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A B S T R A C T

This study addresses a two-echelon container drayage problem incorporating multiple trans
portation modes, and attempts to explore its potential application advantages. The problem 
concentrates on truckload transportation, and represents a variation of the classical two-echelon 
capacity-constrained vehicle routing problem. In the first echelon, a fleet of tractors, often 
employing long combination vehicles, transports trailers between a central depot and multiple 
satellites. In the second echelon, a fleet of tractors, restricted to a single-trailer stay-with mode, 
due to transportation regulations, executes multi-trip trailer transportation between satellites and 
customers. The tractor can perform two operations of dropping-off and pulling-up trailers (i.e., 
simultaneous delivery and collection of containers are involved). These characteristics make the 
routes of the two echelons couple tightly, and result in intertwined time interdependence within 
the entire network. A mathematical formulation is developed to address this two-echelon 
scheduling with time interdependence. To enhance computational efficiency, two groups of 
valid inequalities are provided. A two-stage matheuristic algorithm integrating the proposed 
mathematical model and heuristic techniques is developed. A route-string scheduling framework 
combined with a fixing and releasing mechanism is introduced to mitigate the complexity asso
ciated with the time-interdependence nature of the network. This algorithm, possessing fewer 
parameters than comparable (meta-) heuristics, offers a practical implementation. The mathe
matical model, along with the valid inequalities and the performance of the matheuristic algo
rithm, are validated through computational experiments using established instances from prior 
studies. Furthermore, experiments are undertaken to investigate the effects of customer distri
bution patterns and maximum permissible trailers count on operational efficiency.

1. Introduction

The supply or distribution chain of containers can be categorized as first-mile, mid-mile, and last-mile segments. Container drayage 
encompasses the first- and last-mile segments, and primarily provides container transportation between various locations such as 
depots and shipper/receiver facilities, utilizing tractor-trailer combinations. (Braekers et al., 2013; Shiri and Huynh, 2016; Chen et al., 
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2021; Cui et al., 2022). The involved transportation services normally include deliveries and collections of containers (Zhang et al., 
2020; You et al., 2023; Wang et al., 2024a; Wang et al., 2024b). The typical process begins with an empty trailer or container 
transported from a depot to a shipper. Once loaded, the full unit is retrieved and brought back. In a similar vein, a trailer or container, 
when delivered with goods to a receiver, is later collected empty after unloading.

Despite constituting only 5 % to 10 % of the total transportation distance, container drayage accounts for a disproportionately high 
share of overall transportation costs, often reaching up to 30 % (Escudero-Santana et al., 2021). Moreover, traffic bottlenecks, 
environmental pollution, logistical delays, and elevated safety hazards associated with the container drayage operations are also 
significant concerns for the state and government sectors. It is fair to say that efficient and economical operations of container drayage 
are significantly important from both societal and economic standpoints. This underscores the vital importance of optimizing container 
drayage practices, making it a significant area of focus for scholarly work (Bruglieri et al., 2021; Cui et al., 2022; Fazi et al., 2023; Stoop 
et al., 2024).

Conventionally, studies of container drayage problems typically assume direct transportation of containers between the depot and 
the customer (Shan et al., 2020). A practical transportation scenario, however, also shows that physical or regulatory restrictions 

Fig. 1. Time interdependence in physical transportation routes of different application problems.
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always exist at customer sites, making the implementation of direct transportation difficult. For example, customers may be located 
near city centers, and governmental regulations may impose restrictions on the types of vehicles that can go in, so as to alleviate traffic 
pressure, reduce road congestion, and mitigate nuisances (Bartolini and Schneider, 2020; Sluijk et al., 2022). The customer may also 
not have sufficient space or a specific place for parking bulky vehicles for performing container-related operations. To support the 
smooth functioning of the container transportation chain and to maintain the economic benefits of container drayage, a two-echelon 
structure is required for the transportation network, in which containers should be moved between the depot and customer via in
termediate sites rather than through direct transportation.

The two-echelon vehicle routing problem (2E-VRP) stands as a prominent and representative model within the realm of two- 
echelon problems, see, e.g., (Zhou et al., 2018) and (Marques et al., 2020). The two echelons of transportation, each using a 
different fleet of vehicles, facilitate the movement of freight. Large trucks, or first-echelon vehicles, commonly transport freight from 
depots to satellite locations. At the satellites, freight is unpacked and transferred to smaller, second-echelon trucks for final delivery to 
customers.

Normally, 2E-VRPs focus on less-than-truckload transportation, where multiple smaller shipments are consolidated within a single 
truck or trailer, enabling customers to share loading space and costs (Dellaert et al., 2021). This study delves into a two-echelon 
container drayage problem. It is a 2E-VRP variant and primarily focuses on managing truckload transportation. Unlike less-than- 
truckload transportation, truckload transportation dedicates an entire truck or trailer exclusively to one customer’s shipment, 
thereby excluding the opportunity for consolidation (Wang et al., 2024a). Despite the prevalence of drayage operations in contain
erized supply chains, two-echelon problem formulations for container drayage are relatively unexplored in the existing literature.

In the studied problem, the first-echelon drayage services are accomplished by one-tractor-multi-trailer trucks operated with a 
drop-and-pull mode. The one-tractor-multi-trailer truck (see Wang et al. (2022a) for a four-trailer truck), which is called a longer 
combination vehicle, is a tractor and trailer combination consisting of one tractor combined with two or more trailers. This category of 
large vehicles, which has been successfully deployed in numerous developed nations in North America and Oceania, has shown 
substantial promise for enhancing transportation efficiency (Nagl, 2007). The trailers are flexible and can be separated from the 
tractors, which simplifies drop-and-pull implementation and improves transport efficiency. Specifically, when arriving at a location, 
the trailer is detached from the tractor and left there for container-related operations, while the tractor leaves for fulfilling other 
transportation services. After the container-related operations are completed, a tractor, whether the same or a different unit, returns to 
reposition the trailer. Existing studies have demonstrated the effectiveness of such strategy (Zhang et al., 2021). Given the physical 
and/or regulation restrictions, as well as the requirement of a necessary handover procedure, the second-echelon drayage services are 
performed by one-tractor-one-trailer trucks operated with stay-with mode (i.e., a tractor can pull, at most, one trailer, and the trailer 
stays with the tractor the whole time).

This two-echelon, multi-mode transportation approach presents fundamental differences in structure and complexity compared to 
the single-echelon, single-mode paradigm (Xue et al., 2014; Zhang et al., 2020; You et al., 2023; Wang et al., 2024a; Wang et al., 
2024b). While the single-echelon, single-mode system utilizes a straightforward network structure with vehicles operating in a single 
mode to deliver directly from a central depot to customers, the two-echelon, multi-mode approach typically necessitates transshipment 
coordination at intermediate satellite facilities. Normally, this requires careful inventory management at these points, as well as the 
synchronization of delivery times and the orchestration of multiple transportation modes between the first and second echelons. 
Consequently, the two-echelon, multi-mode approach introduces new decision variables beyond simple customer assignment, 
demanding optimization of shipment quantities to each satellite and management of vehicle capacity constraints at both echelons.

Due to the transportation direction of freight and to the corresponding operation sequence, the 2E-VRP involves a factor of time 
interdependence, which always appears in a subset of routes of the overall network, and chains of influence are independent of each 
other. For instance, in most 2E-VRPs (e.g., (Grangier et al., 2016)), freight delivery to customers is the major type of transportation 
services. Consequently, second-echelon truck departures at the satellite are coordinated with first-echelon truck arrivals. The impact of 
each first-echelon truck is uncorrelated with that of other first-echelon trucks. Such transportation routes are shown in Fig. 1(a). Note 
that the second-echelon trucks have no effect on the first-echelon trucks. However, an exception occurs when both delivery and 
collection of freight are encountered. For example, Li et al. (2022) tackled a 2E-VRP with pickup and delivery, in which delivery and 
collection are executed by different vehicles. The first-echelon truck can only perform freight delivery or collection but not both in its 
route. With an implied assumption that the truck executes collection after the required freights are delivered, the second-echelon truck 
further influences at most one first-echelon truck which is only for freight collection (see Fig. 1(b)). Such influence is within the chain 
of the involved routes and is independent of that from other chains.

The aforementioned two situations of time interdependence are simpler than the setups encountered in the present research. Time 
interdependence in the present research may run through the overall network of the two echelons and cover all routes, demonstrating 
that the influence chains are intertwined. Due to the interchangeability within the drop-and-pull activities, where different tractors can 
handle services at the same location, precedence operations are introduced for the tractors, making the tractor routes tightly meshed 
together (Zhang et al., 2020; You et al., 2023; Wang et al., 2024a; Wang et al., 2024b). In addition, both delivery and pickup can be 
conducted by the same tractor, and the tractor can handle tasks at multiple locations. All these points intensify the interconnectedness, 
fostering a vulnerable network where a small change in either echelon can trigger major effects in the other, possibly undermining the 
overall transportation plan. The following example can provide a clear illustration. A first-echelon tractor, say A for convenience, 
transports several trailers to the satellite and drops them off. The dropped trailers are delivered to the customers for container (un) 
packing by the second-echelon tractors, say B, C, and D, and are transported back to the satellite when the (un)packing operations are 
finished. The returned trailers are subsequently pulled up and taken away by tractor E. One can see that precedence constraints exist 
among dropping-off, (un)packing, and pulling-up operations, which thus make the routes of tractors A-E couple together. Notably, 
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tractors A and E are usually different. Each of them can carry multiple trailers to perform both dropping-off and pulling-up (i.e., 
delivery and collection) operations in their routes, easily making their routes couple with more tractors’ routes. Predictably, almost all 
routes in the two-echelon network can thus be coupled together tightly. A more detailed overview of this scenario can be found in the 
graphical representation of Fig. 3 in Section 6.1.

Based on our current understanding, the body of research focusing on the two-echelon container drayage problem remains rela
tively small, indicating a gap in the existing literature. Moreover, the complexity involved in the scheduling and routing aspect ne
cessitates operational research. Accordingly, a summary of this paper’s main contributions is presented below: 

(1) A complex 2E-CD-MTMTID problem, characterized by two-echelon container drayage, multiple transportation modes and time 
interdependence, is formally investigated. The first echelon employs the multi-trailer drop-and-pull mode, while the second 
echelon applies the single-trailer stay-with mode. Tractors can perform two operations of dropping off and picking up trailers in 
the same route so as to accomplish delivery and collection of containers. The routes of the two echelons are thus coupled 
together, resulting in intertwined time interdependence in the overall network. A slight alteration to a single route can create a 
ripple effect, impacting most routes and, potentially, undermining the entire routing plan.

(2) A mixed-integer programming model is established, and based on a rigorous analysis of the problem’s inherent traits, two sets of 
valid inequalities are posited to enhance its computational performance. Empirical evidence, gathered through computational 
experiments, substantiates the efficacy of these inequalities.

(3) A two-stage matheuristic algorithm is constructed by incorporating the mathematical model within a heuristic methodological 
framework. The integration of a mathematical model with tailored heuristic techniques results in a parameter-lean, practically 
implementable algorithm. Unlike conventional methods that attempt to optimize all routes simultaneously, leading to signif
icant computational overhead, this algorithm adopts a gradual and orderly progression. A route-string scheduling framework is 
combined with a tailored fixing and releasing mechanism to enhance the solution efficiency, offering a novel and effective 
means of mitigating the complexity stemming from the time-interdependence nature of the network, ultimately leading to 
efficient and high-quality solutions. Rigorous experimental evaluations, utilizing instances sourced from existing literature, 
demonstrate that the proposed algorithm produces promising results within an acceptable computational time, offering per
formance superior to the exact method. Furthermore, an analysis of customer distribution patterns and varying tractor ca
pacities, obtained through supplemental experiments, provides valuable managerial implications.

The following outlines the structure of the rest of this paper. Section 2 gives an overview of existing works on drop-and-pull 
container drayage and two-echelon routing, comparing and contrasting the proposed problem with established research. A formal 
statement of the problem is given in Section 3. Section 4 introduces a mixed-integer programming model, which is subsequently 
improved by valid inequalities that are presented in Section 5. Section 6 then details the two-stage matheuristic algorithm, describing 
the application details of combining the model with the heuristic paradigm. Section 7 documents the computational experiments and 
analyses the results, and the paper concludes in Section 8 with a summary and proposals for future research endeavors.

2. Literature review

Container drayage is well investigated by numerous studies due to its important role in the supply and distribution chain. Aiming at 
accommodating real world application requirements, container drayage problems with various considerations, such as foldable 
container transportation (Zhang et al., 2018), container availability (Benantar et al., 2020), multi-trip transportation (Bruglieri et al., 
2021), multiple transportation periods (Ghezelsoflu et al., 2021), multi-sized containers (Chen et al., 2021) and trailer reposition (Cui 
et al., 2022), have been studied and remarkable results have been achieved. These studies mostly assume that the trucks are operated 
with the stay-with mode. Recently, Escudero-Santana et al. (2021) provided a comprehensive literature review of container drayage, 
so we will not delve extensively into it here. Moreover, Chen et al. (2022) presented a comprehensive review of the container port 
drayage literature, encompassing diverse methodological and technological perspectives. Readers interested in container port drayage 
operations and management can consult this work. Drop-and-pull container drayage is attracting increased scholarly attention in the 
relevant literature (Bjelić et al., 2022). However, the number of studies is relatively small.

This section presents a literature review encompassing two domains that bear close relation to the problem under consideration: 
Routing problems with drop-and-pull operations (Section 2.1) and routing problems with two-echelon network (Section 2.2).

2.1. Routing problems with drop-and-pull operations

The drop-and-pull operation can be frequently employed in the field of less-than-truckload transportation. The truck-and-trailer 
routing problem (TTRP), detailed by Chao (2002), is a paradigmatic case involving freight transportation with a truck and trailer. 
The trailer must be uncoupled and parked at a designated location to serve destinations not accessible by the composite vehicle. 
Transshipment of freight between the truck and trailer is permitted, enabling either vehicle to serve as a temporary storage location. A 
recent overview of TTRPs has been conducted by Schiffer et al. (2019). Those seeking more detail are directed to this work.

Truckload transportation is a broader application of the drop-and-pull framework. In such a field, a limited number of studies have 
specifically examined the so-called truck platooning problem. The truck platooning, facilitated by advances in cooperative adaptive 
cruise control, typically involves a human-driven lead vehicle virtually guiding a series of automated trucks for transportation (You 
et al., 2020). The lead and automated trucks are easily separable due to the lack of any physical connection. This nature contrasts 
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sharply with the scenario in our research. Regarding the truck platooning, Xue et al. (2021) analyzed its effects on saving fuel con
sumption through a tabu search heuristic algorithm. Peng and Xue (2023) focused on understanding the relationship between different 
truck loading configurations and resulting fuel efficiency, and this was achieved by utilizing a multi-objective vehicle routing problem 
framework, alongside a mixed-integer linear programming model and a simulated annealing algorithm. The influence of platoon 
length was analyzed, with managerial implications highlighted. You et al. (2023) handled multiple trips by designing a branch-and- 
price-and-cut algorithm. The efficacy of the algorithm was ascertained through computational experimentation, wherein instances 
with a maximum cardinality of 100 nodes were successfully resolved. Normally, the driver in the lead truck of the platoon cannot leave 
the truck. Yan et al. (2023) relaxed such a restriction and permitted the driver to move in alternative manners. A mixed-integer linear 
programming model was employed to validate the advantages of the relaxation, and a simulated annealing algorithm was concom
itantly developed for the treatment of problems with realistic dimensionality.

Some works implement drop-and-pull operation through container separation from trucks. For instance, Vidović et al. (2017)
considered a multi-size container drayage problem, enabling the trucks to transport a variable number of containers. A mixed-integer 
linear programming model, grounded in a matching framework, was formulated. For tackling instances of a larger size, they used a 
variable neighborhood search algorithm. Most multi-size container drayage problems only allowed the simultaneous transportation of 
containers with the same size (Bustos-Coral and Costa, 2022). Bjelić et al. (2022) relaxed such constraint and solved the corresponding 
problem with a variable neighborhood search-based heuristic algorithm. A similar operation of detaching the container was also 

Table 1 
A comparison of research on routing problems with drop-and-pull operations.

Application type Article Detachable item No. of loadable 
items

Multiple 
trips

Multiple 
echelons

Methodology

=

1
=

2
> 2

Less-than-truckload 
transportation Chao (2002)

Trailer √ ​ ​ ​ √ Heuristic

​
Xue et al. (2014), Xue et al. 
(2015)

Trailer √ ​ ​ √ ​ Exact & Heuristic

​
Meisel and Kopfer (2014),

Trailer √ ​ ​ ​ ​ Exact & Heuristic

​
Vidović et al. (2017)

Multi-size 
container

√ √ √ ​ ​ Exact & Heuristic

​
Zhang et al. (2018)

Foldable 
container

√ √ √ √ ​ Exact & Heuristic

​
Tilk et al. (2018)

Trailer √ ​ ​ ​ ​ Exact

​
Lu et al. (2019)

Standard 
container

√ ​ ​ ​ ​ Exact & Heuristic

​
You et al. (2020)

Automated truck √ √ √ √ ​ Exact & Heuristic

​
Moghaddam et al. (2020)

Multi-size 
container

√ √ ​ ​ ​ Exact

​
Xue et al. (2021)

Automated truck √ √ √ ​ ​ Exact & Heuristic

Truckload transportation
Zhang et al. (2021)

Trailer √ √ √ ​ ​ Exact & Heuristic

​
Yang et al. (2021)

Multi-size 
container

√ √ ​ ​ ​ Exact & Heuristic

​
Bjelić et al. (2022)

Multi-size 
container

√ √ √ ​ ​ Exact & Heuristic

​
Bustos-Coral and Costa 
(2022)

Multi-size 
container

√ √ ​ ​ ​ Exact

​
Cui et al. (2022)

Trailer √ ​ ​ ​ ​ Exact & Heuristic

​
Wang et al. (2022a)

Trailer √ √ √ √ ​ Exact & Heuristic

​
Peng and Xue (2023)

Automated truck √ √ √ ​ ​ Exact & Heuristic

​
You et al. (2023)

Automated truck √ √ √ √ ​ Exact

​
Yan et al. (2023)

Automated truck √ √ √ √ ​ Exact & Heuristic

​
Wang et al. (2023)

Trailer √ ​ ​ ​ ​ Exact

​
Wang et al. (2024b)

Trailer √ ​ ​ √ ​ Exact & 
Matheuristic

​
Wang et al. (2024a)

Trailer √ √ √ √ ​ Exact & 
Matheuristic

​ This paper Trailer √ √ √ √ √ Exact & 
Matheuristic
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adopted by Zhang et al. (2018) to tackle drayage operations involving foldable containers. Moghaddam et al. (2020) and Yang et al. 
(2021) conducted research to accomplish container pickup and delivery services with both drop-and-pull and stay-with modes. Note 
that the separation of containers from trucks requires specialized equipment and consumes considerable time, unlike the simpler 
process of detaching a trailer from the tractor.

Drop-and-pull transportation that is achieved by detaching the trailer from the tractor, is the focus of this paper. Such an operation 
manner is gaining increasing recognition within the scientific community. Lu et al. (2019) verified its advantage of energy and 
emissions savings in a container collection and distribution problem involving multiple depots. Most relevant studies employed the 
one-tractor-one-trailer truck for transportation. Meisel and Kopfer (2014) looked at a problem with route synchronization and 
restricted transport resources by designing a large neighborhood search algorithm. Tilk et al. (2018) subsequently resolved the same 
problem via a branch-and-price-and-cut algorithm. Xue et al. (2014) and Xue et al. (2015) pondered problems with and without 
allocation of empty containers, respectively, and both designed meta-heuristics to solve realistic-scale instances. Song et al. (2017)
investigated a comparable problem concerning the logistical intricacies of empty container maintenance, utilizing a sophisticated 
branch-and-price-and-cut algorithm for a provably optimal solution. The algorithm can effectively prove optimality for a considerable 
number of instances. Cui et al. (2022) especially handled the issue of trailer reposition, given the fact that some containers of the 
customer cannot be reused during the planning horizon. The authors employed a composite search strategy, combining the exploratory 
nature of large neighborhood search and the local refinement capabilities of tabu search, to find solutions, and validated the method’s 
effectiveness based on instances with various characteristics. The use of different tractors to provide services to the same customer in 
the drop-and-pull setting gives rise to interdependent transportation. Regarding this point, Wang et al. (2023) investigated a problem 
involving controllable interdependence and formulated a branch-and-price-and-cut algorithm to obtain optimal results quickly. More 
recently, Wang et al. (2024b) assigned a mandatory work break to the driver, given the work regulations and interests of employees. A 
mixed-integer programming formulation was developed, and its strength was enhanced through the design of three sets of valid in
equalities. For handling large-sized problems, a matheuristic algorithm based on backtracking adaptive threshold acceptance was 
developed.

Drop-and-pull transportation, characterized by a single tractor’s ability to simultaneously haul multiple trailers (i.e., one-tractor- 
multi-trailer), is another area of significant interest. It, however, has received relatively little attention. Zhang et al. (2021) first 
formulated a mixed-integer non-linear programming model for the problem, subsequently employing the big-M method for its line
arization. They leveraged a backtracking adaptive threshold accepting algorithm to facilitate the solution of instances of realistic 
magnitude, and presented managerial insights from sensitivity analyses on (un)packing time and customer distribution. Recognizing 
the practical relevance of allowing multiple trips, Wang et al. (2022a) addressed the multi-trip setup by employing a sophisticated 
combination of techniques. Initially, they developed two separate, yet related, mixed-integer programming models to provide a 
mathematical representation of the problem. Then, to solve larger instances effectively, they also implemented an adaptive large 
neighborhood search algorithm, capable of exploring a vast solution space and escaping local optima. Recently, Wang et al. (2024a)
addressed route balancing due to unbalanced driver working times, which impacts equity and morale. They built a model based on 
Wang et al. (2022a)’ model to generate optimal transportation plan. They also designed a matheuristic method that uses a segmen
tation approach and a fix-and-optimize method to accelerate the solving speed. Extensive experiments proved the method’s effec
tiveness and demonstrated managerial insights on route balancing.

Table 1 provides an overview on the routing problems with drop-and-pull operations. In summary, most container drayage studies 
focus on the single-echelon network, and investigations into the two-echelon container drayage problem with multi-trailer drop-and- 
pull transportation are scarce. This paper concentrates on that problem and fills the research gap by constructing a suitable mathe
matical model, designing valid inequalities and developing an effective algorithm.

2.2. Routing problems with two-echelon network

The literature on routing problems with two-echelon networks has been extensively explored by Cuda et al. (2015), Li et al. 
(2021a), and Sluijk et al. (2022), each offering unique insights across multiple perspectives. For a comprehensive treatment of the 
subject, readers are encouraged to consult these references. The following review, therefore, will focus on summarizing key aspects 
including problem typology, defining elements, and real-world applications, without exhaustively detailing individual studies. Given 
the extensive body of relevant research, this review will prioritize works that demonstrate a strong alignment with the objectives of the 
current study and that have mostly been published recently.

The routing problem with two-echelon structure, according to Cuda et al. (2015), includes the location routing problem (2E-LRP), 
and TTRP, in addition to the 2E-VRP. The 2E-LRP is a special case of 2E-VRP. In the 2E-LRP, a set of possible satellites is given in 
advance, but which satellite should be opened needs to be decided, and truck routes going through the opened satellite(s) to serve 
customers should be decided accordingly (Contardo et al., 2012; Govindan et al., 2014; Pitakaso et al., 2020; Cao et al., 2021; 
Mohamed et al., 2022). For example, Yıldız et al. (2023) tackled a complex 2E-LRP that integrated both pickup and delivery services. 
Their approach involved the development of a two-index, node-based mixed-integer programming formulation. To improve the 
tightness and efficiency of this initial formulation, they further enhanced it by incorporating adapted valid inequalities. To address the 
computational challenges associated with solving larger instances of the problem, they developed a novel branch-and-cut algorithm. 
To further improve the performance of the algorithm, they incorporated heuristic techniques, specifically iterated local search and 
variable neighborhood search, which allowed them to find high-quality solutions more efficiently. In the TTRP, a key factor is the 
flexibility of service provided to different customer types. Customers designated as “truck customers”, facing limitations due to street 
access or parking restrictions, necessitate direct delivery via a single truck. Conversely, “vehicle customers” enjoy greater flexibility, 
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accommodating service by either a single truck or a truck coupled with a trailer. The resulting two-echelon structure is due to the 
possibility of leaving the trailer at a “vehicle customer”, which allows the truck to perform localized distribution for the more restricted 
“truck customers” before returning to pick up its trailer (Bartolini and Schneider, 2020). The literature on two-echelon routing was 
meticulously investigated by Li et al. (2021a), focusing on satellite capacity limitations, synchronization of operations, vehicle 
coupling and decoupling techniques, and mobile satellite system designs. Notably, they demonstrated that a separate but related class 
of problems involving ground vehicles partnered with unmanned aerial systems also exhibits a two-echelon structure. The two-echelon 
structure is formed in the way that ground vehicles can act as mobile distribution centers from which unmanned aerial vehicles 
perform deliveries (see, for example, Zhou et al. (2023) and Faiz et al. (2024)).

While the two-echelon network facilitates various routing scenarios, most commonly, these involve classical vehicle routing ap
proaches for less-than-truckload transportation. A significant body of research addresses freight delivery problems (Hemmelmayr 
et al., 2012; Baldacci et al., 2013; Grangier et al., 2016; Wang et al., 2017; Liu et al., 2018; Marques et al., 2020; Xue et al., 2022; Yu 
et al., 2023). Relatively few studies concentrate on the simultaneous delivery and collection of freight (Hernández-Pérez et al., 2021; Li 
et al., 2021b; Wang et al., 2021b; Dumez et al., 2022; Zhou et al., 2022; Sun and Wang, 2023). To cater to the specific demands of 
practical applications in real-world settings, scholars have explored extensions of the two-echelon routing problem, factoring in 
considerations such as service time flexibility (Darvish et al., 2019), fuel consumption (Pitakaso et al., 2020), alternative delivery of 
self-service collection (Wang et al., 2022b), stochastic demand of customers (Mohamed et al., 2022), numerous depots (Zhou et al., 
2018), multiple trips (Lehmann and Winkenbach, 2024), numerous commodities (Dellaert et al., 2021; Wang et al., 2024c), non- 
constant travel time (Gutierrez et al., 2024; Zhou et al., 2024a), heterogeneous fleets (Liu et al., 2022), multiple periods (Wang 
et al., 2021a), time windows (Li et al., 2020; Zhou et al., 2024b), etc. Solution methods range from exact algorithms like branch-cut- 
and-price (Marques et al., 2020), to hybrid approaches like matheuristics (Wang et al., 2017), and also includes (meta-) heuristic 
methods (Bevilaqua et al., 2019).

The routing problems with two-echelon network find widespread application in diverse fields. For example, in modern bike sharing 
systems, the shared bikes have to be frequently repositioned between the depot and bike stations due to inventory imbalance. By 
treating a group of bike stations as satellites and the other bike stations as customers, Lv et al. (2022) turned the bike sharing repo
sitioning problem into a 2E-VRP, and applied an adaptive variable neighborhood search algorithm for solution, demonstrating the 
potential of multi-echelon structures. Other practical applications can be found in urban delivery problems with electric vehicles (Jie 
et al., 2019), autonomous vehicles (Yu et al., 2020a), drones (Kitjacharoenchai et al., 2020), cargo bicycles (Enthoven et al., 2020; 
Mühlbauer and Fontaine, 2021), harvesting and transportation systems (He and Li, 2019), waste collection (Yu et al., 2020b; Liu and 
Liao, 2021; Rahmanifar et al., 2024), vaccine distribution (Al Theeb et al., 2024), biomass transportation (Cao et al., 2021), and other 
transportation setups.

Table 2 details the routing problems with two-echelon networks. Despite significant prior investigations, limited studies have 
specifically explored the two-echelon container drayage problem involving multiple transport modes. This under-explored area is 
therefore the focal point of our current research.

3. Problem statement and graphical representation

3.1. The problem of 2E-CD-MTMTID

In the 2E-CD-MTMTID, import freight in containers stacked at a depot should be transported to the receivers, while export freight 
stacked at the shippers should be transported to the depot, through a two-echelon transportation network. Every receiver/shipper has a 
shipment demand of one container. The receivers and shippers have no space for inventory of containers. Therefore, the logistical flow 
of containers dictates that full containers arriving at receiver locations, after unpacking, are either transported back to the depot or sent 
to shippers for export freight. Empty containers follow an opposing flow, initially being sent to shippers for packing freight, then 
subsequently returned to the depot once packing is complete. The time required for packing or unpacking at a receiver/shipper i is li. 
Travel time between locations i and j, regardless of trailer attachment, is represented by tij. All drayage services must be finished in a 
planning horizon [0, H].

At the depot, a fleet of first-echelon tractors is positioned to manage first-echelon transportation (i.e., container transportation 
between the depot and the satellites). The container is loaded on the trailer during transportation. The involved trailers can be 
categorized into three types: import full trailers with full containers heading towards receivers, export full trailers with full containers 
coming from shippers, and empty trailers with empty containers. It is important to clarify that the definition of ‘empty trailers’ does not 
refer to trailers completely devoid of containers. This definition form is helpful for precisely describing the loading status of the tractors 
involved and for ensuring a clear understanding of the problem. Each first-echelon tractor is capable of carrying up to K( ≥ 2) trailers 
simultaneously via the drop-and-pull operating protocol. Each satellite has a fleet of second-echelon tractors specifically for the 
second-echelon transportation (i.e., container transportation between the satellites and the receivers/shippers). The satellite location 
is known, but the assignment of receivers and shippers to specific satellites is not predetermined. Each second-echelon tractor can pull 
at most one trailer and operates under the stay-with mode. As the distance in the second-echelon transportation is relatively short, each 
tractor can be used several times to perform multiple trips. Eventually, all the tractors in both echelons return to the location (depot or 
satellite) where they departed from. Tractor and trailer resources are adequate.

The 2E-CD-MTMTID intends to discover a collection of routes for both echelons, ensuring that all customer transport needs are met, 
while minimizing total drayage costs. The overall drayage cost is made up of two parts. Firstly, the fixed cost of using tractors at both 
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Table 2 
A comparison of research on VRPs with two-echelon network.

Article Type Service Employed vehicle Problem element Truckload
*

Bartolini and Schneider 
(2020)

TTRP Delivery Truck with trailer Fright transfer ​

Contardo et al. (2012) 2E-LRP Delivery Truck Homogeneous and unlimited fleet ​
Hemmelmayr et al. (2012) 2E-VRP Delivery Truck Homogeneous fleet ​
Baldacci et al. (2013) 2E-VRP Delivery Truck Homogeneous fleet, handling cost ​
Govindan et al. (2014) 2E-LRP Delivery Truck Time windows, multi-objective optimization ​
Grangier et al. (2016) 2E-VRP Delivery Truck Multi-trip ​
Wang et al. (2017) 2E-VRP Delivery Truck Fuel consumption ​
Liu et al. (2018) 2E-VRP Delivery Truck Grouping constraints ​
Zhou et al. (2018) 2E-VRP Delivery Truck Multi-depot, pick-up station ​
Darvish et al. (2019) 2E-LRP Delivery Truck Multi-period, flexibility of due dates ​
Bevilaqua et al. (2019) 2E-VRP Delivery Truck Heterogeneous fleet ​
Jie et al. (2019) 2E-VRP Delivery Electric vehicle Battery swap ​
He and Li (2019) 2E-VRP Collection Truck Multi-trip, dynamic satellite ​
Pitakaso et al. (2020) 2E-LRP Collection Truck Fuel consumption ​
Yu et al. (2020b) 2E-LRP Collection Truck Multi-objective ​
Marques et al. (2020) 2E-VRP Delivery Truck Satellite capacity ​
Li et al. (2020) 2E-VRP Delivery Truck, drone Time windows ​
Yu et al. (2020a) 2E-VRP Delivery Truck with 

autonomous vehicle
Time windows ​

Kitjacharoenchai et al. 
(2020)

2E-VRP Delivery Truck, drone Traveling range of drone ​

Enthoven et al. (2020) 2E-VRP Delivery Truck, cargo bike Pick-up station ​
Mühlbauer and Fontaine 

(2021)
2E-VRP Delivery Truck, cargo bike Container swap ​

Liu and Liao (2021) 2E-VRP Collection Truck Collaboration mechanism ​
Li et al. (2021b) 2E-VRP Delivery, 

collection
Truck Satellite bi-synchronization ​

Wang et al. (2021b) 2E-VRP Delivery, 
collection

Truck Multi-depot, multi-period ​

Hernández-Pérez et al. 
(2021)

2E-VRP Delivery, 
collection

Truck Single vehicle ​

Cao et al. (2021) 2E-LRP Collection Truck Satellite capacity ​
Wang et al. (2021a) 2E-VRP Delivery Truck Multi-depot, multi-period, multi-objective, 

time windows
​

Dellaert et al. (2021) 2E-VRP Delivery Truck Multi-commodity, time windows, freight 
consolidation

​

Mohamed et al. (2022) 2E-LRP Delivery Truck Stochastic demand, multi-period ​
Wang et al. (2022b) 2E-LRP Delivery Electric vehicle Pick-up station ​
Xue et al. (2022) 2E-VRP Delivery Truck Dynamic demand ​
Lv et al. (2022) 2E-VRP Delivery Truck Homogeneous fleet ​
Zhou et al. (2022) 2E-VRP Delivery, 

collection
Truck Time windows ​

Dumez et al. (2022) 2E-VRP Delivery, 
collection

Truck Satellite capacity, time windows, 
multi-trip

​

Liu et al. (2022) 2E-VRP Delivery Truck, robot Heterogeneous fleets, load-based emission, 
battery life

​

Yu et al. (2023) 2E-VRP Delivery Truck Time windows, intermediate 
facilities, occasional drivers

​

Sun and Wang (2023) 2E-VRP Delivery, 
collection

Truck Multi-objective, time windows ​

Zhou et al. (2023) 2E-VRP Delivery Truck, drone Delivery deadline, energy capacity ​
Yıldız et al. (2023) 2E-LRP Delivery, 

collection
Truck Homogeneous fleet ​

Rahmanifar et al. (2024) 2E-VRP Collection Truck Heterogeneous fleets, carbon dioxide emission ​
Faiz et al. (2024) 2E-VRP Delivery Truck, drone Homogeneous fleet ​
Lehmann and 

Winkenbach (2024)
2E-VRP Delivery Truck Multi-trip, time windows, vehicle range ​

Wang et al. (2024c) 2E-VRP Delivery Truck Multi-commodity, multi-modal, multi-period ​
Gutierrez et al. (2024) 2E-VRP Delivery Truck Time-dependent travel time, time windows ​
Zhou et al. (2024a) 2E-VRP Delivery, 

collection
Truck Time-dependent travel time, storage capacity 

of satellites
​

Zhou et al. (2024b) 2E-VRP Delivery Truck Time windows, direct deliveries ​
Al Theeb et al. (2024) 2E-VRP Delivery Truck Multi-commodity, multi-objective, mobile 

satellites, heterogeneous fleets
​

This paper Two-echelon 
container drayage

Delivery, 
collection

Tractor with trailer Multi-trailer drop-and-pull, multi-mode, 
time interdependence of overall network

√
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locations, and the second part is the unfixed cost, which depends on how long the transportation services take to complete.

3.2. Graphical formulation based on decomposition method

To model the drop-and-pull process, a decomposition method (see, for example, Meisel and Kopfer (2014) for similar application) is 
adopted here. Specifically, each satellite is decomposed into two virtual sub-satellites: a drop-off sub-satellite and a pick-up sub- 
satellite. The drop-off sub-satellite is the position for dropping off trailers, while the pick-up sub-satellite is the position for picking up 
trailers. For a drop-off sub-satellite i, δ(i) is used to denote the corresponding pick-up sub-satellite.

Then, the 2E-CD-MTMTID can be represented using a directed graph G = (N,A). 

N = {0} ∪ SD ∪ SP ∪ I ∪ E (1) 

is the collection of all nodes, among which node 0 is the depot, SD represents the set of nodes allocated to drop-off sub-satellites, SP 

signifies the set of nodes for pick-up sub-satellites, I defines the set of nodes for receivers, and E defines the set of nodes for shippers. 
A = AFIRST ∪ ASECOND is the arc set, where 

AFIRST =
{
(i, j) |i ∈ {0} ∪ SD ∪ SP, j ∈ {0} ∪ SD ∪ SP\{i}

}
\
{
(δ(j), j ) |j ∈ SD } (2) 

represents the set of first-echelon arcs, consisting of arcs linking the depot to satellites and arcs linking satellites to each other, and 

ASECOND = AGOC ∪ ABETC ∪ ALEVC (3) 

defines the set of second-echelon arcs. In ASECOND, 

AGOC =
{
(i, j) |i ∈ SD, j ∈ I ∪ E

}
(4) 

encompasses the arcs traveling from drop-off sub-satellites to customers, 

ABETC = {(i, j) |i ∈ I ∪ E, j ∈ I ∪ E\{i} } (5) 

comprises arcs that allow for interaction between customers, and 

ALEVC =
{
(i, j) |i ∈ I ∪ E, j ∈ SP } (6) 

consists of arcs that proceed from customers to pick-up sub-satellites. The node, arc and their relationship are illustrated in Fig. 2.

4. Development of the mathematical model

Table 3 consolidates and presents the notations utilized in the model construction, promoting better understanding. In order to 
mathematically formulate the 2E-CD-MTMTID problem, decision variables zIF

ij , zET
ij , zEF

ij , and xij, (i, j) ∈ AFIRST, are defined for the first 
echelon. Decision variables xij, (i, j) ∈ AFIRST , are used for constructing the first-echelon transportation routes. To construct the 
transportation routes for the second echelon, the three-index decision variables yijd, (i, j) ∈ ASECOND, d ∈ SD, are introduced. The 

* Container drayage in the current paper dedicates full truck/trailer to a single customer, while other problems belong to general VRPs concerning 
the less-than-truckload that can consolidate shipments from multiple customers.

Fig. 2. Node, arc and their relationship.
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Fig. 3. Example of solution scheme in the 2E-CD-MTMTID problem.

Table 3 
Notations of the 2E-CD-MTMTID problem.

Sets ​
0 Depot
I Set of nodes for receivers
E Set of nodes for shippers
SD Set of nodes for drop-off sub-satellites
SP Set of nodes for pick-up sub-satellites
N = {0} ∪ SD ∪ SP ∪ I ∪ E, set of all nodes
δ(i) Corresponding pick-up sub-satellite of a drop-off sub-satellite i ∈ SD

δ− 1(i) Corresponding drop-off sub-satellite of a pick-up sub-satellite i ∈ SP

AFIRST =
{
(i, j) |i ∈ {0} ∪ SD ∪ SP, j ∈ {0} ∪ SD ∪ SP\{i}

}
\
{
(δ(j), j ) |j ∈ SD }

, set of the first-echelon arcs
ASECOND = AGOC ∪ ABETC ∪ ALEVC, set of the second-echelon arcs
AGOC =

{
(i, j) |i ∈ SD , j ∈ I ∪ E

}
, set of the arcs from drop-off sub-satellites to customers

ABETC = {(i, j) |i ∈ I ∪ E, j ∈ I ∪ E\{i} }, set of the arcs between customers
ALEVC =

{
(i, j) |i ∈ I ∪ E, j ∈ SP }, set of the arcs from customers to pick-up sub-satellites

A = AFIRST ∪ ASECOND, set of all arcs
Parameters
cF Weighting coefficient for the first-echelon employed tractors
cS Weighting coefficient for the second-echelon employed tractors
cTIM Weighting coefficient for the completion time
li (Un)packing time of node i ∈ I ∪ E
tij Traveling time for the tractor traversing arc (i, j) ∈ A
K Upper limit of the trailer numbers that can be carried by a first-echelon tractor
[0, H] Planning horizon
M A sufficiently large constant
Decision variables
zIF

ij Number of import full trailers dragged by the tractor traveling on arc (i, j) ∈ AFIRST

zET
ij Number of empty trailers dragged by the tractor traveling on arc (i, j) ∈ AFIRST

zEF
ij Number of export full trailers dragged by the tractor traveling on arc (i, j) ∈ AFIRST

xij 1 if arc (i, j) ∈ AFIRST is traversed by first-echelon tractors, or 0 otherwise
yijd 1 if a tractor from satellite d ∈ SD travels along arc (i, j) ∈ ASECOND, or 0 otherwise
si Leaving time of the tractor from node i ∈ N\{0}
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decision variables si, i ∈ N\{0}, are introduced for the overall network to determine the service time.
The 2E-CD-MTMTID problem is modeled as the mixed-integer programming model (Model MIP) below: 

minimizecF
∑

i∈SD∪SP

x0i + cS
∑

i∈SD

∑

j∈I∪E
yiji + cTIM

∑

i∈SD∪SP

xi0(si + ti0) (7) 

Subject to 
∑

(i,j)∈AFIRST

xij = 1, ∀j ∈ SD ∪ SP (8) 

∑

(j,i)∈AFIRST

xji = 1, ∀j ∈ SD ∪ SP (9) 

∑

d∈SD

ydjd +
∑

d∈SD

∑

(i,j)∈ABETC

yijd = 1,∀j ∈ I ∪ E (10) 

∑

d∈SD

yjδ(d)d +
∑

d∈SD

∑

(j,i)∈ABETC

yjid = 1, ∀j ∈ I ∪ E (11) 

∑

i∈{d}∪I∪E\{j}

yijd =
∑

i∈{δ(d) }∪I∪E\{j}

yjid,∀d ∈ SD,∀j ∈ I ∪ E (12) 

zIF
ij + zET

ij + zEF
ij ≤ Kxij, ∀(i, j) ∈ AFIRST (13) 

∑

j∈SD∪SP

zEF
0j = 0 (14) 

∑

j∈SD∪SP

zIF
j0 = 0 (15) 

∑

(i,j)∈AFIRST

zIF
ij =

∑

(j,i)∈AFIRST

zIF
ji +

∑

i∈{j}∪I∪E

∑

k∈I\{i}

yikj,∀j ∈ SD (16) 

∑

(i,j)∈AFIRST

zET
ij =

∑

(j,i)∈AFIRST

zET
ji +

∑

i∈{j}∪I∪E

∑

k∈E\{i}

yikj,∀j ∈ SD (17) 

∑

(i,j)∈AFIRST

zEF
ij =

∑

(j,i)∈AFIRST

zEF
ji ,∀j ∈ SD (18) 

∑

(i,j)∈AFIRST

zIF
ij =

∑

(j,i)∈AFIRST

zIF
ji ,∀j ∈ SP (19) 

∑

(i,j)∈AFIRST

zET
ij =

∑

(j,i)∈AFIRST

zET
ji −

∑

i∈{δ− 1(j) }∪I∪E

∑

k∈I\{i}

yikδ− 1(j),∀j ∈ SP (20) 

∑

(i,j)∈AFIRST

zEF
ij =

∑

(j,i)∈AFIRST

zEF
ji −

∑

i∈{δ− 1(j) }∪I∪E

∑

k∈E\{i}

yikδ− 1(j), ∀j ∈ SP (21) 

si ≥ t0i − M(1 − x0i),∀i ∈ SD ∪ SP (22) 

si + tij ≤ sj +M
(
1 − xij

)
,∀i ∈ SD ∪ SP,∀j ∈ SD ∪ SP\{i} (23) 

si ≤ H − ti0 +M(1 − xi0),∀i ∈ SD ∪ SP (24) 

sj ≥ si + tij + lj − M
(

1 − yiji

)
,∀i ∈ SD, ∀j ∈ I ∪ E (25) 

sj ≥ si + tik + tkj + lj − M
(

1 − yijk

)
,∀i ∈ I ∪ E, ∀j ∈ I ∪ E\{i}, ∀k ∈ SD (26) 

sδ(j) ≥ si + tiδ(j) − M
(

1 − yiδ(j)j

)
,∀i ∈ I ∪ E, ∀j ∈ SD (27) 
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xij ∈ {0,1}, zIF
ij ∈ {0,1,⋯,K}, zET

ij ∈ {0,1,⋯,K}, zEF
ij ∈ {0,1,⋯,K},∀(i, j) ∈ AFIRST (28) 

yijd ∈ {0,1}, ∀(i, j) ∈ ASECOND, ∀d ∈ SD (29) 

0 ≤ si≤ H, ∀i ∈ N\{0} (30) 

The goal of objective function (7) is to minimize both the fixed cost associated with employed tractors and the variable cost linked 
to completion time. 

∑
i∈SD∪SP x0i and 

∑
i∈SD

∑
j∈I∪Eyiji are the number of first- and second-echelon employed tractors, respectively. 

∑
i∈SD∪SP xi0(si +ti0) is the completion time of the transportation. The notations cF, cS, and cTIM are the weighting coefficients. While 

driving cost is not explicitly modeled as a separate term, it is implicitly included within the variable cost associated with transportation 
completion time. This is justified by the strong correlation between driving cost and completion time; a longer completion time implies 
longer routes and increased transportation elements related to driving cost, such as driving time and fuel consumption. This approach 
simplifies the model while still capturing the impact of driving on overall cost. Similar formulation can be found in the literature. See 
the research of Meisel and Kopfer (2014), Song et al. (2017), and Wang et al. (2023).

Constraints (8)-(12) create the travel routes across both echelons. Constraints (8) and (9) provide flow balancing at every satellite in 
the first echelon, while Constraints (10) and (11) are used for flow balancing at each customer in the second echelon, and also ensure 
that every customer receives one and only one visit. Constraints (10) and (11) also establish the relationship between the routes taken 
in the first and second echelons. Specifically, Constraint (10) ensures that vehicles proceed from the satellite to visit customers in the 
second echelon, thereby establishing a connection from the first echelon network and its operations to the second echelon network and 
its operations. Conversely, Constraint (11) ensures that vehicles travel from customers in the second echelon back to the satellite, thus 
connecting the second echelon network and its operations to the first echelon network and its operations. Through this reciprocal 
relationship, the two echelons are effectively coupled. Constraint (12) enforces that if a tractor from satellite d enters node j, it must 
also exit that node.

Constraints (13)-(21) control the flow of trailers in the two echelons. Constraint (13) links the tractor loads of trailers with the arc, 
stating that the number of trailers dragged by the tractor should not exceed the upper limit. Constraint (14) restricts the movement of 
export full trailers out of the depot, since their destination is the depot itself. Constraint (15) prevents import full trailers from 
returning to the depot, because they are intended for delivery to customers. Constraints (16)-(18) describe the variation of the number 
for trailers when a drop-off sub-satellite is visited. They link the transported trailers from the satellite of the first echelon with customer 
demands satisfied in the second echelon. Specifically, Constraint (16) dictates that the number of import full trailers decreases by 
∑

i∈{j}∪I∪E
∑

k∈I\{i}yikj when the tractor leaves sub-satellite j ∈ SD. The summation 
∑

i∈{j}∪I∪E
∑

k∈I\{i}yikj represents both the number of 
receivers served and import full trailers dropped off at sub-satellite j. Likewise, Constraint (17) indicates a decrease in the number of 
empty trailers by 

∑
i∈{j}∪I∪E

∑
k∈E\{i}yikj. Constraint (18) makes sure that the number of export full trailers remains, as no export full 

trailer is dropped off. Constraints (19)-(21) describe the variation of the number for trailers when a pick-up sub-satellite is visited, and 
they work similarly to Constraints (16)-(18). Constraint (19) keeps the number of import full trailers unchanged. Constraints (20) and 
(21), where δ− 1(j) denotes the drop-off sub-satellite that corresponds to a pick-up sub-satellite j ∈ SP, make the number of empty 
trailers and export full trailers increase by 

∑
i∈{δ− 1(j) }∪I∪E

∑
k∈I\{i}yikδ− 1(j) and 

∑
i∈{δ− 1(j) }∪I∪E

∑
k∈E\{i}yikδ− 1(j), respectively.

Constraints (22)-(27) make sure that the service times are continuous at the satellites and customer locations, using a sufficiently 
large constant M. Constraint (22) determines the earliest time that a satellite may be serviced. Constraint (23) specifies how the service 
times of two sub-satellite nodes visited successively are related. Constraint (24) states the latest time that a satellite should be served, 
and make sure that all services are accomplished with the planning horizon. Constraint (25) establishes the relationship for the service 
time between the drop-off sub-satellites and the customers. Constraint (26) specifies the relationship of service time between two 
successively visited customers. Note that if yijk = 1, i ∈ I ∪ E, j ∈ I ∪ E\{i},k ∈ SD, the constraints become sj ≥ si + tik + tkj + lj, which 
means that the tractor first travels from customer i to the sub-satellite k, and then departs from k again and travels to customer j. This is 
the mechanism by which the model enables a tractor to perform multiple trips within the second echelon. Constraint (27) shows how 
the service times for the customers are linked to the service times of the pick-up sub-satellites. Among these constraints, Constraints 
(23) and (26) eliminate sub-tours for the first and second echelon using the incremental property of service time along traveling routes, 
respectively. Constraints (25) and (27) build a connection for the service time of the two echelons. Specifically, Constraint (25) reflects 
that the arrival time of a first-echelon vehicle at the satellite influences the service time of a second-echelon vehicle at a customer, 
establishing a relationship from the first echelon network to the second. Conversely, Constraint (27) reflects that the service time of a 
second-echelon vehicle at a customer influences the leaving time of a first-echelon vehicle at the satellite, establishing a relationship 
from the second echelon network to the first. Notably, when a tractor arrives at a designated pick-up sub-satellite and the corre
sponding dropped-off trailers at the drop-off sub-satellite have not yet been delivered from customers, the tractor must wait. This 
waiting time directly impacts the tractor’s subsequent departure time from the sub-satellite, thereby influencing the total duration 
required to complete the overall transportation task.

Constraints (28)-(30) define the boundaries, or allowed values, for the decision variables used in the model.

5. Valid inequalities

To bolster the effectiveness of Model MIP, two sets of valid inequalities are put forward by reinforcing the connection between the 
first and second echelons.
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5.1. An upper bound from import full trailers and empty trailers

A first-echelon tractor is designed to transport multiple trailers and will release all or a subset of them at a satellite to address the 
requirements of specific second-echelon customer demands. For any satellite, the quantity of customers served cannot surpass the 
number of trailers dropped at that satellite. Consequently, a maximum number of served customers using a drop-off sub-satellite can be 
computed as follows (Inequality IFE): 

∑

k∈I∪E

yjkj +
∑

k∈I∪E

∑

l∈I∪E\{k}

yklj ≤ zIF
ij + zET

ij +M1
(
1 − xij

)
,∀j ∈ SD, ∀i ∈ {0} ∪ SD ∪ SP\{j, δ(j) } (31) 

where M1 is a considerably large number that can be designated as 2|I ∪ E|.

5.2. An upper bound from export full trailers and empty trailers

The import full trailers dropped at the drop-off sub-satellite j ∈ SD are used to serve receivers, and become empty trailers that will 
be eventually picked up at the corresponding pick-up sub-satellite δ(j). In a similar manner, the dropped empty trailers will be 
eventually picked up at the pick-up sub-satellite as export full trailers after serving shippers. Based on the logic presented in Section 
5.1, a maximum number of served customers via pick-up sub-satellite can be calculated based on the number of export full trailers and 
empty trailers as follows (Inequality EFE): 

∑

k∈I∪E
yjkj +

∑

k∈I∪E

∑

l∈I∪E\{k}

yklj ≤ zEF
δ(j)i + zET

δ(j)i +M2
(
1 − xδ(j)i

)
, ∀j ∈ SD,∀i ∈ {0} ∪ SD ∪ SP\{j, δ(j) } (32) 

where M2 is a considerably large number that can be designated as 2|I ∪ E|.

6. A two-stage matheuristic algorithm based on model MIP

Early experiments demonstrated that the mathematical model can discover an optimal solution when applied to small-sized in
stances, but it encounters difficulty in finding optimal or incumbent solutions for instances that are medium- and large-sized. Given the 
need to solve realistically scaled problems effectively, we employ a matheuristic method to achieve results within a suitable 
computational timeframe. The matheuristic, which is also sometimes called a “math-based heuristic”, is one kind of optimization 
algorithm that uses mathematical models in a heuristic framework. Various studies have demonstrated its successful applications 
(Neves-Moreira et al., 2016; Dumez et al., 2022). Archetti and Speranza (2014) have conducted a detailed overview on this approach, 
and interested readers can find more information if needed.

While established optimization techniques like branch-and-price, adaptive large neighborhood search, and decomposition-based 
heuristics offer various strengths, their applicability to the complexities of this specific problem is limited by practical runtime con
siderations. Theoretically optimal methods like branch-and-price can become computationally intractable for large-scale instances. 
Adaptive large neighborhood search, while offering improved scalability, requires careful parameter calibration and may not 
consistently deliver near-optimal results. Decomposition-based heuristics, despite their ability to simplify problem structures, can 
sometimes compromise the quality of the integrated solution. The matheuristic approach provides a compelling alternative by stra
tegically combining mathematical programming with heuristic search. This allows us to capitalize on the problem’s underlying 
structure through mathematical models, while simultaneously employing heuristic techniques to efficiently navigate the solution 
space and identify high-quality solutions within an acceptable computational budget. This balanced approach, prioritizing both so
lution accuracy and computational efficiency, renders the matheuristic particularly suitable for addressing the challenges inherent in 
this specific problem, presenting a practical solution distinct from purely mathematical or purely heuristic strategies.

This section introduces a two-stage matheuristic algorithm, drawing upon the fix-and-optimize approach by Helber and Sahling 
(2010). The algorithm explores the solution space via a process of fixing a subset of the decision variables and applying Model MIP to 
determine the optimal values of the remaining variables, with the goal of discovering improved neighbors. Section 6.1 describes how 
solutions are represented within the algorithm. Section 6.2 outlines the inner workings of the proposed algorithm, detailing its key 
components and their interactions. Section 6.3 delineates the mechanisms for obtaining an initial solution that adheres to all problem 
restrictions. The procedures of the first and second stages of the matheuristic algorithm are outlined in Sections 6.4 and 6.5, 
respectively.

6.1. Solution representation

Definition 1: A route of the first echelon in the 2E-CD-MTMTID is defined as an ordered chain of nodes (0, v1, v2,⋯, vn,0), 
vi ∈ SD ∪ SP, i = 1,2,⋯,n. This indicates that a first-echelon tractor initiates its trip at the depot, then goes to a group of sub-satellites, 
and finishes by returning to the depot.

Definition 2: A route of the second echelon in the 2E-CD-MTMTID is defined as an ordered chain of nodes (i, v1, v2,⋯, vn, δ(i) ), i ∈ SD, 
vk ∈ I ∪ E, k = 1,2,⋯,n. This implies that a second-echelon tractor starts its journey at sub-satellite i, visits a number of customers, and comes 
back to sub-satellite δ(i).

Fig. 3 presents the solution scheme of the 2E-CD-MTMTID problem based on graphical formulation. The overall solution, for this 
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two-tier problem, contains a collection of routes at the first echelon, with these leading to a number of connected routes in the second 
echelon. The two groups of routes are connected by the sub-satellites, which are located at the routes of the first echelon. Each sub- 
satellite connects a group of customers. Due to the time interdependence among routes, if a change appears, the visiting sequence of the 
routes will probably need to be reassigned so as to remain feasible and to generate a better solution.

In the proposed matheuristic algorithm, two distinct vectors are utilized in the whole searching process. One vector is implemented 
for storing the first-echelon routes, and another vector is implemented for storing the second-echelon routes. For each sub-satellite 
i ∈ SD, its position on the first-echelon route is recorded, so that the connected customers can be quickly positioned in the search
ing procedure.

6.2. Structure of the two-stage matheuristic algorithm

The proposed two-stage matheuristic algorithm first generates an initial solution with the idea of greedy merging and assignment 
and then improves it. Due to the interdependence among routes, directly improving all routes will increase the computational burden. 
The two-stage matheuristic leverages a hierarchical optimization strategy to address the complexities of the routing problem. It begins 
by strategically reducing the dimensionality of the solution space through a route-string scheduling paradigm and selective route 
merging, guided by variable fixing techniques. This initial simplification allows for efficient exploration of promising solution sub
spaces. The subsequent second stage then expands the scope of optimization, enabling further performance gains through a broader 
search process. This hierarchical approach, combining dimensionality reduction with targeted refinement, provides a computationally 
efficient means of achieving high-quality solutions, which can be validated in later experiments (see Section 7.3).

The first stage, named route decreasing, is intended to diminish the number of routes within both the first and second echelons. A 
route-string scheduling paradigm is implemented. Specifically, the algorithm selects the two most favorable first-echelon routes along 
with their corresponding second-echelon routes. It then combines these two first-echelon routes into a single route and reassigns the 
customers served by the associated second-echelon routes. To alleviate the computational burden, some decision variables are stra
tegically fixed, using service and travel time information as key determinants. Model MIP takes the fixed and released (i.e., unfixed) 
variables as input and optimizes them to finish the route decreasing and customer reassigning operations. This procedure is iteratively 
executed until a superior solution cannot be attained. During each iteration, the resulting solution is updated as the new best-so-far 
solution as well as the new current solution if is superior to the previous best-so-far solution. The subsequent iteration then con
tinues to seek out neighboring solutions using the current solution in a comparable manner.

The second stage named completion time decreasing is a one-time post-optimization process to decrease the completion time of 
transportation. It shares similar operations with the first stage, but searches a wider solution space by trying to merge three first- 
echelon routes at a time and rescheduling the connected second-echelon routes. A different method using travel time is adopted to 
choose the decision variables to be fixed.

Assume that SB is the best-so-far solution, SCUR is the current solution, and f( • ) is the objective function, the general framework of 
the algorithm is organized as follows:

Step 1: Generate an initial solution SI with greedy assignment. Let SB = SI, SCUR = SI.
Step 2: Use the information of service time and travel time to select and fix a subset of decision variables. Attempt to merge each 

two first-echelon routes of SCUR, reassign the customers served through the sub-satellites of these two routes, and generate a solution. 
Let the best solution be S.

Step 3: If f(S) ≥ f
(
SB), go to Step 4; otherwise, let SCUR = S, SB = S.

Step 4: Use the information of travel time to select and fix a subset of decision variables. Try to find the best three first-echelon 
routes of SCUR, merge them, reassign the customers of the second-echelon routes connected by the related sub-satellites, and 
generate a solution, say Ś .

Step 5: If f(Ś ) < f
(
SB), let SCUR = Ś , SB = Ś . Terminate the algorithm.

6.3. Generation of initial solution

The initial solution is created by performing a method consisting of two steps. The first step focuses on establishing transportation 
routes for the first echelon, followed by the second step, which develops the routes for the second echelon based on the first.

The first-echelon routes are achieved through allocating one drop-off sub-satellite i and one pick-up sub-satellite j that is close to the 
depot, to each route. Each route is in the formation of (0, i, j,0), i ∈ SD, j ∈ SP\{δ(i) }. The pick-up sub-satellite j here is selected from SP 

excluding δ(i). The reason lies in that the serving process of the second echelon through i will cost a relatively long time. The tractor can 
leave i to fulfill other services using this period of time, and has no need to wait at δ(i) for picking up operations. In other words, pick-up 
sub-satellite δ(i) does not have to be visited immediately after its corresponding drop-off sub-satellite i. Adhering to the same rationale, 
j is not selected as the one close to i, and instead is selected according to the traveling time to the depot, in order to lower the 
transportation costs. Once a j ∈ SP is selected for the route, it will not be selected again and assigned to another route.

For the drop-off sub-satellite of each first-echelon route, the customer that is close to it is assigned in the second step to construct the 
second-echelon route. When a customer j ∈ I ∪ E is assigned to a drop-off sub-satellite i ∈ SD, it means that a two-echelon route (i, j,
δ(i) ) is constructed for i and δ(i). Note that the route temporally only includes one customer. Such route construction is executed in a 
circular fashion. In each cycle, at most one second-echelon route is constructed for a paired i and δ(i), i ∈ SD. The circular process stops 
when all customers are assigned. There might be several second-echelon routes for each paired i and δ(i) eventually.
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At the end, the transportation routes for both echelons (i.e., the visiting sequences of nodes) are delivered to Model MIP to 
determine the service time of tractors. The comprehensive process for the initial solution generation is presented below:

Step 1: Initialize 
⃒
⃒SD

⃒
⃒ first-echelon routes as (0, i,0), i ∈ SD.

Step 2: For each route (0, i,0), i ∈ SD, find a pick-up sub-satellite j ∈ SP\{δ(i) } with the shortest traveling time tj0 from those never 
appearing in the constructed first-echelon routes, insert j into the route and form route (0, i, j,0). Let C = I ∪ E, SF = ∅.

Step 3: Let ST = SD\SF.
Step 4: For node i ∈ ST, let j ∈ C be the customer with the smallest tij. If t0i + tij + lj + tjδ(i) + tδ(i)0 − H ≤ 0, go to Step 5; otherwise, 

delete i from ST , and go to Step 6.
Step 5: Assign j to i and δ(i), successfully construct a second-echelon route (i, j, δ(i) ), delete j from C, and delete i from ST. If the 

quantity of customers allocated to paired i and δ(i) equals or exceeds K, put i into SF.
Step 6: If i represents the final node in ST, go to Step 7; otherwise, advance i to the subsequent node, and go to Step 4.
Step 7: If C ∕= ∅, go to Step 3; otherwise, based on the visiting sequence of routes, use Model MIP to obtain the service time of 

tractors, and terminate the whole procedure.

6.4. Stage one: Route decreasing

Route decreasing works by iteratively merging two routes from the first echelon, re-routing their connected routes from the second 
echelon and decreasing the number of routes. This purpose is realized with an idea of fixing partial decision variables and optimizing 
the unfixed ones with Model MIP.

Precisely, in regard to two first-echelon routes and their corresponding, related second-echelon routes, the routing variables xij, 
(i, j) ∈ AFIRST, and yijk, (i, j) ∈ ASECOND, k ∈ SD, are released. However, for all other routes in both echelons, the routing variables are held 
at their initial values, meaning that the visiting sequences of these routes remain unaltered. Due to the time interdependence of routes, 
all the variables si, i ∈ N\{0}, are released. Additionally, all variables zIF

ij , zET
ij , zEF

ij , (i, j) ∈ AFIRST are released as they have marginal 
effects in increasing the computation burden.

In order to further alleviate the computation burden of Model MIP and enhance the performance the algorithm, part of the released 
variables are selected and fixed at a given value according to the following rules:

Let SI, SII and CR be the set of nodes i ∈ SD, j ∈ SP and customers that are involved when the routing variables are released, 
respectively. 

(1) If SI ∕= ∅, choose the node i ∈ SI with minimum sδ(i); otherwise, choose the node i ∈ SII with minimum si. Let x0i = 1.
(2) If SII ∕= ∅, choose the node i ∈ SII with minimum si; otherwise, choose the node i ∈ SI with minimum si. Let xi0 = 1.
(3) Let ni be the amount of all the customers that are serviced by the second-echelon routes through sub-satellite i ∈ SI, and counter 

c = 0. Choose the customer node j ∈ CR with the smallest tij + lj, delete j from CR, c = c + 1, and let yiji = 1. Repeat this 
operation, until c reaches ni/2.

Model MIP receives the released and fixed variables and then optimizes them to find an improved neighboring solution. Given a 
solution, the two best first-echelon routes and their associated second-echelon routes are chosen. The operations iteratively work on 
the solution, until no improved solution can be obtained.

The general procedure of route decreasing can be formulated below:
Step 1: Consider a current solution denoted by SCUR, let ri and rj represent the first pair of routes in the first echelon. Also, define SV 

as a virtual solution where f
(
SV) = ∞.

Step 2: Execute the operations of the variable releasing and fixing paradigm, optimize the released variables using Model MIP, and 
obtain a solution S. If f(S) < f

(
SV), SV = S.

Step 3: If ri and rj are the last routes pair of the first-echelon routes in SCUR, go to Step 4; otherwise, advance ri and rj to the 
subsequent two routes and go to Step 2.

Step 4: If f
(
SV) < f

(
SB), SB = SV , SCUR = SV , and go to Step 1; otherwise, present SB and SCUR as the final output and halt the 

procedure.

6.5. Stage two: Completion time decreasing

The operation of completion time decreasing shares similarities with the operation of route decreasing in Section 6.4. Here, the 
paradigm of variable releasing and fixing is also used but on three first-echelon routes and their connected second-echelon routes. In 
addition, the following rules are adopted in selecting fixed variables to alleviate the computation burden:

Let SI and SII be the set of nodes i ∈ SD and j ∈ SP involved in releasing the routing variables, respectively. 

(1) If SI ∕= ∅, choose the node i ∈ SI with minimum t0i; otherwise, choose the node i ∈ SII with minimum t0i. Let x0i = 1.
(2) If SII ∕= ∅, choose the node i ∈ SII with minimum ti0; otherwise, choose the node i ∈ SI with minimum ti0. Let xi0 = 1.
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The optimization operation is executed on every three first-echelon routes and their connected second-echelon routes once. The 
solution with the highest quality is recognized as the concluding solution.

7. Validation and evaluation experiments

This section presents a validation and performance evaluation of Model MIP and the proposed matheuristic. The assessments focus 
on solution quality and computational efficiency. The implementation was carried out in C++ using Microsoft Visual Studio 2010, 
with IBM ILOG CPLEX 12.6.1 employed to solve the mathematical model. All computational experiments were run on a computer 
equipped with a 3.20 GHz processor and 32 GB of RAM.

This section is structured as follows: Section 7.1 details the test instances employed in the experiments. Section 7.2 then presents 
the exact solutions of the mathematical model, with and without valid inequalities, demonstrating their advantages. Section 7.3
evaluates the performance of Model MIP in solving 2E-CD-MTMTID. Section 7.4 compares the results of the model and the proposed 
matheuristic algorithm, assessing the algorithm’s effectiveness. Moreover, the solutions of different algorithmic stages are evaluated to 
show the algorithm efficiency. Section 7.5 analyzes the effects of customer distribution patterns on transportation benefits. Sections 
7.6 -7.8 conduct sensitivity analysis to evaluate the impact of key elements, such as maximum carried trailers, planning horizon and 
satellite configuration, on transportation planning outcomes within the two-echelon container drayage network.

7.1. Test instance and parameter setting

2E-VRPs are commonly seen in the literature, but the two-echelon container drayage is rarely reported. No ready test instance for 
the two-echelon container drayage is available. Consequently, we employ the data instances presented in Xue et al. (2014), who 
tackled a single-echelon container drayage scenario using drop-and-pull transportation, and adapt them to our context. Originally, 
there are two classes of instances as random ones (R) and clustered ones (C). The geographical distribution of customers is achieved via 
a random allocation process within a square domain defined by dimensions of 200 km by 200 km. The depot is positioned at 

Table 4 
Information of test instances.

Instance |I| |E|
⃒
⃒SD

⃒
⃒ |N| Instance |I| |E|

⃒
⃒SD

⃒
⃒ |N|

R1-1* 2 2 1 7 R19-2 10 15 7 40
R1-2 2 2 1 7 R20-1 15 15 8 47
R2-1 3 2 2 10 R20-2 15 15 8 47
R2-2 3 2 2 10 R21-1 20 20 10 61
R3-1 2 3 2 10 R21-2 20 20 10 61
R3-2 2 3 2 10 R22-1 25 25 13 77
R4-1 3 3 2 11 R22-2 25 25 15 81
R4-2 3 3 2 11 R23-1 30 20 16 83
R5-1 4 3 2 12 R23-2 30 20 17 85
R5-2 4 3 2 12 R24-1 20 30 13 77
R6-1 3 4 2 12 R24-2 20 30 14 79
R6-2 3 4 2 12 R25-1 30 30 15 91
R7-1 4 4 3 15 R25-2 30 30 17 95
R7-2 4 4 3 15 R26-1 40 40 20 121
R8-1 5 4 3 16 R26-2 40 40 21 123
R8-2 5 4 3 16 C27-1 10 10 5 31
R9-1 4 5 3 16 C27-2 10 10 5 31
R9-2 4 5 3 16 C28-1 15 10 7 40
R10-1 5 5 3 17 C28-2 15 10 7 40
R10-2 5 5 3 17 C29-1 10 15 7 40
R11-1 8 2 3 17 C29-2 10 15 7 40
R11-2 8 2 3 17 C30-1 15 15 8 47
R12-1 7 3 3 17 C30-2 15 15 8 47
R12-2 7 3 3 17 C31-1 20 20 10 61
R13-1 6 4 3 17 C31-2 20 20 13 67
R13-2 6 4 3 17 C32-1 30 20 13 77
R14-1 4 6 3 17 C32-2 30 20 16 83
R14-2 4 6 3 17 C33-1 25 25 13 77
R15-1 3 7 3 17 C33-2 25 25 13 77
R15-2 3 7 3 17 C34-1 20 30 13 77
R16-1 2 8 3 17 C34-2 20 30 13 77
R16-2 2 8 3 17 C35-1 30 30 15 91
R17-1 10 10 5 31 C35-2 30 30 15 91
R17-2 10 10 5 31 C36-1 50 30 20 121
R18-1 15 10 7 40 C36-2 50 30 20 121
R18-2 15 10 7 40 C37-1 40 40 20 121
R19-1 10 15 7 40 C37-2 40 40 20 121

* Xi-1 and Xi-2 are two different instances with different numbers or locations of satellites.
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coordinates (100,100). To obtain instances consistent with the two-echelon network, we additionally generate a set of satellites in the 
square area in a random way. To thoroughly assess the solution methods’ performance, two instances are created from each original 
instance. The specifications of the test instances can be found in Table 4. A single run of the matheuristic algorithm is performed on 
every test instance.

The maximum number of trailers that a tractor can drag is set as 4, as such type of vehicle is commonly used in practical trans
portation (see Wang et al. (2022a)). For the second stage of the proposed matheuristic algorithm when solving Model MIP, CPLEX uses 
a depth-first search and operates with a computational time limit of 60 s. The weighting coefficients cF, cS, and cTIM are set to values of 
10, 5, and 1, respectively, drawing from Wang et al. (2024a) and taking into account the composition of the vehicles in the two 
echelons. The planning horizon is defined as 16, following the work of Xue et al. (2014).

7.2. Validation of the valid inequalities

The objective of this section is to test how effective the valid inequalities are, by contrasting the solutions generated by Model MIP 
with and without the inequalities. Ten instances from R7-1 to R11-2 are used to support the evaluation. The smaller-sized instances are 
not used because the problem scale is not large enough to demonstrate the effects clearly. The larger-sized instances are not adopted 
because Model MIP always cannot get a solution due to the lack of memory, and Model MIP with the inequalities can get a solution in 
most cases, making comparison impossible. Each instance is solved by Model MIP, Model MIP with Inequality IFE, Model MIP with 
Inequality EFE, and Model MIP with all the inequalities. The empirical results are encapsulated within Table 5. The final column 
displays the percentage reduction in computation time achieved when all valid inequalities are employed, relative to the computation 
time of the case without any inequalities.

It can be seen from the results that the inequalities enhance the efficiency of Model MIP, without affecting optimality. Inequality 
EFE demonstrates a superior performance compared to Inequality IFE, as evidenced by its ability to solve a greater number of instances 
in less time. It decreases the computation time for seven of the ten instances. Even though Inequality IFE is slightly inferior than 
Inequality EFE, it still can take effects on six of the ten instances. All instances experience a decrease in computation time when all valid 
inequalities are implemented. The smallest and largest decreases are 11.25 % (R8-1) and 77.27 % (R10-2), respectively.

7.3. Performance of model MIP

This section focuses on evaluating the performance of Model MIP in solving the 2E-CD-MTMTID problem. To ensure furthest 
reliable experimental results, we utilized both random and clustered instances of medium and large size. This allows for a compre
hensive assessment of the model’s capabilities across different problem structures. Specifically, Instances from R17-1 to R20-2 
(random) and Instances from C27-1 to C30-2 (clustered) were employed.

Building upon the findings presented in Section 7.2, which demonstrated the effectiveness of Model MIP when incorporating all 
valid inequalities, this enhanced model configuration was used to solve the aforementioned instances. Two distinct solution time limits 
as 60 s and 3600 s were imposed. The resulting objective values obtained under each time limit were recorded and are summarized in 
Table 6.

The results clearly indicate a relatively significant improvement in objective values when extending the solution time from 60 s to 
3600 s. This suggests that the longer computation time helps the solver to identify better solutions for the 2E-CD-MTMTID problem. 
The maximum improvement observed was 24.47 (R18-1), with an average improvement of 13.72 across all instances. Furthermore, in 
50 % of the instances, the objective value improved by more than 15, and in 75 % of the instances, the improvement exceeded 10.

These experimental results highlight the benefits of allowing a longer computation time. Although a 60-second limit may provide a 
quick initial solution, the 3600-second limit yields relatively significant improved solution quality. The solutions obtained with the 
3600-second time limit can therefore serve as a valuable benchmark for evaluating the performance of other solution methodologies, 
such as the matheuristic algorithm proposed in this paper.

Table 5 
Comparison of Model MIP’s results with and without different valid inequalities.

Instance Obj. Computation time of Model MIP (s)
With no inequality With Inequality IFE With Inequality EFE With all inequalities Time decreased with all inequalities (%)

R7-1 65.56 43.78 29.60* 25.76 31.17 28.79
R7-2 67.68 13.88 12.04 13.53 10.54 24.07
R8-1 90.37 15.59 17.73 14.85 13.83 11.25
R8-2 87.62 46.38 76.71 65.73 33.62 27.50
R9-1 85.49 106.14 108.36 101.60 61.87 41.71
R9-2 86.18 137.07 50.51 61.14 109.96 19.78
R10-1 95.84 29.42 35.96 72.36 18.86 35.89
R10-2 90.15 124.84 105.51 68.66 28.38 77.27
R11-1 99.59 20.03 9.35 8.99 11.73 41.43
R11-2 98.55 10.65 9.42 17.38 7.25 31.97

* Bold text indicates a reduced computation time relative to the case without inequalities.
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7.4. Performance of the proposed matheuristic algorithm

7.4.1. Performance compared against the exact solution method
For the purpose of verifying the effectiveness of the proposed matheuristic algorithm, we implemented comparison experiments 

between Model MIP with all valid inequalities (referred to as strengthened Model MIP) and the matheuristic algorithm. Small-sized 
instances from R1-1 to R16-2 (Table 7) and medium- and large-sized instances from R17-1 to R21-2 and from C27-1 to C30-2 

Table 6 
Objective values of Model MIP with all valid inequalities, obtained at 60 s and 3600 s of solution time.

Instance Objective values at different solution times Reduction of objective values for 3600 s compared to 60 s
60 s 3600 s

R17-1 168.97 166.70 − 2.27
R17-2 173.95 169.98 − 3.97
R18-1 246.49 222.02 − 24.47
R18-2 238.19 222.63 − 15.56
R19-1 237.31 217.84 − 19.47
R19-2 242.27 219.79 –22.48
R20-1 266.49 252.04 − 14.45
R20-2 271.69 256.12 − 15.57
C27-1 164.59 156.91 − 7.68
C27-2 169.53 163.37 − 6.16
C28-1 236.80 223.31 − 13.49
C28-2 232.12 221.30 − 10.82
C29-1 243.47 224.59 − 18.88
C29-2 225.83 214.04 − 11.79
C30-1 264.65 247.16 − 17.49
C30-2 272.56 257.54 − 15.02
Average ​ ​ 13.72

Table 7 
Comparison of the strengthened Model MIP and the matheuristic algorithm’s results on small-sized instances.

Instance Strengthened Model MIP Matheuristic algorithm
CPU(s) Obj. CPU(s) Obj. Diffb

R1-1 <1 44.93 <1 44.93a 0.00
R1-2 <1 55.41 <1 55.41 0.00
R2-1 <1 56.79 <1 56.79 0.00
R2-2 <1 63.06 <1 63.06 0.00
R3-1 <1 62.76 <1 62.76 0.00
R3-2 <1 54.58 <1 54.58 0.00
R4-1 <1 63.50 <1 63.50 0.00
R4-2 <1 62.98 <1 62.98 0.00
R5-1 <1 66.10 <1 66.10 0.00
R5-2 <1 70.59 <1 70.59 0.00
R6-1 <1 67.31 <1 67.31 0.00
R6-2 <1 66.60 <1 66.60 0.00
R7-1 31.17 65.56 0.52 65.56 0.00
R7-2 10.54 67.68 0.81 67.68 0.00
R8-1 13.83 90.37 13.05 90.37 0.00
R8-2 33.62 87.62 1.13 87.62 0.00
R9-1 61.87 85.49 1.14 85.94 0.53
R9-2 109.96 86.18 36.53 86.18 0.00
R10-1 18.86 95.84 26.15 95.84 0.00
R10-2 29.07 90.15 21.08 90.15 0.00
R11-1 11.73 99.59 7.45 99.59 0.00
R11-2 7.25 98.55 6.56 98.55 0.00
R12-1 570.50 86.60 120.81 86.60 0.00
R12-2 26.32 97.09 19.35 97.09 0.00
R13-1 108.98 97.67 36.96 97.67 0.00
R13-2 22.48 96.41 14.04 96.41 0.00
R14-1 44.13 89.79 32.05 89.79 0.00
R14-2 74.34 90.36 69.72 90.36 0.00
R15-1 16.95 98.23 9.46 98.23 0.00
R15-2 166.17 93.72 89.81 93.72 0.00
R16-1 571.23 91.14 121.06 91.14 0.00
R16-2 547.89 93.61 120.73 93.61 0.00

a Bold text denotes that the associated value is no larger than the value in the matching column.
b Diff quantifies the percentage difference in objective values, calculated by comparing the matheuristic algorithm to the strengthened Model MIP.
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(Table 8) were employed. When solving instances from R17-1 to R21-2 and from C27-1 to C30-2 with the strengthened Model MIP, the 
strategy of depth-first search and a solving time limit of 3600 s are set for CPLEX, because CPLEX always triggers the exhaustion of 
memory. The other instances are not used because of memory exhaustion, even when the mentioned settings are adopted.

As demonstrated in Table 7, the matheuristic algorithm solves instances from R1-1 to R6-2 optimally, matching the model’s so
lutions, and does so within a single second. For other instances except R9-1, the matheuristic algorithm also guarantees the optimality. 
The computation times are all extremely shorter than that of the strengthened Model MIP. For R9-1 whose optimality is not guar
anteed, the objective difference is just 0.53 %. We can see similar great effectiveness of the matheuristic algorithm from Table 8. Except 
for instances R17-1 and C27-2, the matheuristic algorithm makes improvement on the objectives. The proposed matheuristic algorithm 
achieves computation times that are markedly shorter than those of the mathematical model. In contrast to the mathematical model’s 
average computation time, which can be as high as 3600 s, the matheuristic algorithm averages only 437.81 s.

7.4.2. Performance of different algorithmic stages
This section delves deeper into the evaluation of the matheuristic algorithm’s performance, examining solutions generated at each 

of its distinct stages. All 74 instances in Table 4 are used to support the comparison. The solution characteristics pertaining to the 
objective value, vehicle costs for the first and second echelons, completion time of transportation services, and computational duration 
are reported in Table 9.

It is clear that the matheuristic algorithm can generate initial solutions very quickly, with an average computational time of 0.11 s. 
The generated initial solutions are improved substantially by the first stage. According to the optimal solutions showed in Table 7, the 
first stage already guarantees optimality for 17 out of 32 instances for small-sized instances R1-1 to R16-2 and still maintains a fast 
solution speed, typically under one second. For the other instances, the objective is substantially improved, with the percentage 
improvement varying from 11.31 % (R17-2) to 21.88 % (C31-2). It is noticeable that the computation time is considerable for a few 
instances (e.g., R26, C36, and C37), but it becomes reasonable when considering the substantially increased instance size. For all 
instances, the initial solution is improved by an average of 14.41 %, with an average computation time of 584.95 s. It can be observed 
that the improvement is primarily due to a reduction in the second echelon’s vehicle costs. Such a result is consistent with the function 
of stage one in the algorithm design. The vehicle cost in the first echelon sees less reduction, because the number of vehicles has 
reached a relatively good level after formulating the routes with consideration of the capacity constraint of the first-echelon tractor. 
With the decrease of vehicle cost in both echelons, the number of routes decreases, the length of the routes increases, and the 
completion time is eventually prolonged by 33.92 %, on average.

The second or the final stage of the algorithm keeps the solving efficiency. It improves the stage-one objective by 0.51 % on average. 
Notably, for instances R1-1, R2-1 to R7-2, R8-2, R11-2, R15-2, and R16-1, the optimality is already reached in stage one, so no 
improvement is obtained in stage two. In accordance with the intention of stage two, the completion time is decreased by 3.90 % on 
average. The shortest solution time is less than 1 s (R1-2), the longest solution time is 2091.14 s (C36-1), and the average solution time 
is 429.50 s.

7.5. Influences of customer distribution

Randomly assigning customer locations provides a sound basis for testing the efficiency of solution methods. Nonetheless, a 

Table 8 
Comparison of the strengthened Model MIP and the matheuristic algorithm’s results on medium- and large-sized instances.

Instance Strengthened Model MIP Matheuristic algorithm
CPU(s) Obj. CPU(s) Obj. Diffb

R17-1 3600.00 166.70 308.39a 166.85 0.09
R17-2 3600.00 169.98 213.37 169.72 − 0.15
R18-1 3600.00 222.02 146.08 221.96 − 0.03
R18-2 3600.00 222.63 356.63 220.65 − 0.89
R19-1 3600.00 217.84 312.40 215.90 − 0.89
R19-2 3600.00 219.79 204.59 217.80 − 0.91
R20-1 3600.00 252.04 587.76 250.60 − 0.57
R20-2 3600.00 256.12 656.61 248.43 − 3.00
R21-1 3600.00 328.71 824.81 324.95 − 1.14
R21-2 3600.00 326.67 592.89 322.75 − 1.20
C27-1 3600.00 156.91 237.48 155.52 − 0.89
C27-2 3600.00 163.37 287.46 163.91 0.33
C28-1 3600.00 223.31 409.51 222.02 − 0.58
C28-2 3600.00 221.30 388.54 220.47 − 0.38
C29-1 3600.00 224.59 291.92 224.51 − 0.04
C29-2 3600.00 214.04 524.26 213.51 − 0.25
C30-1 3600.00 247.16 750.48 245.14 − 0.82
C30-2 3600.00 257.54 787.35 254.33 − 1.25
Average 3600.00 227.26 437.81 225.50 − 0.70

a Bold text indicates that the associated value is less than the value in the matching column.
b Diff quantifies the percentage difference in objective values, calculated by comparing the matheuristic algorithm to the strengthened Model MIP.
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Table 9 
Comparative results between different stages of the matheuristic algorithm.

Initial solution Stage-one solution Stage-two solution (final)
CPU (s) Imp-Id (%) CPU (s) Imp-IIe (%) CPU (s)

Obj. FECTa SECTb CTc (h) Obj. FECT SECT CT (h) Obj. FECT SECT CT (h)

R1-1 48.92 20 20 8.92 <0.01 − 8.15 0.00 − 50.00 67.40 0.03 0.00 0.00 0.00 0.00 0.03
R1-2 55.41 20 20 15.41 <0.01 − 18.91 0.00 − 50.00 − 3.08 <0.01 23.31 0.00 100.00 3.18 <0.01
R2-1 62.74 20 25 17.74 <0.01 − 9.49 0.00 − 40.00 22.82 0.07 0.00 0.00 0.00 0.00 0.07
R2-2 66.11 20 25 21.11 <0.01 − 4.61 0.00 0.00 − 14.44 0.03 0.00 0.00 0.00 0.00 0.03
R3-1 64.21 20 25 19.21 <0.01 − 2.26 0.00 − 20.00 18.49 0.04 0.00 0.00 0.00 0.00 0.04
R3-2 62.48 20 25 17.48 <0.01 − 12.65 0.00 − 40.00 12.01 0.11 0.00 0.00 0.00 0.00 0.11
R4-1 69.89 20 30 19.89 <0.01 − 9.14 0.00 − 50.00 43.29 0.08 0.00 0.00 0.00 0.00 0.08
R4-2 69.18 20 30 19.18 <0.01 − 8.96 0.00 − 50.00 45.89 0.09 0.00 0.00 0.00 0.00 0.09
R5-1 73.80 20 35 18.80 <0.01 − 10.43 0.00 − 42.86 38.82 0.16 0.00 0.00 0.00 0.00 0.17
R5-2 76.00 20 35 21.00 <0.01 − 7.11 0.00 − 42.86 45.68 0.08 0.00 0.00 0.00 0.00 0.08
R6-1 75.67 20 35 20.67 <0.01 − 11.05 0.00 − 42.86 32.12 0.08 0.00 0.00 0.00 0.00 0.09
R6-2 76.28 20 35 21.28 <0.01 − 12.69 0.00 − 42.86 25.00 0.10 0.00 0.00 0.00 0.00 0.10
R7-1 94.82 30 40 24.82 <0.01 − 30.86 –33.33 − 50.00 2.96 0.51 0.00 0.00 0.00 0.00 0.01
R7-2 109.96 40 40 29.96 <0.01 − 38.45 − 50.00 − 50.00 − 7.59 0.80 0.00 0.00 0.00 0.00 0.01
R8-1 102.58 30 45 27.58 <0.01 − 10.57 0.00 − 44.44 33.22 0.50 − 1.50 –33.33 80.00 − 30.95 12.55
R8-2 100.43 30 45 25.43 <0.01 − 12.75 –33.33 − 11.11 8.64 1.10 0.00 0.00 0.00 0.00 0.03
R9-1 101.47 30 45 26.47 <0.01 − 15.31 –33.33 − 11.11 − 2.03 1.10 0.00 0.00 0.00 0.00 0.04
R9-2 101.62 30 45 26.62 <0.01 − 13.51 0.00 − 44.44 23.55 0.55 − 1.94 –33.33 60.00 − 20.38 35.98
R10-1 110.81 30 50 30.81 <0.01 − 9.97 0.00 − 40.00 29.05 0.35 − 3.93 –33.33 66.67 − 35.01 25.80
R10-2 107.31 30 50 27.31 <0.01 − 10.89 0.00 − 40.00 30.45 0.52 − 5.73 –33.33 33.33 − 15.37 20.56
R11-1 107.87 30 50 27.87 0.01 − 4.72 0.00 − 20.00 17.61 0.37 − 3.10 0.00 − 25.00 20.77 7.08
R11-2 109.31 30 50 29.31 0.01 − 9.85 0.00 − 40.00 31.50 0.37 0.00 0.00 0.00 0.00 6.18
R12-1 102.30 30 50 22.30 <0.01 − 12.17 0.00 − 50.00 56.28 0.74 − 3.62 –33.33 60.00 –23.67 120.07
R12-2 108.72 30 50 28.72 <0.01 − 9.68 0.00 − 40.00 33.01 0.62 − 1.12 –33.33 66.67 − 29.07 18.73
R13-1 124.04 40 50 34.04 <0.01 − 20.02 − 25.00 − 40.00 15.17 0.48 − 1.55 –33.33 66.67 − 29.43 36.48
R13-2 111.10 30 50 31.10 <0.01 − 10.74 0.00 − 50.00 42.03 0.33 − 2.79 –33.33 100.00 − 40.21 13.71
R14-1 118.87 40 50 28.87 <0.01 − 19.22 − 25.00 − 50.00 42.10 1.01 − 6.48 –33.33 60.00 − 27.37 31.04
R14-2 106.82 30 50 26.82 <0.01 − 11.90 0.00 − 50.00 45.82 0.98 − 3.99 –33.33 60.00 –22.39 68.74
R15-1 109.62 30 50 29.62 <0.01 − 7.22 0.00 − 30.00 23.91 0.35 − 3.41 0.00 − 14.29 4.17 9.11
R15-2 117.81 40 50 27.81 <0.01 − 20.45 − 25.00 − 50.00 39.22 0.63 0.00 0.00 0.00 0.00 89.18
R16-1 114.64 40 50 24.64 <0.01 − 20.50 − 25.00 − 40.00 26.37 1.08 0.00 0.00 0.00 0.00 119.98
R16-2 106.73 30 50 26.73 <0.01 − 12.11 0.00 − 40.00 26.47 0.74 − 0.21 0.00 − 16.67 14.21 119.99
R17-1 194.32 50 100 44.32 0.01 − 13.84 0.00 − 50.00 52.13 2.77 − 0.34 0.00 0.00 − 0.86 305.61
R17-2 194.21 50 100 44.21 0.01 − 11.31 0.00 − 40.00 40.79 3.84 − 1.46 0.00 − 16.67 12.03 209.52
R18-1 262.04 70 125 67.04 0.03 − 14.90 0.00 − 48.00 31.25 13.73 − 0.47 0.00 0.00 − 1.18 132.32
R18-2 273.06 80 125 68.06 0.03 − 18.99 − 12.50 − 48.00 26.68 21.84 − 0.26 0.00 0.00 − 0.66 334.76
R19-1 254.78 70 125 59.78 0.03 − 15.26 0.00 − 48.00 35.34 21.04 0.00 0.00 0.00 0.00 291.33
R19-2 257.70 70 125 62.70 0.03 − 15.44 0.00 − 48.00 32.25 17.01 − 0.05 0.00 0.00 − 0.14 187.55
R20-1 291.44 80 150 61.44 0.04 − 14.00 − 12.50 − 36.67 39.36 86.37 − 0.01 0.00 0.00 − 0.04 501.35
R20-2 296.67 80 150 66.67 0.04 − 14.19 0.00 − 46.67 41.86 26.51 − 2.41 − 12.50 12.50 − 6.49 630.06
R21-1 382.30 100 200 82.30 0.08 − 15.00 0.00 − 50.00 51.83 96.45 0.00 0.00 0.00 0.00 728.28
R21-2 380.74 100 200 80.74 0.08 − 15.23 − 20.00 − 30.00 27.26 62.82 0.00 0.00 0.00 0.00 529.99
R22-1 482.60 130 250 102.60 0.17 − 15.54 0.00 − 50.00 48.72 284.44 − 0.22 − 7.69 12.00 − 3.87 880.85
R22-2 520.21 150 250 120.21 0.19 − 17.93 − 20.00 − 36.00 22.23 593.65 − 1.09 0.00 − 6.25 3.64 161.44
R23-1 537.47 160 250 127.47 0.22 − 21.83 − 25.00 − 36.00 9.95 2211.90 − 1.30 0.00 − 3.13 − 0.33 307.46
R23-2 556.66 170 250 136.66 0.22 − 16.98 –23.53 − 26.00 7.65 388.98 − 1.49 0.00 − 2.70 − 1.29 377.34
R24-1 495.28 130 250 115.28 0.16 − 16.28 0.00 − 50.00 38.51 366.40 − 0.09 − 7.69 16.00 − 6.49 1067.51

(continued on next page)
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Table 9 (continued )

Initial solution Stage-one solution Stage-two solution (final)
CPU (s) Imp-Id (%) CPU (s) Imp-IIe (%) CPU (s)

Obj. FECTa SECTb CTc (h) Obj. FECT SECT CT (h) Obj. FECT SECT CT (h)

R24-2 509.68 140 250 119.68 0.19 − 18.59 − 14.29 − 42.00 25.29 355.65 − 1.41 0.00 − 3.45 − 0.57 11.32
R25-1 582.07 150 300 132.07 0.28 − 15.12 0.00 − 50.00 46.94 876.91 − 0.10 0.00 0.00 − 0.26 1269.97
R25-2 610.03 170 300 140.03 0.33 − 18.85 − 11.76 − 48.33 35.73 1186.74 − 0.33 0.00 − 3.23 1.77 51.54
R26-1 767.97 200 400 167.97 0.69 − 15.59 0.00 − 50.00 47.79 3506.49 − 0.04 0.00 0.00 − 0.10 1343.15
R26-2 789.17 210 400 179.17 0.74 − 17.25 0.00 − 50.00 35.65 5319.73 − 0.27 − 4.76 7.50 − 2.79 1877.49
C27-1 186.61 50 100 36.61 0.01 − 16.66 − 20.00 − 35.00 37.99 105.82 0.00 0.00 0.00 0.00 131.66
C27-2 191.36 50 100 41.36 0.01 − 14.33 0.00 − 50.00 54.56 5.12 − 0.01 0.00 0.00 − 0.03 232.35
C28-1 255.77 70 125 60.77 0.02 − 11.98 0.00 − 40.00 31.87 16.26 − 1.38 0.00 − 13.33 8.59 393.23
C28-2 253.08 70 125 58.08 0.03 − 12.57 0.00 − 48.00 48.54 15.04 − 0.36 − 14.29 30.77 − 12.51 373.47
C29-1 259.46 70 125 64.46 0.02 − 13.43 0.00 − 48.00 39.00 17.25 − 0.04 0.00 0.00 − 0.11 274.65
C29-2 251.03 70 125 56.03 0.03 − 14.95 0.00 − 48.00 40.12 25.17 0.00 0.00 0.00 0.00 499.07
C30-1 288.46 80 150 58.46 0.04 − 14.28 0.00 − 50.00 57.84 29.39 − 0.86 − 12.50 20.00 − 7.72 721.06
C30-2 295.77 80 150 65.77 0.04 − 13.88 − 12.50 − 36.67 36.41 252.39 − 0.15 0.00 0.00 − 0.43 534.93
C31-1 383.36 100 200 83.36 0.08 − 14.55 0.00 − 50.00 53.05 57.19 − 0.44 − 10.00 20.00 − 8.98 586.57
C31-2 436.31 130 200 106.31 0.11 − 21.88 − 15.38 − 50.00 23.09 200.14 − 3.30 − 9.09 0.00 − 0.95 241.61
C32-1 515.50 140 250 125.50 0.19 − 12.64 − 7.14 − 40.00 35.71 342.01 − 0.13 0.00 0.00 − 0.35 521.31
C32-2 550.18 160 250 140.18 0.22 − 16.90 − 12.50 − 38.00 15.72 456.63 − 0.80 0.00 0.00 − 2.25 426.84
C33-1 476.48 130 250 96.48 0.16 − 13.81 0.00 − 48.00 56.19 281.60 0.00 0.00 0.00 − 0.01 949.02
C33-2 491.10 130 250 111.10 0.18 − 15.87 − 7.69 − 44.00 37.84 507.69 − 0.11 0.00 0.00 − 0.30 1010.27
C34-1 497.13 130 250 117.13 0.16 − 15.15 0.00 − 48.00 38.17 304.48 − 1.12 − 7.69 7.69 − 2.91 1038.25
C34-2 492.66 130 250 112.66 0.16 − 13.98 0.00 − 50.00 49.83 309.04 − 0.07 0.00 0.00 − 0.18 1044.67
C35-1 566.45 150 300 116.45 0.27 − 14.04 0.00 − 50.00 60.49 808.41 − 0.61 − 6.67 13.33 − 6.93 1493.36
C35-2 572.60 150 300 122.60 0.26 − 15.08 0.00 − 50.00 51.91 757.19 − 0.15 − 6.67 13.33 − 5.75 1361.85
C36-1 768.53 200 400 168.53 0.69 − 16.21 0.00 − 50.00 44.76 7948.25 − 0.04 0.00 0.00 − 0.10 2091.14
C36-2 755.81 200 400 155.81 0.68 − 15.21 0.00 − 50.00 54.56 4284.23 0.00 0.00 0.00 0.00 2077.26
C37-1 759.41 200 400 159.41 0.67 − 14.98 − 5.00 − 43.75 44.69 5429.64 − 0.54 − 5.26 6.67 − 3.69 1815.11
C37-2 766.02 200 400 166.02 0.66 − 15.49 0.00 − 50.00 49.01 5676.28 − 0.24 − 5.00 10.00 − 4.67 2030.40
Average ​ ​ ​ ​ 0.11 − 14.41 − 6.35 − 42.75 33.92 584.95 − 0.51 − 5.99 11.06 − 3.90 429.50

a FECT: First-echelon cost of tractors.
b SECT: Second-echelon cost of tractors.
c CT: Completion time.
d Imp-I: Solution improvement on the initial solution from stage one.
e Imp-II: Solution improvement on the stage-one solution from stage two.
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Table 10 
Comparative results between non-clustered and clustered distribution of customers around satellites.

Instance Non-clustered distribution Clustered distribution
First-echelon 
tractors

Second-echelon 
tractors

Completion time 
(h)

CPU (s) Obj. First-echelon 
tractors

Second-echelon 
tractors

Completion time 
(h)

CPU (s) Obj. Diffb

R1-1 2 2 14.93 <1 44.93 2a 2 12.05 <1 42.05 − 6.42
R1-2 2 4 15.41 <1 55.41 2 2 16.31 <1 46.31 − 16.41
R2-1 2 3 21.79 <1 56.79 2 3 22.68 <1 57.68 1.56
R2-2 2 5 18.06 <1 63.06 2 3 18.05 <1 53.05 − 15.88
R3-1 2 4 22.76 <1 62.76 2 3 20.79 <1 55.79 − 11.10
R3-2 2 3 19.58 <1 54.58 2 3 15.81 <1 50.81 − 6.91
R4-1 2 3 28.50 <1 63.50 2 3 24.79 <1 59.79 − 5.84
R4-2 2 3 27.98 <1 62.98 2 4 20.57 <1 60.57 − 3.83
R5-1 2 4 26.10 <1 66.10 2 4 21.93 <1 61.93 − 6.32
R5-2 2 4 30.59 <1 70.59 2 4 24.77 <1 64.77 − 8.25
R6-1 2 4 27.31 <1 67.31 2 4 26.28 <1 66.28 − 1.53
R6-2 2 4 26.60 <1 66.60 2 4 20.88 <1 60.88 − 8.59
R7-1 2 4 25.56 0.52 65.56 2 4 25.72 5.20 65.72 0.25
R7-2 2 4 27.68 0.81 67.68 2 4 24.16 24.96 64.16 − 5.21
R8-1 2 9 25.37 13.05 90.37 2 7 28.19 0.77 83.19 − 7.95
R8-2 2 8 27.62 1.13 87.62 2 7 27.70 3.54 82.70 − 5.62
R9-1 2 8 25.94 1.14 85.94 2 6 28.22 22.70 78.22 − 8.98
R9-2 2 8 26.18 36.53 86.18 2 6 30.14 10.59 80.14 − 7.02
R10-1 2 10 25.84 26.15 95.84 2 7 28.76 120.79 83.76 − 12.61
R10-2 2 8 30.15 21.08 90.15 2 7 28.20 80.30 83.20 − 7.71
R11-1 3 6 39.59 7.45 99.59 3 5 32.47 120.65 87.47 − 12.17
R11-2 3 6 38.55 6.56 98.55 3 5 38.19 18.66 93.19 − 5.44
R12-1 2 8 26.60 120.81 86.60 2 7 26.13 121.02 81.13 − 6.32
R12-2 2 10 27.09 19.35 97.09 2 8 24.64 121.98 84.64 − 12.83
R13-1 2 10 27.67 36.96 97.67 2 7 30.56 121.37 85.56 − 12.40
R13-2 2 10 26.41 14.04 96.41 3 5 36.00 38.23 91.00 − 5.61
R14-1 2 8 29.79 32.05 89.79 2 8 26.48 112.68 86.48 − 3.68
R14-2 2 8 30.36 69.72 90.36 2 8 25.13 120.71 85.13 − 5.78
R15-1 3 6 38.23 9.46 98.23 3 5 37.41 57.59 92.41 − 5.93
R15-2 3 5 38.72 89.81 93.72 3 5 34.03 112.70 89.03 − 5.01
R16-1 3 6 31.14 121.06 91.14 3 6 29.41 121.12 89.41 − 1.90
R16-2 3 5 38.61 120.73 93.61 3 5 31.88 121.55 86.88 − 7.20
R17-1 5 10 66.85 308.39 166.85 5 10 58.42 364.15 158.42 − 5.05
R17-2 5 10 69.72 213.37 169.72 5 10 59.71 325.04 159.71 − 5.90
R18-1 7 13 86.96 146.08 221.96 7 13 77.45 278.52 212.45 − 4.28
R18-2 7 13 85.65 356.63 220.65 7 13 74.68 304.82 209.68 − 4.97
R19-1 7 13 80.90 312.40 215.90 7 13 75.11 355.27 210.11 − 2.68
R19-2 7 13 82.80 204.59 217.80 6 16 70.68 346.73 210.68 − 3.27
R20-1 7 19 85.60 587.76 250.60 8 16 85.16 679.50 245.16 − 2.17
R20-2 7 18 88.43 656.61 248.43 7 17 85.89 753.94 240.89 − 3.03
R21-1 10 20 124.95 824.81 324.95 10 20 115.33 864.57 315.33 − 2.96
R21-2 8 28 102.75 592.89 322.75 10 20 118.15 862.71 318.15 − 1.43
R22-1 12 28 146.68 1165.46 406.68 13 25 152.80 1144.90 407.80 0.28
R22-2 12 30 152.28 755.28 422.28 12 30 136.41 2749.91 406.41 − 3.76
R23-1 12 31 139.70 2519.58 414.70 12 30 137.51 6663.00 407.51 − 1.73
R23-2 13 36 145.23 766.54 455.23 12 30 137.62 11989.87 407.62 − 10.46
R24-1 12 29 149.31 1434.07 414.31 13 25 142.10 1375.10 397.10 − 4.15

(continued on next page)
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Table 10 (continued )

Instance Non-clustered distribution Clustered distribution
First-echelon 
tractors 

Second-echelon 
tractors 

Completion time 
(h) 

CPU (s) Obj. First-echelon 
tractors 

Second-echelon 
tractors 

Completion time 
(h) 

CPU (s) Obj. Diffb

R24-2 12 28 149.10 367.17 409.10 13 28 136.75 1995.02 406.75 − 0.58
R25-1 15 30 193.55 2147.16 493.55 14 33 162.37 2216.55 467.37 − 5.31
R25-2 15 30 193.43 1238.61 493.43 16 30 180.05 2682.47 490.05 − 0.69
R26-1 20 40 247.99 4850.33 647.99 20 40 234.99 4674.47 634.99 − 2.01
R26-2 20 43 236.26 7197.96 651.26 20 40 229.36 6716.34 629.36 − 3.36
C27-1 4 13 50.52 237.48 155.52 5 10 54.44 363.47 154.44 − 0.69
C27-2 5 10 63.91 287.46 163.91 5 10 60.01 363.97 160.01 − 2.38
C28-1 7 13 87.02 409.51 222.02 7 13 74.25 356.45 209.25 − 5.75
C28-2 6 17 75.47 388.54 220.47 7 13 75.63 398.70 210.63 − 4.47
C29-1 7 13 89.51 291.92 224.51 6 16 70.66 325.04 210.66 − 6.17
C29-2 7 13 78.51 524.26 213.51 6 16 66.45 574.74 206.45 − 3.30
C30-1 7 18 85.14 750.48 245.14 7 17 85.02 541.70 240.02 − 2.09
C30-2 7 19 89.33 787.35 254.33 8 15 90.50 488.16 245.50 − 3.47
C31-1 9 24 116.13 643.84 326.13 9 23 110.66 719.20 315.66 − 3.21
C31-2 10 20 129.62 441.86 329.62 10 20 117.85 698.63 317.85 − 3.57
C32-1 13 30 169.72 863.51 449.72 13 25 141.16 1680.06 396.16 − 11.91
C32-2 14 31 158.56 883.69 453.56 13 28 141.65 5036.06 411.65 − 9.24
C33-1 13 26 150.67 1230.78 410.67 13 25 146.22 1292.21 401.22 − 2.30
C33-2 12 28 152.68 1518.14 412.68 12 27 140.05 2331.69 395.05 − 4.27
C34-1 12 28 157.12 1342.89 417.12 13 25 146.71 1486.20 401.71 − 3.69
C34-2 13 25 168.50 1353.87 423.50 12 27 141.56 1354.11 396.56 − 6.36
C35-1 14 34 173.95 2302.04 483.95 15 30 169.25 2731.67 469.25 − 3.04
C35-2 14 34 175.53 2119.30 485.53 14 32 160.86 2280.45 460.86 − 5.08
C36-1 20 40 243.72 10040.08 643.72 20 40 222.03 6928.34 622.03 − 3.37
C36-2 20 40 240.82 6362.17 640.82 20 40 224.96 6893.23 624.96 − 2.47
C37-1 18 48 222.13 7245.42 642.13 19 43 219.39 6645.13 624.39 − 2.76
C37-2 19 44 235.85 7707.34 645.85 19 42 211.66 8652.19 611.66 − 5.29
Average 7.22 16.76 89.58 1015.23 245.53 7.31 15.64 83.51 1364.09 234.79 − 5.28

a Bold text denotes that the associated value is no larger than the value in the matching column.
b Diff is the percentage difference of objective values.
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clustered distribution is also a reasonable alternative. In practical situations, customers clustering around the satellite are preferred 
from a strategic level, such that the transportation costs can be reduced to a large extent. This section aims to conduct comparative 
experiments over the aforementioned two situations to evaluate the benefits of the clustered one. To this end, one clustered instance is 
generated for each of the 74 instances in Table 4. Throughout each instance, the number of depots, satellites, and customers, along with 
the positions of depots and satellites, remain unchanged. Then for each satellite i, let (x, y) be its coordinate. We draw a cluster area 
[
xL, xU]×

[
yL, yU] by making xL = x − 30, xU = x + 30, yL = y − 30, and yU = y+30 around satellite i. If xL < 0, it is set as 0 such that 

the cluster area stays within the square region of the problem. If xU > 200, it is set as 200 for the same reason. Likewise, the values for 
yL and yU are adjusted if necessary. At last, we randomly select a cluster area for each customer, and generate the customer coordinate 
randomly within the selected area.

Based on the solutions obtained by the matheuristic algorithm, Table 10 provides a comparison of the results obtained under 
random and clustered customer distributions. As can be seen, the clustered situation saves the fixed cost of the second echelon in most 
cases, has a shorter completion time, and decreases the overall transportation costs, but with increased computation time. Both sit
uations employ almost the same number of first-echelon tractors, but the clustered situation uses a lower number of second-echelon 
tractors. The reason for this lies in that the distance between satellites and customers is short in the clustered situation, and each 
second-echelon tractor can handle more multi-trip transportations compared to the tractor in the non-clustered environment.

Regarding completion time, the clustered customer distribution scenario generally exhibits shorter completion times due to the 
proximity of customers to each other and to the satellite. This concentrated distribution reduces travel distances between customers 
and the satellite, facilitating faster completion of the transportation task. Considering, in addition, the short completion time for 59 out 
of 74 instances in the clustered case, it can be concluded that the clustered situation does have advantages over the non-clustered one 
in two-echelon container drayage. The smallest and largest savings on transportation costs are 0.58 % (R24-2) and 16.41 % (R1-2), 
respectively. In general, the clustered situation saves transportation costs by 5.28 % on average.

In terms of computational time, Instances C35-1 to C37-2 and R25-1 to R26-2, representing large-scale problem instances, require 
longer computational times. However, for other instances, the computation time remains relatively stable. Notably, clustered customer 
distributions consistently result in longer computation times compared to random distributions, irrespective of problem size. This is 
attributed to the centralized nature of the clustered distributions, where subtle differences in distances from the satellite to individual 
customers necessitate a more intricate scheduling process to account for these nuanced variations, thereby increasing the complexity of 
the optimization. Quantitatively, the average computation time for clustered distributions is 1364.09 s, compared to 1015.23 s for 
random distributions.

7.6. Influences of maximum carried trailers

This section undertakes an analysis of the effects of varying the maximal number of trailers transportable by a tractor. The first 
instances of R17, R19, and C27 (i.e., R17-1, R19-1, and C27-1) are used in the experiments. These instances are selected because they 
contain different features for validating the experiments. For example, Instances R17-1 and C27-1 have the same number of receivers, 

Fig. 4. Influences of the maximal number of trailers transportable by a tractor.
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shippers, and satellites, but in Instance C27-1, the customers are clustered. Comparatively, Instances R19-1 has a different number of 
objects that are randomly located.

We varied the value of K from 4 to 8 in increments of one, and applied the matheuristic algorithm to solve each instance using each 
distinct value of K. Fig. 4 illustrates the findings related to tractor waiting times, transportation completion times, fixed costs in the first 
echelon, and the overall costs of transportation. The fixed cost associated with the second echelon is excluded from presentation due to 
the fact that changes in K primarily influence the first echelon, with only marginal implications for the second, given the adoption of 
the stay-with methodology.

It can be observed from Fig. 4(a) that the waiting time increases a little for R19-1 when K = 5. However, taken as a whole, the 
waiting time decreases with the increase of K. This is attributable to the increased number of trailers, which allows tractors to serve 
more satellites along their routes, thus reducing the required utilization of first-echelon tractors (see Fig. 4(c)). With fewer tractors 
fulfilling the transportation task, the tractors might have to perform both the drop-off and pick-up operations in their routes to un
dertake more services. With the aim of reducing completion time, tractors prioritize doing pick-up operations after completing their 
drop-off operations so they can reduce waiting time. As the tractors can drop off trailers at more satellites, their routes thus become 
long. This gives more time for the dropped trailers to finish packing/unpacking procedures before the tractor comes back again to 
perform the pick-up operations. The waiting time thus becomes short. The shortened waiting time works on the completion time of 
transportation, and makes the completion time decrease correspondingly (see Fig. 4(b)). The decrease of waiting time, completion time 
and fixed cost comprehensively contributes to the overall decline of total transportation costs, see Fig. 4(d).

7.7. Influences of planning horizon

This section investigates the impact of varying the planning horizon on the overall performance of the two-echelon transportation 
network. The analysis utilizes Instances R18-1, R19-1 (representing random customer distributions) and C28-1, C29-1 (representing 
clustered customer distributions). The adopted instances are paired (R18-1 with C28-1, and R19-1 with C29-1) to maintain consistent 
customer characteristics while varying the spatial distribution pattern, providing a controlled comparison.

To assess the effect of the planning horizon, its length was systematically varied from the baseline of 16, decreasing to 12 and 
increasing to 20 in increments of 2. Fig. 5 presents the resulting changes in vehicle fixed costs for both echelons, total transportation 
completion time, and total transportation costs under different planning horizon lengths.

As illustrated in Fig. 5(a), the first-echelon vehicle fixed cost exhibits limited sensitivity to changes in the planning horizon. This can 
be attributed to the fixed number of trailers (K) that each tractor can accommodate. To maximize vehicle utilization efficiency, the 
tractors are typically operated near their full capacity under the corresponding transportation task distribution, thereby reducing the 
degrees of freedom for adjustments. This observation further corroborates the findings in Section 7.5, where variations in K were 
shown to significantly influence the number of vehicles employed in the first echelon (Fig. 4(c)).

In contrast, the second-echelon vehicle fixed costs demonstrate a more pronounced response to changes in the planning horizon. As 
the planning horizon extends, the vehicle fixed cost initially decreases and then increases (Fig. 5(b)). This behavior can be explained as 
follows: when the planning horizon is short, additional vehicles are required to fulfill customer demands within the restricted time
frame. As the planning horizon lengthens, the temporal constraints relax, leading to a reduction in the number of vehicles required. 
However, further increasing the planning horizon beyond a certain point approaches a scenario with minimal time limitations, causing 
the system to approach an equilibrium state. In this state, inefficiencies may arise, potentially necessitating a slight increase in vehicle 
input. Concurrent with this process, the total completion time progressively increases, eventually stabilizing as the system approaches 
equilibrium (Fig. 5(c)).

The interplay between the first- and second-echelon fixed costs and the changes in total completion time results in an overall 
downward trend in the total transportation costs (Fig. 5(d)). This suggests that extending the planning horizon, up to a certain point, 
allows for greater optimization of resource allocation and route planning, resulting in cost savings. However, the eventual stabilization 
of completion time and the potential for inefficiencies at extremely long planning horizons suggest an optimal range that should be 
carefully considered in practical applications.

7.8. Influences of satellite configuration

The configuration of satellites plays a crucial role within the two-echelon transportation network, and this section investigates the 
impact of varying satellite configuration on key performance indicators. Instances R20-1 and R21-1, which share an equal number of 
receivers and shippers, serve as the basis for this analysis.

Specifically, the number of satellites was incrementally increased from 10 to 22 in steps of 4. For each increment, four distinct sub- 
instances were randomly generated based on each of R20-1 and R21-1. Each of these sub-instances was then solved using the 
developed matheuristic algorithm, and the average values for fixed costs of the two echelons, total transportation completion time, and 
total transportation costs were recorded and analyzed.

The resulting trends are visually depicted in Fig. 6. As evidenced in Figs. 6(a) and 6(b), the fixed costs for both echelons exhibit a 
clear upward trend as the number of satellites increases. This phenomenon arises from the constraint inherent in the problem 
formulation: the requirement that every satellite must be visited. This mandate necessitates the deployment of a larger fleet of tractors 
to visit all satellite locations. Consequently, the heightened tractor activity, resulting in increased travel between the depot, satellites, 
and customer locations, subsequently leads to an overall increase in the total transportation completion time, as demonstrated in Fig. 6 
(c). The combined effect of escalating fixed costs and prolonged completion times ultimately drives up the total transportation costs, as 
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illustrated in Fig. 6(d).
This experiment highlights a significant observation that under the constraint of mandatory satellite visits, all key transportation 

metrics worsen with an increasing number of satellites, ultimately undermining efforts to minimize overall transportation costs. This 
finding serves as a valuable insight for transportation managers when devising and implementing transportation strategies. The results 
also emphasize the potential benefits of adopting more flexible transportation strategies. For example, allowing vehicles to selectively 
visit only the satellites relevant to their specific transportation needs could lead to significant efficiencies, and provide a solid foun
dation for future research exploring such adaptive routing and satellite selection strategies.

Fig. 5. Influences of the planning horizon.

Fig. 6. Influences of the satellite distribution.
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8. Conclusions and scope of future research

We addressed a two-echelon container drayage problem with multiple transportation modes and overall-network time interde
pendence. In adherence to the attributes of the two-echelon system, the first echelon is characterized by the multi-trailer drop-and-pull 
methodology, while the second echelon employs the single-trailer stay-with approach. The simultaneous execution of delivery and 
collection by tractors along with multi-trailer drop-and-pull transportation create strong dependencies between the network’s routes. 
We begin by formulating an exact solution approach, specifically a mixed-integer programming model, designed to capture all aspects 
of the problem. To enhance the reliability and performance of this model, we then propose two distinct classes of valid inequalities, 
which are intended to tighten the connection of the two echelons. Lastly, to facilitate the resolution of larger problem instances, we 
develop a two-stage matheuristic algorithm that embeds the mathematical model within a heuristic framework. Extensive experiments 
verified the effectiveness of all solution methods. In addition, sensitivity analyses are performed on customer distribution, trailers that 
the tractor can pull, and planning horizon to provide managerial insights. The clustered distribution of customers around satellites has 
advantages over the non-clustered one, and saves transportation costs by 5.28 % on average. The enlarged transportation capacity of 
tractors and planning horizon can contribute to the decline of total transportation costs.

While significant for two-echelon container drayage, the addressed problem has the following limitations. First, the transportation 
resources are supposed to be sufficient. This common assumption in the literature can be refined to handle the drayage services with 
limited fleets. Another limitation is the lack of consideration of satellite capacity. The satellite, due to economic and physical re
strictions, has an upper limit in handling the transshipment. However, a more sophisticated approach should be developed when this 
point is considered, as the current problem is already relatively difficult to handle efficiently. The problem is formulated as a single 
objective model using weighting coefficients. There might be inter-reaction between different objectives, so a multi-objective problem 
could be interesting, and could make it more realistic and sustainable. Moreover, the model assumed that only one tractor can traverse 
an arc. This is overly restrictive, which future research can address by allowing multi-tractor arc traversals of adaptive routing and 
satellite selection to potentially uncover superior routing solutions.

Beyond the limitations already discussed, future research can explore the following aspects. In this study, we assumed that all 
satellites were given in advance. However, this may not be effective considering the high utilization costs of satellites. As a result, the 
problem has the potential to be expanded into a location routing problem with two echelons. Another interesting variant is divisible 
deliveries and pickups. Further research can also address a dynamic problem where the transportation requirements vary with time, 
moving towards real-time applicability. The mathematical model and matheuristic algorithm are amenable to extensions that would 
enable the treatment of these issues. The consideration of stochastic travel times represents a practical application area, and Monte 
Carlo sampling offers a potential solution method (Messaoud, 2022).
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Mohamed, I.B., Klibi, W., Sadykov, R., Şen, H., Vanderbeck, F., 2022. The two-echelon stochastic multi-period capacitated location-routing problem. Eur. J. Oper. Res.

D. Wang et al.                                                                                                                                                                                                          Transportation Research Part E 204 (2025) 104436 

28 

http://refhub.elsevier.com/S1366-5545(25)00477-6/h0025
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0025
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0030
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0030
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0035
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0035
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0040
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0045
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0045
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0050
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0050
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0055
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0060
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0065
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0065
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0070
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0070
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0075
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0075
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0080
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0085
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0085
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0090
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0095
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0095
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0100
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0100
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0110
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0115
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0115
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0120
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0120
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0125
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0125
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0130
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0130
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0135
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0135
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0140
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0140
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0145
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0145
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0150
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0155
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0155
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0160
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0160
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0165
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0165
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0170
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0175
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0175
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0180
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0180
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0185
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0190
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0195
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0195
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0200
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0200
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0205
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0205
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0210
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0210
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0215
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0220
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0220
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0225
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0225
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0230
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0230
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0235
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0240
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0240
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0245
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0245
http://refhub.elsevier.com/S1366-5545(25)00477-6/h0250


Nagl, P., 2007. Longer combination vehicles (LCV). for Asia and the Pacific region: Some economic implications. UNESCAP Working Papers, United Nations. 
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