑏𝑏-type vehicles on the link 𝑎𝑎 at time 𝑡𝑡 of day 𝑑𝑑；𝑢𝑢𝑎𝑎𝑏𝑏(𝑑𝑑, 𝑡𝑡) is the inflow of b-
type vehicles on the link 𝑎𝑎 at time 𝑡𝑡 of day 𝑑𝑑; 𝑥𝑥𝑎𝑎𝑏𝑏(𝑑𝑑, 𝑡𝑡) is the outflow of b-type vehicles on the link 
𝑎𝑎 at time 𝑡𝑡 of day 𝑑𝑑. 𝑇𝑇𝑎𝑎(𝑑𝑑, 𝑡𝑡) is the travel time of link 𝑎𝑎 at time 𝑡𝑡 on day 𝑑𝑑, 𝑇𝑇𝑟𝑟(𝑑𝑑, 𝑡𝑡) is the travel time 
of route 𝑟𝑟 at time 𝑡𝑡 on day 𝑑𝑑. 𝑢𝑢𝑎𝑎𝑎𝑎𝑤𝑤𝑤𝑤(𝑑𝑑, 𝑡𝑡), 𝑥𝑥𝑎𝑎𝑎𝑎𝑤𝑤𝑤𝑤(𝑑𝑑, 𝑡𝑡), 𝑣𝑣𝑎𝑎𝑎𝑎𝑤𝑤𝑤𝑤(𝑑𝑑, 𝑡𝑡) are the inflow, outflow and flow of b-
type vehicles of link 𝑎𝑎  on route 𝑟𝑟  at time 𝑡𝑡 . In discrete time, the travel time of link 𝑎𝑎  can be 
expressed as 𝑇𝑇𝑎𝑎(d, t) = [𝑇𝑇𝑎𝑎(𝑑𝑑, 𝑡𝑡1),𝑇𝑇𝑎𝑎(𝑑𝑑, 𝑡𝑡2),⋯ ,𝑇𝑇𝑎𝑎(𝑑𝑑, 𝑡𝑡𝜋𝜋)], and the inflow of link 𝑎𝑎 at time 𝑡𝑡′(𝑡𝑡′ ∈
[𝑡𝑡1, 𝑡𝑡1,⋯ , 𝑡𝑡𝜋𝜋]) can be represented as: 

𝑢𝑢𝑎𝑎(𝑑𝑑, 𝑡𝑡′) = ����𝑣𝑣𝑤𝑤𝑟𝑟𝑟𝑟(𝑡𝑡) ∙ ϖ𝑎𝑎,𝑟𝑟,𝑡𝑡
𝑤𝑤𝑤𝑤

𝑏𝑏𝑡𝑡𝑟𝑟

(𝑑𝑑, 𝑡𝑡′)
𝑤𝑤

 (1) 

The binary variable ϖ𝑎𝑎,𝑟𝑟,𝑡𝑡
𝑤𝑤𝑤𝑤 (𝑑𝑑, 𝑡𝑡′) denotes the association between link 𝑎𝑎 and route 𝑟𝑟. Specifi-

cally, it takes a value of 1 if travelers departing from the origin at time 𝑡𝑡 can reach link 𝑎𝑎 at time 
𝑡𝑡′; otherwise, ϖ𝑎𝑎,𝑟𝑟,𝑡𝑡

𝑤𝑤𝑤𝑤 (𝑑𝑑, 𝑡𝑡′) = 0. 
2.3 Upper model 
From the perspectives of charging station construction and traffic management authorities, this sec-
tion conducts a comprehensive assessment of road network performance, the expenses involved in 
setting up charging stations, and their impact on existing road conditions. This study establishes a 
system-optimal objective for the road network and subsequently optimizes the placement and de-
sign of charging stations. 

Given the notable differences in route choice behaviors between EV and fuel vehicle drivers, the 
growing adoption of EVs is poised to exert a substantial impact on the operation of the existing traf-
fic network. When the road network is balanced, electric vehicle users will choose the path with the 
least travel cost. Therefore, decision makers need to consider how to deploy public charging stations 
to minimize system impedance from a holistic perspective. To balance total travel time minimiza-
tion with the control of charging station construction and operational costs, the upper-level model 
employs a dual design combining the objective function and a hard budget constraint: the objective 
function (Eq. 2) takes the total road network impedance (integrating the travel time of EVs and fuel 
vehicles) as the core objective to minimize the travel time of the whole network, and the subsequent 
cost budget constraint (Eq. 3) forms a rigid limit on the total cost, thus realizing a dynamic trade-off 
between the two optimization objectives. The following model is proposed: 

𝑚𝑚𝑚𝑚𝑚𝑚∑ 𝑐𝑐𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) = ∑ �𝑐𝑐𝑤𝑤
𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡) + 𝑐𝑐𝑤𝑤𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡)�𝑅𝑅

𝑟𝑟=1
𝑅𝑅
𝑟𝑟=1   (2) 

where 𝑐𝑐𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) denotes the actual path travel impedance for route 𝑟𝑟 between OD pair 𝑤𝑤 on day 𝑑𝑑 
at time 𝑡𝑡, 𝑐𝑐𝑤𝑤

𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡)and 𝑐𝑐𝑤𝑤𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡) represent the actual path impedances for fuel vehicles and electric 
vehicles when they choose path 𝑟𝑟 at time 𝑡𝑡 on day 𝑑𝑑. 

The main constraints include land, construction, and operating costs, as well as the time value 
of capital. The total annual investment cost is affected by the following factors: 

∑ 𝜔𝜔𝑗𝑗
𝑖𝑖(1+𝑖𝑖)𝑌𝑌

(1+𝑖𝑖)𝑌𝑌−1𝑗𝑗 (𝑀𝑀1 + 𝑀𝑀2 + 𝑀𝑀3) ≤ 𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚  (3) 

Let 𝑀𝑀1 denote the land price, 𝑀𝑀2  the construction cost, and 𝑀𝑀3  the operating cost of the 
charging station at node 𝑗𝑗. The discount rate 𝑖𝑖 and service life 𝑦𝑦 are also considered. 𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚 refers 
to the maximum budget allocated by the government for charging station construction. 𝜔𝜔𝑗𝑗 is a 0-
1 variable; specifically, if there is a charging station at node j, 𝜔𝜔𝑗𝑗 equals 1; otherwise, it equals 0. 
The total power capacity of the charging station is positively correlated with the number of 
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charging piles s and the rated power of a single pile, and the construction cost 𝑀𝑀2 included in the 
budget constraint (Eq. 3) is associated with the scale of charging piles configuration, which indi-
rectly forms a hard constraint on the total power capacity of the charging station (the total power 
capacity cannot be infinitely expanded due to the limit of 𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚). 

2.4 Lower model 

From the traveler’s perspective, the DUE model incorporates multiple attributes influencing path 
and departure time decisions for both fuel and electric vehicles. It sets optimal individual objecti-
ves for travelers and optimizes charging station layouts. Notably, travelers cannot unilaterally bo-
ost the network's overall efficiency by changing travel routes or departure times at any moment; 
this is called equilibrium. 

At time 𝑡𝑡, travelers choose their routes probabilistically. Based on random utility theory, the 
Logit model is used to describe route-choice behavior. Accordingly, the probability of path se-
lection can be formulated as follows: 

𝑃𝑃𝑤𝑤𝑟𝑟(𝑑𝑑, 𝑡𝑡) = exp(−𝜃𝜃1𝑐𝑐𝑤𝑤𝑟𝑟 (𝑑𝑑,𝑡𝑡))
∑ 𝑒𝑒𝑒𝑒𝑒𝑒(−𝜃𝜃1𝑐𝑐𝑤𝑤𝑟𝑟 (𝑑𝑑,𝑡𝑡))𝑟𝑟∈𝑅𝑅𝑤𝑤

,𝑤𝑤 ∈ 𝑊𝑊, 𝑟𝑟 ∈ 𝑅𝑅𝑤𝑤  (4) 

where 𝑃𝑃𝑤𝑤𝑟𝑟(𝑑𝑑, 𝑡𝑡) denotes the probability that travelers in OD pair 𝑤𝑤 choose path 𝑟𝑟 at time 𝑡𝑡 on day 
𝑑𝑑, 𝑐𝑐𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) stands for the path impedance when travelers of OD pair 𝑤𝑤 choose path 𝑟𝑟 at time 𝑡𝑡 on 
day 𝑑𝑑, 𝜃𝜃1 is a positive parameter. In view of the different path selection features of fuel vehicles 
and electric vehicles, separate calculations are performed to determine the path impedances for 
each vehicle type. 

We adopt the Bureau of Public Roads (BPR) function as the selected average link travel time 
function, and also make use of the real-time traffic flow of the link. The travel impedance of vehic-
les powered by fuel on path 𝑟𝑟 can be expressed as: 

𝑐𝑐𝑤𝑤
𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡) = 𝑇𝑇𝑤𝑤

𝑔𝑔(𝑑𝑑, 𝑡𝑡) + 𝐹𝐹𝑟𝑟
𝑔𝑔  (5) 

where 𝑇𝑇𝑟𝑟
𝑔𝑔(𝑑𝑑, 𝑡𝑡) is the travel time of fuel vehicles on path 𝑟𝑟 at time 𝑡𝑡 on day 𝑑𝑑, 𝐹𝐹𝑟𝑟

𝑔𝑔(𝑑𝑑, 𝑡𝑡) represents 
the fuel cost, which can be calculated by the length of the link and the fuel cost per unit distance. 

EV travel involves three key components: driving time, charging waiting time, and charging 
duration. An electric vehicle’s overall travel duration is largely determined by driving time, in ad-
dition to charging waiting time and actual charging duration. The travel cost of using electric ve-
hicles mainly includes recharging cost and electricity consumption, which can be calculated by 
multiplying route length by the per-kilometer electricity cost. 

The travel duration of EVs on a link is determined by the BPR function. The service process at 
charging stations follows the M/M/S/K queuing model; specifically, the inter-arrival times of 
customers follow a negative exponential distribution with parameter 𝜆𝜆, there are 𝑠𝑠 service stati-
ons, each server’s service time is independent and follows a negative exponential distribution 
with parameter 𝜇𝜇, and the system capacity is 𝐾𝐾. Thus, the M/M/S/K queuing model is used to cal-
culate the waiting time at charging station 𝑗𝑗. 

𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚  is the maximum charge quantity of electric vehicles, and the residual charge quantity 
is 𝐶𝐶𝑗𝑗(𝑑𝑑, 𝑡𝑡) when reaching charging station 𝑗𝑗 at time 𝑡𝑡 on day 𝑑𝑑. User arrival frequency 𝜆𝜆𝑗𝑗(𝑑𝑑, 𝑡𝑡) is 
calculated on the basis of the EV inflow 𝑢𝑢𝑎𝑎𝑒𝑒(d,t) and the residual battery capacity of EVs on the link 
𝑎𝑎 at time 𝑡𝑡: 

𝜆𝜆𝑗𝑗(𝑑𝑑, 𝑡𝑡) =

⎩
⎪
⎨

⎪
⎧

0.8 ∙ 𝑢𝑢𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡) , if 𝐶𝐶𝑗𝑗(𝑑𝑑, 𝑡𝑡) ≤ 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 20 % 
0.6 ∙ 𝑢𝑢𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡) , if 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 20 % ≤ 𝐶𝐶𝑗𝑗(𝑑𝑑, 𝑡𝑡) ≤ 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 40 %
0.4 ∙ 𝑢𝑢𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡) , if 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 40 % ≤ 𝐶𝐶𝑗𝑗(𝑑𝑑, 𝑡𝑡) ≤ 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 60 %
0.2 ∙ 𝑢𝑢𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡) , if 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 60 % ≤ 𝐶𝐶𝑗𝑗(𝑑𝑑, 𝑡𝑡) ≤ 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 80 %

0.1 ∙ 𝑢𝑢𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡) , if 𝐶𝐶𝑗𝑗(𝑑𝑑, 𝑡𝑡) > 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 80 % 

  (6) 

Let 𝜌𝜌2 denote the unit charging cost; the total charging fee is F𝑎𝑎1𝑒𝑒 (𝑑𝑑, 𝑡𝑡) = 𝜂𝜂 ⋅ 𝜌𝜌2 ⋅ 𝑇𝑇∆(𝑑𝑑, 𝑡𝑡), and 
the electricity consumption cost is F𝑎𝑎2𝑒𝑒 (𝑑𝑑, 𝑡𝑡) = 𝜂𝜂 ⋅ 𝜌𝜌2 ⋅ 𝑠𝑠a(𝑑𝑑, 𝑡𝑡). Of particular relevance is that the 
arrival rate 𝜆𝜆𝑗𝑗(𝑑𝑑, 𝑡𝑡) in the queuing model is endogenously determined by the traffic flow from the 
lower-level DUE model and the residual battery level of EVs, as expressed in Eq. 6. The piecewise 
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coefficients (0.8, 0.6, ⋯) represent a behavioral rule where drivers with lower battery levels are 
more likely to seek charging, ensuring that queue dynamics are responsive to both traffic condi-
tions and vehicle states. 

The service rate μ is derived from the charging time 𝑇𝑇∆(𝑑𝑑, 𝑡𝑡), which is assumed to vary within 
a reasonable range [0,10] minutes based on typical fast-charging durations. According to the phys-
ical relationship 𝑃𝑃 = 𝐸𝐸/𝑇𝑇, the charging time implicitly constrains the charging power limit, where 
𝐸𝐸 is the charging energy determined by the battery residual capacity and maximum capacity 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚. 

The number of chargers s is an upper-level decision variable optimized by the genetic algo-
rithm, with its value limited to [3,10]. It directly determines the maximum concurrent service ca-
pacity of the charging station and thus forms a hard constraint on the station throughput. Com-
bined with the endogenously determined arrival rate 𝜆𝜆𝑗𝑗(𝑑𝑑, 𝑡𝑡), the actual station throughput can 
further match real-time charging demand. For the system capacity K, we assume it is sufficiently 
large (effectively infinite) in this strategic planning context, as the focus is on long-term location 
decisions rather than detailed operational queue management. Therefore, the travel impedance 
of EVs on link A is: 

𝑐𝑐𝑤𝑤𝑎𝑎𝑎𝑎(𝑑𝑑, 𝑡𝑡) = 𝑇𝑇𝑎𝑎(𝑑𝑑, 𝑡𝑡) + 𝑇𝑇∆(𝑑𝑑, 𝑡𝑡) + 𝑊𝑊𝑞𝑞𝑗𝑗(𝑑𝑑, 𝑡𝑡) + F𝑎𝑎1𝑒𝑒 (𝑑𝑑, 𝑡𝑡) + F𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡) (7) 
where 𝑊𝑊𝑞𝑞𝑞𝑞(𝑑𝑑, 𝑡𝑡)  denotes the average waiting time of EVs at charging station 𝑗𝑗 , 𝑇𝑇∆(d, t)  is the 
charging time. The travel impedance of electric vehicles on path 𝑟𝑟 can be formulated as:  

𝑐𝑐𝑤𝑤𝑟𝑟𝑟𝑟(𝑑𝑑, 𝑡𝑡) = �(𝑇𝑇𝑎𝑎(𝑑𝑑, 𝑡𝑡) + 𝑇𝑇∆(𝑑𝑑, 𝑡𝑡) + 𝑊𝑊𝑞𝑞𝑗𝑗(𝑑𝑑, 𝑡𝑡) + F𝑎𝑎1𝑒𝑒 (𝑑𝑑, 𝑡𝑡) + F𝑎𝑎𝑒𝑒(𝑑𝑑, 𝑡𝑡)
𝑎𝑎∈𝐴𝐴

) (8) 

Travelers choose their departure times randomly. Assuming a continuous distribution, the 
probability of departure time selection is calculated using the Logit model: 

𝜏𝜏𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) =
exp(𝜃𝜃2𝜑𝜑𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡))

∑ exp(𝜃𝜃2𝜑𝜑𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡))𝑟𝑟∈𝑅𝑅𝑤𝑤
,𝑤𝑤 ∈ 𝑊𝑊, 𝑟𝑟 ∈ 𝑅𝑅𝑤𝑤 (9) 

where 𝜏𝜏𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) and 𝜑𝜑𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) are the probability and utility associated with departing at time 𝑡𝑡 for 
travelers in OD pair 𝑤𝑤 on day 𝑑𝑑, 𝜃𝜃2 is a positive parameter reflecting travelers’ sensitivity to diffe-
rent departure time choices. It should be noted that the parameters θ₁ and θ₂ in the Logit models 
are assumed values that satisfy the theoretical condition θ₁ > θ₂, which guarantees the existence 
of a unique solution in the discrete choice framework (see [29] for details). The specific values (θ₁ 
= 1, θ₂ = 0.3) are chosen for model identifiability and are consistent with common practice in 
transportation behavior studies. As the primary focus of this paper is to demonstrate the theoret-
ical validity and algorithmic feasibility of the proposed bilevel model, the use of assumed param-
eters is considered acceptable at this stage. Future work should calibrate these parameters using 
real-world travel survey data. 

Based on the value function in prospect theory, the utility function  𝜑𝜑𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) is defined as follows. 

𝜑𝜑𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) =

⎩
⎪
⎨

⎪
⎧ 𝛽𝛽1(𝑡𝑡𝑒𝑒 − 𝑡𝑡𝑎𝑎)𝛼𝛼1，𝑡𝑡𝑎𝑎 ≤ 𝑡𝑡𝑒𝑒          
𝛽𝛽2(𝑡𝑡𝑎𝑎 − 𝑡𝑡𝑒𝑒)𝛼𝛼2，𝑡𝑡𝑒𝑒 < 𝑡𝑡𝑎𝑎 ≤ 𝑡𝑡∗   
𝛽𝛽3(𝑡𝑡𝑠𝑠 − 𝑡𝑡𝑑𝑑)𝛼𝛼3，𝑡𝑡∗ < 𝑡𝑡𝑎𝑎 < 𝑡𝑡𝑠𝑠    
𝛽𝛽4(𝑡𝑡𝑎𝑎 − 𝑡𝑡𝑠𝑠)𝛼𝛼4，𝑡𝑡𝑎𝑎 > 𝑡𝑡𝑠𝑠           

 (10) 

Suppose that 𝑡𝑡𝑠𝑠 is the work start time, 𝑡𝑡 is the traveler’s acceptable early arrival time, 𝑡𝑡∗ is the 
traveler’s preferred arrival time, and 𝑡𝑡𝑎𝑎 is the traveler’s actual arrival time. To calculate the arrival 
time of a fuel vehicle, the vehicle’s departure time and travel time are added. For an electric vehicle, 
the arrival time is determined by the sum of the departure time, travel time, charging time, and 
waiting time for an available charging station. 

𝛽𝛽1~𝛽𝛽4，𝛼𝛼1~𝛼𝛼4 are parameters. Eq. 10 indicates that if a traveler arrives before 𝑡𝑡, there is an 
early arrival penalty; if the traveler arrives after 𝑡𝑡𝑠𝑠, there is a late arrival penalty. If a traveler arrives 
within [t , 𝑡𝑡𝑠𝑠], the traveler gains utility. 𝑡𝑡∗ is the preferred arrival time, at which the traveler obtains 
the greatest benefit. According to the initial theory of Kahneman and Tversky [30], the parameter 
values are as follows: 𝛽𝛽1 = −1，𝛽𝛽2 = 𝛽𝛽3 = 2.25，𝛽𝛽4 = −1，𝛼𝛼1 = 𝛼𝛼3 = 𝛼𝛼4 = 0.88，𝛼𝛼2 = 0.57 . 
Combined with Eqs. 4 and 9, the joint choice of departure time and travel path can be expressed as: 
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𝑣𝑣𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡)= 𝐷𝐷𝑤𝑤 ⋅ 𝑃𝑃𝑤𝑤𝑟𝑟(𝑑𝑑, 𝑡𝑡) ⋅ 𝜏𝜏𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡),𝑤𝑤 ∈ 𝑊𝑊, 𝑟𝑟 ∈ 𝑅𝑅𝑤𝑤 (11) 
where 𝑣𝑣𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) represents the number of vehicles on path 𝑟𝑟 at 𝑡𝑡 time of day 𝑑𝑑, and 𝐷𝐷𝑤𝑤 is the total 
demand of the road network. 𝑣𝑣𝑤𝑤𝑟𝑟 (𝑑𝑑) = 𝐷𝐷𝑤𝑤 ⋅ 𝑃𝑃𝑤𝑤𝑟𝑟(𝑑𝑑, 𝑡𝑡) represents the total flow of the two types of 
vehicles on path 𝑟𝑟 for each departure time of the day. 𝑣𝑣𝑤𝑤(𝑑𝑑, 𝑡𝑡) = 𝐷𝐷𝑤𝑤 ⋅ 𝜏𝜏𝑤𝑤𝑟𝑟 (𝑑𝑑, 𝑡𝑡) is the total flow of 
the two vehicle types for each departure time of the day. 

Departure time and route selection are sequentially interdependent: the selected departure 
time affects the dynamic route-choice process, and the resulting route selection in turn affects 
subsequent departure-time decisions. Travelers need to take the interactive effects of these two 
factors into account when making optimal travel decisions. 

2.5 Solution algorithms 

The heuristic algorithm is designed based on the method of successive averages (MSA) and a ge-
netic algorithm. The key to the algorithm is the use of the Logit model to derive the route choice 
probabilities and departure time selection probabilities of the traveler group, followed by itera-
tions using the MSA algorithm. 

Firstly, the initial population (charging station distribution) is formed by selecting the decision 
variables of the upper-level model based on a genetic algorithm, and the Logit stochastic dynamic 
user equilibrium (DUE) model of the lower level is solved based on the charging station distribu-
tion. For each charging station distribution in the population, the MSA algorithm is used to calcu-
late the traffic flow assignment at different departure times. Once the equilibrium state is achieved, 
the path flow is updated and fed into the upper-level model, with well-adapted individuals scree-
ned out by means of the fitness function. These selected individuals are then imported into the 
lower-level programming, and the cycle is repeated to seek the global optimal solution. The steps 
are as follows: 
Step1: Initialization. All simple acyclic paths between OD pairs 𝑤𝑤 are considered as the set of va-

lid paths 𝑅𝑅𝑤𝑤. 
Step2: Outer-loop iteration (Genetic Algorithm). The location and capacity of charging stations 

are digitally coded to form the initial population, where 𝑋𝑋 represents the number of itera-
tions.  

Step3: Inner-loop iteration (Path selection and departure time selection). 𝑥𝑥  is the number of 
iterations. 

Step 3.1: Initial path flows for each departure time on the first day are acquired by initializing 
the path selection probabilities of fuel vehicles and EVs. Path impedances for the two 
vehicle types are calculated separately for each departure time on the first day. 

Step 3.2: Path travel times are computed separately for fuel vehicles and electric vehicles 
respectively. Subsequently, travelers’ utility values for different departure times are 
calculated according to Eq. 10. 

Step 3.3: Path inflow calculations. The path inflow is computed using Eqs. 4 and 9. Subsequently, 
both the path flow and departure time flow are iteratively updated through the MSA 
algorithm. 

Step 3.4: Convergence check. The iteration terminates when the traffic flow assignment reaches 
an equilibrium state, satisfying the convergence criteria: 𝑣𝑣𝑤𝑤

𝑟𝑟(𝑥𝑥)(𝑑𝑑)− 𝑣𝑣𝑤𝑤
𝑟𝑟(𝑥𝑥−1)(𝑑𝑑) ≤ δ and 

𝑣𝑣𝑤𝑤
𝑟𝑟(𝑥𝑥)(𝑑𝑑, 𝑡𝑡) − 𝑣𝑣𝑤𝑤

𝑟𝑟(𝑥𝑥−1)(𝑑𝑑, 𝑡𝑡) ≤ δ, where δ represents the predetermined error threshold. If 
converged, proceed to Step 4; otherwise, return to Step 2 for further iterations. 

Step 4: Construct the fitness function and start the genetic algorithm. Digital coding is used to re-
present the location and capacity of charging stations, with each chromosome correspon-
ding to a specific layout of charging stations. In the crossover and mutation phases, the 
roulette wheel selection method is applied to pick chromosomes for generating a new po-
pulation. The set crossover probability is 0.8 and the mutation probability is set at 0.01. 
For instance, the quantity of charging piles is limited to the range of [3,10]. 
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Step 5: Termination criterion for the genetic algorithm: The iterative optimization process termi-
nates when the condition max𝐹𝐹(𝑋𝑋+1) − max𝐹𝐹(𝑋𝑋) < ε  is satisfied for generation 𝑋𝑋, where 
ε represents the predefined convergence threshold. If not, the algorithm reverts to Step 2 
to proceed with the evolutionary iteration process. 

3. Simulation experiments and results 
3.1 Simulation setup 

A test network is adopted in this study to verify the validity of the proposed model and algorithm, 
whose structure is presented in Fig. 2 and comprises 9 nodes, 12 links and 6 paths. Network nodes 
are set as optional locations for charging stations, and the number of charging piles configured for 
each station is in the range of 3 to 10. The initial battery capacity of electric vehicles conforms to 
a normal distribution of 𝒩𝒩(120,  3.62). 

There are six paths in the road network, as shown in Table 1. The initial simulation parameters 
are presented in Tables 2, 3 and 4. 
 

O
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C D E

F G

 

Fig. 2 The example network 
 

Table 1 Paths 
Path design 

Path 1: L1 - L2 - L9 - L12 Path 2: L1 - L8 - L4 - L12 
Path 3: L1 - L8 - L11 - L6 Path 4: L7 - L3 - L4 - L12 
Path 5: L7 - L3 - L11 - L6 Path 6: L7 - L10 - L5 - L6 

 
Table 2 Network parameters 

Link 𝐿𝐿𝑎𝑎 𝑇𝑇𝑎𝑎0 Link 𝐿𝐿𝑎𝑎 𝑇𝑇𝑎𝑎0 
1 50 10 7 50 10 
2 32 10 8 64 12 
3 50 12 9 32 10 
4 64 10 10 32 12 
5 50 14 11 64 8 
6 64 10 12 32 10 

 
Table 3 Model parameters 

Parameters Value Parameters Value Parameters Value 
𝜃𝜃1 1 𝜃𝜃2 0.3 𝜍𝜍 10 min 
𝜌𝜌1 0.6 𝜌𝜌2 0.016 𝐷𝐷𝑤𝑤 200 
𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 200 𝛿𝛿, 𝜀𝜀 0.01 𝑖𝑖 8 % 
𝑇𝑇∆(𝑑𝑑, 𝑡𝑡) [0,10] 𝜋𝜋 6 𝜂𝜂 1.47 
𝑡𝑡𝑒𝑒 9:00 𝑡𝑡∗ 9:25 𝑡𝑡𝑠𝑠 9:35 
𝑌𝑌 20 𝛾𝛾 0.1 𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚 20 million 
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Table 4 Areas of supporting facilities 
Functional zone Area (m2) Functional zone Area (m2) Functional 

zone 
Area (m2) 

Transformer room 50 High voltage distribution 
room 

50 Control room 40 

Low voltage  
distribution room  

100 Charging set room 60 Service zone 50 

3.2 Location planning results 

Based on the experimental road network, the optimal scheme for charging station siting and ca-
pacity configuration under various electric vehicle penetration rates is derived, as presented in 
Table 5. The charging station layout aims to maximize the travel utility of users and minimize the 
overall travel time of the network. The total travel demand of the road network is 200. A–G deno-
tes the charging station index, and the values in the corresponding columns represent the number 
of charging piles at each station. 

According to Table 5, when the EV penetration rate reaches 20 %, the number of charging sta-
tions begins to increase to ensure road network efficiency. Yet, with further increases in the 
number of electric vehicles, efficient charging can be maintained through traffic flow optimization, 
eliminating the need for additional piles. 

Once the local EV penetration rate exceeds 50 %, new charging stations become crucial for 
network efficiency. The maximum number of charging stations is reached when the electric ve-
hicle density hits 70 %. To optimize charging station placement under rising EV adoption and 
declining numbers of conventional vehicles, an approach that accounts for departure times and 
route choices is recommended. This strategy meets charging demands, boosts traffic efficiency, 
and reduces the number of required stations. Notably, no fixed correlation exists between the 
number of charging stations and the number of electric vehicles. Optimizing station layout and 
traffic flow can enhance road network efficiency with fewer stations, rather than simply adding 
more infrastructure. 

Notably, the optimization results of charging station locations in Table 5 also reflect the adap-
tive adjustment characteristics of the model to the cost-travel time weight: the change of the total 
number of charging piles with the EV penetration rate is essentially the model's dynamic trade-
off between meeting the traffic efficiency demand (reducing travel time) and controlling the con-
struction and operation costs under the fixed budget constraint 𝑀𝑀𝑚𝑚𝑚𝑚𝑚𝑚. 
 

Table 5 Location planning results of CS with different penetration rate of EVs 
Penetration rate of EVs (%) A B C D E F G Total number of charging piles 

10 6 5 9 0 5 0 0 25 
20 5 5 6 10 8 0 0 34 
30 7 5 3 0 10 0 0 25 
40 4 3 5 5 7 0 0 24 
50 7 7 6 0 5 0 0 25 
60 0 8 10 9 5 0 0 32 
70 8 9 10 8 6 0 0 41 
80 6 9 10 6 4 0 0 35 
90 3 0 0 4 0 6 8 21 

3.3 Analysis of traffic flow assignment 

Tables 6 and 7 illustrate the travel times and selection probabilities of routes for these vehicles at 
EV proportions of 10 %, 50 %, and 90 %. As shown in Table 6, Paths 1, 3, and 5 have the shortest 
travel times and the highest route selection probabilities for fuel vehicles. Path 6 has the longest 
travel time and the lowest selection probability, aligning with the expected utility theory. Notably, 
at a 50 % EV proportion, Paths 3 and 5 have equal travel times. With 7 charging piles on Path 3 
and 6 on Path 5, Path 5 has a higher traffic flow ratio, indicating that fuel vehicles prefer paths 
with fewer charging piles when travel times are the same. 
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Table 6 Travel time and path selection of each path for fuel vehicles 

Path 

Penetration rate of EV 
10 % 50 % 90 % 

Travel  
time 

Routing 
(%) 

Number of 
CPs 

Travel  
time 

Routing 
(%) 

Number of 
CPs 

Travel  
time 

Routing 
(%)  

Number of 
CPs 

1 40.6 18.9 16 40.2 19.3 19 40.4 20.4 3 
2 42.0 13.9 11 42.2 13.8 12 42.3 14.6 7 
3 40.0 21.6 6 40.1 22.1 7 40.3 21.5 15 
4 42.0 14.1 14 42.3 14.0 11 42.6 14.4 4 
5 40.1 22.1 9 40.1 22.5 6 40.2 21.2 12 
6 46.5 9.4 9 46.3 8.3 6 46.6 7.9 14 
 
From Table 7, at a 90 % EV proportion, Path 1 has the shortest travel time, the fewest charging 

piles, and the lowest traffic flow share. Despite being second in travel time among the six routes, Path 
3 has the highest flow distribution ratio due to its largest number of charging piles, suggesting that EV 
travelers prioritize charging station layout and convenience when choosing routes. 

When the EV proportion is 50 %, Path 1 has the highest traffic flow allocation. Its travel time 
ranks second among the six paths, yet it has the most charging piles. Evidently, at this EV penetra-
tion rate, charging stations influence route selection more than travel time. 

At a 10 % EV proportion, Path 6 has the longest travel time and the lowest traffic flow share, in 
line with the expected utility theory. Path 1 has the shortest travel time, but Path 5 has the largest 
traffic flow allocation proportion, conforming to the principle of random user equilibrium. When 
Path 1 has far more charging piles than Path 5, the probability of choosing Path 5 is higher, 
showing that at a 10 % EV proportion, the number of charging piles affects path selection less than 
travel time. 

According to the above results, the location of charging stations has a significant impact on user 
behavior and the distribution of traffic flow in the road network, which in turn affects the traffic 
efficiency of the road network. 
 

Table 7 Travel time and path selection of each path for electric vehicles 

Path 

Penetration rate of EV 
10 % 50 % 90 % 

Travel  
time Routing (%) Number 

of CPs 
Travel  
time Routing (%) Number 

of CPs 
Travel  
time Routing (%) Number 

of CPs 
1 59.3 18.6 16 60.1 18.9 19 60.1 7.6 3 
2 61.9 18.3 11 62.1 18.3 12 62.0 18.7 7 
3 60.0 18.7 6 60.3 18.8 7 60.2 19.2 15 
4 62.0 18.2 14 61.8 18.2 11 62.2 17.9 4 
5 60.1 18.8 9 60.0 18.7 6 60.4 18.3 12 
6 66.6 7.3 9 65.9 7.1 6 66.1 18.2 14 

Note: The travel time of an electric vehicle is the sum of the driving time, charging time and charging waiting time of the path 

3.4 Analysis of departure time distribution 

Table 8 shows the traffic distribution of all travelers at different departure times. Fig. 3 shows the 
departure time selection results of fuel vehicle travelers and electric-vehicle travelers during the 
morning rush hour. Obviously, there are significant differences in departure times for different 
types of vehicle users. 

From Fig. 3, it can be observed that fuel vehicles predominantly depart at 8:30 and 8:40, 
whereas electric vehicles are concentrated at 8:10 and 8:20. This paper assumes that the working 
time is 9:35 and the optimal arrival time is 9:25. Given that the average travel time of fuel vehicles 
is 42 minutes and electric vehicles have an average travel time of 62 minutes, the departure time 
for electric vehicles generally needs to be earlier than that for fuel vehicles to arrive before the 
start of work. The sensitivity of travelers to departure time proves the validity of the utility func-
tion designed in this paper. Combined with the distribution of travelers’ departure time selections 
and the analysis of the utility function of travelers’ departure time selection, it can be seen that, in 
order to make the arrival time close to the optimal arrival time of 9:25, travelers adjust their de-
parture times, which conforms to expected utility theory. 
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Table 8 Flow distribution at different departure times 

Departure time Penetration rate of EV (%) 
10 20 30 40 50 60 70 80 90 

8:00 1 1 1 1 2 3 4 4 40 
8:10 3 4 5 24 10 18 38 40 28 
8:20 10 17 24 14 37 35 24 28 19 
8:30 24 20 15 11 13 15 12 12 6 
8:40 51 50 49 46 34 26 20 13 7 
8:50 10 8 6 4 4 4 3 3 1 

 

 

Fig. 3 Choice of departure times of fuel vehicles and electric vehicles 

4. Discussion 
In previous research, the stochastic user equilibrium (SUE) model is used to characterize travelers’ 
path selection behavior without considering the time-varying nature of the dynamic road network 
or departure time selection. To compare the effects of the SUE and DUE models, a comparative 
analysis is conducted. By comparing the number of charging piles (Fig. 4), the vacancy rate, and 
network travel time under the DUE and SUE models, it can be seen that the DUE model describes 
traveler behavior more realistically and yields a more plausible charging station planning result. 

Upon comparing the results of the DUE and SUE models, it was found that there was no signi-
ficant difference in the total number of charging stations between the two models. However, as 
the electric vehicle penetration rate increased, the trend in the number of charging stations varied 
significantly between the two models. While the SUE model showed a decline in the number of 
charging stations with the rise in the EV penetration rate, the DUE model exhibited a gradual in-
crease until the 60 % threshold, reaching its peak at 70 % adoption before decreasing. The results 
show that the DUE model, after considering the effects of departure time selection and dynamic 
traffic flow assignment on route selection and charging station queuing, yields a more practically 
relevant charging station planning scheme.  

 
Fig. 4 Optimization results of charging pile number and idle rate 
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Moreover, a comparison of Fig. 5 shows that the total road network travel time derived from the 
DUE model is much lower than that derived from the SUE model under any EV penetration rate. 
However, the vacancy rate of the SUE model is much lower than that of the DUE model. This indica-
tes that in the DUE model, electric vehicle users and fuel vehicle users depart in different time peri-
ods because travelers can choose their departure times and different types of travelers have diffe-
rent travel utilities. Under cost constraints, the DUE model significantly reduces the travel time of 
the road network at the expense of more charging piles and vacancy rates of 10-20 %. 

  
Fig. 5 Comparative analysis of DUE and SUE model results 

5. Conclusion 
This paper constructs impedance functions for electric and fuel vehicles by considering travel 
time, energy consumption, charging service, and waiting time. It combines dynamic traffic flow 
distribution with charging station site selection to create a two-level programming model. By ba-
lancing overall and individual optimization, the charging station layout can achieve high traffic 
efficiency for the overall road network while maximizing individual travel utility. Dynamic user 
equilibrium theory is used in charging station layout planning to establish a traffic flow allocation 
model and a solution algorithm for simultaneous departure time and travel path selection, and 
numerical simulations demonstrate the validity and practicability of the model and algorithm. 

The results show the following: (1) High traffic network efficiency does not require adding 
more charging piles. Optimizing the charging station layout can achieve greater road network effi-
ciency with fewer piles, and the layout significantly impacts road network traffic flow distribution 
and efficiency. (2) The simulation results are consistent with expected utility theory and sto-
chastic user equilibrium. When the proportion of electric vehicles is low, travel time affects route 
selection more; when it is high, the number of charging stations matters more. (3) During the 
morning rush hour, fuel vehicles mainly depart at 8:30-8:40, while electric vehicles do so at 8:10-
8:20, validating the effectiveness of the designed departure-time selection utility function. 

Constrained by computational complexity and data availability, this study conducts numerical 
experiments on a 9-node illustrative network to validate the theoretical soundness and algo-
rithmic feasibility of the proposed model. Notably, the scalability of the approach to large-scale 
networks with hundreds or thousands of nodes requires further investigation. As network size 
expands, computational complexity increases drastically, primarily stemming from three core fa-
ctors: the exponential growth of path enumeration, the scaling of the lower-level MSA-based DUE 
traffic assignment process with the number of nodes, links, and time intervals, and the nested 
genetic algorithm structure in the upper level—whose time complexity rises significantly with 
population size and the number of iterations. 

Given these challenges, the current implementation is most suitable for strategic planning in 
medium-sized networks (e.g., up to 50-100 nodes). However, these limitations are not insurmo-
untable. By integrating well-established large-scale optimization techniques—such as path-set re-
duction methods (e.g., column generation or k-shortest path algorithms), parallel computing, 
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network aggregation strategies, and more efficient metaheuristics (e.g., particle swarm optimiza-
tion)—the model can be enhanced to maintain acceptable solution quality and computational effi-
ciency when handling large-scale networks. Regarding solution quality, while genetic algorithms 
are adept at finding near-optimal solutions, global optimality cannot be guaranteed; in large-scale 
networks, solution quality will be highly dependent on parameter tuning and convergence criteria. 

Therefore, future research should test the model on real-world networks (e.g., city-scale ne-
tworks) using high-performance computing and compare its results with those of other meta-
heuristics or commercial solvers to systematically evaluate its scalability and solution quality. 
Such research based on real data will hold significant practical value, with the potential to opti-
mize network traffic efficiency and driving experiences. At the practical application level, admi-
nistrative authorities can dynamically adjust the service availability and operational strategies of 
charging stations based on the proportion of electric vehicles on different routes. 

Another important consideration for practical application is demand uncertainty. In this study, 
both the total OD demand 𝐷𝐷𝑤𝑤  and the EV penetration rate are treated as deterministic inputs. 
However, in reality, these factors may fluctuate from day to day due to various reasons such as 
special events, weather conditions, or seasonal variations. Under demand uncertainty, the optimal 
station locations derived from a deterministic model may not perform consistently across all sce-
narios. High-demand days could lead to severe congestion at certain stations, while low-demand 
days might result in underutilized infrastructure. 

Future research should extend the current framework to account for demand uncertainty. Pos-
sible approaches include (1) scenario-based stochastic programming, where multiple demand 
scenarios are defined with associated probabilities and the objective is to minimize expected total 
travel time; (2) robust optimization, which seeks locations that perform well under worst-case 
demand realizations; and (3) sensitivity analysis to evaluate the robustness of deterministic solu-
tions under demand perturbations. Incorporating these methods would enhance the model's ap-
plicability to real-world planning, where demand variability is inevitable. 

For practical planning of fast charging stations, planners can determine the weight allocation 
of travel time and construction/operation costs according to the regional traffic development 
goals and fiscal budget capacity. For traffic-congested urban core areas, the weight of travel time 
minimization should be appropriately increased (with a moderate relaxation of the cost budget) 
to deploy charging piles at key traffic nodes and disperse charging demand; for suburban areas or 
regions with tight fiscal budgets, the weight of cost control should be prioritized to optimize the 
layout of charging stations at high-demand nodes to achieve cost-effective resource allocation. In 
specific operation, the weight can be quantified by calibrating the unit travel time delay cost co-
efficient based on regional traffic survey data and local fiscal expenditure standards for charging 
infrastructure, to make the weight setting more in line with the actual development needs. 
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A B S T R A C T A R T I C L E   I N F O 
When multiple orders with different requirements must be fulfilled under lim-
ited capacity, order selection and maintenance planning for multi-component 
systems become strongly interdependent. To address this problem, this study 
proposes a condition-based maintenance strategy for multi-component systems 
and a joint optimization model for multi-order batch production that incorpo-
rates customer satisfaction. First, the deterioration trend of each component is 
described using the proportional hazards model, and the health status of each 
component is represented by virtual age. Different maintenance modes are then 
determined according to real-time monitoring results and maintenance thresh-
olds after the completion of each production batch. With profit maximization as 
the objective, the condition-based maintenance strategy is integrated with a 
capacitated batch production model and a customer satisfaction model to de-
velop a joint optimization framework for maintenance and multi-order produc-
tion. Finally, the model is solved using simulated annealing and particle swarm 
optimization. A case study is used to verify the effectiveness of the proposed 
approach and to demonstrate its practical relevance, and a sensitivity analysis 
of the key model parameters is also conducted. 
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1. Introduction
To ensure the economic benefits of an enterprise, it is necessary to consider not only internal 
operational factors but also external market factors. Therefore, how to incorporate external 
market factors into basic production and maintenance strategies so that the enterprise can de-
velop more effectively has become an important research focus. Traditional single-component 
systems have gradually evolved into multi-component systems with complex structures. There-
fore, determining an appropriate maintenance method can effectively reduce costs [1]. This pa-
per proposes a condition-based maintenance strategy model for multi-component systems 
based on customer satisfaction under limited production capacity. 
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At present, mass production is one of the most important production modes in the manufa-
cturing industry, and there is extensive related research in this area. Huang et al. [2] combined 
the system scheduling problem, considering the completion time of batch production, with the 
preventive maintenance problem of a system, and built a model with completion time as the 
objective function. Tambe et al. [3] developed inspection, production, and maintenance schedu-
les during mass production to achieve the lowest total cost per unit. Hnaien et al. [4] studied the 
mass production and preventive maintenance scheduling problem for a single machine produ-
cing multiple products and proposed a mixed-integer linear programming model with total cost 
as the objective function. Fitouhi et al. [5] combined preventive maintenance with tactical pro-
duction planning and proposed a model to solve the mass production problem within a finite 
planning period. Lai et al. [6] proposed an optimal decision method for determining production 
lot size under a defined maintenance policy, considering imperfect manufacturing and emer-
gency maintenance policies. Hadian et al. [7] considered mass production systems with sto-
chastic degradation over time and proposed a maintenance strategy based on the predicted fa-
ilure probability of each machine. Bouabid et al. [8] proposed an integrated production planning 
and preventive maintenance for manufacturing systems prone to quality degradation. Selech et 
al. [9] presented the results of reliability analysis and the corrective maintenance costs of one of 
the most expensive tram components to repair. 

By analysing the failure mechanism and the results of equipment testing, condition-based ma-
intenance (CBM) can avoid functional failures by repairing, adjusting, or replacing equipment 
when potential failures occur. Equipment can be divided into single-component systems and mul-
ti-component systems. Studies related to single-component systems have focused on the influence 
of external factors on maintenance decisions. Duan et al. [10] proposed a situational repair stra-
tegy for ship pumps under random repair quality conditions when there was a competing risk. 
Zhang et al. [11] and Zheng et al. [12-13] considered the impact of spare parts ordering and spare 
parts inventory on the development of a condition-based maintenance strategy. Zheng et al. [14] 
considered a condition-based maintenance strategy under a service performance contract. For 
multi-component systems, Yousefi et al. [15] portrayed multiple failure processes experienced by 
each component due to degradation and shock loading and developed models to determine the 
state failure thresholds and detection intervals for a multi-component system. Broek et al. [16] 
modelled system planning as a Markov decision process to study the condition-based maintenance 
strategy for a two-component system with economic dependence under load sharing. Wang et al. 
[17] proposed a condition-based preventive maintenance for systems with identical component 
equilibria. Xu et al. [18] used a non-homogeneous stochastic process model to emphasize the eco-
nomic dependence between components and stochastic dependencies. Shi et al. [19] used a rol-
ling-level method to develop a state-based maintenance decision framework for a multi-
component system to meet the reliability requirements of the system. 

Most research on maintenance of mass production equipment has focused on traditional cor-
rective or periodic maintenance. As a maintenance strategy proposed in recent years, condition-
based maintenance has become a preferred approach in equipment maintenance decision-making 
with the gradual improvement of sensing and detection technologies. However, because of its rela-
tively short development history, few studies have applied it to mass production equipment. 

Customer satisfaction has attracted extensive attention from scholars in recent years. Most of 
these studies quantified customer satisfaction in a specific aspect in terms of penalty cost. Liu et al. 
[20] proposed the concept of a delivery time window and constructed an early/delay penalty cost 
affiliation function. Iskandar et al. [21] considered the actual losses of port equipment and dama-
ged parts due to maintenance overruns and transformed them into penalty costs. Nezami et al. 
[22] examined the effects of several different maintenance methods on extending equipment life 
and increasing satisfaction. Ruan et al. [23] added customer satisfaction to the total warranty cost 
and proposed various flexible preventive maintenance strategies. 

In this paper, to address the problem of order selection and maintenance decision-making for a 
multi-component system when multiple orders with different requirements are placed under limi-
ted capacity, a joint optimization model of a CBM strategy for a multi-component system based on 
customer satisfaction and multi-order batch production is proposed. First, the specific deteriorati-
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on trend of each component is described using the proportional hazards model, and the health 
status of each component is represented by virtual age. Then, different maintenance methods are 
determined according to the real-time monitoring results and maintenance thresholds after the 
end of each production batch. Finally, with profit maximization as the optimization goal, the CBM 
strategy and the joint optimization model for multi-order batch production are established by 
combining the limited-capacity batch problem model and the customer satisfaction model. 

This study aims to develop a more effective condition-based maintenance optimization model 
for multi-component systems under mass production conditions. The remainder of this paper is 
organized as follows. The problem is described in Subsection 2.1, and a new deterioration model 
is developed in Subsection 2.3. Section 3 proposes a novel condition-based maintenance model 
for a multi-component system. Moreover, the joint optimization model of the maintenance stra-
tegy and multi-order batch production is presented in Section 4. A case study is also analysed 
and discussed in Section 5, and conclusions are drawn in Section 6. 

2. Multi-component system deterioration model 
Assume that within a certain period [0,𝑇𝑇𝑥𝑥] (Total production time 𝑇𝑇𝑥𝑥), the enterprise receives s 
orders with different requirements, and each order completed can obtain corresponding reve-
nue according to the order volume. A large multi-component system in an enterprise can be 
produced at the rate of 𝑝𝑝 pieces per day. During the production process, the components will 
gradually deteriorate, and the product quality will also decline. The maintenance actions will 
restore the status of a system, but it will also generate maintenance costs. If the repair is not 
timely, it will lead to frequent system failures and an increase in the unqualified rate of products, 
thus the order cannot be completed as required, resulting in a decrease in customer satisfaction 
and penalty costs, and the production and storage of products will generate corresponding pro-
duction costs and inventory costs. Thus, this paper establishes a condition-based maintenance 
strategy model with the maximum profit of the enterprise as the optimization objective to de-
termine the order selection and ordering, production batch size and maintenance strategy.  

Consider a large multi-component production system in which each component is indepen-
dent, but failure of any one component during operation causes failure of the entire system. In 
practice, different components fail for different reasons. For example, external parts of a system 
may corrode because of environmental humidity or temperature changes, whereas internal pro-
cessing parts may wear because of overload operation or delayed maintenance. Therefore, be-
fore condition-based maintenance is carried out, it is necessary to consider both the failure cau-
ses and the current deterioration status of each component. Because it is difficult to combine 
these two aspects to construct an effective quantitative relationship, the proportional hazards 
model is selected to directly establish the functional relationship between the failure probability 
of a component and its influencing factors. 

The risk function is used to describe the 𝑡𝑡 + 𝛥𝛥𝛥𝛥,𝛥𝛥𝛥𝛥 → 0 probability of 𝑡𝑡 failure of components 
𝑗𝑗 at any time without failure. Its function expression is: 

ℎ𝑗𝑗(𝑡𝑡) = 𝑙𝑙𝑙𝑙𝑙𝑙
𝛥𝛥𝛥𝛥→0

𝑃𝑃�𝑁𝑁𝑗𝑗(𝑡𝑡 + 𝛥𝛥𝛥𝛥) −𝑁𝑁𝑗𝑗(𝑡𝑡)=1� (1) 

where, 𝑁𝑁𝑗𝑗(𝑡𝑡) represents the number of failures of component 𝑗𝑗 at time 𝑡𝑡. 
The function expression of the proportional risk model is: 

ℎ𝑗𝑗(𝑡𝑡,𝑋𝑋) = ℎ0(𝑡𝑡) ⋅ exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1

� (2) 

where 𝑋𝑋𝑖𝑖,𝑗𝑗 represents 𝑖𝑖-th covariate (influence factor) related to 𝑗𝑗-th component, 𝛼𝛼𝑖𝑖,𝑗𝑗  is the re-
gression coefficient corresponding to the 𝑖𝑖-th covariate, and ℎ0(𝑡𝑡) is the basic risk function. 

The Weibull distribution can effectively describe the deterioration law of components. If the 
basic risk function ℎ0(𝑡𝑡) follows a Weibull distribution, substituting it into Eq. 2 yields the We-
ibull proportional risk model for component 𝑗𝑗: 
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ℎ𝑗𝑗(𝑡𝑡,𝑋𝑋) =
𝛽𝛽
𝜂𝜂
�
𝑡𝑡
𝜂𝜂
�
𝛽𝛽−1

exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1

� (3) 

where, the shape parameters 𝛽𝛽 > 1 and scale parameters 𝜂𝜂 > 1, as well as the covariate coeffi-
cients 0 < 𝛼𝛼 < 1 can be obtained by constructing the likelihood function, and then using the New-
ton-Laphson method to estimate the parameters. 

3. Condition-based maintenance model for multi-component systems 
Condition-based maintenance based on system health status is more economical and effective than 
single post maintenance and periodic maintenance. When formulating condition-based mainte-
nance strategy, the degree of old and new system components should be considered, which is gen-
erally characterized by age [24]. Since the status of each component cannot be obtained in real 
time during the batch production process, it is necessary to detect after the batch production is 
completed, and determine the maintenance method in combination with the maintenance thresh-
old. Different maintenance methods will cause the system age to fall back to different degrees, so 
the virtual age is introduced to more simulate the status change of each component. The current 
age of component 𝑗𝑗 is 𝐴𝐴𝑗𝑗(𝑡𝑡), and the failure rate of component 𝑗𝑗 is as follows. 

𝐹𝐹 �𝐴𝐴𝑗𝑗(𝑡𝑡)� = � ℎ𝑗𝑗(𝑡𝑡,𝑋𝑋)𝑑𝑑𝑑𝑑
𝐴𝐴𝑗𝑗(𝑡𝑡)

0
= �

𝐴𝐴𝑗𝑗(𝑡𝑡)
𝜂𝜂 �

𝛽𝛽

exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1

� (4) 

The CBM strategy in this paper includes preventive maintenance, component replacement, minor 
maintenance, and opportunistic maintenance. In actual maintenance, preventive maintenance and 
opportunistic maintenance do not restore a component to an as-new state. The age of component 𝑗𝑗 
in the new state is 𝐴𝐴𝑗𝑗,0 = 0, the duration of a single batch production is 𝑇𝑇, the preventive maintenan-
ce threshold is 𝑉𝑉, and the effectiveness of the 𝑛𝑛-th repair is denoted by 𝜃𝜃. Thus, the virtual age of 
component 𝑗𝑗 after the end of the 𝑛𝑛-th batch production can be obtained as follows. 

𝐴𝐴𝑗𝑗,𝑛𝑛 = (1 − 𝜃𝜃)𝐴𝐴𝑗𝑗,𝑛𝑛−1 + 𝑇𝑇 exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1

� (5) 

Preventive maintenance is performed if 𝐴𝐴𝑗𝑗,𝑛𝑛 > 𝑉𝑉. Solving the above recursive relationship yi-
elds the following closed-form expression. 

𝐴𝐴𝑗𝑗,𝑛𝑛 = (1 − 𝜃𝜃)𝑛𝑛𝐴𝐴𝑗𝑗,0 +
1 − (1 − 𝜃𝜃)𝑛𝑛

𝜃𝜃
𝑇𝑇 exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1

�

=
1 − (1 − 𝜃𝜃)𝑛𝑛

𝜃𝜃
𝑇𝑇 exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1

� 

(6) 

Because product quality is positively correlated with system deterioration, the number of defecti-
ve products produced by a system increases as deterioration accelerates due to imperfect mainte-
nance. The functional relationship between the defective rate and virtual age is given as follows: 

𝑝𝑝�𝐴𝐴𝑛𝑛(𝑡𝑡)� = 𝑝𝑝0 + 𝜇𝜇 �1 − exp�−𝜆𝜆 �
∑ 𝐴𝐴𝑗𝑗,𝑛𝑛(𝑡𝑡)𝑙𝑙
𝑗𝑗=1

𝑙𝑙
�
𝛾𝛾

�� (7) 

where 𝑝𝑝0 is the initial defective rate of a system under the new condition, 𝜇𝜇 is the boundary val-
ue of quality deterioration, 𝜆𝜆 and 𝛾𝛾 are given constants. Considering that different orders have 
different requirements for the defective rate, this paper sets up a quality replacement threshold 
𝑊𝑊 to control the product quality. When 𝑝𝑝 �𝐴𝐴𝑗𝑗,𝑛𝑛(𝑡𝑡)� > 𝑊𝑊 after the 𝑛𝑛-th batch production is com-
pleted, the component 𝑗𝑗 will be replaced and restored to a new state. 

Opportunistic maintenance refers to the simultaneous repair of two components to improve 
maintenance economy. At the end of the 𝑛𝑛-th batch production, suppose that the virtual age of 
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component 𝑗𝑗 is 𝐴𝐴𝑛𝑛,𝑗𝑗 ≥ 𝑉𝑉, while the virtual age of component 𝑙𝑙 is 𝐴𝐴𝑛𝑛,𝑙𝑙 < 𝑉𝑉 and satisfies 𝑉𝑉 − 𝐴𝐴𝑛𝑛,𝑙𝑙 ≤
∆𝑉𝑉. Here, ∆𝑉𝑉 denotes the opportunistic maintenance threshold, and the interval [𝑉𝑉 − ∆𝑉𝑉,𝑉𝑉] de-
fines the opportunistic maintenance window. After each batch production, components that ha-
ve not yet reached the preventive maintenance threshold but whose virtual ages fall within this 
window are repaired in advance; otherwise, they are not repaired.  

During mass production, the system may shut down because of sudden failure. In this case, 
minor repair is performed without changing the virtual age of each component in the system 
and without considering maintenance time. The number of sudden failures of component 𝑗𝑗 in the 
𝑛𝑛-th production batch is given as follows. 

𝜓𝜓𝑛𝑛,𝑗𝑗 = �
1 − (1 − 𝜃𝜃)𝑛𝑛

𝜃𝜃
ℎ𝑛𝑛,𝑗𝑗(𝑡𝑡,𝑋𝑋)

𝑇𝑇

0
 𝑑𝑑𝑑𝑑 =

1 − (1 − 𝜃𝜃)𝑛𝑛

𝜃𝜃
�

𝛽𝛽
𝜂𝜂
�
𝑡𝑡
𝜂𝜂
�
𝛽𝛽−1
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0
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1 − (1 − 𝜃𝜃)𝑛𝑛

𝜃𝜃
⋅ exp��𝛼𝛼𝑖𝑖,𝑗𝑗𝑋𝑋𝑖𝑖,𝑗𝑗

𝑛𝑛

𝑖𝑖=1
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(8) 

4. Joint optimization model of maintenance strategy and multi-order batch 
production 
4.1 Capacitated lot-sizing problem (CLSP) model 
The CLSP model is used to solve the problem of batch production decisions under limited capa-
city and resource conditions. Different mathematical models can be developed based on diffe-
rent influencing factors. In this paper, enterprise costs are divided into maintenance costs, pro-
duction costs, and inventory costs. Accordingly, the CLSP model is defined as follows. 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = ��𝑀𝑀𝐶𝐶𝑛𝑛,𝑗𝑗

𝑚𝑚

𝑗𝑗=1

𝑁𝑁

𝑛𝑛=1

+ �(𝑃𝑃𝐶𝐶𝑛𝑛 + 𝐼𝐼𝐶𝐶𝑛𝑛)
𝑁𝑁

𝑛𝑛=1

 (9) 

𝑇𝑇 = 𝑇𝑇1 = 𝑇𝑇2 =. . . = 𝑇𝑇𝑛𝑛 (10) 

�𝑡𝑡𝑀𝑀,𝑛𝑛 + 𝑡𝑡𝑃𝑃,𝑛𝑛

𝑁𝑁

𝑛𝑛=1

≤ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (11) 

�𝑂𝑂𝑟𝑟

𝑠𝑠

𝑟𝑟=1

≤ �𝑝𝑝𝑇𝑇𝑛𝑛

𝑁𝑁

𝑛𝑛=1

 (12) 

In Eq. 9, 1 ≤ 𝑁𝑁 < 𝑇𝑇𝑥𝑥/𝑄𝑄 is the total number of production cycles, and 𝑚𝑚 ≥ 3 denotes the num-
ber of components. Eq. 10 represents the characteristic of equal batch production time length, 
and 𝑇𝑇 is the single batch production time length. Eq. 11 is the constraint of the total production 
duration under limited capacity, 𝑡𝑡𝑀𝑀,𝑛𝑛 and 𝑡𝑡𝑃𝑃,𝑛𝑛 is the maintenance duration and production dura-
tion of the n-th production cycle, respectively. Eq. 12 is the balance constraint between the total 
order quantity and the total capacity, and 𝑄𝑄𝑟𝑟 is the order quantity of 𝑟𝑟-th order. 
System maintenance cost 𝑀𝑀𝑀𝑀𝑛𝑛,𝑗𝑗 
According to the maintenance strategy in Section 2, all components of a system are tested after 
the end of 𝑛𝑛-th batch production to calculate the corresponding virtual age, and compared with 
the preventive maintenance threshold V, component replacement threshold 𝑊𝑊 and opportunity 
maintenance threshold 𝛥𝛥𝛥𝛥 to determine the maintenance actions. The maintenance effect of 
opportunity maintenance is the same as that of preventive maintenance, but in a complex large 
system, downtime maintenance includes inspection, disassembly, and system shutdown and 
restart. Thus, in this paper, opportunity maintenance is defined as more economical preventive 
maintenance. Record the maintenance cost per unit day of preventive maintenance, component 
replacement and opportunity maintenance as 𝑚𝑚𝑚𝑚1, 𝑚𝑚𝑚𝑚2, 𝑚𝑚𝑚𝑚3 and the maintenance time as 𝑡𝑡𝑚𝑚𝑚𝑚1 , 
𝑡𝑡𝑚𝑚𝑚𝑚2 , 𝑡𝑡𝑚𝑚𝑚𝑚3 (𝑚𝑚𝑚𝑚3 < 𝑚𝑚𝑚𝑚1 < 𝑚𝑚𝑚𝑚2, 𝑡𝑡𝑚𝑚𝑚𝑚1 = 𝑡𝑡𝑚𝑚𝑚𝑚3 < 𝑡𝑡𝑚𝑚𝑚𝑚2), respectively. The minor repair cost is 𝑚𝑚𝑚𝑚4, 
and the 𝑛𝑛-th maintenance cost for a system can be obtained. 
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𝑀𝑀𝐶𝐶𝑛𝑛,𝑗𝑗 = 𝜓𝜓𝑛𝑛,𝑗𝑗 ⋅ 𝑚𝑚𝑐𝑐4 + �𝑚𝑚𝑐𝑐𝑘𝑘 ⋅ 𝑡𝑡𝑚𝑚𝑐𝑐𝑘𝑘 ⋅ 𝜒𝜒(𝐴𝐴𝑘𝑘)
3

𝑘𝑘=1

 (13) 

The three maintenance actions are mutually exclusive. Therefore, an indicator function 𝜒𝜒(𝐴𝐴𝑘𝑘) 
is introduced in Eq. 13. 

𝜒𝜒(𝐴𝐴𝑖𝑖) = �
1 , 𝐴𝐴𝑖𝑖 occur
0 , 𝐴𝐴𝑖𝑖 does not occur (14) 

Production costs 𝑃𝑃𝑃𝑃𝑛𝑛 
The production speed of a system is 𝑃𝑃 per day, and the duration of a single batch production is 𝑇𝑇 
days. The production cost of a single product is denoted by pc, and the production cost of the 𝑛𝑛-th 
batch production is as follows. 

𝑃𝑃𝐶𝐶𝑛𝑛 = 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 (15) 
Inventory cost 𝐼𝐼𝐼𝐼𝑛𝑛 
Based on the assumptions of this paper, products currently in batch production are not included 
in inventory. Therefore, the inventory cost generated in the 𝑛𝑛-th batch depends on the total 
number of products 𝐼𝐼𝑛𝑛−1 produced in the previous production cycle 𝑛𝑛 − 1. The inventory cost 
generated during the 𝑛𝑛-th maintenance activity is related to the total number of products 𝐼𝐼𝑛𝑛 =
𝐼𝐼𝑛𝑛−1 + 𝑃𝑃𝑃𝑃 produced in n previous production. Let the inventory cost of a single product be deno-
ted by 𝑖𝑖𝑖𝑖. The inventory cost in the 𝑛𝑛-th production cycle is then given as follows. 

𝐼𝐼𝐶𝐶𝑛𝑛 = 𝑖𝑖𝑖𝑖�𝐼𝐼𝑛𝑛−1𝑇𝑇 + 𝐼𝐼𝑛𝑛𝑡𝑡𝑚𝑚𝑐𝑐𝑘𝑘� (16) 
If the order delivery (0 < 𝑡𝑡 < 𝑇𝑇) occurs during batch production and the order quantity is 𝑄𝑄𝑟𝑟, 

then 
𝐼𝐼𝐶𝐶𝑛𝑛 = 𝑖𝑖𝑖𝑖 �𝐼𝐼𝑛𝑛−1𝑡𝑡 + (𝐼𝐼𝑛𝑛−1 − 𝑂𝑂𝑟𝑟)(𝑇𝑇 − 𝑡𝑡) + 𝑡𝑡𝑚𝑚𝑐𝑐𝑘𝑘(𝐼𝐼𝑛𝑛 − 𝑂𝑂𝑟𝑟)� (17) 

If the order delivery (𝑇𝑇 < 𝑡𝑡 < 𝑇𝑇 + 𝑡𝑡𝑚𝑚𝑚𝑚𝑘𝑘) occurs during the repair process, then 
𝐼𝐼𝐶𝐶𝑛𝑛 = 𝑖𝑖𝑖𝑖 �𝐼𝐼𝑛𝑛−1𝑇𝑇 + 𝐼𝐼𝑛𝑛(𝑡𝑡 − 𝑇𝑇) + (𝐼𝐼𝑛𝑛 − 𝑂𝑂𝑟𝑟)�𝑇𝑇 + 𝑡𝑡𝑚𝑚𝑐𝑐𝑘𝑘 − 𝑡𝑡�� (18) 

4.2 Customer satisfaction model 

In this paper, customer satisfaction is related to order delivery time and product quality. The re-
quirement of 𝑟𝑟-th order is 𝑄𝑄𝑟𝑟(𝑞𝑞𝑟𝑟, 𝑡𝑡𝑟𝑟), where 𝑄𝑄𝑟𝑟 is the order demand, and 𝑞𝑞𝑟𝑟 and 𝑡𝑡𝑟𝑟 are the quality 
and delivery time requirements, respectively. For 𝑡𝑡 = 𝑡𝑡𝑟𝑟 , if the system is in the 𝑛𝑛-th batch produc-
tion stage or in the 𝑛𝑛-th maintenance stage, the product inventory 𝐼𝐼𝑛𝑛, the number of defective pro-
ducts 𝐷𝐷𝐼𝐼𝑛𝑛, and the defective rate 𝑝𝑝 before delivery are given as follows, respectively. 

 

⎩
⎪
⎪
⎨

⎪
⎪
⎧
�

𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− = 𝐼𝐼𝑛𝑛−1 + 𝑝𝑝𝑝𝑝
𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− = 𝐷𝐷𝐼𝐼𝑛𝑛−1 + 𝑝𝑝 �𝐴𝐴𝑗𝑗,𝑛𝑛(𝑇𝑇)�𝑃𝑃𝑃𝑃
𝑝𝑝𝑡𝑡𝑟𝑟

− = 𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)−/𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)−
   𝑛𝑛 − th batch production

�

𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− = 𝐼𝐼𝑛𝑛−1
𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− = 𝐷𝐷𝐼𝐼𝑛𝑛−1 + 𝑝𝑝 �𝐴𝐴𝑗𝑗,𝑛𝑛(𝑡𝑡𝑟𝑟)�𝑃𝑃𝑡𝑡𝑟𝑟
𝑝𝑝𝑡𝑡𝑟𝑟

− = 𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)−/𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)−
   𝑛𝑛 − th maintenance

 (19) 

The remaining inventory, defective products, and defective rate after delivery can be divided 
into two cases: the inventory satisfies the order demand, and the inventory is insufficient. 
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(𝑡𝑡𝑟𝑟)+ = 𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− − 𝑂𝑂𝑟𝑟

�
𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)+ = 𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− − 𝑂𝑂𝑟𝑟𝑞𝑞𝑟𝑟
𝑝𝑝𝑡𝑡𝑟𝑟

+ = 𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)+/𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)+    if  𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− > 𝑂𝑂𝑟𝑟𝑞𝑞𝑟𝑟

�
𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)+ = 0
𝑝𝑝𝑡𝑡𝑟𝑟

+ = 0    if  𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− < 𝑂𝑂𝑟𝑟𝑞𝑞𝑟𝑟 ⎭
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⎬
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     if  𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− > 𝑂𝑂𝑟𝑟

�
𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)+ = 0
𝐷𝐷𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)+ = 0
𝑝𝑝𝑡𝑡𝑟𝑟

+ = 0
�    if  𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)− < 𝑂𝑂𝑟𝑟

 (20) 



Condition-based maintenance optimization for multi-component systems in mass production considering customer ... 
 

Advances in Production Engineering & Management 21(1) 2026 95 
 

If the quantity of products in the inventory does not meet the order demand or the defective 
rate is greater than the quality requirement when the delivery time arrives, the time penalty cost 
𝑇𝑇𝑇𝑇𝑇𝑇𝑟𝑟 and quality penalty cost 𝑄𝑄𝑄𝑄𝑄𝑄𝑟𝑟 will be obtained. 
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𝑂𝑂𝑟𝑟 − 𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟)
𝑂𝑂𝑟𝑟

�     if  𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟) < 𝑂𝑂𝑟𝑟

𝑇𝑇𝑇𝑇𝐶𝐶𝑟𝑟 = 0                             if  𝐼𝐼𝑛𝑛(𝑡𝑡𝑟𝑟) ≥ 𝑂𝑂𝑟𝑟

�
𝑄𝑄𝑄𝑄𝐶𝐶𝑟𝑟 = 𝑞𝑞𝑞𝑞𝑞𝑞 �

𝑝𝑝𝑡𝑡𝑟𝑟 − 𝑞𝑞𝑟𝑟
𝑞𝑞𝑟𝑟

�        if  𝑝𝑝𝑡𝑡𝑟𝑟 > 𝑞𝑞𝑟𝑟

𝑄𝑄𝑄𝑄𝐶𝐶𝑟𝑟 = 0                            if  𝑝𝑝𝑡𝑡𝑟𝑟 ≤ 𝑞𝑞𝑟𝑟

 (21) 

Here, 𝑇𝑇𝑇𝑇𝑇𝑇 and 𝑄𝑄𝑄𝑄𝑄𝑄 are the time and quality penalty coefficients, respectively. Thus, the cus-
tomer satisfaction model is as follows. 

𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠 = �𝑇𝑇𝑇𝑇𝐶𝐶𝑟𝑟 + 𝑄𝑄𝑄𝑄𝐶𝐶𝑟𝑟

𝑠𝑠

𝑟𝑟=1

 (22) 

The total cost model: max𝐷𝐷 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠. The revenue of an enterprise during a given peri-
od depends on the number of completed orders. Insufficient order acceptance results in idle 
system capacity and wasted productivity. However, accepting too many orders not only leads to 
high maintenance costs caused by excessive system use and deterioration, but may also prevent 
the enterprise from completing orders with the required quality and quantity, leading to lower 
customer satisfaction and even compensation. Therefore, this paper constructs a total profit 
model in which the batch production size 𝑄𝑄, the preventive maintenance threshold 𝑉𝑉, the com-
ponent replacement threshold 𝑊𝑊, and the opportunity maintenance threshold ∆𝑉𝑉 are taken as 
decision variables. The maximum enterprise profit under different orders within the planning 
time period [0,𝑇𝑇𝑥𝑥] is used as the overall optimization objective to determine the optimal order 
selection, production sequence, and corresponding decision-variable values. The income from 
the production of a single product is 𝑥𝑥, and the joint model is as follows. 

max𝐶𝐶 = max�𝑥𝑥�𝑂𝑂𝑟𝑟

𝑠𝑠

𝑟𝑟=1

− 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 − 𝐶𝐶𝑠𝑠𝑠𝑠𝑠𝑠� 

= max�𝑥𝑥�𝑂𝑂𝑟𝑟

𝑠𝑠

𝑟𝑟=1

− ���𝑀𝑀𝐶𝐶𝑛𝑛,𝑗𝑗

𝑚𝑚

𝑗𝑗=1

𝑁𝑁

𝑛𝑛=1

+ �(𝑃𝑃𝐶𝐶𝑛𝑛 + 𝐼𝐼𝐶𝐶𝑛𝑛)
𝑁𝑁

𝑛𝑛=1

� − ��𝑇𝑇𝑇𝑇𝐶𝐶𝑟𝑟

𝑠𝑠

𝑟𝑟=1

+ 𝑄𝑄𝑄𝑄𝐶𝐶𝑟𝑟�� 

(23) 

𝑇𝑇 = 𝑇𝑇1 = 𝑇𝑇2 =. . . = 𝑇𝑇𝑛𝑛 (24) 

�𝑡𝑡𝑀𝑀,𝑛𝑛 + 𝑡𝑡𝑃𝑃,𝑛𝑛

𝑁𝑁

𝑛𝑛=1

≤ 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 (25) 

�𝑂𝑂𝑟𝑟

𝑠𝑠

𝑟𝑟=1

≤ �𝑝𝑝𝑇𝑇𝑛𝑛

𝑁𝑁

𝑛𝑛=1

 (26) 

4.3 Model solving 
To solve the model, it is necessary to select and sequence a given number of orders with diffe-
rent requirements. Therefore, the model can be regarded as a combinatorial optimization pro-
blem combining the knapsack problem and the traveling salesman problem. Considering that 
order selection needs to satisfy the constraints of Eq. 26, and for computational convenience and 
efficiency, this paper uses an enumeration method for order selection and a simulated annealing 
algorithm (SA) for sequencing. After the number and order of the selected orders are determi-
ned, the particle swarm optimization algorithm (PSO) is used to obtain the maximum value of 
the model under the given conditions. To ensure search efficiency and model convergence, the 
domain of the decision variables is first determined based on experience and a small number of 
Monte Carlo simulation results, and then a sufficient number of iterations is set to ensure that 
the global optimum of the model can be found. The specific algorithm steps are as follows. 
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Step 1. Initialize the SA parameters and PSO parameters: initial temperature T, maximum 
number of external iterations 𝑛𝑛1, number of iterations at the same temperature 𝑛𝑛2, and tempera-
ture drop rate 𝛿𝛿, weight coefficient 𝑤𝑤, two acceleration factors 𝑐𝑐1 and 𝑐𝑐2, iteration times 𝑛𝑛3, and 
population size 𝑧𝑧. 

Step 2. Randomly select orders 𝑠𝑠[𝑠𝑠1, 𝑠𝑠2, … , 𝑠𝑠𝑘𝑘] from all orders that satisfy the target function 
definition domain. 

Step 3. Randomly generate the completion order (𝑠𝑠1 → 𝑠𝑠2 → ⋯ → 𝑠𝑠𝑘𝑘). 
Step 4. Randomly generate the particle population. Each particle contains four parameters: 

the preventive maintenance threshold 𝑉𝑉, the quality replacement threshold 𝑊𝑊, the opportunity 
maintenance threshold ∆𝑉𝑉, and the production batch size 𝑄𝑄. 

Step 5. Calculate the fitness of each particle according to the fitness function. 
Step 6. Obtain the best individual fitness 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 and the best global fitness 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔. 
Step 7. Update the position and velocity of each particle. 
Step 8. Check whether the PSO termination conditions are satisfied. If not, return to Step 5. 

Otherwise, record the current global best value. 
Step 9. Use the two-transformation method to change the completion order of two orders, 

and repeat Steps 4-7 to generate a new solution 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛. 
Step 10. Calculate the increment ∆ = 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛 − 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔. If ∆ > 0, 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑛𝑛𝑛𝑛𝑛𝑛 is accepted as the 

new optimal solution; otherwise, it is accepted as the new optimal solution with probability p. 
Step 11. Check whether the SA termination conditions are satisfied. If not, return to Step 9. 

Otherwise, record the current solution 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔. 
Step 12. Reduce the temperature and repeat Steps 9-11 until the minimum temperature is 

reached or no new solution is generated for several consecutive iterations. Then compare all 
recorded solutions 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 in Step 11 and retain the maximum value. 

Step 13. Return to Step 2, randomly select all possible orders again, compare all recorded 
values 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔 from Step 12, and output the final maximum value 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑚𝑚𝑚𝑚𝑚𝑚. 

5. Case study 
5.1 Data preparation 
One enterprise receives 15 orders with different requirements within a certain period, and the 
estimated production time is 𝑇𝑇𝑥𝑥 = 1000 days. Through reference and analysis of the historical 
data of the three-component production system in a factory, the shape parameters and scale 
parameters are approximately 𝛽𝛽 = 3.5201, 𝜂𝜂 = 523.254. The system can produce at a rate of 50 
pieces/day; the unit production cost is 5 RMB/piece, and the selling price is 10 RMB/piece. The 
specific requirements of the order are shown in Table 1, and the cost unit price and maintenance 
days are shown in Table 2. Other parameters are 𝛼𝛼1,1 = 0.1, 𝛼𝛼1,3 = 0.12, 𝛼𝛼1,2 = 0.11, 𝜃𝜃 = 0.8, 
𝜇𝜇 = 1, 𝜆𝜆 = 0.3, 𝛾𝛾 = 0.5, 𝑡𝑡𝑡𝑡𝑡𝑡 = 𝑞𝑞𝑞𝑞𝑞𝑞 = 10000, and 𝑖𝑖𝑖𝑖 = 0.005. 
 

Table 1 Order requirements 
Order No Order quantity (Piece) Quality requirements (Defective rate) Time requirement (Days) 

1 8000 0.03 250 
2 7500 0.04 230 
3 5200 0.03 150 
4 10000 0.04 280 
5 9100 0.06 240 
6 6800 0.04 220 
7 8000 0.05 200 
8 7700 0.03 240 
9 9800 0.05 290 

10 6600 0.03 230 
11 9000 0.05 250 
12 5900 0.06 180 
13 10600 0.05 270 
14 5500 0.04 100 
15 11000 0.06 250 
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Table 2 Maintenance costs and maintenance durations for different maintenance methods 
Maintenance action Maintenance cost Maintenance days 
Preventive maintenance 1000 3 
Component replacement 3000 5 
Opportunity maintenance 1000 3 
Minor repair 100 0 

5.2 Result analysis 

The above parameters are substituted into the joint optimization model, which is solved using 
Python 3.7. The initial temperature was 𝑇𝑇 = 100, the temperature drop rate was 𝛿𝛿 = 0.95, the 
maximum number of external iterations was 𝑛𝑛1 = 100, and the number of iterations at each tem-
perature 𝑛𝑛2 = 100 in the SA process. In the PSO process, the population size was 𝑘𝑘 = 50, the 
number of iterations was 𝑛𝑛2 = 300, two acceleration factors were 𝑐𝑐1 = 𝑐𝑐2 =2, and the inertia 
weight was 𝑤𝑤(𝑘𝑘) = 𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − (𝑤𝑤𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 − 𝑤𝑤𝑒𝑒𝑒𝑒𝑒𝑒)(𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑘𝑘)/𝑇𝑇𝑚𝑚𝑚𝑚𝑚𝑚. The optimal solution of the model 
was to produce orders in the sequence 7 → 13 → 5 → 15 → 14 with 𝑄𝑄 = 5300, 𝑉𝑉 = 112, 𝑊𝑊 =
138, and ∆𝑉𝑉 = 8, which maximizes the profit of the enterprise to 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 = 170363. The conver-
gence curve of the fitness function of PSO algorithm under the optimal solution is shown in Fig. 1. 

 
Fig. 1 Fitness function of the PSO algorithm under the optimal solution 

 

Most optimization studies reported in the literature have used cost as the objective function. 
Using the same parameters, this paper also solves the optimization model with cost minimization 
as the objective. The optimal solution is to produce the orders in the sequence 7 → 4 → 5 → 12 → 6, 
with 𝑄𝑄 = 4200, 𝑉𝑉 = 108, 𝑊𝑊 = 132, and Δ𝑉𝑉 = 10, which minimizes the total cost of the enterprise 
to 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚 = 68592. The optimal solutions of the two models are shown in Tables 3 and 4. 

By calculation, the total cost of the enterprise under the optimal solution of the profit func-
tion is 𝐷𝐷𝑚𝑚𝑚𝑚𝑚𝑚 = 79637. The total profit of the enterprise under the optimal solution of the cost 
function is 𝐶𝐶𝑚𝑚𝑚𝑚𝑚𝑚 = 130408. These results show that using profit as the objective function increa-
ses the production batch size and maintenance threshold, thereby reducing the number of re-
pairs within a limited time. However, this may prevent the enterprise from completing all orders 
as required and may therefore generate penalty costs. As a result, the cost increases by 13.8 %, 
but the overall enterprise income increases by 23.45 %. 

Table 3 Maintenance status under the optimal solution when profit is the objective function 
Component 𝑚𝑚𝑚𝑚1 𝑚𝑚𝑚𝑚2 𝑚𝑚𝑚𝑚3 𝑚𝑚𝑚𝑚4 TPC QPC 

1 6 1 2 18  
1 

 
1 2 5 2 2 19 

3 3 3 3 21 
 

Table 4 Maintenance status under the optimal solution when cost is the objective function 
Component 𝑚𝑚𝑚𝑚1 𝑚𝑚𝑚𝑚2 𝑚𝑚𝑚𝑚3 𝑚𝑚𝑚𝑚4 TPC QPC 

1 7 1 3 12  
0 

 
0 2 6 1 4 12 

3 5 2 4 14 
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5.3 Sensitivity analysis 

To examine the relationship between the optimal decision variables and total enterprise profit, 
it is necessary to analyze the sensitivity of the optimal maintenance strategy to the maintenance 
cost parameters. This paper analyzes the impact of different parameter values on the optimal 
decision-making strategy by changing one parameter while keeping the others unchanged. Op-
portunity maintenance can be regarded as a special case of preventive maintenance, so no ad-
ditional analysis is carried out for it. This paper considers the impact of preventive maintenance 
cost 𝑚𝑚𝑚𝑚1, component replacement cost 𝑚𝑚𝑚𝑚2, and minor repair costs on the optimal strategy. In 
general, the maintenance costs satisfy 𝑚𝑚𝑚𝑚2 > 𝑚𝑚𝑚𝑚1 > 𝑚𝑚𝑚𝑚4, and the parameter variation range is 
specified accordingly. The specific change results are shown in Table 5. 

The size of batch production 𝑄𝑄 is sensitive to replacement cost 𝑚𝑚𝑚𝑚2 and minor repair cost 
𝑚𝑚𝑚𝑚4. When 𝑚𝑚𝑚𝑚2 increases, 𝑄𝑄 will decrease rapidly to shorten the time of system production, re-
duce the number of times from system deterioration to component replacement, and reduce the 
maintenance cost. When 𝑚𝑚𝑚𝑚4 increases, 𝑄𝑄 decreases in order to reduce the number of unexpec-
ted system failures and, consequently, the number of minor repairs. 

Preventive maintenance threshold 𝑉𝑉 and opportunistic maintenance threshold Δ𝑉𝑉 are only 
slightly sensitive to preventive maintenance cost 𝑚𝑚𝑚𝑚1. Although 𝑚𝑚𝑚𝑚1 varies over the same range, 
the actual values of 𝑉𝑉 and Δ𝑉𝑉 change only slightly. As 𝑚𝑚𝑚𝑚1 increases, both 𝑉𝑉 and Δ𝑉𝑉 gradually 
increase, thereby reducing the number of preventive maintenance actions. 

The component replacement threshold 𝑊𝑊 is most sensitive to the component replacement 
cost 𝑚𝑚𝑚𝑚2 and is also sensitive to 𝑚𝑚𝑚𝑚1 and the minor repair cost 𝑚𝑚𝑚𝑚4. When 𝑚𝑚𝑚𝑚1 or 𝑚𝑚𝑚𝑚4 increases, 
the value of 𝑊𝑊 decreases, accelerating component replacement and reducing the number of pre-
ventive maintenance actions and minor repairs. When 𝑚𝑚𝑚𝑚2 increases, the value of 𝑊𝑊 increases 
significantly, making the components more inclined toward the more economical preventive 
maintenance strategy. 

Total profit 𝐶𝐶 is the most sensitive to the replacement cost 𝑚𝑚𝑚𝑚2, followed by preventive 
maintenance cost 𝑚𝑚𝑚𝑚1, and the least sensitive is minor repair cost 𝑚𝑚𝑚𝑚4. Due to 𝑚𝑚𝑚𝑚2 > 𝑚𝑚𝑚𝑚1 >
𝑚𝑚𝑚𝑚4, the effect of component replacement is better than preventive maintenance. If the two va-
lues are similar, the maintenance strategy becomes more inclined toward increasing the number 
of component replacements; conversely, more preventive maintenance will be adopted. 

Table 5 Results of the sensitivity analysis 
Parameter Range of 

variation (%) 
𝑄𝑄 𝑉𝑉 𝑊𝑊  𝛥𝛥𝛥𝛥 𝐶𝐶 

\ \ 5300 112 138  8 170363 
𝑚𝑚𝑐𝑐1 -50 5100 110 141  9 181251 

-25 5300 111 140  8 176489 
+25 5400 112 137  7 165334 
+50 5400 114 136  7 159641 

𝑚𝑚𝑐𝑐2 -50 5800 111 131  8 188343 
-25 5600 112 134  8 181376 
+25 5000 112 142  7 162373 
+50 4800 113 147  8 151335 

𝑚𝑚𝑐𝑐4 -50 5600 113 140  8 178131 
-25 5400 113 139  7 173164 
+25 5100 112 138  7 168779 
+50 5000 111 136  7 163498 

6. Conclusion 
This paper proposes a condition-based maintenance strategy model based on customer satisfa-
ction. In the modeling process, the limited production time is divided into multiple production 
cycles of equal length, and the maintenance action after each cycle is determined based on the de-
terioration of each component in the system and the maintenance thresholds. The limited-capacity 
batch problem model is formed by combining the maintenance, inventory, and production costs 
generated during enterprise operation with the production constraints, after which the order 
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requirements are compared with the actual delivery performance. If the order requirements are 
not met, corresponding penalty costs are incurred, thereby forming the customer satisfaction mo-
del. This paper integrates the batch production problem under limited capacity, the customer sa-
tisfaction problem in order delivery, and the condition-based maintenance strategy, and takes the 
maximization of enterprise profit as the optimization objective. An optimal condition-based main-
tenance strategy model is established, and its effectiveness is verified through a case study. 
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A B S T R A C T A R T I C L E   I N F O 
In modern industrial production, electronic component manufacturing impo-
ses increasingly stringent requirements on quality inspection. To address the 
susceptibility of traditional detection methods to noise interference, the diffi-
culty of localizing abnormal regions in images, and insufficient feature extra-
ction capability, an improved industrial image anomaly detection method 
based on the original AGUR-Net (Attention-Guided Unsupervised Representa-
tion Network) model is proposed. This method enhances the recognition of 
abnormal regions by introducing attention gate modules and preactivated 
fusion residual blocks, while simultaneously combining stacked sparse de-
noising autoenco-ders to enhance the model's robustness to noise and sup-
press redundant information. The experimental results show that the pro-
posed method achieves an accuracy of 84.26 % in locating abnormal regions 
on the MVTecAD dataset after 185 iterations, which is higher than the dual 
attention generative adversarial network (79.21 %), long short-term memory 
non-destructive testing network (79.31 %), and bidirectional long short-term 
memory network (81.63 %). At 400 iterations, the average loss value of this 
method for detecting abnormal images of industrial products is 0.016. In 
addition, the processing time for single images of Class A, B, and C defects in 
the actual factory environment is 372 ms, 329 ms, and 378 ms, respectively, 
demonstrating high detection efficiency. Overall, this method can accurately 
identify and locate abnormal images in the surface treatment and quality 
inspection stages of electronic component production, which helps to im-
prove the quality control level in the manufacturing process and provides 
effective technical support for intelligent industrial production. 
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1. Introduction
Image anomaly detection is a computer vision technology that meets practical application needs 
in industrial quality control, medical diagnosis support, and remote sensing with geographic 
information systems [1]. In industrial production, it helps detect appearance defects on prod-
ucts, such as tiny scratches on semiconductor chips, bubbles in glassware, and dents on screws 
[2, 3]. By using image anomaly detection for real-time quality monitoring, production efficiency 
can be improved. Traditional image detection methods for industrial products include thresh-
old-based and edge-based techniques [4]. These methods can quickly detect shape changes and 
cracks in images. However, they are sensitive to noise and often miss surface defects on prod-
ucts with rich textures [5]. To address the difficulty of accurate defect identification, Ullah et al. 
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proposed an intelligent defect chip detection framework and introduced an inverse feature 
matching mechanism to improve the interpretability of abnormal region localization. Their ex-
periments showed that the method effectively distinguished fine-grained defect details in chips 
[6]. To solve the time consumption problem in bearing defect detection, Liu et al. proposed an 
integrated unsupervised learning method based on autoencoder and generative adversarial 
networks. The results showed high detection efficiency, making the method suitable for real-
time applications [7]. Image anomaly detection also plays an important role in part segmenta-
tion during industrial production. Threshold segmentation divides image pixels into categories 
and separates the target from the background to locate abnormal regions effectively [8]. To ad-
dress challenges in detecting complex anomalies, Bergmann et al. proposed a logic-constrained 
method for unsupervised anomaly detection and localization. Experimental results confirmed 
that the method reduced ambiguity in locating logical anomalies [9]. However, many of these 
detection techniques are still highly affected by noise and environmental interference, making 
the detection results unstable. A new method is needed to improve feature recognition in indus-
trial product images. 

As the scale of industrial production continues to grow, image anomaly detection is expected 
to offer higher detection accuracy and more precise localization [10]. In response, researchers 
have explored various algorithms. Zhang et al. proposed a deep unsupervised learning method 
based on an improved adversarial autoencoder to solve the problem of data imbalance in anom-
aly detection. Their experiments showed that the method detects diseased samples by identify-
ing significant deviations from the normal distribution under unsupervised conditions [11]. Sun 
et al. introduced a stochastic anomaly multi-scale feature focusing autoencoder network to re-
duce the missed detection of abnormal samples. The method successfully solved the problem of 
blurry image reconstruction [12]. Although these image anomaly detection algorithms can effec-
tively extract abnormal features, they require long inference times and substantial computing 
resources, and thus cannot be readily applied to the detection of subtle abnormal areas in indus-
trial commodities from raw material preparation to packaging and transportation [13]. There-
fore, in view of the difficulty in detecting local abnormal image areas at each stage of electronic 
component production management, this study proposes an abnormal image detection method 
for electronic component production based on the Attention-Guided Unsupervised Representa-
tion Network (AGUR-Net). This method improves the feature extraction ability for abnormal 
areas in industrial commodity images. This method can precisely locate abnormal local areas 
such as short circuits and open circuits on the circuit board, ensuring that the raw materials put 
into production are qualified in the quality inspection of raw materials for electronic component 
production. Not only that, using the AGUR-Net industrial image anomaly detection algorithm to 
collect images of randomly selected electronic components on the production line and analyze 
the internal structure can further ensure that the product quality meets the standards. The con-
cept of "unsupervised" needs to be clearly defined: this method only uses normal sample images 
during the training phase and does not rely on any position or category labeling of abnormal 
samples, thus belonging to unsupervised learning in terms of method properties. However, in 
the performance evaluation stage of the model, in order to quantitatively measure the accuracy 
of anomaly localization and classification, the experiment used a standard dataset with category 
labels and category-based evaluation indicators. This "unsupervised training, supervised evalua-
tion" model is quite common in the field of industrial anomaly detection and does not change the 
unsupervised nature of the model training process. It is expected that this method can reduce 
the occurrence of false inspections in industrial quality inspection and provide a more compre-
hensive and intelligent solution for industrial production. Unlike the original AGUR-Net model, 
the main contribution of this paper lies in two aspects: first, an improved attention gate module 
and a pre-activated fusion residual block are introduced in the U-shaped decoding path, replac-
ing the traditional skip connection method and allowing the network to dynamically focus on 
potential abnormal areas rather than uniformly processing all spatial positions [14]. Second, the 
stacked sparse denoising autoencoder and multimodal generative adversarial learning module 
are embedded into the front-end feature processing flow of AGUR-Net to suppress noise inter-
ference during image acquisition and enhance multimodal feature expression. The above com-
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ponents are all designed for abnormal detection scenarios in electronic component production 
in this study, rather than being directly transferred from existing literature. In contrast, the hol-
low space pyramid pooling module and efficient channel attention module used in the model are 
based on existing research, and their main function is to provide multi-scale contextual infor-
mation and channel weight calibration for the network. By combining the new and old compo-
nents mentioned above, the proposed method can improve the localization accuracy and detec-
tion robustness of abnormal areas while maintaining computational efficiency. 

2. Methods and materials 
2.1 Design of the anomaly image detection algorithm based on AGUR-Net 

With continued technological progress, image anomaly detection is being applied increasingly 
widely in industry, security, and healthcare [15, 16]. This technology can effectively detect prod-
uct defects such as scratches and cracks, and also identify abnormal behaviors and suspicious 
objects. Although traditional detection methods can detect abnormalities, they are easily affect-
ed by noise and local changes, and their performance is unsatisfactory [17, 18]. To address the 
difficulties of anomaly localization and insufficient feature extraction, an AGUR-Net-based ano-
maly image detection algorithm is proposed to improve detection efficiency. The overall frame-
work of the algorithm is shown in Fig. 1. 
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Fig. 1 Image anomaly detection algorithm framework based on AGUR-Net 
 

As shown in Fig. 1, the framework of the AGUR-Net-based anomaly detection algorithm in-
cludes a training phase and an inference phase. In the training phase, the input image is first sent 
into the network and adjusted by introducing Gaussian noise. Then, the adjusted image passes 
through the encoder to extract features while gradually reducing the size of the feature maps. 
Next, the Atrous Spatial Pyramid Pooling (ASPP) module processes the encoded features to ob-
tain multi-scale context information. During this process, attention gates in the residual decoder 
are used to enhance key features through weighted fusion. The encoder and attention gates re-
construct the structure and details of the image to optimize training. In the inference phase, the 
test image is input into the trained AGUR-Net. A double-threshold segmentation post-processing 
method is applied to the reconstruction result to locate and identify anomaly regions. The calcu-
lation of the atrous convolution in the improved ASPP module is shown in Eq. 1. 

𝑓𝑓′[𝑖𝑖] = �𝑓𝑓
𝑘𝑘

[𝑖𝑖 + 𝑟𝑟 ⋅ 𝑘𝑘]𝑊𝑊[𝑘𝑘] (1) 
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In Eq. 1, 𝑖𝑖 and 𝑓𝑓 represent the position and input feature, 𝑓𝑓′[𝑖𝑖] and 𝑊𝑊[𝑘𝑘] represent the output 
feature map and kernel convolution, and 𝑟𝑟 denotes the sampling stride of the atrous convolution. 
The attention gate coefficient is calculated as shown in Eq. 2 [19]. 

𝛼𝛼𝑖𝑖𝑙𝑙 = 𝜎𝜎2 �𝑞𝑞𝑎𝑎𝑎𝑎𝑎𝑎𝑙𝑙 �𝑥𝑥𝑖𝑖𝑙𝑙 ,𝑔𝑔𝑖𝑖;𝛩𝛩𝑎𝑎𝑎𝑎𝑎𝑎�� (2) 

In Eq. 2, 𝑞𝑞𝑎𝑎𝑎𝑎𝑎𝑎𝑙𝑙  is the intermediate variable in the attention module, 𝑔𝑔𝑖𝑖 is the gating signal, 𝑥𝑥𝑖𝑖𝑙𝑙 is 
the input feature vector of layer 𝑙𝑙, 𝜎𝜎2 is the Sigmoid activation function, and 𝛩𝛩𝑎𝑎𝑎𝑎𝑎𝑎 is the set of all 
learnable parameters in the attention module. The improved attention gate module and pre-
activation residual block are shown in Fig. 2. 
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Fig. 2 Improved attention gate module and pre-activation fusion residual block 
 

As shown in Fig. 2, the attention gate module receives input feature 𝑥𝑥 
𝑙𝑙 and gate feature 𝑔𝑔. 

These features are separately processed through 1×1 convolution layers to adjust dimensions 
and are then fused. The fused feature passes through a ReLU activation function to enhance fea-
ture representation. Finally, the Sigmoid function generates the attention coefficient, which is 
multiplied with 𝑥𝑥 

𝑙𝑙 to highlight important features. In the pre-activation residual block, channel-
wise concatenation is done through upsampling. Then, the attention gate mechanism adaptively 
adjusts feature weights. After that, the convolution output is normalized and passed through the 
ReLU function to introduce non-linearity and complete the residual connection. To perform 
deeper anomaly detection, the algorithm introduces a deep anomaly scoring network based on 
AGUR-Net to further distinguish abnormal image data. This network learns complex features 
automatically and adapts well to high-dimensional data [20, 21]. The anomaly score is calculated 
as shown in Eq. 3. 

𝜉𝜉�𝑓𝑓𝑖𝑖𝑖𝑖,𝜃𝜃𝑠𝑠� = �𝑤𝑤𝑛𝑛𝑜𝑜
𝐿𝐿

𝑛𝑛=1

𝑓𝑓𝑖𝑖𝑖𝑖𝑖𝑖 + 𝑤𝑤𝐿𝐿+1𝑜𝑜  (3) 

In Eq. 3, 𝑓𝑓𝑖𝑖𝑖𝑖 and 𝜃𝜃𝑠𝑠 are the feature vector and weight, 𝑤𝑤𝐿𝐿+1𝑜𝑜  is the anomaly score bias term, and 
𝑘𝑘 is the number of terms. The anomaly score mapping is calculated as shown in Equation (4). 

𝜓𝜓�𝑥𝑥𝑖𝑖𝑖𝑖,𝜃𝜃� = 𝜉𝜉�𝜑𝜑�𝑥𝑥𝑖𝑖𝑖𝑖;𝜃𝜃𝑓𝑓�;𝜃𝜃𝑠𝑠� (4) 

In Eq. 4, 𝜓𝜓 and 𝜃𝜃𝑓𝑓 represent the anomaly score mapping and weight matrix. The global com-
pression feature in the improved Efficient Channel Attention (ECA) module is calculated as 
shown in Eq. 5. 

𝑦𝑦 =
1

𝑊𝑊 × 𝐻𝐻
��𝑥𝑥(𝑒𝑒,𝑟𝑟)

𝐻𝐻

𝑏𝑏=1

𝑊𝑊

𝜈𝜈=1

 (5) 

In Eq. 5, 𝐻𝐻 is the height, 𝑊𝑊 is the width of the feature map, 𝑥𝑥(𝑣𝑣,b) is the feature value, and 𝑦𝑦 is 
the global compression feature. The improved ECA module first inputs a feature map with height 
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𝐻𝐻, width 𝑊𝑊, and channel number 𝐶𝐶. Then global pooling is applied to compress the spatial di-
mensions, producing an output of size 1 × 1 × 𝐶𝐶. The globally pooled channel information is 
mapped to capture dependencies between channels. The result is passed through the Sigmoid 
function 𝜎𝜎 to obtain attention weights with output dimension 1 × 1 × 𝐶𝐶. These weights are mul-
tiplied with the corresponding channels of the original feature map for channel-wise weighting. 
The final output is calculated as shown in Eq. 6. 

𝑥𝑥� = 𝑊𝑊𝑧𝑧 ⋅ 𝑥𝑥 (6) 

In Eq. 6, 𝑊𝑊𝑧𝑧 is the important channel weight. 𝑊𝑊𝑧𝑧 is calculated as shown in Eq. 7 [22]. 

𝑊𝑊𝑧𝑧 = 𝜎𝜎�𝐷𝐷𝑟𝑟(𝑦𝑦)� (7) 

In Eq. 7, 𝑟𝑟 is the kernel size for one-dimensional convolution, and 𝐷𝐷𝑟𝑟 is the one-dimensional 
convolution result. By calculating the importance of each channel, the overall detection efficien-
cy improves while ensuring parameter sharing. Channel information is calculated as shown in 
Eq. 8. 

𝑧𝑧𝑐𝑐1 = 𝐹𝐹𝐺𝐺𝐺𝐺𝐺𝐺(𝐹𝐹𝑐𝑐) =
1

𝐻𝐻 ×𝑊𝑊
��𝐹𝐹𝑐𝑐

𝑏𝑏=1

𝐻𝐻

𝜈𝜈=1

(𝜈𝜈, 𝑏𝑏) (8) 

In Eq. 8, 𝑧𝑧𝑐𝑐1 is the channel information, and 𝐹𝐹𝑐𝑐  represents the feature map after channel fusion of 
𝑐𝑐. In conclusion, the deep anomaly scoring network and AGUR-Net can accurately capture anomaly 
data and detect industrial product defects. The improved AGUR-Net structure is shown in Fig. 3. 

It can be seen from Fig. 3 that the improved AGUR-Net anomaly image detection algorithm 
consists of three modules: front-end feature extraction and processing, deep anomaly scoring 
network, and back-end reconstruction and post-processing. The front-end module encodes us-
ing a U-shaped network, receives input features through the attention gate module, combines 
1×1 convolution and feature fusion to enhance the feature learning ability, and refines the pro-
cessing through multi-scale feature fusion. The deep anomaly scoring network maps the pro-
cessed features to the anomaly scoring space and calibrates the anomaly scores to determine the 
location and degree of anomalies. Finally, the back-end module restores the image features 
through the decoder and locates and segments the abnormal areas by using operations such as 
double-threshold segmentation. This algorithm can detect abnormalities in real time during pro-
cesses such as the assembly and soldering of electronic components, and promptly issue alerts 
to feed back to the production line control system. 
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Fig. 3 The improved AGUR-Net abnormal image detection algorithm structure 
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2.2 Optimization of the detection method based on AGUR-Net and SSDAE 

To address the limitations of the AGUR-Net algorithm in detecting minor defects in electronic 
components, as well as the vulnerability of traditional methods to noise interference, this study 
proposes an improved method integrating SSDAE. By enhancing the anti-noise ability and ex-
tracting key features, the detection accuracy of micro-defects in industrial scenarios is improved. 
SSDAE suppresses redundant information and reduces noise during image collection [23]. The 
improved SSDAE network structure is shown in Fig. 4. 

Output layer
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Input layer Hidden layer 1 Hidden layer 2Hidden layer 3

 

Fig. 4 Improved SSDAE network structure 
 

As shown in Fig. 4, the SSDAE structure consists of input, hidden, and output layers. The input 
layer includes multiple purple circles, each representing an input neuron. It receives raw data 
and sends it to Hidden Layer 1. Hidden Layer 1 neurons are trained with the input neurons to 
learn patterns and features. Then, the output of Hidden Layer 1 is used as the input of Hidden 
Layer 2 for further processing. Hidden Layer 3 performs deeper extraction on the features from 
Hidden Layer 2 to enhance the feature representation for industrial anomaly detection. The final 
output layer returns denoised images after training. The compression process is shown in Eq. 9. 

𝐾𝐾𝑞𝑞𝑙𝑙 = 𝑓𝑓𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠�𝑧𝑧𝑞𝑞𝑙𝑙 � = 𝑓𝑓 ��𝑊𝑊𝑞𝑞𝑞𝑞
𝑙𝑙−1

𝑛𝑛

𝑎𝑎=1

⋅ 𝑥𝑥𝑎𝑎𝑙𝑙−1 + 𝑏𝑏𝑞𝑞𝑙𝑙−1� (9) 

In Eq. 9, 𝑙𝑙 and 𝑞𝑞 are the current hidden layer index and number of neurons, 𝑎𝑎 is the number of 
neurons in the previous layer, and 𝑊𝑊 is the feature weight coefficient. The sparse autoencoder 
loss function is calculated as shown in Eq. 10. 

𝐾𝐾𝐿𝐿�𝜌𝜌∥∥𝜌𝜌�𝑞𝑞∥∥� = 𝑝𝑝log
𝜌𝜌
𝜌𝜌�𝑞𝑞

+ (1 − 𝜌𝜌)log
1 − 𝜌𝜌
1 − 𝜌𝜌�𝑞𝑞

 (10) 

In Eq. 10, 𝜌𝜌�𝑞𝑞 is the average sparse activation value, 𝐾𝐾𝐿𝐿�𝜌𝜌∥∥𝜌𝜌�𝑞𝑞∥∥� is the relative entropy distance, 
and 𝜌𝜌 is the sparsity parameter. 𝜌𝜌�𝑞𝑞 is calculated as shown in Eq. 11. 

𝜌𝜌�𝑞𝑞 =
1
𝑚𝑚
�[𝑛𝑛𝑞𝑞(𝑥𝑥𝑎𝑎)]
𝑚𝑚

𝑎𝑎

 (11) 

In Eq. 11, 𝑛𝑛𝑞𝑞 is the activation state of the hidden neurons, and 𝑥𝑥𝑎𝑎 is the unlabeled actual 
anomaly data. In addition, this study applies the Multimodal Generative Adversarial Learning 
Algorithm (MGAN) to improve multimodal training effects such as color and texture. MGAN en-
hances feature expression and reduces missed and false detections [24]. The MGAN structure is 
shown in Fig. 5. 

As shown in Fig. 5, MGAN takes spatial-domain and frequency-domain samples as input. The 
spatial-domain sample is raw data, and the frequency-domain sample is processed through Fou-
rier transform. These samples are sent to corresponding generators for encoding and feature 
extraction. Then, the decoders generate images similar to the original spatial and frequency dis-
tributions. The discriminator judges whether the input is an anomaly or a near-normal sample 
generated by the generator. The reconstruction error of the spatial branch is calculated as 
shown in Eq. 12. 
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𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐸𝐸𝐼𝐼∼𝑝𝑝𝑛𝑛�𝐼𝐼 − 𝐼𝐼𝑆𝑆�1 (12) 

In Eq. 12, 𝑆𝑆 is the spatial-domain sample and 𝐼𝐼 is the spatial image. The reconstruction error 
of the frequency branch is calculated as shown in Eq. 13 [25]. 

𝐿𝐿𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 𝐸𝐸𝐼𝐼∼𝑝𝑝𝑛𝑛�𝐼𝐼 − 𝐼𝐼𝐹𝐹�1 (13) 

In Eq. 13, 𝐹𝐹 is the frequency-domain sample. The adversarial loss is calculated as shown in Eq. 14. 

𝐿𝐿𝑎𝑎𝑎𝑎𝑎𝑎 = 𝔼𝔼𝐼𝐼12∼𝑝𝑝𝑟𝑟�𝐷𝐷�𝐼𝐼12�� − 𝔼𝔼𝐼𝐼3∼𝑝𝑝𝑟𝑟�𝐷𝐷�𝐼𝐼13�� (14) 

In Eq. 14, 𝐼𝐼12 and 𝐼𝐼13 are the pixel values of the frequency and spatial branches, and 𝑝𝑝𝑟𝑟  and 
𝐷𝐷(∙) are the probability distribution and discriminator function. The improved Fourier trans-
form is calculated as shown in Eq. 15. 

𝑈𝑈(𝑢𝑢, 𝑣𝑣) = � �𝑓𝑓
𝑁𝑁−1

𝑦𝑦=0

𝑀𝑀−1

𝑥𝑥=0

(𝑥𝑥,𝑦𝑦) ⋅ 𝑒𝑒−𝑗𝑗2𝜋𝜋�
𝑢𝑢𝑢𝑢
𝑀𝑀 +𝑣𝑣𝑣𝑣𝑁𝑁 � (15) 

In Eq. 15, 𝑈𝑈(𝑢𝑢, 𝑣𝑣) is the pixel value in the frequency domain, and 𝑢𝑢 and 𝑣𝑣 are the frequency 
coordinates. In conclusion, MGAN and SSDAE detect fine features such as texture. The frame-
work based on AGUR-Net for industrial anomaly detection is shown in Fig. 6. 
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Fig. 6 Workflow of AGUR-Net industrial commodity abnormal image detection method 
 

As can be seen from Fig. 6, the abnormal image detection method for electronic component 
production based on AGUR-Net first collects and standardizes multimodal data, such as spatial 
domain and frequency domain image data. Then, the local and global features of the image are 
extracted using the SSDAE feature extraction module, and adaptive feature fusion is carried out. 
Then, images similar to normal parts are generated through MGAN adversarial learning to de-



Liu, Li 
 

108 Advances in Production Engineering & Management 21(1) 2026 
 

termine the authenticity of the images. Finally, AGUR-Net is used to further detect and locate the 
abnormal features and output the abnormal score image. This method can regularly inspect the 
components in the warehouse management of electronic parts and promptly detect surface ab-
normalities such as discoloration and spots. 

3. Results 
3.1 Validation of the effectiveness of the AGUR-Net anomaly image detection algorithm 
To verify the performance advantages of the AGUR-Net anomaly image detection algorithm, it was 
compared with three detection algorithms: Dual-Attention Generative Adversarial Network (DA-
GAN), Long Short-Term Memory-Non-destructive Testing (LSTM-NDT), and Bi-directional Long 
Short-Term Memory (BiLSTM). Among them, LSTM-NDT and BiLSTM have been widely applied in 
industrial image anomaly detection tasks in recent years. The core idea is to use image pixel se-
quences or feature map sequences as temporal inputs, and utilize the memory ability of recurrent 
neural networks to capture long-range dependencies and anomaly patterns in images. Therefore, 
these two methods can serve as reasonable comparison baselines for image-based anomaly detec-
tion tasks. DAGAN is an image anomaly detection method based on generative adversarial archi-
tecture, which is closer to the task setting of our research method. By comparing multiple methods 
simultaneously, the performance of AGUR-Net in industrial image anomaly detection can be more 
comprehensively evaluated. The experiments were conducted on Ubuntu 20.04 with an NVIDIA 
Tesla V100 GPU (16 GB memory), and all code was implemented using the PyTorch framework. 
The experiments used the MVTecAD and KSDD2 datasets for training and testing. The MVTecAD 
dataset contained 5,354 high-resolution color images that covered various industrial anomalies 
such as scratches and dents. The KSDD2 dataset included 3,336 high-resolution images with 356 
labeled defect images. The morphology and texture of abnormal samples in the MVTecAD dataset 
are highly similar to typical defects on the surface of electronic components, and are therefore 
used to evaluate the model's ability to locate and detect anomalies related to electronic manufac-
turing. The data in the KSDD2 dataset is directly related to the surface defect detection tasks of 
metal and plastic components in electronic component production, and is therefore used to vali-
date the performance of the model on actual electronic manufacturing parts. All test images were 
resized to 256×256, and the batch size was set to 16. Four anomaly detection algorithms were 
tested for anomaly region localization, and the results are shown in Fig. 7. 

As shown in Fig. 7(a), on the MVTecAD dataset, AGUR-Net achieved an anomaly region lo-
calization accuracy of 84.26 % after 185 iterations. At the same iteration count, DAGAN 
reached 78.63 %. According to Fig. 7(b), on the KSDD2 dataset, AGUR-Net reached a stable 
accuracy range of 82 % to 96 % after 150 iterations. At 150 iterations, LSTM-NDT and 
BiLSTM achieved localization accuracies of 77.26 % and 81.96 %, respectively. These results 
indicated that AGUR-Net effectively located defect regions in industrial quality inspection 
tasks and demonstrated good applicability. To further verify the accuracy of AGUR-Net in 
anomaly image detection, it was compared with DAGAN, LSTM-NDT, and BiLSTM on indus-
trial anomaly detection accuracy. The results are shown in Fig. 8. 

0

20

40

60

80

100

(a) Test results of positioning accuracy in different 
algorithm anomaly regions in MVTecAD dataset

A
cc

ur
ac

y 
(%

)

AGUR-Net DAGAN LSTM-NDT BiLSTM

50 100 150 200 250 250

185150 220
Number of iterations

80
75

85

A
cc

ur
ac

y 
(%

)

Number of iterations
0

20

40

60

80

100

(b) Test results of positioning accuracy in different 
algorithm anomaly regions in KSDD2 dataset

A
cc

ur
ac

y 
(%

)

50 100 150 200 250 250

185150 220
Number of iterations

85
75

95

A
cc

ur
ac

y 
(%

)

Number of iterations

 

Fig. 7 Anomaly region localization accuracy test results 
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Fig. 8 Anomaly detection accuracy test results 
 

Fig. 8(a) shows that AGUR-Net achieved an industrial anomaly detection accuracy of 43.69 % 
at 150 iterations. After 250 iterations, the accuracy exceeded 75 %, peaking at 97.26 %. Fig. 8(b) 
shows that the accuracy of DAGAN fluctuated significantly between 100 and 250 iterations, 
reaching 73.12 % at 300 iterations. Fig. 8(c) shows that LSTM-NDT maintained an accuracy 
range of 75 % to 82 % between 250 and 350 iterations. Fig. 8(d) shows that BiLSTM achieved a 
maximum accuracy of 76.31 % at 275 iterations. Overall, AGUR-Net demonstrated higher detec-
tion accuracy and ensured safety in the manufacturing of critical components such as those in 
aerospace. To further evaluate the classification performance, the algorithm was tested along-
side DAGAN, LSTM-NDT, and BiLSTM for anomaly classification, as shown in Fig. 9. 

Fig. 9(a) shows that without classification, capsule, screw, leather, and canvas anomaly imag-
es were scattered. Fig. 9(b) shows that after classification by AGUR-Net, canvas anomaly images 
clustered around the coordinate (-3, 3). However, a few canvas images were mistakenly classi-
fied into the capsule region. Fig. 9(c) shows that DAGAN struggled with capsule classification, 
with some being misclassified as leather. Fig. 9(d) shows that LSTM-NDT achieved good classifi-
cation results for screw and leather anomalies, clustering around (2, -2) and (4, 2), respectively. 
Fig. 9(e) shows that BiLSTM performed well in classifying leather anomalies, with most cluster-
ing around (2, 3). These results indicated that AGUR-Net effectively classified different types of 
anomalies, helping users quickly identify defect types. Furthermore, AGUR-Net, DAGAN, LSTM-
NDT, and BiLSTM were evaluated using the Area Under the Curve (AUC) metric. The anomaly 
rate in the datasets was set to 10 % to ensure sufficient anomaly samples. To enhance result 
diversity, the Fashion-MNIST dataset was added. It contained images from 10 categories of fash-
ion items such as coats and shirts with diverse textures and shapes, making it suitable for classi-
fication tasks. The Fashion-MNIST dataset, although not directly derived from industrial elec-
tronic component production scenarios, has diverse texture, shape, and edge features. The pur-
pose of introducing this dataset is not to simulate the actual detection task of electronic compo-
nents, but to evaluate the generalization ability and feature discrimination ability of various al-
gorithms on a wider range of image distributions. The results are shown in Table 1. 
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Fig. 9 Anomaly classification results of different detection algorithms 
 

Table 1 Anomaly detection AUC test results of different data sets 
Dataset Correct class AGUR-Net DAGAN LSTM-NDT BiLSTM 
MVTecAD Bottle 0.836 0.812 0.769 0.746 

Cable 0.923 0.894 0.816 0.836 
Hazelnut 0.946 0.832 0.874 0.816 
Transistor 0.874 0.798 0.816 0.803 

KSDD2 Gear wheel 0.913 0.826 0.813 0.781 
lock 0.936 0.864 0.885 0.752 
Plastic case 0.904 0.829 0.836 0.811 
Chip 0.876 0.864 0.814 0.809 

Fashion-MNIST Bag 0.896 0.821 0.838 0.823 
Sandal 0.937 0.903 0.726 0.874 
Pullover 0.948 0.897 0.798 0.893 
Coat 0.968 0.814 0.823 0.846 

As shown in Table 1, all four algorithms achieved AUC values above 0.750 on the MVTecAD 
dataset. For cable samples, AGUR-Net achieved an AUC of 0.923, which was 0.029 higher than 
DAGAN's 0.894. On the KSDD2 dataset, AGUR-Net achieved an AUC of 0.936 for lock samples, 
outperforming DAGAN (0.864), LSTM-NDT (0.885), and BiLSTM (0.752). On the Fashion-MNIST 
dataset, AGUR-Net, DAGAN, LSTM-NDT, and BiLSTM achieved AUC values of 0.937, 0.903, 0.726, 
and 0.874, respectively, for sandal samples. These results demonstrated that AGUR-Net had a 
strong ability to distinguish anomalies and maintained high generalization. 

3.2 Validation of the AGUR-Net industrial product anomaly image detection method 

After verifying the performance of the AGUR-Net anomaly image detection algorithm, the propo-
sed method was further compared with three anomaly image detection methods for electronic 
component production, namely DAGAN, LSTM-NDT, and BiLSTM. The experiments were con-
ducted on PyTorch 1.8.1, with an initial learning rate of 0.4, and the network was optimized us-
ing the Adam optimizer. To ensure the authenticity and reliability of the experiments, the YD-
FID-1 and ECD datasets were used. The YDFID-1 dataset contained industrial product data such 
as metal sheets and plastic parts, with 15,000 labeled defects and 3,500 training samples. The 
data source of the YDFID-1 dataset is relatively close to the raw material and intermediate prod-
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uct detection stages in electronic component production, and is used to test the generalization 
performance of the model on different industrial materials and defect types. The ECD dataset is 
specifically designed for common electronic components, including high-definition images, and 
is suitable for object detection, classification, and defect recognition tasks. It is the most suitable 
test set for practical application scenarios. The visualization results of anomaly location for four 
abnormal image detection methods of electronic component production are shown in Fig. 10. 

Fig. 10(a) shows five abnormal images corresponding to stage 1 (raw material preparation), 
stage 2 (processing and manufacturing), stage 3 (surface treatment), stage 4 (quality in-
spection), and stage 5 (packaging and transportation). Fig. 10(b) indicates that the actual ab-
normal defect is located in the central area of the image in the surface treatment stage. Fig. 10(c) 
shows that the AGUR-Net-based anomaly image detection method for electronic component 
production performs better in localizing anomalies in images from the surface treatment stage, 
and the heat-map distribution is relatively concentrated. Fig. 10(e) shows that the LSTM-NDT 
abnormal image detection method for electronic component production is not very accurate in 
the abnormal location of images in the quality inspection stage, and the defect area below the 
image is not detected. Fig. 10(f) shows that the BiLSTM electronic component production anom-
aly image detection method has a less effective anomaly location detection effect on images in 
the processing and manufacturing stage, quality inspection stage, and packaging and transporta-
tion stage than the method proposed in the study. Some undamaged areas are detected as ab-
normal areas. In addition, the study also conducted tests on the average loss values of abnormal 
electronic component production image detection using four abnormal image detection methods 
for electronic component production, namely AGUR-Net, DAGAN, LSTM-NDT, and BiLSTM. The 
test results are shown in Fig. 11. 
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Fig. 10 Comparison of visualization effects of anomaly localization 
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Fig. 11 Average loss value test results 
 

Fig. 11(a) shows that AGUR-Net achieved an average loss of 0.016 at 400 iterations. DAGAN 
had an average loss ranging from 0.05 to 0.07 between 350 and 400 iterations. Fig. 11(b) shows 
that LSTM-NDT's average loss ranged from 0.053 to 0.082 between 200 and 250 iterations. 
BiLSTM's loss stabilized after 250 iterations, with a minimum of 0.053. To sum up, the AGUR-Net 
abnormal image detection method for electronic component production has good training con-
vergence performance and can better capture abnormal features. To further validate its perfor-
mance, AGUR-Net, DAGAN, LSTM-NDT, and BiLSTM were tested in real-time at Factory X1 and 
Factory X2. Two additional methods, Multi-Scale Convolutional Denoising Autoencoder 
(MSCDAE) and Conditional Normalizing Flow (CFlow), were included to increase diversity. 
These two methods were suitable for tiny defect detection and high-precision anomaly detec-
tion. Results are shown in Fig. 12. 
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Fig. 12 Time results of processing a single abnormal image in different data sets 

Fig. 12(a) shows that at Factory X1, AGUR-Net processed a single image with type-A, type-B, 
and type-C defects in 372 ms, 329 ms, and 378 ms, respectively. Fig. 12(b) shows that at Factory 
X2, the processing times for a single type-A defect image using AGUR-Net, DAGAN, LSTM-NDT, 
BiLSTM, MSCDAE, and CFlow were 289 ms, 507 ms, 806 ms, 623 ms, 672 ms, and 812 ms, re-
spectively. AGUR-Net achieved faster processing due to its improved attention gate module, 
which precisely focused on target regions. Overall, AGUR-Net demonstrated high efficiency in 
real applications. In addition, six methods for detecting abnormal images of electronic compo-
nent production, namely AGUR-Net, DAGAN, LSTM-NDT, BiLSTM, MSCDAE and CFlow, were also 
used in the study to test the F1 Score (F1) of abnormal images of industrial electronic compo-
nent production. The test results are shown in Table 2. 
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Table 2 F1-score test results in different datasets 

Dataset Method 
The number of abnormal samples 
50 100 150 200 250 

YDFID-1 AGUR-Net 0.971 0.939 0.947 0.927 0.935 
DAGAN 0.903 0.893 0.841 0.867 0.836 
LSTM-NDT 0.872 0.810 0.726 0.734 0.712 
BiLSTM 0.813 0.798 0.836 0.874 0.788 
MSCDAE 0.857 0.772 0.802 0.817 0.836 
CFlow 0.826 0.813 0.831 0.846 0.814 

ECD AGUR-Net 0.974 0.963 0.947 0.922 0.917 
DAGAN 0.923 0.903 0.896 0.882 0.873 
LSTM-NDT 0.902 0.895 0.883 0.862 0.814 
BiLSTM 0.877 0.871 0.863 0.763 0.741 
MSCDAE 0.891 0.826 0.831 0.846 0.819 
CFlow 0.863 0.825 0.817 0.798 0.774 

According to Table 2, on the YDFID-1 dataset, AGUR-Net achieved an F1-score of 0.971 when 
detecting 50 anomalies, and 0.935 for 250 anomalies. On the ECD dataset, AGUR-Net achieved 
F1-scores of 0.974, 0.963, and 0.947 for 50, 100, and 150 anomalies, respectively. When detect-
ing 200 anomalies, the F1-scores of LSTM-NDT, BiLSTM, MSCDAE, and CFlow were 0.862, 0.763, 
0.846, and 0.798, all lower than AGUR-Net's 0.922. In summary, the AGUR-Net image detection 
method for anomaly detection in electronic component production can reduce the occurrence of 
false detections and missed detections and shows good overall performance in inspecting de-
fects in industrial products. To quantify the contribution of each module to the final perfor-
mance, ablation experiments were designed on the ECD dataset. Using the base U-Net, with all 
improved modules removed, as the baseline model, SSDAE, MGAN, the improved ECA module, 
attention gates, and pre-activated residual blocks were gradually added to test anomaly detec-
tion performance under each configuration. All experiments were repeated 5 times in the same 
environment, with different random seeds used to initialize network parameters, and the mean 
and standard deviation of each indicator were calculated to reflect the stability of the results. 
The evaluation indicators include AUC, F1 score, Precision, Recall, and single image processing 
time. The results of the ablation experiment are shown in Table 3. 

According to Table 3, after adding SSDAE alone, AUC increased from 0.812 to 0.851, F1 score 
increased from 0.834 to 0.869, accuracy and recall increased to 0.874 and 0.864, respectively, 
indicating that denoising processing plays an important role in industrial image anomaly detec-
tion. After further adding MGAN, the AUC increased to 0.878, F1 score reached 0.893, accuracy 
and recall reached 0.896 and 0.890, respectively, verifying the effectiveness of multimodal fea-
ture expression for texture-related anomaly detection. Improving the ECA module resulted in a 
0.013 increase in AUC and a 0.011 increase in F1 score, as well as a 0.011 and 0.011 increase in 
accuracy and recall, respectively. At the same time, there was a relatively small increase in pa-
rameter count. After adding attention gates and pre-activated residual blocks, the complete 
method achieved an AUC of 0.922, F1 score of 0.931, accuracy of 0.933, and recall of 0.929, 
which were improved by 0.110, 0.097, 0.092, and 0.102 respectively compared to the basic U-
Net. In terms of the balance between accuracy and recall, the difference between the two indica-
tors of the complete method is only 0.004, indicating that the model has achieved a good balance 
between reducing false positives and reducing missed detections. In terms of processing time, 
the complete method takes 378 ms for a single image, which is higher than the 246 ms of the 
basic U-Net, but still meets real-time requirements in practical industrial detection. The gradual 
increase of each module did not lead to a significant deterioration in processing time. In addi-
tion, the standard deviation of the 5 repeated experiments ranged from 0.005 to 0.012, indicat-
ing that the experimental results under all configurations had good stability, and the impact of 
random initialization on the final performance was relatively small. The above results demon-
strate the effectiveness of each proposed module and also indicate that the source of perfor-
mance improvement in the complete method is the collaborative effect of multiple modules ra-
ther than the contribution of a single component. 
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Table 3 Results of ablation experiment 
Model configuration AUC F1-score Precision Recall Processing time (ms) 
Basic U-Net 0.812 ±0.011 0.834 ± 0.010 0.841± 0.012 0.827 ± 0.009 246 
+ SSDAE 0.851± 0.009 0.869 ± 0.008 0.874 ± 0.010 0.864 ± 0.007 283 
+ SSDAE + MGAN 0.878 ± 0.008 0.893 ± 0.007 0.896 ± 0.009 0.890 ± 0.008 319 
+ SSDAE + MGAN + improved 
ECA 

0.891 ± 0.007 0.904 ± 0.006 0.907 ± 0.008 0.901 ± 0.007 337 

Complete method 0.922 ± 0.006 0.931 ± 0.005 0.933 ± 0.007 0.929 ± 0.006 378 

4. Discussion 
The proposed AGUR-Net anomaly image detection algorithm showed excellent performance in 
comparison experiments. In terms of anomaly region localization and anomaly image detection 
accuracy, AGUR-Net outperformed the LSTM-NDT, BiLSTM, and MSCDAE algorithms. In particu-
lar, on the MVTecAD and KSDD2 datasets, AGUR-Net maintained high localization accuracy and 
stability. This performance mainly resulted from its optimized design and strong image feature 
extraction ability. These results were consistent with the findings of Yan et al. and Song et al. in 
2023 [26, 27]. AGUR-Net also achieved high anomaly image detection accuracy. After 250 itera-
tions, the accuracy of industrial anomaly image detection remained above 75 %, reaching a max-
imum of 97.26 %, further confirming the algorithm’s effectiveness. In the AUC test with a 10 % 
anomaly rate, AGUR-Net also performed well. Compared with LSTM-NDT, BiLSTM, and MSCDAE, 
the proposed algorithm consistently achieved an AUC above 0.850, proving its ability to classify 
industrial products accurately. On the MVTecAD dataset, AGUR-Net reached the highest AUC of 
0.946 for the hazelnut samples, while the AUC values of DAGAN, LSTM-NDT, and BiLSTM were 
0.832, 0.874, and 0.816 respectively. This advantage was mainly attributed to the improved atten-
tion gate module and pre-activation fusion residual block in AGUR-Net, which enhanced its re-
sponsiveness to defect regions and its robustness to interference. The results were in agreement 
with those obtained by Duan et al. in their evaluation of anomaly detection algorithms [28]. 

When the recognition performance for different industrial anomaly images was analyzed, 
AGUR-Net also demonstrated clear advantages. In the average-loss test for abnormal images from 
the processing and manufacturing stage of industrial products, the AGUR-Net-based anomaly ima-
ge detection method for electronic component production achieved an average loss value of 0.016 
after 400 iterations. When the number of iterations was between 100 and 200 times, the overall 
detection average loss value decreased rapidly. In contrast, after 400 iterations, the average loss of 
LSTM-NDT, BiLSTM, and MSCDAE reached 0.058, 0.061, and 0.067 respectively, all higher than 
that of the proposed method. This is mainly attributed to the MGAN module in the AGUR-Net-
based anomaly image detection method for electronic component production, which improves 
feature representation and enhances anomaly discrimination in images from the processing and 
manufacturing stages. Compared with related studies, the anomaly image detection method for 
electronic component production proposed in this study showed greatly improved performance. 
In real-time single-image detection speed tests at Factory X2, AGUR-Net also outperformed other 
methods. It required only 289 ms to process a single image with a type-A defect, while DAGAN, 
LSTM-NDT, BiLSTM, MSCDAE, and CFlow took 507 ms, 806 ms, 623 ms, 672 ms, and 812 ms re-
spectively. These results proved the superior detection efficiency of AGUR-Net. 

The main contributions of this research are twofold: first, a new AGUR-Net anomaly image 
detection algorithm was designed; second, an image detection method for anomaly detection in 
electronic component production based on this algorithm was proposed. During the design pro-
cess, the combination of MGAN and SSDAE networks for image location and classification has 
improved the accuracy of abnormal target recognition. These contributions have provided new 
ideas and effective solutions for complex image defect recognition in the fields of intelligent 
manufacturing and electronic component manufacturing. 
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5. Conclusion 
To address difficulties in identifying defect images and localizing anomalies in the production 
process of electronic components such as resistors and capacitors, this study proposes an ano-
maly image detection method for electronic component production based on the AGUR-Net algo-
rithm to improve anomaly detection accuracy in industrial products. The experimental results 
show that the AGUR-Net abnormal image detection algorithm has high abnormal location accu-
racy. Furthermore, the empirical results for the proposed anomaly image detection method for 
electronic component production show that, in single-image processing tests on industrial pro-
ducts, the method requires less time and achieves higher overall detection efficiency. Moreover, 
anomaly localization is carried out on images from the stages of raw material preparation, pro-
cessing and manufacturing, surface treatment, quality inspection, and packaging and transporta-
tion of parts. The AGUR-Net anomaly image detection method for electronic component produc-
tion has a better anomaly localization effect on images in the surface treatment stage, and the 
heat-map distribution area is relatively concentrated. Overall, the AGUR-Net-based anomaly 
image detection method for electronic component production can not only accurately classify 
industrial targets, but also precisely localize anomalies in the production processes of different 
industrial products. However, there are still limitations to the research, and its generalization 
ability in factory production lines or other industrial scenarios still needs further testing. There 
may be significant differences between different factories in terms of image acquisition equip-
ment, lighting conditions, product materials and textures, defect type distribution, etc., all of 
which may lead to a decrease in model performance. Therefore, future work can proceed in the 
following directions: first, conducting cross-factory transfer learning experiments to verify the 
degree of performance degradation when the model is directly applied to a target-domain facto-
ry after training in the source domain. Second, exploring few-sample or unsupervised domain 
adaptation methods to enable the model to adapt quickly using only a small number of unlabeled 
images from the target factory. Finally, the prototype system should be deployed in the actual 
production line and a long-term online evaluation should be conducted, collecting real testing 
data from different batches, different lighting conditions, and different product specifications to 
comprehensively measure the robustness and deployability of the method. 
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A B S T R A C T A R T I C L E   I N F O 
This paper presents the development and experimental validation of an adap-
tive pneumatic gripper for collaborative robotic palletizing of packages with 
varying mass and surface characteristics. The main objective is to determine 
the optimal gripping-force and minimum operating pressure required to en-
sure stable and safe handling without slippage. A dynamic mathematical model 
was developed, incorporating the effects of package mass, friction coefficient, 
contact surface area, and inertial forces during manipulation. Numerical 
analysis was performed for different friction conditions (μ = 0.30-0.90) and 
contact configurations, enabling the determination of the minimum required 
gripping-forces and corresponding operating pressures. Experimental valida-
tion was conducted on a real industrial system with a collaborative robot. The 
results show a linear relationship between pressure and gripping-force, des-
cribed by 𝐹𝐹 =  22.152 𝑝𝑝 −  17.535, with a high correlation coefficient (𝑅𝑅² ≈ 
0.998). The maximum experimentally obtained gripping-force was approxima-
tely 70-75 N at a pressure of around 4 bar. Quantitative deviations between 
numerical and experimental results (65-75 %) were observed and corrected 
by introducing a calibration factor (𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐  ≈  0.30). The proposed model and 
experimental system enable reliable optimization of gripping-force and im-
prove manipulation stability under real industrial conditions. The main contri-
bution of this study lies in the integration of analytical modelling, numerical 
optimization, and industrial experimental validation for collaborative robotic 
palletizing systems  
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1. Introduction
In recent years, the implementation of Industry 4.0 technologies has significantly transformed 
manufacturing systems, enabling higher efficiency, flexibility, and reliability of production pro-
cesses. Material handling operations, including picking, sorting, and palletizing, have become key 
components of automation in modern production and logistics systems [1]. Alongside conventio-
nal industrial robots, the growing implementation of collaborative robots (cobots) has enabled 
safer human–robot interaction and more flexible integration into modern manufacturing 
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environments. This technological advancement has accelerated the development of adaptive and 
soft robotic grippers capable of manipulating objects with diverse dimensions, masses, and sur-
face properties [2-4]. Despite recent advances, reliable manipulation and palletizing of heteroge-
neous packages remain a major challenge. Conventional grippers are typically designed for uni-
form objects, which limits their applicability in dynamic production environments and may lead 
to unstable gripping, product deformation, and reduced operational efficiency. The need for adap-
tive and flexible gripping solutions has been confirmed in studies addressing multi-object 
grasping and modular or detachable gripper concepts [5, 6]. Motivated by these challenges, this 
paper focuses on the development and optimization of an adaptive pneumatic gripper for colla-
borative robotic palletizing of packages with masses up to 10 kg. A dynamic mathematical model 
of gripping-force is developed, considering the effects of friction, contact surface, and inertial for-
ces during manipulation. In contrast to previous studies that are primarily based on simulations 
or laboratory experiments, the proposed model is experimentally validated under real industrial 
conditions [7-9]. The main contribution of this research lies in the integration of analytical model-
ling, numerical optimization, and experimental validation, providing a reliable framework for the 
design and application of adaptive grippers in collaborative robotic systems. 

2. Critical review of contemporary research on adaptive robotic grippers 
2.1 Adaptive grippers in collaborative robotics 

During the handling and manipulation of materials, semi-finished products, and finished products 
of different dimensions and shapes in manufacturing processes, flexible and adaptive grippers 
represent one of the fundamental components in the automation of production systems. In recent 
years, research and development of soft adaptive grippers have intensified through the imple-
mentation of advanced elastic materials, combined actuation mechanisms, and contact control 
systems between the gripper fingers and manipulated objects, as widely reported in studies on 
soft robotic grippers and granular jamming-based gripping systems [10, 11]. 

Of particular importance is the concept of variable stiffness, which enables an increase in grip-
ping-force while maintaining adaptation to the shape of the object. Systems such as the Variable 
Stiffness Particle Phalange demonstrate an efficient transition between flexible and rigid manipu-
lation modes [12, 13]. Hybrid systems that combine flexible and rigid elements expand the func-
tional range of manipulation, simultaneously enabling stable gripping and high adaptability to the 
object. With the implementation of collaborative robots in manufacturing automation, technical 
requirements are increasingly shaped by safety standards and the need for safe human–robot in-
teraction. Iqbal et al. [6] in their research propose the concept of detachable grippers that increase 
system flexibility and operational safety. The implementation of reconfigurable finger joints and 
optimized cobot operating parameters enables controlled stiffness variation during real-time ope-
ration, thereby ensuring safe and efficient adaptation of the manipulation process in collaborative 
industrial environments [14, 15]. 
2.2 Contemporary grasping techniques and product manipulation in intelligent manufacturing 
processes 
Grippers used in traditional and collaborative industrial robots employ mechanical, pneumatic, 
and hybrid approaches, while recent development trends are directed toward adaptive systems 
based on sensory feedback. Recent approaches also include the application of reinforcement lear-
ning methods for adaptive robotic manipulation in human–robot collaboration environments, 
enabling improved grasping performance under uncertain and dynamic conditions [16]. Recent 
developments also include adaptive force control strategies for soft robotic gripping systems [17]. 
Soft pneumatic grippers are constructed on the principle of interconnected pressurized chambers, 
structures based on the jamming effect, and combined actuators that enable high contact adapta-
bility. Grippers with variable stiffness mechanisms, capable of transitioning from a soft, flexible 
state to a rigid state through the application of external pressure or vacuum, are particularly effec-
tive in manipulating sensitive or deformable objects without causing damage [18-20]. Biomecha-
nically inspired designs with multiple curvatures and variable stiffness optimize contact pressure 
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distribution and enhance gripping stability. Palletizing system configurations within Industry 4.0 
manufacturing environments are evolving toward modular and intelligent architectures that in-
tegrate adaptive grippers and sensory feedback, thereby improving flexibility, reliability, and 
cycle efficiency in dynamic production cells [21, 22]. 

2.3 Limitations of existing solutions and development perspectives 

Despite significant technological progress achieved in recent years, existing gripper solutions re-
main limited in terms of load capacity, long-term reliability, and performance validation in real, 
continuous industrial operations. Many grippers are optimized for specific tasks or uniform ob-
jects, whereas highly adaptable configurations remain insufficiently investigated under industrial 
operating conditions. From the perspective of operational safety, Patalas-Maliszewska [23] 
emphasizes that the requirements of ISO/TS 15066 are often not systematically integrated during 
the early design stages of gripper design, particularly in soft and hybrid systems. Although varia-
ble stiffness represents a promising concept, its real-time control in dynamic industrial cells re-
mains a technical challenge [24]. These shortcomings indicate the need to develop adaptive grip-
pers that are energy-efficient, safety-compliant, sensor-equipped, and capable of stable and relia-
ble gripping-force control. The proposed methodology integrates an analytical model, numerical 
optimization, and industrial experimental validation in order to improve existing solutions. 

3. Research methodology 
The research focuses on the development of an adaptive gripper for automated manipulation and 
palletizing of products with different masses and dimensions. The proposed methodology combi-
nes engineering calculations, numerical modeling, simulation analysis, and experimental verifica-
tion within a collaborative robotic system. The applied methodological framework enables the 
development of an adaptive gripper capable of reliably handling packages weighing up to 10 kg, 
with a focus on stable gripping, operational safety, and optimal distribution of contact forces. The 
research methodology is divided into two parts: 

• development and investigation of the numerical model of gripping-force, and 
• design and implementation of experimental research for the purpose of verifying the obtai-

ned results. 

3.1 Development of the numerical model of gripping-force 

The development of the gripping-force model for the adaptive gripper begins with defining the 
characteristics of the products handled and palletized by the system. The analysis included pro-
duct geometry, mass, surface stiffness, as well as the coefficient of friction occurring between the 
gripper fingers and the product during gripping. The adaptive gripper is designed to handle pro-
ducts weighing up to 10 kg while ensuring reliable handling, uniform distribution of contact for-
ces, and prevention of slipping during lifting and transportation. During lifting and transfer of the 
product, the interaction between contact forces, gripping stability, and variable stiffness chara-
cteristics must be carefully considered. These factors are essential for minimizing deformation 
and ensuring reliable force distribution during the manipulation of objects with different geome-
tric and mechanical properties, as emphasized in [25]. The listed parameters directly influence 
the selection of the gripping mechanism and the required gripping-force, particularly for products 
of different masses and variable shapes. 

Based on the functional requirements, the technical characteristics of the adaptive gripper 
were defined as follows: 

• maximum allowable load up to 10 kg, 
• minimum gripping depth for objects with irregular geometric shapes, 
• optimal cycle time in a real industrial environment, 
• structural limitations caused by stiffness and deformation in the contact zone, 
• compliance with the safety requirements defined by ISO/TS 15066 for collaborative robots. 
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Based on recommendations from the literature, the gripper design included an assessment of 
safety risks under conditions of close human–collaborative robot interaction, defining safety force 
limits as well as control mechanisms to prevent overload during object gripping. After defining 
the requirements, the optimal gripping principle using the gripper was selected. The package-
handling system employs an adaptive gripper with two rigid fingers, where gripping stability re-
sults from mechanical strength and proper dimensioning of the contact surfaces. In accordance 
with previous research, systems based on rigid mechanical construction provide high stability and 
reliability of manipulation. Adjustment of the gripping-force is achieved through the control 
system, enabling precise real-time control of the gripping-force, which is particularly important 
when handling different loads in palletizing processes. 

Within the numerical analysis, the following steps were carried out: 
• 3D modeling of the gripper, 
• force analysis using the finite element method (FEA), 
• optimization of contact geometry, 
• simulation of lifting packages weighing up to 10 kg. 
The simulations analyzed deformations, stress distribution, and the response of flexible ele-

ments under load. Dynamic simulations were also conducted to assess gripping stability during 
robot acceleration in palletizing cycles. This approach enabled design optimization prior to ma-
nufacturing the physical prototype. 
3.2 Definition of experimental configuration parameters 
The integration of the adaptive gripper with the collaborative robot was realized using a standard 
flange connection, in accordance with ISO 9409-1. The mechatronic gripper–collaborative robot 
system was equipped with sensors for measuring pressure, force, and displacement, enabling 
real-time data acquisition and verification of numerical values of the gripping-force. 

The experiment defined the following parameters: 

• verification of safety limits of the gripping-force, 
• positioning accuracy during palletizing, 
• repeatability of gripping and releasing cycles, 
• manipulation stability under vertical and horizontal accelerations. 

During experimental investigations, the listed system parameters were tested under real indu-
strial conditions, with different product masses and varying contact conditions, including diffe-
rent coefficients of friction and contact surfaces between the adaptive gripper fingers and the pro-
duct. Effective force control ensured stable manipulation of different loads, confirming the indu-
strial applicability of the system. Final system verification was conducted through testing of the 
palletizing cycle with two different product masses. The obtained results confirmed the reliability, 
stability, and operational efficiency of the gripper under industrial operating conditions. 
3.3 Research hypothesis  
The integration of an analytical gripping-force model based on stability conditions, combined with 
numerical optimization of contact parameters and experimental validation, enables accurate pre-
diction of the required gripping-force and ensures stable and safe handling of packages with vari-
able mass (up to 10 kg) in collaborative robotic systems under real industrial conditions. 

The key analytical relations used in the gripping-force model are given below. For clarity and 
consistency, the following notation is adopted throughout the analytical and numerical analysis: 

• external load acting on the package, 
• gravitational force acting on the package, 
• inertial force generated during robot motion, 
• friction force at the finger–package interface, 
• minimum required normal gripping-force, 
• operational gripping-force generated by the pneumatic actuator, 
• contact area between the gripper fingers and the package, 
• effective pneumatic-cylinder piston area. 
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The minimum required normal gripping-force is determined from the friction stability condition: 

𝐹𝐹𝑁𝑁,𝑚𝑚𝑚𝑚𝑚𝑚 =
𝑚𝑚 ⋅ 𝑔𝑔
𝜇𝜇

 (1) 

where m is the package mass, g is the gravitational acceleration, and μ is the friction coefficient 
between the gripper fingers and the package surface. 

The operational gripping-force generated by the pneumatic actuator is determined as: 
𝐹𝐹𝑜𝑜𝑜𝑜 = 𝑝𝑝 ⋅ 𝐴𝐴𝑝𝑝 (2) 

where p denotes the pneumatic operating pressure and 𝐴𝐴𝑝𝑝 represents the effective pneumatic-
cylinder piston area. 

4. Development of an adaptive gripper 
4.1 Conceptual analysis and design of the adaptive gripper 

Conceptual approach and definition of geometry 
In the design development process of an adaptive gripper, it is necessary to begin with its geometric 
solution, which should enable universal application in the manipulation of products (in this case 
boxes) of different dimensions and shapes. The structure of the adaptive gripper itself is based on a 
combination of elastic and rigid elements in order to achieve the capability of adapting to the contact 
surface of the product being manipulated. The application of variable stiffness in the gripper enables 
the adaptation of the structure to operational requirements, thereby increasing the stability and sa-
fety of manipulation. Such an approach in the development of the adaptive gripper design contribu-
tes to increased reliability when handling heavier loads, as confirmed in relevant research. 
Structural elements and material selection 
The selection of appropriate materials for the construction of the adaptive gripper plays a key role 
in achieving the durability of the gripper itself and in attaining functional adaptability. For the adap-
tive gripper we used an aluminum structure with two fingers, and in the aluminum two-finger grip-
per the change of stiffness is not achieved through elastic chambers or jamming mechanisms, but 
stability and gripping-force are regulated by pneumatic drive and the mechanical structure of the 
lever system. Such a gripper structure ensures high mechanical resistance and minimal deformati-
ons under load, while adaptation to different packages is achieved by adjusting the operating 
pressure in the cylinder. In this way, control and regulation of the gripping-force is enabled depen-
ding on the mass and dimensions of the product. The fingers that provide the contact surfaces are 
coated with industrial rubber with a high coefficient of friction, thereby compensating for the lack 
of elastic adaptive elements and ensuring stable contact without slipping. The aluminum frame 
structure of the adaptive gripper is modular, allowing easy replacement of fingers or pads, as well 
as adjustment of the gripping width without complex structural interventions. Consequently, a reli-
able and technically simple configuration suitable for industrial and logistics applications is achieved. 
Adaptation to packages of different dimensions 
With the adaptive aluminum two-finger gripper, adaptation to different package dimensions for 
lifting is achieved by mechanical adjustment of the finger stroke range and force regulation thro-
ugh the pneumatic system. Controlled opening and closing of the gripper is achieved by a double-
acting cylinder, while the adjustable gripping width enables manipulation of packages with diffe-
rent dimensions without requiring complex adaptive mechanisms. Optimal contact with the ob-
ject surface is achieved by parallel movement of the fingers and uniform distribution of force thro-
ugh rubber contact pads. Regulation of the working air pressure enables precise adjustment of 
the gripping-force in accordance with the mass and characteristics of the package, thereby pre-
venting slipping or deformation of the packaging. The simple mechanical structure of the adaptive 
gripper achieved by a lever system ensures stability and synchronized finger movement without 
increasing control complexity. Consequently, reliable and efficient adaptation to standard logi-
stics packages of different dimensions is achieved, while maintaining the robustness and indu-
strial applicability of the system. 
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Integrated sensor system 
The adaptive gripper is equipped with force and pressure sensors, as well as contact-detection mo-
dules. These components continuously monitor deformations and stresses within the structure. Po-
sitioning sensors additionally enable precise determination of the relative position of the fingers in 
relation to the object. In the adaptive aluminum two-finger gripper, the structure is optimized to 
achieve both low mass and sufficient mechanical strength. During the product-gripping phase, the 
system adapts to the contact surface through the geometric configuration of the fingers and control-
led clamping pressure. During load transport, the structure ensures stable force transmission with 
minimal deformation due to the appropriate dimensioning of profiles and joints. The CAD model of 
the gripper was developed in a 3D environment, where all key elements were modeled: aluminum 
supports, finger actuation mechanism, contact surfaces, and mounting interface to the robotic arm. 
It must be emphasized that special attention was devoted to optimization of mass and stiffness of 
the structure through material selection (aluminum alloy) and appropriate cross-sections. The func-
tionality and mechanical reliability of the structure were verified by numerical simulations, inc-
luding FEA analyses of deformations, stress distribution, and safety factor under different loads. 
After the analytical-numerical analysis of the structure, experimental testing of the gripper was per-
formed on objects of different masses and dimensions, thereby confirming gripping stability, uni-
form force distribution, and reliable operation under real industrial operating conditions. 

4.2 A new concept of an adaptive gripper for manipulation of packages of different dimensions 

For the development of the design of an adaptive gripper for manipulation of packages of different 
dimensions, we had four concepts with structures of three and two fingers, as shown in Fig. 1. 
During the realization of the structure, we decided on the design of the adaptive gripper shown in 
Fig. 1d. The gripper shown in Fig. 1d was designed as a compact, lightweight, and modular unit 
intended to be integrated with a collaborative robot for operation in an industrial environment. 
The structure of the presented adaptive gripper is optimized for the manipulation of packages of 
different masses and dimensions, while ensuring stability, safety, and high repeatability of 
grasping operations during palletizing of finished products in an industrial environment. Modern 
approaches to the development of adaptive grippers integrated with collaborative robots empha-
size the need to balance mechanical strength and adaptability, particularly in applications where 
direct human–robot interaction is present [23]. The load-bearing structure of the adaptive gripper 
consists of an aluminum profile frame (as shown in Fig. 1d), which enables a favorable ratio 
between mass and mechanical resistance. The use of aluminum contributes to the reduction of 
system inertia, which is crucial for operation with collaborative robots where safety standards 
require limited kinetic energy. The modular concept allows easy integration of additional sensing 
and control components. According to contemporary research in the field of flexible grippers, mo-
dularity and reconfigurability represent key factors in adaptive manipulation systems [26]. In the 
gripper, the central working mechanism is a double-acting pneumatic cylinder located in the up-
per part of the structure. Motion transmission is realized through a lever system that synchrono-
usly actuates two symmetrical fingers. Pneumatic drive enables fast and repeatable working 
cycles, which is of particular importance in logistics applications with high package throughput. 
By regulating the input pressure of compressed air, precise control of the gripping-force is achi-
eved, ensuring stable manipulation without damaging the packaging. 

Research in the field of variable stiffness and adaptive grippers confirms that controlled force 
regulation directly influences contact stability and significantly reduces the risk of slipping during 
manipulation [27]. The gripper fingers are made of aluminum alloy with protruding triangular 
elements for mass reduction (as shown in Fig. 1d), while their contact surfaces are coated with 
industrial rubber with a high coefficient of friction (EPDM or NBR). Consequently, a solution is 
obtained that increases grasping stability and reduces the required normal contact force. The co-
efficient of friction represents one of the key parameters in calculating the minimum gripping-
force, as emphasized in research on adaptive and soft-grip systems [28]. The implemented struc-
ture of the adaptive gripper is suitable for manipulation of cardboard boxes, plastic containers, 
and other objects with flat contact surfaces typical for e-commerce and logistics systems. The 
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developed adaptive gripper structure demonstrates high efficiency in production processes invol-
ving products of different masses and dimensions. However, certain limitations occur when 
handling packages heavier than 10 kg, deformable products, or irregularly shaped items. When 
manipulation of such products is required, it is necessary to use more advanced solutions such as 
vacuum or soft robotic grippers. Despite the mentioned limitations, the simplicity of the structure, 
operational reliability, and optimized mass make this adaptive gripper a practical solution for col-
laborative robotic applications in modern industrial environments. 

 
                     a)                                                       b)                                             c)                                                       d) 

Fig. 1 Different design solutions of the adaptive gripper for package grasping 

Technical characteristics and performance analysis of the adaptive gripper 
The adaptive aluminum two-finger gripper is designed for production processes in which finished 
products are transferred from a conveyor belt onto a Euro pallet. In addition to this application, 
the gripper is intended for use in warehouses, e-commerce distribution systems, logistics centers, 
and assembly lines, where it can be integrated with collaborative robots from various manufactu-
rers, including KUKA iiwa, FANUC CRX, UR, Hanwha, Doosan, and JAKA. 

Structure and materials 

• The load-bearing frame is made of aluminum profiles with dimensions 30×30 mm, 
• The fingers are designed and manufactured from aluminum alloy sheet metal with a 

thickness of 5 mm (where certain areas are removed in triangular shapes to reduce weight) 
with joint mechanisms, 

• Contact coating: industrial rubber (EPDM, NBR), 
• Drive element: double-acting pneumatic cylinder, 
• Transmission mechanism: system of levers and sliding joints. 
Pneumatic performance 

• Operating pressure: 4-7 bar, 
• Cycle time: approximately 0.1-0.3 s, 
• Gripping-force regulation is ensured by adjusting the input pressure. 
Mass and payload 

• Gripper mass: 0.5-1.2 kg (depending on configuration), 
• Payload capacity: 2-10 kg, depending on finger width and coefficient of friction. 
Integration 

• Standardized flange according to ISO 9409-1, 
• Possibility of integrating additional sensor and soft-grip modules. 
The adaptive pneumatic aluminum gripper offers several advantages, including modularity, low 

mass, adjustable gripping-force, and simple integration into existing industrial processes. However, 
limitations occur when handling non-standard or sensitive packages. At the same time, the identi-
fied disadvantages and limitations indicate areas that require further technological improvement, 
particularly when handling non-standard or sensitive packages. These technical characteristics 
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provide a reliable basis for further numerical and experimental evaluation of the gripper’s perfor-
mance under real industrial conditions. A quantitative analysis of key technical parameters was per-
formed with the aim of objectively assessing the functional and operational properties of the adap-
tive pneumatic aluminum gripper. Relevant indicators of cycle efficiency, safety factor, coefficient of 
friction, maximum gripping-force, and deformation behavior of the system under load were 
analyzed and evaluated. Objective quantitative verification of robotic end-effectors and safe physical 
human–robot interaction represents a dominant research approach in collaborative robotic 
systems operating alongside humans [29, 30]. Certain parameters, such as minimum gripping-force, 
safety coefficient, contact stability, and adaptive force regulation, are directly related to manipula-
tion reliability and prevention of object slipping during handling operations. In the analysis of the 
adaptive pneumatic gripper, analytical and performance-evaluation approaches based on the rela-
tionship between load mass, gravitational acceleration, coefficient of friction, and adaptive force re-
gulation are increasingly used to optimize gripping-force without unnecessarily increasing contact 
pressure. Similar optimization principles have also been discussed in studies on bio-inspired soft 
robotic concepts [31, 32]. The obtained results provide a reliable basis for validation of the structu-
ral solution and further optimization of operational performance. 

The analysis of the data presented in Table 1 confirms that the adaptive pneumatic gripper 
achieves high operational reliability and stability when manipulating standard logistics packages. 
A safety factor greater than 1.5 ensures stable handling even under variations in mass, while the 
coefficient of friction has a decisive influence on the optimization of gripping-force and the pre-
vention of slipping. Such an approach to quantitative evaluation is aligned with contemporary 
methodologies for the validation of industrial robotic systems, particularly in the case of collabo-
rative robots. 

Table 1 Quantitative performance analysis of the adaptive pneumatic gripper 
Evaluation parameter Description of functional 

aspect 
Typical values 
(Experimental range) 

Engineering interpretation 

Cycle efficiency (%) Ratio of successful grasps to 
total number of operations 

96-99 % High repeatability and 
manipulation reliability 

Cycle time (s) Time required for opening 
and closing of the fingers 

0.10-0.30 s Suitable for high-frequency 
logistics processes 

Safety factor (ks) Ratio of maximum load 
capacity to nominal load 

1.5-2.2 Ensures stability under 
variations in package mass 

Coefficient of friction 
(μ) 

Rubber–cardboard / rubber–
plastic contact 

0.60-0.85 Directly influences the 
required gripping-force 

Maximum gripping-
force (N) 

Generated force at an 
operating pressure of 6 bar 

120-250 N Adjustable by regulating 
input pressure 

Maximum elastic 
deformation (mm) 

Finger deformation under full 
load 

0.5-1.8 mm Within allowable elastic 
limits 

Energy consumption 
per cycle (J) 

Compressed air consumption 
per operation 

8-18 J Depends on cylinder volume 
and operating pressure 

Maximum payload 
(kg) 

Maximum allowable package 
mass 

2-10 kg Depending on finger width 
and friction 

5. Numerical analysis of gripping-force 
The numerical analysis of the gripping-force of the object (package) was carried out by perfor-
ming an analysis of the optimal gripping-force. The optimal gripping-force is determined based 
on the mass of the product, the coefficient of friction of the finger material, and the geometry of 
the contact surface. Excessive force may cause deformation of the package, while insufficient force 
increases the risk of slipping. The numerical analysis of the gripping-forces was modeled by ap-
plying a sliding friction model and contact pressure occurring on the fingers of the analyzed grip-
per. The optimal gripping-force for object manipulation (packages) is defined by relating it to the 
weight of the package lifted by the gripper and the coefficient of friction: 
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𝐹𝐹𝜇𝜇 = 𝜇𝜇 ⋅ 𝐹𝐹𝑁𝑁 
𝐹𝐹𝜇𝜇 ≥ 𝑚𝑚 ⋅ 𝑔𝑔 

𝐹𝐹𝑁𝑁 ≥
𝑚𝑚 ⋅ 𝑔𝑔
𝜇𝜇

 
(3) 

Here, 𝐹𝐹𝑁𝑁 denotes the total normal gripping-force applied by the gripper fingers, while 𝐹𝐹𝜇𝜇  repre-
sents the friction force generated at the contact interface. 

The optimization model for determining the gripping-force is based on the package mass and 
the contact area between the gripper fingers and the package. After determining the minimum 
required normal gripping-force, the force distribution over the contact surface is analyzed in 
order to avoid local damage and deformation of the package during manipulation. The contact 
pressure between the gripper fingers and the package is defined by Eq. 4 and is determined based 
on the operational gripping-force and the total contact area. 

The contact pressure between the gripper fingers and the package is defined as: 

  𝑝𝑝𝑘𝑘 =
𝐹𝐹𝑜𝑜𝑜𝑜
𝐴𝐴𝑘𝑘

 (4) 

where 𝑝𝑝𝑘𝑘 denotes the contact pressure between the gripper fingers and the package, is the ope-
rational gripping-force generated by the pneumatic actuator, and 𝐴𝐴𝑘𝑘 represents the total contact 
area between the gripper fingers and the package. 

The pneumatic actuators integrated into the gripper structure enable precise regulation of the 
gripping-force through adjustment of the input pressure, thereby facilitating reliable manipula-
tion of packages with different masses and geometric characteristics. Their fast response and sim-
ple mechanical configuration make them well suited for industrial robotic grippers, where stable 
and adaptive force control is required. By integrating force sensors, adaptive control algorithms, 
and advanced robotic end-effector frameworks into the gripper system, higher operational ac-
curacy and continuous monitoring of the contact force at the object interface are achieved, 
enabling improved force regulation, adaptive gripping performance, and manipulation stability 
under real operating conditions [33, 34]. Based on this feedback, the system can adaptively adjust 
the gripping-force in real time, reducing the risk of deformation of sensitive products or dropping 
of the object (load slipping). Consequently, a more stable and safer manipulation process is achi-
eved, especially in applications where objects differ in mass, material, or friction characteristics. 
Adaptive adjustment of the gripping-force requires the integration of a sensor-feedback-based 
control system, as illustrated in Fig. 2. Autonomous control enables feedback based on measured 
values, rather than predefined pressure settings. The control algorithm of the pneumatic (or va-
cuum) robotic gripper used for object handling is shown in the block diagram in Fig. 2, where the 
signal flow from the sensor, through the controller, to the actuator is clearly illustrated. 

 
Fig. 2 Optimization control diagram of the adaptive pneumatic gripper 
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The control scheme of the pneumatic gripper begins with the determination of the package 
mass and the coefficient of friction between the gripper fingers and the object surface, as grasp 
stability, adaptive force regulation, and contact interaction are critical factors in the robotic ma-
nipulation of objects with varying stiffness and surface characteristics [35]. The pressure regula-
tor controls the pneumatic actuator in order to achieve the desired gripping-force, while feedback 
obtained from the integrated force sensors enables adaptive real-time adjustment and prevents 
the application of excessive contact force. Consequently, the implemented control structure im-
proves manipulation stability and enables wider grasping capability through adaptive stiffness 
regulation of the gripper fingers under varying operating conditions [36]. 

5.1 Numerical estimation of the gripping-force as a function of the variable coefficient of friction 
and effective contact area in the palletizing production process 

This section presents a numerical example of calculating the optimal gripping-force for lifting 
a package based on real input parameters. The numerical analysis was performed on a fi-
nished product in the production process, a package with dimensions 280 × 190 × 100 mm 
and a mass of 6 kg, shown in Fig. 3. The package consists of six jars of jam wrapped in smooth 
plastic film. The packages arrive at the production line, where they are picked up by a collaborative 
robot equipped with a gripper and placed onto a pallet. The numerical analysis included different co-
efficients of friction (𝜇𝜇 = 0.30-0.90), corresponding to typical contact conditions between the gripper 
fingers and the package surface. In this part of the analysis, the safety factor 𝑘𝑘𝑠𝑠, applied by some 
authors, was not included. The safety factor will be considered at a later stage of the analysis. The in-
tention was to perform a numerical evaluation that reflects real industrial operating conditions. 

 
Fig. 3 Product for palletizing – package of jam jars with a mass of m = 6 kg 

 
Fig. 4 Schematic representation of the adaptive gripper for package palletizing 

The design of the adaptive gripper, shown in Fig. 4, consists of two fingers — one fixed and the 
other movable — which are actuated by a pneumatic cylinder connected to an industrial com-
pressed air supply.  

The presented gripper is used for palletizing packages with the dimensions and mass shown 
in Fig. 3. The input data for the numerical analysis are as follows [35]: package mass m = 6.00 kg, 
gravitational acceleration g = 9.81 m/s², and coefficient of friction μ = 0.40. The minimum required 
normal gripping-force was determined for a two-finger adaptive gripper. The required normal 
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gripping-force calculated from the friction condition amounts to 147.15 N and represents the mi-
nimum normal gripping-force required to prevent package slipping during manipulation. This va-
lue is important for proper gripper dimensioning, pneumatic-cylinder selection, and determina-
tion of the required operating pressure. Two contact configurations were considered: 

• Variant I: each finger has three contact points, resulting in a total of six contact points and a 
contact area of 𝐴𝐴𝑘𝑘 = 24 cm². 

• Variant II: each finger has one contact point, resulting in a total of two contact points and a 
contact area of 𝐴𝐴𝑘𝑘 = 40 cm². 

To ensure reliable lifting of the package without slipping, the friction force generated at the 
contact surfaces between the gripper fingers and the package must be greater than the total exter-
nal load acting on the package. In addition to the gravitational force, inertial forces generated du-
ring lifting and transfer must also be taken into account. The corresponding analytical relations 
are given in Eq. 5. 

𝐹𝐹𝜇𝜇 = 𝜇𝜇 ⋅ 𝐹𝐹𝑁𝑁,𝑚𝑚𝑚𝑚𝑚𝑚  ≥  𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟  
𝐺𝐺 = 𝑚𝑚 ⋅ 𝑔𝑔 

𝐹𝐹𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑚𝑚 ⋅ 𝑎𝑎𝑣𝑣;   𝐹𝐹𝑖𝑖𝑖𝑖ℎ = 𝑚𝑚 ⋅ 𝑎𝑎ℎ 
𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟 = 𝐺𝐺 + 𝐹𝐹𝑖𝑖𝑖𝑖 

𝐹𝐹𝑁𝑁,𝑚𝑚𝑚𝑚𝑚𝑚 =
𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟
𝜇𝜇

 

(5) 

where 𝐹𝐹𝜇𝜇 denotes the friction force at the contact interface, is the minimum required normal grip-
ping-force, 𝐺𝐺 represents the gravitational force acting on the package, while 𝐹𝐹𝑖𝑖𝑖𝑖𝑖𝑖  and   𝐹𝐹𝑖𝑖𝑖𝑖ℎ repre-
sent the vertical and horizontal components of the inertial force generated during lifting and 
transfer of the package. 

Inertial forces generated during gripping and lifting must be considered in the gripping-force 
analysis. In order to ensure stable palletizing operation without accumulation of packages on the 
conveyor belt, the following operating accelerations of the gripper were assumed: vertical accele-
ration 0.5 m/s², and horizontal acceleration 0.5 m/s². 

The  𝐹𝐹𝑖𝑖𝑖𝑖ℎ vertical inertial-force component and the Finh horizontal inertial-force component were 
determined according to Eq. 5. The total inertial force generated during gripper operation amounts 
to 𝐹𝐹𝑖𝑖𝑖𝑖 = 4.242 N, while the total external load acting on the package equals 𝐹𝐹𝑟𝑟𝑟𝑟𝑟𝑟 = 63.10 N. 

In Variant I, each finger has three contact surfaces of 4 cm², resulting in a total contact area of 
24 cm². In Variant II, each finger has one contact surface of 20 cm², resulting in a total contact area 
of 40 cm². 

Table 2 summarizes the calculated operational gripping-force values for the two contact con-
figurations under the considered friction and pneumatic-pressure conditions. The values presen-
ted in Table 2 represent operational gripping-force values generated under predefined pneuma-
tic-pressure conditions and are therefore not directly equivalent to the theoretical minimum nor-
mal gripping-force defined by Eq. 5. 

The values presented in Table 2 represent operational gripping-force values generated under 
predefined pneumatic-pressure conditions and are therefore distinct from the theoretical mini-
mum normal gripping-force obtained from the friction stability condition. 

At first glance, the results presented in Table 2 may appear to contradict the classical friction-
based relation, according to which the required minimum gripping-force decreases with an increase 
in the coefficient of friction. However, it is important to emphasize that the values presented in Table 
2 are not derived solely from the analytical minimum normal gripping-force relation 𝐹𝐹𝑁𝑁,𝑚𝑚𝑚𝑚𝑚𝑚 = 𝑚𝑚𝑚𝑚

𝜇𝜇
, 

but from an extended model that includes the influence of pneumatic pressure, contact configura-
tion, contact area, and inertial forces during manipulation. In the presented numerical analysis, the 
operational gripping-force is calculated based on the pressure–force relationship 𝐹𝐹𝑜𝑜𝑜𝑜 = 𝑝𝑝 ⋅ 𝐴𝐴𝑝𝑝 
where the pneumatic operating pressure is treated as a controlled variable. For each friction coeffi-
cient, the operating pressure is adjusted to ensure stable and reliable manipulation under dynamic 
operating conditions, including vertical and horizontal accelerations during palletizing. 
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Table 2  Calculated operational gripping force values for different contact configurations and pneumatic-pressure 
conditions during manipulation of a 6 kg package 

Friction  
Coefficient 
 μ 

Pneumatic 
pressure 
p (bar) 

Variant I. 
contact 
area 
Ak (cm2) 

Variant II. 
contact 
area 
Ak (cm2) 

Variant I. 
operational 
gripping-force  
𝐹𝐹𝑜𝑜𝑜𝑜 (N) 

Variant I. 
gripping-force  
including inertial  
effects  
𝐹𝐹𝑜𝑜𝑜𝑜 + 𝐹𝐹𝑖𝑖𝑖𝑖 (N) 

Variant II. 
operational 
gripping-force 
𝐹𝐹𝑜𝑜𝑜𝑜 (N) 

Variant II. 
gripping-force  
including inertial  
effects  
𝐹𝐹𝑜𝑜𝑜𝑜 + 𝐹𝐹𝑖𝑖𝑖𝑖 (N) 

0.30 0.30 24 40 21.60 25.84 36.00 40.24 
0.35 0.35 24 40 29.40 33.64 49.00 53.24 
0.40 0.40 24 40 38.40 42.64 64.00 68.24 
0.45 0.45 24 40 48.60 52.84 81.00 85.24 
0.50 0.50 24 40 60.00 64.24 100.00 104.24 
0.55 0.55 24 40 72.60 76.84 121.00 125.24 
0.60 0.60 24 40 86.40 90.64 144.00 148.24 
0.65 0.65 24 40 101.40 105.64 169.00 173.24 
0.70 0.70 24 40 117.60 121.84 196.00 200.24 
0.75 0.75 24 40 126.00 130.24 225.00 229.24 
0.80 0.80 24 40 153.69 157.93 256.00 260.24 
0.85 0.85 24 40 173.40 177.64 289.00 294.24 
0.90 0.90 24 40 194.40 198.64 324.00 328.24 

 

As a result, an increase in the friction coefficient is accompanied by an increase in the applied 
pressure, which leads to a corresponding increase in the calculated gripping-force. Therefore, the 
observed trend does not represent the theoretical minimum gripping-force, but rather the requi-
red operational gripping-force under predefined operating conditions. This approach reflects real 
industrial practice, where the gripping-force is often intentionally increased to ensure stability, 
compensate for dynamic effects, and maintain safety margins. Such numerical analysis enables 
the assessment of the minimum forces and pneumatic requirements necessary for reliable mani-
pulation of a package with a mass of 6 kg. The diagram shown in Fig. 5 presents the results of the 
numerical analysis from Table 2, carried out for the verification of the calculated gripping-forces 
and the behavior of the pneumatic gripper under real operating conditions. The diagram illustra-
tes the relationship between the operating pressure and the achieved gripping-force for Variant I 
and Variant II contact configurations between both gripper fingers and the package during palle-
tizing, thereby enabling the determination of the minimum pressure required for safe lifting of 
the package. The diagram shows that the gripping-force 𝐹𝐹𝑣𝑣  increases linearly with the increase of 
the operating pressure in the pneumatic actuator, for both Variant I and Variant II. Higher 
pressure proportionally increases the normal force exerted by the gripper fingers on the package.  

 
Fig. 5 Numerical values of the operational gripping-force 𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛 as a function of the operating pressure 𝑝𝑝 
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Fig. 6 Numerical values of the operational gripping-force 𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛 as a function of the coefficient of friction μ and 

         the operating pressure 𝑝𝑝 
 

The curve enables determination of the optimal pressure required to ensure reliable gripping 
without slipping or excessive loading of the package. Fig. 6 illustrates the variation in the operational 
gripping-force of the adaptive gripper in Variants I and II as a function of the coefficient of friction 
and the operating pressure. It also shows the dependence of the total lifting force required to pre-
vent slipping on the coefficient of friction μ and the operating pressure required for normal palleti-
zing of the package. The variation of the force required for proper gripper operation during palleti-
zing confirms the influence of different contact materials on the gripper performance. Furthermore, 
the lifting force is also a function of the operating pressure and the contact area between the gripper 
fingers and the package. These diagrams are useful for the engineering design of pneumatic grippers 
and for determining the safety margins required for their normal operation. 

6. Conducting the experiment and analysis of the obtained results 
6.1 Experimental setup 
The experiment for testing the adaptive pneumatic gripper was conducted in a work cell designed 
as an integrated system for automated package picking and placement onto a Euro pallet (auto-
mated palletizing) in a real industrial environment. The work cell consists of a belt conveyor on 
which jam packages arriving from production, each containing six jars, are transported; a collabo-
rative robot equipped with an adaptive pneumatic gripper of proprietary design; a Euro pallet on 
which the packages are stacked; and an accompanying sensor and control system. 

In the production process, the belt conveyor is used for the continuous delivery of packages to 
the location where automated palletizing onto a Euro pallet is performed. The packages arriving 
from the production process consist of six glass jars of jam, grouped in a cardboard holder and 
additionally wrapped in plastic (stretch) film for stability during handling, as shown in Fig. 3. The 
dimensions and mass of the package (given in Section 5.1) correspond to typical food products 
intended for retail, which enables a realistic simulation of the industrial process. The collaborative 
robot is positioned beside the belt conveyor so that its workspace covers both the package pick-
up zone on the conveyor and the Euro pallet onto which the packages are stacked. An adaptive 
pneumatic gripper is mounted on the end-effector of the collaborative robot. The gripper, which 
integrates all sensors required for gripping-force optimization, is designed for the safe handling 
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of packages of different dimensions and masses on the belt conveyor and for their palletizing onto 
a Euro pallet through adjustment of the contact surface, operating pressure, and clamping force. 
Package placement on the conveyor 
Packages with six jars of jam arrive from the packaging cell, grouped in a cardboard holder and 
additionally wrapped in plastic (stretch) film, and are transported on the belt conveyor. They are 
placed with a correct orientation, with the longer side parallel to the direction of conveyor mo-
vement. The conveyor belt speed is constant (but can be adjusted) and enables the delivery of 
packages with jars to a predefined pick position where the packages are taken by the adaptive 
pneumatic gripper, as shown in Fig. 7. In the package pickup zone, a reference point (pick point) 
is defined using a presence sensor (as shown in Fig. 7). In this way, precise positioning of the 
package relative to the robot coordinate system is ensured. This approach minimizes the need for 
additional trajectory corrections and increases the repeatability of package picking and placement 
onto the Euro pallet. 

 
 

Fig. 7 Work cell for package palletizing 

Integration with the Euro pallet 

The jam packages are picked up by the adaptive pneumatic gripper integrated on the collaborative 
robot, and the robot transfers and stacks them onto a Euro pallet of standard dimensions (1200 × 
800 mm), which is placed within the robot workspace with a clearly defined base coordinate in 
the control system. The palletizing system is implemented using a layer-by-layer programming 
pattern, where the arrangement between rows and layers is predefined in order to achieve a 
stable load structure on the pallet for further transport. After picking the package from the con-
veyor, the robot generates an optimal trajectory to the target position on the pallet, with control-
led lowering and gradual unloading of the gripper. After releasing the package, the robot returns 
to the initial position and the cycle repeats. Particular attention was paid to aligning the stacking 
height with the maximum allowable pallet load height, as well as maintaining the stability of pac-
kages wrapped in stretch film. 

Sensor system 

The package-palletizing work cell was equipped with a sensor system for monitoring and analyzing 
key process parameters during the experiments, including operating pressure in the pneumatic 
cylinder, gripping-force, package displacement, and package arrival at the conveyor pick-up zone, 
as shown in Fig. 7 [26, 29]. The sensor system in the work cell includes the following sensors: 

• Package presence sensor on the conveyor belt (detection of arrival in the pick zone), 
• Pressure sensor in the pneumatic system (measurement of operating pressure in the grip-

per cylinder), 
• Force sensor on the gripper contact surface (measurement of package clamping force), 
• Displacement/slip sensor (detection of possible relative package movement during lifting), 
• Internal feedback of the collaborative robot (position, speed, and joint torques). 
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Table 3 Overview of sensors integrated into the experimental robotic palletizing cell 
No. Sensor type Sensor model Measuring range 

/ Technical 
characteristics 

Output 
signal type 

Sensor 
accuracy 

Position in 
robotic cell 

Function in the 
system 

1 Non-contact 
displacement 
sensor 

BALLUFF 
BAW M12 
(alternative: 
HC-SR04 
Ultrasonic 
Arduino 
sensor) 

Detection range 
up to 2 mm 
(alternative: 
3-400 cm); 
sampling rate: 
50-100 Hz 

Analog 
(0-10 V) 
(alternative: 
digital) 

± 0.3 % FS 
(alternative: 
± 10 cm) 

Above the 
conveyor 
belt in the 
pick zone 

Detection of 
package arrival and 
activation of the 
robot pick-and-
place sequence; 
input signal for 
cycle 
synchronization 

2 Strain-gauge 
pressure 
sensor 

P8AP Measuring 
range: 0 kPa to 2 
MPa; calibrated 
according to 
manufacturer 
specifications 

Analog 
(0-2 mV/V) 

± 0.3 % FS Pneumatic 
line of the 
gripper 

Monitoring of 
operating pressure 
and stability of the 
pneumatic gripper 
system; validation 
of pressure–force 
relationship 

3 Force sensor 
(Load cell) 

U2B Single-axis force 
measurement; 
nominal capacity 
adapted to 
gripping range; 
sampling rate: 
100 Hz 

Analog 
(0-2 mV/V) 

± 0.3 % FS Integrated 
between the 
side plates 
of the 
gripper 

Measurement of 
package clamping 
force and 
optimization of 
gripping-force; 
experimental 
validation of 
analytical model 

4 Acceleration 
sensor 

ASC 5631 Measurement of 
acceleration in 
three orthogonal 
directions; 
frequency range 
up to 1 kHz 

Analog 
(0.5-4.5 V) 

± 1 % FS Integrated 
on the 
gripper 

Measurement of 
dynamic load 
during robot 
motion; detection 
of transient 
disturbances 
affecting gripping 
stability 

5 Linear 
displacement 
sensor 
(LVDT) 

WA20 Precise linear 
displacement 
measurement up 
to 20 mm; high 
repeatability 
(< 0.1 % FS) 

Analog 
(0-10 V) 

± 0.3 % FS On the 
gripper 
mechanism 

Detection of 
possible slipping or 
displacement of the 
package during 
manipulation; 
validation of 
gripping stability 
condition 

The specified sensor models, along with their technical characteristics and functions in the pal-
letizing work cell, are presented in Table 3. The sensor-system enables comprehensive monitoring 
of both static and dynamic parameters of the gripping and package-manipulation process under real 
industrial conditions. The integration of force, pressure, and displacement sensors provides direct 
experimental validation of the analytical gripping-force model, while the accelerometer provides 
insight into dynamic disturbances that may affect manipulation stability. In particular, mea-
surements of gripping-force and pressure in the pneumatic system were used to verify the force–
pressure relationship, while displacement data and possible package slippage were used to confirm 
the stability condition defined in the research hypothesis. Such an approach ensures high reliability 
of the results, reproducibility of the experiment, and direct applicability of the developed model in 
industrial applications of collaborative robotics. All sensors were calibrated prior to the experiment 
to ensure measurement accuracy and repeatability of the obtained results. 

6.2 Measurement of the minimum gripping-force 

The measurement of the minimum gripping-force was conducted with the aim of experimentally 
determining the lowest force required for stable and safe manipulation of packages without slip-
ping during lifting and transportation in the palletizing process. The obtained experimental re-
sults were compared with the numerical values defined in Chapter 5, where the minimum grip-
ping-force was determined as a function of package mass, friction coefficient, and contact condi-
tions between the gripper fingers and the package. During the experimental investigation, the mi-
nimum gripping-force was determined by gradually increasing the operating pressure in the pne-
umatic actuator until stable gripping without slipping was achieved. The values of gripping-force 
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and pressure were continuously monitored using the integrated sensor system described in Chap-
ter 6.1, which enabled precise determination of the boundary conditions for stable manipulation 
under real industrial operating conditions. For the experiment, the minimum and maximum co-
efficients of friction at the contact interface between the gripper and the package, both covered 
with protective film, were determined, and the results are shown in Fig. 8. 
 

 
Fig. 8 Experimental results of determining the coefficient of friction at the contact point between 

                     the gripper and the package 
 

Experimental determination of the coefficient of friction was carried out at the contact point 
between the gripper and the package, where both contact surfaces were covered with protective 
film. During testing, the minimum and maximum values of the coefficient of friction were deter-
mined, amounting to μₛ,min = 0.300 and μₛ,max = 0.311, while the mean value is μₛ,avg = 0.305. The 
obtained results show low dispersion of values, which indicates high repeatability of mea-
surements and stable contact conditions between the gripper and the package. The low variability 
of the coefficient of friction confirms the reliability of the experimental method and enables its 
use as a relevant input parameter in the numerical model. The experimental results are shown in 
Fig. 9, where the experimental determination of compressor pressure and pressure in the pne-
umatic cylinder was performed with the aim of analyzing their relationship with the achieved 
gripping-force required for lifting the package. During testing, the operating pressure of the com-
pressor and the force exerted by the gripper on the package were continuously measured under 
real operating conditions. Based on the obtained data, it was possible to estimate the minimum 
pressure required for stable gripping without slipping. The experimental results are presented in 
the diagram. From the diagram, it can be observed that the compressor pressure (blue line) incre-
ases almost linearly over time up to approximately 4.1 bar, after which system stabilization oc-
curs. At the same time, the gripping-force (red line) increases progressively and reaches a value 
of approximately 72-74 N, which represents the maximum achieved force in the experiment. In 
the initial phase of operation (up to ~ 20 s), the force is very low due to insufficient pressure to 
achieve effective contact between the gripper and the package. After that, a rapid increase in force 
occurs, indicating a direct dependence of force on the pressure in the cylinder. 

In the final stage of the experiment, force saturation is observed, although the pressure slightly 
increases, which indicates the presence of losses in the system and limitations of the mechanical struc-
ture. Such behavior confirms real operating conditions of the pneumatic system, where an increase in 
pressure does not always lead to a proportional increase in force due to the influence of friction, de-
formations, and internal losses. The relationship between compressor pressure and gripping-force 
was experimentally determined in order to define the actual relationship between the input pneuma-
tic pressure and the force achieved by the gripper. During testing, the compressed air pressure and 
the corresponding force exerted by the gripper on the package were continuously measured. The 
experimentally obtained relationship between pneumatic pressure and the gripping-force exerted by 
the gripper on the package is presented in Fig. 10. 
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Fig. 9 Experimental variation of compressor pressure and gripping-force during package lifting 

 

 
Fig. 10 Gripping-force as a function of pneumatic-cylinder pressure 

 
During testing, the compressed air pressure and the corresponding force exerted by the grip-

per on the package were continuously measured. Based on the experimental data, it was possible 
to determine the functional dependence of force on pressure, as well as to evaluate the efficiency 
of the pneumatic system. The obtained results are presented in the diagram. From the diagram, a 
nearly linear relationship between compressed air pressure and gripping-force can be clearly ob-
served, which is confirmed by the linear regression defined by the expression 𝐹𝐹 =  22.152 𝑝𝑝 −
 17.535. The experimental points show high agreement with the regression line, which confirms 
a high correlation coefficient (𝑅𝑅² ≈ 0.998), indicating high measurement accuracy. In the initial 
region (below approximately 1 bar), the force is very small or negligible, indicating the existence 
of a system activation threshold due to mechanical and pneumatic losses. After this threshold, a 
stable and linear increase in force occurs with increasing pressure, where the force reaches values 
of approximately 70-75 N at a pressure of around 4 bar. Minor deviations of the experimental 
points from the regression line are caused by real effects such as friction in the cylinder, elastic 
deformations, and non-ideal contact conditions. Overall, the diagram confirms a reliable and pre-
dictable characteristic of the pneumatic system, which is crucial for precise control of gripping-
force in industrial conditions. 
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Each experimental condition (defined by a specific pressure level and contact configuration) 
was repeated a minimum of five times in order to ensure the reliability and repeatability of the 
obtained results. The reported gripping-force values represent the averages of the repeated mea-
surements, while the variation between trials remained within ± 3-5 %, indicating a high level of 
measurement consistency. 

The relatively low dispersion of the results confirms the stability of the experimental setup, as 
well as the reliability of the sensor system used for force and pressure measurements. This en-
sures that the obtained results are statistically representative and suitable for comparison with 
the numerical model. This level of repeatability is consistent with standard industrial mea-
surement practices. 

7. Discussion of numerical and experimental results 
The comparison between numerical and experimental results shows a high level of agreement in 
terms of the functional dependence between gripping-force and pneumatic pressure. Both 
approaches confirm a linear relationship, which validates the analytical model for engineering 
applications. The experimental results exhibit a high correlation coefficient (R² ≈ 0.998), confir-
ming the reliability and repeatability of the measurements. However, quantitative differences 
between the numerical and experimental results were observed, with the numerical model pre-
dicting higher force values. A systematic deviation of approximately 65-75 % was observed 
between the numerical and experimental models, depending on the operating pressure. For 
example, at a pressure of p ≈ 4 bar, the experimental force reaches approximately 70-75 N, while 
the numerical model predicts significantly higher values. These deviations are primarily caused 
by real system effects such as internal friction in the pneumatic actuator, mechanical losses in the 
transmission system, elastic deformations, and non-ideal contact conditions. The experimental 
results confirm that the actual gripping-force is lower than the theoretical value, which highlights 
the importance of model calibration for industrial applications. The introduction of a correction 
factor (𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≈ 0.30) improves the agreement between the numerical and experimental models. 
Despite these differences, the consistency of trends confirms the reliability and applicability of the 
developed model for engineering design and optimization of gripping systems. 
7.1 Model calibration and correction factor for industrial application 
In order to improve the agreement between the numerical model and experimental results, a ca-
libration procedure was performed based on the experimentally obtained relationship between 
gripping-force and pneumatic pressure. 

The experimental results show that the actual gripping-force can be described by a linear rela-
tionship: 

𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒 = 22.152 𝑝𝑝 − 17.535 (6) 
while the numerical model predicts a proportional relationship of the form: 

𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛 = 𝑘𝑘 ⋅ 𝑝𝑝 (7) 
Here, 𝑘𝑘 is the theoretical proportionality coefficient derived from the analytical gripping mo-

del. A comparison of the slopes of these functions reveals a significant discrepancy between the 
numerical and experimental results. This discrepancy is primarily caused by real system effects, 
including: 

• internal friction in the pneumatic cylinder,  
• mechanical losses in the lever transmission mechanism,  
• elastic deformation of the gripper structure,  
• non-ideal contact conditions between the gripper and the package.  
To account for these effects, a correction (calibration) factor is introduced: 

𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 =
𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒
𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛

 (8) 

Based on the experimental data, the average value of the correction factor is: 
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𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≈ 0.30 (9) 
The introduction of this correction factor enables more accurate prediction of gripping-force 

under real industrial operating conditions and significantly improves the applicability of the de-
veloped model in engineering design and optimization of pneumatic gripping systems. 
7.2 Analysis of the deviation between numerical and experimental results 
To quantitatively evaluate the deviation between numerical and experimental results, a relative 
error analysis was performed. The relative error is defined as: 

𝜀𝜀 =
∣ 𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛 − 𝐹𝐹𝑒𝑒𝑒𝑒𝑒𝑒 ∣

𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛
⋅ 100 % (10) 

Based on the experimental data, the average deviation between the numerical and experimen-
tal results ranges between 65 % and 75 %, depending on the operating pressure. The error dec-
reases slightly at higher pressures due to improved mechanical stability and reduced relative in-
fluence of friction losses. The main sources of error include: 

• nonlinear friction effects in the pneumatic actuator,  
• mechanical inefficiencies in the transmission system,  
• structural compliance of the gripper,  
• simplified assumptions in the analytical model.  

Despite these deviations, the consistent linear trend observed in both numerical and experi-
mental results confirms the validity of the model for engineering applications. From an engine-
ering perspective, the results indicate that direct use of the analytical model without calibration 
may lead to overestimation of the required gripping-force. The introduction of a correction factor 
enables more realistic system design, reduces energy consumption, and minimizes the risk of pro-
duct damage. This is particularly important in collaborative robotic applications, where excessive 
force may compromise safety and efficiency. 

Furthermore, by introducing the correction factor defined in Subsection 7.1, the numerical mo-
del can be reformulated in a calibrated form: 

𝐹𝐹𝑐𝑐𝑐𝑐𝑐𝑐 = 𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ⋅ 𝐹𝐹𝑛𝑛𝑛𝑛𝑛𝑛  (11) 
where 𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≈ 0.30 represents the experimentally determined correction coefficient. 

The application of the calibrated model significantly reduces the deviation between the nume-
rical and experimental results, bringing the relative error to a level acceptable for engineering 
applications. This confirms that the initially high deviation (65-75 %) is not a consequence of mo-
del inadequacy, but rather of simplified assumptions and unmodeled real system losses. There-
fore, the calibrated model provides a reliable basis for the design and optimization of pneumatic 
gripping systems in real industrial environments. To further generalize the applicability of the 
proposed system, the following considerations can be made: 

• Although the experimental validation was conducted on a specific type of packaged product, 
the proposed adaptive pneumatic gripper is designed to handle a wider range of package 
geometries, materials, and surface conditions. The gripper utilizes a mechanical two-finger 
configuration with adjustable stroke and pressure-controlled gripping-force, enabling 
adaptation to packages of different dimensions and masses. 

• The use of high-friction rubber contact surfaces (EPDM/NBR) allows stable gripping of va-
rious materials such as cardboard, plastic, and composite packaging commonly found in in-
dustrial and logistics environments. Variations in surface conditions, including smooth, co-
ated, or slightly irregular surfaces, are compensated through adjustment of the pneumatic 
pressure, which directly controls the applied gripping-force. 

• For regular-shaped packages (e.g., boxes and containers), the gripper ensures uniform force 
distribution and stable contact. However, for highly irregular, deformable, or very low-fric-
tion objects, the gripping performance may be limited, and alternative solutions such as va-
cuum or soft robotic grippers may be more suitable. 
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• These considerations indicate that the proposed system is applicable to a broad range of 
industrial packaging types while also clarifying its operational limitations, which will be 
further investigated in future research. 

8. Conclusion  
This paper presents the development, numerical modeling, and experimental validation of an 
adaptive pneumatic gripper for collaborative robotic palletizing applications. The proposed 
analytical model enables the determination of the optimal gripping-force as a function of package 
mass, friction coefficient, and contact conditions. Experimental results confirm a strong linear re-
lationship between pneumatic pressure and gripping-force, described by the relation 𝐹𝐹 =
 22.152 𝑝𝑝 −  17.535, with a high correlation coefficient (𝑅𝑅² ≈ 0.998), indicating excellent mea-
surement accuracy and system repeatability. The maximum experimentally obtained gripping-
force was approximately 70-75 N at an operating pressure of approximately 4 bar. Although qu-
antitative deviations between numerical and experimental results were observed (approximately 
65-75 %), these differences are attributed to real system effects, including pneumatic losses, 
mechanical friction, structural compliance, and non-ideal contact conditions. The introduction of 
a correction factor (𝑘𝑘𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≈  0.30) significantly improves the agreement between the model and 
experimental data, enabling more accurate prediction of gripping-force under real industrial con-
ditions. The developed system demonstrates reliable and stable performance in handling packa-
ges up to 10 kg, with optimized force control and reduced risk of slippage or product damage. The 
proposed methodology integrates analytical modelling, numerical optimization, and experimental 
validation. This approach provides a robust framework for the design and implementation of 
adaptive grippers in collaborative robotic systems. Future research will focus on the integration 
of real-time adaptive control strategies, sensor-based force regulation, and extension of the model 
to variable surface conditions and heterogeneous objects in dynamic industrial environments.  

The proposed approach provides a practical framework for the design and optimization of 
adaptive pneumatic grippers in real industrial environments and helps bridge the gap between 
theoretical modelling and industrial implementation. 

Although the experimental validation presented in this study focuses on short-term operation 
under controlled industrial conditions, the proposed adaptive pneumatic gripper is designed in ac-
cordance with standard industrial requirements for durability, repeatability, and continuous opera-
tion. The mechanical structure of the gripper, based on an aluminum frame and a pneumatic actua-
tion system, ensures high robustness and low susceptibility to wear under cyclic loading conditions. 

The use of industrial-grade components, including pneumatic cylinders and rubber contact 
surfaces, enables reliable operation in repetitive palletizing tasks typical for industrial environ-
ments. Furthermore, the observed high repeatability of experimental results and stable force–
pressure characteristics indicate that the system is capable of maintaining consistent perfor-
mance over extended operational cycles. 

However, long-term performance aspects such as component wear, fatigue, and maintenance 
requirements were not the primary focus of this study and will be addressed in future research 
through extended lifecycle testing under continuous industrial operation. 

These findings indicate that real-system effects, including pneumatic losses, mechanical fric-
tion, and structural compliance, significantly contribute to the deviation between numerical and 
experimental results, leading to an overestimation of the gripping-force in the analytical model. 
Therefore, for practical industrial application, the use of the calibrated model with the correction 
factor (𝑘𝑘_𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≈ 0.30) is essential to ensure accurate force prediction, avoid excessive gripping-
force, and enhance system efficiency and operational safety. 
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A B S T R A C T A R T I C L E   I N F O 
In metropolitan instant delivery systems, rising operational costs and poor de-
livery timeliness pose significant challenges. This study addresses these issues 
by investigating optimal order allocation and route optimization in a hybrid 
delivery system that integrates autonomous delivery vehicles (ADVs) with hu-
man riders. Analysis of historical order data indicates that inefficient order as-
signment between ADVs and riders is a major operational bottleneck. To ad-
dress this problem, a collaborative human-ADV delivery model is formulated 
with the objective of minimizing total logistics costs under constraints related 
to delivery time windows, vehicle capacity, and routing requirements. The pro-
posed model is applied to a real-world case involving QX Fresh Supermarket, 
comprising 80 orders and 16 community transfer points. An improved genetic 
algorithm is developed to solve the optimization problem efficiently. Empirical 
results for off-peak, normal, and peak periods show that the collaborative de-
livery approach significantly improves ADV utilization and reduces total deliv-
ery costs by more than 30 % without compromising timeliness. These findings 
provide both a sound theoretical basis and practical guidance for the advance-
ment of human-machine collaborative logistics. 
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1. Introduction
The global retail sector is undergoing a profound transformation toward the "New Retail" model, 
integrating online and offline channels to prioritize experiential consumption. The fresh grocery 
segment leads this trend, having demonstrated remarkable resilience in the post-pandemic pe-
riod. In 2024, the global fresh food retail market reached approximately USD 1.35 trillion, with 
projected annual growth of around 6 %. This surge is evident worldwide: in North America, plat-
forms such as Instacart and Amazon Fresh are reshaping consumption; in Europe, Ocado’s au-
tomated warehouses set new efficiency standards; and in Asia, Hema Fresh pioneers data-driven 
logistics. China, with a fresh grocery online penetration rate of 14.6 % in 2022, exemplifies this 
shift yet still faces the universal "last-mile" bottleneck: fragmented, high-frequency orders with 
tight delivery windows make traditional centralized distribution inefficient. 

Consequently, the logistics industry is transitioning toward Autonomous Delivery Vehicles 
(ADVs). In China, enterprises like Meituan and JD.com have achieved rapid growth in delivery vol-
umes, supported by policies promoting "vehicle-road-cloud integration." However, full 
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commercialization faces a severe "cost trap." While ADVs offer superior payload capacity and op-
erational continuity compared to riders, the marginal cost of resolving the final 1 % of complex 
driving scenarios (the "long-tail problem") remains prohibitive. Furthermore, the industry cur-
rently struggles with "diseconomies of scale," where current fleet sizes cannot yet offset high R&D 
and hardware costs. Fully autonomous systems still falter in complex urban environments, while 
traditional human delivery is constrained by rising labor costs and limited scalability. 

Therefore, a collaborative delivery model that integrates the flexibility of human riders with 
the cost-efficiency of ADVs presents a critical strategic direction. This study investigates order 
allocation and route optimization in a hybrid human-ADV delivery system in Chinese metropoli-
tan areas. By constructing a multi-constraint optimization model and solving it using an improved 
genetic algorithm, this study addresses the gap in operationalizing human-machine collaboration. 
It provides a theoretical framework for hybrid fleet management and offers actionable strategies 
to enhance efficiency and reduce operational costs by over 30 %, contributing to the sustainable 
development of urban logistics systems globally. 

2. Literature review  
This section systematically reviews and synthesizes the literature concerning three core research 
issues: human-machine collaboration, order allocation, and delivery route optimization, with the 
objective of identifying current research progress, limitations, and future directions. First, the hu-
man-machine collaboration perspective examines effective coordination mechanisms between hu-
man operators and intelligent systems. Second, order allocation strategies are analyzed with respect 
to their impacts on delivery efficiency. Finally, delivery route optimization approaches are evalu-
ated, with particular emphasis on algorithmic applications for enhancing distribution performance. 
Through this comprehensive literature review, the current study establishes a theoretical founda-
tion for subsequent model development and methodological improvements. 

2.1 Human-machine collaboration (HRC) 

HRC, which focuses on synergistic task execution between humans and robotic systems, is foun-
dational to modern logistics. Early research laid the theoretical groundwork, and recent advances 
have been driven by developments in artificial intelligence and sensor technologies. 

A critical challenge in HRC is dynamic task allocation. Traditional models often rely on prede-
fined rules, but recent studies emphasize adaptability. For instance, Alirezazadeh and Alexandre 
[1] developed a dynamic task scheduling framework that allows for real-time task reallocation in 
response to environmental changes. Furthermore, Wu et al. [2] presented a trust-based task allo-
cation method for human-robot collaboration, optimizing the assignment process by establishing 
a trust model between humans and robots. Ranz et al. [3] proposed a capability-based task allo-
cation approach that dynamically assigns tasks according to human and robot capabilities, 
thereby improving collaboration efficiency. 

Decision-making methodologies in HRC have evolved to support complex joint actions. Cai et 
al. [4] investigated collaborative decision-making for resource-constrained field inspection tasks, 
optimizing task execution under limitations. 

Ensuring safety and adaptability remains paramount. Studies have moved beyond physical 
safeguards to cognitive models. Yao et al. [5] developed a task reallocation algorithm incorporat-
ing dynamic fatigue assessment, enhancing operator safety by adjusting workloads based on real-
time states. Faccio et al. [6] further contributed by modeling variable robot speeds within task 
allocation, enabling finer control over collaborative efficiency. Zhao et al. [7] further emphasized 
the importance of safety in HRC and proposed an integrated task allocation framework balancing 
both safety and efficiency. Bruno and Antonelli [8] developed a dynamic task classification and 
allocation method that adapts task assignments based on task requirements and team capabilities 
to enhance collaborative performance. 

The application of HRC in industrial logistics is well-documented. Vahedi-Nouri et al. [9] ex-
tended this to reconfigurable manufacturing systems, presenting an optimized scheduling method 
for dynamic production needs. 
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While HRC has advanced significantly, it still faces limitations, including oversimplified human 
factor models, a lack of studies in multi-robot environments, and underexplored cross-domain 
applications. Xu et al. [10] investigated fairness concerns in symmetric manufacturing enterprises 
and found that such concerns exhibit heterogeneity, directionality, and reinforcement, which sig-
nificantly affect the stability of resource-sharing strategies. This provides a useful reference for 
understanding human-machine collaboration in manufacturing contexts. To overcome these lim-
itations, future research should focus on deeply integrating human cognition with machine intel-
ligence, thereby facilitating broader adoption across diverse and complex scenarios. 

2.2 Order allocation 

Order allocation, as a specific instantiation of task allocation in logistics, is critical for operational 
efficiency. Research has evolved from static models toward dynamic, multi-objective optimization 
frameworks. 

Multi-objective optimization is central to modern approaches, balancing conflicting goals such 
as cost, time, and service level. Sodenkamp et al. [11] incorporated collaborative effects into a 
multi-criteria decision model for supplier selection and order allocation. Xiang et al. [12] devel-
oped a multi-objective optimization model for order allocation within clustered multi-supply-
and-demand networks, optimizing for cross-network resource utilization. 

The application of intelligent algorithms has revolutionized this field. Zhang et al. [13] pro-
posed an improved adaptive variable neighborhood search algorithm to solve stochastic order 
allocation problems, enhancing robustness and solution efficiency. 

Dynamic and real-time allocation is essential for contemporary on-demand logistics. Huq et al. 
[14] utilized Long Short-Term Memory (LSTM) models to predict cross-regional food delivery de-
mand, informing real-time order allocation decisions to optimize service quality. In crowdsourced 
delivery, which is a highly flexible model, studies mainly focus on real-time matching. As empha-
sized by Silva et al. [15], optimizing last-mile operational models is key to reversing the trend of 
rising fuel costs and emissions caused by high delivery volumes. 

Seghezzi and Mangiaracina [16], and Seghezzi et al. [17] conducted in-depth economic analyses 
comparing crowdsourced logistics against traditional delivery models for B2C e-commerce. Their 
studies, utilizing cost models applied to Milan, demonstrated that crowdsourcing significantly re-
duces per-delivery costs for both express and multi-parcel services. Specifically, they identified 
cost savings of approximately 11 % compared to traditional vans, attributing this advantage to 
the operational flexibility and higher delivery success rates inherent in the crowdsourcing model. 

This study builds upon these foundations by formulating the order allocation problem between 
riders and ADVs as a dynamic, multi-objective optimization solved with a metaheuristic algorithm. 

2.3 Delivery route optimization 

The Vehicle Routing Problem (VRP) is the cornerstone of delivery optimization. This research fo-
cuses specifically on VRP with Time Windows (VRPTW), which is paramount for time-sensitive 
fresh grocery delivery. 

Research on VRP with Time Windows has diversified to model various real-world constraints. 
A key distinction is made between hard (infeasible to violate) and soft (violatable with penalty) 
time windows. Errico et al. [18] addressed a VRPTW with stochastic service times using a two-
stage stochastic programming model solved by a branch-cut-and-price algorithm, providing exact 
solutions for medium-scale problems. Ghannadpour et al. [19] tackled uncertainty by introducing 
fuzzy time windows in a multi-objective dynamic VRP solved with a genetic algorithm. 

The rise of collaborative and multi-modal delivery has introduced new VRP variants. Wang et 
al. [20] studied a two-stage location-routing problem with hard time windows, solved with an 
improved NSGA-II algorithm. 

In the context of two-echelon distribution network optimization, Jiao et al. [21] investigated 
the low-carbon multimodal vehicle logistics route optimization problem with timetable limits us-
ing Particle Swarm Optimization, demonstrating the synergistic effects of multimodal transporta-
tion in reducing both carbon emissions and costs. Furthermore, Xiao and Lan [22] proposed a two-
echelon drone-truck collaborative TSP-based routing model for humanitarian logistics with time 
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windows and stochastic demand, providing important methodological references for the two-
echelon human-robot relay delivery network in this study. 

Solving algorithms for these complex NP-hard problems are predominantly metaheuristic or 
hybrid in nature. Mohammed et al. [23] applied an improved genetic algorithm for campus bus 
routing. Huang et al. [24] used a genetic algorithm hybridized with local search (IGALS) for a 
VRPTW with simultaneous pickup and delivery. Hybrid approaches are particularly effective. 
Zhang et al. [25] combined an artificial bee colony algorithm with tabu search for cold chain logis-
tics VRP. Zhang et al. [26] established a single-objective model to minimize the maximum delivery 
time for emergency rescue, demonstrating that reducing waiting and transport times is essential 
for system effectiveness. Similarly, our study prioritizes strict delivery time windows to ensure 
the freshness and punctuality of instant orders. 

Li et al. [27] developed a cost model for drone-rider collaborative food delivery. By optimizing 
transfer station locations using genetic algorithms and conducting comprehensive cost analysis, 
they identified specific service radii where the total cost of collaboration undercuts the rider-only 
mode, providing crucial quantitative support for human-robot collaboration strategies. In metro-
politan environments, static path planning often fails to meet the strict timeliness requirements 
of instant delivery due to fluctuating traffic conditions. Li et al. [28] demonstrated the effective-
ness of integrating real-time traffic flow prediction into path planning algorithms. Similarly, our 
collaborative model accounts for dynamic travel times to optimize the interaction between riders 
and ADVs. To effectively manage the complexity of large-scale logistics networks (e.g., 120 nodes), 
decomposing the problem is often necessary. Zhang et al. [29] proposed a two-stage algorithm 
design that utilizes K-means clustering to group demand points before applying a genetic algo-
rithm for routing.  

Recently, Zhao et al. [30] published a study on synchronized deliveries with a bike and a self-
driving robot (TSPBR), a problem setting highly similar to the human-ADV collaborative model in 
this paper. Beyond this comparison, the novelty of our work lies in two aspects. First, operation-
ally, we address the practical limitations of current ADVs (short range, high empty-load rate, cha-
otic routes) by integrating them with riders into a unified delivery system that leverages comple-
mentary strengths. Second, algorithmically, we improve the genetic algorithm by redesigning the 
chromosome encoding scheme: unlike traditional encoding that includes only one rider type and 
uses the store as the separator, our scheme sequentially incorporates full-route riders, relay rid-
ers, and ADVs within one chromosome, with relay rider sub-paths separated by transfer points 
instead of the store. These distinctive features constitute the main novelty of this paper compared 
to existing two-echelon, relay, and collaborative routing studies. 

Recent studies have also explored customer-centric last-mile delivery optimization. Wang and 
Huang [31] investigated urban end-delivery paths considering consumers' delivery time prefer-
ences using an ALNS algorithm, showing that personalized delivery time services increase deliv-
ery costs by approximately 20 % while generating additional revenue. Zhao et al. [32] further 
studied the vehicle routing problem considering customers' multiple preferences (delivery time, 
location, and mode) and demonstrated that preference constraints significantly affect total deliv-
ery costs when the average preference probability exceeds 0.5. These studies highlight the im-
portance of incorporating customer preferences into last-mile delivery optimization, which aligns 
with the time window constraints considered in our human-robot collaborative model. 

In summary, while extensive literature exists on HRC, order allocation, and VRP individually, 
their intersection in the context of a human-ADV hybrid delivery system for fresh supermarkets 
remains underexplored. This research synthesizes concepts from these three streams to develop 
an integrated model and solution methodology for this emerging logistics paradigm. 

2.4 Unmanned delivery policies and development trends 

The global regulatory framework for unmanned delivery is rapidly evolving as nations seek to bal-
ance innovation with public safety concerns. The United States has adopted a decentralized ap-
proach in which the National Highway Traffic Safety Administration provides federal guidance 
while states like California and Texas have developed their own specific regulations governing au-
tonomous delivery vehicle testing and deployment. The European Union has implemented a 
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comprehensive Strategy on Automated Mobility that emphasizes standardization and cross-border 
testing compatibility, though its strict privacy regulations under the GDPR create additional compli-
ance requirements for drone operations. Japan stands out for its proactive legislative approach, hav-
ing formally revised its Road Traffic Act to explicitly accommodate unmanned delivery vehicles in 
public spaces. Singapore has emerged as a particularly progressive testing ground through initia-
tives like the TRUST trial framework and National Drone Initiative that actively encourage real-
world commercialization and even cross-border drone logistics experiments. These international 
policy developments demonstrate a spectrum of regulatory philosophies, ranging from cautious 
permission to active promotion, while addressing core concerns about safety, privacy, and inte-
gration with existing transportation systems. Some other countries have adopted a relatively loose 
regulatory approach, leaving the development of driverless and unmanned delivery to autonomous 
exploration by enterprises or local organizations, with the relevant policies, as shown in Fig. 1. 

 
Fig. 1 Domestic and foreign policies related to unmanned delivery industry 
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China has demonstrated a strong national commitment to developing its unmanned delivery 
sector through coordinated policy support and local implementation. The central government has 
established a clear strategic direction through a series of top-level policies that provide both guid-
ance and standards for industry development. Ji et al. [33] developed an evolutionary game model 
between government and automobile enterprises, demonstrating that reward and punishment 
policies significantly influence firms' transition to new energy production and that erroneous pol-
icy implementation can alter equilibrium outcomes. This finding highlights the importance of pol-
icy design in guiding industrial transformation. This national framework has been effectively op-
erationalized at the local level, with key cities including Beijing, Shanghai, and Shenzhen creating 
detailed implementation rules and designated zones for testing and demonstration operations. 
This multi-level governance approach has created a structured yet adaptable environment that 
supports technological advancement while maintaining oversight, reflecting China's methodical 
strategy for nurturing emerging technologies through policy-enabled ecosystems. 

Driven by falling costs and tech upgrades like V2X, the unmanned delivery market is surging, 
particularly in China. Application scenarios are expanding from food delivery to medical and cam-
pus logistics. Meanwhile, policymakers worldwide are refining regulations to support safe, large-
scale deployment. 

3. Mathematical model 
3.1 Problem statement and assumptions 

The optimization of last-mile delivery in China's major cities, characterized by high order density 
and complex logistics networks, presents significant challenges for contemporary retail models. 
To investigate these challenges in a concrete operational context within the Chinese market, this 
study selects QX Fresh Supermarket as a representative case for empirical analysis. This research 
addresses the last-mile delivery optimization problem for QX Fresh Supermarket within the new 
retail context. The supermarket operates on an “online order, offline delivery” model, featuring a 
hierarchical distribution network with a “single distribution center – multiple transfer points – 
multiple customers” structure, as shown in Fig. 2. Customers place orders via an online platform, 
specifying their expected delivery time windows, which are then fulfilled by the nearest store. 
 

 
Fig. 2 Schematic diagram of the distribution network structure 

 

Currently, QX Fresh Supermarket employs two delivery modes: 
1. Direct Rider Delivery: Riders collect orders from the store and deliver them directly to all 

customers before returning to the store. 
2. Human-Robot Relay Delivery: Unmanned delivery vehicles transport batches of orders to 

designated transfer points, where relay riders subsequently complete the delivery from the 
transfer point to the final customers. 
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However, significant issues exist in the current operation: order allocation between riders and 
unmanned vehicles relies heavily on experience, lacking systematic optimization. This results in 
low loading rates for unmanned vehicles, resource idling, and a failure to fully leverage their in-
herent cost advantages. Consequently, the core research problem is to scientifically allocate or-
ders to riders or unmanned vehicles while simultaneously optimizing their respective delivery 
routes, aiming to minimize the total distribution cost, all under the constraints of customer time 
windows and vehicle capacity. 

3.2 Parameters and decision variables 

The following fundamental assumptions are made to formulate the mathematical model: 

1. The travel speeds of unmanned vehicles and riders are constant and unaffected by traffic 
congestion. 

2. The demand, delivery location, and time window for all customer orders are known. 
3. A single order cannot be split and must be completed by the same delivery unit. 
4. Relay riders are immediately available for handover when unmanned vehicles arrive at 

transfer points, resulting in zero waiting time. 
5. The service time at customer points and transfer points is a fixed constant. 

 

Table 1 Parameters and decision variables 
Type Symbol Definition 

Model 
parameters 

𝑀𝑀 Set of customer points to be served, 𝑔𝑔, ℎ ∈ 𝑀𝑀 
𝑁𝑁 Set of transfer points, (𝑖𝑖, 𝑗𝑗 = 0 denotes the store) 𝑖𝑖, 𝑗𝑗 ∈ 𝑁𝑁 
𝐾𝐾 Set of autonomous delivery vehicles，𝑘𝑘 ∈ 𝐾𝐾 
𝑃𝑃 Set of full-route riders, 𝑝𝑝 ∈ 𝑃𝑃 
U Set of relay riders, 𝑢𝑢 ∈ 𝑈𝑈 
𝑄𝑄1 Maximum order capacity per autonomous vehicle 
𝑄𝑄2 Maximum order capacity per rider 
𝑞𝑞𝑗𝑗 The quantity of delivery orders reaching the transfer point 𝑗𝑗 
𝑣𝑣𝑘𝑘  Average delivery speed of autonomous vehicles 
𝑣𝑣𝑝𝑝 Average delivery speed of riders 
𝑒𝑒1 Per-kilometer delivery cost for autonomous vehicles 
𝑒𝑒2 Per-order delivery cost for full-route riders 
𝑒𝑒3 Per-order delivery cost for relay riders 
𝑒𝑒4 Loading cost per order for autonomous vehicles 
𝐷𝐷𝑖𝑖𝑖𝑖 the distance of the unmanned delivery vehicle from transfer point 𝑖𝑖 to transfer point 𝑗𝑗 
𝑑𝑑𝑔𝑔ℎ the distance from customer point 𝑔𝑔 to customer point ℎ for the rider 
𝐸𝐸𝐸𝐸𝑔𝑔 Earliest delivery time at customer 
𝐿𝐿𝐿𝐿𝑔𝑔 Latest delivery time at customer 

Auxiliary 
variables 

𝑡𝑡𝑖𝑖𝑖𝑖 The time it takes for the unmanned delivery vehicle to travel from transfer point 𝑖𝑖 to transfer 
point 𝑗𝑗,𝑡𝑡0𝑖𝑖represents the time it takes to travel from the store to transfer point 𝑖𝑖 

𝑡𝑡𝑔𝑔ℎ The time it takes for the rider to travel from customer point 𝑔𝑔 to customer point h,𝑡𝑡𝑜𝑜𝑜𝑜 indicates 
the time it takes to travel from the store to customer point 𝑔𝑔 

𝑡𝑡𝜆𝜆 Service time required by the rider at a single customer point 
𝑡𝑡𝜇𝜇 Service time required by the unmanned delivery vehicle at a single transfer point 

Decision 
variables 

𝑋𝑋𝑖𝑖𝑖𝑖𝑘𝑘  
Binary variable: 𝑋𝑋𝑖𝑖𝑖𝑖𝑘𝑘 = 1 if unmanned delivery vehicle 𝑘𝑘 travels from transfer point 𝑖𝑖 to transfer 
point 𝑗𝑗; 𝑋𝑋𝑖𝑖𝑖𝑖𝑘𝑘 = 0otherwise 

𝑌𝑌𝑔𝑔ℎ
𝑝𝑝  

Binary variable:𝑌𝑌𝑔𝑔ℎ
𝑝𝑝 = 1 if full-route rider p travels from customer point 𝑔𝑔 to customer point ℎ; 

𝑌𝑌𝑔𝑔ℎ
𝑝𝑝 = 0 otherwise 

𝑍𝑍𝑔𝑔ℎ𝑢𝑢  Binary variable: 𝑍𝑍𝑔𝑔ℎ𝑢𝑢 = 1 if shuttle rider 𝑢𝑢 travels from customer point 𝑔𝑔 to customer point ℎ; 
𝑍𝑍𝑔𝑔ℎ𝑢𝑢 = 0otherwise 

𝑊𝑊𝑖𝑖𝑖𝑖 Binary variable: 𝑊𝑊𝑖𝑖𝑖𝑖if customer point 𝑔𝑔 is served by transfer point 𝑖𝑖; 𝑊𝑊𝑖𝑖𝑖𝑖 otherwise 
𝑉𝑉𝑢𝑢𝑢𝑢 Binary variable: 𝑉𝑉𝑢𝑢𝑢𝑢 = 1 if shuttle rider 𝑢𝑢 serves customer point 𝑔𝑔; 𝑉𝑉𝑢𝑢𝑢𝑢 = 0 otherwise 

𝑅𝑅𝑖𝑖𝑘𝑘 Binary variable: 𝑅𝑅𝑖𝑖𝑘𝑘 = 1 if unmanned delivery vehicle 𝑘𝑘 serves transfer point 𝑖𝑖; 𝑅𝑅𝑖𝑖𝑘𝑘 = 0 otherwise 

It should be noted that Assumption 4 (zero waiting time at transfer points) is an idealized sim-
plification of reality. In practice, the temporal uncertainty of human behavior can significantly af-
fect collaboration efficiency. A potential approach to address this issue is to adopt a two-layer 
optimization framework combining offline pre-optimization with online reactive adjustment. In 
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future research, such a framework can be explored to incorporate stochastic waiting times at 
transfer point handovers into our model, enhancing its applicability in real dynamic environments. 

The model parameters, auxiliary variables, and decision variables are listed in Table 1. 

3.3 Model formulation 

The objective of this study is to minimize the total distribution cost, which primarily consists of 
three components: 

1. Unmanned vehicle transportation cost 𝐶𝐶1: Proportional to the total travel distance. 

𝐶𝐶1 = ���𝑒𝑒1𝐷𝐷𝑖𝑖𝑖𝑖𝑋𝑋𝑖𝑖𝑖𝑖𝑘𝑘
𝑁𝑁

𝑗𝑗=0

𝑁𝑁

𝑖𝑖=0

𝐾𝐾

𝑘𝑘=1

 (1) 

2. Unmanned vehicle loading cost 𝐶𝐶2: Proportional to the total number of orders delivered by 
unmanned vehicles. 

 

𝐶𝐶2 = ���𝑒𝑒4𝑊𝑊𝑖𝑖𝑖𝑖
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3. Rider delivery cost 𝐶𝐶3: Includes the costs of both direct riders and relay riders. 
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Thus, the total objective function is: 
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Eqs. 5-7 enforce flow conservation for unmanned delivery vehicles, ensuring they originate 
from and return to the distribution center while maintaining flow balance at transfer points. Sim-
ilarly, routing logic and path continuity for full-route and relay riders are defined by Eqs. 8-13. 
Service completeness is guaranteed by Eqs. 14-15, which mandate that each customer order is 
fulfilled exactly once by a single rider. Capacity constraints for ADVs, full-route riders, and relay 
riders are formulated in Eqs. 16-18, respectively. Eqs. 19-22 govern the temporal aspects, ensur-
ing arrival times fall within customer time windows and calculating travel duration between 
nodes. Finally, the logical dependencies between order assignment and routing variables are es-
tablished in Eqs. 23-24. 
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This formulation constitutes a complex Mixed-Integer Linear Programming (MILP) model, 
which is computationally intractable for large-scale instances when using exact methods. There-
fore, Section 4 presents an efficient metaheuristic algorithm to obtain high-quality solutions. 

4. Solution algorithm 
In terms of algorithm design, Ostermeier and Huf [34] studied the multi-vehicle truck-and-robot 
routing problem and proposed a specialized heuristic based on a novel neighborhood search. 
Their algorithmic framework provides a useful reference for the design of our Improved Genetic 
Algorithm (IGA). 
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 To build a suitable solution methodology, this section conducts an adaptability analysis of 
various intelligent optimization algorithms for the complex human-robot collaborative deliv-
ery problem. Han and Song [35] applied hybrid metaheuristic algorithms to robot path plan-
ning problems in shop-floor environments. Given the multiple nonlinear constraints in this 
problem, the genetic algorithm demonstrates greater applicability to the route optimization 
problem in this study than other intelligent algorithms, such as particle swarm optimization 
and simulated annealing, owing to its population-based search mechanism and strong global 
optimization capability. 

Accordingly, the main procedure of the Improved Genetic Algorithm is illustrated in Fig. 3. It 
iteratively evolves a population of solutions by simulating the processes of natural selection and 
genetics, ultimately converging towards an optimal or near-optimal solution. 

 

 
Fig. 3 Flowchart of the Improved Genetic Algorithm 

 
Step 1: Encoding and decoding  
Natural number encoding is adopted to represent the solution. The chromosome structure is de-
fined as a sequence, where [symbol] represents the distribution center, [symbol] denotes cus-
tomer nodes, and [symbol] denotes transfer points. During decoding, the algorithm sequentially 
reads the gene sequence and assigns tasks to full-route riders, ADVs, or relay riders by strictly 
verifying capacity and time window constraints. 
Step 2: Population initialization 
To ensure both population diversity and solution quality, a hybrid initialization strategy is imple-
mented comprising four sub-strategies: 

• Spatiotemporal clustering: Grouping orders with close geographical locations and overlap-
ping time windows. 

• Loading rate optimization: Prioritizing sequences that maximize vehicle capacity utilization. 
• Transfer point constraints: Ensuring relay orders are mapped to their feasible transfer ser-

vice scopes. 
• Random permutation: Introducing randomness to prevent the algorithm from getting 

trapped in local optima early. 
Step 3: Fitness function 
Since the objective is to minimize the total delivery cost, the fitness function is defined as the recip-
rocal of the objective function value to convert the minimization problem into a maximization one. 
Step 4: Genetic operators 
Selection: A hybrid mechanism combining tournament selection and roulette wheel selection is 
employed. This approach maintains sufficient selection pressure to preserve elite individuals 
while ensuring population diversity. 
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Crossover: The Order Crossover (OX) operator is utilized to generate offspring. By preserving 
the relative order of genes from parent chromosomes, OX helps maintain valid permutations in 
permutation-based encoding, although additional decoding and feasibility checks are still re-
quired to satisfy problem-specific constraints. The crossover probability is set to 0.8. 

Mutation: An adaptive Inversion Mutation operator is applied. Two gene loci are randomly se-
lected, and the sequence between them is reversed. This operation enhances the algorithm's local 
search ability. The mutation probability is initially set to 0.2 and adjusts adaptively based on pop-
ulation diversity. Păun et al. [36] successfully applied an improved multi-objective genetic algo-
rithm to optimize power consumption in flexible manufacturing systems. 

Although Zhang and Zhou [37] focused on factory AGV systems rather than urban instant delivery, 
their AIGC-enhanced MPC framework for dynamic congestion management still provides a useful 
methodological reference for extending our static IGA model toward dynamic, real-time scheduling. 

5. Numerical experiments 
5.1 Case setup 

To validate the effectiveness of the proposed model and algorithm, this study employs real oper-
ational data from an offline store of QX Fresh Supermarket in Beijing. The store's delivery service 
covers an area within a 3-kilometer radius. Experimental data consists of 80 orders placed within 
a 15-minute time window (10:00–10:15 AM) on a specific Saturday. This period ensures suffi-
cient order volume and wide geographical distribution, effectively covering the entire delivery 
area. For computational convenience, all time data were converted into timestamp format using 
Eq. 25. 
 

𝑇𝑇𝑛𝑛 = [𝑇𝑇0] +
(𝑇𝑇0 − [𝑇𝑇0]) × 100

60
 (25) 

 

The store's delivery network includes 16 pre-set transfer points. Travel distances and times 
between any two points were obtained using the Amap API to reflect real road conditions, rather 
than approximating them with Euclidean or Manhattan distances. The spatial distribution of the 
store, transfer points, and the 80 customer points is visualized in Fig. 4, where the red square 
represents the store, blue triangles represent transfer points, and green circles represent cus-
tomer points. 

 
Fig. 4 Customer point distribution diagram 

5.2 Parameter setting 

Experimental parameters were set based on field research and are categorized into model param-
eters and algorithm parameters, as detailed in Table 2. 
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Table 2 Model and algorithm parameters 
Parameter type Parameter name Parameter value 
Model parameters Unmanned vehicle speed 11 km/h 

Full-route rider speed 25 km/h 
Shuttle rider speed 25 km/h 
Unmanned vehicle capacity 16 orders 
Rider electric vehicle capacity 6 orders 
Unmanned vehicle loading cost  ¥0.5/order 
Unmanned vehicle travel cost  ¥0.2/km 
Full-route rider delivery fee ¥6/order 
Shuttle rider delivery fee ¥3/order 

Algorithm parameters Population size 80 
Crossover probability 0.8 
Mutation probability 0.2 
Iteration count 200 

5.3 Solution process and results 

The model was implemented in Python 3.11 and executed on a PC with a 13th Gen Intel i5 proces-
sor and 16 GB of RAM. The convergence process of the Improved Genetic Algorithm is shown in 
Fig. 5. The algorithm converged after approximately 20 generations, with the objective function 
value (total delivery cost) stabilizing at 341.9 CNY, demonstrating satisfactory convergence per-
formance. 

 
Fig. 5 Cost iteration graph 

The optimized delivery plan for the 80 orders is as follows: the task is completed collabora-
tively by 7 full-route riders, 19 transfer riders, and 6 unmanned delivery vehicles. Among these, 
20 orders are delivered directly by full-route riders, while the remaining 60 orders are delivered 
via the human-robot relay mode. Fig. 6 illustrates the final delivery routes, where cool-colored 
dashed lines represent full-route rider paths and warm-colored dotted lines represent transfer 
rider paths. 

The specific routes for the unmanned delivery vehicles are listed in Table 3. The results indi-
cate a relatively balanced order allocation across transfer points. The proposed scheme satisfies 
all customer time window constraints while achieving optimized delivery costs. 
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Fig. 6 Order delivery routes 

 
Table 3 Delivery routes of unmanned delivery vehicles 

Vehicle ID Delivery Route 
1 0-1-8-0 
2 0-2-3-0 
3 0-4-5-0 
4 0-6-7-0 

5.4 Sensitivity analysis 

To comprehensively evaluate the model's performance, additional scenarios with low (30 orders), 
regular (60 orders), and peak (120 orders) order volumes were tested. The human-robot collab-
orative delivery mode was compared with the traditional full-route rider delivery mode. The re-
sults are summarized in Table 4. 

Key findings include: 

• The human-robot collaboration mode effectively reduces delivery costs by 30-34 % across 
all order volume scenarios. 

• As the order volume increases, the average loading rate of unmanned vehicles significantly 
improves from 36 % during the low period to 70 % during the peak period, highlighting the 
economies of scale. 

• During the peak period, the average delivery load per transfer rider reaches 4 orders, indi-
cating optimized resource utilization. 

Table 4 Statistics on delivery conditions for different order volumes 
Order volume Original 

delivery 
cost (¥)  

Human-robot 
collaborative cost 
(¥) 

Cost 
reduction 
(%) 

Full-route 
rider orders
  

Shuttle 
rider 
orders 

Unmanned 
vehicles 
deployed 

Vehicle 
utilization 
rate 

30 orders 180 117.2 34 7 23 4 0.36 
60 orders 360 244.8 32 15 45 6 0.47 
120 orders 720 504.5 30 30 90 8 0.7 
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Fig. 7 Delivery routes for low volume (30 orders) 

 

 
Fig. 8 Delivery route map for regular volume (60 orders) 

 
The visualized delivery routes for the three scenarios are shown in Fig. 7 (Low), Fig. 8 (Regular), 

and Fig. 9 (Peak), respectively. 
This section investigates the impact of key resource configurations (number of transfer points, 

number of unmanned vehicles) on the total cost. Sensitivity analyses were conducted by varying 
these two parameters under different order volumes. 

Low Order Volume (30 orders): As shown in Table 5, the lowest total cost (117.2 CNY) is 
achieved with 4 transfer points and 4 unmanned vehicles. Considering resource conservation, us-
ing 4 transfer points and 2 vehicles slightly increases cost but significantly improves the vehicle 
loading rate. 

Regular Order Volume (60 orders): Table 6 shows that configuring 6 transfer points with 6 
vehicles, or 8 transfer points with 8 vehicles, are both cost-effective options. The key is to ensure 
that the number of vehicles is not less than the number of transfer points, while avoiding a signif-
icant surplus of vehicles. 

Peak Order Volume (120 orders): According to Table 7, configuring 8 transfer points and 8 
unmanned vehicles achieves the optimal cost (504.5 CNY) and the highest vehicle loading rate. 
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Fig. 9 Delivery route map for peak volume (120 orders) 

 
Table 5 Delivery cost for low order volume 

Cost of delivery for 30 orders  Unmanned vehicles deployed 
Number of transfer points 2 3 4 

2 121.4 121.4 121.4 
4 119.7 119.3 117.2 
6 - 120.1 118.4 

 
Table 6 Delivery cost for regular order volume 

Cost of delivery for 60 orders  Unmanned vehicles deployed 
Number of transfer points 4 6 8 

4 264 260.6 260.1 
6 251.5 244.8 246.4 
8 254 246.8 243.4 

 
Table 7 Delivery cost for peak order volume 

Cost of delivery for 120 orders  Unmanned vehicles deployed 
Number of transfer points 6 8 10 

6 523.4 521.6 517.2 
8 518.3 504.5 506.2 

10 515.6 517.3 512.3 

6. Conclusion  
This study establishes the core mechanism of human-robot collaborative delivery under static 
conditions, thereby providing a theoretical foundation for more complex dynamic extensions. 
Specifically, we address the last-mile delivery optimization problem for the fresh food retail sector 
by constructing a human-robot collaborative delivery model. Taking QX Fresh Supermarket as a 
case study, we formulate a multi-constraint optimization model that incorporates customer time 
windows, vehicle capacity constraints, and hybrid order allocation. To solve this NP-hard problem, 
we design an Improved Genetic Algorithm (IGA) that employs a natural number encoding scheme 
and adaptive genetic operators. 

Empirical experiments demonstrate that the proposed collaborative mode significantly out-
performs traditional rider-only models. Specifically, the hybrid approach achieves a total cost re-
duction of over 30 % across low, regular, and peak order volume scenarios. Sensitivity analysis 
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further reveals that the optimal configuration of unmanned vehicles and transfer points varies 
with demand density, highlighting the necessity of dynamic resource scheduling. 

The findings provide actionable strategies for urban logistics management. First, the adoption 
of Autonomous Delivery Vehicles (ADVs) effectively mitigates the "diseconomies of scale" associ-
ated with high labor costs in pure manual delivery, particularly for medium-distance, batch 
transport. Second, managers should move beyond static fleet sizing; dynamic deployment based 
on historical order density is crucial to balancing cost and efficiency. Finally, investing in intelli-
gent decision support systems is essential to replace experience-based scheduling, ensuring pre-
cise coordination between riders and ADVs. 

While this study validates the efficacy of human-robot collaboration, several avenues warrant 
further investigation. First, the current model focuses on one-way delivery; future research should 
integrate reverse logistics (e.g., returns) to better reflect complex operational realities. Second, 
although the IGA proved effective, this study does not include a systematic comparison with other 
metaheuristics. Comparative studies involving other metaheuristics (e.g., Ant Colony Optimiza-
tion and Large Neighborhood Search) could further validate the robustness of the algorithm. 
Lastly, extending the model from static, single-period optimization to dynamic, real-time schedul-
ing under stochastic demand remains a critical direction for future work. 
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