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With the rapid development of e-commerce in the field of fresh agricultural

products and the growing prominence of environmental issues, delivery

timeliness and low-carbon concepts are critical considerations in the

development of cold chain logistics. From the perspective of fourth-party

logistics (4PL), this paper studies the logistics services procurement auction

problem of fresh agricultural product logistics considering timeliness and

sustainability under demand uncertainty, aiming to achieve e�cient and

sustainable development of fresh agricultural product transportation through

collaborative cooperation among third-party logistics (3PL). To address

this problem, a two-stage stochastic model for winner determination with

timeliness and sustainability under uncertain demand in fresh agricultural

products logistics service procurement auction. The first stage determines the

winning 3PLs, while the second stage determines the transportation volume of

the 3PLs based on the decision results in the first stage. Through the sample

average approximation (SAA) technology, the proposed two-stage stochastic

programming is approximated as a mixed-integer linear programming model.

Since winner determination problem is NP-hard, the increasing number of

decision variables and demand scenarios poses challenges to the problem.

Based on Latin hypercube sampling approach, this paper reconstructs the

traditional SAA algorithm framework, and combines the dual decomposition

and Lagrangian relaxation algorithm to develop a sampling-based approximate

algorithm to solve the proposedmodel. The e�ectiveness of the proposedmodel

and algorithm is demonstrated through a real case from a logistics enterprise in

Shenzhen, China, revealing the complex coupling relationship between carbon

caps, time window sizes, and decision outcomes, thereby providing insights for

4PL management practices in fresh agricultural product transportation.
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1 Introduction

Recently, the rapid rise of e-commerce globally profoundly

changed the traditional retail pattern (Lu et al., 2025a). In the

fresh agricultural products (FAP) sector, transaction volume has

increased by more than 50% in the past five years and will

continue to expand in the future. This trend not only drives

a surge in consumption of FAP, but also poses unprecedented

challenges to the cold chain logistics system. Due to their perishable

nature and seasonal supply constraints, FAP significantly increase

consumer demand for diversity and immediacy. Immediacy is one

of the essential performance indicators that cannot be ignored in

agricultural product e-commerce logistics. Transportation delays

not only lead to economic losses, but may also cause food safety

issues, which in turn affects consumer trust and brand reputation.

According to data from the China Food Industry Association,

economic losses resulting from vegetable and fruit wastage have

surpassed 100 billion yuan (Luo et al., 2022; Chen et al., 2024).

Lukasse et al. (2023) also pointed out that about one-third of

global food losses occur. Meanwhile, global attention to sustainable

development is increasing. Cold chain transportation is one of

the main transportation methods for FAP. It not only consumes

a lot of energy, but also produces significant carbon emissions.

Compared to regular supply logistics, FAP supply logistics requires

significantlymore fuel consumption to sustain the low-temperature

environment within refrigerated vehicles (Kim et al., 2016; Bai

et al., 2022). According to the International Energy Agency, global

CO2 emissions from industrial production and energy combustion

increased by 12.7 billion tons from 2000 to 2023. 1 Among them, the

transportation sector contributes∼30% of global carbon emissions

(Bi et al., 2025).

With Lean operations as the main criterion, managers

can improve the cooperation profitability by selecting low-

cost suppliers and carriers (Fu et al., 2025). The recent rapid

development of third-party logistics (3PL) provides strong support

for cold chain transportation of FAP, which can effectively

enhance customer satisfaction and transportation efficiency of

FAP (Göl and Çatay, 2007; Singh et al., 2018). The direct

delivery model of 3PL can ensure “continuous transportation

chain” for FAP by simplifying the transportation process. However,

it is difficult for a single 3PL to realize resource integration,

resulting in high cold chain transportation costs. In addition,

enterprises rely on a single 3PL, which makes it difficult to

achieve efficient resource allocation and response capabilities in

the face of complex demand fluctuations and rapidly changing

market conditions. The proposal and development of fourth-party

logistics (4PL) provide new opportunities for the transformation

of cold chain logistics. As a supply chain integrator, the 4PL

can integrate the capabilities of multiple 3PLs, technologies, and

logistics resources, improve supply chain efficiency and achieve

efficient resource allocation. Unilever Southern Africa pointed

out that 4PL can help enterprises integrate logistics resources

to improve economic benefits and reduce carbon emissions

(Tao et al., 2017). Eva reduces transportation-related carbon

1 https://www.iea.org/data-and-statistics/charts/total-increase-in-

energy-related-co2-emissions-1900-2023

footprints by optimizing routes and consolidating freight.2 As

the largest 4PL platform in China, Cainiao Group improves

comprehensive green logistics solutions by collaborating with

multiple 3PLs. Accordingly, this paper investigates the logistics

service procurement (LSP) for FAP from the 4PL perspective,

with the objective of reducing transportation costs and enhancing

transportation efficiency through the integration of cold chain

transportation tasks and logistics resources. A key challenge in

LSP for FAP lies in selecting the most suitable 3PL among

the many available to effectively fulfill cold chain transportation

requirements. Auction is one of the most effective ways to achieve

resource procurement. Common auction mechanisms include

sequential auction mechanism, parallel auction mechanism, and

combinatorial auction mechanism, among which combinatorial

auction allows bidders to bid as packages in a single transaction

(Sandholm, 2002; Wu and Hao, 2015). Based on the combinatorial

auction mechanism, the application of the combinatorial reverse

auction (CRA) mechanism can further enhance procurement

efficiency and customer satisfaction. Consequently, this paper,

based on the CRA platform, aims to further optimize the utilization

efficiency of cold chain logistics resources and procurement

auctions for fresh produce enterprise to address a LSP auction

problem. Specifically, the 4PL, acting as the auctioneer, publishes

logistics demand through the auction platform, whereas the

3PLs, serving as bidders, submit detailed information such as

transportation capacity, environmental performance of refrigerated

vehicles, bid prices, and expected delivery timelines. The platform

employs the auction system to determine the winning 3PLs and

allocates cold chain transportation tasks to the selected providers

based on predefined requirements—a process known as the winner

determination (WD) problem, as shown in Figure 1.

To address the LSP auction problem for FAP, this study

investigates the WD problem within a CRA framework,

incorporating timeliness and sustainability considerations

under demand uncertainty from a 4PL perspective. A key

challenge is how to ensure the timeliness and sustainability of

FAP transportation with the introduction of multiple tasks and

multiple 3PLs. To this end, the study incorporates constraints

related to time windows for 3PL transportation and carbon

cap regulations. In response to this issue, a two-stage stochastic

programming (TS-SP) model is proposed to minimize total costs

under demand uncertainty. The first-stage decision determines

the winning 3PLs, while the second-stage decision determines

their respective shipping volumes. By applying the sample average

approximation (SAA) method, the TS-SP problem is approximated

as a mixed-integer linear programming (MILP) model. Since WD

problem is an NP-hard problem, the computational complexity

increases significantly with the number of decision variables

(Parkes et al., 2001). This paper reconstructs the SAA algorithm

framework based on Latin hypercube sampling (LHS), integrates

dual decomposition and Lagrangian relaxation (DDLR) algorithm,

and develops a sampling-based approximate algorithm to solve the

proposed model. A real case from Shenzhen, China is presented

to evaluate the effectiveness of the proposed model and algorithm.

The case analysis results reveal the complex coupling relationship

2 https://eva.guru/blog/amazon-3pl-logistics/
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FIGURE 1

The process of logistics service procurement auction for fresh agricultural product.

between carbon caps, time window sizes, and unit outsourcing

costs, thereby providing valuable management insights for 4PLs.

The main contributions of this study can be summarized

as follows:

• From the 4PL perspective, this paper presents a LSP auction

problem for FAP considering timeliness and sustainability

under demand uncertainty, with an emphasis on howmultiple

tasks and multiple 3PLs affect transportation timeliness

and sustainability.

• With the objective of minimizing the total cost, a TS-SP model

is developed and approximated as a MILP model using the

SAA method.

• The traditional SAA algorithm framework is reconstructed

using LHS, chi-square test and DDLR algorithm, thereby a

sample-based approximation algorithm is developed, which

provides a means to obtain the lower and upper bounds of the

optimal solution.

• The validity of the developed model and algorithm is

demonstrated by investigation a real case from Shenzhen,

China, which reveals the complex coupling relationship

between carbon cap, time window size and unit outsourcing

costs, providing management insights for 4PLs.

The structure of the paper is as follows. In Section 2, review

the related prior works to support the research innovation of

this paper. In Section 3, the relevant model is developed, and a

brief overview of the research problem is presented. In Section

4, a sample-based approximation algorithm is developed. Section

5 analyzes a real case to demonstrate the performance of the

algorithm and the effectiveness of the model, and provides some

management insights for managers. In Section 6, a brief summary

is given.

2 Literature review

This paper studies theWD problem in the LSP auction problem

for FAP with a focus on sustainability and timeliness under demand

uncertainty, from a 4PL perspective. Research on the WD problem

in transportation service procurement (TSP) and on supply chains

for FAP are closely related to the topic of this study. Accordingly,

this section reviews prior studies from these two perspectives.

2.1 Winner determination in transportation
service procurement

WD problem is one of the most effective means to achieve TSP.

Currently, many scholars conduct research on the WD within the

TSP. Based on the nature of demand, existing studies can be divided

into WD under deterministic and uncertain environments.

In the study of demand deterministic environments, many

scholars propose valuable research viewpoints and practical

applications related to associated issues, making significant

contributions to the development of WD problem. Reviewing

early relevant literature, Caplice and Sheffi (2003) proposed a

MILP model for WD that assigns lanes to designated carriers.

Subsequently, Sheffi (2004) found that applying a combinatorial

auction mechanism to TSP could reduce management costs for

businesses. Guo et al. (2006) focused on incorporating non-price

objectives of shippers and the transfer point costs of carriers.
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They introduced minimum and maximum allocation constraints

for carriers to establish an integer programming model. Rekik and

Mellouli (2012) established a WD model based on bid prices and

reputation attributes. Their findings demonstrated that focusing

on carrier reputation could effectively reduce transportation costs.

Yang et al. (2019) developed a MILP model that focuses on

shipment volume discounts, utilizing an iterative algorithm to

help shippers make better decisions. Yang and Huang (2021)

concentrated on discounts related to transportation distance and

volume, proposing a mixed-integer non-convex programming

model. They employed a superior encoding formulation to avoid

imbalances in the pruning tree during solving, as well as to

reduce big-M constraints to accelerate solution time. Additionally,

many scholars combine WD with other issues. For instance,

Triki (2021) addressed the selection of temporary drivers as a

WD problem while focusing on the vehicle routing, effectively

reducing transportation and outsourced driver costs. Under the

subsidized routes, Kinene et al. (2022) first established an airline

bid preparation model and then utilized WD to obtain reasonable

solutions based on predefined evaluation criteria. Triki et al.

(2020) was the first to combine production scheduling with WD,

creating a MILP that incorporates delivery time constraints. In

the matching problem for shippers and carriers in last-mile B2B

delivery, Lau and Li (2021) included time window constraints in

their proposed MILP model, solving small-scale problems using

branch-and-cut methods and large-scale instances with an adaptive

large neighborhood search approach. In a crowdsourced urban

package delivery system, Kafle et al. (2017) decomposed the overall

problem intoWD and a synchronized delivery and pickup problem

with time windows, iteratively solving both problems using a Tabu

search method. Zhu and Wang (2023) described WD as a profit-

maximizing order acceptance and scheduling problem with time

window constraints on identical parallel machines, developing a

algorithm based on Lagrangian relaxation techniques to solve it.

The above studies mainly focus on the WD under deterministic

demand environments, with insufficient exploration of uncertainty.

Without loss of generality, there are usually many uncertain

events in the actual practice of TSP, such as customer demand

uncertainty and transportation capacity uncertainty, which can

easily lead to serious economic losses to the logistics and

transportation system. Therefore, considering uncertain events

can improve the efficiency of logistics services and enhance

the decision-making efficiency of solving solutions. Considering

transportation volume uncertainty, Ma et al. (2010) used

commercial solving software to address a TS-SP model based on

combinatorial auctions. Zhang et al. (2014) proposed a sampling-

based TS-SP model and used a Monte Carlo sampling (MCS)

approximation algorithm to solve it. Subsequently, Zhang et al.

(2015) developed a tractable two-stage robust optimization (TS-

RO)model and used a data-driven method to describe multifaceted

uncertainty sets. Remli and Rekik (2013) studied a TS-RO model

and solved it using a constraint generation (CG) algorithm. In

their earlier model, Remli et al. (2019) considered transportation

capacity uncertainty and enhanced the convergence speed of the

CG algorithm through multiple improvement strategies. Qian

et al. (2020) presented a disruption risk mitigation strategy

in their proposed TS-SP model and effectively addressed a

large number of complex scenarios using scenario reduction

techniques. Yin et al. (2021) investigated the impact of changes

in quantity discounts on decision outcomes under disruption

risk. Subsequently, Qian et al. (2021) investigated a WD problem

that considers sustainability and responsiveness under disruption

risk, employing a scoring method to evaluate the sustainable

attributes of 3PL to ensure the sustainable development of

TSP. By integrating the schedules of different shipping carriers,

Lee et al. (2021) utilized a CG algorithm to solve a TS-RO

problem that considers non-probabilistic demand uncertainty,

thereby aiding shippers in making better decisions. Based on

multi-attribute decision-making methods, Qian et al. (2023b)

created a TS-SP model that incorporates outsourcing options

under demand uncertainty, selecting a superior 3PL by evaluating

their sustainability and flexibility. Subsequently, in the context of

quantity discounts and demand uncertainty, Qian et al. (2023a)

transformed a TS-SP model into an equivalent deterministic

MILP problem using SAA and linearization techniques. Under the

uncertainty of transportation volume, Li et al. (2023) proposed

a TS-RO model introducing basic risk index and procurement

budget, and converted it into a MILP problem through linear

decision rules and dual theory. Yin et al. (2025) explored a WD

problem under the double uncertainty of disruption risk and

demand. The aforementioned literature mainly focuses on the

management of transportation volume uncertainty and disruption

risk uncertainty, whereas limited research has been conducted on

carbon emission management and time window constraints under

demand uncertainty.

2.2 Green supply chain for fresh
agricultural products

FAP is an essential food in people’s daily lives, and many

scholars have conducted research on the FAP supply chain

(Agustina et al., 2014; Sun et al., 2022; Tan et al., 2023; Zhang

et al., 2020; Shi et al., 2025; Anand and Barua, 2022; Wang et al.,

2023). As consumers and governments increasingly focus on the

development of a low-carbon economy, environmental factors

become an important concern in the FAPSC (Yadav et al., 2022).

As Parashar et al. (2020) points out, reducing carbon footprints

is a pressing global issue. Validi et al. (2014) proposed a

optimization model that minimizes total costs while reducing CO2

emissions during transportation. Bortolini et al. (2016) constructed

a distribution planner that considers carbon footprint, execution

costs, and delivery time objectives and solves the optimization

problem of FAP distribution networks. Guo et al. (2017) proposed

a reverse and forward logistics network and path planning model

for FAP e-commerce enterprises with a focus on low carbon.

In the design of imported FAP green cold chain network, Fang

et al. (2018) developed a multi-objective model with balancing

total cost and carbon emissions as competing objectives. In

the sustainable hub location-vehicle scheduling problem, Musavi

and Bozorgi-Amiri (2017) focus on optimizing the total carbon

emissions of vehicles and transportation costs. Yakavenka et al.

(2020) focused on sustainable supply chain network design and
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proposed a MILP model with cost and emission minimization.

Pratap et al. (2022) studied the carbon footprint, time window

constraints, and production capacity. They created a logistics

route planning model to minimize carbon emissions. Wu et al.

(2023) studied the green vehicle routing problem for delivery FAP

and developed a k-means clustering optimization algorithm to

solve it. In the design of green forward and reverse supply chain

networks, Fathollahzadeh et al. (2024) studied a TS-SP model with

the objectives of minimizing carbon emissions and maximizing

profits. Based on the framework of Objectives, Goals, Strategies,

Measures, Lu and Yu (2024) developed a multi-objective model

for partner selection considering carbon emissions. This model

seeks to reduce carbon emissions, enhance the quality of FAP,

and maximize profits. Govindan et al. (2014) considered carbon

emission cost decisions in their proposed multi-objective model,

introducing a location-routing problem with time windows. Zulvia

et al. (2020) studied a green vehicle routing model that optimized

carbon emissions and customer satisfaction while considering time

window constraints and the impact of working hours during

peak and off-peak periods. Chen et al. (2020) focused on the

environmental factors of carbon emissions in a vehicle routing

problem with time windows. Chen et al. (2019) proposed a route

optimization model for cold chain distribution that incorporates

quality deterioration costs and carbon emissions. The research on

FAP supply chain management primarily focuses on issues such as

network design, route optimization, and facility location, with in-

depth studies on time windows and carbon regulations. However,

research on using the WD problem to solve the LSP for FAP is

not common.

2.3 Research gaps

The above literature review is summarized in Table 1, from

which several research gaps can be identified. First, although

stochastic WD problems have been investigated by scholars, most

focus on transportation volume uncertainty and disruption risk,

with relatively limited attention given to demand uncertainty.

Second, research that simultaneously considers sustainability

and timeliness in decision-making remains limited, with most

existing studies addressing only one of these aspects. Third, while

there have been studies on cold chain logistics for FAP, few

scholars have integrated the WDP into the LSP auction problem

for FAP.

In this regard, based on the CRA mechanism and the 4PL

perspective, this paper investigates the LSP auction problem for

FAP under demand uncertainty, focusing on the timeliness and

sustainability. Furthermore, a WD problem with time window

constraints and a carbon cap strategy is proposed. To solve

the complex TS-SP model with coupling characteristics, this

paper reconstructs the traditional SAA algorithm framework using

LHS, the chi-square test and DDLR algorithms. A real case

from Shenzhen, China is applied to demonstrate the applicability

of the proposed model and the algorithm, and to reveal the

complex coupling between carbon caps, time window sizes

and unit outsourcing costs, which provides managerial insights

for 4PLs.

3 Problem description and model

This paper assumes that the logistics tasks of fresh produce

as lanes, with their origins and destinations represented as nodes.

Lu et al. (2025b) pointed out that “scenarios” can be applied to

the domains of food safety and produce transportation. Therefore,

demand uncertainty is represented by a set of scenarios in this

study. Additionally, each bidding package submitted by 3PLs

includes a bid price to aid the platform in selecting potential

logistics service providers and is subject to constraints defined

by Rmin and Rmax, which specify the minimum and maximum

number of 3PLs that can be selected. When a 3PL is selected to

undertake logistics tasks, it must pay a fixed cost hm to the platform,

which covers platform usage fees, refrigerated vehicle maintenance,

and driver rental, among other operational costs. In addition to

introducing a time window constraint (Tmin
d

, Tmax
d

) to regulate

the timeliness of winning 3PLs, a carbon emission factor is also

assigned to each bidding 3PL to support 4PLs in managing carbon

emissions. A carbon cap Ccap is defined to represent the maximum

volume of carbon emissions that a company is permitted to release.

If demand cannot be fulfilled by the winning 3PLs, temporarily

outsourced 3PLs (those not involved in the auction) may be used to

ensure customer satisfaction. The usage cost ed of these temporary

providers can be varied in response tomarket fluctuations or special

conditions. Notably, the carbon emissions of these providers are

not included in the enterprise’s carbon management. To address

this issue, a two-stage WD model is proposed under demand

uncertainty, incorporating time window constraints and a carbon

cap strategy, with the objective of minimizing total cost. For ease of

understanding, a description of the sets, parameters, and decision

variables involved in the model is provided in Table 2.

(P1): The first stage problem

min
∑

m∈M

∑

e∈Em

hmzme + Eτ [f (z, y,ϕ, τ )]

s.t.
∑

e∈Em

zme ≤ 1, ∀m ∈ M (1)

∑

m∈M

∑

e∈Em

zme ≤ Rmax (2)

∑

m∈M

∑

e∈Em

zme ≥ Rmin (3)

Tmin
d ≤ (1− adme)T

min
d

+ adme((1− zme)T
min
d

+ zmeνdme),

∀d ∈ D, ∀m ∈ M, ∀e ∈ Em (4)

Tmax
d ≥ (1− adme)T

min
d

+ adme((1− zme)T
min
d

+ zmeνdme),

∀d ∈ D, ∀m ∈ M, ∀e ∈ Em (5)

zme ∈ {0, 1} , ∀m ∈ M, ∀e ∈ Em (6)

The second stage problem

f (z, y,ϕ, τ ) =
∑

m∈M

∑

e∈Em

yme(τ )tme +
∑

d∈D

edϕd(τ )

s.t.
∑

m∈M

∑

e∈Em

admeyme(τ )+ ϕd(τ ) = vd(τ ), ∀d ∈ D, ∀τ ∈ T (7)

zmeLTme ≤ yme(τ ), ∀m ∈ M, ∀e ∈ Em, ∀τ ∈ T (8)

zmeUTme ≥ yme(τ ), ∀m ∈ M, ∀e ∈ Em, ∀τ ∈ T (9)
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TABLE 1 Summary of literature related to WD problem in TSP.

Model nature Characteristic Solution method

Articles Deterministic Stochastic Sustainability Timeliness Exact Heuristic/
Approximation

Special
specification

Guo et al. (2006) X X Non-price objectives

of shippers

Ma et al. (2010) X X Transportation

volume uncertainty

Rekik and

Mellouli (2012)

X X Reputation

attributes

Remli and Rekik

(2013)

X X Transportation

volume uncertainty

Zhang et al.

(2014, 2015)

X X Transportation

volume uncertainty

Kafle et al. (2017) X X X Synchronized

delivery and pickup

Remli et al.

(2019)

X X Uncertain capacity

Yang et al. (2019) X X Quantity discount

Triki et al. (2020) X X X Production

scheduling

Qian et al. (2020) X X Disruption risk

Qian et al. (2021) X X X Sustainable and

responsive concerns

Lau and Li (2021) X X X X Last-mile B2B

delivery

Yang and Huang

(2021)

X X Distance and

volume discount

Lee et al. (2021) X X Demand uncertainty

Yin et al. (2021) X X Quantity discount,

disruption risk

Triki (2021) X X X X Crowd shipping

Zhu and Wang

(2023)

X X X Order acceptance

and scheduling

Li et al. (2023) X X Transportation

volume uncertainty

Triki et al. (2023) X X X Discount on early

shipments,

Green reputation

Yin et al. (2025) X X Disruption risk,

Demand uncertainty

This work X X X X LSP of FAP, demand

uncertainty,

time windows,

carbon cap

∑

m∈M

∑

e∈Em

yme(τ )κme ≤ Ccap, ∀τ ∈ T (10)

Gzme ≥ yme(τ ), ∀m ∈ M, ∀e ∈ Em, ∀τ ∈ T (11)

yme(τ ) ≥ 0, ∀m ∈ M, ∀e ∈ Em, ∀τ ∈ T (12)

ϕd(τ ) ≥ 0, ∀d ∈ D, ∀τ ∈ T (13)

Based on the notation and problem description, the LSP

auction problem for FAP presented in this paper can be structured

as a two-stage model (P1), with an objective function that

represents the minimization of the total cost, and includes fixed

costs and expected operating costs. In particular, the expected

operating cost mainly involves the transportation cost of the

winning 3PLs and the outsourcing cost incurred by the temporarily

outsourced 3PLs. The specific meanings of the constraints are

as follows. Equation 1 ensures that the winning 3PL can be

selected for at most one FAP task package. Equations 2, 3

guarantee the maximum and minimum number of winning 3PLs.

Equations 4, 5 guarantee the shortest and longest transportation
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TABLE 2 Notations and descriptions of the model.

Sets

M Set of 3PL for FAP

Em Set of FAP packages from 3PL

D Set of Logistics lanes

S Set of uncertain scenarios

Parameters

hm Fixed costs between 4PL and 3PLs, ∀m ∈ M

Rmin Minimum number of winning 3PLs through CRA

Rmax Maximum number of winning 3PLs through CRA

LTme Minimum transportation volume of FAP for potential 3PLs,

∀m ∈ M, ∀e ∈ Em

UTme Maximum transportation volume of FAP for potential 3PLs,

∀m ∈ M, ∀e ∈ Em

Tmin
d Minimum transportation time for 3PL to perform tasks on the

logistics lane,∀d ∈ D

Tmax
d Maximum transportation time for 3PL to perform tasks on the

logistics lane, ∀d ∈ D

ed Unit outsourcing costs for outsourcing 3PL without using CRA,

∀d ∈ D

tme Bid price of potential 3PL for unit transportation costs,

∀m ∈ M, ∀e ∈ Em

κme Unit carbon emissions of potential 3PL, ∀m ∈ M,∀e ∈ Em

Ccap Carbon cap, which is the maximum carbon emissions that a 4PL is

allowed to release

adme 0-1 auxiliary matrix, 1 means the demand of FAP for potential 3PL

transportation is on the lane, otherwise it is not,

∀d ∈ D,∀m ∈ M, ∀e ∈ Em

vdme Auxiliary matrix, the value refers to the execution time of the

potential 3PL transportation of FAP task,

∀d ∈ D,∀m ∈ M, ∀e ∈ Em

Stochastic parameters

vd(τ ) Customer demand for FAP, ∀d ∈ D,∀τ ∈ T

yme(τ ) The transportation volume of FAP handled by the winning 3PL

through CRA,

∀m ∈ M, ∀e ∈ Em , ∀τ ∈ T

ϕd(τ ) The transportation volume of FAP handled by outsourced 3PLs

outside of CRA,

∀d ∈ D,∀τ ∈ T

T Stochastic demand vector

Decision variables

zme 0–1 variable, 1 means the potential 3PL with the package of FAP

wins, otherwise no, ∀m ∈ M, ∀e ∈ Em

times for the winning 3PLs transporting FAP. Equation 6 represents

the constraints for the 0–1 integer decision variables. Equation 7

ensures that both the winning 3PL and the outsourced 3PL can

complete the transportation tasks for FAP issued by the 4PL.

Equations 8, 9 ensure the minimum and maximum shipment

volumes for the 3PL selected through CRA. Equation 10 represents

that the total carbon emissions of all winning 3PLs do not

exceed the allocated carbon cap. In Equation 11, G is a sufficiently

large number to ensure that there are sufficient selected 3PLs to

accomplish the task of transportation of FAP. Equations 12–13

denote the non-negativity constraints.

(P2)

min
∑

m∈M

∑

e∈Em

hmzme +
1
N

N
∑

w=1

[

∑

m∈M

∑

e∈Em

ymewtme +
∑

d∈D

edϕdw

]

s.t.
∑

e∈Em

zme ≤ 1, ∀m ∈ M (14)

∑

m∈M

∑

e∈Em

zme ≤ Rmax (15)

∑

m∈M

∑

e∈Em

zme ≥ Rmin (16)

Tmin
d ≤ (1− adme)T

min
d + adme((1− zme)T

min
d + zmeνdme),

∀d ∈ D, ∀m ∈ M, ∀e ∈ Em (17)

Tmax
d ≥ (1− adme)T

min
d + adme((1− zme)T

min
d + zmeνdme),

∀d ∈ D, ∀m ∈ M, ∀e ∈ Em (18)
∑

m∈M

∑

e∈Em

admeymew + ϕdw = vdw, ∀d ∈ D, ∀w ∈ S (19)

zmeLTme ≤ ymew, ∀m ∈ M, ∀e ∈ Em, ∀w ∈ S (20)

zmeUTme ≥ ymew, ∀m ∈ M, ∀e ∈ Em, ∀w ∈ S (21)
∑

m∈M

∑

e∈Em

ymewκme ≤ Ccap, ∀w ∈ S (22)

Gzme ≥ ymew, ∀m ∈ M, ∀e ∈ Em, ∀w ∈ S (23)

ymew ≥ 0, ∀m ∈ M, ∀e ∈ Em, ∀w ∈ S (24)

ϕdw ≥ 0, ∀d ∈ D, ∀w ∈ S (25)

zme ∈ {0, 1} , ∀m ∈ M, ∀e ∈ Em (26)

Due to the difficulty in obtaining the probability density

function of f (z, y,ϕ, τ ), the aforementioned TS-SP model cannot

be directly reformulated as a deterministic model. According

to Yin et al. (2024), the SAA method proposed by Kleywegt

et al. (2002) effectively transforms stochastic programming models

into deterministic equivalents. By using N discrete samples to

replace the continuous distribution, the stochastic model can be

approximated as a MILP model, denoted as P2.

Notably, P2 is a MILP problem, which can be directly solved

using commercial optimization software such as CPLEX. However,

as the number of scenarios increases, the computational complexity

of solving the problem increases significantly. Therefore, in the

next section, an approximate algorithm is proposed to obtain the

lower and upper bounds of the model based on the DDLR and

SAA methods.

4 A sampling-based approximate
algorithm

In this section, the LHS method is applied to improve

the solution framework of the traditional SAA algorithm, while

embedding the DDLR algorithm to improve the efficiency of

model solving. The first problem to be solved in the SAA

method is how to obtain samples. Although the traditional SAA
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FIGURE 2

Specific details and processes of di�erent algorithms.

method using MCS method can identify suitable parameters to

improve the performance of the algorithm, it requires substantial

computational resources (Fu et al., 2024). According to Yin et al.

(2024), the LHS method can achieve the same or even better

results than the MCS method with only 1/5 of the sample size.

Another problem is how to determine the number of samples.

Traditional SAA methods typically set the sample size randomly

and determine the optimal sample size through extensive numerical

testing. However, the randomness of the sample size reduces the

efficiency of the SAA algorithms and increases the instability

of the solution quality. In this paper, the chi-square test is

applied to replace the repeated tests to determine the optimal

sample number N to improve the efficiency of obtaining the

upper bound of the optimal solution of the problem model, and

a detailed comparison between the traditional SAA algorithm

and the proposed approximate solution algorithm is shown

in Figure 2.

Specifically, Section 4.1, an algorithm for determining a upper

bound is provided, Section 4.2, an algorithm for determining a

lower bound is provided, and Section 4.3 provides a formula for

determining the gap.

4.1 Upper bound determination

First, LHS is used to obtain sample data, and the optimal sample

size Ñ is determined based on the P-value and the chi-square

value in the chi-square test. Then, problem P2 is solved based on

the sample size Ñ, and the corresponding optimal solution Z̄∗ is

recorded. Given N̄, N̄ ≫ Ñ, substitute Z̄∗ and Ñ back into problem

P2, and P2 can be reduced to the following linear programming

(LP) problem:

LN̄
(

Z̄∗
)

= hZ̄∗ +
1

N̄

N̄
∑

w=1





∑

m∈M

∑

e∈Em

ymewtme +
∑

d∈D

edϕdw





Here, hZ̄∗ is a fixed constant, so the above LP can be further

decomposed into Ñ subproblems to enhance computational

efficiency. The w-th subproblem is expressed as follows:

(P2S)

LSw
(

Z̄∗
)

=
∑

m∈M

∑

e∈Em

ymewtme +
∑

d∈D

edϕdw
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Then, LN̄
(

Z̄∗
)

= hZ̄∗ + 1
N̄

N̄
∑

w=1
LSw

(

Z̄∗
)

is an unbiased

estimator of an upper bound for P1. Let S2
Ñ
(Z̄∗) denote the variance

of LÑ(Z̄
∗), and its corresponding sample variance can be calculated

using the formula provided below.

σ 2
N̄
=

1

N̄
S2
N̄
(Z̄∗) (27)

4.2 Lower bound determination

Generate X samples of size N, and based on the sample N,

solve problem P2 repeatedly X times, recording the corresponding

objective function values L̄xN , x = 1, 2, . . . ,X. The sample variance

and mean can be calculated using the following formulas.

L̂N,X =
1

X

X
∑

x=1

L
x
N (28)

σ̂ 2
LN,X

=
1

X(X − 1)

X
∑

x=1

(

L
x
N − L̂N,X

)2
(29)

L̂N,X is a point estimate of a lower bound for P1. Since P2 is an

MILP problem, we can solve P2 using commercial software such

as CPLEX. However, as the number of constraints and decision

variables increases, the computational efficiency will decrease.

According to the work by Yin et al. (2024), we can improve

computational efficiency by using the DDLR algorithm with an

improved step size.

The main idea of Lagrangian relaxation and dual

decomposition methods is to decompose P2 into N independent

subproblems. Let ẐT
w ,w = 1, 2, · · · ,N represent the decision

variables of the subproblems after decomposition. The unexpected

constraints must be added to the model so that the decomposed

problem is equivalent to the original problem, which is as follows:

(P3)

min
1

N

N
∑

w=1





∑

m∈M

∑

e∈Em

hmzmew +
∑

m∈M

∑

e∈Em

ymewtme

+
∑

d∈D

edϕdw

]

s.t.

ẐT
w = ẐT

w+1,w = 1, 2, . . . ,N − 1 (30)

Constraints: (14)− (26)

According to the work by Yin et al. (2024), we can infer that

Equation 30 can be expressed in the following form.

N
∑

w=1

Pw(Ẑ
T
w)

T
= 0 (31)

Where Pw is an auxiliary matrix composed of the identity matrix

and zero matrix, and its specific form can be found in the work by

Yin et al. (2024). Let λ denote the Lagrange multipliers, then the

Lagrangian relaxation of problem P3 is formulated as follows:

(LR)

LR(λ) = min
1

N

N
∑

w=1





∑

m∈M

∑

e∈Em

hmzmew +
∑

m∈M

∑

e∈Em

ymewtme

+
∑

d∈D

edϕdw

]

+ λ
T

N
∑

w=1

Pw(Ẑ
T
w)

T

LR(λ) can be decomposed into multiple independent

subproblems, and its specific form given by the following formula.

(LRQ)

LRw(λ) = min
1

N





∑

m∈M

∑

e∈Em

hmzmew +
∑

m∈M

∑

e∈Em

ymewtme

+
∑

d∈D

edϕdw

]

+ λ
T
Pw(Ẑ

T
w)

T

The corresponding Lagrangian dual problem can be

expressed as.

(LDP)

LDP (λ) = max
λ

LR (λ)

Since the Lagrangian dual problem is a concave, non-

differentiable, and unconstrained optimization problem, the

subgradient algorithm can be employed to solve it effectively.

However, the convergence speed is related to the size of the

step size. If the step size is small, then the convergence is

very slow, whereas if it is too large, then convergence may

not be observed. Thus, determining an appropriate step size

for the subgradient is a critical issue that warrants further

study. The process of the subgradient algorithm is shown in the

following steps.

step 1. Given an initial Lagrange multiplier λ1, set the iteration

step k = 1.

step 2. After calculating the formula for LRQ with λk

and recording the corresponding subgradient
N
∑

w=1
Pw

((

ẐT
w

)∗)

k

T
, the value of LR

(

λk
)

is then calculated,

and the optimal objective function value in the LDP

is updated.

step 3. The Lagrangian multiplier is updated using the

following formula.

λk+1 = λk + sk
N

∑

w=1

Pw(
(

ẐT
w

)∗
)
k

T
(32)

where sk = αk
βk−

(

LR
(

λk
))

∥

∥

∥

∥

N
∑

w=1
Pw(

(

ẐT
w

)∗
)
k

T
∥

∥

∥

∥

2 , αk = κ
(

k
)

, βk =

(

1+ κ ′
(

k
))

σ ∗. Here, σ ∗ is the current optimal

objective function value, and κ
(

k
)

and κ ′
(

k
)

are

linear monotonically decreasing functions about k. If σ ∗

remains unchanged for three iterations, set αk+1 = ηαk to

ensure the convergence of the algorithm, where 0 < η < 1.
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FIGURE 3

Transportation lane tasks in a real case.

step 4. The termination condition of the algorithm is set

as follows.

∣

∣

∣

∣

∣

∣

LR
(

λk+1
)

− LR
(

λk
)

LR
(

λk
)

∣

∣

∣

∣

∣

∣

≤ ε (33)

where ε is the maximum tolerance. If this condition is

satisfied, the algorithm terminates; otherwise, the Lagrange

multiplier is updated, and the objective function value

is recalculated.

4.3 Gap calculation for upper and lower
bounds

To illustrate the quality of the solution obtained using a sample-

based approximation algorithm, in this section we propose the

following calculation formula to solve the gap between the upper

and lower bounds:

gap(Z̄∗) = LN̄
(

Z̄∗
)

− L̂N,X (34)

σ 2
gap = σ̂ 2

L̄N,X
+ σ 2

N̄
(35)

For the optimal gap at the 1 − α confidence level, it can be

calculated as follows:

LN̄
(

Z̄∗
)

− L̂N,X ± xα

√

σ̂ 2
L̄N,X

+ σ 2
N̄

(36)

where xα = 3−1(1 − α), and 3(x) is the cumulative distribution

function of standard normal distribution.

5 A real case study

A real case of a 4PL corporation located in Shenzhen, China is

provided to analyze the feasibility of themodel and the effectiveness

of the algorithm. As shown in Figure 3, the case assigns 29

transportation lane tasks to 42 3PL companies (MAERE, DHL,

FedEx, etc.). Specifically, there are six bi-directional transportation

routes from Hong Kong, 16 bi-directional transportation routes

from Shenzhen, and one uni-directional transportation route from

Shenzhen to Hong Kong. Demand from neighboring regions can

be bundled as one package, for example, the logistics demand

from Turkey and Iran is bundled as one package and may

be transported by FedEx Logistics. In addition, the values of

parameters such as package quantity, price, and capacity are

obtained from Qian et al. (2021), and the ICAO Carbon Emissions

Calculator3 is utilized to obtain the values of carbon emissions

per unit.

In this section, based on the data from the real case study, we

conducted several sets of comparative experiments. In Section 5.1, a

chi-square test is performed on the sampling results based on both

LHS and MCS methods. Section 5.2 offers a comparative analysis

between the proposed algorithm and the CPLEX commercial solver

to validate the effectiveness of the proposed approach. Section

5.3 conducts sensitivity analysis on key parameters and provides

management insights for 4PL.

3 https://www.icao.int/environmental-protection/Carbono�set/Pages/

default.aspx
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5.1 Comparison of LHS and MCS methods

The chi-square test technique is used to determine the optimal

sample size by counting the degree of deviation between the actual

observed values and the theoretically inferred values of the sample,

and using this to determine the optimal sample size Ñ. The actual

demand data for each lane are provided in Table 3. To further

demonstrate the difference between utilizing the LHS technique

and the MCS technique, the comparison of the chi-square test

results by multidimensional sampling of demand with different

sample sizes N is shown in Table 4.

From Table 4, as the sample size increases N increases,

E
(

|σ̄ 2 − σ 2|
)

and E (|µ̄ − µ|) of LHS method and MCS method

are decreasing and the chi-square value is decreasing to 0 and the

p-value is increasing to 1. However, the chi-square test based on

MCS does not have any significant difference between the samples

only when the sample size N is 10,000, on the contrary, there is

no significant difference between the samples already when the

sample size is N = 30 based on LHS. Therefore, we found that LHS

sampling can significantly reduce the sample size and thus increase

the computational efficiency. Based on this information, the LHS

technique is utilized to sample the demand where Ñ is 30 and N is

set to 20.

5.2 Algorithm performance analysis

The CPLEX, as an exact solver, can be used in algorithmic

comparisons to demonstrate the validity of the developed

algorithms andmodels (Zhang et al., 2024). The comparison results

between the proposed approximation algorithm and CPLEX for

different unit outsourcing costs ed are presented in this subsection.

TABLE 3 Details of demand in a real case.

Lane NO. n Minimum demand Maximum demand Lane NO. n Minimum demand Maximum demand

1 2,000 3,000 16 107 128

2 177 250 17 139 200

3 123 197 18 157 214

4 40 80 19 46 93

5 141 225 20 124 153

6 150 263 21 238 342

7 100 159 22 201 348

8 114 149 23 194 272

9 124 146 24 36 62

10 198 220 25 84 156

11 178 320 26 95 120

12 113 154 27 177 234

13 44 87 28 131 185

14 199 300 29 42 80

15 138 199 ### ### ###

TABLE 4 Chi-square test results.

LHS MCS

N E(|µ̄ − µ|) E(|σ̄ 2 − σ 2|) χ2 p E(|µ̄ − µ|) E(|σ̄ 2 − σ 2|) χ2 p

10 0.611947 271.207587 627.99063 1.27E-96 6.109641 1,521.311833 NA 0

20 0.196751 37.259528 17.36972 0.999999955 5.020609 508.402509 NA 0

30 0.098407 22.198096 0 1 4.632230 415.112874 1,555.69864 4.58E-287

50 0.062364 16.812908 0 1 3.115157 120.544209 212.87671 1.51E-19

100 0.033238 5.574727 0 1 2.184050 100.138163 144.21938 2.69E-09

500 0.002533 0.604374 0 1 0.582993 69.213304 47.54449 0.834772

1000 0.000679 0.024439 0 1 0.543403 53.823341 29.43167 0.999354

5,000 0.000043 0.005947 0 1 0.302132 38.695625 14.39755 1

10,000 0.000023 0.002829 0 1 0.186787 5.173668 0 1

µ̄ is the sample mean, σ̄ 2 is the sample variance, µ is the true mean, σ 2 is the true variance, and NA refers to a very large chi-square value.
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All test data run on a computer with a 2.5 GHz CPU and 16GB

of memory, with the tests set to stop after 2 h of running on

the CPLEX solver. The detailed algorithm comparison results are

shown in Table 5. Here, bgap refers to the difference between the

upper and lower bounds. avg. represents the average value, TC

refers to the total cost, and std. represents the standard deviation.

The ∗ symbol indicates the solution provided by CPLEX when

the runtime reaches 2 h. cgap refers to the gap value provided

by CPLEX. 1 denotes the difference between the sampling-based

approximate algorithm and the upper bound obtained by CPLEX

solver. dgap represents the percentage difference between the upper

bound obtained by CPLEX and the algorithm.

From Table 5, we observe the following results. The maximum

gap and percentage obtained using the proposed approximation

algorithm are tolerable, and the algorithm’s solution time is shorter

than that of directly using CPLEX. When CPLEX runs for 2 h, the

difference between the objective value provided by the commercial

solver itself and the upper bound obtained using a sample-based

approximation algorithm is large, and the gap is intolerable. Since

the objective function value is obtained in an acceptable time and

the obtained gap between the upper and lower bounds is <2%,

solving the model using the proposed approximation algorithm

can assist managers to provide a more accurate solution in a short

period of time, which can further help the organization to achieve

sustainability and timeliness.

5.3 Sensitivity analysis

In this section, to analyze the impact of changes in key

parameters on the results, we design the following experiments.

Section 5.3.1 examines the impact of carbon cap variations on

the results, and Section 5.3.2 explores the impact of time window

changes on decision results.

5.3.1 Analysis of carbon cap
A perturbation analysis is conducted on the carbon emission

constraint in the model in this subsection. Carbon cap Ccap ∈

{15, 000, 20, 000, 30, 000, 50, 000, 100, 000}, unit outsourcing cost

ed ∈ {80, 100, 150, 200, 300, 500}, and time window TW = 48.

The impact of changes in the carbon cap on cost is detailed in

Table 6, and the variation in the number of selected 3PLs and

carbon emissions is shown in Figure 4. Here, TC refers to the total

cost, OC refers to the outsourcing cost, and W-3PLs refers to the

number of 3PLs selected through CRA.

From Table 6, the following observations can be made. On

one hand, as the unit outsourcing cost increases, the total cost

under different carbon caps also increases, while the changes

in outsourcing costs are irregular. Combining with Figure 4, it

can be observed that as the unit outsourcing cost increases, the

number of selected 3PLs increases under different carbon caps,

while the carbon emissions remain almost unchanged. From this,

several reasons for the irregularity of outsourcing cost changes

can be deduced: First, there are differences in the transportation

capacity and unit carbon emissions of the 3PLs participating in

the bidding. Some of the selected 3PLs have weaker transportation T
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TABLE 6 Impact of carbon cap on costs.

Ccap 15,000 20,000 30,000 50,000 100,000

ed TC OC TC OC TC OC TC OC TC OC

80 299,787.4 71,475 295,059.2 57,113 293,208.1 44,543 287,138.9 43,199 287,138.9 43,200

100 314,619.5 71,494 306,532.0 56,516 303,405.3 48,096 297,371.4 41,381 297,371.4 41,381

150 339,631.1 56,609 327,898.9 51,472 322,275.4 49,623 315,486.0 47,726 315,486.0 47,726

200 358,539.3 74,191 345,054.8 68,622 335,703.0 42,412 329,223.0 42,554 329,046.3 42,354

300 395,031.4 90,037 370,466.9 69,886 354,196.9 50,303 347,436.7 50,175 346,861.4 49,543

500 453,997.1 147,640 404,608.6 89,074 386,081.1 74,548 379,480.4 74,536 37,7069.3 64,548

FIGURE 4

Changes in the number and carbon emissions of selected 3PLs

under di�erent Ccap.

capabilities, which results in a significant number of unfinished

tasks being assigned to temporarily outsourced 3PLs, leading to

higher outsourcing costs. Second, the variation in unit outsourcing

costs. Although the selected 3PLs have strong transportation

capabilities and can assign very few unfinished tasks to temporarily

outsourced 3PLs, the higher unit outsourcing costs mean that

managers need to spend more to cover these expenses. Based on

the above situation, it can be concluded that when outsourcing

costs are low, managers should focus on increasing the number of

participating 3PLs in the bidding process to enhance competition

among them, which in turn improves transportation efficiency

and reduces expenditure. As unit outsourcing costs increase, 4PL

managers not only need to expand the competitiveness of the 3PLs

but also need to appropriately increase the carbon cap to select

more 3PLs with higher carbon emissions.

On the other hand, as the carbon cap increases, both the

total cost and outsourcing costs decrease to varying degrees under

the same unit outsourcing cost. As shown in Figure 4, with the

increase in carbon cap, the number of selected 3PLs and the carbon

emissions both increase. It is noteworthy that under different unit

outsourcing costs, the number of selected 3PLs at Ccap = 50,000

is fewer than at Ccap = 30,000, but the carbon emissions are

higher, while at Ccap = 100,000, the number of selected 3PLs is

almost the same as at Ccap = 50,000, and the carbon emissions

do not show significant changes. The reason lies in that when the

carbon cap is small, such as Ccap ∈ {15, 000, 20, 000, 30, 000}, the

FIGURE 5

Impact of di�erent time windows on costs.
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FIGURE 6

Number and carbon emissions of selected 3PLs under di�erent time

windows.

carbon emissions are very close to the carbon cap, leading the

4PL to prefer selecting 3PLs with lower unit carbon emissions for

transportation, without considering the transportation capabilities

of the selected 3PLs. However, when the carbon cap is large,

such as Ccap ∈ {50, 000, 100, 000}, each selected 3PL can generate

a larger amount of transportation-related carbon emissions, and

high-emission 3PLs will replace low-emission ones. For FAP

procurement, higher carbon emissions mean better guarantees

for the long-term preservation and quality of FAP. However, for

transporting different types of FAP, simply purchasing carbon

caps can reduce total cost expenditure, but it is also crucial to

consider the transaction costs of purchasing carbon caps and

the environmental impact of carbon emissions. Therefore, setting

the carbon cap can help managers enhance their environmental

awareness when selecting low-carbon and highly capable logistics

suppliers. When the carbon cap is low, managers should first focus

on using 3PLs with low unit outsourcing costs and appropriately

increase the carbon cap to reduce total and outsourcing costs.

Secondly, they should optimize the transportation capabilities of

the 3PLs in the bidding process to increase the number of selected

3PLs. As the carbon cap increases, managers should reduce the

use of 3PLs with high unit outsourcing costs to minimize carbon

emissions and total costs.

5.3.2 Analysis of time window
This section discusses the impact of changes in the timewindow

on cost. Set Carbon Cap Ccap = 50,000, unit outsourcing costs

ed ∈ {80, 100, 150, 200, 300, 500}, and the time window TW ∈

{12, 24, 36, 48}. The impact of the time window on cost is shown in

Figure 5. The changes in the number of selected 3PLs and carbon

emissions are shown in Figure 6.

From Figure 5, we can draw the following conclusions. The

outsourcing cost and total cost decrease as the time window

width increases. Under different time window widths, both the

outsourcing cost and overall cost increase as the unit outsourcing

cost rises; however, the rate of increase slows as the time window

expands. Specifically, as shown in Figure 6, when the time window

is very short, such as TW = 12, the unit outsourcing cost has

little impact on the number of selected 3PLs and carbon emissions.

This is because, for FAP, reducing transportation time is crucial,

and only a few potential 3PLs can complete transportation tasks

within a short period. The remaining logistics tasks must be

outsourced to 3PLs, causing the total cost and outsourcing costs

to increase sharply with rising unit outsourcing costs. Therefore,

when the time window is short, the manager should increase the

number of potential 3PLs to enhance competition among them,

thereby improving the execution efficiency of the selected 3PLs

for FAP.

As the time window width increases, some 3PLs with moderate

transportation capacity are selected, leading to a reduction in the

overall cost. However, when the time window width increases, the

changes in carbon emissions and the number of selected 3PLs are

irregular as the unit outsourcing cost increase. For example, when

TW = 36, the carbon emissions under high unit outsourcing

costs are lower than under low unit outsourcing costs, while the

number of selected 3PLs remains unchanged under high unit

outsourcing costs. The irregularity in the changes is primarily

due to the excessively large transportation time window. In the

case of low unit outsourcing costs, the large time window causes

a wide variation in the transportation capacities of the selected

3PLs, leading to task assignments to outsourced 3PLs. Under

high unit outsourcing costs, the number of selected 3PLs with

weak transportation capacity decreases, resulting in a downward

trend in W-3PLs, which in turn reduces overall transportation

carbon emissions.

Therefore, the manager should first set different time windows

based on the types of FAP to minimize the total cost. Second,

when the time window is large and unit outsourcing costs are low,

the manager should appropriately increase the carbon cap and the

number of competing 3PLs. Third, when the time window is large

and unit outsourcing costs are high, the manager should reduce

the carbon cap and moderately increase the time window width

to increase the number of selected 3PLs, thereby improving the

transportation efficiency of FAP.

5.3.3 Management insights
Through the sensitivity analysis on key parameters in the

real case, the following insights can be derived. First, when unit

outsourcing costs are low, managers should eliminate 3PLs with

weak transportation capacity and reduce the purchase of carbon

caps. As unit outsourcing costs increase, total costs and outsourcing

expenses also rise. When unit outsourcing costs are high, managers

should increase the number of bidding 3PLs and the carbon cap.

Second, when the carbon cap is low, managers need to increase

the number of potential 3PLs and reduce focus on 3PLs with

high unit outsourcing costs. As the carbon cap increases, total

costs and outsourcing expenses decrease. When the carbon cap is

large, managers should increase attention to 3PLs with low unit

outsourcing costs and moderately reduce the carbon cap based on

the results of the model.

Third, when the time window width is small, managers

should reduce the use of high unit outsourcing costs and increase

the number of potential 3PLs to improve competition among

them. As the time window increases, total costs and outsourcing

expenses decrease. When the time window is large, under low
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unit outsourcing costs, managers should appropriately increase

the carbon cap and the number of competing 3PLs. When unit

outsourcing costs are high, managers should reduce the carbon cap

and moderately increase the time window width to increase the

number of selected 3PLs.

6 Conclusion

This paper, from the perspective of 4PL, studies the LSP

auction problem for FAP under uncertain demand, considering

both timeliness and sustainability. The aim is to achieve efficient

and sustainable transportation of FAP through collaborative

cooperation among 3PLs. Time windows and carbon emission

constraints are incorporated into the study to ensure the timeliness

and sustainability of FAP transportation. To address the challenges

brought by demand uncertainty, a TS-SP model for WD problem

with timeliness and sustainability under uncertain demand in LSP

auction is proposed. To handle demand uncertainty, the SAA

method is employed to transform the original model into an

equivalent MILP model. The traditional SAA algorithm framework

is reconstructed using the LHS method, and a sampling-based

approximation algorithm is developed in combination with the

DDLR algorithm to solve the model. Subsequently, a real case of

a logistics company from Shenzhen, China, demonstrates that the

gap derived from the sampling-based approximation algorithm is

tolerable, and a high-quality optimal solution is obtained within

a short time. The results of parameter sensitivity analysis show

that expanding the quantity of potential 3PLs may improve the

transportation efficiency of FAP, and increasing the number of

3PLs with strong transportation capabilities participating in the

bidding may reduce the total cost. Additionally, the use of carbon

caps can significantly impact the operational costs of the fresh

agricultural product procurement system. Therefore, the algorithm

proposed can effectively solve the proposed WD model and help

enhance the green strategic goals and transportation efficiency of

FAP logistics companies.

In the future, further research can focus on the following areas.

First, this paper only focuses on the carbon cap mechanism. An

interesting direction for future studies would be to consider both

the carbon cap and carbon tax mechanisms. Second, this paper

addresses demand uncertainty, but quantity discounts are also

common in practice. Combining demand uncertainty with quantity

discounts presents a feasible research direction.
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