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 a b s t r a c t

The rapid growth of e-commerce platforms has given rise to convenient online shopping methods, but platform 
operators usually don’t have sufficient capacity to deliver these online orders. Hence, based on the estimated 
demand for each type of commodity, logistics service providers generally require providing freight services to 
fulfill customer demands while maintaining their own profitability. However, each origin-destination demand 
is impacted by various factors and is inherently uncertain. This poses significant challenges for logistics service 
providers seeking to develop an economically viable and efficient freight service network. Given that most re-
search on service network design problems rarely utilizes historical data, in this paper, we propose a data-driven 
robust service network design problem, aiming to answer: is it possible to obtain more economically efficient deci-
sions when we design a service network based on historical data? To achieve this, a support vector clustering method 
is employed to adaptively capture a compact convex uncertainty set from the historical demand data, allowing 
explicit control over the conservatism of decisions. Based on the obtained uncertainty set, a novel data-driven ro-
bust optimization model is developed. Considering the NP-hard nature of this problem, we propose a customized 
column-and-constraint generation algorithm that effectively solves the model. Compared to the Benders decom-
position algorithm, it significantly improves computational efficiency. Numerical experiments demonstrate that 
the proposed method outperforms traditional robust optimization approaches in mitigating demand uncertainty, 
exhibiting robustness while being less conservative. Meanwhile, we provide valuable managerial insights to 
decision-makers through parameter sensitivity analysis. Results reveal that neither overly aggressive nor exces-
sively conservative strategies are optimal, and adjusting the clustering parameter allows decision-makers to tailor 
the service network to their risk tolerance for more cost-effective operations under demand uncertainty.

1.  Introduction

In the past decade, the rapid advancement of e-commerce platforms 
has provided consumers with a highly convenient method for purchas-
ing goods. On the one hand, this has significantly increased the freight 
transportation volume for logistics service providers, and this growth is 
beneficial for enhancing the company’s overall revenue. For example, 
in 2024 alone, China’s express delivery volume exceeded 174.5 billion 
parcels, with revenue surpassing 1.4 trillion CNY 1. However, on the 
other hand, this also allows customers to have the flexibility to modify 
their order quantities at any time or even return items, which compli-
cates companies’ ability to accurately predict customer demand due to 
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the inherent volatility influenced by various factors. In this case, han-
dling such demand volatility has become one of the major challenges 
facing leading logistics service providers (Bai et al., 2014; Mirzaei et al., 
2025). The size of the utilizing fleet that is too large relative to demand 
will result in wasted assets; conversely, the size of the utilizing fleet that 
is too small will fail to meet demand, leading to reduced customer sat-
isfaction or reliance on expense-intensive temporary scheduling. There-
fore, it is crucial to account for this uncertainty during the planning 
phase rather than attempting to remediate it during operations.

Addressing this challenge is particularly important in the context 
of medium/long-term planning in e-commerce logistics, which is in-
herently a less-than-truckload (LTL) operation or small parcel delivery 
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\begin {equation}\label {ambiguityset1} \mathcal {U}_1 = \left \{ {\bm q} \ | \ q_{k} = \bar {q}_{k} + p_{k} \cdot \hat {q}_{k}, \sum _{k \in \mathcal {K}} p_{k} \leq \Gamma , 0 \leq p_{k} \leq 1, \forall k \in \mathcal {K} \right \},\end {equation}
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\begin {equation}\label {ambiguityset2} \mathcal {U}_2 = \left \{ {\bm q} \ | \ q_{k} = p^s \cdot \mathcal {D}^s_k , \sum _{s \in \mathcal {S}} p^s = 1, 0 \leq p^s \leq 1, \forall k \in \mathcal {K}, \forall s \in \mathcal {S} \right \},\end {equation}
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due to the small size of individual order parcels (Boland et al., 2017). 
Under this transportation model, it is virtually impossible for logistics 
service providers to develop individual, direct transportation solutions 
for each customer. Considering profitability and asset utilization, it is 
necessary to coordinate routes in both time and space to consolidate 
commodities that could potentially be transported by the same truck. 
This issue has long been addressed by operations research optimization 
methods: service network design (SND) (see Andersen et al., 2011; Hewitt, 
2022; Pedersen et al., 2009). As a tactical decision, the logistics service 
providers aim to develop a scheduling table that specifies the routes 
for services (e.g., trucks and trains) to be repeatedly executed during 
each scheduling length (a week) within the planning cycle (half a year or 
a quarter). Decision-makers hope to deliver the goods at the lowest pos-
sible cost while maintaining a high service level for customers (see Liu 
et al., 2023; Teypaz et al., 2010). The medium/long-term and repeti-
tive nature of these schedules makes advance consideration of demand 
uncertainty essential for two key reasons: First, the services provided in-
volve numerous stakeholders, such as platform operators, shippers, and 
customers, thereby making modifying existing scheduling plans often 
difficult; second, if the estimation of uncertainty is inaccurate, cumula-
tive losses continuously may grow as operating times extend. According 
to recent reports, LTL freight constituted over 30% of China’s road trans-
portation freight 2, underscoring the critical importance for companies 
to effectively address these challenges when designing service networks.

In fact, research has been done on SND under demand uncertainty. 
Specifically, the SND problem has been examined through the lenses 
of stochastic optimization and robust optimization (RO) by Lium et al. 
(2009) and Wang and Qi (2020), respectively. They use scenario sets 
representing demand or the demand mean and the maximum deviation 
to characterize uncertainty, respectively. Their findings indicate that the 
stochastic solutions enhance transportation flexibility via path sharing, 
thereby reducing the company’s operational costs associated with han-
dling uncertain demand. However, for the former, stochastic optimiza-
tion methods require obtaining the true probability distribution of cus-
tomer demands and can’t avoid the negative impact of worst-case sce-
narios; for the latter, robust optimization models that rely solely on the 
mean demand and maximum deviation tend to yield overly conserva-
tive decisions. Although recent studies (Scherr et al., 2022) and (Mirzaei 
et al., 2025) further emphasize the importance of considering demand 
uncertainty, there are still two critical questions that remain without an-
swers: (i) To what extent can decisions that are almost not based on 
historical data be effectively implemented in real-world contexts, 
and how effective can such decisions be deemed? (ii) Is it feasi-
ble to derive robust yet less conservative decisions by leveraging 
historical demand data? To address these questions, this paper inves-
tigates the SND problem through the framework of data-driven robust 
optimization (DDRO).

In the context of traditional RO studies, it is assumed that the true 
data distribution is not accessible. Hence, a number of researchers have 
devised well-natured uncertainty sets for characterizing parameter un-
certainty (Bertsimas & Sim, 2004). Then, RO makes decisions under 
worst-case scenarios within the predefined uncertainty set, which di-
rectly influence decision performance. Utilizing an uncertainty set that 
is excessively large in relation to the true data can result in considerable 
resource wastage, whereas employing a set that is overly restrictive may 
undermine the robustness of the decisions made. Therefore, it is cru-
cial to explore methodologies for adaptively constructing uncertainty 
sets based on observable historical data, thereby ensuring that decisions 
are both robust and cost-effective. The approach known as data-driven 
robust optimization (DDRO) offers a viable solution to this challenge 
(Bertsimas et al., 2018). Alexandre et al. (2020) carves out the uncer-
tainty set by forming a convex hull of the worst-case scenario based 
on historical data, dynamically adjusting the scope of the set. However, 

2 https://www.chinabgao.com/info/1254225.html

when e-commerce platforms conduct large-scale promotions, such as the 
Tmall 618 event, demand can experience irregular fluctuations. If such 
demand fluctuations are all taken into account, the decisions tend to 
become overly conservative. To avoid this solution, it is necessary to 
allow for certain outliers, and support vector clustering (SVC) provides 
a feasible approach for this adjustment. As an extended support vec-
tor machine (Cortes & Vapnik, 1995), SVC is an unsupervised machine 
learning method aimed at obtaining the smallest sphere that encloses the 
data and controlling the proportion of outliers, which has been applied 
in numerous studies (such as Ruchika & Pattem, 2023 and Sun et al., 
2025). According to the research by Shang et al. (2017), SVC can effec-
tively capture the uncertainty set by solving a quadratic programming 
problem, significantly reducing the conservatism of RO. The resulting 
uncertainty set is a compact convex hull, which is tractable and can be 
directly incorporated into the optimization model.

Hence, this study introduces the DDRO SND problem utilizing the 
SVC method. Initially, an uncertainty set is developed by analyzing the 
historical data through the SVC method. Following this, a two-stage ro-
bust optimization model is formulated. Given the NP-hard character-
istics of the problem and the efficiency of the column-and-constraint 
generation (CCG) algorithm (Zeng & Zhao, 2013) in solving such prob-
lems, a customized CCG algorithm is designed to address the proposed 
two-stage RO model.

In summary, this paper contributes in threefold: 1. Develops a 
novel two-stage robust optimization model for the service network de-
sign problem by capturing demand uncertainty through the support
vector clustering method, thereby providing decision support for logis-
tics service providers. To address the challenges in solving the model, 
a customized column-and-constraint generation algorithm is designed. 
Computational results compared to the classic Benders decomposi-
tion algorithm demonstrate that the CCG method can rapidly gener-
ate high-quality solutions. 2. Compared with decision-making based on 
budget uncertainty sets, the proposed method shows robust and cost-
effective decision outcomes, highlighting its ability to maintain cost-
effectiveness and decision robustness. 3. Through extensive numerical 
experiments, valuable managerial insights are provided for logistics ser-
vice providers, mainly including: both overly conservative and com-
pletely non-conservative risk-taking attitudes lead to profit declines. 
When accurate demand distribution is unavailable, a compromise risk 
tolerance attitude should be maintained. Additionally, the methodol-
ogy proposed in this paper allows for parameter adjustments, effectively 
assisting enterprises in reducing costs while simultaneously providing 
probabilistic assurance that expected demand will be met.

The remainder of the paper is structured as follows. Section 2 re-
views the relevant literature. In Section 3, we detail the service network 
design problem and introduce the process of constructing uncertainty 
sets through support vector clustering; based on this, a two-stage robust 
optimization model is developed. Section 4 designs a CCG algorithm 
to solve the proposed model. In Section 5, numerical experiments are 
conducted to demonstrate the effectiveness of the developed model and 
algorithms. In Section 6, we provide managerial insights for logistics 
service providers. Section 7 concludes the paper and discusses several 
future research directions.

2.  Literature review

The service network design problem has been explored in a large 
body of literature (see Andersen et al., 2009a; Ghamlouche et al., 2003; 
Hewitt, 2022; Kris et al., 2013) as a tactical planning problem, typically 
formulated as a fixed-cost multi-commodity network design problem 
with limited capacities (Ghamlouche et al., 2003, 2004), primarily ap-
plied to address the challenge of long-distance transportation for various 
raw materials or finished products. Existing research has explored this 
classic combinatorial optimization problem from multiple perspectives. 
Recently, Crainic and Rei (2025) provided a comprehensive review of 
related studies. This section briefly summarizes the existing literature 
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in two aspects: First, the SND in the deterministic environment; second, 
the SND considering uncertainty.

2.1.  SND in deterministic environment

Initially, the main challenge faced by freight service providers has 
been fulfilling demand that fluctuates cyclically. Freight demand has 
typically been higher on weekdays and lower on weekends. This is be-
cause transportation demand is tied to production supply chains dur-
ing this time, and workday product activities are more frequent than on 
weekends. Logistics service providers have been able to manage this reg-
ular demand with relative ease. Consequently, most research has been 
conducted under deterministic settings. Crainic and Rousseau (1986) 
concentrated on the transportation of commodities between origin-
destination pairs and proposed the first formula and solution method for 
the service network design problem. Given the complexity of the prob-
lem and computational constraints, researchers have developed various 
metaheuristic algorithms. For example, to effectively address large-scale 
SND instances considering fixed costs and capacity constraints, Gham-
louche et al. (2003) and Ghamlouche et al. (2004) proposed a heuris-
tic solution method based on cycle-based neighborhood structures and 
a heuristic solution method based on path relinking and cycle-based 
neighborhood structures, respectively. Later, Yaghini et al. (2015) de-
veloped a neighborhood search algorithm for cutting-plane, further im-
proving the efficiency of solving the SND problem. These researchers 
have explored variants of the SND problem from different perspectives 
and proposed multiple solution algorithms based on problem character-
istics, yet they have neglected asset management and efficient utiliza-
tion.

As logistics companies have become gradually concerned about 
optimizing the efficiency of asset utilization, the integration of asset 
management within the service network design problem has garnered 
widespread attention. These assets, such as human resources, trucks, ter-
minals/containers, etc., determine various dimensions of service qual-
ity, operational efficiency, and cost-effectiveness associated with the 
carrier’s offerings. Managing assets is essential to the overall perfor-
mance of the service network (see Crainic & Rei, 2025). Pedersen et al. 
(2009) were the first to incorporate design-balanced (asset-balanced) 
constraints into service network design problems. These constraints re-
quire that the quantity of assets entering and exiting each node must 
remain equal, resulting in a circular structure for assets throughout the 
entire planning cycle. By introducing such constraints, logistics service 
providers can comprehensively evaluate asset utilization across mul-
tiple cycles. Based on this, Andersen et al. (2009b) further explored 
multi-fleet collaboration in SND and discussed the potential of coopera-
tive services in enhancing resource utilization. Andersen et al. (2009a) 
also compared the computational efficiency of arc-based, path-based, 
and cycle-based approaches for modeling service network design prob-
lems with design-balanced constraints. Experimental results on a set of 
randomly generated small-scale instances indicate that the cycle-based 
solution method provides significantly stronger bounds than the other 
two approaches, potentially leading to substantial reductions in solution 
time. Meanwhile, Andersen et al. (2011) proposed a branch-and-bound 
algorithm capable of efficiently handling SND instances with design-
balanced constraints. Recent studies, Liu et al. (2023) and Scherr et al. 
(2018), have addressed service network design problems under design-
balanced constraints: the former focuses on a service network design 
problem with consistent multiple trips, while the latter addresses a ser-
vice network design problem for a mixed autonomous fleet.

In summary, existing studies under deterministic settings have ex-
plored service network design problems from various perspectives, pro-
viding highly valuable formulas, solution methods, and managerial in-
sights. However, modeling using the mean or estimated values of pa-
rameters fails to reflect the nature of real-world problems (Bai et al., 
2014). In practical settings, implementing the outputs of these models 
may lead to severe negative consequences.

2.2.  SND considering uncertainty

The rapid growth of e-commerce has led to dramatic fluctuations 
in demand, which makes freight companies and researchers more con-
cerned with the SND problem under demand uncertainty. Lium et al. 
(2009) and Bai et al. (2014) employed scenario sets to characterize 
uncertainty and developed a two-stage stochastic optimization (SO) 
model. The objective is to minimize the average construction cost over 
all scenarios. They found that compared to deterministic solutions, 
the stochastic solution enhances scheduling flexibility and robustness 
by leveraging consolidation and multi-commodity path sharing. Re-
cently, Mirzaei et al. (2025) introduced a hybrid two-stage stochas-
tic opportunity-constrained programming model that tackled the dual 
uncertainties of demand fluctuations and service capacity disruptions. 
An accelerated Benders decomposition algorithm has been developed 
to solve the proposed model. Considering that stochastic optimization 
methods require knowledge of the true probability distribution of de-
mand and cannot avoid the significant negative impacts caused by 
worst-case scenarios, Wang and Qi (2020) developed the robust SND 
formulation. They developed a two-stage RO model and designed a CCG 
to solve the proposed model. The results emphasize the advantage of ro-
bust optimization methods in hedging against uncertain risks. Based on 
Wang and Qi (2020), to overcome the conservatism of the robust model, 
Xiang et al. (2022) proposed an almost robust optimization (see Baron 
et al., 2019) for addressing the SND problem. By setting a risk threshold, 
it allows some demands to not be fully met.

However, the methods proposed by the above research struggle to 
adaptively generate solutions based on historical data to hedge against 
corresponding risks. Failure to respond promptly to changes in demand 
and adjust decisions accordingly can lead to various negative impacts, 
such as excessive construction costs or expensive outsourcing costs. This, 
combined with logistics service providers’ desire to minimize the neg-
ative impact of demand fluctuations in the highly competitive freight 
market, promotes us to use DDRO’s approach (see Bertsimas et al., 2018) 
to address the SND problem. We aim to adaptively adjust the uncer-
tainty set based on historical data to make more cost-effective deci-
sions. As demonstrated by the studies conducted by Wu and Hifi (2021), 
Mohsen et al. (2024) and Long et al. (2025), data-driven robust opti-
mization techniques are capable of integrating real-time data with area 
knowledge to dynamically respond to environmental variations, a func-
tionality that traditional robust optimization approaches lack. Further-
more, when e-commerce platforms hold promotional events, demand 
may surge dramatically. To eliminate these outliers that could lead to 
overly conservative decision-making, an SVC approach is adopted. This 
method, on the one hand, controls the proportion of outliers by adjust-
ing parameters, thereby influencing the robustness of the solution. On 
the other hand, the captured uncertainty set is in the form of a compact 
convex hull, making it easy to integrate into optimization models for 
solving (Shang et al., 2017).

A large number of scholars have developed effective algorithms for 
solving the SND problem (refer to Andersen et al., 2011; Boland et al., 
2017; Marshall et al., 2020; Pedersen et al., 2009). In this paper, we fo-
cus on the algorithm for solving the two-stage RO model. Employing a 
two-stage robust method introduces more computational challenges, as 
Ben-Tal and Goryashko (2004) demonstrated that solving a two-stage ro-
bust model is typically NP-hard. Hence, some studies tend to use heuris-
tic algorithms to solve the SND. However, heuristic algorithms often 
struggle to reach the optimal solution. To efficiently obtain the opti-
mal solution for the two-stage robust model, the CCG algorithm (An & 
Zeng, 2015; Zeng & Zhao, 2013) has been proposed and proven more ef-
fective than the Benders decomposition algorithm in solving the robust 
SND problem (see Wang & Qi, 2019; Zhang et al., 2024). This motivates 
us to develop a customized CCG algorithm to solve the proposed model.

To highlight the contributions of this paper, we summarize the 
most relevant works in Table 1. Research related to robust service net-
work design, which relies only on the average demand and maximum
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Table 1 
Most relevant works in SND.
 Paper  Model  Uncertainty  Algorithm  Asset Management

 arc-based  path-based  Determ  SO  RO  DDRO  exact  heuristic  Yes  No
Ghamlouche et al. (2003) ✓ ✓ ✓ ✓

Ghamlouche et al. (2004) ✓ ✓ ✓ ✓

Pedersen et al. (2009) ✓ ✓ ✓ ✓

Lium et al. (2009) ✓ ✓ ✓

Andersen et al. (2011) ✓ ✓ ✓ ✓

Bai et al. (2014) ✓ ✓ ✓

Boland et al. (2017) ✓ ✓ ✓ ✓

Hewitt et al. (2019) ✓ ✓ ✓ ✓

Wang and Qi (2020) ✓ ✓ ✓ ✓

Xiang et al. (2022) ✓ ✓ ✓ ✓

Liu et al. (2023) ✓ ✓ ✓ ✓

Truden and Hewitt (2024) ✓ ✓ ✓

Zhang et al. (2024) ✓ ✓ ✓ ✓

Mirzaei et al. (2025) ✓ ✓ ✓ ✓

 This paper ✓ ✓ ✓ ✓

deviation, does not sufficiently leverage the available data. This often re-
sults in overly conservative solutions. There has been no research to de-
velop robust service network design solutions using data-driven frame-
works. To address this gap and simultaneously explore what data-driven 
approaches can offer logistics service providers, in this paper, we first 
study a DDRO SND problem, develop a two-stage RO model using SVC 
to capture the uncertainty set, and design the customized CCG algorithm 
to solve the proposed model.

3.  Problem description and mathematical formulation

In this section, we first present the problem description and the tra-
ditional two-stage RO model based on the budget uncertainty set. To 
overcome its limitations in conservatism and data adaptability, we then 
introduce a novel data-driven approach: the SVC method is employed to 
adaptively construct a compact uncertainty set from historical demand, 
with its conservatism controllable via parameter. Building on this set, 
the two-stage DDRO formulation is developed. Fig. 1 provides a com-
prehensive understanding of the entire workflow, highlighting how the 
data-driven uncertainty set integrates with the two-stage robust opti-
mization framework. The implementation details of the CCG algorithm 
are presented in Section 4.

3.1.  Problem description

The volume of goods ordered by customers on e-commerce plat-
forms is usually far smaller than the capacity of delivery trucks. It is 
unprofitable and impractical for logistics service providers to develop a 
dedicated, individual transportation solution for each customer. There-
fore, logistics service providers tend to consolidate commodities with 
the same origin-destination or even different origin-destinations onto a 
single truck for delivery (Crainic, 2000). For convenience, it is advis-
able to treat all goods with the same origin-destination pair as a single 
commodity 𝑘, and let  denote the set of commodities transported by 
the logistics service provider. For each 𝑘 ∈ , it possesses the following 
attributes: 𝑜𝑘, 𝑑𝑘, indicates the origin and destination of the commodity 
𝑘; 𝑏𝑘, 𝑒𝑘, defines the earliest departure time and latest arrival time for 
the commodity 𝑘; and the nominal demand of the commodity 𝑘 is rep-
resented as 𝑞𝑘. For each commodity 𝑘, its transportation demand may 
persist throughout a quarter or even half a year. Simultaneously, due 
to various factors, the volume of demand 𝑞𝑘 remains uncertain. Hence, 
logistics service providers must coordinate truck routes across time and 
space to develop the scheduled table, which is repeatedly executed dur-
ing each scheduling length (a week) within the planning cycle (half a year 
or a quarter), aiming at minimal cost to meet fluctuating commodity de-
mand within specified time constraints. That is, a service network design 
problem needs to be addressed.

The SND problem is often formulated as a time-expanded network, 
denoted ( , ), where   is the set of nodes that can be served and 
 is the set of arcs connecting these nodes. Obviously, time informa-
tion is included in the arc  . Given that e-commerce platforms typically 
promise same-day or next-day delivery, we adopt the assumption (Bai 
et al., 2014; Lium et al., 2009) that the movement of the freight between 
any nodes at adjacent moments takes the same number of periods. We 
assume that a transport cycle is discretized into T time periods, denoted 
by 𝑡 = 0, 1,… ,T − 1 ∈  . At each period 𝑡, there exists a copy of the 
nodes  . Based on the above assumptions, the departure period 𝑡− for 
freight arriving at the next node at period 𝑡 is given by:

𝑡− =

{

𝑡 − 1, if 𝑡 ≥ 1
𝑇 − 1, if 𝑡 = 0

Accordingly, it  consists of two types of arcs: non-holding arcs 𝑚

and holding arcs 𝑠. 𝑚 are of the form ((𝑖, 𝑡−), (𝑗, 𝑡)), indicating that 
the movement of freight is between nodes 𝑖 and 𝑗; 𝑠 are of the form 
((𝑖, 𝑡−), (𝑖, 𝑡)), denoting that the freight is held at node 𝑖. The movement 
of freight between nodes over time will incur costs associated with as-
sets such as drivers. Denote by 𝑓𝑖𝑗 the fixed cost associated with moving 
freight from i to j, and the unit cost of freight movement 𝑐𝑖𝑗 from i to 
j, 𝑖, 𝑗 ∈  𝑡. These costs are determined in advance by the logistics ser-
vice providers. The capacity of trucks is represented by 𝑢. Given that 
fulfilling all potential customer demands often requires substantial as-
set investment, logistics service providers have budgetary constraints on 
the maximum size of their fleets, and the maximum number of trucks 
is denoted by 𝑉 . Additionally, considering the fluctuations in demand, 
some unserved demands are met through temporary, expense-intensive 
scheduling, referred to as outsourcing, the unit outsourcing cost by 𝜆.

The definition of decision variables is given below:

• 𝑥𝑡𝑖𝑗 : indicates the service frequency of trucks between nodes 𝑖 and 𝑗
during period 𝑡.𝑥𝑡𝑖𝑗 ∈ {0, 1, 2,…}.

• 𝑦𝑘𝑡𝑖𝑗 : indicates the transportation volume of commodity 𝑘 between 
nodes 𝑖 and 𝑗 during the time period 𝑡.𝑦𝑘𝑡𝑖𝑗 ≥ 0.

• 𝑄(𝑘): indicates the amount of outsourcing required for a commodity 
𝑘 in the optimal commodity flow.

Based on the above description, an instance for SND is shown in 
Fig. 2. Nodes of different colors represent commodities with distinct 
origin-destination pairs, with the destination marked on Fig. 2. The in-
stance involves || = 2, one is delivered from node 2 to node 1 with 
departure and terminal times of (0, 3), while the other is delivered from 
node 0 to node 1 with corresponding times of (2, 4). The trucks contin-
uously follow a circular route to complete the transport task.
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Fig. 1. Flowchart of a data-driven robust optimization method for solving service network design problems.

Fig. 2. A SND instance.

3.2.  RO formulation

To hedge the risk associated with uncertain demand, Lium et al. 
(2009) and Bai et al. (2014) describe uncertainty in terms of scenarios 
and study SND under demand uncertainty. However, the stochastic pro-
gramming approach could not avoid the negative impact of the worst-
case scenario and needed to know prior probabilities of scenarios. To 
overcome these limitations, considering computational complexity and 
control over the conservativeness of the solution, Wang and Qi (2020) 
proposed a two-stage RO model based on a budget uncertainty set to 
tackle uncertainty-related risks. This is the baseline model studied in 
this paper as follows:

(RO)  Stage 1:
min
𝑥

∑

𝑡∈

∑

𝑖∈

∑

𝑗∈
𝑓𝑖𝑗 ⋅ 𝑥

𝑡
𝑖𝑗 + max

𝑝
Ω(𝒙, 𝑝) (1a)

s.t.
∑

𝑗∈
𝑥𝑡

−
𝑗𝑖 =

∑

𝑗∈
𝑥𝑡𝑖𝑗 , ∀𝑖 ∈  ,∀𝑡 ∈  , (1b)

∑

𝑖∈

∑

𝑗∈
𝑥𝑡𝑖𝑗 ≤ 𝑉 , ∀𝑡 ∈  , (1c)

𝑥𝑡𝑖𝑗 ∈ {0, 1, 2,…}, ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  , (1d)

where Ω(𝒙, 𝑝) is the optimal value of the second-stage problem. Given 
the first-stage decision 𝒙, the second-stage problem can be defined as 
follows:

Stage 2:

Ω(𝒙, 𝑝) ∶= min
𝑦,𝑄

∑

𝑖∈

∑

𝑗∈

∑

𝑘∈

∑

𝑡∈
𝑐𝑖𝑗 ⋅ 𝑦

𝑘𝑡
𝑖𝑗 +

∑

𝑘∈
𝜆 ⋅𝑄(𝑘) (1e)

s.t.
∑

𝑘∈
𝑦𝑘𝑡𝑖𝑗 ≤ 𝑢 ⋅ 𝑥𝑡𝑖𝑗 , ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  , (1f)

∑

𝑗∈
𝑦𝑘𝑡𝑖𝑗 −

∑

𝑗∈
𝑦𝑘𝑡

−
𝑗𝑖
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Table 2 
List of notations used in the SND model.
 Notion  Meaning
 Sets
 ,  The set of nodes and arcs in the physical network.
  The total number of periods within a scheduled length and period 𝑡 ∈ {0, 1, 2,… , | | − 1}.
  The set of commodities for carriers.
  The set of extreme points of the uncertainty set identified by the SVC method.
 Parameters
𝑜𝑘 , 𝑑𝑘  The origin and destination for the commodity 𝑘.
𝑏𝑘 , 𝑒𝑘  The departure time and delivery deadline for the commodity 𝑘.
𝑞𝑘  The actual demands for the commodity 𝑘.
𝑞𝑘 , 𝑞𝑘  The nominal demand and maximum deviation for the commodity 𝑘.
𝑠

𝑘  The demand of the commodity 𝑘 at the 𝑠𝑡ℎ vertex in the uncertainty set identified by SVC.
𝑡−  The departing period for a truck arriving at time period 𝑡. i.e. 𝑡− = 𝑡 − 1, 𝑖𝑓 𝑡 ≥ 1; | | − 1, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.
𝑓𝑖𝑗 , 𝑐𝑖𝑗  The fixed cost and unit transportation cost from 𝑖 to 𝑗.
𝑢  Truck capacity of the carrier.
𝑉  Maximum number of trucks for the carrier.
𝜆  The unit commodity outsourcing cost.
 Decision variables
𝑥𝑡𝑖𝑗  The service frequency of trucks. 𝑥𝑡𝑖𝑗 ∈ {0, 1, 2,… , }.
𝑦𝑘𝑡𝑖𝑗  The transportation volume of the commodity 𝑘.𝑦𝑘𝑡𝑖𝑗 ≥ 0.
𝑄(𝑘)  The amount of outsourcing required for the commodity 𝑘.𝑄(𝑘) ≥ 0.

=

⎧

⎪

⎨

⎪

⎩

𝑞𝑘 + 𝑝𝑘 ⋅ 𝑞𝑘 −𝑄(𝑘), if 𝑖 = 𝑜𝑘, 𝑡 = 𝑏𝑘
−𝑞𝑘 − 𝑝𝑘 ⋅ 𝑞𝑘 +𝑄(𝑘), if 𝑖 = 𝑑𝑘, 𝑡 = 𝑒𝑘
0, otherwise

,∀𝑖 ∈  ,∀𝑘 ∈ ,∀𝑡 ∈  ,

(1g)
∑

𝑘∈
𝑝𝑘 ≤ Γ, (1h)

0 ≤ 𝑝𝑘 ≤ 1, ∀𝑘 ∈ , (1i)

𝑦𝑘𝑒𝑘𝑖𝑗 = 0, ∀𝑖 ∈  ,∀𝑗 ∈  ,∀𝑘 ∈ , (1j)

𝑦𝑘𝑡𝑖𝑗 ∈ ℝ+, 𝑄(𝑘) ∈ ℝ+, ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  ,∀𝑘 ∈ . (1k)

In stage 1, the objective function (1a) is designed to minimize the worst-
case cost, which includes the fixed cost, transportation cost, and out-
sourcing cost; Constraint (1b) is the asset balance equation, while Con-
straint (1c), as a budget constraint, restricts the maximum number of 
trucks. In stage 2, the objective function Ω(𝒙, 𝑝) is the worst-case mini-
mum transportation cost and outsourcing cost; Constraint (1f) serves as 
a capacity constraint, ensuring that the total flow does not exceed the 
network capacity; Constraint (1g) ensures the flow conversation equa-
tions; Constraint (1h) and Constraint (1i) portray uncertainty; 𝑝𝑘 indi-
cates the degree of fluctuation of the commodity 𝑘, controlled by the 
conservatism parameter Γ; Constraint (1j) ensures that each commodity 
can reach its destination before the deadline, and Constraint (1d) and 
Constraint (1k) define the domain of the decision variables.

The uncertainty set used for the RO model is as follows:

1 =

{

𝒒 | 𝑞𝑘 = 𝑞𝑘 + 𝑝𝑘 ⋅ 𝑞𝑘,
∑

𝑘∈
𝑝𝑘 ≤ Γ, 0 ≤ 𝑝𝑘 ≤ 1,∀𝑘 ∈ 

}

, (2)

where 𝑞𝑘 is the average demand of the commodity 𝑘, and the notion 𝑞𝑘 ≥
0 is the maximum deviation, and the notion Γ ∈ [0, ||] is the budget of 
uncertainty, controlling the robustness level.

Although the previously described model effectively mitigates risks 
related to demand uncertainty, its methodology is marked by a pro-
nounced degree of conservatism. Furthermore, the model does not pro-
vide for the adaptive adjustment of the range of sets according to de-
mand data, which makes it difficult to guarantee the reliability of deci-
sions in the real world.

3.3.  DDRO formulation

In the set (2), nominal demand and demand deviations cannot adap-
tively self-tune based on historical data. This lack of flexibility can make 
it difficult to hedge effectively against dynamically changing demands. 
Decisions may be too conservative or even invalid when faced with real 
data. Hence, we aim to dynamically adjust the uncertainty set based on 
historical data, allowing for less conservative yet risk-hedging decisions.

Alexandre et al. (2020) defines the uncertainty set as a set of convex 
hulls representing the historical demands of the scenarios. For conve-
nience, we illustrate this construction method using the historical de-
mand of two commodities, as shown in Fig. 3.

In Fig. 3, we consider that varying amounts of historical data will 
form different convex hulls, i.e., uncertainty sets that dynamically adapt 
based on historical data. We set that the historical data of demands is 
represented as 𝑖

𝑘, where 𝑖 denotes the 𝑖𝑡ℎ data item, and 𝑖
𝑘 denotes the 

demand quantity for the commodity 𝑘 in the 𝑖𝑡ℎ data item. For the sake 
of convenience in developing the formula, it is referred to as 𝑥𝑖 and there 
are || data in total. Then, we have access to a set of potential worst-
case scenarios 𝑠

𝑘 derived from historical data, where 𝑠 ∈ the vertex 
set  represents the 𝑠𝑡ℎ vertex and 𝑠

𝑘 represents the demand quantity 
for the commodity 𝑘 in the 𝑠𝑡ℎ vertex. Hence, the uncertainty set 2 is 
defined as follows:

2 =

{

𝒒 | 𝑞𝑘 = 𝑝𝑠 ⋅𝑠
𝑘,
∑

𝑠∈
𝑝𝑠 = 1, 0 ≤ 𝑝𝑠 ≤ 1,∀𝑘 ∈ ,∀𝑠 ∈ 

}

, (3)

However, the presence of outliers in the data is inevitable. For exam-
ple, there might be a surge in demand during events such as Tmall 618 
or other promotional campaigns organized by e-commerce platforms. If 
such outliers are included in 2, decisions will tend to be more con-
servative, resulting in wasted assets. Therefore, it is essential to allow 
some points to fall outside the set. A natural idea is to construct the un-
certainty set based on historical data by some algorithm, and decision-
makers can control the number of outliers by adjusting the parameters. 
The SVC provides the mechanism to achieve this.

The SVC algorithm aims to identify the minimum enclosing sphere 
that contains the majority of the samples. Specifically, it solves the fol-
lowing optimization problem:

min
𝑎,𝑅,𝜉

𝑅2 + 1
𝑁𝑣

∑

𝑖
𝜉𝑖 (4a)

Expert Systems With Applications 317 (2026) 131970 

6 



L. Zhang et al.

Fig. 3. Uncertainty set considering different amounts of historical data.

𝑠.𝑡. ||Φ(𝑥𝑖) − 𝑎||2 ≤ 𝑅2 + 𝜉𝑖, ∀𝑖 ∈ ||, (4b)

𝜉𝑖 ≥ 0, ∀𝑖 ∈ ||. (4c)

The objective function (4a) minimizes the hypersphere radius 𝑅 and 
penalizes anomalies by 𝜉𝑖. Additionally, 𝑁 denotes the number of his-
torical demand data points, and the parameter 𝑣 controls the maximum 
proportion of outliers. Constraint (4b) indicates that demand data points 
𝑥𝑖 whose distance from the hypersphere center 𝑎 exceeds the radius 
𝑅 should be penalized. This constraint facilitates the construction of 
a minimal-volume hypersphere within the feature space, encompass-
ing the majority of data points while allowing for the presence of some 
outliers. Constraint (4c) implies that the penalty is non-negative. Sub-
sequently, the Lagrangian function of the problem is given by:

𝐿(𝑅, 𝑎, 𝜉, 𝜁 , 𝜃) = 𝑅2 + 1
𝑁𝑣

∑

𝑖
𝜉𝑖 −

∑

𝑖
𝜁𝑖 ⋅ (𝑅2 + 𝜉𝑖 − ||Φ(𝑥𝑖) − 𝑎||2)

−
∑

𝑖
𝜃𝑖 ⋅ 𝜉𝑖 (5)

where the variables 𝜁𝑖 and the variables 𝜃𝑖 are Lagrange multipliers.
We define the kernel matrix 𝐾(𝑥𝑖, 𝑥𝑗 ) = Φ(𝑥𝑖)Φ(𝑥𝑗 ). In the context of 

e-commerce logistics, the demand distribution for each commodity be-
tween origin and destination is relatively continuous, exhibiting a uni-
modal or near-unimodal fluctuation pattern. According to Shang et al. 
(2017), the weighted generalized intersection kernel (WGIK) function 
can effectively handle this situation. Hence, we define the kernel func-
tion as 𝐾(𝑥𝑖, 𝑥𝑗 ) =

∑

𝑘 𝑙𝑘 − ||𝑄(𝑥𝑖 − 𝑥𝑗 )||1, where 𝑥𝑖, 𝑥𝑗 ∈ 𝑖
𝑘. The weight-

ing matrix 𝑄 = Σ− 1
2  is formed by utilizing the covariance matrix Σ of the 

observations in the dataset. Meanwhile, 𝑙𝑘 needs to be sufficiently large 
in order to ensure that the kernel matrix 𝐾(𝑥𝑖, 𝑥𝑗 ) is positive definite. The 
parameter 𝑙𝑘 satisfies 𝑙𝑘 > max𝑖{𝑞𝑇𝑘 𝑥𝑖} − min𝑖{𝑞𝑇𝑘 𝑥𝑖}. Then, (5) converts 
into its dual problem via the Karush-Kuhn-Tucker (KKT) condition.

min
𝜁

∑

𝑖

∑

𝑗
𝜁𝑖𝜁𝑗𝐾(𝑥𝑖, 𝑥𝑗 ) −

∑

𝑖
𝜁𝑖𝐾(𝑥𝑖, 𝑥𝑖) (6a)

𝑠.𝑡. 0 ≤ 𝜁𝑖 ≤
1
𝑁𝑣

, ∀𝑖 ∈ ||, (6b)
∑

𝑖
𝜁𝑖 = 1, ∀𝑖 ∈ ||. (6c)

According to the KKT conditions, 𝜁𝑖 = 0 and 𝜃𝑖 = 1
𝑁𝑣  hold if 𝑥𝑖 is 

inside the sphere; 0 < 𝜁𝑖 <
1
𝑁𝑣  and 0 < 𝜃𝑖 <

1
𝑁𝑣  indicates that 𝑥𝑖 is on the 

boundary,i.e., ||Φ(𝑥𝑖) − 𝑎||2 = 𝑅2; 𝜁𝑖 = 1
𝑁𝑣  and 𝜃𝑖 = 0 is an anomaly, i.e., 

||Φ(𝑥𝑖) − 𝑎||2 > 𝑅2. Observations that are satisfying 𝜁𝑖 > 0 are support 
vectors (SV), while those with 0 < 𝜁𝑖 <

1
𝑁𝑣  are boundary support vectors 

(BSV). Hence, we obtain: 
𝑆𝑉 = {𝑖|𝜁𝑖 > 0,∀𝑖 ∈ ||} (7)

and

𝐵𝑆𝑉 = {𝑖|0 < 𝜁𝑖 <
1
𝑁𝑣

,∀𝑖 ∈ ||} (8)

In that case, the radius 𝑅 can be determined as the distance from the 
center 𝑎 to any boundary support vector 𝑥𝑖 :

𝑅2 = 𝐾(𝑥𝑖, 𝑥𝑖) − 2
∑

𝑛
𝜁𝑖𝐾(𝑥𝑖, 𝑥𝑛) +

∑

𝑚

∑

𝑛
𝜁𝑚𝜁𝑛𝐾(𝑥𝑚, 𝑥𝑛),∀𝑖 ∈ 𝐵𝑆𝑉 (9)

Using the obtained 𝑅, the uncertainty set can be defined as:

 (x) = {x|𝐾(x, x) − 2
∑

𝑛
𝜁𝑖𝐾(x, 𝑥𝑛) +

∑

𝑚

∑

𝑛
𝜁𝑚𝜁𝑛𝐾(𝑥𝑚, 𝑥𝑛) ≤ 𝑅2} (10)

It is worth noting that Eq. (10) describes a closure that excludes data 
from outliers. We still form a convex hull such as Eq. (3) to obtain the set 
of the worst-case scenario, as shown in Fig. 4. The parameter 𝑣 controls 
the percentage of outliers, which is an upper bound of outliers. i.e., at 
least (1 − 𝑣) ⋅ 100% of the data is inside the convex hull. The set defined 
by Alexandre et al. (2020) is a special case in our study.

For the reader’s convenience, we summarize the sets, parameters, 
and decision variables required for modeling in Table 2. The DDRO 
model as defined by SVC processing 2 is as follows:

(DDRO)  Stage 1: 
min
𝑥

∑

𝑡∈

∑

𝑖∈

∑

𝑗∈
𝑓𝑖𝑗 ⋅ 𝑥

𝑡
𝑖𝑗 + max

𝑝
Ω(𝒙, 𝑝) (11a)

s.t.
∑

𝑗∈
𝑥𝑡

−
𝑗𝑖 =

∑

𝑗∈
𝑥𝑡𝑖𝑗 , ∀𝑖 ∈  ,∀𝑡 ∈  , (11b)

∑

𝑖∈

∑

𝑗∈
𝑥𝑡𝑖𝑗 ≤ 𝑉 , ∀𝑡 ∈  , (11c)

𝑥𝑡𝑖𝑗 ∈ {0, 1, 2,…}, ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  , (11d)

where Ω(𝒙, 𝑝) is the optimal value of the second-stage problem.
Stage 2:

Ω(𝒙, 𝑝) ∶= min
𝑦,𝑄

∑

𝑖∈

∑

𝑗∈

∑

𝑘∈

∑

𝑡∈
𝑐𝑖𝑗 ⋅ 𝑦

𝑘𝑡
𝑖𝑗 +

∑

𝑘∈
𝜆 ⋅𝑄(𝑘) (11e)

s.t.
∑

𝑘∈
𝑦𝑘𝑡𝑖𝑗 ≤ 𝑢 ⋅ 𝑥𝑡𝑖𝑗 , ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  , (11f)

∑

𝑗∈
𝑦𝑘𝑡𝑖𝑗 −

∑

𝑗∈
𝑦𝑘𝑡

−
𝑗𝑖

=

⎧

⎪

⎨

⎪

⎩

𝑞𝑘 −𝑄(𝑘), if 𝑖 = 𝑜𝑘, 𝑡 = 𝑏𝑘
−𝑞𝑘 +𝑄(𝑘), if 𝑖 = 𝑑𝑘, 𝑡 = 𝑒𝑘
0, otherwise

,∀𝑖 ∈  ,∀𝑘 ∈ ,∀𝑡 ∈  , (11g)
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Fig. 4. Uncertainty set using different parameter 𝑣.

∑

𝑠∈
𝑝𝑠 = 1 (11h)

𝑞𝑘 =
∑

𝑠∈
𝑝𝑠 ⋅𝑠

𝑘, ∀𝑘 ∈ , (11i)

0 ≤ 𝑝𝑠 ≤ 1, ∀𝑠 ∈  , (11j)

𝑦𝑘𝑒𝑘𝑖𝑗 = 0, ∀𝑖 ∈  ,∀𝑗 ∈  ,∀𝑘 ∈ , (11k)

𝑦𝑘𝑡𝑖𝑗 ∈ ℝ+, 𝑄(𝑘) ∈ ℝ+, ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  ,∀𝑘 ∈ . (11l)

In the DDRO model, the objective function (11a) is to minimize the 
fixed cost in the first stage, the transportation cost and outsourcing cost 
in the second stage; Constraint (11b) indicates asset balance equations, 
which ensure the number of trucks entering and exiting the same node is 
equal in each adjacent time period; Constraint (11c) limits the number of 
trucks used. Ω(𝒙, 𝑝) is the worst-case minimum transportation cost and 
outsourcing cost; Constraint (11f) serves as a capacity constraint, ensur-
ing that the total flow does not exceed the network capacity; Constraint
(11g) is the flow conversation equation; Constraint (11h), Constraint
(11i) and Constraint (11j) define a scenario-based uncertainty set, which 
is identified via SVC; Constraint (11k) ensures that each commodity can 
reach its destination before the deadline, and Constraint (11d) and Con-
straint (11l) define the domain of the decision variables.

4.  A solution method

It can be observed that in Section 3.3, the proposed DDRO service 
network design model is a two-stage robust optimization model. The 
two-stage robust optimization model is classified as the NP-hard prob-
lem (Ben-Tal & Goryashko, 2004), making it difficult to solve. A large 
number of scholars have been working on finding an efficient algorithm. 
For example, the Benders decomposition algorithm. However, the Ben-
ders decomposition algorithm faces challenges in computational speed 
when applied to large-scale instances. Zeng and Zhao (2013) developed 
a CCG algorithm to overcome the slow convergence of the Benders de-
composition, which improves the speed and accuracy of solving the two-
stage robust optimization model (see Wang & Qi, 2019 and Zhang et al. 
(2024)). In this paper, the customized CCG algorithm is designed for the 
proposed model. The following sections provide the specific reformula-
tion and algorithmic framework.

4.1.  Sub-problem and master problem

In Eq. (11a), the decision variables 𝒙,𝒑 are fixed when making 
second-stage internal decisions. That is, given any fixed (𝒙̄, 𝒑̄), the in-
terior minimization problem can be converted into its dual maximiza-
tion formulation. At this stage, the second-stage problem becomes a

max-max problem, i.e., a single-layer maximization. By introducing 
dual variables 𝜶, 𝜷, 𝜸, the constraints (11f), (11g), and (11k) are incor-
porated into Eq. (11a). The dual problem of the second-stage internal 
problem is formulated as follows:

(DRP(𝒙̄, 𝒑̄)) max
𝛼,𝛽,𝛾

−
∑

𝑖∈

∑

𝑗∈⧵{𝑖}

∑

𝑡∈
𝑢𝑥̄𝑡𝑖𝑗𝛼

𝑡
𝑖𝑗 +

∑

𝑘

(

𝛽𝑘𝑏𝑘𝑜𝑘 − 𝛽𝑘𝑒𝑘𝑑𝑘

)

⋅ 𝑞𝑘 (12a)

s.t. 𝛽𝑘𝑏𝑘𝑜𝑘 − 𝛽𝑘𝑒𝑘𝑑𝑘
≤ 𝜆, ∀𝑘 ∈ , (12b)

𝛽𝑘𝑡
−

𝑖 − 𝛽𝑘𝑡𝑗 ≤

{

𝑐𝑖𝑗 + 𝛼𝑡−𝑖𝑗 , if 𝑖 ≠ 𝑗
𝑐𝑖𝑗 , if 𝑖 = 𝑗

, ∀𝑡 ∈  ,∀𝑡− ∈  ⧵ {𝑒𝑘},∀𝑖, 𝑗 ∈  ,∀𝑘 ∈ ,

(12c)

𝛽𝑘𝑒𝑘𝑖 − 𝛽𝑘𝑡𝑗 + 𝛾𝑘𝑖𝑗 ≤

{

𝑐𝑖𝑗 + 𝛼𝑒𝑘𝑖𝑗 , if 𝑖 ≠ 𝑗
𝑐𝑖𝑗 , if 𝑖 = 𝑗

, ∀𝑡 ∈  ,∀𝑖, 𝑗 ∈  ,∀𝑘 ∈ , (12d)

𝛼𝑡𝑖𝑗 ≥ 0, ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  , (12e)
∑

𝑠∈
𝑝̄𝑠 = 1 (12f)

𝑞𝑘 =
∑

𝑠∈
𝑝̄𝑠 ⋅𝑠

𝑘, ∀𝑘 ∈ , (12g)

0 ≤ 𝑝̄𝑠 ≤ 1, ∀𝑠 ∈  . (12h)

The second-stage problem can be reformulated as: 

max
𝑝,𝛼,𝛽,𝛾

−
∑

𝑖∈

∑

𝑗∈⧵{𝑖}

∑

𝑡∈
𝑢𝑥̄𝑡𝑖𝑗𝛼

𝑡
𝑖𝑗 +

∑

𝑘∈

(

𝛽𝑘𝑏𝑘𝑜𝑘 − 𝛽𝑘𝑒𝑘𝑑𝑘

)

𝑞𝑘

s.t. Constraints(12b) − (12e),
∑

𝑠∈
𝑝𝑠 = 1,

𝑞𝑘 =
∑

𝑠∈
𝑝𝑠 ⋅𝑠

𝑘, ∀𝑘 ∈ ,

0 ≤ 𝑝𝑠 ≤ 1, ∀𝑠 ∈  .

(13)

which is presented in a tractable form. Notably, as discussed by Wang 
and Qi (2019) and Wang and Qi (2020), an optimal solution exists for 
Model (13). According to Alexandre et al. (2020), 𝑝𝑠 ∈ {0, 1},∀𝑠 ∈ .

In the two-stage RO model, all wait-and-see decisions are included in 
the second-stage model. According to the CCG framework, we define a 
subproblem (SP) to identify the worst-case scenario. The SP is expressed 
as
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SP max
𝑝,𝛼,𝛽,𝛾

−
∑

𝑖∈

∑

𝑗∈⧵{𝑖}

∑

𝑡∈
𝑢𝑥̄𝑡𝑖𝑗𝛼

𝑡
𝑖𝑗 +

∑

𝑘∈

(

𝛽𝑘𝑏𝑘𝑜𝑘 − 𝛽𝑘𝑒𝑘𝑑𝑘

)

𝑞𝑘

s.t. Constraints(12b) − (12e),
∑

𝑠∈
𝑝𝑠 = 1,

𝑞𝑘 =
∑

𝑠∈
𝑝𝑠 ⋅𝑠

𝑘, ∀𝑘 ∈ ,

𝑝𝑠 ∈ {0, 1}, ∀𝑠 ∈  .

(14)

We solve the SP to identify the worst-case scenario. Simultaneously, 
it is added to the master problem (MP) to obtain the total cost under 
the worst-case scenario. Let the auxiliary decision variable 𝜂 represent 
an evaluation of the worst-case costs. Then, the MP is given as

MP min
𝑥

∑

𝑖∈

∑

𝑗∈

∑

𝑡∈
𝑓𝑖𝑗𝑥

𝑡
𝑖𝑗 + 𝜂 (15a)

∑

𝑗∈
𝑥𝑡

−
𝑗𝑖 =

∑

𝑗∈
𝑥𝑡𝑖𝑗 , ∀𝑖 ∈  ,∀𝑡 ∈  , (15b)

∑

𝑖∈

∑

𝑗∈
𝑥𝑡𝑗𝑖 ≤ 𝑉 , ∀𝑡 ∈  , (15c)

𝑥𝑡𝑖𝑗 ∈ {0, 1, 2,…}, ∀𝑡 ∈  ,∀𝑖 ∈  ,∀𝑗 ∈  , (15d)

𝜂 ≥
∑

𝑖∈

∑

𝑗∈

∑

𝑘∈

∑

𝑡∈
𝑐𝑖𝑗 ⋅ (𝑦𝑘𝑡𝑖𝑗 )

ℎ + 𝜆 ⋅
∑

𝑘∈
(𝑄(𝑘))ℎ, ℎ = 1, 2,… ,𝐻 (15e)

∑

𝑘∈
(𝑦𝑘𝑡𝑖𝑗 )

ℎ ≤ 𝑢𝑥𝑡𝑖𝑗 , ∀𝑖, 𝑗 ∈  ,∀𝑡 ∈  ,

ℎ = 1, 2,… ,𝐻, (15f)

−
∑

𝑗∈
(𝑦𝑘𝑡

−
𝑗𝑜𝑘

)ℎ +
∑

𝑗∈
(𝑦𝑘𝑏𝑘𝑜𝑘𝑗

)ℎ = 𝑞𝑘 − (𝑄(𝑘))ℎ, ∀𝑘 ∈ ,∀𝑡 ∈  ,

ℎ = 1, 2,… ,𝐻, (15g)

−
∑

𝑗∈
(𝑦𝑘𝑡

−

𝑗𝑑𝑘
)ℎ +

∑

𝑗∈
(𝑦𝑘𝑒𝑘𝑑𝑘𝑗

)ℎ = −𝑞𝑘 + (𝑄(𝑘))ℎ, ∀𝑘 ∈ ,∀𝑡 ∈  ,

ℎ = 1, 2,… ,𝐻, (15h)

−
∑

𝑗∈
(𝑦𝑘𝑡

−
𝑗𝑖 )ℎ +

∑

𝑗∈
(𝑦𝑘𝑡𝑖𝑗 )

ℎ = 0, ∀𝑖 ∈  ,∀𝑘 ∈ ,∀𝑡 ∈  ,

ℎ = 1, 2,… ,𝐻, (𝑖, 𝑡) ≠ (𝑜𝑘, 𝑏𝑘), (𝑑𝑘, 𝑒𝑘), (15i)

𝑞𝑘 =
∑

𝑠∈
(𝑝𝑠∗)

ℎ ⋅𝑠
𝑘, ∀𝑘 ∈ , (15j)

(𝑦𝑘𝑒𝑘𝑖𝑗 )ℎ = 0, ∀𝑖, 𝑗 ∈  ,∀𝑘 ∈ , ℎ = 1, 2,… ,𝐻, (15k)

(𝑦𝑘𝑡𝑖𝑗 )
ℎ ∈ ℝ+, ∀𝑖, 𝑗 ∈  ,∀𝑘 ∈ ,∀𝑡 ∈  , ℎ = 1, 2,… ,𝐻, (15l)

(𝑄(𝑘))ℎ ∈ ℝ+, ∀𝑘 ∈ , ℎ = 1, 2,… ,𝐻. (15m)

4.2.  Algorithmic framework

In Section 4.1, we give a reformulation of the two-stage RO model. 
The model is decomposed into MP and SP. The worst-case scenario is 
identified by solving the SP and is subsequently added to the MP (i.e., 
constraint (15d)-(15m)); the decision variable 𝒙, obtained from the MP, 
is then used in the SP until the algorithm converges (see Zeng & Zhao, 
2013). The framework of the CCG algorithm is as Algorithm 1.  Accord-
ing to Zeng and Zhao (2013), the CCG algorithm will converge in a finite 
number of iterations when the extreme points are finite. In this paper, 
the uncertain set is a convex hull identified by SVC from historical data 
with a finite number of vertices. Obviously, meet above the convergence 
theorem.

5.  Numerical experiment

In this section, numerical experiments were conducted to validate 
the proposed model and algorithm, primarily for a threefold purpose: 1. 

Algorithm 1: The CCG algorithm
Input: All parameters and sets in SND problem, and the 

uncertainty set identified via SVC.
Output: A SND scheme 𝒙

1 Initialize. Iteration ℎ ← 1, upper bound 𝑈𝐵 = ∞, lower bound 
𝐿𝐵 = 0, termination condition 𝜖 = 10−5,  ′

← ∅.
2 Solve SP. Generate 𝑥̃, then solve SP to obtain the optimal 

solution (𝑝𝑠∗)ℎ and the optimal objective function value 𝑠𝑝∗. Set 
𝑈𝐵 ← 𝑚𝑖𝑛{𝑈𝐵, 𝑓 𝑥̃ + 𝑠𝑝∗}. Then, add the SP optimal solution 
(𝑝𝑠∗)

ℎ to the scenario set  ′ ←  ′ ∪ {(𝑝𝑠∗)
ℎ} (i.e., constraints 15e 

- 15m).
3 while (𝑈𝐵 − 𝐿𝐵)∕𝑈𝐵 > 𝜖: do
4 Solve MP. Solve MP to get the optimal objective function 

value 𝑚𝑝∗ and the optimal solution 𝒙ℎ based on  ′; then, 
set 𝐿𝐵 ← 𝑚𝑎𝑥{𝐿𝐵,𝑚𝑝∗}.

5 Solve SP. Fix 𝑥̃ = 𝒙ℎ, then solve SP to obtain the optimal 
solution (𝑝𝑠∗)ℎ and the optimal objective function value 
𝑠𝑝∗. Set 𝑈𝐵 ← 𝑚𝑖𝑛{𝑈𝐵, 𝑓𝒙ℎ + 𝑠𝑝∗}.

6 Expansion scenario set. Adding the SP optimal solution 
(𝑝𝑠∗)

ℎ to the scenario set  ′ ←  ′ ∪ {(𝑝𝑠∗)
ℎ} (i.e. , constraints

(15e) - (15m)). Set ℎ ← ℎ + 1.
7 end 
8 Output SND scheme 𝒙.

By comparing with the Benders decomposition algorithm, demonstrate 
advantages of the proposed CCG algorithm in both solution time and 
accuracy. 2. By comparing with robust optimization models based on 
budget uncertainty sets, show the effectiveness of the DDRO model in 
cost savings. 3. By conducting sensitivity analysis on model parameters, 
valuable managerial insights are provided to logistics service providers. 
All experiments were conducted on an Intel(R) Core(TM) i5-14400F pro-
cessor, operating at 2.50GHz and supported by 16 GB of RAM with 
NVIDIA GeForce RTX 4060 Ti. We use Python invoking Gurobi 11.0.3 
as a coding platform.

5.1.  Generating instances

According to Wang and Qi (2020) and Xiang et al. (2022), we gener-
ate 12 groups of different instances with synthetic data. The scale of 
these instances is determined by combinations of parameters: | | ∈
{6, 12}, || ∈ {8, 16, 24}, and | | ∈ {5, 10}. Each instance is named using 
its structure parameters. For example, an instance denoted as K8N6T5 
indicates there are 8 commodities, 6 transport nodes, and 5 time peri-
ods. Other parameters are generated in each simulation trial as follows: 
𝑐 = 150, 𝑓𝑖𝑗 ∼ 𝑈 (100, 200), 𝑢 = 20, 𝑐𝑖𝑗 ∼ 𝑈 (10, 30) and 𝑉 ∈ {1, 2, 3,… , 10}.

5.2.  Algorithm performance

In this section, we evaluate the performance of the developing CCG 
algorithm compared to the Benders decomposition. The performance 
of both algorithms is assessed using the following metrics: 1) Program-
ming Time (𝐶𝑃𝑈): The average time taken by an algorithm to solve 
a group of instances of a given scale, the maximum runtime is set to 
7200 seconds. It is important to note that if the maximum time limit 
is reached before an iteration is completed, the algorithm should not 
terminate immediately. Instead, it should continue until that iteration 
is finished; 2) Optimality gap when the algorithm is terminated, de-
fined as 𝐺𝐴𝑃 = (𝑈𝐵 − 𝐿𝐵)∕(𝑈𝐵) × 100%, where 𝑈𝐵 and 𝐿𝐵 are ob-
tained by solving SP and MP, respectively; 3) The number of itera-
tions, denoted as 𝐼𝑡𝑒𝑟; 4) The output objective function value when 
the algorithm is terminated, denoted as 𝑈𝐵; 5) The objective value gap 
between the CCG and the Benders decomposition, defined as 𝑑𝑖𝑓𝑓 ∗ =
(𝑈𝐵CCG − 𝑈𝐵BD)∕(𝑈𝐵CCG) × 100%.
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Table 3 
Performance of the CCG method and the Benders decomposition algorithm.
 Instance  CCG  Benders

𝑈𝐵 𝑖𝑡𝑒𝑟 𝐶𝑃𝑈 𝐺𝐴𝑃 𝑈𝐵 𝑖𝑡𝑒𝑟 𝐶𝑃𝑈 𝐺𝐴𝑃 𝑑𝑖𝑓𝑓 ∗

 K8N6T5  4890  1  1  0  4890  5  4522.3  0  0
 K8N6T10  6883  1  1  0  8965  17  7253.4  50.2% -30.2%
 K8N12T5  4810  1  2.2  0  7295  8  7358  61.9% -51.6%
 K8N12T10  6810  1  14.7  0  9814  5  8153.9  47.3% -44.1%
 K16N6T5  9768  2  2  0  12033  13  7836.2  57.6% -23.2%
 K16N6T10  12238  2  237.2  0  19167  4  8536  60.1% -56.6%
 K16N12T5  9141  2  41.8  0  16221  7  7634  58.8% -77.4%
 K16N12T10  11636  3  1154.2  0  17595  4  8754.2  65.5% -51.2%
 K24N6T5  11533  3  651.1  0  20489  6  7223  75.2% -77.7%
 K24N6T10  17942  2  1910  0  27562  3  8510  82.9% -53.6%
 K24N12T5  18531  4  753.3  0  32772  8  7486.5  85.6% -76.8%
 K24N12T10  16635  5  3454.8  0  28366  16  8689.7  90.2% -70.5%
 Average  10901  2  685.2  0  17097  8  7663.2  61.3% -51.1%

We generate a set of demand data of size 100 from a normal distribu-
tion with a mean of 15 and a standard deviation of 5. Then, set 𝑣 = 0.9
to identify the uncertainty set (3) by SVC. For ease of calculation, we 
set 𝑉 = 10. The model parameters are set according to the method de-
scribed in Section 5.1. We obtain the relevant performance metrics of 
the CCG method and Benders decomposition algorithm on 12 groups of 
instances, as shown in Table 3.

As shown in Table 3, all instances were solved to optimality by the 
CCG algorithm in the restricted time, achieving 𝐺𝐴𝑃 = 0. The average 
running time of the CCG algorithm is 685.2 s, which is significantly 
lower than that of the Benders decomposition method. In contrast, the 
average optimal 𝑈𝐵 for the Benders decomposition method is higher 
than the CCG method, and the 𝑑𝑖𝑓𝑓 ∗ is 51.1%. These results demon-
strate the effectiveness of the CCG algorithm in solving the SND prob-
lem, as also observed in prior studies (Wang & Qi, 2020; Zhang et al., 
2024).

In addition, we analyze the impact of the number of extreme points 
|| on the CCG algorithm. We perform further experiments on the in-
stance K8N6T5. Specifically, we set || ∈ {5, 10, 50, 100, 500, 1000}, and 
the average time to solve 30 times is as an evaluation metric. The results 
are shown in Fig. 5. For larger || values (e.g., || = 500 and || = 1000), 
the computational time increases significantly. This is because as the 
scenario set grows larger, the master problem may require observing 
more scenarios to achieve convergence. In this context, more scenarios 
imply a larger and more complex master problem (with more resource 
variables and constraints), indicating longer computation times. This 
indicates that larger || sizes require higher computational resources. 
Therefore, if decision-makers can obtain a representative set of scenar-
ios, it helps save computational time. The number of extreme points in 
the demand set is much smaller than that in all scenarios, which also 
demonstrates to some extent the computational advantage of the SVC 
method for constructing uncertainty sets.

It is worth noting that, as stated in Zhang et al. (2024), the per-
formance of CCG may vary in different computing environments. In 
general, better computer configuration means better algorithmic per-
formance. Therefore, our numerical study basically reflects the perfor-
mance comparison of the two algorithms.

5.3.  Sensitivity analysis

In this section, the focus is on the exploration of the influence mecha-
nism of key model parameters on solutions. The parameters in the model 
are as follows: the maximum number of trucks 𝑉 , the unit outsourcing 
cost 𝜆, and the uncertainty 𝑣 (where 𝑣 represents the maximum pro-
portion of abnormal samples). The parameter value ranges were chosen 
to encompass a variety of realistic operational scenarios, informed by 
common observations in logistics practice and supported by existing lit-
erature (see Sun et al., 2025; Wang & Qi, 2019). Specifically, when one 

Fig. 5. The average time of CCG under different ||.

parameter is changed and other parameters are fixed, the optimal de-
cision 𝒙 is then determined. Then its efficacy is assessed by evaluating 
its performance with both in-of-sample data and an out-of-sample test 
set. We use the expected value of fixed costs, transportation costs, and 
outsourcing costs as evaluation metrics. The detailed numerical results 
are as follows.

5.3.1.  The effect of maximum vehicle
We analyze the performance of the model for different values of 

the maximum vehicle 𝑉 , ranging from 1 to 10. In case of a change in 
𝑉 , 𝑢 = 20, 𝑣 = 0.7 and 𝜆 = 150. All experiments are conducted on instance 
K8N6T5. The results are shown in Fig. 6.

In Fig. 6(a), it is noteworthy that the total costs do not escalate with 
the number of assets when the characteristics of the out-of-sample de-
mands are similar to those of the in-sample demands. This is because, 
when the maximum number of trucks, denoted as 𝑉 , is low. The service 
network is unable to handle all demands, and the volume exceeding 
network capacity must rely on outsourcing for fulfillment, resulting in 
expensive outsourcing costs. Conversely, as the number of trucks im-
proves, the dependence on outsourcing diminishes, leading to a reduc-
tion in outsourcing costs to nearly zero.

Furthermore, we investigate the difference in total costs between 
𝑉 = 1 and 𝑉 = 4 while varying the parameters 𝑣 and 𝜆. Specifically, we 
derive decision variables 𝒙 for both 𝑉 = 1 and 𝑉 = 4 across different val-
ues of 𝑣 and 𝜆, utilizing all available in-sample data to assess the total 
costs associated with the implementation of the decisions 𝒙. The total 
costs for 𝑉 = 1 are then subtracted from those for 𝑉 = 4. As illustrated 
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Fig. 6. Change in cost with maximum vehicle 𝑉 .

in Fig. 7, it has been observed that when unit outsourcing costs are low, 
the total costs for 𝑉 = 1 and 𝑉 = 4 are identical. In this case, all freight 
is fulfilled through outsourcing, and the logistics service provider does 
not need to utilize trucks to design the service network. Additionally, it 
is evident that as 𝑣 increases (resulting in the less conservative solution) 
and 𝜆 rises, the difference in total costs has increased. This indicates that 
when 𝑣 → 1 or when 𝜆 → +∞, adding more trucks is more conducive 
to lowering total costs. This also partly explains the necessity of con-
structing a network with sufficient capacity. Note that the conclusions 
obtained from out-of-sample data are consistent.

Conversely, if the out-of-sample data has a smaller mean com-
pared to the in-of-sample data, the conclusion differs slightly. As shown 
in Fig. 6(b), the total cost exhibits a tendency to decrease first and 
then increase. In the initial phase, companies can mitigate high out-
sourcing costs by increasing the number of trucks, resulting in a de-
crease in total costs. However, the allocation of an excessive number 
of trucks leads to resource redundancy, which means fixed costs can-
not be sufficiently offset by the reduction in outsourcing expenses. Ulti-
mately leading to an increase in total costs. This tendency also high-
lights the negative impact of overly conservative solutions on com-
pany profitability. Consequently, our objective is to achieve a bal-
ance by formulating decisions that are robust yet not excessively
conservative.

5.3.2.  The effect of unit outsourcing cost
In this section we study the impact of the unit outsourcing cost 

of freight 𝜆 on every cost. We set 𝑉 = 5, 𝑣 = 0.7 and 𝑢 = 20, and 𝜆 ∈
{10, 25, 50, 75, 100, 125, 150}. All experiments are conducted on instance 
K8N6T5.

Fig. 8 illustrates the significant impact of unit outsourcing cost 𝜆 on 
the performance of solutions that are made by the DDRO model. No-
tably, with the unit outsourcing cost increasing, total costs exhibit an 
upward trend, while the outsourcing costs, represented by the green 
dotted line in Fig. 8, initially rise before subsequently declining. This 
is because companies tend to meet demand through outsourcing when 
costs are relatively low. Conversely, as outsourcing costs escalate, com-
panies are prompted to invest in the development of their own service 
network to mitigate reliance on external outsourcing. In this context, the 
network structure stabilizes due to the fixed parameter 𝑉 = 5, resulting 
in an increase in total costs as the value of 𝜆 rises, given that the volume 
of outsourced freight remains constant.

Then, we give a further explanation numerically. Since we generate 
𝑓𝑖𝑗 ∼ 𝑈 (100, 200) and 𝑐𝑖𝑗 ∼ 𝑈 (10, 30). Assuming 𝑢 = 15 and | | = 5. Then 

when a vehicle is transporting only one type of freight, the demands are 
15 in a route. So the unit cost of transporting freight over the network 𝑢𝑐
and 𝑢𝑐 ∈ [37, 77], approximately. i.e., when 𝜆 ∈ [37, 77], logistics service 
providers may choose to deliver some freight through outsourcing while 
utilizing trucks for the remainder. However, in practice, the emergence 
of consolidation causes the above intervals to shift to the left (e.g., in the 
event that the truck in question has a capacity of 20 and the demand 
for freight is 15, the truck is able to utilize the remaining capacity to 
transport other freight). Therefore, as mentioned by Lo et al. (2013), it is 
advantageous for companies to evaluate 𝜆 and 𝑢𝑐 to determine whether 
outsourcing should be considered as a viable option, as it may lead to 
reduced costs.

5.3.3.  The effect of uncertainty degree
This section examines the impact of the uncertainty control pa-

rameter 𝑣 on the DDRO model’s solutions. First, we set 𝑉 = 5, 𝜆 = 150
and 𝑢 = 20. The uncertainty set is identified using the SVC method at 
𝑣 = 0.1, 0.3, 0.5, 0.7, 0.9 based on historical data of size (100,5), generated 
from a normal distribution with a mean of 15 and a standard deviation 
of 5. We use a simpler instance, K5N6T5, and observe the performance 
of the model. The results are shown in Fig. 9.

As shown in Fig. 9, we observe that the fixed cost decreases as 𝑣
increases. This is because increasing 𝑣 means more data is classified as 
outliers, reducing the size of the uncertainty set and resulting in a less ro-
bust solution. It can be observed that when 𝑣 → 1, outsourcing costs rise 
rapidly, it indicates that network capacity is too low to deliver freight ef-
fectively. Furthermore, the total cost decreases and then increases with 
𝑣. When the parameter 𝑣 approaches 1, the solution loses its robustness. 
Hence, when faced with out-of-sample data, the constructed network 
can barely hedge against risk, incurring expensive outsourcing costs. 
Whereas 𝑣 = 0.1 → 0.5, networks still have a strong ability to hedge risk. 
Notably, we find that decision performance is best when 𝑣 = 0.5. This 
suggests that neither an overly conservative nor an unconservative con-
dition is an optimal decision for the company.

The alteration in fixed costs means that variations in the parameter 
𝑣 lead to changes to the service network structure. Fig. 10 illustrates the 
optimal configurations derived from the DDRO model, with the uncer-
tainty degree 𝑣 ranging from 0.3 to 0.9. According to Lium et al. (2009) 
and Wang and Qi (2020), we define that a cycle is a path starting from a 
node at the beginning of the time period 0 and arriving at the same node 
at the end of the time period 𝑇 − 1. It is evident that as 𝑣 increases, both 
the number of cycles and the number of vehicles employed decrease, 
indicating that the DDRO model progressively generates solutions that 

Expert Systems With Applications 317 (2026) 131970 

11 



L. Zhang et al.

Fig. 7. The difference of total costs between 𝑉 = 1 and 𝑉 = 4 as varying 𝑣 and 𝜆.

Fig. 8. Change in cost with different 𝜆.

Fig. 9. Change in cost with uncertainty degree 𝑣.

are less robust with higher values of 𝑣. Specifically, at 𝑣 = 0.3, the DDRO 
model opts for a conservative approach, utilizing six vehicles to com-
plete three cycles (refer to Fig. 10(a)). Conversely, at 𝑣 = 0.9, only three 
vehicles are utilized to accomplish two cycles (see Fig. 10(d)), resulting 
in a reduction of fixed costs. However, the decrease in cycles and the 
number of vehicles (as depicted in Fig. 10) significantly diminishes the 
likelihood of consolidation, resulting in expensive outsourcing costs. To 
further clearly indicate this result, we employ the load factor as a metric 
for evaluation, monitoring its variations in both in-of-sample and out-
of-sample data across different values of 𝑣. The load factor is computed 
as follows:

Load Factor =

∑

𝑖∈
∑

𝑗∈
∑

𝑘∈
∑

𝑡∈ 𝑦𝑘𝑡𝑖𝑗
∑

𝑖∈
∑

𝑗∈
∑

𝑡∈ 𝑥𝑡𝑖𝑗 ⋅ 𝑢
, 𝑖𝑓 𝑦𝑘𝑡𝑖𝑗 > 0.

From Fig. 11, we see that 𝑣 = 0.1 → 0.9, the gap between in-of-sample 
and out-of-sample data load factors narrows. This trend illustrates that 
DDRO becomes more conservative when the value of 𝑣 is smaller, ef-
fectively hedging against risks by reserving additional capacity. Con-
versely, higher 𝑣 values lead to less conservative decisions.

In summary, the decision-maker possesses the ability to influence 
the level of conservatism by modifying the parameter 𝑣. A decrease in 
the value of 𝑣 leads to a more resilient decision-making process. This 
indicates that companies ought to adapt the value of 𝑣 in accordance 
with their risk tolerance during the planning phase, thereby achieving 
a balance between economic considerations and robustness, ultimately 
facilitating more economically efficient decision-making.

5.4.  The value of DDRO

In this section, to validate the advantages of the proposed DDRO 
model, we evaluated the performance of various model outputs on out-
of-sample data. These models include the deterministic model, the two-
stage stochastic optimization model, the traditional robust optimization 
model, and the DDRO model proposed in this paper. For the determinis-
tic model and the two-stage stochastic optimization model, please re-
fer to Bai et al. (2014). Specifically, we use 500 out-of-sample data 
to evaluate and compare solutions made by these models, using av-
erage total cost as the evaluation metric. For the DDRO model, after 
generating the demands data, the uncertainty set is identified using 
the SVC method with specified parameters 𝑣 value. Then the DDRO 
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Fig. 10. Results obtained by different values of 𝑣.

Fig. 11. Load factor with uncertainty degree 𝑣.

model is solved to obtain the decision 𝒙𝐷𝐷𝑅𝑂 based on set 10. The RO 
model is solved directly using the nominal demand and maximum de-
viation. The calculation method is as follows: 𝑞𝑘 is 1

||

⋅
∑

𝑛 𝑛
𝑘,∀𝑘 ∈ 

and 𝑞𝑘 = max0≤𝑛≤||

𝑛
𝑘 − 𝑞𝑘,∀𝑘 ∈ . Then, the RO set is as follows: 

1 =

{

𝒒 | 𝑞𝑘 = 𝑞𝑘 + 𝑝𝑘 ⋅ 𝛿𝑞𝑘,
∑

𝑘∈
𝑝𝑘 ≤ Γ, 0 ≤ 𝑝𝑘 ≤ 1,∀𝑘 ∈ 

}

. (16)

To evaluate robustness, we control the parameters 𝑣 and 𝛿 to en-
sure an almost comparable number of outliers in the two uncertainty 
sets. Additionally, the deterministic model is based on nominal demand 
resolution, with the solution denoted as 𝒙𝐷. To ensure fairness in eval-
uation, the stochastic optimization model employs a sample average ap-
proximation method. The scenario set is defined as , the convex hull 
vertex set identified by SVC, with each scenario occurring with proba-
bility 1

|| . Then, we obtain the decisions 𝒙𝐷,𝒙𝑆𝑂 ,𝒙𝑅𝑂 and 𝒙𝐷𝐷𝑅𝑂. We 
fix 𝒙 and generate demands from different distributions acting on MP to 
re-evaluate the cost of the model. The results are shown in Fig. 12.

As illustrated in Fig. 12, the cost of solutions based on determinis-
tic models is significantly higher than other solutions. This is because 
the fluctuation of demand is ignored during the planning phase, re-
sulting in an oversimplified service network structure that struggles to 
handle excessive demand. Therefore, it is essential to consider demand 
uncertainty in advance. For the other three models, the solutions out-
put by the DDRO model proposed in this paper demonstrate superior 
performance. Specifically, compared to the solution of the two-stage 
stochastic optimization model, the solution of the DDRO model con-
sistently achieves lower costs. This shows that minimizing the average 
cost across all demand scenarios cannot avoid the severe negative im-
pact of the worst-case scenario. Although the probability is low, if it 
occurs, it will significantly damage the profitability of logistics service 
providers. Furthermore, it is observed that the DDRO approach incurs 
lower costs compared to the traditional RO method. This cost efficiency 
can be attributed to DDRO’s utilization of the convex hull of histori-
cal data as the uncertain set, which presents tighter bounds and fewer 
blank areas in comparison to RO, thereby rendering DDRO less conser-
vative. It is noteworthy that when 𝑣 = 0.7, the cost of the DDRO solution 
is slightly higher than that of the RO model. As mentioned above, the 
solution exhibits limited robustness at this point. Since the uncertainty 
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Fig. 12. Comparison of performance among various model solutions.

Fig. 13. Percentage of out-of-sample data outsourcing costs incurred.

set identified by SVC becomes more compact, the ability to hedge risks 
is diminished. This reflects that when data is insufficient, utilizing the 
RO model for decision-making may be a better choice for logistics ser-
vice providers. Besides, DDRO offers probabilistic assurances that deci-
sions will fulfill performance criteria, particularly when there is minimal
fluctuation in the characteristics of the customer demand data. As shown 
in Fig. 13, DDRO has the capacity to ascertain that (1-𝑣)% of the system’s 
data meets expectations, thereby rendering decisions more targeted and 
adaptable. In contrast, the RO method can hardly provide such a prob-
abilistic guarantee.

Based on these comparative results of the RO model and DDRO 
model, we draw the following conclusions:

(i) Unlike the RO model, the DDRO model utilizes an adaptive 
methodology to formulate the uncertainty set based on historical data. 
This approach facilitates decision-making that is both robust and cost-
effective while maintaining validity. Note, in scenarios characterized by 
limited data availability, solutions derived from the RO model generally 
exhibit increased conservatism, which may lead to enhanced economic 
advantages.

(ii) By adjusting the parameters 𝑣 of the SVC approach, we provide a 
DDRO model that allows decision-makers to design more reliable service 
networks, informed by their experiential knowledge or risk preferences.

6.  Managerial insights and discussion

This paper explores the service network design problem under 
demand uncertainty, simultaneously incorporating data-driven ap-
proaches and robust optimization to improve service network perfor-
mance. Based on a clear analysis and identification of the advantages 
of designing service networks utilizing a data-driven robust optimiza-
tion framework, in this section, we provide some managerial insights 
for logistics service providers in practical implementation.

First, logistics service providers should scientifically determine the 
budget for their owned fleet size based on their risk tolerance and cost 
structure. When outsourcing costs are low, they may appropriately rely 
on outsourcing to help absorb fluctuations; conversely, they should mod-
erately increase their owned freight capacity to develop a more reli-
able service network. Moreover, logistics service providers are advised 
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to avoid decision-making approaches that are excessively optimistic or 
overly cautious, as both extremes may impede profitability. On the one 
hand, decision-making approaches that depend solely on average de-
mand fail to account for demand variability, thereby incurring substan-
tial outsourcing costs. On the other hand, excessively allocating capacity 
to accommodate events with very low probability leads to consistently 
underutilized resources. In situations where the true distribution of de-
mand data cannot be accurately determined, adopting a compromise 
risk tolerance in the decision-making process may represent the most 
effective approach. Nonetheless, this issue warrants comprehensive and 
ongoing investigation within the context of the SND problem.

A limitation of this study is that the uncertainty sets are derived 
exclusively from historical data at the beginning of the planning hori-
zon, which may constrain the solution’s effectiveness in mitigating risks. 
In practice, once the schedule is implemented, real-time demand data 
can be continuously collected throughout operations. When integrating 
such demand data into the analysis, it is essential to iteratively identify 
the uncertainty set to develop robust solutions. This approach has the 
potential to reduce costs and enhance profitability while necessitating 
only minimal modifications to the current service network configura-
tion. However, this requires carefully weighing the scheduling costs as-
sociated with making the modification against the profits that can be 
gained by implementing it. Furthermore, even over multiple quarters, 
it’s possible for the logistics service providers to consistently identify 
the uncertainty set and reallocate resources accordingly. This process 
evolves into a problem of strategic significance.  Finally, it is noteworthy 
that the demand scenarios obtained based on the SVC method may not 
be uniformly distributed across the learned hypersphere. This may fail 
to capture portions of the uncertainty space implicitly learned by SVC, 
potentially leaving certain boundary directions unprotected. Although 
numerical experiments demonstrate that the SVC-based approach can 
identify critical demand scenarios and generate high-quality solutions, 
further consideration is still required for certain important freight con-
texts. There are two approaches that may resolve this issue: (i) Utiliz-
ing more advanced forecasting techniques and incorporating these fore-
casted demand scenarios into historical data; (ii) Generating additional 
demand scenarios based on existing data according to specific rules (re-
fer to Sarayloo et al., 2020). However, introducing these new scenarios 
requires careful trade-offs: on the one hand, increased costs due to so-
lution redundancy; on the other hand, enhanced capability to hedge 
against demand fluctuations.

In summary, employing a DDRO method can enhance the perfor-
mance of the freight service network and bring benefits for the logistics 
service providers.

7.  Conclusion

To mitigate the adverse effects of demand fluctuations on compa-
nies, it is imperative to design a service network with adequate ca-
pacity to manage risks associated with uncertainty in demand. To our 
best knowledge, this paper presents the first study on the data-driven 
robust service network design problem, aiming to ensure a company’s 
profitability under fluctuating demand. We propose a method that con-
structs uncertainty sets via support vector clustering; based on this, a 
two-stage robust optimization model is developed. To efficiently solve 
this model, a customized column-and-constraint generation algorithm 
was designed. Numerical experiments validate the efficacy of the CCG 
algorithm, demonstrating its superiority over the Benders decomposi-
tion method in terms of computational efficiency and solution quality. 
Additionally, the advantages of the DDRO framework are highlighted, 
as it facilitates robust decision-making while exhibiting less conserva-
tiveness compared to traditional RO methods. Furthermore, we provide 
managerial insights indicating that the adoption of either excessively 
unconservative or overly conservative strategies may lead to increased 
transportation costs, thereby negatively impacting profitability. The de-
cisions derived from the methodology proposed in this paper are char-

acterized by robustness and cost-effectiveness, potentially yielding en-
hanced benefits in the context of uncertain demand.

In this paper, we have carried out a preliminary exploration of 
DDRO SND. In the future, we will further develop innovative data-driven 
methods to address a service network design problem that balances ro-
bustness and conservatism through adaptive optimization and dynamic 
decision-making mechanisms to meet the challenges of practical appli-
cations under complex demand fluctuations. For example, when histor-
ical demand data displays multiple peaks that form distinct clusters, it 
may be essential to conduct a thorough classification of the data prior 
to conducting uncertainty sets. In this case, the model presented in this 
study is expanded into a data-driven robust optimization model that in-
corporates multiple uncertainty sets. The appropriate classification and 
construction of uncertainty sets, along with the development of method-
ologies to handle more complex models, represent promising future re-
search. Additionally, incorporating carbon emissions into the model to 
facilitate the attainment of sustainability objectives represents a promis-
ing avenue for further research. Moreover, we intend to explore the de-
velopment of an efficient algorithm for addressing large-scale robust 
service network design problems.
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