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Growing volumes of construction and demolition waste are creating increasing pressure on waste
logistics systems. Skip containers are one of the main container types used to transport this type
of waste. They are placed at customer sites, collected when full, transported to disposal facilities,
and temporarily stored at storage locations. In practice, routing these containers is operationally
complex. Vehicles must coordinate deliveries, pickups, disposal trips, and storage movements
while accounting for handling times, loading restrictions, and daily operational limits. Existing re-
search has recognised skip container routing as a complex variant of the Vehicle Routing Problem
(VRP), but most studies focus on large rollon-rolloff (RoRo) containers. As a result, the operational
characteristics of smaller chain-lift skip containers remain underexplored.

This thesis focuses on chain-lift skip containers, which differ from traditional RoRo containers
because they can be stacked on a vehicle. This allows multiple containers to be transported
simultaneously, but also introduces additional loading constraints related to stacking feasibility
and container compatibility. In addition, empty containers can be reused directly between cus-
tomers instead of first returning to a storage location. Although both stacking and direct reuse
are relevant in practice, they have received limited attention in the literature. Therefore, the main
research question of this thesis is:

How can vehicle routing for skip container waste collection be optimised under container
reuse and stacking feasibility constraints?

To answer this question, the study first reviewed the literature on skip container routing, order
types, vehicle routing problems, and solution methods. The review showed that previous research
has gradually incorporated more realistic operational features, such as multiple depots, multiple
disposal facilities, time windows, and different container types. However, detailed stacking con-
straints and direct container reuse remain largely unexplored. The review also confirmed that
exact optimisation methods become less practical as routing problems increase in size and com-
plexity, while metaheuristics are generally more suitable for larger operational scenarios.

Based on these insights, two models were developed. First, a mixed-integer linear programming
(MILP) optimisation model was formulated as a benchmark representation of standard skip con-
tainer operations, excluding container reuse and using simplified stacking constraints. This model
provides high-quality solutions for smaller problem scenarios and serves as a reference for evalu-
ating the extended model. Second, an extended Large Neighbourhood Search (LNS) metaheuristic
was developed to explicitly incorporate detailed stacking constraints, direct container reuse, and
multiple disposal and storage location options. After a feasible initial solution is found, the LNS
repeatedly removes parts of the solution and reconstructs them to search for improvements.

Both models were tested on data sets of varying sizes and different mixes of order types, in-
cluding container pickups, deliveries, change, and swap orders. Their performance was evalu-
ated using key performance indicators (KPIs), including total operational time, number of vehicles
used, orders per hour, vehicle utilisation, stacking utilisation, and computational runtime. The
benchmark results showed that operational time increased gradually as more customers were
added, whereas computational time increased exponentially. This confirms that exact optimisa-
tion quickly becomes computationally impractical for larger problem cases.

The validation experiments demonstrated that the LNS algorithm produced solutions close to the
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benchmark model within substantially shorter runtimes, with an average deviation below 3% for
the smaller validation cases and below 5% for larger cases. In some scenarios, the LNS even out-
performed the benchmark model by successfully applying container reuse opportunities. Across
the larger experiments, vehicle configuration proved to have a significant influence on solution
quality. Vehicles were tested across different loading configurations, varying the number of stack-
ing positions available for full versus empty containers. Configurations with limited capacity for
transporting full containers consistently performed worst, indicating that full container capacity
forms a main operational bottleneck. Once sufficient full container capacity was available, perfor-
mance differences between configurations became considerably smaller. For several larger data
sets, improved configurations also reduced the number of vehicles required.

The experiments also showed that the mix of order types influences routing performance. Data
sets with a high combined share of swap and change orders were more difficult to optimise and
showed greater sensitivity to vehicle configuration. Swap orders involve the most routing activ-
ities, while change orders, which require a container to be returned to the same customer af-
ter emptying rather than to a shared storage location, impose additional sequencing constraints
that reduce routing flexibility. Data sets dominated by pickup and delivery orders offered more
freedom to consolidate stops. Furthermore, reuse consistently reduced operational time, with
savings of 34-108 minutes across test cases. This improvement came primarily from reduced
handling time rather than a reduction in route stops, and the number of vehicles required re-
mained unchanged. The stacking analysis further showed that supporting two stacking rows al-
ready captures most of the operational benefit, with additional rows mainly providing flexibility
during temporary peak loading moments rather than being used consistently throughout routes.
The sensitivity analyses confirmed that the models behave logically: lower service times improved
the main KPIs, whereas higher service times increased route duration and reduced productivity.

Overall, this thesis demonstrates that detailed stacking constraints and direct container reuse
can be successfully incorporated into skip container routing models. Scientifically, the research
extends the existing skip container routing literature towards a more realistic representation of
chain-lift skip operations. Practically, it provides AMCS with insight into how reuse opportunities,
stacking feasibility, and vehicle loading capacity influence routing performance. The results in-
dicate that supporting stacking across two rows already yields substantial operational improve-
ments, while larger stacking heights offer limited additional benefits on short sections of the
routes. Future research could further extend the scope by incorporating additional operational
constraints, such as time windows, driver rest periods, stochastic travel times, and limited con-
tainer availability. In addition, the current metaheuristic framework could be extended into an
Adaptive Large Neighbourhood Search (ALNS) approach in which operators are selected adap-
tively based on their recent performance, offering potential for further improvements in practical
routing applications.
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Skip containers are waste containers used mainly in construction and demolition to collect debris
from customer sites (Wghlk & Laporte, 2022). These containers are placed at construction sites
and periodically transported to disposal facilities when they are full. Within the European Union
(EV), construction and demolition waste is the largest waste category among waste generated by
economic activities and household waste, accounting for approximately 38% of the total waste
generated in 2022 (Eurostat, 2024). On a global scale, construction waste accounts for an esti-
mated 25-40% of total solid waste generation (Sakthibala et al., 2025), and this share is expected
to grow at an annual rate of 3-5% due to increasing urbanisation, infrastructure development,
and population growth.

Given this substantial and growing volume, the collection and transportation of construction waste
forms a significant component of urban waste logistics. Unlike residential and commercial waste
collection, where waste is emptied directly into the collection vehicle, skip container operations in-
volve transporting containers as separate units. In practice, skip containers include several types.
Most routing studies focus on large rollon-rolloff (RoRo) containers, whereas this research consid-
ers smaller stackable chain-lift skips. Regardless of the type, each skip must be delivered, collected,
and transported to a disposal facility before further service can be performed. As a result, skip
container operations contribute considerably to vehicle kilometres travelled, operational costs,
and emissions related to waste collection logistics. Therefore, a specific vehicle routing problem
(VRP) focusing on skip container routing has been developed.

In the routing literature, because the focus is on RoRo skip container, these models typically as-
sume that a vehicle can transport only one container at a time, or at most two (Archetti & Speranza,
2004; Bodin et al., 2000; Golden et al., 2002). In contrast, this research focuses on a chain-lift skip
that can be stacked on a vehicle, allowing multiple containers to be transported simultaneously.
Their stackability introduces additional operational decisions regarding container organisation,
compatibility, and loading feasibility. These aspects are largely ignored in classical RoRo VRPs, but
they directly impact vehicle utilisation and routing efficiency.

In addition to stacking, skip container operations may allow direct reuse of empty containers be-
cause the containers are owned by the same company. Instead of returning an empty container
to a depot, an empty skip can be immediately reused to serve another customer who requires
a compatible container. This reuse option reduces unnecessary depot visits and improves vehi-
cle utilisation, but introduces additional dependencies between orders, as the availability of an
empty container becomes directly linked to the completion of preceding orders. Although reuse



has been considered in a limited number of skip container routing studies (Archetti & Speranza,
2004; Hauge et al., 2014), itis not commonly integrated alongside detailed stacking considerations.

Furthermore, early studies considered simplified problem variants and therefore relied on exact
solution methods (Archetti et al., 2005; Baldacci et al., 2006). More recent research has extended
these models by incorporating additional features such as container storage yards, multiple con-
tainer types, and flexible return options, thus moving closer to real operational settings (Li et al.,
2018; Raucq et al., 2019; Wahlk & Laporte, 2022). Despite these extensions, detailed constraints
on container stacking and reuse remain largely unexplored in waste collection routing models,
whereas similar aspects have been applied in other sectors, such as container drayage and mar-
itime container terminals.

Incorporating detailed container stacking constraints and direct container reuse into a skip con-
tainer VRP significantly increases its computational complexity. Even simplified variants of skip
container VRPs have been shown to be NP-hard (Archetti et al., 2005), making exact solution
methods infeasible for larger problems. This is also reflected in the broader VRP literature, where
the majority of studies rely on metaheuristic solution approaches rather than exact optimisation
methods, such as mixed-integer linear programming (MILP) models. In particular, neighbourhood-
based metaheuristics are the most widely applied class of methods to solve complex VRPs (Braek-
ers et al., 2016; Elshaer & Awad, 2020).

In this research, an exact optimisation approach is first used to construct a simplified benchmark
model that provides a reference solution. Following this, a metaheuristic algorithm based on large
neighbourhood search (LNS) is developed to incorporate stacking and reuse. LNS has proven
effective in handling routing problems with sequenced and interdependent decisions and has
been successfully applied in earlier skip container routing (Pisinger & Ropke, 2019; Wy et al., 2013).

The aim of this research is to explore vehicle routing for skip waste containers, incorporating
additional constraints on container reuse and more detailed stacking. The main research question
is presented in Table 1.1, together with the sub-question and the methods used to answer them.

Research questions and methods

Main research question

How can vehicle routing for skip container waste collection be optimised
under container reuse and stacking feasibility constraints?

Sub-questions Method

What is the current state of skip container routing in the literature? Literature review
Which key performance indicators are suitable for evaluating and comparing Literature review
routing models?

How can a mixed-integer linear programming model be formulated to represent Mathematical

standard skip container operations? modelling
- . . Conceptual
How can a metaheuristic conceptually be designed to handle container reuse desi
; S esign
and stacking feasibility?
How does the metaheuristic model perform relative to the mixed-integer linear ii;?yiit:dy

programming model in terms of the defined key performance indicators?

This thesis is organised as follows. Chapter 2 reviews the relevant literature. Chapter 3 defines
the scope. Chapter 4 presents the methodology and KPIs. Chapter 5 describes the experimental
setup and parameter tuning. Chapter 6 discusses the computational results. Finally, Chapter 7
concludes the thesis and suggests future research.



This literature review will provide a deep dive into research on skip waste collection routing prob-
lems. It will begin by reviewing different types of waste collection and the role of skip containers
within them. Furthermore, the VRP will be discussed in more detail, with a focus on the aspects
commonly encountered in skip container waste collection. Finally, metaheuristics will be reviewed
to identify the most widely used approaches for addressing VRPs in waste collection.

To understand where the skip container fits within waste collection, different types of waste col-
lection can be distinguished. Waste collection can be divided into three areas: commercial, res-
idential and rollon-rolloff (RoRo) (Golden et al., 2002). All types cover municipal solid waste and
recycling material; hazardous waste is excluded. Commercial waste collection is focused on com-
mercial locations, such as restaurants and office buildings. Residential waste is the waste from pri-
vate homes. RoRo differs from commercial and residential operations because it involves moving
containers rather than directly emptying them into a vehicle. RoRo problems involve the pickup,
transportation, unloading, and drop-off of large containers (Bodin et al., 2000; Wy et al., 2013).
Skip containers belong to the RoRo waste collection category.

The skip container is a type of metal container that is used, for example, to transport debris from
construction sites to disposal facilities (Wghlk & Laporte, 2022). Originally, the term RoRo refers
to the physical loading mechanism in which containers are rolled or pulled onto and off a truck.
However, in the routing literature, the term is used more broadly to describe the transportation
of large containers that are not emptied directly into the vehicle (Bodin et al., 2000).

The term "skip container” itself covers several container types, of which a few are illustrated in
Figure 2.1. Akey distinction can be made between chain-lift skips (top row) and RoRo skips (bottom
row). Chain-lift skips are smaller open containers that can be stacked, allowing multiple units to
be transported on a single vehicle. In contrast, RoRo skips are significantly larger and are handled
using a rolling mechanism. Due to their size, typically only one container can be transported per
vehicle, or at most two when a trailer is used.

Despite these differences, all skip types are transported as separate units and must be emptied
at a disposal facility. Based on the classification of waste collection by Golden et al. (2002), these



characteristics place skip container transport within the RoRo category of waste collection. How-
ever, since this research focuses on stackable chain-lift skip containers rather than traditional
rolling systems, the routing problem is referred to as the skip container VRP. The term RR VRP is
only used when referring to studies that explicitly use this terminology.

Chain Lift Skips

A A 4 4 4

2 Yard® Skip 4 Yard* Skip 8 Yard® Skip 12 Yard? Skip Enclosed
12 Yard* Skip

20 Yard® RoRo Skip 30 Yard® RoRo Skip 40 Yard* RoRo Skip

16 Yard* RoRo Skip

Different skip container types (REMONDIS UK, 2025).

These operational characteristics directly affect the routing model. Since vehicles transport en-
tire containers, capacity is defined by the number of containers they can carry simultaneously
rather than by weight or volume. The transportation of containers also introduces dependencies
between pickups and deliveries. For example, after collecting a full container, the vehicle must
first visit a disposal facility before continuing to the next customer. Other commonly considered
constraints include container ownership, customer time windows, and different container types
(Hess et al., 2024).

Most formulations in the literature assume that each vehicle carries only one container. In the
1-skip collection problem by Archetti and Speranza (2004), each collected skip must be delivered to
a disposal facility before visiting the next customer, with all routes beginning and ending at the
depot. Several other studies also describe the RR VRP as a single-container problem (Aringhieri
et al., 2018; Bodin et al., 2000; Wy et al., 2013).

Fewer studies consider vehicles that can transport two skips, resembling a truck with an additional
trailer capable of carrying two RoRo skips. Archetti et al. (2005) and Raucq et al. (2019) studied such
a two-skip problem, although the work of Archetti et al. (2005) focuses only on delivery operations.
More recent papers model the two-skip problem as a three-stage Pickup and Delivery Problem
(PDP) consisting of a pickup, treatment, and delivery sequence (Belenguer et al., 2024; Wghlk &
Laporte, 2022). Extensions beyond two skips are rare. Only Hauge et al. (2014) modelled up to
eight skips, allowing stacks of up to four containers, although under simplified assumptions, such
as permitting at most one full skip per stack.

More recently, Li et al., 2018 introduced a generalised RR VRP (G-RRVRP) that brings the problem
closer to real operations. The paper describes the synchronisation of loaded and empty container
routing. The study moves away from simpler models that assume an unlimited supply of empty
containers at a depot. Instead, their model explicitly integrates the management of both full- and
empty container movements within the network. This synchronisation is an important addition
because a vehicle's ability to collect a full container depends directly on the availability of an empty
container and vice versa. This is achieved using the concept of container pools to store, supply,
and receive empty containers and a separate location type to receive loaded containers from
customers.

Although recent models account for more realistic operational constraints, detailed stacking rules
remain largely unexplored. Current skip container VRP formulations still focus predominantly on
RoRo skips and therefore neglect other types of skip containers that can be stacked. Addressing
this gap requires considering not only the number of containers a vehicle can carry but also how



they are organised or stacked within the vehicle, a topic that will be explored further in the next
section.

In waste collection, vehicle efficiency is influenced not only by the number of containers trans-
ported but also by how they are organised within the vehicle. In the context of skip containers,
studies have highlighted that container stacking can affect operational efficiency and feasibility.
Stacking is constrained by physical and operational considerations, for example, the maximum
number of containers that can be stacked and compatibility between container sizes (Hauge et
al., 2014). These aspects can be addressed using concepts from related problems, such as the
capacitated vehicle routing problem (CVRP) and the bin packing problem (BPP).

In two-dimensional CVRP (2L-CVRP), loading constraints account for the length and width of each
object, ensuring that the elements do not overlap and remain within vehicle boundaries (Zachari-
adis et al., 2017). This has been extended to three-dimensional CVRP (3L-CVRP), which also takes
into account the vertical orientation (Fuellerer et al., 2010; Tao & Wang, 2015). This model guar-
antees that each customer receives the correct quantity of freight while keeping the total load
within the vehicle's weight limit. This can be translated into the skip container VRP to ensure that
the number of stacked containers does not exceed the vehicle’'s weight limit. Similarly, the three-
dimensional BPP (3D-BPP) enforces non-overlapping constraints of the placement of containers
within the vehicle (Fuellerer et al., 2010; Tao & Wang, 2015). An example of a 3D-BPP from an-
other domain is air cargo, where items of varying sizes must be packed into a container with fixed
dimensions. In the container, the items must be adequately supported and fragile items can only
be placed on top of other items (Junqueira et al., 2012; Paquay et al., 2016). This modelling logic
can also be applied to skip containers, where only the full container is placed on top and only a
smaller container can be stacked on a larger one and not vice versa.

Stacking has also been applied in maritime container terminals, where containers are stored ver-
tically in stack lanes within a yard. Gunawardhana et al. (2021) researched the Container Stacking
Problem (CSP), focusing on assigning incoming containers to specific yard locations while taking
into account container characteristics and yard constraints such as capacity and safe stacking
heights. One of the KPIs mentioned is the storage space, which shows that stacking decisions
directly affect operational efficiency. Gunawardhana et al. (2021) report cost reductions of ap-
proximately 3-7% when rule-based stacking strategies are applied. Furthermore, Dekker et al.
(2006) points out strict physical stacking rules stating that stacking can only be done along a lane
and that different container sizes cannot be stacked on top of each other. Relating this to skip
container operations, a vehicle can be seen as a stacking lane with a few stacking spots. In addi-
tion, the vehicle also has limitations for safe stacking heights. In contrast, skip containers can be
nested when stacked, meaning that the restriction of stacking only identical container types does

not apply.

Beyond stacking, the skip container VRP can be further extended by considering the different
order types in skip operations, which reflect the various services. These main order types have
been mentioned in multiple studies (Bodin et al., 2000; Golden et al., 2002; Hauge et al., 2014;
Raucq et al., 2019; Wy et al., 2013), the terminology used follows that of Hauge et al. (2014). The
four main order types are defined as follows (visuals can be found in Appendix F):

1. Pickup: pickup a container at a customer, empty it at a disposal facility, and transport it to
a storage location

2. Delivery: pickup an empty container at a storage location and deliver it to a customer

3. Change: pickup a container at a customer, empty it at a disposal facility, and return it to the
customer



4. Swap: pickup an empty container at a storage location and deliver it to a customer, then
pickup another container at the customer, empty it at a disposal facility, and transport it to
a storage location

Additionally, Wy et al., 2013 also defines these order types:

*+ Bring to yard: move a container from a customer to a storage location
* Full from Depot: move a full container directly from depot to a disposal facility
* Relocate: move container between two customer locations

These order types can be further expanded with the option of reuse, which requires identical
container types (Hauge et al., 2014). In this context, an empty container obtained from a pickup
or swap order is immediately reused for another customer order rather than being returned to a
depot. In the paper, they apply reuse through an annihilation principle, which occurs during the
route construction process. This occurs by merging the final visit of a pickup or swap order with
the first visit of a subsequent compatible order, combining segments of two separate ordersinto a
single feasible route. Because annihilation eliminates unnecessary depot visits and the associated
handling and travel time, it reduces the total cost of the route. Consequently, the Tabu Search
(TS) algorithm favours these routes as it aims to generate routes with the lowest possible cost.
Although this approach improves efficiency, it also introduces additional dependencies between
orders within a route. Furthermore, Archetti and Speranza (2004) already implicitly incorporates
this routing order. After emptying a skip at a disposal facility, the vehicle continues directly to
the next customer. However, their model considers only a single service order that is repeated
throughout the working hours. Only in the case of privately owned containers does the skip have
to be returned to the customer, which breaks up this standard routing sequence. A visual of how
reuse can be applied can also be found in Appendix F.

The literature also presents several extensions that, while not identical to reuse, address similar
challenges in coordinating container flows between customers. For example, the fifth trip type
defined by Baldacci et al. (2006) covers relocating partially filled containers between customers.
More recently, Wghlk and Laporte (2022) proposed the flexible return model, which allows empty
skips to be returned to any compatible disposal facility instead of their original location. This
model, which achieved an average cost savings of 6.1%, extends reuse to the whole system by
spreading container flows more evenly over time. However, these models differ from the imme-
diate reuse described in Hauge et al., 2014, in which a specific container serves the next customer
directly.

The option of reuse highlights the need to consider additional factors, such as container own-
ership and availability. Container availability can be assumed to be unlimited (Archetti & Sper-
anza, 2004; Baldacci et al., 2006; Bodin et al., 2000) or limited (Aringhieri et al., 2018; Wy et al.,
2013). Regarding ownership, Aringhieri et al., 2018 distinguishes between company-owned and
privately-owned containers. Company-owned containers are interchangeable with each other
and privately-owned containers have to be returned to their original location. The distinction
in ownership is also reflected in certain order types. The change order is focused on privately-
owned containers due to the return of the container to the customer (Bodin et al., 2000; Hauge
et al., 2014; Raucq et al., 2019; Wy et al., 2013).

The waste industry is not the only sector focused on container reuse. A similar perspective can
be found in the container drayage literature. For example, Fazi et al., 2023 studied the multi-trip
container drayage problem and highlighted the importance of efficient reuse of empty containers,
which is known as street-turning. Similarly, as with the reuse option in the skip container VRP,
empty containers released by one shipper can be used directly by another shipper instead of being
returned to a depot first. Their paper introduces six shipper types that resemble the order types
defined in skip container operations. Furthermore, Zhang et al., 2020 notes that most research
assumes a sufficient supply of empty containers, whereas it is more realistic to model this as
limited. Under such conditions, reuse can have a larger impact, by reducing unnecessary depot



trips. This can also reduce costs, where at the moment, despite the short distances, the cost of
container drayage represents 25-40% of the entire transportation chain (Zhang et al., 2020).

These operational challenges can also be seen on a global level in liner shipping. Repositioning
empty containers is also costly here, with around 16 billion USD, about 15% of total container fleet
management costs, spent each year on moving empty containers (Lee & Song, 2017). Studies on
liner shipping service networks show improved efficiency when repositioning of empty contain-
ers is included. Shintani et al. (2007) demonstrate that integrating empty container movements
into network planning helps avoid suboptimal routing when loaded and empty flows are handled
separately, and Meng and Wang (2011) showed significant cost reductions when repositioning is
taken into account in network design. These findings underline that, whether in waste collection,
drayage, or maritime logistics, efficient reuse of empty containers between customers can reduce
transportation time and lower operating costs.

As discussed earlier, the skip container VRP is a specific variant of the VRP, so it is useful to also
explore the VRP in general, which this section will do in more detail. The VRP is an extensively stud-
ied problem in operations research and logistics. It was first introduced by Dantzig and Ramser,
1959 as 'The Truck Dispatching Problem’. The essence of the VRP is to design a set of minimum
cost routes for a fleet of vehicles serving multiple customers. These routes typically start and end
at a central depot (Laporte, 2009). Among the various types of VRPs, the PDP is the most relevant
for this research. In the context of waste collection, the important locations are: depots, cus-
tomers, storage locations, and disposal facilities. Furthermore, vehicle capacity is limited. Since
services require both the delivery of an empty skip and the pickup of a full skip, the problem can
be classified as a PDP.

The PDP is a class of VRPs in which each request specifies how to transport an item from a pickup
location to a delivery location. It is one of the standard one-to-one routing models and is com-
monly studied both with and without time windows (Dumas et al., 1991; Savelsbergh & Sol, 1995).
The PDP has been studied a lot in research because it can be applied to many real-world cases,
such as parcel service, ride-sharing and freight logistics. The core complexity of the PDP lies in the
precedence constraint that a pickup must occur before its corresponding delivery, as well as the
need to satisfy time windows, which will be discussed in detail later (Savelsbergh & Sol, 1995). The
PDP is relevant for skip container operations, where precedence relations exist between pickup
and delivery operations involving full and empty skips. In this sense, the skip container VRP can
be seen as a special case of PDP (Raucq et al., 2019). This view is already reflected in early RR VRP
literature. Bodin et al. (2000) notes that, in the absence of trip type 2, the RR VRP can be regarded
as a PDP.

The PDP has been expanded to include transfer options (PDPT) (Cortés et al., 2010). This model re-
laxes the constraint that a single vehicle must complete both the pickup and delivery of a request,
allowing items to be transferred between vehicles. This increases operational flexibility and can
reduce total travel distance. Similarly, the multi-pickup and delivery problem with time windows
(MPDPTW) has been introduced, where a service consists of multiple pickups followed by a single
delivery (Naccache et al., 2018). In the context of waste collection, this could involve transporting
two containers from different customers to the same disposal facility. The second trip type de-
fined by Bodin et al. (2000), which involves delivering an empty container and collecting a full one
within a single service that may include intermediate locations, already points towards such an
MPDP, even though it is not explicitly modelled as such a model.

A recent development in the field has been the direct modelling of the skip container VRP as a
PDP variant. Wghlk and Laporte (2022) introduced the skip PDP (SPDP), which models the trans-
port of skips between disposal facilities. The paper distinguishes between a fixed-return variant,
where the empty skip is returned to its origin, and a flexible-return variant, which allows for the
empty skip to be returned to any compatible location. The SPDP formulations incorporate realistic
skip operational characteristics, such as destination depending on container content and multiple



facility types. Building on this framework, Belenguer et al. (2024) focused specifically on the fixed-
return case, formalised as the SPDP-R, and proposed a strengthened mathematical formulation
with tighter constraints. The SPDP can therefore be interpreted as a skip-specific PDP formulation
within the broader RR VRP class.

A common constraint in VRP research is the specification of time windows (see Table 2.1). A time
window specifies a time range, defined by an earliest and latest time, during which a service must
be performed at a specific location, such as a customer's site, a depot, a storage location or a
disposal facility (Benjamin & Beasley, 2010; Wy et al., 2013). The time windows can be defined
as strict, which means that they must be complied with, or soft, where violation is allowed but a
penalty cost follows (Archetti et al., 2025; Braekers et al., 2016). In skip container VRP, time win-
dows are almost always treated as strict constraints (Benjamin & Beasley, 2010; Wy et al., 2013).
This is because the time windows correspond to fixed facility opening hours that cannot be ad-
justed.

Including time windows can increase the complexity of the model. The model must now also track
the arrival and departure schedules at the different locations. This creates interdependencies: the
feasibility of arriving at a customer at a certain time depends on the arrival/ departure times at all
the preceding locations on the route (Kim et al., 2006). In contrast, time windows can also serve
to reduce the solution space. By specifying a particular interval, certain otherwise valid routes
may be excluded as they become infeasible. As a result, the inclusion of time window constraints
narrows the set of feasible solutions, thus reducing the search space for a solution (Dumas et al.,
1991).

Another common extension of the VRP is the inclusion of multiple depots or locations. This is
relevant in waste collection, where depots, storage locations, and disposal facilities often oper-
ate across several locations (Baldacci et al., 2006). Introducing multiple disposal facilities helps
to more accurately represent real-world operations. Since waste management companies often
handle different types of waste, it becomes necessary to include different facilities to accommo-
date these variations (Raucq et al., 2019). In addition to depots and disposal facilities, several skip
container VRP variants explicitly model container storage locations, where empty containers are
stored and retrieved during routes (Raucq et al., 2019; Wy et al., 2013). These storage locations
introduce further routing decisions, as vehicles may need to visit them to load or unload empty
containers depending on the service type. Adding more locations complicates the problem, as
the model must decide which facility to use (Kim et al., 2006). This choice is based on the current
position of the vehicle, the facility that is within opening hours (time windows), and the remainder
of the route (Benjamin & Beasley, 2010).

The VRP is an NP-hard problem. This is a category of computation problems for which finding an
exact and optimal solution is not feasible in a reasonable amount of time, because the problem
increases in the number of options (Archetti et al., 2005). They state that a skip container VRP with
a capacity bigger than two is NP-hard even under strict conditions. Therefore, metaheuristics are
more suitable for solving the problem in a reasonable time (Fuellerer et al., 2010). A review of the
VRP literature published between 2009 and mid-2015, which reviewed almost 300 articles, found
that 71.25% of the surveyed articles use metaheuristics. These approaches are widely recognised
as efficient for many NP-hard optimisation problems (Braekers et al., 2016).

Therefore, an overview of scoping in VRPs is useful. Various constraints have been mentioned in
this chapter, but they are not all equally represented in the literature. Braekers et al. (2016) show
that around 38% of the surveyed VRP papers consider time windows, which are mainly applied
at customer locations, making them the most commonly studied real-life constraint. In contrast,
more complex constraints such as multiple depots and precedence relations are less frequently
used, appearing only in 11% and 8.56% of the reviewed studies, respectively.



Building on this work, Elshaer and Awad (2020) specifically focuses on VRPs solved by metaheuris-
tics and classifies the applied methods into single-solution based and population-based meta-
heuristics. Single-solution based methods start from an initial solution and iteratively improve it
by exploring its neighbourhood, following a trajectory through the search space. Well-known ex-
amples include TS, variable neighbourhood search (VNS), and iterated local search (ILS) (Boussaid
et al., 2013). In contrast, population-based metaheuristics operate on a set of solutions simulta-
neously, promoting diversification through interactions between multiple possible solutions.

The review of Elshaer and Awad (2020) shows that single-solution based metaheuristics dominate
the VRP literature with 64% of the papers classified in this category. Within the single-solution
based, TS has been applied the most (30%), followed by VNS (23%), and LNS (15%). This pattern
suggests that trajectory-based metaheuristics are well-suited to routing problems, as routes can
be gradually improved through local changes while keeping constraints satisfied.

To review the solution methods applied in skip container and RR VRP research, Table 2.1 presents
an overview of the selected papers. The table does not aim to cover all aspects mentioned in the
papers, but only those relevant to the scope of this research. A brief explanation of the terminol-
ogy used is provided below the table to support interpretation.

Skip Container and RR VRP related papers overview (ordered on publication date).

Reference Max vghlcle Stacking Reuse Locations Constraints Solution Method(s)
Capacity
Bodin et al. (2000) 1 No No SD, SF PEM, SA, DA, TI2
Archetti and Speranza (2004) 1 No Reuse SD, MF TW, MC Nearest-neighbourhood
Archetti et al. (2005) 2 No No SD, SF Exact
Baldacci et al. (2006) 1 No No SD, MF, MY Exact
L Tabu search &

Benjamin and Beasley (2010) 1 No No SD, MF T™W neighbourhood search
Wy et al. (2013) 1 No No SD, MF, MY  TW, MC 'S':;%Sh”e'ghbourhow
Hauge et al. (2014) 8 Yes Reuse SD, MF, MY  TW, MC Tabu search & )

column generation
Aringhieri et al. (2018) 1 No No SD, MF MC Neighbourhood-based
Li et al. (2018) 1 No Relocate SD, MF, MY TW M”‘.P &

Savings & local search
Raucg et al. (2019) 2 No No MD, MF, MY TW, MC Column generation

& heuristic pricing

Flexible Variable

Wghlk and Laporte (2022) 2 No return MD, MF neighbourhood search
Belenguer et al. (2024) 2 No iiﬁlrk:e SD, MF MILP & Branch-and-cut
This research Variable Yes Reuse SD, MF, MY  MC Metaheuristic

Description of abbreviations and terms used in Table 2.1.

textitReuse refers to the direct reuse of an emptied container by another customer without re-
turning it to a depot, relocate denotes the repositioning of empty containers between locations to
balance availability, and flexible return allows an emptied container to be returned to a compatible
alternative location rather than to its original customer.

Constraints Heuristics
+ SD = single depot « Decomposition Algorithm (DA)
* MD = multiple depots + Partial Enumeration Method (PEM)
+ SF =single disposal facility « Simple trip insertion/trip improvement
MF = multiple disposal facilities procedure (TI2)
SY = single container storage yard + Savings Algorithm (SA)

MY = multiple container storage yards
TW = customer time windows
MC = multiple container types

It is also evident from Table 2.1, that the complexity of the skip container VRP is linked to the
chosen solution method. When reviewing the methods used, it becomes clear that papers rely-



ing on exact methods typically address simplified problem variants that do not include aspects
such as stacking or container reuse. When these features are considered, they are usually inte-
grated as part of a hybrid optimisation approach, as is the case in Li et al. (2018). As soon as more
realistic aspects are introduced, the literature consistently shifts towards hybrid approaches or
metaheuristics. An example is the paper of Hauge et al. (2014), where stacking rules, time win-
dows, and multi-container vehicles are introduced. To handle these constraints, the paper uses a
hybrid column generation approach with TS. This is consistent with the broader VRP literature, in
which metaheuristics are the dominant solution approach. The metaheuristics listed in Table 2.1
all belong to the category of single-solution based metaheuristics. Moreover, the selected meth-
ods correspond to the neighbourhood-based metaheuristics most frequently identified in the sur-
veys by Braekers et al. (2016) and Elshaer and Awad (2020), including TS, VNS, and LNS. Therefore,
the next section provides a more detailed discussion of neighbourhood-based metaheuristics and
their structure.

Because neighbourhood-based metaheuristics are the most commonly used methods in this scope,
the following section focuses on these approaches in more detail. Several shared characteristics
of these metaheuristics are discussed, including the construction of the initial solution and the
operators used to explore the solution space.

Neighbourhood-based metaheuristics start from an initial solution. To obtain that initial solution,
an algorithm or heuristic needs to be applied. Below in Table 2.2 is an overview of some of the
papers mentioned in Table 2.1 and mentioned in the review paper Elshaer and Awad (2020) to
give an overview of the method used.

Overview of initial solutions used in neighbourhood-based metaheuristics.

Paper Model type Initial solution
Benjamin and Beasley (2010) Waste collection VRP Sequential greedy route construction
Wy et al. (2013) RoRo VRP Constructive heuristic with a candidate list
Dominguez et al. (2016) 2L-VRP Savings heuristic
Francois et al. (2016) Multi trip VRP Greedy heuristic
Aringhieri et al. (2018) RoRo VRP Savings heuristic
Li et al. (2018) RoRo VRP Savings heuristic
Wehlk and Laporte (2022) Skip PDP Greedy constructive heuristic

The initial solution methods in Table 2.2 are all constructive heuristics. Constructive heuristics
build a solution sequentially by adding one customer at a time. One of the earliest constructive
heuristics is the nearest neighbour heuristic, which extends a route by repeatedly selecting the
closest unvisited customer (Rosenkrantz et al., 1977). On the contrary, insertion heuristics start
from a partial route and iteratively insert customers at the position that minimises additional
travel cost (Potvin & Rousseau, 1993). Moreover, a basic greedy insertion heuristic selects in each
iteration the request-route combination with the smallest increase in objective value (Ropke &
Pisinger, 2006). Despite their computational efficiency, purely greedy selection rules consider
only immediate cost increases and may therefore postpone structurally difficult insertions.

To address this limitation, regret-k insertion heuristics incorporate limited look-ahead by select-
ing the request for which the difference between the best and second best insertion positions is
largest, thereby prioritising critical requests (Ropke & Pisinger, 2006). Another classical construc-
tive approach is the savings heuristic of Clarke and Wright (1964), which starts with one route per
customer and iteratively merges routes according to the largest distance savings (Clarke & Wright,
1964). Due to their simplicity, low computational effort, and ability to quickly generate feasible so-
lutions, nearest neighbour, insertion-based, regret-based, and savings heuristics are widely used
as initialisation procedures in vehicle routing metaheuristics (Laporte, 2009).



After constructing the initial solution, multiple operators can be applied in order to improve the
route solution. Operators define the neighbourhood structure and therefore determine how the
search explores the solution space. In classical neighbourhood search for VRPs, operators are typi-
cally divided into intra-route and inter-route moves. Intra-route operators modify the sequence of
customers within a single route. Well-known examples include 2-opt and 3-opt exchanges, where
sequences of nodes are reversed, and Or-opt, which relocates short sequences of consecutive
customers within the same route (Liu et al., 2023). These operators are computationally efficient
and effective in reducing travel distance while maintaining feasibility with respect to capacity and
time window constraints. Inter-route operators transfer customers between routes. Typical ex-
amples are relocate, exchange, and 2-opt, which swaps route segments between two routes (Liu
et al., 2023).

In addition to these small local moves, larger neighbourhood operators have been introduced.
Instead of modifying only a few arcs, a subset of customers is removed from the solution and rein-
serted using a constructive heuristic. For example, in LNS this enables more substantial changes
and to escape local optima (Ropke & Pisinger, 2006). Insertion strategies range from greedy rules,
which insert customers at the position with minimal additional cost, to regret-based rules that
incorporate limited look-ahead by prioritising customers whose postponement would cause the
largest future cost increase (Ropke & Pisinger, 2006).

A recent systematic review by Voigt (2025) classifies and ranks the operators used in adaptive LNS
(ALNS) to gain inside in operators used for VRPs. The study identifies 57 distinct removal operators
and 42 insertion operators and shows that performance differs substantially between operator
classes. In particular, sequence-based removal operators, which remove consecutive customers
from the current solution, are found to be among the most effective removal strategies. The two
most commonly used removal operators are random customers and worst-cost customers. Inser-
tion heuristics can be divided into two categories: sequential and parallel. The sequential builds
one route at a time, while parallel heuristics construct several routes (Ropke & Pisinger, 2006). For
insertion, regret-based operators generally outperform purely greedy rules. The review further
emphasises that a balanced combination of diversification orientated operators (e.g., random re-
moval) and intensification orientated operators (e.g., worst-cost or regret-based insertion) leads
to more robust performance.

For complex VRP variants such as the skip container VRP, operators must respect additional struc-
tural constraints, including pickup-delivery precedence, vehicle capacities, stacking feasibility, and
potential reuse dependencies. Small intra- and inter-route operators are effective for incremen-
tal improvements of route sequences, while larger removal reinsertion heuristics enable more
extensive changes when routes are strongly interdependent. Consequently, the literature advo-
cates combining local search moves with more disruptive operators to balance intensification and
diversification within the search process.

The skip container VRP is a waste collection problem in which vehicles transport entire containers
between depots, customers, storage yards, and disposal facilities. Although all skip containers
are transported as whole units, an important distinction exists between large RoRo skips and
smaller chain-lift skips. The literature has predominantly focused on RoRo systems, where vehicle
capacity is typically limited to one container (or two with a trailer), and operations are closely tied
to the rolling-loading mechanism. In contrast, chain-lift skips allow stacking, thereby introducing
different operational possibilities, particularly regarding vehicle capacity and route design. While
recent studies have incorporated more realistic features such as multiple container types and the
synchronisation of loaded and empty flows, they largely continue to rely on assumptions derived
from RoRo operations. As a result, two key gaps remain: first, stacking is generally simplified to
a numerical capacity constraint, neglecting physical organisation and compatibility; second, the
modelling of container reuse beyond standard order types remains limited.

The literature further indicates that increasing realism, through features such as stacking, multiple



container types, and complex precedence relations, significantly increases computational com-
plexity. Exact methods are therefore mainly restricted to simplified problem variants, while more
realistic formulations rely on metaheuristics. In particular, single-solution and neighbourhood-
based metaheuristics such as TS, VNS, and LNS are widely used for their ability to handle complex
constraints. Consequently, the literature suggests that metaheuristic approaches provide a suit-
able framework for extending skip container VRPs to better capture the operational characteristics

of chain-lift containers.



This chapter outlines the scope of the problem. More background information is provided in
Chapter 2. After the problem is defined, the scope of the benchmark model will be discussed,
followed by a visual to illustrate it further. Furthermore, the same will be done for the scope of the
extended metaheuristic model. Lastly, the assumption made in this research will be summarised.

The problem considered in this thesis is a VRP focused on skip container operations within a single
working day. Vehicles transport skip containers between a depot, customers, storage locations,
and disposal facilities. Routes consist of sequences of predefined order types that determine
container pickup and delivery actions. Vehicles must account for capacity constraints, including
the number of containers, stacking restrictions, and, later on also nesting compatibility between
container types. The routing order must align with the precedence relationship between pickup
and delivery activities. Furthermore, in the extended model, the service times depend on the order
type and whether the container is full. The objective is to find a feasible route that minimises the
total travel time.

The benchmark problem defines a simplified reference version of the skip container VRP. It con-
tains a set of modelling assumptions that will serve as the reference model for the extended model
later. A visual showing how the elements can connect in a single customer visit is shown in Fig-
ure 3.1.

* One day of modelling + Max. number of stacked containers
* Four routing orders * One (un)loading time

* Perform orders simultaneously * One depot

* One container type * One storage location

+ All company owned containers * Multiple customer locations

+ Unlimited container availability * One disposal facility

+ Unlimited container storage at locations * Fixed number of vehicles
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Visual of the benchmark for a pickup order.

The four core order types, visuals can be found in Appendix F:

1. Pickup: pickup a container at a customer, empty it at a disposal facility, and transportit to a
storage location

2. Delivery: pickup an empty container at a storage location and deliver it to a customer

3. Change: pickup a container at a customer, empty it at a disposal facility, and return it to the
customer

4. Swap: pickup an empty container at a storage location and deliver it to a customer, then
pickup another container at the customer, empty it at a disposal facility, and transport it to
a storage location

The elements listed above define the scope of the benchmark model. To maintain focus on the
core routing structure, only the four fundamental order types mentioned in section 2.4 are consid-
ered. Each route starts and ends at the depot. Within a route, orders can be performed simultane-
ously as long as they adhere to the precedence order. To prevent the model from shifting towards
inventory management, container availability is assumed to be unlimited and stored at the stor-
age locations. Furthermore, stacking limitations are defined solely by the maximum number of
stacked containers, with a separate definition of the maximum number of full containers. By re-
stricting the stacking logic at this stage, the contribution of more detailed stacking constraints can
be explicitly evaluated when they are introduced in the extended model. Additional limitations,
imposed to keep the benchmark as simple as possible, include assuming a single handling time
for all order types and a single storage location and disposal facility. Lastly, a fixed fleet of vehicles
is available with the objective of minimising the number of vehicles used.

The extended model builds upon the benchmark by incorporating additional aspects that better
reflect the real world. The elements marked in bold indicate additions or modifications relative to
the benchmark model and are highlighted in green in Figure 3.2.

* One day of modelling + Different (un)loading times
* Four routing order + reuse possibility * One depot

+ Perform orders simultaneously + Two storage locations

* Two container types * Multiple customer locations
+ All company owned containers * Two disposal facilities

+ Unlimited container availability + Fixed number of vehicles

Unlimited storage capacity containers at
the locations

* More detailed stacking

Fixed number of stacking spots
Max. height stacked containers
Nesting rules

Full container on top
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Visual of the extended model elements for a sequenced visit

To enable more efficient routing, container reuse is incorporated into the model. Reuse allows an
emptied container to be delivered directly to another customer rather than being returned to a
storage location first. To support this, the model tracks the individual location of each container,
enabling reuse decisions at the container level. After a container is emptied at a disposal facility,
the model determines whether it can be reused and, if so, to which customer it can be delivered
next instead of being transported to a storage location. When an order consists of multiple con-
tainers, partial reuse is also possible. Since the model includes multiple container types, reuse is
only allowed between compatible container types.

In addition, a more detailed representation of stacking is introduced. Stacking is not treated as a
separate optimisation problem, but is checked through feasibility rules. Routes generated by the
metaheuristic algorithm are accepted only if a feasible stacking configuration exists throughout
the entire route. The level of detail is increased by introducing a fixed number of stacking posi-
tions, nesting rules between different container sizes, and explicitly dedicating the top row to full
containers, ensuring that only the top containers can be full. These stacking constraints also af-
fect reuse decisions: reuse is no longer accepted solely because it reduces routing cost, but only
if it remains physically feasible. Furthermore, all containers remain company-owned and have
unlimited availability.

To further increase realism in the extended model, service times are differentiated based on
whether containers are loaded or unloaded and whether they are empty or full. In addition, multi-
ple disposal facilities and storage locations are introduced to better reflect real-world operational
settings.

In addition to what has already been discussed above, further assumptions have been made in
this research, which are summarised below.

+ Customer requests are assumed to be known beforehand and no dynamic or real-time or-
ders are considered.

Travel times between all locations are assumed to be deterministic and known in advance
based on a static distance matrix.

Traffic congestion, stochastic delays, and uncertainty in service times are not considered.

Driver related regulations, such as mandatory breaks, working hour legislation, and shift
limitations are not included in the model.

* Vehicles are assumed to start and end at predefined depot locations.

* The fleet is assumed to be homogeneous with respect to the loading structure and opera-
tional capabilities.

+ Maximum weight restrictions of the vehicle are not considered.

Eligibility for disposal facilities and storage locations is predefined and assumed to remain
fixed.



When no valid location is specified in the input data, all locations of the corresponding type
are assumed to be feasible alternatives.

The vehicle loading configuration is represented by discrete loading positions, where con-
tainers can only occupy predefined loading spots.

The model includes both small and large container sizes. Small containers can be stacked
on top of large containers, while large containers cannot be stacked on top of small contain-
ers. Furthermore, no stacking restrictions are imposed between containers of the same size
category. However, reuse is only allowed between containers of the exact same container
type. As a result, containers belonging to different small container types cannot be reused
interchangeably.

Loading and unloading operations are assumed to be feasible whenever sufficient loading
positions are available. Detailed physical handling constraints are therefore not explicitly
modelled. Consequently, no additional handling time is considered when containers posi-
tioned on top of another container must temporarily be moved in order to access a container
located at the bottom of the stack.



This chapter presents the methodology for modelling and solving the skip container VRP intro-
duced in the previous chapter. Two solution approaches are developed: an exact optimisation
approach and a metaheuristic approach.

First, a benchmark model is formulated as an MILP model. This benchmark represents standard
skip container operations under simplified assumptions and is used as a reference model for
evaluating the extended formulation. In particular, container reuse is not included and stacking is
represented in a simplified manner. The MILP model is implemented in Python and solved using
the Gurobi solver. Second, an extended routing model is developed that incorporates container
reuse and detailed stacking constraints. To solve this model, a metaheuristic algorithm is devel-
oped. The conceptual structure of the algorithm is illustrated using a flowchart, and the main
algorithmic steps are presented using pseudocode.

The chapter is structured as follows. section 4.1 introduces the benchmark MILP formulation, in-
cluding the sets, parameters, decision variables, objective function, and constraints. section 4.2
presents the design of the metaheuristic algorithm and discusses the different algorithmic com-
ponents. Finally, the selected KPIs are discussed in section 4.3.

This section presents the mathematical model formulated for the benchmark model. The prob-
lem consists of a set of nodes N, including the depot, customer locations, storage locations, and
a disposal facility. Storage, disposal facilities, and return customer locations are modelled using
dummy nodes to allow multiple visits while preserving routing feasibility. The dummy customer
nodes are introduced for change orders to represent the return visit to the same physical cus-
tomer location. Therefore, the node set is formulated as

N={D}uCuC™usS UF,

where node D denotes the depot, C the customer nodes, C"¢* the customer return dummy nodes,
S’ the storage dummy nodes, and F’ the disposal facility dummy nodes. Although dummy nodes
may correspond to the same physical location as their original node, they are treated as separate
routing nodes in the network. Routing decisions are defined on all pairs of nodes i,j € N.

The customer demand is represented by a set of order requests R. Each request r € R is con-
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nected to a customer ¢ € C, is characterised by an order type
7 € O (with O = delivery, pickup, swap, change),
and specifies a container demand d,.. The order type = determines both the set of components,

P = delivery”, delivery”, empty”, empty®, dropoff, return,

that must be performed and the sequence in which these components are executed. Some com-
ponents, such as delivery and emptying, consist of two handling moments that occur at different
locations, corresponding to pickup and dropoff activities.

An overview of the components P associated with each order type 7 is provided below in Equa-
tion 4.1 and in the text described above the matrix. The parameter 4., indicates whether com-
ponent p is required for order type 7. The parameter A,, defined in Equation 4.2, specifies the
changes in load associated with each component per container. To also track the number of
full containers, there is a separate parameter, Equation 4.3, which tracks the changes of the full
container load. Positive values correspond to pickup operations that increases the vehicle load,
negative values represent delivery or drop-off operations that decrease the load, and the value
zero indicates components that do not affect the vehicle load.

+ Delivery: pickup of an empty container and delivery of this container to acustomer.

* Pickup: pickup of a full container from a customer to a disposal facility, to empty it there.
After that dropoff at a storage location.

+ Swap: pickup of an empty container and delivery of this container to a customer. Pickup
of a full container from a customer to a disposal facility, to empty there. After that dropoff
at a storage location.

* Change: pickup of full container from customer to disposal facility, to empty there. After
that return the container to the customer.

Type | \ Component — \ delivery” delivery” empty” empty” dropoff return

delivery 1 1 0 0 0 0

Orp = pickup 0 0 1 1 1 0
swap 1 1 1 1 1 0

change 0 0 1 1 0 1

(4.1)

+1, if p € {delivery”, empty?}
Abet = & 1, if p € {delivery”, dropoff, return} (4.2)
0, ifp=empty”

+1, if p=empty”
Al =8 1, if p = empty” (4.3)
0, otherwise

The travel times ¢;; between nodes are given as input parameters and are assumed to be deter-
ministic. There is one handling time A, regardless of the activity. The total service time is obtained
by multiplying the handling time by the container demand d,.. Other vehicle-related parameters
include total container capacity C, full container capacity C,f“” and a maximum daily operational
time Tmaer,

The variable z;;; is a binary variable that indicates whether the vehicle & travels from node i to
node j. The binary variable z;; indicates whether node i is visited by vehicle &, while y; specifies
if vehicle & is used. The assignment of order requests to vehicles is handled by w,;. The variable



vrpik Das the value one when vehicle k performs component p of request » at node i, thus assign-
ing an individual order component to specific vehicles and nodes. It is required because of the
dummy nodes, so components must be linked to the correct vehicle and specific dummy visits.
Furthermore, the arrival time of vehicle k at node i is tracked by a;;,. Lastly, the variable ¢2* covers
the total vehicle load and represents the number of containers carried by vehicle k at the moment
of arrival from node i. In addition, ¢/ tracks the number of full containers carried on a vehicle

k.

Within an order request », components must be performed at specific types of locations. The
parameter n, € {C, S, F'} specifies whether the component p is handled at a customer, storage
location, or disposal facility, and determines the corresponding set of candidate nodes N,,, C N.
This formulation allows a vehicle to visit the same physical location multiple times at different
moments, with each visit being modelled separately.

In the benchmark, containers are considered in terms of total quantities rather than individual
items. As a result, vehicle loads and handling operations are expressed in terms of container
counts, which simplifies the model while keeping the essential routing and capacity characteristics
of the problem. The total maximum number of containers that can be stacked is not defined as a
separate parameter, as it is incorporated into the capacity of vehicle k, Ci°'. If stacking is allowed
and therefore can carry more containers, this will be reflected by increased vehicle capacity.

Overview of the sets, parameters, and decision variables used in the skip container VRP benchmark.

Sets and indices

N Set of all nodes i,jEN

C Set of customers ceC

S’ Set of dummy storage nodes ie s

F’ Set of dummy disposal facility nodes 1€F

\% Set of vehicles keV

R Set of order requests reR

o Set of order types T€O

P Set of order components peP
Parameters Unit

tij Driving time from node i to j min

Clot Maximum container capacity of vehicle & # of containers
¢ Maximum full container capacity of vehicle k # of containers
7™ Maximum daily operational time min

ymer Maximum number of vehicles k available # of vehicles

d, Demand of order request r # of containers
T Order type 7 of order request r €0

drp 1 if order type 7 requires component p, 0 otherwise {0,1}

P, Precedence relations between components p for order type 7 in pairs (p,p’) -

ny Node type at which component p takes place n, € {C, S, F}
Al*  Load change direction per component p for all containers {-1,0,+1}
AJu Load change direction per component p for full containers {-1,0,+1}

h Handling time per container min/container
M Large constant -

Decision variables Unit

Tijk 1 if vehicle k travel from node i to j, 0 otherwise {0,1}

Zik 1 if node i is visited by vehicle k, 0 otherwise {0,1}

Yk 1 if vehicle k is used, 0 otherwise {0,1}

Urk 1 if order request r is served by vehicle k, 0 otherwise {0,1}

vepi 1 if vehicle k performs component p of request r at node 4, 0 otherwise {0,1}

ik Time vehicle k arrives at node min

stik Service time of vehicle k at node ¢ min

qt Total container load of vehicle k at arrival of node ¢ # of containers

wll
Qi

Total full container load of vehicle k at arrival of node

# of containers




To reduce the size of the model, the service times are precomputed per request-component pair.
For each request r and required component p, the handling time is s,,, as defined in Equation 4.4.
C(i) :=={(r,p) | t € N;,} denotes the set of all order components that can be executed at node i.

Spp 1= hd, Vr e R, ¥p e Pwithd,,=1 (4.4)

While the parameters Ale* and A/“! indicate the direction of the load change associated with an

individual order component, the expressions A" and Aif,f’” represent the resulting net change in
load when vehicle & performs one or more components during its visit to node i. These expres-
sions depend on the assignment decisions through v,,,;, and capture the total load effect scaled
by the container demand d,.. In most order types, only a single component is performed at a given
node. However, in swap orders, both the delivery of an empty container and the pickup of a full
container take place at the customer location, and their combined effects are reflected here.

A= N AYd v VieN, VkeV (4.5)
(rp)ec()

Al = N A v Vie N, YEEV (4.6)
(rp)ec()

The objective function (4.7) minimises the total driving time of all vehicles. The driving time t,;
is determined by the routes of the vehicles through the network and depends on the routing de-
cision variables z;;;. Handling times are not included in the objective as the total handling time
associated with an order request is fixed and independent of the routing decisions. However,
when comparing the extended model, the service time will be added for comparison. Further-
more, vehicles may serve multiple order requests in sequence, and minimising total driving time
implicitly discourages the use of additional vehicles, since deploying an extra vehicle results in
additional travel to and from the depot.

min : Z = Z Z Z t,‘jl‘,’jk (47)

kEV ieN jEN

The route starts, Constraint 4.8, and ends, Constraint 4.9, at the depot. If vehicle k is used (y, = 1),
it leaves the depot exactly once and returns exactly once.

> apjr=y VkeV (4.8)
JEN\{D}

Z TiDk = Yk VkeV (49)
i€eN\{D}

Moreover, additional constraints are imposed to ensure route continuity and feasibility. Con-
straint 4.10 enforces flow conservation at each non depot node: € N\ {D} for every vehicle k € V,
ensuring that the number of arcs entering node i is equal to the number of arcs leaving node i.
Constraint 4.11 links the routing decision variable z;;;, to the node visit indicator z;;, ensuring that
a node i is visited by vehicle k if and only if exactly one outgoing arc is selected. Consequently,
exactly one incoming arc must also be selected due to flow conservation. The one time visit re-
striction applies to model nodes rather than physical locations. Dummy nodes are introduced to
represent additional visits to the same physical location when required, while preserving routing
feasibility. As a result, a physical location may be visited multiple times within a route through



different dummy nodes, whereas each individual model node is still visited at most once. Finally,
constraint 4.12 prohibits self-loops by preventing vehicle k£ from travelling from node ¢ directly
back to the same node.

Z Tijk = Z Tjik Vie N \ {D}, VkeV (4.10)
JEN JEN
Y wijp=zn Vi€ N\{D},VkeV (4.11)
JEN
ik =0 VieN,VkeV (4.12)

Constraint 4.13 ensures consistency between routing and component assignment by enforcing
that a vehicle can only perform an order component at a node if it actually visits that node.

Urpik < Zik Vre R, Vpe P, Vie Ny, VkeV (4.13)

The following constraints ensure a consistent and feasible assignment of order requests to ve-
hicles. Constraint 4.14 ensures that every order request r is completed by one vehicle k. Con-
straint 4.15 prevents order requests r from being assigned to vehicles that are not operating by
linking the assignment variable w,.;, with the vehicle usage variable y;.

 ur=1 VreR (4.14)
kev
u <yp  VreR, VEEV (4.15)

Each order request consists of a set of required components p, which depend on the order type 7...
Constraint 4.16 ensures that all required components of an order request are executed exactly
once, at one node and by one vehicle. The binary variable v,,;;, indicates whether component p of
order r is handled by vehicle k£ at node 4, and the set of feasible nodes is defined by the candidate
nodes. Furthermore, to maintain consistency between order assignment and component execu-
tion, constraint 4.17 imposes that if a vehicle handles any component of an order request, then
that order request must be assigned to the same vehicle.

ST 3 vpin=1 WYreR VpeP: 4, ,=1 (4.16)
kEV €Ny
Urpik S Uk Vr €R,¥pE P, Vi€ Ny, VeV (4.17)

When a vehicle visits a dummy node, it must perform at least one component handling activity at
that node. Constraint 4.18 prevents vehicles from visiting dummy nodes unnecessarily.

k< Y Ui Vi€ SUF VkeV (4.18)
(r,p)eC(i)

Finally, constraint 4.19 enforces the required precedence order of the components within the
same order request. If vehicle k is assigned to order r, it can only arrive at the node handling com-
ponent p’ after completing the service of the preceding component p, including the total service
time at the node and the travel time between nodes.

ajk > Qi + Sep + tij — M (2 — Uppik — Vrprjk) Vre R, V(p,p') € P, Vi€ Np, VjENy, VEEV
(4.19)



The following constraints ensure the temporal feasibility of the vehicle routes and enforce the
daily operational time limit. Constraint 4.20 fixes the start time of each vehicle at the depot to
zero. The service time at each node depends on the order in which components are handled by a
vehicle at that node. Constraint 4.21 defines the node-specific service time st;; as the sum of the
handling times of all components executed by vehicle k£ at node i. If no component is handled at
a node, the service time is zero.

apr =0 VkeV (4.20)
Stk = Y SpUpik  ViEN,VEEV (4.21)
(rp)ec(i)

Constraint 4.22 enforces the maximum daily operating time. If vehicle k returns directly to the
depot after visiting node j, the arrival time at node j, plus the corresponding service time and the
travel time back to the depot, must not exceed the maximum allowable operating time 7™,

ajp+ stjx +tjp < T+ M (1 —2z;pr), Vi€ N\{D}, VkeV (4.22)

Temporal consistency along the route of each vehicle is enforced by constraints 4.23 and 4.24. If
vehicle k travels directly from node i to node j, the arrival time at node j must be equal to the
arrival time at node : plus the service time at node ¢ and the travel time between the two nodes.
The constraints are implemented as indicator constraints, meaning that they are only activated
when arc (i, j) is selected by vehicle & (i.e., when z;;;, = 1). Both a lower and an upper bound are
included to enforce equality of the arrival times. This formulation prevents artificial waiting time
at nodes and ensures temporal consistency along the selected route.

Indicator constraints are used here because the time relation only matters when a vehicle actu-
ally travels from node i to node j. This allows the solver to directly activate or deactivate the
constraint based on the routing decision. Big-M formulations are still used in other parts of the
model where needed, but for these temporal constraints, indicator constraints provide a clearer
and more stable implementation.

Qi 2 Qi + Stig + ti4 VZ,‘]GN,Z%],‘?#D, VEeV: iL’ijkil (4.23)

ajr < Qi + Stip + tij Vi,jEN,i#J, j#D, VEkeV: x =1 (4.24)

The following constraints ensure that vehicle capacity limitations are respected throughout each
route. Constraint 4.25 limits the total number of vehicles that may be used to the maximum
available number V™ax Each vehicle is subject to capacity limits on both the total number of
containers and the number of full containers. Constraints 4.26 and 4.27 enforce non-negativity
and upper bounds on the total and full container loads at every node. Constraint4.28 ensures that
the number of full containers never exceeds the total number of containers carried by a vehicle.

Z yk S VTYL(I,./L‘ (4.25)
keV
0< gt <Clt  YieN,VkeV (4.26)

0<gM <™ vieN, VkeV (4.27)



gt < gt VieN,VkeV (4.28)
Constraint 4.29 initialises the vehicle load at the depot to start at zero. Changes in vehicle load
along the route are determined by the handling activities performed at each visited node. For
every arc (i, 7) crossed by vehicle k, constraints 4.30 and 4.31 update the total container load by
accounting for the net load change resulting from all components executed at node i.

gist =0, P =0 VkeV (4.29)
g > qipt + AR = M1 —aip) Vi jEN,i#j, VkeEV (4.30)
O <a + AR+ M1 —xijr) Vi, jEN,i#j VkeV (4.31)

Similarly, constraints 4.32 and 4.33 track the change of the load of full containers along the route.

gt > gt AR - M- 2i)  VijEN,i#j VEEV (4.32)

gt <Mt AR M - 2i) Vi EN,i#j VEEV (4.33)
Together, these constraints define the benchmark MILP model for the skip container VRP. The
model captures the main routing, assignment, precedence, timing, and capacity restrictions re-
quired for standard skip container operations. Because the benchmark is formulated under sim-
plified assumptions, it can be used to evaluate the performance of the extended model. However,
including detailed stacking rules and container reuse would substantially increase the complex-
ity of the exact formulation. Therefore, the next section introduces a metaheuristic algorithm
designed to address these additional operational aspects.

The extended formulation substantially increases the complexity of the routing problem com-
pared to the benchmark MILP model. In particular, the reuse decision variables scale in the order
of O(|R|?|V|), since for each pair of compatible requests and each vehicle, a potential reuse re-
lation must be evaluated. Furthermore, the detailed stacking representation introduces binary
variables that scale with O(|V| - S;*°" - H™a* . |CT|), as each vehicle position, stacking level, and
container type must be explicitly tracked. As a result, the exact formulation becomes difficult to
solve for realistic problem sizes within acceptable computational times.

To solve the extended model, this research applies a Large Neighbourhood Search (LNS) meta-
heuristic. LNS is well suited for routing problems with complex and interacting constraints be-
cause it combines diversification and intensification through a destroy-and-repair mechanism
(Pisinger & Ropke, 2019). In the extended skip container VRP, feasibility depends not only on cus-
tomer sequencing, but also on interactions between order components, stacking configurations,
and reuse compatibility. Consequently, small local route modifications often lead to infeasible so-
lutions or only limited improvements. The destroy-repair mechanism of LNS allows larger parts of
the route structure to be reconstructed simultaneously, making it more suitable for this problem
setting. Other metaheuristics commonly applied in the routing literature, as discussed in sec-
tion 4.2, include TS and VNS. However, these approaches mainly rely on incremental route modifi-
cations, which are less effective when routes contain strongly dependent order components and
complex feasibility interactions.

The suitability of LNS for skip container routing problems is also demonstrated in earlier RR VRP
research. Wy et al. (2013) developed an LNS based heuristic for a RoRo waste collection problem
with time windows. Their problem formulation includes several operational constraints relevant



to this thesis, such as multiple disposal facilities, multiple storage locations, different container
sizes and service types, customer-facility eligibility restrictions, and multiple demands at a single
customer location. In addition, their solution approach combines a construction heuristic with
several improvement procedures and a ruin-and-recreate based search mechanism. Their com-
putational experiments further show that feasible solutions can be generated in relatively short
computational times, even for large and highly constrained problem cases (Wy et al., 2013). This
demonstrates that LNS can effectively handle routing problems in which feasibility depends on
multiple interacting operational constraints.

Before discussing the individual algorithmic components, the general methodological framework
of the metaheuristic is first introduced in subsection 4.2.1. The development of an LNS requires
several design steps to be considered. Osaba et al. (2021) propose a framework that can be used
as a guide for developing a metaheuristic. The steps are as follows:

1. Problem modelling and mathematical formulation: focus is on the modelling and math-
ematical formulation of the optimisation problem

2. Algorithmic design, solution encoding and search operators: focus is on the design and
implementation of the metaheuristic algorithm

3. Performance assessment, comparison and replicability: focus is on the correct evalua-
tion of the algorithm development and on the replicability and consistency of the research

4. Algorithmic deployment for real-world applications: focus is on the deployment of the
method in a real environment

Within this workflow, the benchmark model already provides a foundation for the mathemati-
cal framework, which must now be extended to incorporate the additional aspects discussed in
subsection 3.1.2. The following sections describe the conceptual structure of the algorithm, the so-
lution representation, and the corresponding design choices, with a primary focus on the second
step of the framework proposed by Osaba et al. (2021).

In order to give more detail about the LNS model, a conceptual model of the metaheuristic will be
presented. First, a flowchart will be shown in Figure 4.1, and following this, the pseudocode will
be presented in Algorithm 1. After these, the different parts of the framework will be discussed
in more detail, along with the design choices made.

The general flow in the flowchart is as follows. Customers are clustered (subsection 4.2.2) and
used to construct initial routes (subsection 4.2.3). These routes are subsequently improved using
improvement rules (subsection 4.2.4). Following this, the destroy-repair cycle begins, with opera-
tors selected based on a given probability distribution (subsection 4.2.5). The resulting candidate
solution may be accepted as the current solution and/or the best solution (subsection 4.2.6). If
the stopping criteria have not yet been met, the model continues the destroy-repair cycle (sub-
section 4.2.7).



4.2. Metaheuristic Algorithm
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Figure 4.1: Flowchart of the LNS metaheuristic



Algorithm 1 Large Neighbourhood Search with Linear RRT

1: Input: feasible initial solution « > Uses clustering-based insertion
2: Input: A (initial threshold), K (maximum iterations), R (maximum rejections)
3l ez
40+ 1, r+0
5. while stopping criterion not met do
6: (2', feasible) + REPAIR(DESTROY(x°))
7: if not feasible then
8: r—r+1
9: 14 1+1
10: continue
11: end if
12: A+ N (1-2%) > Linear RRT update
13: if c(2') < c(2) then
14: R R > Update best and current
15: r<0 . .
16 elseif () =) < A then
e(a”)
17: xf 2 > Accept candidate
18: r<0
19: else
20: r<—r+1
21: end if

22: 1—1+1
23: end while
24: return

In order to combine customer locations that are geographically close, clustering is applied. The
clustered customer groups are applied in different parts of the algorithm. First, clustering is used
to support the construction of the initial solution, so that the algorithm starts with routes that
are already geographically close. Furthermore, clustering is used in the improvement rules, as
discussed later in subsection 4.2.4.

The selected clustering method is k-means clustering. This method is chosen because it is rela-
tively simple, computationally efficient, and suited to spatial data (Shalev-Shwartz & Ben-David,
2014). In k-means, the data points are partitioned into k different clusters, where each customer
is assigned to the cluster with the nearest centroid. The method, therefore, provides a straight-
forward way to group nearby customer locations before route construction.

In this study, the number of clusters is determined in advance as a design choice to keep the anal-
ysis simpler. Since clustering is only used as a supporting step in the LNS and not as the main
optimisation objective, it is not necessary to add another layer of complexity by dynamically esti-
mating the optimal number of clusters. The value of k is set to the minimum of either the number
of vehicles or half the number of orders. In most cases, this results in k being equal to the number
of vehicles, although for the smaller validation subsets, it may instead depend on the number of
orders. This way, the number of clusters remains limited, while still reflecting the expected rout-
ing structure. After the initial clustering step, clusters containing fewer than three customers are
merged with a nearby cluster until each cluster contains at least three customer locations. This
prevents the creation of very small clusters, which negates the point of using clusters. Figure 4.2
shows an example of the Case 1B data set and how the clustering result can look like.
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The initial solution for the LNS is constructed using a regret-k insertion heuristic. As discussed in
subsection 2.6.2, constructive heuristics iteratively build feasible routes and are commonly used
to initialise neighbourhood-based metaheuristics. Regret-based insertion introduces a limited
look-ahead by selecting the request with the largest difference between its best and second-best
insertion options, thereby anticipating future difficulties rather than focusing solely on immediate
cost. As shown by Ropke and Pisinger (2006), this approach performs well for tightly constrained
PDPs. In this study, the regret-2 variant (k = 2) is applied, as it provides a good balance between
computational efficiency and solution quality. Larger values of £ mainly increase computational
effort without significant improvements. Since the initial solution only serves as a feasible start-
ing point for the destroy-repair cycles, k¥ = 2 is considered sufficient. The solution representa-
tion consists of a sequence of visited locations for each vehicle, together with the corresponding
component executed at each location. Orders are inserted sequentially as groups of precedence-
related components, ensuring that the operational dependencies between activities remain satis-
fied throughout the insertion process.

This specific implementation follows a route-based regret insertion heuristic (Qu & Bard, 2012).
The order of insertion is determined using the clustering approach discussed in subsection 4.2.2.
Using a sweep algorithm, the clusters are processed sequentially around the depot centroid in a
counter-clockwise direction. For each cluster, the corresponding orders are evaluated using the
regret insertion heuristic while continuously comparing the available end of vehicle routes. Ini-
tially, only existing routes are considered. A new route, and therefore an additional vehicle, is
introduced only when no feasible insertion into the current routes can be found. Since the com-
ponents are added at the end of a route, the regret evaluation compares alternative vehicle routes
rather than multiple insertion positions within the same route. During insertion, the maximum
route duration is temporarily extended by a buffer of 30 minutes. This additional flexibility sup-
ports the construction of a feasible initial solution and is expected to be reduced later during the
improvement phase.

All candidate insertions are evaluated with respect to the feasibility constraints of the model, in-
cluding vehicle capacity limits, reuse feasibility, precedence order of components, and stacking
constraints where applicable. Only feasible insertions are taken into account when determining
the best and second-best alternatives. The complete heuristic is described in Algorithm 2 in Ap-
pendix D.

An additional step is introduced after all insertions are complete, namely the improvement rules.
These rules aim to smartly combine components from other orders to reduce the operational
time. The use of additional improvement procedures after the construction or insertion steps
is also in line with an earlier LNS based skip container routing model. Wy et al. (2013) combine



their LNS framework with several improvement algorithms, including service-type changing, inter-
route improvement, intra-route improvement, and tractor-changing procedures. This shows that
the search process can benefit from extra route improvement logic in addition to the main neigh-
bourhood search.

In this research, fourimprovement rules are applied after the regret-2 heuristic has been executed
in the initial solution, and they are also applied during the repair phase. However, rather than
focusing on service types or tractor assignments as in Wy et al. (2013), the rules are designed
to combine the same type of order components, eliminate unnecessary visits, and improve the
sequence of components within a route. For the first three rules, there is an overlapping approach
governing how components may be repositioned when an improvement is possible. These rules
focus on combining customers' visits in the same cluster, as well as visits to disposal facilities
and storage locations. When a combination opportunity arises, there are two possible ways in
which the route may be adjusted: either at an earlier location in the route (location A) or at a later
location (location B). If combining at location A results in the biggest improvement, the component
to be combined is moved earlier in the route, together with its predecessors, in order to preserve
precedence relationships. This scenario is illustrated in Figure 4.3, where a change order and a
pickup order are combined based on the use of the same disposal facility F.

Change order & Pickup order
C->F->C->order->order->C ->F ->S

|

C->C->F->F->C->order->order->S

Combining a change order and a pickup order at location A.

Alternatively, the largest time reduction can be achieved by combining the operations at location
B, asillustrated in Figure 4.4. In this case, the disposal facility visit F from Ais inserted directly after
the disposal facility visit F' at B. This allows the successor component of order A to be positioned
immediately afterwards.

Change order & Pickup order
C->F->C->order->order->C ->F ->S

]

C->order->order->C->F->F->C->8S

Combining a change order and a pickup order at location B.

It is also possible to combine more than two orders simultaneously. In such cases, three types
of blocks are constructed: a block containing the disposal facility visits F that are candidates for
combination, a block consisting of all predecessor components that must be moved to preserve
feasibility, and a block of successor components that must be repositioned accordingly. These
blocks are then jointly relocated within the route to evaluate potential improvements.

To limit the computational effort, the size of these combinations is restricted. For disposal facil-
ity combinations, the maximum number of components considered is bounded by the vehicle
capacity for full containers. For example, if a vehicle can carry four full containers, at most four
components are evaluated simultaneously for merging. A similar principle applies to storage lo-
cation S, but with an important distinction. Orders are typically restricted to one or two disposal
facilities, as will later be discussed in section 5.2, whereas they may be compatible with a much
larger number of storage locations. Allowing all possible combinations for S would therefore lead
to a combinatorial explosion. To prevent this, the model only considers storage locations that are



already visited within the route. For each such location, it identifies the orders that are allowed to
visit it and evaluates combinations of at most two or three components.

The reuse rule differs from the previous rules by focusing on matching container flows between
orders within a route. It identifies overlap in container types between components of type Deliv-
ery_P and Dropoff, which correspond to collecting empty containers from a storage location and
returning empty containers to a storage location, respectively (see Equation 4.1).

When the container quantities match exactly, both storage visits can be skipped entirely. In cases
where only partial reuse is possible, the remaining quantity is adjusted, and a storage visit is still
required to handle the surplus or deficit. Additionally, if the components are not in the correct
sequence (i.e. the Dropoff should precede the Delivery_P), the algorithm evaluates whether repo-
sitioning them leads to an improvement. If reuse is applied, both travel and service times are
reduced. The route is re-evaluated without the unnecessary storage visits, and the service time is
adjusted to reflect the reduced handling time.

The effectiveness of an LNS is strongly influenced by the selected destroy and repair operators.
Within an LNS framework, destroy operators partially remove a set of orders from the solution,
while repair operators reconstruct it by reinserting them. As discussed in Table 2.6.2, these opera-
tors define the neighbourhood structure and therefore determine the balance between intensifi-
cation, which explores promising solution regions, and diversification, which explores new regions.
Following the recommendations of Ropke and Pisinger (2006) and the systematic review of Voigt
(2025), a limited but well-balanced set of complementary operators is selected. For example, the
ruin-and-recreate strategy applied in the RR VRP by Wy et al. (2013) removes a random subset of
customers and reinserts them using a best-insertion procedure. This confirms that even relatively
simple destroy-repair combinations can be effective for complex skip container routing problems.

Destroy operators remove a subset of requests from the current solution to define a large neigh-
bourhood. The review paper by Voigt (2025) recommends starting with a standard set of operators
and expanding only if necessary. Based on these recommendations, these destroy operators are
selected:

+ Random removal (diversification): A random subset of requests is removed from the solu-
tion (Ropke & Pisinger, 2006).

+ Worst-cost removal (intensification): Requests that contribute the largest marginal cost to
their current route are removed first (Ropke & Pisinger, 2006)

The random removal operator is based on a destroy fraction that randomly removes a percentage
of the order. The destroy fraction is tuned during the parameter tuning phase (see section 5.3).
This introduces a trade-off: removing a larger fraction allows for greater exploration of different
solution combinations, but it also increases the number of orders that must be reinserted, thereby
increasing the duration of the repair phase.

The worst-cost removal is determined by evaluating the impact of removing an entire order from
a route. Specifically, the operator identifies the order whose removal yields the greatest reduction
in operational time. Since orders may consist of different numbers of components, the resulting
time reduction is normalised by dividing it by the number of components within the order. Based
on this normalised value, orders are ranked and the worst cost is determined accordingly. The
pseudocode of these operators can be found in Appendix D.

Repair operators reconstruct a feasible solution by reinserting the removed orders into the partial
solution. Classical route construction methods insert customers sequentially in a position that
minimises additional travel cost while maintaining feasibility (Braysy & Gendreau, 2005). These



greedy insertion strategies are computationally efficient and primarily promote intensification, as
they repeatedly exploit the best insertion positions locally.

In the context of LNS, more advanced insertion heuristics have been shown to improve overall
performance. The review paper by Voigt (2025) highlights that regret-based insertion heuristics
consistently outperform purely greedy strategies across many vehicle routing variants. Similar
to the destroy phase, the review paper recommends two complementary repair operators as a
standard basis:

+ Customer with highest position regret - at best position (intensification) (Qu & Bard, 2012)
* In random order - at best position (diversification) (Lei et al., 2011)

The first operator applies a regret-based selection criterion, similar to the initial solution construc-
tion, but based on position regret rather than route regret. To limit the number of evaluated
insertions, only insertion positions between orders are considered, thereby preventing insertion
between components belonging to the same order. Furthermore, a precomputed internal service
time is used to exclude routes that would exceed the maximum operational time when inserting
the order. Possible positions across all vehicles, with operational time left, are considered to-
gether. When the position is chosen, the route is reconstructed. Furthermore, a time buffer of
30 minutes is allowed on top of the maximum operational time, consistent with the initial solu-
tion construction. After all insertions have been completed, the improvement rules described in
subsection 4.2.4 are applied to further improve the solution.

The second operator shuffles the removed orders into a random sequence and inserts each or-
der at its best feasible position across the available vehicles. The same restrictions on insertion
positions and feasibility filtering based on internal service time are applied. While each insertion
is locally time minimising, the randomness introduces diversification, preventing the search from
repeatedly selecting similar insertion patterns and thereby improving exploration of the solution
space. The pseudocode of these operators can be found in Appendix D.

Instead of using an adaptive operator selection as in a full ALNS framework, a simpler approach
is applied in this study. At each iteration, both the destroy and repair operators are selected
with equal probability of 50%, resulting in a uniform random choice between the available opera-
tors. This choice is motivated by both methodological and practical considerations. In early-stage
metaheuristic design, simple algorithmic structures are often sufficient, and increasing algorith-
mic complexity does not necessarily lead to improved performance. In fact, it has been shown
that robust optimisation methods can be constructed using relatively simple mechanisms (Osaba
et al., 2021).

Furthermore, randomness in the operator selection process naturally contributes to diversifica-
tion, which is an important aspect of effective large neighbourhood search. Diversification can, for
example, be achieved through random removal strategies, while similar effects also arise when
operators are selected uniformly at random (Voigt, 2025). A dynamic weighting procedure was
also tested, but this did not lead to an improvement in solution quality. In addition, an extra de-
stroy operator based on the least presence of a cluster within a route was evaluated. However,
this mainly increased the computational time without improving the objective value. Therefore,
the fixed 50-50 chance is applied.

Finally, adaptive operator selection mechanisms are not guaranteed to improve performance and
may depend heavily on parameter tuning and operator configuration. It has been noted that
relying solely on adaptive selection can lead to poor performance if the initial operator set is not
well chosen (Voigt, 2025). In contrast, a uniform selection strategy avoids these issues and remains
effective when combined with well-designed operators.

Besides the destroy and repair operators, the acceptance criterion is another important compo-
nent of an LNS, as it determines whether newly generated solutions are accepted during the
search process. The simplest acceptance strategy is to only accept improving solutions, which



is also referred to as hill climbing (HC) (Shaw, 1997). However, this approach is likely to get stuck
in local optima, as it does not allow for any worsening moves. This is also observed by Santini
et al. (2018), who show that both HC and random walk (RW), where all new solutions are accepted,
consistently perform worse than more advanced acceptance criteria within an (A)LNS framework.

To allow the search to explore beyond local optima, a record-to-record travel (RRT) acceptance
criterion is applied. Originally introduced by Dueck (1993), RRT evaluates candidate solutions rela-
tive to the best solution found so far. At each iteration, the destroy and repair operators generate
a candidate solution z’ from the current solution z. The acceptance criterion then determines
whether 2’ replaces the current solution. In line with Santini et al. (2018), a relative acceptance
formulation is used. A candidate solution z’ is accepted if

<A, (4.34)

where 2’ denotes the best solution found so far and A; is the deviation threshold at iteration .
This formulation follows the relative deviation variant described by Santini et al. (2018), where
the deviation is normalised by ¢(z’). As a result, the acceptance decision does not depend on the
absolute scale of the objective function, which is beneficial when solving data sets with different
characteristics. In this study, a linear RRT variant is employed, where the deviation threshold
decreases linearly over time according to

A; = Ag <1 - ;{) , (4.35)

where Ay is the initial threshold and K is the maximum number of iterations. Consequently, A;
decreases from A, to 0, allowing larger deviations in early iterations to promote diversification,
while gradually enforcing stricter acceptance to intensify the search. Furthermore, improving so-
lutions are always accepted, i.e., if c(z’) < c(x?), the candidate solution replaces both the current
solution and the best solution found so far. Infeasible solutions are rejected. The pseudocode for
this process can be found in Appendix D.

Compared to simulated annealing (SA), which accepts worse solutions with a probability depend-
ing on a temperature parameter, RRT applies a deterministic threshold-based rule. Santini et al.
(2018) show that RRT performs competitively across multiple problems and is never statistically
dominated by alternative acceptance criteria. However, for CVPRs, RRT outperforms SA. There-
fore, RRT is chosen over SA, despite being a commonly used method.

Lastly, the stopping criterion determines when the search process is stopped. In LNS, itis common
to combine multiple stopping conditions to balance solution quality and computational effort. In
this research, three criteria are applied: an iteration limit, a time limit, and a rejection limit based
on stagnation. The iteration limit controls the total search effort, the time limit ensures practical
runtimes, and the rejection-based criterion stops the search when no improvement is observed
during a sequence of iterations. The criteria are defined as follows:

+ Maximum number of iterations: The algorithm is stopped after a predefined number of
destroy-repair cycles. This is one of the most commonly applied stopping rules in LNS liter-
ature (Ropke & Pisinger, 2006; Shaw, 1997).

+ Maximum computational time: The search is stopped once a predefined time limit is
reached. This criterion is widely used in large-scale vehicle routing problems (Pisinger &
Ropke, 2019).

+ Maximum number of sequential rejections: Candidate solutions are evaluated using the
acceptance criterion described in subsection 4.2.6. Each rejected candidate solution, includ-
ing infeasible solutions, increases a rejection counter. Whenever a candidate solution is



accepted, the counter is reset to zero. The search stops once a predefined number of con-
secutive rejections has been reached (Wy et al., 2013).

To evaluate and compare the proposed routing models, a set of KPIs is defined. In VRP research,
model performance is typically reviewed using a combination of operational objectives, utilisation
measures, and algorithmic indicators. Braekers et al. (2016) shows that a wide range of objective
functions are used in the literature, with routing cost measures based on travel time or distance,
vehicles related measures, and problem-specific indicators being the most common categories.
This indicates that a single KPI is not sufficient and that multiple indicators are required to evaluate
routing models in a comprehensive manner (Braekers et al., 2016).

Therefore, the KPIs selected for this research are grouped into three performance categories: op-
erational efficiency, utilisation of vehicles and containers, and algorithmic performance. As this
research introduces container stacking and direct container reuse, additional problem-specific
KPIs are included to check whether these modelling extensions result in practical improvements.
An overview of the selected KPIs is presented in Table 4.2. Each KPI is discussed in detail below.

Overview KPls.

KPI Unit Type

Total operational time minutes Objective
Number of vehicles used count Operational
Container reuse rate % Operational
Average vehicle load per arc count Operational
Average stacking utilisation % Operational
Travel time per container minutes Operational
Orders per hour count Operational
Number of iterations count Algorithmic
Computational time seconds/minutes  Algorithmic

The total operational time is defined as the sum of driving time and handling time at the different
locations for the different vehicles. Because the duration a vehicle is in operation directly and
significantly impacts operational costs, this indicator is used as a primary performance measure.

The number of vehicles required to serve all ordersis included as a KPI to evaluate fleet utilisation.
This indicator is directly related to fixed operational costs and provides insight into the efficiency
with which the available fleet is used. Furthermore, this has also been applied in RR VRP as well
as drayage studies (Bodin et al., 2000; Zhang et al., 2020).

The container reuse rate measures the percentage of orders in which an empty container is
directly reused without being returned to a depot. This KPI captures how frequently (partial) reuse
is applied. Reducing unnecessary empty container movements is an identified gap in existing
routing models and is therefore an important KPI.

The average vehicle load per arc represents the number of containers carried by a vehicle while
driving between locations. Anincrease in this value indicates that vehicles transport more contain-
ers during their routes, which can suggest a more effective use of available capacity and potentially
more efficient routing decisions enabled by stacking.

The average stacking utilisation measures the extent to which the available stacking capacity
is used relative to its maximum capacity. When evaluated alongside the average vehicle load per
arc, this KPI helps determine whether higher vehicle loads are achieved through improved use of
stacking capacity or simply through structural changes in the routes.

The travel time per container measures the total operational time divided by the total number
of containers. The purpose of this KPl is to evaluate routing efficiency from a container-level per-



spective, independent of vehicle-level performance. In the context of reuse, it indicates whether
containers are, on average, moved with less travel when depot returns are avoided. When in-
terpreted together with the container reuse rate, this KPI supports the assessment of whether
increased reuse leads to efficient container movements rather than additional transport.

The orders per hour KPI is considered an important performance indicator by AMCS. Defining
the exact start and end time of individual orders is not straightforward. Therefore, this metric
is based on the total operational time relative to the number of orders. The number of orders
refers to the original set of customer requests prior to any preprocessing steps, such as merging
orders or splitting swap orders (see section 5.1). This KPI provides a clear and comparable mea-
sure of routing efficiency across different data sets. Ultimately, the primary objective is to serve
customers, and this indicator offers direct insight into how efficiently that objective is achieved.

Finally, the last two KPIs are algorithmically focused: computational time, which measures the
runtime required to obtain a solution, and number of iterations, which indicates the number of
iterations needed for the runs. These are standard KPIs widely applied across a broad range of
metaheuristics. Computational time also helps compare the practical applicability of the bench-
mark model with the LNS algorithm.

To ensure the correctness and reliability of the proposed models, both the verification and valida-
tion procedures will be performed.

Verification focuses on confirming that both the mathematical formulation and the LNS imple-
mentation are correctly translated into code. First, all generated solutions are systematically
checked for feasibility with respect to capacity limits, stacking constraints, nesting compatibility,
precedence relations, and reuse possibilities. In addition, the LNS solutions on small data sets
are compared with the corresponding MILP benchmark solutions. This comparison is used both
to verify the consistency of the implementation and to evaluate the solution quality of the LNS
algorithm.

Validation evaluates whether the behaviour of the model and algorithm is consistent with ex-
pected operational patterns. Rather than relying on a single test, validation is performed through-
out Chapter 6. The computational results are analysed to verify whether changes in input charac-
teristics, such as demand levels, stacking flexibility, and reuse options, lead to logical and explain-
able effects on operational performance.

Overall, this chapter presented the methodology for modelling and solving the skip container
routing problem. First, the benchmark MILP formulation was introduced to provide a structured
mathematical representation of the problem and to serve as a reference for evaluating the meta-
heuristic approach. Afterwards, the design of the LNS algorithm was discussed, including the
construction of the initial solution, the operators, the acceptance criterion, and the stopping con-
ditions. Together, these components form the basis for the computational experiments and result
analysis presented in the following chapters.



This chapter outlines the preceding steps required before running and evaluating the results. The
process begins with data preprocessing, as described in section 5.1. Next, the experimental design
and testing setup are discussed in section 5.2. Finally, the parameter tuning process and the
resulting choices are presented in section 5.3. Once these steps are completed, the setup is ready
for running the experiments, which will be covered in the next chapter.

Before using the data, several preprocessing steps were applied. First, order requests from the
same customer and having the same order type were combined. In addition, the data sets contain
multiple candidate locations for vehicle depots, storage locations, and disposal facilities. There-
fore, three representative locations were manually selected for the analysis. A maximum of two
vehicles was included in the model to limit the solution space. Since the selected locations are
geographically close, most test cases can be serviced by a single vehicle, with a second vehicle
available for larger data sets. For the dummy variables, the maximum number of dummies was
determined based on the order types included. For example, a swap order can use a storage
location at most twice: once to pick up a container at the start of the order and once to return
a container at the end. Consequently, when a swap order is included in the model, two dummy
storage location nodes are added. Lastly, the allowed optimality gap was set at 5% to reduce the
computational time.

For the LNS algorithm, several adjustments similar to the benchmark model, such as order merg-
ing, are applied. Due to the larger number of orders, merging is constrained by vehicle capacity,
which is dynamically determined by the selected configuration (stacking spots and stacking height),
to ensure feasibility. Additionally, swap orders are split into two separate orders to increase flex-
ibility. Unlike the optimisation model, these two sets of components are not required to be exe-
cuted by the same vehicle. Each swap order is divided into a swap_delivery (first two components)
and a swap_pickup (the remaining three components). This allows independent assignment, im-
proving routing flexibility and potentially solution quality. However, collected containers must still
be handled in a single visit, no further splitting is allowed.

Finally, manual adjustments were made to the data sets. For example, in the Case 8 data set,
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some orders were originally assigned to disposal facilities in Belgium or Germany. To keep trans-
portation within one country, they were reassigned to the nearest disposal facility.

This section describes the experimental setup used to in the proposed algorithm. In addition to
the parameters that will be tuned during the computational experiments, several fixed modelling
and algorithmic parameters are defined. These settings are selected to reflect realistic opera-
tional conditions while maintaining computational tractability. First, the vehicle configuration is
discussed. As highlighted in the limitations of the benchmark model (see subsection 6.1.3), the
transportation of full containers forms an important operational bottleneck within the benchmark
formulation. To research the extent of this effect within the LNS algorithm, different vehicle con-
figurations will be applied. Since the top row represents the capacity for full containers, changing
this dimension directly affects the number of full containers that can be transported. The vehicle
configuration is defined as the number of stacking spots multiplied by the stacking height. The
data sets originally use a configuration of 3 x 7 is applied, therefore, this configuration is also used
as a baseline. To provide a contrast, the inverse configuration, 7 x 3, is considered. In addition, a
third configuration of 5 x 4 is introduced to represent a middle ground. Although this results in
a total capacity of one container less, it is not expected to have a significant impact on the final
results. A visual representation of these vehicle configurations is provided below.

3x7 7% 3 5% 4

Furthermore, some temporal values are fixed. The total operational time of a day is 540 minutes
(9 hours). Moreover, the (un)load time of an empty container is 3 minutes and the (un)load time
of a full container is set to 10 minutes.

To further evaluate the LNS algorithm, a larger set of data sets is used. Table 5.1 presents the
occurrence of the different order types within these data sets, while Table 5.2 summarises the
number of vehicles, depots, disposal facilities, and storage locations, as well as the average num-
ber of allowed facilities per order component. Both tables describe the raw input data, this is
before the merging of orders and the splitting of swap orders into separate delivery and pickup
orders. In Appendix C, maps of all data sets are provided to give a visual representation of the
geographical distribution of the locations.

In addition, two manually created test data sets are included in which only one container type
is available. These cases are used to further assess the impact of container reuse. These data
sets are selected because they contain relatively few change orders, as reuse cannot be applied
in such cases. Moreover, they differ in the average number of orders, allowing the experiments
to capture different operational scenarios.



Overview of data set characteristics.

Data set Total Pickup Delivery Swap Change Tot‘al % S".‘a" % La.rge Container
orders containers containers containers types
Case 1A 30 1 1 17 11 42 81% 19% 8
Case 1B 40 10 10 19 1 48 98% 2% 11
Case 2A 78 11 4 22 41 82 73% 27% 21
Case 2B 70 13 15 35 7 70 96% 4% 16
Case 3 64 9 9 38 8 76 99% 1% 20
Case 4 57 13 9 29 6 58 100% 0% 14
Case 5 38 3 3 17 15 43 84% 16% 15
Case 6 91 7 7 37 40 109 95% 5% 30
Case 7 28 0 1 1 26 31 100% 0% 8
Case 8 29 0 0 4 25 31 87% 13% 11
Test case Case 3 64 9 9 38 8 76 100% 0% 1
Test case Case 4 57 13 9 29 6 58 100% 0% 1
Overview of vehicle and location characteristics per data set.
Vehicles Vehicles Disposal Avgallowed Storage Avg allowed
Data set . L > .
available depots facilities disposal locations storage
Case 1A 11 3 9 1.0 2 2.0
Case 1B 9 2 5 1.0 2 2.0
Case 2A 14 3 16 1.0 10 6.5
Case 2B 11 3 11 1.0 10 9.1
Case 3 13 2 8 1.0 16 11.6
Case 4 9 2 8 1.0 10 8.9
Case 5 12 2 12 1.0 10 8.3
Case 6 24 7 13 1.0 10 6.3
Case 7 6 1 10 1.0 11 11.0
Case 8 6 4 11 1.0 12 8.6
Test case Case 3 13 2 8 1.0 16 11.6
Test case Case 4 9 2 8 1.0 10 8.9

The benchmark model was run locally on a laptop equipped with an AMD Ryzen 5 3500U with
Radeon Vega Mobile Graphics processor (4 physical cores, 8 logical processors), using up to 8
threads. The benchmark model used Gurobi Optimizer 13.0.0 and Python 3.13.0.

The LNS runs were executed on a SLURM-managed compute server, allowing all experiments to be
completed in a single batch without requiring the laptop to remain active throughout the process.
The server is equipped with two Intel Xeon Gold 5218 processors running at 2.30 GHz. For each
experiment, 4 CPU cores and 8 GB of RAM were allocated. The LNS algorithm used Python 3.10.4.

The first parameter considered in parameter tuning is Delta0O, which represents the initial value in
RRT, i.e., how much worse a candidate solution is still accepted as the current solution (see subsec-
tion 4.2.6). In addition, the maximum number of iterations and maximum number of rejections
are explored. Lastly, the destroy fraction is also varied. Randomness also influences the model;
rather than fixing this, it is treated as a tunable parameter.

Each parameter is discussed separately below. No complete factorial exploration is conducted,
which means that not all possible combinations are tested. Instead, the parameter tuning begins
with DeltaO while keeping the other parameters at their average values. This setup significantly
reduces the number of runs and limits computational time.

Three data sets are selected for parameter tuning: Case 1B, Case 3, and Case 7. These are chosen



to reflect a range of characteristics. Case 1B has an average number of orders and relatively
few change orders. In contrast, Case 7 is a smaller data set with many change orders. Case
3, the second-largest data set, is included due to its high number of swap orders. The vehicle
configuration used is 5 x 4, because it is the average considering all the configurations that are
used to generate the results. The time for (un)loading an empty container is 3 minutes, and for a
full container it is 10 minutes. The maximum runtime is set to 900 seconds (15 minutes).

The settings for the runs are as follows:

+ Delta0 = 0.10, 0.15, 0.20
+ Max iterations = 1000

* Max rejections = 100

+ Destroy fraction = 0.3

The resultsin Table 5.3 summarise the average performance across the delta0 tested values, while
Figure F.6 in Appendix F visualises the individual runs as a Pareto front. Overall, the average sec-
onds per iteration remain consistent across all three delta0 settings, indicating that no configura-
tion is significantly faster or slower. Similarly, the average total time shows only a minor variation
between the values.

In some cases, delta0 = 0.1 results in the lowest total time, whereas for the Case 3 data set, the
best value is obtained with delta0 = 0.2. Since no single delta0 value consistently outperforms the
others in all metrics, both the average total time and the average number of iterations are considered
when selecting the most suitable value. For Case 1B, delta0 =0.1 and deltaO = 0.2 resultin the same
total time, but delta0 = 0.1 achieves this in 150 fewer iterations. A similar pattern can be observed
for Case 7, where delta0 = 0.2 and delta0 = 0.15 perform similarly but slightly worse than delta0
= 0.1, while also requiring around 60 additional iterations. The Case 3 data set shows a slightly
different trend, with delta0 = 0.2 giving the best overall result. However, delta0 = 0.1 requires only
around 0.5% more time while converging in more than 100 less iterations. Therefore, delta0 =
0.1 is selected, as it consistently achieves the best, or near-best, performance while requiring the
fewest iterations, thus reducing runtime.

Performance results for different data sets and delta0 values

avg std avg avg runtime avg seconds
delta0 data set total time total time iterations (min) per iteration
0.1 Case 1B 2286 57.3 599 1.35 0.135
0.15 Case 1B 2295 26.4 690 1.53 0.133
0.2 Case 1B 2286 56.0 756 1.69 0.134
2289 46.6 682 1.52 0.134
0.1 Case 3 4550 53.8 686 5.53 0.484
0.15 Case 3 4533 63.7 810 6.67 0.494
0.2 Case 3 4524 54.1 802 6.70 0.501
4536 57.2 766 6.30 0.493
0.1 Case 7 1291 7.3 917 0.33 0.022
0.15 Case 7 1292 8.3 980 0.35 0.021
0.2 Case 7 1298 5.5 972 0.34 0.021

1294 7.0 956 0.34 0.021




The settings for the runs are as follows:

* Max rejections = 100, 150, 200
+ Delta0 = 0.1 (fixed)

* Max iterations = 1000

+ Destroy fraction = 0.3

The average seconds per iteration are again almost identical, thus not a decisive factor. When con-
sidering the standard deviation total time, a different parameter value performs best for each data
set. The same applies to the average total time, despite the fact that different values perform the
best, the differences are also minimal.

However, when examining the average number of iterations, a considerable variation between runs
can still be observed, similar to the earlier experiment on Delta0. Only in the case of Case 1B was
this variation reduced. Overall, the average total time values differ only marginally between the
tested settings. For Case 7, the difference is even limited to approximately two minutes. For both
Case 3 and Case 7, the setting of 100 iterations performs best. Although this is not the case for
Case 1B, the value of 100 still outperforms the other settings in terms of the average number of
iterations.

Across all data sets, increasing the maximum number of rejections does not consistently improve
solution quality, while it does increase computational effort. Therefore, a value of 100 is selected
as a balanced trade-off between solution quality and runtime.

Performance results for different data sets and max rejection values

max data set avg std avg avg runtime avg seconds

rejections total time total time iterations (min) per iteration
100 Case 1B 2280 53.3 665 1.51 0.136
150 Case 1B 2266 59.1 739 1.64 0.133
200 Case 1B 2264 55.5 729 1.63 0.134
2270 56.0 711 1.59 0.134
100 Case 3 4527 86.0 750 6.25 0.500
150 Case 3 4547 63.9 724 5.94 0.493
200 Case 3 4557 85.1 873 7.01 0.481
4544 78.3 782 6.40 0.492
100 Case 7 1293 10.9 898 0.32 0.021
150 Case 7 1293 14.1 958 0.34 0.021
200 Case 7 1295 8.3 982 0.35 0.021
1294 111 946 0.34 0.021

The settings for the runs are as follows:
+ Max iterations = 750, 1000, 1250
» Delta0 = 0.1 (fixed)
+ Max rejections = 100 (fixed)
+ Destroy fraction = 0.3

It is immediately noticeable that the average number of iterations remains well below the specified
maximum in all scenarios. Among the tested data sets, Case 7 consistently comes closest to the
maximum allowed number of iterations, whereas Case 1B and Case 3 finish substantially earlier.



Increasing the maximum number of iterations from 1000 to 1250 results in only marginal improve-
ments in the quality of the solution. For Case 1B, the difference in average total time is approxi-
mately one minute, while for Case 7 the improvement is around four minutes. Nevertheless, this
is the first parameter setting in which one value consistently outperforms the others across all
data sets in terms of average total time. Although these improvements are limited, the setting of
1250 iterations still achieves the best overall performance.

Therefore, the maximum number of iterations is set to 1250. The higher limit provides additional
flexibility and prevents the search process from stopping prematurely in cases where further im-
provements may still be possible beyond 1000 iterations. Although the algorithm is not expected
to consistently reach 1250 iterations, but the higher limit allows the model to continue improving
when it is beneficial.

Performance results for different data sets and max iteration values

max data set avg std avg avg runtime avg seconds

iterations total time total time iterations (min) per iteration
750 Case 1B 2288 46.9 424 0.93 0.1323
1000 Case 1B 2262 53.8 658 1.48 0.1350
1250 Case 1B 2261 37.3 691 1.56 0.1355
2270 46.0 591 1.32 0.1343
750 Case 3 4553 46.3 532 4.36 0.4917
1000 Case 3 4574 73.9 709 5.82 0.4925
1250 Case 3 4535 50.5 718 5.70 0.4768
4554 56.9 653 5.29 0.4870
750 Case 7 1296 9.7 713 0.25 0.0211
1000 Case 7 1294 5.9 885 0.31 0.0209
1250 Case 7 1290 7.9 1135 0.41 0.0214
1293 7.83 9211 0.32 0.0211

The settings for the runs are as follows:

+ Destroy fraction = 0.2, 0.3, 0.4, 0.5
+ Delta0 = 0.1 (fixed)

+ Max rejections = 100 (fixed)

« Max iterations = 1250 (fixed)

The last parameter that is tuned is the destroy fraction. The value of 0.5 was also considered
because this setting was applied during the verification and validation of the LNS algorithm, see
subsection 6.2.1. When examining the average total time, a different destroy fraction performs
best for each data set. However, similar to the previous experiments, the differences between
the tested settings remain relatively small. The same pattern can be observed for the average
number of iterations, where each data set again shows a different setting with the lowest iteration
count.

The average seconds per iteration remain nearly identical for all destroy fraction values, indicating
that the computational effort per iteration is largely unaffected by the selected setting. Further-
more, when considering the standard deviation of the total time, the value of 0.5 never performs
best. Since larger destroy fractions remove a larger part of the current solution, this may unnec-
essarily disrupt good solution structures, especially for the larger and more complex data sets.

Overall, the destroy fraction of 0.3 provides the most balanced performance across all data sets.
For Case 1B, it achieves the lowest runtime, while for Case 7 the runtime is nearly identical to the



best-performing setting. Although Case 3 performs slightly better with larger destroy fractions,
the improvements remain limited. Therefore, a destroy fraction of 0.3 is selected as a balanced
middle ground.

Performance results for different data sets and destroy fraction values

destroy data set avg std avg avg runtime avg seconds

fraction total time total time iterations (min) per iteration

0.2 Case 1B 2272 57.8 716 1.62 0.136

0.3 Case 1B 2280 31.8 579 1.29 0.133

0.4 Case 1B 2282 52.3 814 1.83 0.134

0.5 Case 1B 2261 51.7 622 1.41 0.135
2274 48.4 683 1.54 0.135

0.2 Case 3 4507 93.1 732 6.03 0.494

0.3 Case 3 4484 91.8 856 6.99 0.490

0.4 Case 3 4489 66.0 794 6.56 0.495

0.5 Case 3 4494 148.1 692 5.72 0.496
4494 99.8 769 6.33 0.494

0.2 Case 7 1294 7.9 1178 0.43 0.021

0.3 Case 7 1295 8.8 1144 0.41 0.021

0.4 Case 7 1291 8.1 1106 0.40 0.021

0.5 Case 7 1293 8.2 1113 0.40 0.021
1293 8.3 1135 0.41 0.022

This chapter presented the experimental setup used for the LNS algorithm, including the prepro-
cessing steps, data set preparation, vehicle configurations, and hardware setup. Different vehicle
layouts were introduced to analyse the impact of stacking flexibility, while additional test cases are
created to further evaluate container reuse under simplified conditions. Furthermore, the param-
eter tuning process explored the influence of DeltaO, maximum rejections, maximum iterations,
and destroy fraction across multiple representative data sets. Overall, the tuning results showed
only relatively small differences between the tested parameter values in terms of solution quality
and runtime. This indicates that the LNS algorithm performs robustly across a range of parame-
ter settings, as no single parameter change caused large performance fluctuations. Consequently,
the final parameter choices were mainly based on achieving a balanced trade-off between com-
putational effort and solution quality rather than on substantial differences in objective values.



This chapter presents the analysis of the results of the benchmark model and the LNS algorithm.
First, the benchmark is discussed in section 6.1. The results of a few runs are shown, and one run
is discussed in more detail. The LNS algorithm results are discussed in section 6.2. The chapter
finishes with the sensitivity analysis in section 6.3.

The test case consists of customers located in and around the city of Groningen. In total, five
test cases are considered, starting with three customers and gradually increasing to seven in the
final case. The customers were selected based on their geographical proximity, ensuring that
they can be served by a single vehicle within one day. All locations in the data set are shown in
Figure C.2 in Appendix C. Additionally, the customers were also selected based on their orders,
ensuring that each order type is represented at least once. An overview of the order types and
their corresponding container demand is provided in Table 6.1. Avisualisation of the geographical
distribution is presented in Figure 6.1. Although the figure may appear to show six customers,
locations 6 and 24 are positioned almost at the same location.

The model applies a fixed handling time of 5 minutes and uses a 3 x 3 vehicle configuration with
a maximum capacity of three full containers. Compared to the experimental setup of the LNS
model in section 5.2, a smaller vehicle configuration is used because the benchmark scenarios
contain a relatively limited container demand. This smaller configuration also helps to better
identify potential limitations and operational bottlenecks within the benchmark model setup.

Overview of benchmark test cases and incremental customer additions.

Number of Customers Number of Orders

3 customers 13 (Change,1), 24 (Pickup,1), 24 (Delivery,1), 25 (Swap,1)
4 customers Previous + 15 (Swap,2)

5 customers Previous + 21 (Delivery,1)

6 customers Previous + 26 (Swap,2)

7 customers Previous + 6 (Swap,1)
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Selected locations benchmark in Groningen.
Colour coding: black - depot vehicles, green - storage locations, blue - disposal facility, red - customers.

After running the five test cases, the corresponding KPI values are presented in Table 6.2. For the
test cases with three to six customers, the results are averaged over three runs, while the case
with seven customers is based on a single run due to longer computation times. In the benchmark
model, the objective is to minimise driving time, as service time is assumed to be fixed. However,
to later also compare with the LNS algorithm, the service time is added to the driving time to result
in the total operational time. The container reuse rate is not considered here, as it falls outside
the scope of the benchmark analysis, as discussed in subsection 3.1.1.

Operational and computational performance for increasing numbers of customers.

KPI Units 3cust. 4cust. 5cust. 6cust. 7cust.
Total operational time min 126.6 2004 2279 3021 332.6
Vehicles used # 1 1 1 1 1
Container reuse rate % 0 0 0 0 0
Avg. vehicle load per arc # 2.0 4.0 4.2 5.9 7.2
Avg. stacking utilisation % 0.19 0.4 0.42 0.61 0.74
Avg. travel time per container min 31.7 334 32.6 33.6 333
Orders per hour completed min 1.9 1.5 1.6 1.4 1.4
Computational time min 0.01 0.13 0.11 7.3  230.6
Optimality gap % 0 4.4 4.9 5.0 5.0

From the results, it can be observed that the total operational time increases most significantly
when a swap order with a demand of two is added. This is expected, as this order type consists of
the largest number of components and therefore contributes the most to the total service time.
Since orders are geographically close, adding an order with a higher demand still has a noticeable
impact due to the increased service time associated with handling multiple containers.



Moreover, the average vehicle load per arc increases with the number of customers, together with
the stacking utilisation. This indicates that the model continues to combine orders more efficiently
as the model size grows. However, the number of orders completed per hour decreases slightly,
which is also expected, as longer routes and additional driving time are required to serve more
customers. The average travel time per container remains roughly constant. This suggests that
the additional travel time scales proportionally with the number of containers handled. In other
words, although routes become longer, the model is able to maintain a similar level of transport
efficiency by combining more containers within the same trips, preventing a significant increase
in travel time per individual container.

Lastly, the most significant increase can be observed in the computational time of the model. This
is because each additional customer not only adds one extra decision, but also increases the num-
ber of possible routing, assignment, and sequencing combinations that the solver must evaluate.
As a result, the solution space grows exponentially with instance size, making it increasingly dif-
ficult for the solver to prove optimality or find equally strong solutions in the same amount of
time. In addition, the presence of multiple order components, capacity restrictions, and dummy
nodes further increases the combinatorial complexity of the problem. Therefore, while the op-
erational KPIs increase gradually, the computational effort required to solve the model increases
disproportionately. This also supports the reasoning for building a metaheuristic algorithm.

To provide a more detailed overview of the results, the scenario with six customers is further
reviewed. The vehicle’s time schedule is presented in Table 6.3, and the corresponding route is
shown in Figure 6.2a along with the progress graph of Gurobi in Figure 6.2b. The total operational
time can be split up as follows:

*+ Total operational time: 302.13 minutes
* Total service time: 210 minutes
* Total driving time: 92.13 minutes

In this scenario, the vehicle visits the storage location only at the beginning and the end of the trip,
indicating that the pickup and dropoff of empty containers are combined efficiently. In contrast,
the disposal facility is visited three times. Examining the vehicle load before each visit to the
disposal facility shows that during the first two visits, the vehicle carries three full containers, the
maximum capacity, and during the final visit, it carries the remaining two full containers. This
suggests that the capacity of full containers may contribute to additional driving time, which is
further examined in subsection 6.1.3.

Schedule vehicle route in the benchmark with six customers (time is in minutes).
D = depot, S = storage location, F = disposal facility

Arc Dep. time Drivingtime Arr. time Service time Load change Vehicle load
D->S 0 0.45 0.45 35 7 empty 1 7 empty
S->21 3545 12.63 48.08 5 1 empty | 6 empty
21->15 53.08 15.72 68.08 20 2empty |, 2 fullt 4 empty, 2 full
15->13 88.8 10.32 99.12 5 1 full 1 4 empty, 3 full
13->F  104.12 7.4 111.52 30 3full},3empty| 7empty
F->26  141.52 7.2 148.72 20 2empty |, 2 fullt 5empty, 2 full
26 ->24 168.72 11.2 179.92 10 1empty ], 1 fullt 4 empty, 3 full
24 ->13 189.92 2.9 192.82 5 1 empty | 3 empty, 3 full
13->F 197.82 7.4 205.22 20 2full |, 2emptyt 5empty, 1 full
F->25 22522 3.52 228.74 10 1Tempty | 1fullt 4 empty, 2 full
25->F  238.74 4.52 243.26 20 2full |, 2empty t 6 empty
F->S 263.26 8.43 271.69 30 6 empty | -

S->D 301.69 0.45 302.14 0 6 empty | -
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Vehicle route of the benchmark with six customers. Process during optimisation.

Benchmark results for six customers.

The main limitation of the model is the computational time. The solution time grows rapidly when
a seventh customer is added. This increase is primarily caused by the structural complexity of the
formulation, as the number of routing, sequencing, reuse, and stacking decisions grows substan-
tially with the problem size. As a result, the benchmark MILP model becomes increasingly difficult
to solve for larger cases, leading to a exponential increase in computational time.

There is still potential to further improve the coding structure to increase computational efficiency.
However, due to time limitations, the primary focus was on ensuring that the model works cor-
rectly. Furthermore, since the model relies on a full exploration of the solution space, it is inher-
ently computationally intensive, especially as the problem size increases.

Another limitation is that orders cannot be split. The model is formulated such that the full de-
mand of an order must be collected or delivered in a single service activity. Consequently, pickup,
change, or swap orders cannot exceed three containers, and delivery orders cannot exceed nine
containers. This restriction follows from the requirement that all containers must be handled si-
multaneously, while the vehicle can carry a maximum of three full containers at a time. Therefore,
if all full containers must be collected in one visit, the pickup quantity is limited to three. An ex-
tension of the model allowing for split pickups and deliveries would increase flexibility and enable
larger demand quantities to be served. This is also in line with the limitation mentioned in Ta-
ble 6.1.2, where it was shown in the route planning that the number of full containers creates a
bottleneck in the number of orders that can be combined within a route.

The previous section discussed the operational and computational performance of the benchmark
model. The following sections focus on the performance of the LNS algorithm and further eval-
uate the quality and reliability of the metaheuristic approach through verification and validation
analyses, followed by a broader analysis of the generated results.

To verify and validate the results of the LNS algorithm, its results are compared with those of
the benchmark model. The vehicle configurations differ slightly between the two models. In the
benchmark model, no distinction is made regarding the placement of full containers, whereas in
the LNS algorithm, full containers are restricted to the top row. Therefore, to provide the same
capacity for empty containers, the benchmark uses a 3 x 3 configuration, while the LNS algorithm
uses a 3 x 4 configuration. This ensures that both models can potentially carry 9 empty containers.

The following parameter settings are applied for the following runs. These differ slightly from the
tuned settings in section 5.3, as the verification is performed on a smaller data set where a higher



destroy fraction of 50% is more suitable. This prevents the same order(s) from being removed
repeatedly due to the limited number of orders in the data set.

* max iterations = 1000
* max rejections = 100

+ delta0=0.15

* max time =600s

+ destroy fraction = 50%

During the initial verification phase, reuse opportunities were absent due to inconsistencies in the
exported swap order data, in which multiple container types were incorrectly assigned to a single
swap order. After correcting the preprocessing procedure, the experiments were repeated using
one container type for swap orders. Both results are retained because they provide insight into
the performance of the LNS algorithm with and without reuse opportunities. The KPI results for
the corrected data set are presented in Table 6.4. These represent the best results from five runs.
Furthermore, the averages compared to the benchmark model can be found in Appendix E. This
is followed by Table 6.5 comparing both cases with the benchmark. The gap between the two
models is calculated by Equation 6.1.

NS — MILP

B MILP (6.1)

Gap x 100%

Operational and computational performance for increasing numbers of customers with reuse. The LNS is the
best run out 5 runs. BM = Benchmark.

KPI Units 3cust. 3cust. 4cust. 4cust. 5cust. 5cust. 6cust. 6cust. 7cust. 7cust.
BM LNS BM LNS BM LNS BM LNS BM LNS
Total operational time min 126.6 126.6 200.4 194.2 227.9 226.6 302.1 282.4 332.6 316.8
Vehicles used # 1 1 1 1 1 1 1 1 1 1
Container reuse rate % 0 0 0 111 0 10.0 0 16.0 0 16.7
Avg. vehicle load per arc # 2 1.8 4 23 4.2 33 5.9 34 7.2 23
Avg. stacking utilisation % 0.2 0.1 0.4 0.2 0.4 0.3 0.6 0.3 0.7 0.2
Avg. travel time per container min 31.7 31.7 33.4 32.4 32.6 324 33.6 31.4 333 31.7
Order per hour completed # 1.9 1.9 1.5 1.5 1.6 1.6 1.4 1.5 1.4 1.5
Computational time min 0.0 0.2 0.1 0.3 0.1 0.4 7.3 0.6  230.6 1.0
Optimality gap % 0.0 - 4.4 4.9 5.0 5.0 -
Comparison of Benchmark and LNS results regarding the total operational time.
Number of customers Benchmark BestLNS Gap Avg. LNS Gap

o 3 126.6 126.6 +0.0% 126.6 +0.0%

g 4 200.4 200.4 +0.0% 200.5 +0.0%

o 5 227.9 2324 +2.0% 234.6 +2.9%

g 6 302.1 311.9 +3.3% 315.3 +4.4%

7 332.6 351.8 +5.8% 351.8 +5.8%

Average +2.2% +2.6%

o 3 126.6 126.6 +0.0% 126.6 +0.0%

3 4 200.4 194.2 -3.1% 194.2 -3.1%

2 5 227.9 2266  -0.6%  229.2 +0.6%

= 6 302.1 280.6 -7.1% 282.2 - 6.6%

= 7 332.6 316.8 -4.8% 3194 -4.0%
Average -3.1% (absolute) 2.9%

When examining the verification results, it can be observed that the best result over the five runs
shows an average deviation of less than 3% compared to the benchmark MILP model. When the



average over all five runs is considered, the deviation increases slightly in the case without reuse
but remains below 3%. These results indicate that the LNS algorithm is capable of generating
solutions of comparable quality within substantially shorter computational times, particularly for
the larger scenarios where the benchmark model requires significantly more runtime.

When comparing the no reuse and reuse scenarios, an interesting pattern can be observed. In the
6 and 7 customer scenarios, approximately 16% container reuse is achieved. Due to the resulting
reduction in operational time, the LNS algorithm even outperforms the benchmark MILP model
in these cases. Furthermore, the average LNS gap is lower in the reuse scenarios, indicating that
reuse has a clear influence on operational efficiency. This is also reflected by the generally lower
or negative gap percentages compared to the no reuse scenarios, with the 3 customer scenario
being the only exception.

In Figure 6.3 and Figure 6.4, the routes for the 7 customer scenarios are presented. For the LNS
algorithm, more routes travel to and from the storage location, indicating that storage visits are
combined less effectively than in the benchmark MILP model. This is also reflected in the KPlIs,
where the LNS algorithm achieves lower average vehicle load and stacking utilisation values. This
behaviour may partly be explained by the storage combination improvement rules discussed in
subsection 4.2.4.

Vehicle Routes - 7 customers

Vehicle Routes 7 customers
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To further assess the computational limits of the benchmark MILP model, additional experiments
were conducted for scenarios containing 10, 11, and 12 customers. These experiments also pro-
vide insight into the scalability of the proposed LNS algorithm for larger problem scenarios. The
same parameter settings as in the previous experiments were applied, and the best result over
five LNS runs was considered. The scenarios were evaluated without reuse.

The results demonstrate an exponential increase in computational complexity for the benchmark
MILP model as the number of customers increases. For the 10 and 11 customer scenarios, the
benchmark model required 72.6 and 229.8 minutes, respectively, while still accepting optimality
gaps of 30%. For the 12 customer scenario, a gap of 35% was accepted. The benchmark model
reduced the optimality gap from 72.7% to 35% within a second, after which the run was finished.
This explains why the computational time for the 12 customers was lower than for the 11 cus-
tomers, despite the larger problem size. The computational limit of the benchmark MILP model
became evident for the 13 customer scenario, for which no feasible solution was found within
more than one hour of computational time.

In contrast, the LNS algorithm consistently produced feasible solutions for all tested scenarios
within approximately two minutes of computational time. Furthermore, the deviation from the
benchmark MILP solutions remained limited despite the substantially lower runtime. The best re-



sult across the five LNS runs showed an average deviation of 4.9% from the benchmark solutions,
while the average across all runs was 6.4%. In various studies comparing heuristic approaches
with MILP models, deviations of up to 10% are generally considered acceptable (Aksen et al., 2014,
Ozkir & Coban, 2025). These findings indicate that the LNS algorithm provides a substantially bet-
ter trade-off between computational time and solution quality for larger scenarios, particularly as
the benchmark MILP model approaches its computational limits. This demonstrates the practical
relevance of the LNS algorithm for larger problem data sets where exact optimisation becomes
computationally infeasible.

Comparison of benchmark (BM) and LNS results for larger customer instances without reuse.

Customers Benchmark Best LNS Ga Avg LNS Ga BM LNS BM Ga
total time total time P total time P Runtime Runtime P
10 526.2 566.7 +7.7% 568.5 +8.0% 72.6 2.0 30%
11 555.4 591.1 +6.4% 597.6 +7.6% 229.8 2.2 30%
12 640.7 645.4 +0.7% 663.3 +3.5% 109.8 2.0 35%
Average +4.9% +6.4%

In this section, the results of the LNS runs are discussed. The complete results for all data sets are
presented in Appendix E. First, the results are analysed per KPI. Afterwards, the focus shifts to the
reuse test cases, including a more detailed analysis. In addition, several examples are provided to
illustrate how the LNS algorithm iterates over time, along with specific cases from the generated
routes.

Average total operational time and vehicles used across configurations for the data sets.

Operational time (min) Vehicles used
Data set 3xT7 7% 3 5 x4 3xT 7% 3 5 x4
Case 1A 2594 2215 2240 6 5 5
Case 1B 2336 2310 2266 6 6 5
Case 2A 4071 3908 3915 9 9 9
Case 2B 3657 3556 3552 9 8 9
Case 3 4872 4541 4484 11 10 10
Case 4 3313 3241 3222 7 7 7
Case 5 2455 2399 2445 5 5 6
Case 6 6610 5944 6067 15 13 14
Case 7 1384 1263 1293 3 3 3
Case 8 1498 1380 1396 4 4 4
Case 3 test case 4811 4433 4450 11 10 10
Case 4 test case 3257 3222 3220 7 8 7

Table 6.7 presents the average total operational time for each data set for the three vehicle con-
figurations. A clear and consistent pattern is visible across all data sets: the 3 x 7 configuration
performs worst in every data set. Since the 3 x 7 and 7 x 3 configurations both provide a total ca-
pacity of 21 containers, this difference cannot be explained by total vehicle size alone, but rather
by how the capacity is distributed between positions for full and empty containers.

For some of the larger and more operationally complex data sets, the vehicle configuration also
affects the number of vehicles used. For example, in Case 3, the number of vehicles decreases
from 11 under the 3 x 7 configuration to 10 under both the 7 x 3 and 5 x 4 configurations, while
the operational time is reduced by more than 330 minutes. Case 6 shows the clearest effect, with
each configuration requiring a different number of vehicles: 15for3x7, 13 for 7x 3, and 14 for 5 x 4.



Case 6 also shows the largest reduction in operational time, decreasing from 6610 minutes under
3 x 7 to 5944 minutes under 7 x 3, corresponding to a reduction of approximately 650 minutes.

When comparing the 7 x 3 and 5 x 4 configurations, the differences are considerably smaller than
those observed relative to the 3 x 7 configuration. In several cases, the difference is below 30
minutes, while for Case 2B the difference is only 4 minutes. This suggests that once sufficient ca-
pacity for transporting full containers is available, the exact balance between positions for full and
empty containers becomes less decisive. Nevertheless, the 7x 3 configuration achieves the lowest
operational time in the majority of the data sets, indicating a slight but consistent advantage over
5 x 4.

Average load per arc, stacking utilisation, and travel time per container comparison across configurations.

Avg load per arc Avg stacking utilisation  Avg travel time per container
Data set 3xT 7x3 5 x4 3xT7 7x3 5x4 3xT 7x3 5 x4
Case 1A 2.5 3.9 3.2 0.12 0.19 0.16 61.8 52.7 53.3
Case 1B 3.0 3.6 3.4 0.14 0.17 0.17 48.7 48.1 47.2
Case 2A 2.4 3.2 2.8 0.11 0.15 0.14 49.7 47.7 47.7
Case 2B 2.2 2.7 2.8 0.10 0.13 0.14 52.2 50.8 50.7
Case 3 2.1 2.5 2.5 0.10 0.12 0.12 64.1 59.8 59.0
Case 4 24 2.7 2.6 0.11 0.13 0.13 57.1 55.9 55.6
Case 5 2.5 3.1 2.8 0.12 0.15 0.14 57.1 55.8 56.9
Case 6 2.4 2.9 2.7 0.11 0.14 0.13 60.6 54.5 55.7
Case 7 2.4 4.0 3.0 0.11 0.19 0.15 44.7 40.8 41.7
Case 8 3.0 3.6 3.4 0.14 0.17 0.17 48.3 44.5 45.0
Case 3 test case 2.1 2.6 2.4 0.10 0.12 0.12 63.3 58.3 58.6
Case 4 test case 2.3 2.6 2.6 0.11 0.12 0.13 56.2 55.6 55.5

To better understand the differences in total operational time, Table 6.8 presents three additional
KPIs related to vehicle utilisation: average load per arc, average stacking utilisation, and average
travel time per container. These indicators help explain whether the observed improvements orig-
inate from carrying more containers per arc, using the available vehicle space more effectively, or
reducing travel effort per transported container.

For the average load per arc, higher values indicate that more containers are transported during
each travelled arc. The KPI generally follows the operational time results, withthe 7 x 3and 5 x 4
configurations achieving higher values than 3 x 7. For example, in the Case 7 data set, the value
increases from 2.4 under 3 x 7 to 4.0 under 7 x 3 and 3.0 under 5 x 4, representing one of the
largest improvements. In contrast, the differences for the Case 3 data set are less pronounced,
with values of 2.1 for 3 x 7 and 2.5 for both alternative configurations.

Another important observation is that all average load values exceed 2.0. Compared to the litera-
ture discussed in Chapter 2, where most studies consider a container capacity of only one or two
containers, these results indicate that the additional vehicle capacity is actively used in practice. If
the average load had remained below 2.0, the larger vehicle configurations would not have been
used extensively during the routing process.

The average stacking utilisation and average travel time per container show similar trends. For stack-
ing utilisation, the differences are most visible in Case 1A, where the utilisation increases from
0.12 under 3 x 7to 0.19 under 7 x 3, while 5 x 4 reaches 0.16. The travel time KPI shows smaller
differences between configurations. For example, in the Case 4 data set, the value decreases from
57.1 minutes for 3 x 7to 55.8 for 7 x 3 and 55.6 for 5 x 4. In Case 7, the KPl improves from 44.7 to
40.8 and 41.7, respectively.

These results indicate that the operational improvements are primarily achieved through trans-
porting more containers simultaneously and using the available vehicle capacity more effectively,
rather than through substantially shorter travel times per container.



Orders per hour comparison across configurations for the data sets.

Dataset| \ config— 3x7avg 7x3avg 5x4avg

Case 1A 0.69 0.81 0.80
Case 1B 1.03 1.04 1.06
Case 2A 1.15 1.20 1.20
Case 2B 1.15 1.18 1.18
Case 3 0.79 0.85 0.86
Case 4 1.03 1.06 1.06
Case 5 0.93 0.95 0.93
Case 6 0.83 0.92 0.90
Case7 1.21 1.33 1.30
Case 8 1.16 1.26 1.25
Case 3 test case 0.81 0.87 0.86
Case 4 test case 1.05 1.06 1.06

When analysing the KPI orders per hour in Table 6.9, the results generally follow the operational-
time trends discussed earlier. The 7x 3 and 5 x4 configurations achieve slightly higher service rates
than 3 x 7, while remaining very close to one another. For example, in Case 2A the values increase
from 1.15 under 3 x 7 to 1.20 under both alternative configurations. A comparable pattern can
be observed in Case 6, where the KPl improves from 0.83 to 0.92 and 0.90, respectively. In Case
7, one of the largest relative improvements is visible, ranging from 1.21 for 3 x 7to 1.33 for 7 x 3
and 1.30 for 5 x 4.

The differences between 7x 3 and 5x4 remain limited across most data sets. In nearly all cases, the
gap is only 0.00, 0.01, or 0.02 orders per hour, with Case 7 showing the largest difference of 0.03.
This indicates that both configurations achieve a highly comparable service rate once sufficient
routing flexibility is available.

Case 5 forms an exception, where the 3 x 7 and 5 x 4 configurations achieve the same value.
This suggests that for some specific routing structures or demand patterns, a different balance
between positions for full and empty containers can lead to less distinct performance differences
between configurations.

Algorithmic KPI comparison across configurations for the data sets.

Iterations Runtime (min) Seconds per iteration
Data set 3x7 7% 3 5 x4 3xT7 7x3 5x4 Ix7 7x3 5 x4
Case 1A 883 859 790 0.77 0.54 0.48 0.05 0.04 0.04
Case 1B 681 606 673 1.57 1.33 1.53 0.14 0.13 0.14
Case 2A 1194 1112 1056 4.75 3.14 3.28 0.24 0.17 0.19
Case 2B 655 898 723 4.99 6.70 5.38 0.46 0.45 0.45
Case 3 725 782 799 6.53 6.37 6.57 0.54 0.49 0.49
Case 4 891 1003 995 5.07 5.21 5.27 0.34 0.31 0.32
Case 5 1070 909 1073 1.59 1.30 1.53 0.09 0.09 0.09
Case 6 863 816 812 12.30 8.26 8.78 0.85 0.61 0.65
Case 7 1125 1229 1143 0.57 0.55 0.41 0.03 0.03 0.02
Case 8 1099 1057 917 1.40 0.89 0.68 0.58 0.65 0.59
Case 3 test case 887 953 953 8.62 10.26 9.45 0.58 0.65 0.59
Case 4 test case 1085 839 947 6.10 4.36 5.01 0.34 0.31 0.32

The last KPIs that need to be discussed are the algorithmic ones: the number of iterations and
computational time. Based on these, the seconds per iteration is also calculated in order to compare
values from different data sets.

First of all, it can be noted that in the majority of the cases the 3 x 7 configuration has the highest



seconds per iteration time. However, in some cases, there is also no difference; this is the case for
Case 5and Case 7. Itis also not surprising that the largest data set, Case 6, has the longest seconds
per iteration time. In contrast, the data sets of Case 7, Case 8 and Case 1B, which are the smallest,
require the least amount of time.

When considering the number of iterations, the Case 7 data set is, on average, the closest to the
maximum value. However, there is no single data set that consistently reaches this limit. In con-
trast to the previous KPI results analysis, the number of iterations does not exhibit a clear pattern
across the different vehicle configurations. No single configuration consistently results in either
the lowest or the highest number of iterations. Each vehicle configuration achieves the lowest
number of iterations an equal number of times, with all configurations recording the lowest value
in four cases. Therefore, rather than focus solely on the vehicle configurations, it is more insight-
ful to examine the characteristics of the individual data sets in order to understand how these
influence the results and explain the observed differences.

It is interesting to examine whether different combinations of order types affect the KPIs. In par-
ticular, the impact of swap and change orders is interesting. The main reason is that swap orders
involve the largest number of routing components, namely five, whereas the other order types
involve only two or three. Furthermore, change orders affect routing differently, as they are the
only order type that requires a return to the same customer after the disposal facility visit. Unlike
other order types, where the route can often continue to a shared storage location, the final step
of a change order is tied to a fixed customer location. This makes the routing sequence more re-
strictive and may reduce opportunities for efficient routing. Therefore, the percentage differences
presented in Table 6.11 are analysed. The vehicle configurations of 3 x 7and 7 x 3 are compared.

When examining Table 6.11, it becomes clear that the data sets with the highest combined share
of swap and change orders, namely Case 8, Case 7, Case 1A, and Case 6, also show the highest
sensitivity to vehicle configuration. Case 1A provides the clearest example, with 93.3% of orders
consisting of swap or change orders, resulting in a 14.6% reduction in operational time and a
56.0% increase in average load per arc. In contrast, Case 1B contains the lowest combined share
of swap and change orders at 50.0% and shows only a 1.1% improvement in operational time.

When specifically considering change orders, Case 7 and Case 8 provide additional evidence that
order composition may be more influential than total data set size alone. Although these data sets
are among the smallest in terms of total operational time, see Table 6.7, they still show relatively
large improvements between the configurations. Case 7 contains 92.9% change orders and shows
an 8.7% reduction in operational time, together with a 66.7% increase in average load per arc.
Similarly, Case 8 contains 86.2% change orders and shows a 7.9% improvement in operational
time. This suggests that change orders increase the sensitivity to vehicle configuration. However,
these findings are observational, as other data set characteristics, such as geography, container
types, and facility availability, also vary simultaneously.

Impact of swap and change order on configuration of 3 x 7 compared to 7 x 3.

Data set Swap Change Swap +change Operational time Load per arc Vehicle
(%) (%) (%) improvement (%) improvement (%) reduction
Case 1A 56.7 36.7 933 14.6 56.0 1
Case 1B 47.5 2.5 50.0 1.1 20.0 0
Case 2A 28.2 52.6 80.8 4.0 333 0
Case 2B 50.0 10.0 60.0 2.8 22.7 1
Case 3 59.4 12.5 71.9 6.8 19.0 1
Case 4 50.9 10.5 61.4 2.2 12.5 0
Case 5 44.7 39.5 84.2 2.3 24.0 0
Case 6 40.7 44.0 84.6 10.1 20.8 2
Case 7 3.6 92.9 96.4 8.7 66.7 0
Case 8 13.8 86.2 100.0 7.9 20.0 0




Before examining the routes and specific examples in more detail, it is useful to analyse the search
behaviour throughout the iterations of the runs by considering how the best, current, and candi-
date solutions evolve over time. To do so, runs from the Case 2B data set are explored below.
Case 2B showed the largest variation in the number of iterations across all data sets.

The selected runs are taken from the 7 x 3 configuration. Figure 6.5 shows the run where the
maximum number of iterations is reached, while Figure 6.6 shows the run with the lowest number
of iterations reached. Run 4 achieved a final operational time of 3415 minutes, whereas run 10
resulted in 3580 minutes.
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After the initial solution construction, both runs show a rapid improvement phase in which the LNS
algorithm quickly identifies solutions with substantially lower operational times. This indicates
that the destroy and repair operators are effective in exploring promising neighbourhoods during
the early stages of the search. However, the search behaviour differs between the two runs after
this initial improvement phase.

Run 4, in Figure 6.5, exhibits a stable search trajectory. The current solution remains closer to the
incumbent throughout the run, and the accepted candidate solutions continue to improve opera-
tional time over a larger number of iterations. Furthermore, the accepted candidate solutions are
concentrated around the current and best solution values, indicating a more controlled balance
between diversification and intensification. This allows the search to continue refining promising
route structures instead of drifting towards poorer regions of the solution space.

In contrast, run 10, shown in Figure 6.6, the search reaches a good solution relatively early in the
process. However, after 250 iterations, the current solution increasingly diverges from the incum-
bent solution. Although many candidate solutions continue to be generated, most are rejected
and the current solution remains at substantially higher operational times compared to the best
solution found. This suggests that the search process becomes more exploratory and struggles
to intensify around the promising region where the incumbent solution was identified. As a result,
the search is unable to consistently return to similar high-quality solutions later in the run.

The differences between both runs can largely be explained by the stochastic nature of the LNS
framework. Since destroy operators, repair operators, and operator selection are partly random,
small differences in the early search trajectory can lead the algorithm towards different regions
of the solution space. As the search progresses away from promising regions, the algorithm may
struggle to return to comparable high-quality solutions later in the run. This behaviour is par-
ticularly visible in run 10, where the incumbent solution is found early, but subsequent iterations
mainly explore worse neighbourhoods without recovering similar solution structures. The results,
therefore, suggest that the current implementation places a relatively strong emphasis on diversi-
fication, which helps avoid premature convergence but may also reduce the ability of the search
to consistently intensify around promising regions during some runs.



The focus now shifts to several route examples from the best performing runs. The Case 1B and
Case 2A data sets were selected because they differ strongly in the flexibility of feasible disposal
facilities and storage locations. As shown in Table 5.2, the Case 1B data set exhibits limited varia-
tion in feasible disposal facilities, while both storage locations can, on average, be used for each
order. In contrast, the Case 2A data set contains substantially more variation, where on average
only 1 out of 16 disposal facilities is feasible for a given order, while approximately 6.5 out of 10
storage locations are feasible. These cases, therefore, provide insight into how differences in op-
erational flexibility influence the resulting routes. In addition, different vehicle configurations are
compared.
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4. 8.

To further examine the capacity bottleneck identified in the earlier sections, Table 6.12 and Ta-
ble 6.13 are compared for the configurations 3 x 7 and 7 x 3. The schedules show substantially
higher full container loads in the 7 x 3 configuration, allowing multiple orders at the same cus-
tomer location to be merged within a single route. Although not all orders are executed by the
same vehicle in both solutions, the results clearly illustrate how increased full container capacity
enables more consolidated routing structures.



Route overview of Case 2A 3 x 7 run 4 for vehicle 1.

From To Drl\;lrl:ignl;lme Order Cgls::trg rer Order type A empty A full el;:::‘tjy Lch &:ld
DO 28 0.00 9 1 Change 0 +3 0 3
28 F12 10.82 9 - Change +3 -3 3 0
F12 28 12.18 9 1 Change -3 0 0 0
28 28 0.00 7 1 Change 0 +2 0 2
28 F11 0.18 7 - Change +2 -2 2 0
F11 28 0.18 7 1 Change -2 0 0 0
28 28 0.00 6 1 Change 0 +2 0 2
28 F12 10.82 6 - Change +2 -2 2 0
F12 28 12.18 6 1 Change -2 0 0 0
28 28 0.00 8 1 Change 0 +3 0 3
28 F11 0.18 8 - Change +3 -3 3 0
F11 28 0.18 8 1 Change -3 0 0 0
28 28 0.00 4 1 Change 0 +3 0 3
28 F12 10.82 4 - Change +3 -3 3 0
F12 28 12.18 4 1 Change -3 0 0 0
28 28 0.00 5 1 Change 0 +3 0 3
28 F12 10.82 5 - Change +3 -3 3 0
F12 28 12.18 5 1 Change -3 0 0 0
28 DO 0.00 - - - 0 0 0 0
Total route time: 508.73 minutes
Route overview of Case 2A 7 x 3 run 8 for vehicle 3.

From To Drl\zlnr:ignt)lme Order C:;sl:gtr:;ar Order type A empty A full el;:i)ggy Lfc:ﬁld
DO 28 0.00 6 1 Change 0 +5 0 5
28 F12 10.82 6 - Change +5 -5 5 0
F12 28 12.18 6 1 Change -5 0 0 0
28 28 0.00 7 1 Pickup 0 +3 0 3
28 F 20 7.25 7 - Pickup +3 -3 3 0
F 20 S11 7.47 7 - Pickup -3 0 0 0
S11 28 0.18 5 1 Change 0 +7 0 7
28 F11 0.18 5 - Change +7 -7 7 0
F11 28 0.18 5 1 Change -7 0 0 0
28 DO 0.00 - - - 0 0 0 0

Total route time: 428.27 minutes

Another important aspect is the flexibility in feasible disposal facilities and storage locations, which
directly affects the routing structure. In the Case 2A 7x 3 route, shown in Table 6.13, three different
disposal facilities are visited. In contrast, the Case 1B route under the 5 x 4 configuration, shown
in Table 6.14, contains a strong overlap between disposal facilities and storage locations. Several
locations fulfil both activities, allowing two of the three required pickup activities to be completed
during a single stop.

The schedule further shows a clear operational structure in which empty containers for delivery
orders are collected at the start of the route, while the latter part mainly consists of pickup activ-
ities involving the emptying and storage of containers. Since change orders do not benefit from
this type of overlap, the example highlights the operational efficiency advantages associated with
delivery and pickup orders.



Route overview of Case 1B 5 x 4 run 10 for vehicle 1. Reuse is applied for the marked components.

From To Drl\;::ignfs)lme Order c:f:::: ;er Order type A empty A full el;:'l):(tiy Lf(:j é:;d
DO SO 0.00 48 - Swap_Delivery +1 0 1 0
SO SO 0.00 44 - Swap_Delivery +1 0 2 0
SO SO 0.00 41 - Swap_Delivery +1 0 3 0
SO 37 37.42 49 2 Swap_Pickup 0 +1 3 1
37 37 0.00 48 2 Swap_Delivery -1 0 2 1
37 35 6.62 45 2 Swap_Pickup 0 +1 2 2
35 35 0.00 44 2 Swap_Delivery -1 0 1 2
35 33 11.93 42 2 Swap_Pickup 0 +1 1 3
33 33 0.00 41 2 Swap_Delivery -1 0 0 3
33 FO 43.80 45 - Swap_Pickup * +1 -1 1 2
FO SO 0.00 45 - Swap_Pickup -1 0 0 2
SO FO 0.00 49 - Swap_Pickup +1 -1 1 1
FO SO 0.00 49 - Swap_Pickup -1 0 0 1
SO SO 0.00 22 - Swap_Delivery * +1 0 1 1
SO SO 0.00 25 - Delivery +1 0 2 1
SO 22 31.73 25 3 Delivery -1 0 1 1
22 20 22.62 23 3 Swap_Pickup 0 +1 1 2
20 20 0.00 22 3 Swap_Delivery -1 0 0 2
20 32 16.87 40 3 Pickup 0 +1 0 3
32 19 16.02 21 3 Pickup 0 +1 0 4
19 FO 13.05 21 - Pickup +1 -1 1 3
FO SO 0.00 21 - Pickup -1 0 0 3
SO FO 0.00 40 - Pickup +1 -1 1 2
FO SO 0.00 40 - Pickup -1 0 0 2
SO FO 0.00 23 - Swap_Pickup +1 -1 1 1
FO SO 0.00 23 - Swap_Pickup -1 0 0 1
SO FO 0.00 42 - Swap_Pickup +1 -1 1 0
FO SO 0.00 42 - Swap_Pickup -1 0 0 0
SO DO 0.00 - - - 0 0 0 0
Total route time: 380.05 minutes
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Route of Case 1B configuration 5 x 4 for best Route of Case 1B configuration 7 x 3 for best
run 10. run 3.

Stacking capacity is analysed separately in this subsection to better understand how higher vehicle
capacities influence routing behaviour and operational performance.



Maximum stacking values found in the best runs across all data sets for the different vehicle configurations.

Dataset 3x7 7x3 5x4

Case 1A 6 10 11
Case 1B 14 9 11
Case 2A 8 9 10
Case 2B 7 8 12
Case 3 7 9 7
Case 4 6 8 7
Case 5 8 7 7
Case 6 15 10 15
Case7 6 11 7
Case 8 8 10 10

High load values occur across all data sets, although the frequency and magnitude differ substan-
tially between cases, as shown in Table 6.15. Data sets such as Case 6 and Case 1B reach the
highest stacking values, with maximum values up to 15 and 14 containers, respectively, indicating
that some routes make very intensive use of the available stacking capacity. In contrast, data sets
such as Case 4 and Case 5 show lower maximum values between 6 and 8 containers, suggesting
that the operational structure of these data sets requires less extensive stacking. A noticeable pat-
tern is that the highest stacking values mainly occur in data sets containing larger shares of swap
and change orders, such as Case 6, Case 1A, and Case 7. These order types require more routing
components and create stronger incentives to transport multiple full containers simultaneously.
At the same time, the maximum values also show that the highest capacities are not utilised con-
sistently across all routes. Instead, the results suggest that stacking is particularly valuable for
specific locally concentrated route segments where multiple compatible orders can be combined
efficiently within the same vehicle route.

To explore these effects in more detail, the Case 8 and Case 7 data sets are selected. Case 8 is
selected because it achieves one of the highest average load per arc values, while Case 7 exhibits
some of the largest differences between the vehicle configurations. Since Case 1B was already
analysed extensively in previous subsections, Case 8 and Case 7 provide additional insight into
how stacking capacity influences route design and operational performance. For each configura-
tion, the run with an average load per arc value closest to the average result is selected to ensure
that the analysed routes are representative rather than exceptional cases.

Run closest to the average load per arc compared with average values for Case 7 and Case 8.

Dataset KPI| \ config — 3xT7repr. 3xT7avg T7x3repr. 7x3avg 5x4repr. 5x4avg
Case?7 run number run9 - run 2 - run 2 -
vehicles used 3 3 3 3 3 3
total operational time 1386 1384 1270 1263 1280 1293
avg load per arc 243 2.39 3.96 4.01 3.08 2.97
avg stacking utilisation 0.12 0.11 0.19 0.19 0.15 0.15
Case 8 run number run 3 - run 2 - run5 -
vehicles used 4 4 3 4 3 4
total operational time 1503 1498 1389 1380 1416 1396
avg load per arc 2.95 2.99 3.61 3.56 3.63 3.43
avg stacking utilisation 0.14 0.14 0.17 0.17 0.18 0.17

The route examples in Figure 6.11 to Figure 6.13 help interpret the KPI differences reported in
Table 6.16. For the Case 7 data set, all three configurations use the same number of vehicles,
indicating that the operational improvements from higher stacking capacities are not achieved
through fleet reduction. Instead, the primary effect is visible in the operational time, which de-
creases by approximately 100 minutes when comparing 3 x 7 with the other configurations.



This difference is also reflected in the route structures shown in the figures. In the 3 x 7 configura-
tion, the routes are distributed more evenly in geographical size and route duration. In contrast,
the 7 x 3 and 5 x 4 configurations contain two noticeably longer routes, while the remaining ve-
hicle operates within a smaller geographical region. The figures, therefore, suggest that higher
stacking capacities allow orders to be grouped more efficiently within the same routes.

The comparison between the 7 x 3 and 5 x 4 configurations suggests that once sufficient full con-
tainer capacity is available, further differences in how that capacity is distributed across positions
and stacking rows have a limited effect on operational performance. Although both configura-
tions outperform 3 x 7, the differences between them remain small across most data sets, as
shown in Table 6.16.

uuuuuuuuu

Route of Case 7 Route of Case 7 Route of Case 7
configuration 3 x 7 for run 9. configuration 7 x 3 for run 2. configuration 5 x 4 for run 2.

For the Case 8 data set, the configuration differences are also reflected in the route structures
shown in Figure 6.14 to Figure 6.16. In contrast to Case 7, the 3 x 7 configuration requires an
additional vehicle, while the fourth vehicle covers only a relatively small geographical area. This
suggests that the lower full container capacity becomes restrictive for a limited number of orders
that cannot be efficiently integrated into the other routes. In the 7x 3 and 5 x 4 configurations, the
routes become more geographically concentrated, with three vehicles covering the regions more
efficiently. Similar to Case 7, the visual differences between these configurations remain limited,
which is consistent with the relatively small operational differences reported in Table 6.16.

The Case 8 routes further illustrate that route design is not solely determined by vehicle capacity.
In Figure 6.16, the first vehicle (blue) still travels towards a disposal facility in the region mainly
covered by the third vehicle (green), corresponding to the cities of Maastricht and Heerlen in Lim-
burg, shown in Figure C.10 in Appendix C. Although using one of the facilities already visited in
Heerlen would appear more logical, this routing behaviour is directly determined by the feasible
facilities defined in the input data.

This example shows that facility restrictions can strongly influence the resulting route structures
and partially offset the operational benefits obtained from higher stacking capacities, particularly
for disposal facilities where orders may have only one feasible destination.



Route of Case 8 Route of Case 8 Route of Case 8
configuration 3 x 7 for run 3. configuration 7 x 3 for run 2. configuration 5 x 4 for run 5.

To better understand how stacking capacity is utilised within the routes, vehicle layouts are anal-
ysed at moments of high loading levels. These layouts provide additional insight into how higher
capacity configurations support the route structures observed previously.

For Case 7, the previous route analysis already showed that the 7 x 3 configuration achieves sub-
stantially lower operational times while using the same number of vehicles as the 3 x 7 configu-
ration. The layouts below help explain how this operational improvement is achieved in practice.
All three vehicles in the 7 x 3 configuration temporarily transport six or seven full containers simul-
taneously, indicating that the additional full container capacity is actively used within the routes.

Case 7
F F F F F F — F F F F F F F F F F F F F F
S - - - _ E - — — - - _ - - - - - —
Vehicle 1 Vehicle 2 Vehicle 3

The route overview of vehicle 3 in Table 6.17 further illustrates how this loading pattern develops
throughout the route. During the first part of the route, multiple change orders are consecutively
collected before unloading occurs. As a result, the vehicle gradually increases its full container
load from one to seven containers between nodes 38, 30, and 22. Only after reaching this peak
load does unloading start at disposal facility 14, indicating that multiple change orders are inten-
tionally clustered before unloading occurs.

Route overview of Case 7 run 2 for vehicle 3.

From To Drn;m}i;nt)lme Order cglst:(s)trZ :er Order type A empty A full el;:::ly Lf(:‘ a"cl
DO 38 15.25 18 1 Change 0 +1 0 1
38 30 1.40 9 1 Change 0 +5 0 6
30 22 10.68 1 1 Change 0 +1 0 7
22 F14 6.72 1 - Change +1 -1 1 6
F14 F14 0.00 9 - Change +5 -5 6 1
F14 37 4,70 17 1 Change 0 +1 6 2
37 FO 2.45 17 - Change +1 -1 7 1
FO FO 0.00 18 - Change +1 -1 8 0
FO 38 15.25 18 1 Change -1 0 7 0
38 30 1.40 9 1 Change -5 0 2 0
30 22 10.68 1 1 Change -1 0 1 0
22 37 5.87 17 1 Change -1 0 0 0
37 DO 2.45 - - - 0 0 0 0

Total route time: 284.85 minutes




To further examine whether similar loading patterns occur in other cases, additional layouts from
Case 2A and Case 1A are analysed. Case 2A is selected because it contains the highest proportion
of large containers, while Case 1A contains the highest number of containers per order before
merging.

Case 2A
- - - - - - = F - — — — - — - F F - F F -
- - - - - - - E - - - — — - E E E E - — —
L L L L L L L L L L L L L L e
Vehicle 3 Vehicle 4 Vehicle 7

For Case 2A, the layouts show that relatively high loading levels can still be achieved even when
large containers occupy substantial vehicle space. Vehicle 4 reaches the highest observed load
among the analysed examples, with a total of nine simultaneously transported containers. In
contrast, vehicle 7 mainly transports combinations of full and empty containers while leaving an
entire stacking row unused.

A similar pattern can be observed for Case 1A. Although certain vehicles temporarily carry rela-
tively high combinations of full and empty containers, the layouts show clear variation between
vehicles in how intensively the available stacking capacity is used.

Case 1A
F F F F — — — F F F F F F — FFF - — — —
E E E - — — — EE - - — — — E - E E E E E
Vehicle 1 Vehicle 3 Vehicle 4

Lastly, Case 2B provides an additional perspective, as it is the only data set where the 5 x 4 configu-
ration achieves a higher average load per arc than the 7 x 3 configuration. The layouts below show
that vehicle 3 temporarily achieves a very high loading level by simultaneously transporting full,
empty, and large containers. In contrast, vehicle 8 carries at most five empty containers during
its route despite the larger available capacity.

Case 2B
F F F F — FF F — — - - - -
E E E E - E E E E E E E E E E
- - - E E — — -— - - -
- - - - L L — — — - - - -
Vehicle 1 Vehicle 3 Vehicle 8

Across all analysed layouts, high stacking levels occur repeatedly across all data sets, but mainly
during temporary peak loading moments within specific route segments rather than continuously
throughout the routes. The results, therefore, indicate that high stacking utilisation is primarily
driven by locally concentrated orders and temporary route clustering rather than by all vehicles
operating close to their maximum capacity throughout the entire route duration.

At the same time, the layouts structurally use capacities above one or two containers, demonstrat-
ing that such assumptions are restrictive for chain-lift skip operations. However, the third stacking
row often remains partially or fully unused. This suggests that, for the analysed cases, two stacking
rows are sufficient for most operational situations, while additional rows mainly provide flexibility
during temporary peak loads. Consequently, the results indicate that vehicle design should focus
more on supporting combinations of full and empty containers within the same route than on
maximising the total number of stacking rows.

Lastly, the focus shifts to the additional test case variants of Case 3 and Case 4, which involve
only a limited number of change orders, for which reuse is not possible. In these test cases, the
distinction between container types is removed to create more opportunities for container reuse



between orders. The complete results for all configurations are presented in Appendix E, while
Table 6.18 summarises the differences between the original data sets and their corresponding
test case versions.

Average KPI comparison between original data sets and reuse test cases.

Data set KPI | \ config — 3xT7T Tx3 5x4
Case 3 vstest case reuse rate (%) +7.3 +6.5 +7.3
operational time (min) -61 -108 -34
vehicles used 0 0 0
load per arc -0.03 +0.02 -0.14
orders per hour +0.01 +0.02 +0.00
Case 4 vs test case reuse rate (%) +10.8 +11.1 +8.9
operational time (min)  -106  -100 -97
vehicles used 0 0 0
load per arc -0.08 +0.03 +0.10
orders per hour +0.04 +0.03 +0.03

A first clear observation from Table 6.18 is that the reuse rate increases in every configuration.
For Case 3, the average increase is 7.0%, while for Case 4 it is 10.3%. This results in a reuse per-
centage of around 12% for Case 3 and 17% for Case 4, full results can be found in Appendix E. This
confirms that the model is able to generate additional reuse opportunities when the distinction
between container types is removed. However, the increase is not large enough to reduce the
average number of vehicles, which remains unchanged in all cases. The total operational time
does decrease consistently, with reductions ranging between 34 and 108 minutes depending on
the configuration.

The route example in Table 6.19 illustrates why additional reuse does not necessarily eliminate
complete visits from the route. Most pickup components of delivery orders are already strongly
clustered at the beginning of the route, while the dropoff activities are grouped later in the route.
As aresult, many storage locations are still visited for multiple route components even when reuse
is applied. In these situations, reuse mainly reduces handling activities rather than driving time,
since removing one container movement does not automatically remove an entire stop from the
route.

To implement additional reuse within such a clustered route structure, dropoff activities would
need to be repositioned earlier in the route before compatible delivery activities occur. However,
because these activities are already efficiently combined with other route components visiting the
same location, therefore, the resulting operational savings remain limited.



Route overview of Case 3 test case 3 x 7 run 1 for vehicle 7.

From To Component type Drl\zlr:ignt)lme Order C:;s::;:;ar Order type A empty A full el;g:gy Lf‘:ﬁ:’
DO S1 Delivery_P 0.60 81 - Swap_Delivery +1 0 1 0
S1 S1 Delivery_P 0.00 3 - Swap_Delivery +4 0 5 0
S1 7 Delivery_D 60.28 3 5 Swap_Delivery -4 0 1 0
7 S7 Delivery_P 0.00 63 - Delivery +1 0 2 0
S7 S7 Delivery_P 0.00 83 - Swap_Delivery +1 0 3 0
S7 64 Delivery_D 88.52 83 6 Swap_Delivery -1 0 2 0
64 63 Delivery_D 38.65 81 6 Swap_Delivery -1 0 1 0
63 63 Empty_P 0.00 82 6 Swap_Pickup 0 +1 1 1
63 53 Delivery_D 5.82 63 6 Delivery -1 0 0 1
53 66 Empty_P 9.87 87 6 Pickup 0 +1 0 2
66 F7 Empty_D 62.97 87 - Pickup +1 -1 1 1
F7 S7 Dropoff 0.00 87 - Pickup -1 0 0 1
S7 F7 Empty_D 0.00 82 - Swap_Pickup +1 -1 1 0
F7 S7 Dropoff 0.00 82 - Swap_Pickup -1 0 0 0
S7 7 Empty_P 0.00 5 5 Swap_Pickup 0 +2 0 2
7 31 Empty_P 40.87 26 10 Swap_Pickup 0 +1 0 3
31 F1 Empty_D 20.08 5 - Swap_Pickup +2 -2 2 1
F1 F1 Empty_D 0.00 26 - Swap_Pickup +1 -1 3 0
F1 S1 Dropoff 0.00 5 - Swap_Pickup -2 0 1 0
S1 S1 Dropoff 0.00 26 - Swap_Pickup -1 0 0 0
S DO - 0.60 - - - 0 0 0 0

Total route time: 500.25 minutes

The second observation concerns the average load per arc, shown in Table 6.18. The value some-
times increases and, in other cases, decreases, indicating that reuse affects route utilisation differ-
ently depending on the route structure. A decrease in load per arc can occur because a container
no longer needs to be transported over a long distance before being delivered to the next cus-
tomer. Through reuse, the container can instead remain closer to the next required location,
reducing the transported load throughout the route. In contrast, an increase in load per arc can
occur when reuse enables additional orders to be combined within the same route, resulting
in more containers being transported simultaneously. The KPI therefore reflects two opposing
effects of reuse: reducing unnecessary container movements while also enabling denser route
combinations.

Furthermore, the route in Table 6.20 shows a route where reuse is integrated much more exten-
sively throughout the route structure. The marked Dropoff* and Delivery_P* components and
yellow rows illustrate how empty containers are reused between multiple orders within the same
route.

Finally, the orders per hour KPI increases slightly in all cases, which is consistent with the lower
operational times. Although the improvements remain relatively limited, the results consistently
indicate that reuse contributes positively to routing efficiency.



Route overview of Case 3 test case 7 x 3 run 3 for vehicle 9. Reuse is applied to the marked components.

From To Component type Drl\zlr:ignt)lme Order C:;s::;:::r Order type A empty A full el;g:gy Lf‘:ﬁ;’
D1 S1 Delivery_P 0.00 56 - Swap_Delivery +1 0 1 0
S1 S1 Delivery_P 0.00 28 - Swap_Delivery +1 0 2 0
S1 S1 Delivery_P 0.00 12 - Delivery +1 0 3 0
S1 S1 Delivery_P 0.00 67 - Swap_Delivery +1 0 4 0
S1 56  Delivery D 2.65 67 2 Swap_Delivery -1 0 3 0
56 25  Empty_P 1.68 11 2 Swap_Pickup 0 +1 3 1
25 F1 Empty_D 4.28 11 - Swap_Pickup +1 -1 4 0
F1 S1 Dropoff* 0.00 11 - Swap_Pickup 0 0 4 0
S1 S1 Delivery_P 0.00 71 - Swap_Delivery +1 0 5 0
S1 58  Delivery_D 22.53 71 4 Swap_Delivery -1 0 4 0
58 26 Delivery D 10.80 12 4 Delivery -1 0 3 0
26 S1 Delivery_P* 0.00 27 - Delivery 0 0 3 0
S1 33  Delivery D 19.72 27 4 Delivery -1 0 2 0
33 50 Delivery_ D 2.33 56 4 Swap_Delivery -1 0 1 0
50 34  Delivery_D 38.28 28 1 Swap_Delivery -1 0 0 0
34 68  Empty_P 14.28 88 1 Pickup 0 +1 0 1
68 32 Empty_P 11.38 26 1 Swap_Pickup 0 +1 0 2
32 F1  Empty D 48.23 26 - Swap_Pickup +1 -1 1 1
F1 F1 Empty_D 0.00 88 - Pickup +1 -1 2 0
F1 S1 Dropoff* 0.00 88 - Pickup 0 0 2 0
S1 S1 Delivery_P* 0.00 11 - Swap_Delivery 0 0 2 0
S1 S1 Dropoff* 0.00 26 - Swap_Pickup 0 0 2 0
S1 S1 Delivery_P* 0.00 75 - Swap_Delivery 0 0 2 0
S1 61  Delivery_ D 11.63 75 2 Swap_Delivery -1 0 1 0
61 61 Empty_P 0.00 76 2 Swap_Pickup 0 +1 1 1
61 42  Delivery_ D 6.98 41 2 Swap_Delivery -1 0 0 1
42 F1 Empty D 8.20 76 - Swap_Pickup +1 -1 1 0
F1 S1 Dropoff* 0.00 76 - Swap_Pickup 0 0 1 0
S1 S1 Delivery_P* 0.00 46 - Swap_Delivery 0 0 1 0
S1 44 Delivery_D 28.67 46 6 Swap_Delivery -1 0 0 0
44 55 Empty_P 8.00 66 6 Swap_Pickup 0 +2 0 2
55 F1  Empty_D 30.05 66 - Swap_Pickup +2 -2 2 0
F1 S1 Dropoff 0.00 66 - Swap_Pickup -2 0 0 0
S1 D1 - 0.00 - - 0 0 0 0

Total route time: 455.72 minutes

This section examines how LNS performance changes when service times are varied. The analysis
focuses on the effect of changing service times, which directly influences the balance between
driving time and handling time within the objective value.

Two data sets are selected for this analysis: Case 5 and Case 8. These data sets contain different
combinations of order types. For both data sets, the original service times are compared with a
lower scenario (0.75x) and a higher scenario (1.25x), both averaged over 10 runs. The complete
KPI tables are included in Appendix E, while Table 6.21 summarises the average total operational
time, number of vehicles used, orders per hour, and stacking utilisation.

Sensitivity analysis summary for different service time levels (average results across runs).

Data set Scenario Bestconfig Totaltime Vehicles Orders/hour Stack util.

Case 5 0.75% 5x4 2099 5 1.09 0.16
Case 5 Base 7% 3 2399 5 0.95 0.15
Case 5 1.25x 5x4 2719 6 0.84 0.13
Case 8 0.75x 7%x3 1155 3 1.51 0.22
Case 8 Base 7x3 1380 4 1.26 0.17
Case 8 1.25x% 7x3 1598 4 1.09 0.15

The first clear observation from Table 6.21 is that shorter service times improve all main KPIs. For



both data sets, the total operational time decreases substantially, while productivity in terms of
orders per hour increases. In addition, fewer vehicles are required for Case 8, with a decrease
from 4 to 3 vehicles in the 0.75x scenario. A similar pattern is visible for stacking utilisation, where
lower service times lead to higher loading levels and more efficient combinations of orders within
the same routes.

When service times increase, the opposite pattern emerges. The total operational time rises in
all cases, while orders per hour decreases. For Case 5, the average vehicle usage increases to 6
vehicles in the 1.25x scenario. In addition, routes can accommodate fewer orders per day and
therefore offer less operational flexibility. As a result, combining additional containers becomes
less beneficial and vehicle utilisation decreases. This indicates that handling activities can become
a bottleneck when service times increase.

Another interesting observation is that the preferred vehicle configuration changes slightly. In
the base case, the 7 x 3 configuration performs best for both data sets. However, for Case 5, the
5 x 4 configuration performs slightly better in both alternative scenarios, although the differences
remain small.

Overall, the sensitivity analysis shows that the LNS algorithm responds consistently to chang-
ing service time assumptions. Lower service times lead to shorter and more productive routes,
whereas higher service times increase route duration and vehicle usage while reducing stacking
utilisation and operational flexibility.

This chapter analysed the benchmark model and the LNS algorithm across a range of data sets
and vehicle configurations. The benchmark results demonstrated that the MILP formulation pro-
duces operationally realistic routes and captures the main routing characteristics of chain-lift skip
container transportation. However, computational time grows exponentially with the problem
size, confirming that the benchmark model is not suitable for larger operational scenarios and
supporting the need for the LNS metaheuristic. The verification and validation results showed
that the LNS algorithm generates solutions within an average deviation of less than 3% from the
benchmark while requiring only a fraction of the computational time. In the reuse scenarios, the
LNS even outperformed the benchmark model by successfully exploiting direct container reuse
opportunities, resulting in lower total operational times for the larger validation cases.

Across all data sets, the 7 x 3 and 5 x 4 configurations consistently outperformed the 3 x 7 configu-
ration. The results indicate that the primary operational bottleneck lies in the number of positions
available for full containers rather than in the total stacking height. Increasing full container ca-
pacity improves the ability to combine multiple orders within the same routes, raises the average
load per arc, and reduces operational times. In several larger data sets, this also leads to a reduc-
tion in the number of vehicles required. The vehicle layout analysis further showed that capacities
above two containers are actively used in practice, while additional stacking rows above two rows
are mainly used during peak loading moments rather than consistently throughout the routes.
The order type analysis additionally showed that data sets with higher shares of swap and change
orders exhibit greater sensitivity to vehicle configuration.

The reuse analysis confirmed that removing container type distinctions increases reuse opportu-
nities and consistently reduces operational times, although the magnitude of the improvement
depends on the existing route structure. In strongly clustered routes, reuse primarily reduces
handling activities rather than complete route stops, resulting in limited savings in driving time.
The sensitivity analysis further showed that the LNS algorithm responds consistently to changes
in service time assumptions. Lower service times lead to shorter routes, higher stacking utilisa-
tion, and in some cases fewer vehicles, while higher service times increase route duration and
reduce operational flexibility. In both analyses, the relative ranking of the vehicle configurations
remained stable, with 3 x 7 performing weakest and 7 x 3 and 5 x 4 achieving comparable and
consistently stronger results.



The final chapter begins with answers to the sub-questions in order to answer the main research
question in section 7.1. Subsequently, in section 7.2, the limitations of the research are discussed,
followed by recommendations for future research and practical implications for AMCS.

This thesis addressed the routing of chain-lift skip containers, which can be stacked on vehicles
and reused between customers without first returning to a storage location. These two opera-
tional characteristics have received limited attention in the existing literature and are often mod-
elled with little detail. The thesis addressed this gap by incorporating stacking feasibility con-
straints and direct container reuse into a vehicle routing model. A benchmark MILP model was
first developed as a reference solution, followed by a metaheuristic LNS algorithm capable of han-
dling the full operational complexity at scale.

SQ 1. What is the current state of skip container routing in the literature?

The current state of skip container routing literature shows that the problem is well recognised as a
complex variant of the VRP within waste collection. Existing studies focus on the transportation of
skip containers between depots, customers, storage locations, and disposal facilities. The model
can also be categorised as a PDP due to the precedence relations between empty and full skips.
Over time, the literature has increased realism by incorporating aspects such as multiple locations,
limited container availability, time windows, multiple container types, and the coordination of
empty and loaded container flows.

However, the literature remains primarily focused on the larger RoRo container, where vehicle
capacity is usually limited to one container or two when trailers are considered. As a result, the
operational characteristics of the stackable chain-lift skip container are still underrepresented. In
particular, stacking is often simplified to a numerical capacity limit, while detailed stacking rules,
such as compatibility between container sizes and reuse possibilities, remain largely unexplored.
Similar to the broader VRP literature, increasing model complexity has also shifted solution ap-
proaches away from exact methods towards neighbourhood-based metaheuristics, such as TS,
VNS, and LNS.
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SQ 2. Which key performance indicators are suitable for evaluating and comparing routing models?

Suitable KPIs for evaluating and comparing routing models should cover operational performance,
resource use, and computational effort. Based on the literature and the objectives of this research,
the most relevant KPIs are total operational time as the primary performance indicator, the num-
ber of vehicles used to evaluate vehicle usage, and orders per hour as a productivity measure.
In addition, the average vehicle load per arc and the average stacking utilisation are suitable to
measure how effectively vehicle capacity is used and how much stacking is applied. The travel
time per container provides insight on transport efficiency from a container perspective, while
the reuse rate measures the frequency with which direct reuse opportunities are exploited. Fi-
nally, computational time and number of iterations are useful algorithmic indicators to compare
the practical applicability. Together, these KPIs provide a balanced overview of both operational
and methodological performance.

SQ 3. How can a mixed-integer linear programming model be formulated to represent standard skip
container operations?

An MILP model can be formulated to represent standard skip container operations by defining
sets, parameters, decision variables, an objective function, and constraints. In the benchmark
model, vehicles operate between a depot, customers, a storage location, and a disposal facility.
Order requests are split up into components that are arranged in different sequences depending
on the order type. Binary variables determine vehicle routing and vehicle assignment decisions,
while continuous variables track arrival times and vehicle loads. The objective minimises total
driving time as a benchmark measure of efficiency. Constraints ensure route continuity, correct
order of execution of components, daily operating time limits, and capacity restrictions for both
the total number of containers and the quantity of full containers.

SQ 4. How can a metaheuristic be conceptually designed to handle container reuse and stacking
feasibility?

A metaheuristic can be conceptually designed to handle container reuse and stacking feasibility
through an LNS framework that combines an initial solution, improvement rules, and an iterative
destroy-repair cycle. The process starts by clustering geographically close customers and gener-
ating a feasible initial solution with a regret-2 insertion heuristic, where all insertions are checked
for capacity, precedence relations, and stacking feasibility. Additional improvement rules are sub-
sequently applied to combine compatible order components and match empty container flows
between orders to look for reuse possibilities. The main loop iteratively removes and reinserts
order requests using destroy and repair operators that balance diversification and intensification.
Candidate solutions are evaluated with a RRT acceptance criterion, which allows controlled non-
improving moves to escape local optima, while infeasible solutions are rejected. The search ends
when the maximum number of iterations, the runtime limit, or a stagnation limit is reached.

SQ 5. How does the metaheuristic model perform relative to the mixed-integer linear programming
model in terms of the defined key performance indicators?

The metaheuristic LNS model performs well relative to the benchmark MILP model across all de-
fined KPIs while requiring substantially lower computational times. In the verification scenarios
without reuse, both the best LNS runs and the average across all runs achieved average deviations
below 3% from the benchmark solutions, indicating consistently strong solution quality. In the sce-
narios with reuse, the deviations were even smaller, and the LNS outperformed the benchmark in
several cases by successfully exploiting direct reuse opportunities between customers, achieving
reuse rates of approximately 16%. The computational experiments further demonstrated that
the MILP formulation scales poorly with increasing problem size. Solution time grew from under
one minute for three customers to approximately 230 minutes for seven customers, with the op-
timality gap reaching its maximum allowed value of 5% for the larger cases. In contrast, the LNS
generated near optimal solutions for all verification scenarios within approximately one minute
and remained computationally manageable for larger scenarios of 10, 11, and 12 customers, con-
sistently producing solutions within approximately two minutes with an average deviation of 4.9%
from the benchmark, whereas the benchmark required several hours while still yielding optimality
gaps of 30-35%.



MQ: How can vehicle routing for skip container waste collection be optimised under container
reuse and stacking feasibility constraints?

Vehicle routing for skip container waste collection can be optimised under container reuse and
stacking feasibility constraints by using a solution approach that explicitly incorporates stacking
compatibility, precedence relations, and direct reuse decisions during route construction and im-
provement. This thesis demonstrated that an LNS metaheuristic is well suited for this purpose,
as it can efficiently generate high-quality routing solutions while accounting for operational con-
straints related to container capacities, stacking feasibility, disposal visits, and reuse opportunities.
The benchmark MILP formulation provided a valid reference model for representing standard skip
container operations, while the LNS framework enabled the optimisation of larger and more real-
istic operational scenarios within practical computational times.

The results showed that both stacking feasibility and container reuse influence operational perfor-
mance. Increasing the number of available full container positions improved vehicle utilisation,
reduced disposal facility visits, and lowered total operational times by up to 14.6% across the
tested data sets. In addition, direct container reuse reduced unnecessary empty transport move-
ments and storage visits, resulting in operational time reductions of 34-108 for the test cases. The
experiments further demonstrated that average vehicle loads above 2.0 containers per travelled
arc are actively used in practice, indicating that the common one or two container assumptions
found in the literature are too restrictive for chain-lift skip operations.

Container reuse also improved routing efficiency, with increased compatibility leading to 7-11%
higher reuse rates and 34-108 minutes less operational time per data set. However, the results
also showed that the effectiveness of reuse depends strongly on the existing route structure, as
highly consolidated routes mainly benefit through reduced handling time rather than the elimina-
tion of complete route stops. These findings demonstrate that realistic skip container routing can
be substantially improved by explicitly incorporating stacking feasibility and container reuse into
the optimisation process, while also showing that vehicle configurations with higher full container
capacity provide the largest operational benefits.

This study also has several limitations. The first limitation relates to the quality of the data. During
the analysis, some routes included relatively long driving times to disposal facilities despite the
apparent availability of closer alternatives. This raises the question whether these facilities were
truly mandatory for those orders or whether there are inaccuracies within the operational data.
Improving the quality and consistency of the underlying data could therefore further improve
routing performance.

Asecond limitation concerns the operational scope of the model. All analysed orders were treated
as stackable chain-lift skip containers. In practice may transport chain-lift skips, closed skips, and
RoRo skips simultaneously, each requiring different vehicle capacities and handling constraints.
The current model does not support this mixed container setting, which limits direct applicability
in operations where multiple container types are served by the same vehicles.

Additional limitations relate to the scope of the models themselves. Several practical aspects
were intentionally excluded to focus on reuse and stacking feasibility. For example, time windows,
driver rest periods, waiting times at facilities, and limited container availability were not included.
Furthermore, storage locations were assumed to have unlimited capacity and container availabil-
ity. Although these assumptions simplify the modelling process, they may limit direct applicability
in a more constrained operational setting.

Finally, the LNS results are inherently stochastic and therefore subject to variation between runs.
Although ten runs were performed, this may still not fully capture the variability in solution qual-
ity caused by different random seeds. The Case 2B explore behaviour analysis showed that, for
several data sets, the gap between the average and best performing run was substantial. This in-
dicates that the algorithm can occasionally converge to weaker local solutions and suggests that,



in practice, multiple runs should be executed with the best solution selected for implementation
in operational planning.

Future research could extend the model by incorporating the limitations discussed in subsec-
tion 7.2.1, such as time windows, driver rest periods, limited container availability, and capacity
restrictions at storage locations. Including these operational constraints would further improve
the realism of the model and provide additional insight into the trade-offs between operational
complexity and computational performance.

In addition, the variety of order types could be expanded further. Wy et al. (2013) discusses several
additional order types that could be incorporated, such as relocate, where a customer container
is moved between locations, and full from depot, where a full container is first stored at the depot
before later being emptied at a disposal facility.

In addition, the current LNS framework could be expanded into an ALNS, where destroy and repair
operators are selected adaptively based on recent performance rather than randomly. This would
allow a large set of operators to be introduced, as the current model only uses two destroy and
two repair operators. This would allow a larger and more diverse operator set to be incorporated,
potentially improving the balance between diversification and intensification during the search
process.

Further research could additionally focus on improving the current improvement rules. The re-
sults indicated that nearby disposal facility visits were not always combined efficiently, suggest-
ing that additional savings opportunities remain possible. One potential improvement would be
to introduce dedicated clustering strategies for disposal facilities and storage locations, allowing
nearby visits to be evaluated jointly.

Moreover, the choice of RRT as an acceptance criterion was based on findings from the literature,
but alternative acceptance methods, such as SA, may also be suitable for this problem and could
potentially improve solution quality. Finally, experiments under stochastic travel times, dynamic
order arrivals, or uncertain demand conditions would provide further insight into the robustness
of the proposed approach in real operational environments.

The results indicate that supporting stacking across two rows already provides substantial oper-
ational improvements, while extending towards larger stacking heights offers limited additional
benefits in most practical routing situations. The experiments consistently showed that the pri-
mary operational bottleneck is the number of positions available for full containers rather than the
overall stacking height, with the 7 x 3 and 5 x 4 configurations outperforming configurations with
fewer full container positions across most data sets. This suggests that future vehicle configura-
tions should prioritise sufficient capacity for transporting full containers while also accounting for
operational feasibility and legal weight restrictions. In addition, further operational data analysis
and monitoring of routing performance could help identify more optimal vehicle configurations,
since the configurations analysed in this research were primarily based on values from the data
sets together whit complementary ones rather than a complete data driven vehicle configuration
study.

The experiments further showed that container reuse can improve routing efficiency by reduc-
ing unnecessary handling activities, storage visits, and empty transport movements. However,
the results also demonstrated that part of the observed performance improvement originates
from the clustering of geographically close and operationally similar activities within the same
routes, rather than from reuse alone. In several scenarios, reuse eliminated handling operations
without fully removing route stops. This suggests that improving the modelling of stacking feasi-
bility, container compatibility, and route consolidation strategies may provide greater operational
value than focusing exclusively on maximising reuse rates. At the same time, the relatively short
computation times of approximately two minutes per planning scenario create opportunities for
dynamic re-optimisation during the day, allowing routes to be updated when new orders arrive



or operational disruptions occur.

Finally, the experiments highlighted the importance of reliable operational data. Several scenarios
contained unexpectedly long travel times towards disposal facilities, indicating potential inaccura-
cies or inconsistencies in the input data. For practical implementation, AMCS would benefit from
incorporating automatic validation checks before optimisation, for example by verifying travel
times, geographic consistency, and operational feasibility of orders. In addition, because the LNS
algorithm is stochastic, solution quality varies between runs. Since computation times remained
relatively low, practical implementations should execute multiple runs automatically and select
the best-performing solution before dispatching routes. Integrating the optimisation framework
directly into operational planning systems would further enable routing decisions, container avail-
ability, and vehicle capacities to be updated continuously using operational data, thereby improv-
ing both planning reliability and responsiveness.
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Abstract—Growing volumes of construction and demolition
waste create increasing pressure on waste logistics systems.
Skip containers are one of the main container types used for
this type of waste, yet existing routing research still focuses
mainly on large rollon-rolloff (RoRo) containers. As a result, the
operational characteristics of smaller chain-lift skip containers
remain underexplored. In particular, the possibility of stacking
empty containers on a vehicle and directly reusing an empty
container between customers has received limited attention in the
literature. This paper addresses this gap by studying how vehicle
routing for skip container waste collection can be optimised under
container reuse and stacking feasibility constraints.

First, a mixed-integer linear programming (MILP) benchmark
model is developed to represent standard skip container opera-
tions under simplified assumptions. Second, an extended Large
Neighbourhood Search (LNS) metaheuristic is proposed to incor-
porate more detailed stacking rules, direct container reuse, and
multiple storage and disposal location options. The benchmark
and metaheuristic models are evaluated using operational and
algorithmic key performance indicators.

The validation experiments showed that the LNS algorithm
generated solutions within an average deviation below 3% from
the benchmark while requiring substantially shorter runtimes.
Furthermore, the results show that exact optimisation becomes
less practical as the number of customers increases. Across
the larger experiments, vehicle configurations with limited full
container capacity consistently performed worst, indicating that
a primary operational bottleneck lies in the number of available
positions for transporting full containers rather than in stacking
height alone. In addition, reuse reduced total operational time
and improved productivity mainly through reduced handling
time, although the number of vehicles required remained un-
changed. These findings show that detailed stacking constraints
and direct container reuse can be incorporated successfully
into skip container routing models and that these extensions
improve the practical relevance of optimisation for chain-lift skip
operations.

Index Terms—chain-lift skip container, skip container routing,
waste collection, large neighbourhood search, container stacking,
container reuse, vehicle routing problem

I. INTRODUCTION

Construction and demolition activities generate substantial
waste flows that require efficient transportation and collection
systems. Within the European Union, construction and
demolition waste represented approximately 38% of the total
waste generated by economic activities and households in
2022 [1]. On a global scale, construction waste is estimated to
account for 25% to 40% of total solid waste generation, and
this share is expected to continue growing due to increasing
urbanisation, infrastructure development, and population
growth [2]. Consequently, waste collection and transportation

operations form an increasingly important component of
urban logistics systems.

Skip containers are one of the main container types used
to transport construction and demolition waste [3]. Unlike
residential and commercial waste collection, where waste is
emptied directly into the collection vehicle, skip container
operations involve transporting the container itself between
customers, disposal facilities, and storage locations [4], [5].
In practice, several skip container types exist. Most routing
studies focus on large rollon-rolloff (RoRo) containers,
whereas this research considers smaller chain-lift skip
containers that can be stacked on a vehicle. Their stackability
allows multiple containers to be transported simultaneously,
but also introduces additional operational constraints related
to loading feasibility, stacking compatibility, and vehicle
utilisation. These aspects are largely ignored in existing RoRo
vehicle routing problem (RR VRP) literature [3], [S]-[7].

In addition to stacking, skip container operations may allow
the direct reuse of empty containers because the containers
are owned by the same company. Direct reuse refers to
using an empty container collected from one customer
directly at another compatible customer instead of first
returning the container to a storage location. This reuse
possibility reduces unnecessary storage visits and handling
activities, but also introduces additional routing dependencies
because the availability of a container depends on preceding
operations. Although reuse has been considered in a limited
number of skip container routing studies, it is generally not
combined with detailed stacking feasibility constraints [6], [8].

Earlier skip container routing studies focused mainly on
simplified problem variants and therefore relied primarily on
exact optimisation methods [9], [10]. More recent studies
have gradually incorporated additional operational realism,
including multiple disposal facilities, storage locations, and
multiple container types [3], [7], [11], [12]. Nevertheless,
detailed stacking feasibility and direct reuse remain largely
unexplored within skip container routing models.

Incorporating stacking feasibility and reuse dependencies
significantly increases the complexity of the routing
problem. Even simplified variants of skip container routing
have been shown to be NP-hard [9]. Furthermore, exact
optimisation methods become computationally impractical



as routing problems increase in size and complexity, while
neighbourhood-based metaheuristics are widely applied to
solve larger and more realistic VRPs [13], [14]. Therefore,
this paper first develops a mixed-integer linear programming
(MILP) benchmark model representing simplified skip
container operations and subsequently proposes a Large
Neighbourhood Search (LNS) metaheuristic to incorporate
detailed stacking feasibility and direct reuse [15], [16].

The main research question is:

How can vehicle routing for skip container waste

collection be optimised under container reuse and

stacking feasibility constraints?
This paper contributes to the skip container routing literature
in three ways. First, it extends the literature beyond traditional
RoRo assumptions by explicitly modelling chain-lift skip oper-
ations. Second, it develops a LNS metaheuristic that incorpo-
rates stacking feasibility and direct reuse dependencies. Third,
it provides operational insight into how vehicle configuration
and reuse opportunities influence routing performance.

II. LITERATURE REVIEW

Waste collection routing problems are commonly divided into
residential, commercial, and RoRo waste collection systems
[4]. In RoRo operations, the container itself is transported
between customers, disposal facilities, and storage locations
rather than being emptied directly into the vehicle [5],
[16]. Skip container routing belongs to this category and is
therefore modelled as a variant of the RoRo vehicle routing
problem (RR VRP).

Existing skip container routing studies mainly focus on large
RoRo containers. Most studies assume that a vehicle can
transport only one container at a time, while a smaller number
of studies allow up to two containers, often representing a
truck and trailer combination [3], [6], [7], [9], [12]. However,
chain-lift skip containers differ operationally because multiple
empty containers can be stacked on a vehicle. This creates
additional loading constraints related to stacking feasibility
and container compatibility, which are largely ignored in
existing routing models. Detailed stacking of multiple skip
containers has only been considered to a limited extent in the
literature, primarily under simplified operational assumptions

[8].

In addition to stacking, several studies recognise that
empty containers can potentially be reused directly between
customers instead of first returning to a storage location
[6], [8]. Direct reuse can reduce unnecessary driving and
handling activities by allowing a collected empty container
to immediately serve another compatible order. Nevertheless,
reuse introduces additional dependencies between routing
activities because the availability of a reusable container
depends on preceding operations. Existing studies generally
consider reuse only in simplified settings and rarely combine
it with detailed stacking feasibility constraints. The feasibility

of direct reuse depends on the order types involved, since
some orders require an empty container while others provide
one.

This research includes four main order types:

o Pickup: pickup a container at a customer, empty it at a
disposal facility, and transport it to a storage location;

« Delivery: pickup an empty container at a storage location
and deliver it to a customer;

« Change: pickup a container at a customer, empty it at a
disposal facility, and return it to the customer;

o Swap: pickup an empty container at a storage location
and deliver it to a customer, then pickup another container
at the customer, empty it at a disposal facility, and
transport it to a storage location.

The skip container routing literature has gradually
incorporated more realistic operational characteristics
over time. Earlier studies focused mainly on simplified
routing structures and exact optimisation methods [9], [10].
More recent studies extended the scope by introducing
multiple disposal facilities, storage locations, flexible return
possibilities, and multiple container types [3], [7], [11],
[12], [17]. Despite these developments, detailed stacking
feasibility and direct reuse remain largely unexplored within
skip container routing models.

An overview of the main characteristics of previous skip
container and RR VRP studies is provided in Table I. The
table shows that most studies still assume limited vehicle ca-
pacities and simplified loading structures. Furthermore, reuse
is generally modelled only in simplified forms, such as flexible
returns or relocation possibilities, while detailed stacking feasi-
bility is rarely incorporated. Existing studies also increasingly
shift from exact optimisation methods towards neighbourhood-
based metaheuristics as operational complexity increases.
Incorporating detailed stacking feasibility and reuse
dependencies substantially increases the complexity of the
routing problem. Even simplified variants of skip container
routing have been shown to be NP-hard [9]. Consequently,
exact optimisation approaches become computationally
impractical for larger operational instances. This is also
reflected more broadly in vehicle routing literature, where
neighbourhood-based metaheuristics are commonly applied
to solve complex routing problems efficiently [13], [14]. In
particular, Large Neighbourhood Search (LNS) approaches
are well suited for handling large solution spaces with
complex operational constraints [15].

The literature therefore points to two main research gaps. First,
chain-lift skip container routing with detailed stacking fea-
sibility remains largely unexplored. Second, direct container
reuse is still underrepresented, particularly in combination with
detailed loading feasibility constraints. This research addresses
both gaps by explicitly modelling chain-lift skip container
operations with stacking feasibility and direct reuse within a
Large Neighbourhood Search framework.



TABLE I: Skip Container and RR VRP related papers overview (ordered on publication date).

Max vehicle

Reference C . Stacking  Reuse Locations Constraints  Solution Method(s)
apacity

Bodin, Mingozzi, Baldacci, et al. [5] 1 No No SD, SF PEM, SA, DA, TI2

Archetti and Speranza [6] 1 No Reuse SD, MF TW, MC Nearest-neighbourhood

Archetti, Mansini, and Speranza [9] 2 No No SD, SF Exact

Baldacci, Bodin, and Mingozzi [10] 1 No No SD, MF, MY Exact

A Tabu search &

Benjamin and Beasley [18] 1 No No SD, MF ™ neighbourhood search

Wy, Kim, and Kim [16] 1 No No SD, ME, MY TW, MC {;"‘;rg:h neighbourhood

Hauge, Larsen, Lusby, et al. [8] 8 Yes Reuse SD, MF, MY TW, MC Tabu search & .
column generation

Aringhieri, Bruglieri, Malucelli, et al. [19] 1 No No SD, MF MC Neighbourhood based

Li, Jian, Chang, et al. [11] 1 No Relocate  SD, MF, MY ™ MHTP & .
Savings & local search

Raucq, Sorensen, and Cattrysse [7] 2 No No MD, MF, MY TW, MC gLoLuml? g.ener.at!on

euristic pricing
Flexible Variable

Wehlk and Laporte [3] 2 No return MD, MF neighbourhood search

Belenguer, Cubillos, and Wghlk [12] 2 No Sfli(rl:]e SD, MF MILP & Branch-and-cut

This research Variable Yes Reuse SD, MF, MY MC Metaheuristic

SD = single depot, MD = multiple depots, SF = single facility, MF = multiple facilities, MY, multiple storage yards, TW = time windows, MC = multiple

container types.

III. PROBLEM DESCRIPTION

The benchmark problem defines a simplified reference version
of the skip container VRP. The model considers a single
planning day with a fixed fleet of vehicles operating between
one depot, one storage location, multiple customer locations,
and one disposal facility. Furthermore, the benchmark includes
one container type, company-owned containers, unlimited
container availability, unlimited storage capacity at locations,
a maximum stacking height, and fixed handling times. The
routing problem consists of four order types: pickup, delivery,
change, and swap orders.

b

e..‘ Disposal () ® A-
Storageyard A <+ Facility B Qb

) - kd

C A Disposal
Facility A

N

Depot

Fig. 1: Visual of the extended model elements for a sequenced
visit

The extended model builds upon the benchmark formulation
by incorporating additional operational realism. Compared
to the benchmark, the extended model introduces direct
container reuse, multiple container types, more detailed
stacking feasibility constraints, multiple storage locations,
multiple disposal facilities, and differentiated handling
times. In addition, the extended model explicitly considers

compatibility between stacked containers and the operational
dependencies created by reuse possibilities. The additional
modelling elements included in the extended model are
illustrated in blue in Figure 1.

The distinction between the two model scopes is important.
The benchmark model is intended to provide a simplified refer-
ence formulation for verification and comparison purposes. In
contrast, the extended model aims to represent the operational
complexity of practical chain-lift skip container routing more
realistically. Incorporating detailed stacking feasibility and
reuse dependencies substantially increases the complexity of
the routing problem and therefore motivates the use of a
metaheuristic approach instead of relying solely on exact
optimisation methods.

IV. METHODOLOGY
A. Benchmark MILP Model

A MILP model is developed as a benchmark formulation
for the skip container routing problem. The benchmark
represents a simplified version of the operational problem
and is primarily intended to provide high-quality reference
solutions for smaller instances and to support verification and
validation of the metaheuristic approach. The formulation
excludes direct container reuse and models stacking only
through a maximum vehicle capacity.

The benchmark model minimises the total driving time. The
handling time is later added in order to compare with the LNS
results. Routing decisions determine the sequence of visits
between depots, customers, storage locations, and disposal



facilities while ensuring that all orders are completed exactly
once. The formulation includes routing continuity constraints,
vehicle capacity restrictions, disposal requirements for full
containers, and operational sequencing constraints.

B. Large Neighbourhood Search Framework

The extended formulation introduces reuse decision variables
that scale as O(|R|?|V|) and stacking variables that scale with
vehicle positions, stacking levels, and container types, making
exact optimisation impractical for realistic problem sizes.
LNS is therefore applied, with a destroy-repair mechanism
that can handle the interacting stacking, reuse, and precedence
constraints effectively. LNS has been applied successfully in
earlier RR VRP research [15], [16]. The pseudocode of the
main loop is presented in 1.

Initial solution and improvement rules. The initial solution
is constructed using a regret-2 insertion heuristic, guided
by a k-means clustering of customer locations that are
evaluated cluster by cluster in a counter-clockwise sweep
around the depot. Orders are inserted as groups of precedence
related components, with a new vehicle introduced only
when no feasible insertion into existing routes exists. After
construction, four improvement rules are applied to reduce
operational time by combining visits to customers in the
same cluster, the same disposal facility or storage location
and by identifying direct reuse opportunities within a route.
These rules are also applied after every repair phase.

Solution representation. Each solution consists of a set of
vehicle routes represented as ordered sequences of routing
components. During each route, the algorithm tracks vehicle
loads, container states, and stacking positions. Stacking
feasibility constraints ensure that only compatible containers
may be stacked and that only the top position within a stack
may contain a full container. A candidate route is accepted
only if a feasible stacking configuration exists throughout the
entire route.

Search operators. Two destroy and two repair operators
are each selected with equal probability at every iteration.
The destroy operators are random removal and worst-
cost removal. Random removal provides diversification by
removing a percentage of orders at random. Worst-cost
removal promotes intensification by targeting orders with
the highest normalised marginal cost. On the repair side,
customer with highest position regret and random order, both
at the best position, are the operators. Regret-based insertion
prioritises the most constrained removed order by selecting
the position with the biggest difference between its best and
second-best insertion options. Random order insertion shuffles
removed orders and inserts each at its locally best feasible
position to prevent the search from repeatedly reproducing
similar route structures.

Algorithm 1 Large Neighbourhood Search with Linear RRT

1: Input: feasible initial solution z

2: Input: Ay, K, R

3l e,

41+ 1,7r+0

5: while stopping criterion not met do

6 (2', feasible) < REPAIR(DESTROY (z°))
7 if not feasible then

8

9

rr+1
: 14 1+1
10: continue
11: end if

12: A+ Ag(1-4)
13: if c(2') < c(2”) then

14: b, 2t — o

15: 0 , b

16: else if M < A then
c(z’)

17: ¢« o

18: r<+<0

19: else

20: rr+1

21: end if

22: 141+ 1

23: end while
24: return z°

Acceptance criterion and stopping. Candidate solutions are
evaluated using a linear record-to-record travel (RRT) crite-
rion. A candidate z’ is accepted as the new current solution

if

c(x') — c(x?) i

= () W
where z° is the best solution found so far, A, is the initial
threshold, and K is the maximum number of iterations. The
linearly decreasing threshold promotes diversification early
and intensification late. Improving solutions are always ac-
cepted, whereas infeasible solutions are always rejected. The
search ends when one of three stopping criteria is reached:
the iteration limit, the time limit, or a predefined number of
consecutive rejections without improvement [16].

V. EXPERIMENTAL SETUP

The benchmark test cases consist of five scenarios with
customers located in and around Groningen, increasing from
three to seven customers. Orders are selected such that each
order type is represented at least once. Before solving, order
requests from the same customer with the same order type
are combined, and a 5% optimality gap is permitted to limit
computational time.

The LNS experiments use ten operational data sets together
with two additional test cases containing only one container
type to isolate the effect of reuse. Before solving, compatible
orders are merged subject to vehicle capacity constraints, and



TABLE 1II: Overview of data set characteristics.

Data set Total orders Pickup Delivery Swap Change Total containers Container types
Case 1A 30 1 1 17 11 42 8
Case 1B 40 10 10 19 1 48 11
Case 2A 78 11 4 22 41 82 21
Case 2B 70 13 15 35 7 70 16
Case 3 64 9 9 38 8 76 20
Case 4 57 13 9 29 6 58 14
Case 5 38 3 3 17 15 43 15
Case 6 91 7 7 37 40 109 30
Case 7 28 0 1 1 26 31 8
Case 8 29 0 0 4 25 31 11
Test case Case 3 64 9 9 38 8 76 1
Test case Case 4 57 13 9 29 6 58 1

swap orders are decomposed into separate delivery and pickup
orders to increase routing flexibility. Table II summarises
the order type composition of the data sets, while Table III
summarises the available vehicles and facility counts. The
data sets vary from 28 to 91 orders, from 1 to 7 depots, from
5 to 16 disposal facilities, and from 2 to 16 storage locations,
thereby representing a broad range of operational conditions.

TABLE III: Vehicle and facility counts per data set.

Data set Vehicles Depots Disposal Storage
Case 1A 11 3 9 2
Case 1B 9 2 5 2
Case 2A 14 3 16 10
Case 2B 11 3 11 10
Case 3 13 2 8 16
Case 4 9 2 8 10
Case 5 12 2 12 10
Case 6 24 7 13 10
Case 7 6 1 10 11
Case 8 6 4 11 12
Test case Case 3 13 2 8 16
Test case Case 4 9 2 8 10

The LNS experiments compare three vehicle configurations:
3 X7, 7x3, and 5 x 4. The notation refers to the number
of stacking spots multiplied by stacking height, and the
configurations are chosen specifically to test the effect of
full container versus empty container capacity. Besides the
vehicle configuration, service times are also fixed in the base
experiments. The total operational time of a day is set at 540
minutes, while the loading and unloading time of an empty
container is 3 minutes and for a full container 10 minutes.

VI. RESULTS ANALYSIS
A. Benchmark versus LNS

The benchmark results show that total operational time
increases gradually as the number of customers increases,
whereas computational complexity grows exponentially faster.
This confirms that exact optimisation becomes less suitable
for larger operational cases. Furthermore, the benchmark

scenarios show that vehicles are frequently forced to visit
disposal facilities because only a limited number of full
containers can be transported simultaneously. As the routes
become larger and more routing activities must be combined
efficiently within the same route, this restriction increasingly
acts as an operational bottleneck.

TABLE IV: Comparison between benchmark and LNS results
regarding total operational time.

Number Benchmark  Best LNS Gap Avg. LNS Gap
of customers
Without reuse
3 126.6 126.6 +0.0% 126.6 +0.0%
4 200.4 200.4 +0.0% 200.5 +0.0%
5 2279 232.4 +2.0% 234.6 +2.9%
6 302.1 311.9 +3.3% 3153 +4.4%
7 332.6 351.8 +5.8% 351.8 +5.8%
Average +2.2% +2.6%
With reuse
3 126.6 126.6 +0.0% 126.6 +0.0%
4 200.4 194.2 -3.1% 194.2 -3.1%
5 227.9 226.6 -0.6% 229.2 +0.6%
6 302.1 280.6 -1.1% 282.2 -6.6%
7 332.6 316.8 -4.8% 3194 -4.0%
Average -3.1% (absolute) 2.9%

The verification experiments show that the LNS generates
solutions close to the benchmark within substantially
shorter runtimes. In the reuse scenarios, the metaheuristic
even outperforms the benchmark because the benchmark
formulation does not incorporate direct reuse possibilities.
Across the validation runs, the average gap between the
benchmark and the best LNS solution equals 2.2% for the
scenarios without reuse. When reuse is enabled, the LNS
achieves an average improvement of 3.1% relative to the
benchmark. The average absolute deviation across all LNS
runs remains limited to 2.9%, as shown in Table IV.

These results demonstrate that the LNS provides solutions
of sufficient quality relative to the benchmark while
simultaneously incorporating the additional operational
realism of stacking feasibility and direct container reuse.
The relatively limited deviations therefore indicate that the
metaheuristic can effectively approximate the benchmark



solutions while remaining applicable to larger operational
scenarios.

B. LNS Results

Table V presents the average total operational time and
number of vehicles used for each data set across the three
vehicle configurations. A clear and consistent pattern is
visible throughout the experiments: the 3 x 7 configuration
has the highest operational time for every data set. Since the
3 x 7 and 7 x 3 configurations both provide a total capacity
of 21 containers, this difference cannot be explained by
total vehicle capacity alone. Instead, the results indicate that
the operational performance depends primarily on how the
available capacity is distributed between positions for full
and empty containers.

TABLE V: Average total operational time and vehicles used
across configurations for the data sets.

Operational time (min) Vehicles used

Data set 3x7 T7Tx3 5x4 3IxT7T Tx3 5Hx4
Case 1A 2594 2215 2240 6 5 5
Case 1B 2336 2310 2266 6 6 5
Case 2A 4071 3908 3915 9 9 9
Case 2B 3657 3556 3552 9 8 9
Case 3 4872 4541 4484 11 10 10
Case 4 3313 3241 3222 7 7 7
Case 5 2455 2399 2445 5 5 6
Case 6 6610 5944 6067 15 13 14
Case 7 1384 1263 1293 3 3 3
Case 8 1498 1380 1396 4 4 4
Case 3 test case 4811 4433 4450 11 10 10
Case 4 test case 3257 3222 3220 7 8 7

The results show that limited capacity for transporting full
containers frequently result in additional disposal visits, which
increases routing inefficiency and total operational time. As
a result, the 7 x 3 and 5 X 4 configurations consistently
outperform the 3 x 7 configuration across all data sets.
This effect becomes particularly visible in the larger and
more operationally complex cases. For example, in Case
3, the number of vehicles decreases from 11 under the
3 x 7 configuration to 10 under both the 7 x 3 and 5 x 4
configurations, while operational time decreases by more than
330 minutes.The differences between the 7 x 3 and 5 x 4
configurations are considerably smaller than the differences
relative to the 3 x 7 configuration. In several data sets,
the operational time difference remains below 30 minutes.
This suggests that once sufficient positions for transporting
full containers are available, further increases in stacking
height provide only limited additional operational benefit.
Nevertheless, the 7 x 3 configuration achieves the lowest
operational time in most data sets, indicating a small but
consistent advantage over the 5 X 4 configuration.

1) Order Types: The composition of order types also
appeared to influence routing performance. In particular,
swap and change orders showed a stronger sensitivity to the
vehicle configuration. Swap orders involve the largest number
of routing components, while change orders are operationally
restrictive because they require a return to the same customer
after visiting a disposal facility. Unlike other order types,
where routes can often continue towards a shared storage
location, the final movement of a change order is tied to a
fixed customer location, thereby reducing routing flexibility.

The results indicate that data sets with a high share of swap
and change orders generally achieved larger improvements
when using the 7 x 3 configuration instead of the 3 x 7
configuration. Case 1A showed the clearest effect, with 93.3%
of orders consisting of swap or change orders, resulting in a
14.6% reduction in operational time. Similarly, Case 7 and
Case 8 contained predominantly change orders and achieved
operational time reductions of 8.7% and 7.9%, respectively,
despite being among the smaller data sets. In contrast,
Case 1B contained the lowest combined share of swap and
change orders and showed only a limited improvement of
1.1%. These findings suggest that change and swap orders
increase the sensitivity to vehicle configuration, although
the observations remain data set dependent because other
characteristics, such as geography and facility availability,
also differ between cases.

2) Explore Behaviour: To further examine the behaviour
of the LNS algorithm throughout the search process, two runs
from the Case 2B data set are analysed. Case 2B showed the
largest variation in the number of iterations across all data
sets. The selected runs are taken from the 7 x 3 configuration.
Figure 2 shows the run with the highest number of iterations,
while Figure 3 shows the run with the lowest number of
iterations. Run 4 achieved a final operational time of 3415
minutes, whereas run 10 resulted in 3580 minutes. After
the initial solution construction, both runs show a rapid
improvement phase in which the LNS algorithm quickly
identifies substantially better solutions. This indicates that
the destroy and repair operators are effective in exploring
promising neighbourhoods during the early stages of the
search.

Despite the similar initial improvement phase, both runs
exhibit different search behaviour afterwards. Run 4 shows a
relatively stable search trajectory, where the current solution
remains closer to the incumbent solution and accepted
candidate solutions continue to improve operational time over
a larger number of iterations. In contrast, run 10 reaches
a good solution relatively early, but afterwards the current
solution increasingly diverges from the incumbent solution
and many candidate solutions are rejected. This suggests
that the search becomes more exploratory and struggles to
intensify around promising regions of the solution space. The
differences between both runs can largely be explained by



4800 * Best solution

== Current solution
® Accepted candidate
® Rejected candidate
A Infeasible candidate

4600

4400

4200

Total time
S
S
S
S

3800

3600

3400

[ 200 400 600 800 1000 1200
Iteration

Fig. 2: Improvement graph of Case 2B configuration 7 x 3 for
run 4.

the stochastic nature of the LNS framework, where small
differences in the early search trajectory may guide the
algorithm towards different regions of the solution space.
The results therefore suggest that the current implementation
places a relatively strong emphasis on diversification, which
helps avoid premature convergence but may reduce the ability
to consistently intensify around promising regions during
some runs.

3) Route Examples: To further illustrate the routing
behaviour of the LNS algorithm, the Case 2A data set is
analysed for the 7 x 3 configuration. The route overview in
Table VI shows that the higher full container capacity allows
multiple orders at the same customer location to be combined
within a single route. This results in higher vehicle utilisation
and fewer disposal facility visits within the route structure.

The example further shows that the vehicle transports up to
seven full containers simultaneously, which would not be
feasible under the 3 x 7 configuration. The route therefore
illustrates how additional full container positions improve
consolidation possibilities and reduce operational time. This
supports the earlier finding that the number of available
positions for full containers forms the main operational
bottleneck within the routing problem.

C. Stacking Analysis

The stacking results show that high load values occur across
all data sets, although the magnitude differs considerably
between cases. Case 6 and Case 1B reach the highest stacking
values, with maximum loads up to 15 and 14 containers
respectively, while Case 4 and Case 5 remain between 6 and
8 containers. A noticeable pattern is that the highest stacking
values mainly occur in data sets containing larger shares
of swap and change orders, such as Case 6, Case 1A, and
Case 7. These order types involve more routing components
and therefore create stronger incentives to transport multiple
full containers simultaneously. At the same time, the results
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Fig. 3: Improvement graph of Case 2B configuration 7 x 3 for
run 10.

indicate that the highest capacities are not utilised consistently
throughout all routes, but mainly during locally concentrated
route segments where multiple compatible orders can be
combined efficiently.

The comparison between the 7 x 3 and 5 X 4 configurations
further suggests that once sufficient positions for transporting
full containers are available, the precise distribution between
stacking height and stacking rows has only a limited effect
on operational performance. Although both configurations
consistently outperform the 3 x 7 configuration, the operational
differences between them remain relatively small across most
data sets. This indicates that the primary operational benefit
originates from increasing the number of positions available
for transporting full containers rather than from maximising
stacking height itself.

1) Vehicle Layouts: To further examine how stacking
capacity is utilised within the routes, two representative
vehicle layouts are analysed at moments of high loading
levels. The Case 7 layout below shows that the 7 x 3
configuration can temporarily transport up to seven
full containers simultaneously. This supports the earlier
observation that higher full container capacity enables
multiple change orders to be clustered before unloading
occurs at a disposal facility.

The Case 2B layout further shows that high utilisation is not
limited to full containers alone. The vehicle simultaneously
transports full, empty, and large containers within the same
route arc, illustrating the operational flexibility created
by stacking compatibility. At the same time, both layouts
show that some stacking rows remain partially unused,
indicating that operational improvements mainly originate
from combining different container flows efficiently rather
than from maximising the total number of stacking rows
throughout the entire route.



TABLE VI: Route overview of Case 2A 7 x 3 run 8 for vehicle 3.

Driving time Customer Load Load
From To (min) Order Cluster Order type A empty A full empty full
DO 28 0.00 6 1 Change 0 +5 0 5
28 F 12 10.82 6 - Change +5 -5 5 0
F 12 28 12.18 6 1 Change -5 0 0 0
28 28 0.00 7 1 Pickup 0 +3 0 3
28 F 20 7.25 7 - Pickup +3 -3 3 0
F 20 S 11 7.47 7 - Pickup -3 0 0 0
S 11 28 0.18 5 1 Change 0 +7 0 7
28 F 11 0.18 5 - Change +7 -7 7 0
F 11 28 0.18 5 1 Change -7 0 0 0
28 DO 0.00 - - - 0 0 0 0
Total route time: 428.27 minutes
substantially changing the route loading structure. Overall,
FF F — -_— the results consistently show that direct reuse contributes
F F F F F F F E E E E E positively to routing efficiency, although the operational
E - - - - = E E - - _ improvements remain relatively limited.
- T L L - — -

Case 7 Vehicle 2 Case 2B Vehicle 3

D. Reuse Analysis

Additional test cases for Case 3 and Case 4 were analysed in
which the distinction between container types was removed
to create more opportunities for direct container reuse.
The results in Table VII show that the reuse rate increases
consistently across all configurations. For Case 3, the average
increase equals 7.0%, while Case 4 achieves an average
increase of 10.3%. At the same time, total operational time
decreases in every configuration, with reductions ranging
between 34 and 108 minutes.

TABLE VII: Average KPI comparison between original data
sets and reuse test cases.

Data set KPI | \ config — 3x7 Tx3 5x4
reuse rate (%) +7.3 +6.5 +7.3
operational time (min) -61 -108 -34
Case 3 vs testcase  vehicles used 0 0 0
load per arc -0.03  +0.02 -0.14
orders per hour +0.01  +0.02  +0.00
reuse rate (%) +10.8  +11.1 +8.9
operational time (min) -106 -100 -97
Case 4 vs testcase  vehicles used 0 0 0
load per arc -0.08  +0.03  +0.10
orders per hour +0.04 +0.03  +0.03

Despite these improvements, the average number of vehicles
remains unchanged in all cases. This indicates that reuse
primarily improves routing efficiency through reduced
handling activities and more efficient route structures rather
than through fleet size reductions. The load per arc KPI
shows both small increases and decreases, suggesting that
reuse affects route utilisation differently depending on the
route structure. In some cases, reuse enables additional orders
to be combined within the same route, while in other cases
it mainly reduces unnecessary container movements without

E. Sensitivity Analysis

A sensitivity analysis was performed to examine how the
routing results change when service times vary. Two data
sets, Case 5 and Case 8, were analysed using lower service
times (0.75x), the base scenario, and higher service times
(1.25x). The results in Table VIII show that lower service
times consistently improve the main KPIs. For both data
sets, the total operational time decreases substantially, while
productivity in terms of orders per hour increases. In addition,
Case 8 requires only three vehicles in the 0.75x scenario
instead of four in the base case. The results also show higher
stacking utilisation under lower service times, indicating that
more orders can be combined efficiently within the same
routes.

TABLE VIII: Sensitivity analysis summary for different ser-
vice time levels (average results across runs).

Data set  Scenario  Best config  Total time  Vehicles  Orders/hour  Stack util.
Case 5 0.75x 5x4 2099 5 1.09 0.16
Case 5 Base 7x3 2399 5 0.95 0.15
Case 5 1.25% 5x4 2719 6 0.84 0.13
Case 8 0.75% 7x3 1155 3 1.51 0.22
Case 8 Base 7x3 1380 4 1.26 0.17
Case 8 1.25x 7x3 1598 4 1.09 0.15

When service times increase, the opposite pattern emerges.
Total operational time rises, while productivity and stacking
utilisation decrease. For Case 5, the average vehicle usage
increases from five vehicles in the base case to six vehicles
in the 1.25x scenario. This indicates that longer handling
activities reduce operational flexibility and limit the ability
to combine additional containers within the same routes.
Although the preferred vehicle configuration changes slightly
for Case 5, where the 5 x 4 configuration performs marginally
better in the alternative scenarios, the differences between
the 7 x 3 and 5 X 4 configurations remain limited overall.



The sensitivity analysis, therefore, confirms that the LNS
framework responds consistently to changing service time
assumptions.

VII. DISCUSSION

The results show that incorporating detailed stacking
feasibility and direct container reuse improves the practical
relevance of skip container routing models. The computational
experiments demonstrated that the MILP formulation provides
useful benchmark solutions for small cases, but becomes
computationally impractical as the number of customers
and operational constraints increases. In contrast, the
LNS framework generated near optimal solutions within
substantially shorter runtimes while remaining capable of
handling stacking feasibility, multiple facilities, and reuse
dependencies simultaneously. This confirms the suitability
of neighbourhood-based metaheuristics for realistic skip
container routing problems.

From an operational perspective, the experiments consistently
showed that the primary bottleneck lies in the number of
positions available for transporting full containers rather than
in total stacking height alone. Configurations with more full
container positions achieved lower operational times, fewer
disposal visits, and, in some cases, lower vehicle usage. At
the same time, the vehicle layout analysis showed that the
highest stacking levels mainly occur during temporary peak
loading moments within locally concentrated route segments
rather than continuously throughout the routes. Furthermore,
reuse consistently improved operational efficiency, although
the benefits remained relatively limited and mainly originated
from reduced handling activities rather than from eliminating
complete route stops. The experiments also showed that
routing performance depends strongly on data set structure,
facility restrictions, and order composition, particularly for
data sets containing many change orders.

Several limitations remain. The analysed scenarios are
deterministic and based on single day planning scenario,
meaning that uncertainty in travel times, demand, and
container availability is not considered. In addition, practical
constraints such as time windows, waiting times, driver
regulations, and limited storage capacities were excluded
from the current scope. The current model also assumes
that all orders involve stackable chain-lift skip containers,
whereas real operations may simultaneously involve other
skip container types with different operational characteristics.
Finally, the stochastic nature of the LNS framework leads to
variation across runs, indicating that multiple runs should be
performed in practice to obtain consistently strong solutions.

VIII. CONCLUSION

This paper studied how vehicle routing for skip container
waste collection can be optimised under container reuse

and stacking feasibility constraints. A benchmark MILP
formulation was first developed as a simplified reference
model, after which a LNS metaheuristic was proposed to
incorporate stacking feasibility, direct reuse, multiple disposal
facilities, and multiple storage locations.

The results showed that the LNS framework generates
solutions close to the benchmark while requiring substantially
shorter runtimes. In the reuse verification scenarios, the LNS
even outperformed the benchmark by exploiting direct reuse
opportunities between customers. Across the operational
data sets, the 3 x 7 configuration consistently performed
worst, indicating that limited full container capacity forms
the primary operational bottleneck. Once sufficient full
container positions are available, the operational differences
between the 7 x 3 and 5 x 4 configurations become relatively
small. The experiments further showed that high stacking
levels are actively used within practical route structures,
while direct reuse contributes positively to routing efficiency
through reduced handling activities and more efficient route
combinations.

The research, therefore, extends the skip container routing
literature towards a more realistic representation of chain-
lift skip operations by explicitly incorporating stacking
feasibility and direct container reuse. In addition, the results
provide practical insight into how vehicle configurations,
order composition, and reuse opportunities influence routing
performance. Future research could further extend the
framework with stochastic travel times, time windows,
limited container availability, or adaptive operator selection
within an ALNS framework.
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This appendix container the maps of the data sets. The point on the maps mean the following:

+ Red: customer

+ Blue + bin: disposal facility

+ Green + storage: storage location
+ Black + house: vehicle depot

+ Blue + arrows: a combination between disposal facility, storage location, and/or vehicle
depot
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Figure C.1: Map for data set Case 1A.



Figure C.2: Map for data set Case 1B.
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Figure C.3: Map for data set Case 2A.
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Figure C.4: Map for data set Case 2B.
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Figure C.6: Map for data set Case 4.
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Figure C.7: Map for data set Case 5.
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Figure C.8: Map for data set Case 6.



93

Figure C.9: Map for data set Case 7.



94

Figure C.10: Map for data set Case 8.



Here is an overview of pseudocodes that describe different parts of the LNS algorithm.

Algorithm 2 Cluster-Based Route Regret-2 Construction

1: Input: orders R, vehicles V, clustering C
2: Output: initial solution
3: x + empty solution

4: forallC e Cdo > Set of uninserted orders
5: U+ C
6: while U # 0 do
7: forallr € U do
8: c1(r), ea(r) > best and second-best insertion costs
o: p(r) « ca(r) —e1(r)

10: end for

11: r* « argmax,cy p(r)

12 2 < insert r* into x at cost ¢ (r*)

13: U«~U\{r}

14: end while

15: end for

16: Apply improvement rules to

17: return
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Algorithm 3 Random Removal

—_

O VWO NOU A WN =

: Input: solution z

: Output: partial solution 2/, removed set R~
: R+« setofordersinz

g + max{1, |«|R||}

R~ < random subset of R with |[R™| = ¢

. forallr ¢ R~ do

Remove r from z

: end for
: Recompute 2’
: returnz’, R~

> o destroy fraction

Algorithm 4 Worst-Cost Removal

ouhAWN =

: Input: solution z

: Output: partial solution 2/, removed set R~
: R+ setofordersinz

g + max{l, |o|R||}

: forallr € Rdo

x~" « solution obtained by removing r from z

~ca)

c(x)
A(r) «+ TN

: end for

: R~ « set of g orders with largest A(r)
10:
11:
12:
13:
14:

forallr c R~ do
Remove r from z

end for

Recompute

return z’, R~

>« destroy fraction

> Normalised marginal cost

Algorithm 5 Regret-Based Repair

_ A s s a

N hAhEWN=

: Input: partial solution z, removed orders R~
: Output: repaired solution '

U+ R

: while U # 0 do

forallr € U do
Determine ¢;(r) and cx(r)
p(r) = ca(r) — ci(r)
end for
r* < argmax,cy p(r)
x < insert r* into z at cost ¢; (")
U« U\{r}

. end while

: Apply improvement rules to x
N

. return z’




Algorithm 6 Random Repair

: Input: partial solution z, removed orders R~
: Output: repaired solution '
: Shuffle R~
: forallr € R~ do
Determine ¢ (r)
x + insert r into z at cost ¢, (r)
end for
: Apply improvement rules to x
< x
. return o’

O VWO NOU DA WN =

—_

Algorithm 7 Record-to-Record Travel Acceptance

Input: candidate solution 2/, current solution ¢, best solution z°

Input: iteration 7, maximum iterations K, initial threshold A,

Output: updated (z°, z¢)

if 2/ infeasible then
return (z°, z°)

end if

if c(z') < c(z) then
xb o
x¢

. else if M

C\T

12: x¢

13: end if

14: return (z°, z°¢)

OV N ARWN=

_

< A then

—_
—_




In this appendix, an overview of the KPIs for each data set is presented. It begins with additional
results from the benchmark model alongside the validation results of the LNS algorithm. Sub-
sequently, the results of the LNS algorithm are presented in alphabetical order, including two
additional test cases for reuse, and conclude with the sensitivity analysis.

Operational and computational performance with reuse for increasing numbers of customers. The LNS
results are averaged over 5 runs.

KPI Units 3cust. 3cust. 4cust. 4cust. S5cust. 5cust. 6cust. 6cust. 7cust. 7cust.

BM LNS BM LNS BM LNS BM LNS BM LNS
Total operational time min 1266 1266 2004 1942 2279 2292 3021 2822 3326 3194
Vehicles used # 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Container reuse rate % 0.0 0.0 0.0 11.0 0.0 10.0 0.0 16 0.0 15.3
Avg. vehicle load per arc # 2.0 1.8 4.0 2.3 4.2 2.3 5.9 3.0 7.2 2.6
Avg. stacking utilisation % 0.2 0.1 0.4 0.2 0.4 0.2 0.6 0.2 0.7 0.2
Avg. travel time per container min 317 317 334 32.4 32.6 32.7 33.6 314 333 31.9
Order per hour completed # 1.9 1.9 1.5 1.5 1.6 1.6 1.4 1.5 1.4 1.5
Computational time min 0.0 0.2 0.1 0.4 0.1 0.6 7.3 0.6  230.6 0.9
Optimality gap % 0.0 - 4.4 - 4.9 - 5.0 - 5.0 -

Operational and computational performance without reuse for increasing numbers of customers. The LNS
results are averaged over 5 runs.

KPI Units 3cust. 3cust. 4cust. 4cust. S5cust. 5cust. 6cust. 6cust. 7cust. 7cust.

BM LNS BM LNS BM LNS BM LNS BM LNS
Total operational time min 1266 1266 2004 2005 2279 2346 302.1 3153 3326 3518
Vehicles used # 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0
Container reuse rate % 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Avg. vehicle load per arc # 2.0 1.8 4.0 3.5 4.2 3.2 5.9 34 7.2 3.7
Avg. stacking utilisation % 0.2 0.1 0.4 0.3 0.4 0.3 0.6 0.3 0.7 0.3
Avg. travel time per container min 31.7 31.7 334 334 326 335 33.6 35.0 333 35.2
Order per hour completed # 1.9 1.9 1.5 1.5 1.6 1.5 1.4 1.3 1.4 1.4
Computational time min 0.0 0.2 0.1 0.3 0.1 0.6 7.3 0.6  230.6 1.0
Optimality gap % 0.0 - 4.4 - 4.9 - 5.0 - 5.0 -
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KPI comparison across configurations for Case 1A

KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 6 - run 8 - run 4 -
iterations 1136 883 1093 859 666 790
total operational time 2525 2594 2137 2215 2144 2240
vehicles used 6 6 5 5 5 5
container reuse rate 2.0% 5.1% 3.5% 4.1% 3.5% 4.5%
avg load per arc 2.70 2.45 4.10 3.91 4.40 3.22
avg stacking utilisation 0.13 0.12 0.20 0.19 0.22 0.16
avg travel time per container 60.12 61.76 50.87 52.74 51.04 53.32
orders per hour 0.71 0.69 0.84 0.81 0.84 0.80
runtime (min) 1.03 0.77 0.72 0.54 0.42 0.48
KPI comparison across configurations for Case 1B
KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 10 - run 3 - run 10 -
iterations 731 681 1105 606 436 673
total operational time 2271 2336 2273 2310 2124 2266
vehicles used 5 6 5 6 5 5
container reuse rate 3.1% 4.4% 4.6% 3.4% 5.3% 5.0%
avg load per arc 3.63 2.97 3.95 3.62 3.59 3.36
avg stacking utilisation 0.17 0.14 0.19 0.17 0.18 0.17
avg travel time per container 47.31 48.66 47.36 48.13 44.26 47.20
orders per hour 1.06 1.03 1.06 1.04 1.13 1.06
runtime (min) 1.76 1.57 2.38 1.33 1.04 1.53
KPI comparison across configurations for Case 2A
KPI | \ config — 3xT7hest 3xT7avg T7x3best 7x3avg 5x4best 5x4avg
run number run 4 - run 8 - run 2 -
iterations 1250 1194 1250 1112 1250 1056
total operational time 4005 4071 3835 3908 3814 3915
vehicles used 9 9 8 9 8 9
container reuse rate 2.2% 1.4% 1.2% 1.1% 1.2% 1.3%
avg load per arc 2.65 2.38 3.44 3.15 3.21 2.82
avg stacking utilisation 0.13 0.1 0.16 0.15 0.16 0.14
avg travel time per container 48.84 49.65 46.77 47.65 46.51 47.74
orders per hour 1.17 1.15 1.22 1.20 1.23 1.20
runtime (min) 4,99 4.75 3.40 3.14 4.00 3.28




KPI comparison across configurations for Case 2B

KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 8 - run 4 - run 3 -
iterations 859 655 1250 898 935 723
total operational time 3520 3657 3415 3556 3462 3552
vehicles used 8 9 8 8 8 9
container reuse rate 4.7% 4.6% 3.3% 4.9% 4.7% 4.3%
avg load per arc 2.55 2.20 2.82 2.68 3.08 2.82
avg stacking utilisation 0.12 0.10 0.13 0.13 0.15 0.14
avg travel time per container 50.28 52.24 48.79 50.80 49.45 50.74
orders per hour 1.19 1.15 1.23 1.18 1.21 1.18
runtime (min) 6.71 4.99 9.67 6.70 6.94 5.38
KPI comparison across configurations for Case 3
KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 5 - run 3 - run 4 -
iterations 1250 725 993 782 1250 799
total operational time 4743 4872 4318 4541 4333 4484
vehicles used 11 " 10 10 9 10
container reuse rate 6.8% 4.9% 4.3% 5.4% 2.2% 4.7%
avg load per arc 2.1 2.09 2.81 2.54 2.55 2.50
avg stacking utilisation 0.10 0.10 0.13 0.12 0.13 0.12
avg travel time per container 62.41 64.11 56.81 59.75 57.01 59.00
orders per hour 0.81 0.79 0.89 0.85 0.89 0.86
runtime (min) 11.31 6.53 7.94 6.37 10.33 6.57
KPI comparison across configurations for Case 4
KPI | \ config — 3xT7hest 3xT7avg 7x3best 7Tx3avg 5x4best 5x4avg
run number run 3 - run 7 - run 6 -
iterations 608 891 1236 1003 736 995
total operational time 3276 3313 3168 3241 3152 3222
vehicles used 7 7 7 7 7 7
container reuse rate 5.6% 5.7% 5.1% 6.2% 7.2% 7.1%
avg load per arc 247 2.41 2.91 2.67 2.51 2.62
avg stacking utilisation 0.12 0.1 0.14 0.13 0.13 0.13
avg travel time per container 56.49 57.12 54.62 55.88 54.35 55.55
orders per hour 1.04 1.03 1.08 1.06 1.09 1.06
runtime (min) 3.52 5.07 6.89 5.21 3.86 5.27
KPI comparison across configurations for Case 5
KPI | \ config — 3x7hbest 3x7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 3 - run 8 - run 9 -
iterations 1250 1070 958 909 1250 1073
total operational time 2392 2455 2348 2399 2361 2445
vehicles used 5 5 5 5 5 6
container reuse rate 5.2% 5.0% 1.7% 3.2% 1.7% 2.6%
avg load per arc 3.24 2.51 3.23 3.08 2.91 2.81
avg stacking utilisation 0.15 0.12 0.15 0.15 0.15 0.14
avg travel time per container 55.63 57.09 54.60 55.79 54.90 56.87
orders per hour 0.95 0.93 0.97 0.95 0.97 0.93
runtime (min) 1.92 1.59 1.44 1.30 1.80 1.53




KPI comparison across configurations for Case 6

KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 3 - run 2 - run 1 -
iterations 477 863 498 816 818 812
total operational time 6479 6610 5874 5944 5972 6067
vehicles used 15 15 14 13 13 14
container reuse rate 1.8% 3.1% 4.7% 3.4% 4.2% 4.0%
avg load per arc 242 2.36 2.73 2.86 2.70 2.65
avg stacking utilisation 0.12 0.1 0.13 0.14 0.13 0.13
avg travel time per container 59.44 60.64 53.89 54.53 54.78 55.66
orders per hour 0.84 0.83 0.93 0.92 0.91 0.90
runtime (min) 6.32 12.30 5.09 8.26 8.95 8.78
KPI comparison across configurations for Case 7
KPI | \ config — 3xT7hest 3x7avg T7x3best 7x3avg 5x4best 5x4avg
run number run 2 - run 5 - run 9 -
iterations 1250 1125 1129 1229 1138 1143
total operational time 1373 1384 1247 1263 1270 1293
vehicles used 3 3 3 3 3 3
container reuse rate 0.0% 0.0% 0.0% 0.4% 0.0% 0.0%
avg load per arc 2.29 2.39 4.61 4.01 3.15 2.97
avg stacking utilisation 0.11 0.11 0.22 0.19 0.16 0.15
avg travel time per container 44.28 44.65 40.24 40.75 40.98 41.70
orders per hour 1.22 1.21 1.35 1.33 1.32 1.30
runtime (min) 0.63 0.57 0.54 0.55 0.43 0.41
KPI comparison across configurations for Case 8
KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 5 - run 4 - run 4 -
iterations 1176 1099 1043 1057 1030 917
total operational time 1484 1498 1348 1380 1367 1396
vehicles used 4 4 4 4 4 4
container reuse rate 5.0% 4.5% 2.9% 3.2% 2.9% 2.3%
avg load per arc 2.78 2.99 4.44 3.56 3.73 3.43
avg stacking utilisation 0.13 0.14 0.21 0.17 0.19 0.17
avg travel time per container 47.88 48.33 43.50 44.52 44.10 45.03
orders per hour 1.17 1.16 1.29 1.26 1.27 1.25
runtime (min) 1.51 1.40 0.92 0.89 0.84 0.68




KPI comparison across configurations for the test case Case 3

KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 1 - run 1 - run 3 -
iterations 1089 887 354 953 1250 953
total operational time 4731 4811 4265 4433 4348 4450
vehicles used 11 11 11 10 9 10
container reuse rate 7.6% 12.2% 12.6% 11.9% 12.2% 12.0%
avg vehicle load per arc 2.04 2.06 2.74 2.56 2.59 2.36
avg stacking utilisation 0.10 0.10 0.13 0.12 0.13 0.12
avg travel time per container 62.25 63.31 56.12 58.33 57.20 58.56
orders per hour 0.81 0.80 0.90 0.87 0.88 0.86
runtime (min) 10.03 8.62 3.95 10.26 13.23 9.45
KPI comparison across configurations for the test case Case 4
KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 4 - run 4 - run5 -
iterations 669 1023 646 948 692 807
total operational time 3157 3207 3078 3141 3039 3125
vehicles used 8 7 7 7 7 7
container reuse rate 14.4% 16.5% 16.9% 17.3% 16.4% 16.0%
avg vehicle load per arc 2.29 2.33 2.86 2.70 3.22 2.72
avg stacking utilisation 0.11 0.1 0.14 0.13 0.16 0.14
avg travel time per container 54.43 55.30 53.06 54.16 52.40 53.88
orders per hour 1.08 1.07 1.11 1.09 1.13 1.09
runtime (min) 4.05 6.17 3.60 5.21 4.00 4.49
KPI comparison across configurations for Case 5 (0.75x service times)
KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 3 - run 3 - run 1 -
iterations 850 1046 705 987 1232 1032
total operational time 2088 2164 2030 2114 2031 2099
vehicles used 5 5 4 5 4 5
container reuse rate 1.7% 3.7% 7.8% 4.2% 6.1% 4.7%
avg load per arc 2.54 2.52 3.17 3.20 3.59 3.19
avg stacking utilisation 0.12 0.12 0.15 0.15 0.18 0.16
avg travel time per container 48.56 50.33 47.22 49.17 47.24 48.81
orders per hour 1.09 1.05 1.12 1.08 1.12 1.09
runtime (min) 1.42 1.79 1.16 1.63 1.99 1.62




KPI comparison across configurations for Case 5 (1.25x service times)

KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 4 - run 10 - run 5 -
iterations 1250 1138 1250 1070 1250 1181

total operational time 2690 2782 2676 2767 2621 2719
vehicles used 6 6 6 6 6 6
container reuse rate 6.1% 5.4% 8.7% 5.8% 4.3% 4.8%
avg load per arc 2.81 2.28 2.60 2.57 2.46 2.60
avg stacking utilisation 0.13 0.1 0.12 0.12 0.12 0.13
avg travel time per container 62.57 64.70 62.24 64.36 60.95 63.24
orders per hour 0.85 0.82 0.85 0.82 0.87 0.84
runtime (min) 1.93 1.69 1.82 1.49 1.84 1.70

KPI comparison across configurations for Case 8 (0.75x service times)
KPI | \ config — 3xT7hest 3x7avg T7x3best 7x3avg 5x4best 5x4avg
run number run 8 - run 2 - run 7 -
iterations 869 872 1250 1014 1250 1038
total operational time 1264 1297 1118 1155 1149 1162
vehicles used 3 3 3 3 3 3
container reuse rate 2.5% 3.5% 2.9% 2.6% 2.9% 2.9%
avg load per arc 3.52 3.18 3.89 4.56 5.09 4.42
avg stacking utilisation 0.17 0.15 0.19 0.22 0.25 0.22
avg travel time per container 40.77 41.84 36.08 37.25 37.06 37.49
orders per hour 1.38 1.34 1.56 1.51 1.51 1.50
runtime (min) 1.19 1.19 1.37 1.04 1.20 0.96
KPI comparison across configurations for Case 8 (1.25x service times)

KPI | \ config — 3xT7hest 3xT7avg 7x3best 7x3avg 5x4best 5x4avg
run number run 4 - run 8 - run 2 -
iterations 534 1051 1018 1065 687 922
total operational time 1686 1701 1584 1598 1569 1603
vehicles used 5 4 4 4 4 4
container reuse rate 5.0% 4.2% 0.0% 2.3% 2.9% 2.9%
avg load per arc 2.65 2.77 3.77 3.23 3.82 3.14
avg stacking utilisation 0.13 0.13 0.18 0.15 0.19 0.16
avg travel time per container 54.37 54.87 51.08 51.54 50.60 51.73
orders per hour 1.03 1.02 1.10 1.09 1.1 1.09
runtime (min) 0.55 1.10 0.76 0.79 0.52 0.66
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Pickup order type (Hauge et al., 2014).
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Delivery order type (Hauge et al., 2014).
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Change order type (Hauge et al., 2014).
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Swap order type (Hauge et al., 2014).
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