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ARTICLE INFO ABSTRACT

Edited by: Dr J Zhu Trailer detention at delivery locations, frequently caused by the time-consuming (un)packing process, presents a
significant challenge in container drayage. Despite extensive research on container drayage, the specific issues
stemming from trailer detention remain relatively underexplored. This study addresses a trailer-detention-
constrained multi-trailer drop-and-pull container drayage problem, incorporating flexible service starting
times and time windows. The detained trailers differ from standard trailers as they require only a single pickup
operation within the planning horizon, rather than the typical two-step delivery and subsequent pickup. These
pickup operations must be completed within specified time windows due to their potential to disrupt logistics
efficiency and often require time-sensitive handling. Furthermore, time windows are imposed on normal trailer
deliveries, as these operations initiate the (un)packing process, which can impact the operational efficiency of
customer activities. The problem involves tractors capable of towing multiple trailers, utilizing the drop-and-pull
method for detachment and reattachment. Tractors possess the flexibility to select their service starting times. To
address the inherent complexity of this problem, a mixed-integer programming model is developed alongside a
tailored heuristic algorithm. The algorithm leverages a modified Clarke-and-Wright algorithm to generate both
rapid and high-quality initial solutions. It strategically integrates the mathematical model, ensuring solution
quality is maintained without compromising computational efficiency. To further enhance solution efficiency, a
route-based release-fix-optimize method is implemented. Extensive computational experiments validate the ef-
ficacy of the proposed methods and examine the impact of time windows and detained inbound and outbound
requests on transportation plans, offering valuable insights for effectively managing logistics systems.
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1. Introduction

Container drayage, a crucial element of intermodal freight transport,
predominantly involves the short-haul delivery and pickup of shipping
containers between intermodal terminals and customer facilities, typi-
cally utilizing tractor-trailer combinations [13,24]. It provides essential
short-haul trucking in intermodal transportation, connecting ships,
trains, and trucks to ensure efficient freight movement [20]. Despite the
relatively limited distances compared to long-haul transport modes like
maritime or rail, drayage activities account for a disproportionately
large share of total logistics costs, potentially reaching up to 30% of
expenses within the container supply chain [14]. Moreover, these

operations generate considerable negative externalities, such as
heightened traffic congestion and environmental degradation, thereby
impacting urban and regional mobility systems substantially [26].
Consequently, the optimization of drayage operations has become a
primary concern for both transportation providers and logistics spe-
cialists. Enhanced scheduling and planning not only improve opera-
tional efficiency but also contribute to significant cost savings and the
achievement of sustainability objectives. This critical relevance has
attracted increasing attention within the scholarly community, resulting
in valuable research findings and progress in the realm of drayage
management methodologies [11,35,39,51,54].

Container drayage operations commonly encompass the delivery and
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Fig. 1. Waiting time of tractors in different situations of tractor arrival.

pickup of containers. This entails transporting inbound, fully loaded
containers from depots to consignees, followed by the collection of the
corresponding empty containers post-unpacking. Conversely, it also
involves delivering empty containers to shippers and retrieving
outbound, fully loaded containers for subsequent return to the depot
after packing [15,40,49,52]. Given that containers are typically coupled
with trailers, any delivery or pickup of containers inherently necessi-
tates the handling of the affiliated trailers [25,38,39]. Traditionally,
pickup operations are assumed to follow delivery operations within the
same planning horizon [33,36,41]. However, the time-consuming na-
ture of the (un)packing process, frequently compounded by logistical
resource constraints, often leads to delivery trailers being detained at
customer locations. Consequently, pickup operations for these trailers
cannot always be completed within the same planning period, intro-
ducing complexities into drayage scheduling and execution.

From a logistical scheduling perspective, trailer detention in
container drayage presents at least two noteworthy operation issues.
First, the detention of trailers creates a scarcity within the current
planning cycle, necessitating meticulous trailer scheduling or reposi-
tioning strategies to maintain uninterrupted transportation services.
Second, the (un)packing processes associated with detained trailers,
which extend beyond the confines of the current planning cycle, are
subsequently deferred to future planning cycles. Consequently, these
subsequent planning periods must accommodate supplementary trans-
portation tasks solely focused on pure container pickup operations,
distinct from the conventional delivery-and-pickup task combinations.
These pure pickup operations, originating from detained trailers, are
often urgent and thus require adherence to specific time window con-
straints. Furthermore, for conventional delivery-and-pickup operations,
the delivery phase must also be completed within designated time
windows. This ensures the smooth progression of customers’ activities,
as delivery timing directly influences and determines the scheduling and
execution of subsequent pickup operations.

The first issue outlined above has attracted some attention in the
existing literature, as evidenced by studies such as [13]. In this scenario,
tractors and trailers can represent distinct yet interdependent resources
that require coordinated management. Consequently, the scheduling
problem encompasses the strategic repositioning of trailers to guarantee
their sufficient availability for upcoming container movements. Tractors
and trailers are integral components of the transportation task and
necessitate synchronized scheduling. However, the problem setup and
its associated requirements differ significantly from that of the second
issue, which is the focus of the current paper. In the second issue, not
only do tractors and trailers require joint scheduling as essential com-
ponents of the primary transportation task, but the trailers themselves
also constitute secondary transportation tasks that must be completed
within a defined timeframe.

However, the second issue remains substantially under-explored.
While the body of research pertaining to container drayage is

considerable, the majority of investigations have concentrated on
various other practical application requirements. These encompass
areas such as the transport of foldable containers [55], the handling of
multi-size containers [26], multi-period operational planning [17],
multi-trip route optimization [15], container availability management
[4], addressing limitations in empty container availability [52], and
scheduling across multiple working shifts [47].

Considerable attention has also been directed towards the drop-and-
pull operational mode, wherein tractors and trailers can function inde-
pendently, thereby increasing operational flexibility [40,49]. This
operational model involves decoupling the tractor and trailer at the
customer’s location. This allows the tractor to continue operations with
additional transport assignments while the customer handles trailer (un)
packing, thereby improving vehicle utilization and lowering trans-
portation costs. For example, Xue et al. [49] implemented the
drop-and-pull mode for local container drayage, enabling container
sharing among multiple customers. They addressed the challenges of
large-scale implementation with a tabu search algorithm that effectively
translates the problem into one with time windows [40]. Advanced the
drop-and-pull operation by integrating adaptable work break sched-
uling, thereby increasing the intricacy of the decision process. Generally,
a central and appealing feature of the involved problems is the inter-
connectedness of the various vehicle routes. This contrasts with the
conventional practice of tractors and trailers remaining permanently
coupled [7,10,17,22].

The majority of investigations into the drop-and-pull mode assume
that a tractor can only tow a single trailer at any given time [33,36,41].
Recently, there has been a growing interest in permitting tractors to tow
multiple trailers simultaneously [38,39,54]. While these studies provide
valuable context, they do not directly address the critical issue of trailer
detention. Specifically, Zhang et al. [54] examined flexible service
times, Wang et al. [38] focused on multi-trip operational scenarios, and
Wang et al. [39] explored route balancing strategies. This absence of
research on trailer detention highlights a significant gap in the existing
literature, which this study aims to fill.

Flexible service starting time, an important and intriguing feature of
container drayage services, has been demonstrated to significantly
enhance the formation of compact and efficient transportation plans,
particularly in the context of drop-and-pull drayage [54]. In the
drop-and-pull mode, trailers are detached and left at customer locations
to undergo (un)packing, with subsequent pickup by a tractor. In such
scenarios, if a tractor arrives prior to the completion of the (un)packing
process, unproductive waiting periods become unavoidable, thus
undermining the compactness and efficiency of transportation schedules
(as illustrated in Fig. 1). Conversely, if a tractor arrives precisely at, or
subsequent to, the completion of the (un)packing, waiting is eliminated,
thus enabling smoother and more efficient operations. To achieve this
optimal scenario, adopting a flexible service starting time is full of po-
tential. It allows the tractor to adjust its departure time from the depot,
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on one route in isolation. It should be recognized that simultaneous variations in service start times for multiple routes are common, creating complex and interwoven

dependencies.).

delaying it if necessary, thus influencing the arrival time at the cus-
tomer’s location and reducing waiting time. Such flexibility facilitates
better synchronization between the tractor’s schedule and the cus-
tomer’s (un)packing process, minimizing inefficiencies and contributing
to the overall effectiveness of the drayage operation. While [54]
addressed the challenge of flexible time constraints with a mature and
efficient heuristic method leveraging path coupling characteristics, a
limitation remains in that it cannot guarantee optimal working time
solutions. Subsequent research by [38,39] sought to overcome this by
employing a mathematical model-based approach, successfully applying
it to the multi-trailer drop-and-pull container drayage problem. How-
ever, these models did not consider the potential issue of trailer
detention.

Recognizing the practical importance of flexible service starting time
and the research gap in trailer detention, this paper investigates a trailer-
detention-constrained multi-trailer drop-and-pull container drayage
problem with flexible service starting time and time windows (TDC-
MTDAPCD-FSTW). Flexible service starting time, though highly bene-
ficial, is notoriously complex to implement, because, as demonstrated by
[54], determining departure times from the depot is challenging due to
the inherent precedence constraints introduced by the drop-and-pull
mode, where different tractors can be involved in fulfilling tasks with
sequential service requirements.

The sequential nature of service requirements generates an inter-
twined transportation network, which exacerbates operational
complexity, as adjustments to the service starting time on one route can
rapidly cascade to others (see Fig. 2). Predictably, concurrent modifi-
cations across multiple routes amplify these interdependent effects,
further complicating the optimization of service starting times. The
problem becomes even more intricate with the integration of time
windows, as their lower and upper bounds function as critical con-
straints in determining service starting times. These bounds augment
route interdependence, making route plans highly sensitive and sus-
ceptible to disruptions resulting from even minor alterations.

To address these aforementioned challenges, a mixed-integer pro-
gramming model is formulated to provide a rigorous framework for
solving the problem. Based on this model, a mathematically-informed
heuristic algorithm is developed. In contrast to the heuristic approach
proposed by [54], this mathematically-informed heuristic algorithm
ensures the optimality of flexible service starting times for given trans-
portation routes. Although [38,39] employed a comparable methodol-
ogy, their approach relied on post-optimization, applying the method to

refine an already established transportation planning network. This
direct application to the complete network resulted in a substantial
problem scale, significantly increasing the computational complexity. In
contrast, this paper integrates model application with the operator’s
operational process in a synchronized manner. Furthermore, to enhance
its computational efficiency, a route-based release-fix-optimize meth-
odology is incorporated, enabling effective management of the prob-
lem’s intricate scheduling requirements.
To summarize, the contributions of this paper are threefold:

1. This study formally addresses the TDC-MTDAPCD-FSTW. The prob-
lem is rarely considered in its entirety within the container drayage
transport literature. In contrast to studies that focus solely on normal
container transport tasks, this study incorporates both detained and
normal tasks, allowing tractors to utilize the drop-and-pull operation
to tow multiple trailers. Furthermore, unlike studies that necessitate
immediate vehicle deployment at the start of the planning horizon,
this study allows tractors to flexibly select their service start times at
the depot. Time windows, motivated by the time-sensitive nature of
detained tasks and delivery schedules, significantly increase the
complexity of the problem. Coupled with the flexible service starting
times, these constraints not only amplify the interdependence of
routes but also increase the susceptibility of the transport network to
disruptions, making the generation of feasible and efficient trans-
portation plans a considerable challenge.

2. A mixed-integer programming model is developed as an exact solu-
tion framework for the problem. This model provides a rigorous
mathematical formulation to optimize key decision variables,
ensuring the best possible outcomes within the operational con-
straints. Building upon this model, a mathematical-model-based
heuristic algorithm is designed to efficiently solve the problem.
This heuristic algorithm incorporates the model to optimize service
start times and to determine optimal vehicle working times for the
given transportation plan, thereby providing an effective method for
tackling large-scale problems. Unlike most post-optimization ap-
proaches applied to complete networks [38,39], which often
encounter high computational complexity, this algorithm integrates
directly with the operator’s operational processes. In addition, a
route-based release-fix-optimize approach is introduced within the
heuristic. By operating on subsets of the transport networks using an
asymptotic algorithm, the operator reduces computational
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Table 1

Summary of the container drayage studies.
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Articles S MT/ ITD FSST TW  Objective Problem elements Solution approaches
C
[53] v Working time Multiple depots Window partition
[25] \/ \/ Travel distance, Limited vehicle, vehicle synchronization Mathematical formulation, large
completion time and un-served neighborhood search
requests
[49] \/ Employed vehicles and travel time Reuse of empty container, vehicle Mathematical formulation, tabu search
synchronization
[33] \/ \/ Completion time Maintenance of empty container, no Mathematical formulation, branch-and-
inbound empty container price-and-cut
[371 \/ \/ \/ Travel time Containers of different size Mathematical formulation, variable
neighborhood search
[55] \/ \/ \/ \/ Working time Foldable container Tabu search
[36] \/ \/ Travel distance, Limited vehicle, vehicle synchronization Branch-and-price-and-cut
completion time and un-served
requests
[31] \/ Working time Limited vehicle, multiple depots and non- ~ Mathematical formulation
uniform service time
[26] \/ \/ \/ Served requests minus travel time Containers of different size, coupling and ~ Mathematical formulation
precedence requirement, live and
separation tasks
[52] vV Employed vehicles and working time Limited empty container Mathematical formulation, large
neighborhood search
[4] \/ \/ Routing costs, penalty costs related to ~ Readiness of container, homogeneous Mathematical formulation, variable
working hours, plan change and late fleet neighborhood search
arrival
[17] \/ Routing costs and penalty for Containers of different size, multiple Mathematical formulation
customer working days, variable service time
[54] \/ \/ \/ Working time Multi-trailer drop-and-pull transport Mathematical formulation, backtracking
adaptive threshold accepting algorithm
[471 \/ Travel distance Multiple working shifts Mathematical formulation, hybrid
pricing and cutting
[10] \/ Employed vehicles and transportation ~ Containers of different size, Mathematical formulation, hybrid
cost heterogeneous fleets heuristic
[9] \/ \/ \/ Employed vehicles and routing cost Containers of different size, Mathematical formulation, branch-and-
heterogeneous fleets, compatibility cut
[19] \/ \/ Transportation reward Containers of different size, uncertainty Mathematical formulation, combination
of request of reinforcement learning and integer
programming
[13] \/ \/ \/ Transportation profit Containers of different size, trailer Two-stage hybrid heuristic based on
detention, dial-a-ride mathematical models
[51 Y/ Vv y/ Travel time and penalty on violating Dynamic containers of different size Mathematical formulation, variable
time widow neighborhood search
[38] \/ \/ \/ Employed vehicles and working time Multiple trips, multi-trailer drop-and-pull ~ Mathematical formulation, adaptive
transport, vehicle synchronization large neighborhood search
[41] \/ \/ Employed vehicles, completion time Controllable vehicle synchronization Mathematical formulation, branch-price-
and travel time and-cut
[15] \/ \/ Travel time Multiple trips, resource synchronization Mathematical formulation, branch-and-
price
[28] \/ \/ Driver and fuel Truck platooning, laden-or-empty state of =~ Mathematical formulation, simulated
trucks, vehicle synchronization annealing
[50] \/ \/ Driver, vehicle, fuel and travel time Truck platooning, fuel cost, movable Mathematical formulation, simulated
drivers, vehicle synchronization annealing
[51] \/ \/ Transportation cost Truck platooning, multi-trip, fuel cost, Branch-and-price-and-Cut
vehicle synchronization
[35] \/ \/ Working time Stochastic (un)loading and travel time, Mathematical formulation
flexible orders
[18] v v Working time Truck appointment Mathematical formulation, genetic
algorithm
[39]1 \/ \/ \/ Employed vehicles, working time and ~ Equality of working time, multi-trailer Mathematical formulation, matheuristic
penalty for route imbalance drop-and-pull transport, vehicle algorithm
synchronization
[40] \/ Employed vehicles and completion Break time for driver, vehicle Mathematical formulation, matheuristic
time synchronization algorithm
This \/ \/ \/ \/ \/ Working time Homogeneous fleet, multi-trailer drop- Mathematical formulation, matheuristic
paper and-pull transport, vehicle algorithm

synchronization

SP: Separation of trailer, container or truck.
MT/C: Multiple trailers, containers or trucks can be carried by the vehicle.
ITD: Issue of trailer detention.

FSST: Flexible service starting time.

TW: Time window.
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complexity, and significantly enhances the algorithm’s performance
and computational efficiency.

3. A series of extensive numerical experiments are conducted to vali-
date the effectiveness and practical applicability of the proposed
solution methods. These experiments assess the performance of the
heuristic algorithm across different problem instances and compare
it with the exact method. Additionally, sensitivity analyses are car-
ried out to explore how key problem factors, such as time windows,
detained inbound requests, and outbound requests, affect the trans-
portation services. These results not only validate the proposed
approach but also provide actionable guidance for practitioners
seeking to optimize drayage operations in real-world settings.

The remainder of this paper is structured as follows. Section 2 offers a
comprehensive review of the existing literature on container drayage,
with a particular focus on key issues such as the integration of time
windows, flexible service start times, and trailer detention. This section
also highlights the commonalities between previous studies and iden-
tifies critical research gaps that the present work seeks to address. Sec-
tion 3 formally defines the TDC-MTDAPCD-FSTW problem by clearly
specifying the problem’s framework, including its main constraints
related to trailer detention and the scheduling of time windows. Section
4 introduces a mixed-integer programming model that represents the
problem mathematically, providing the necessary formulations for
optimization. Section 5 develops a heuristic algorithm based on the
proposed mathematical model. This section elaborates on the structure
of the algorithm, including the underlying framework, the search
mechanisms employed, the application of the mathematical model, and
the design of the local search operators. Section 6 reports the results of a
series of extensive computational experiments, which serve to validate
the effectiveness and efficiency of the proposed solution methods. Sec-
tion 7 summarizes the managerial insights derived from the research.
Finally, Section 8 concludes the paper by summarizing the key research
findings and offering recommendations for potential future research
directions.

2. Literature review

The TDC-MTDAPCD-FSTW of this paper is a drop-and-pull container
drayage problem that considers the time windows, the flexible service
starting time and the issue of trailer detention. The container drayage
problem has been extensively investigated owing to its pervasive ap-
plications within practical intermodal logistics. A recent review of this
area is provided by [14]. With respect to drop-and-pull container
drayage, numerous studies, such as those by [39,54,40], have presented
comprehensive overviews from the perspectives of application sce-
narios, formulations, solution methodologies, and managerial insights.
Therefore, we refrain from reiterating their reviews here and will
instead progressively address container drayage problems, with a spe-
cific emphasis on time windows, flexible service starting times, and the
issue of trailer detention. For some recent studies that fall outside the
scope of the aforementioned reviews, interested readers may refer to
[17,10]. The TDC-MTDAPCD-FSTW essentially belongs to the vehicle
routing problem (VRP). However, the TDC-MTDAPCD-FSTW specif-
ically tackles the truckload transportation. In contrast, traditional VRP
often focuses on less-than-truckload transportation and consequently
places a strong emphasis on capacity constraints [43] and unloading
operations [45]. Table 1 especially provides an overview of the
container drayage studies, facilitating a comprehensive understanding
of the similarities, differences, and contributions of the current work.

2.1. Container drayage problems with time windows
Within the domain of time-window constrained container drayage

research, a common, often implicit, assumption is the uniformity of
container sizes, a simplification that permeates numerous studies [4,35,
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36,53]. Furthermore, a subset of investigations restricts the decoupling
of tractors from their associated containers or trailers, thereby limiting
the operational flexibility afforded by the drop-and-pull paradigm. For
instance, Shiri et al. [31] delved into the inherent uncertainty of service
times, formulating the problem through two distinct stochastic models
based on the mean, variance, and upper and lower bounds of the service
durations [52], on the other hand, handled the challenge of limited
empty containers at the depot, a critical issue in practical drayage. The
authors formulated this problem as a non-linear mathematical model
employing a determined-activities-on-vertex graph scheme. Recog-
nizing the computational complexity of the non-linear formulation, they
dedicated considerable effort to its linearization and parameter tuning,
to enhance solution performance. Moreover, they designed a large
neighborhood search algorithm, demonstrating commendable perfor-
mance for both medium- and large-scale instances. However, the prob-
lem constrains drayage service completion within a single shift [47]
addressed this limitation by extending drayage operations across mul-
tiple shifts, developing a hybrid algorithm that blends price-and-cut
techniques with variable neighborhood search and genetic heuristics.
Their experimental results convincingly illustrate the effectiveness of
their algorithmic framework in generating high-quality transportation
schedules, though this study also maintains the assumption of
truck-trailer coupling and single-size containers.

In contrast to the aforementioned studies that restrict container-
truck separation, several investigations within the realm of same-size
container drayage have explored scenarios permitting the decoupling
of containers from their transport vehicles. For example, Fazi et al. [15]
examined the container transportation between shippers, a major
seaport, and an empty container depot. The empty container depot is a
crucial supply hub, providing additional empty containers to fulfill the
transportation demands of shippers. In this context, trucks are allowed
to perform multiple trips within a single operational day. To achieve an
exact resolution of the formulated problem, the authors employed a
column-and-row generation approach, strategically embedded within a
branch-and-price framework. The efficacy of this approach was subse-
quently validated through instances derived from Solomon’s benchmark
problems [35] presented a more intricate analysis, considering diverse
tasks that either permit or forbid the decoupling of containers within a
truck appointment system. Their model incorporates stochasticity in
both container loading/unloading times and truck travel times, reflect-
ing the uncertainty inherent in real-world operations. As a solving
approach, the authors formulated a mixed-integer non-linear program-
ming model, acknowledging the complexity introduced by these sto-
chastic elements. Conversely, Huang et al. [18] addressed a similar
problem but without the stochastic factors, opting instead for a genetic
algorithm combined with a topological sort method.

Differently from studies that focus on decoupling containers from
trucks, the practice of separating entire trailers offers a more opera-
tionally convenient alternative, avoiding the need for specialized lifting
equipment. This practical advantage has attracted significant attention
within the drayage research community. For instance, Meisel et al. [25]
explored a drop-and-pull problem constrained by limited vehicle avail-
ability, employing a mixed-integer programming model alongside two
large neighborhood search meta-heuristics as their solution methodol-
ogies. Notably, their model restricted tractors to transporting only a
single trailer during transport services. Trailer scheduling was also a key
consideration due to compatibility limitations between specific trans-
port requests and available trailers [36] addressed a similar problem,
proposing a sophisticated branch-and-price-and-cut algorithm as their
solution strategy. Moving beyond vehicle limitations, Song et al. [33]
broadened the scope of their investigation to include the critical issue of
container maintenance, developing a branch-and-price-and-cut algo-
rithm to derive exact solutions. Their study, while valuable in addressing
container maintenance, still maintained the single-trailer restriction.
Recognizing the inherent interdependence that emerges when diverse
tractors serve a single location in drop-and-pull transport, Wang et al.
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[41] delved into a container drayage problem characterized by
controllable vehicle interference. Their model imposed constraints on
route interdependence, limiting its influence to vehicles originating
from the same fleet. The authors developed a mixed-integer linear
programming model along with a branch-and-price-and-cut algorithm,
which subsequent experimental results demonstrated had significant
performance advantages when compared with existing heuristic
algorithms.

Beyond the realm of same-size container drayage, the complexities of
multi-size container drayage have also attracted considerable attention
within the scholarly community. The majority of investigations in this
area predominantly focus on the transportation of 20-foot and 40-foot
containers. A common assumption is that a truck can accommodate a
maximum of two 20-foot containers or a single 40-foot container.
Furthermore, the simultaneous transport of different-sized containers on
the same truck is typically prohibited. For example, Moghaddam et al.
[26] comprehensively considered coupling and precedence re-
quirements, alongside “live tasks” that preclude the detachment of
containers and “separation tasks” that permit it. Their proposed gener-
alized model demonstrated the capacity to obtain near-optimal solutions
for small- and medium-sized instances within an acceptable computa-
tional time, but it still adhered to the single-truck-type restriction. In
contrast, Bjeli¢ et al. [5] introduced a more flexible vehicle configura-
tion, consisting of a truck with a semi-trailer and an additional trailer,
allowing for the simultaneous transport of different-sized containers.
Their vehicle setup could accommodate either one 40-foot container or
two 20-foot containers on both the semi-trailer and the trailer itself.
Such a configuration enabled the possibility of transporting
different-sized containers concurrently, thus moving beyond the limi-
tations of a single type truck [37] extended the research by relaxing the
constraints on simultaneous transport, permitting trucks to transport
any number of 20-foot and 40-foot containers simultaneously. This
approach, while offering operational advantages, necessitated the
development of a variable neighborhood search algorithm to effectively
handle large-scale instances, and introduced complexities into sched-
uling and routing operations.

A limited number of investigations have explored the use of het-
erogeneous trailer fleets, where 40-foot trailers are designated exclu-
sively for transporting 40-foot containers, and 20-foot trailers are
similarly restricted to 20-foot containers. In these scenarios, each trailer
is limited to carrying only a single container, which, despite falling
within the domain of multi-size container drayage, results in a trans-
portation system where only one container can be conveyed at a time.
This constraint significantly alters the nature of the scheduling problem,
moving it away from the focus on optimizing the simultaneous transport
of mixed container sizes. For example, Jia et al. [19] investigated a
dynamic container drayage problem by designing a hybrid method
integrating reinforcement learning and integer programming. To
address the dynamic aspects of the problem, a Markov decision process
model was formulated, enabling the exploration of management insights
regarding service flexibility [13], in contrast, specifically addressed the
issue of trailer detention, focusing on the resultant trailer repositioning
challenge. The authors developed a hybrid algorithm that combines
large neighborhood search with tabu search, demonstrating the algo-
rithm’s exceptional performance when benchmarked against a com-
mercial solver. While noteworthy, their problem formulation
characterizes transportation requests as pairs of pickup and delivery
locations, thereby positioning their work within the dial-a-ride problem
category, which differs fundamentally from the focus of the current
study.

In contrast to the predominant trend in multi-size container drayage
studies, which often impose constraints on container dimensions, a
limited number of investigations have explored scenarios that relax
these restrictions, addressing transportation services for containers of
any size. For example, Bustos-Coral et al. [9] presented a comprehensive
model that intricately incorporates heterogeneous fleet compositions,
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compatibility constraints, and diverse truck load configurations. Two
mixed-integer programming models based on a state transition scheme
are constructed. The models were rigorously validated using a diverse
set of instances, incorporating variations in scale, request distribution
forms, time window lengths, and vehicle fleet characteristics, thus
demonstrating the robustness of their approach.

2.2. Container drayage problems with flexible service starting time

A significant limitation prevalent in the majority of container
drayage research is the adoption of a fixed departure time at the depot,
often coupled with the assumption that vehicles commence their oper-
ations immediately upon the initiation of the planning horizon [40].
This simplification, while facilitating model tractability, often fails to
capture the dynamic and flexible nature of real-world drayage opera-
tions, where strategic decisions regarding departure times can signifi-
cantly impact overall system efficiency and cost-effectiveness.

The concept of flexible service starting times has received compar-
atively limited attention in the container drayage literature, owing, in
part, to the inherent complexity in determining accurate or appropriate
service starting time. In an effort to acquire promising service starting
times, Zhang et al. [55] introduced a two-stage methodology. In the
initial stage, service times at each location along a travel route are
temporarily established in topological sorting order, offering an initial,
albeit potentially suboptimal, baseline. Subsequently, in the second
stage, service times are strategically delayed in the reverse order of to-
pological sorting, based on the relationship between travel time and
service completion time, with the aim of minimizing unproductive
waiting time. This approach was then integrated into a reactive tabu
search algorithm to address a foldable container drayage problem.
Building upon this foundation, Zhang et al. [54] further refined this
method by introducing a third stage that mathematically deduces a
feasible amount of delay for the service starting times via recursive
search. This three-stage methodology, which provides a more sophisti-
cated approach to determining delay times, was then incorporated into a
backtracking adaptive threshold accepting algorithm to solve a
multi-trailer drop-and-pull container drayage problem, exhibiting
considerable improvement over the previous two-stage method.

Unlike the heuristic-based frameworks employed by [55,54] for
implementing the flexible service starting times, Wang et al. [38,39]
adopted a mathematically rigorous approach, determining the service
starting times through the explicit formulation of mathematical models.
This shift allows for a more precise optimization of service times, rather
than relying on sequential adjustments or iterative refinement. Specif-
ically, Wang et al. [38] applied this mathematical approach to a
multi-trailer drop-and-pull container drayage problem that included
multi-trip transportation capabilities. The authors proposed two distinct
mathematical models by defining the state of vehicles and by intro-
ducing logical constraints, offering alternative yet comprehensive views
of the problem’s structure. As a solving method, an adaptive large
neighborhood search algorithm was developed and its efficiency was
verified through numerical results, which highlighted the superior per-
formance of the multi-trailer drop-and-pull mode. Building upon this
foundation, Wang et al. [39] further extended the work of [38] by
addressing a practical concern, that of route balancing, formulating a
mixed-integer programming model and a matheuristic algorithm. This
research demonstrated the importance of considering route balance as a
critical performance factor in drop-and-pull drayage operations.

2.3. Container drayage problems with trailer detention

In the context of this paper, trailer detention refers to the scenario
wherein a trailer, upon being dispatched to a delivery location, is sub-
sequently immobilized at that location and cannot be dragged away, at
least within the confines of the corresponding planning horizon. This
immobilization is attributed to the time-consuming processes associated
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with (un)packing operations at the delivery point, which prevents the
immediate availability of the trailer for further logistical tasks.

Numerous studies have addressed operational scenarios wherein
delivery trailers are left at their respective locations, when handling
practical application factors of the reuse of empty containers [49].
Studies along this same research vein have also addressed limitations in
transportation resources [25,36], requirements for empty container
maintenance [33], vehicle interdependence within homogeneous fleets
[41], route balancing imperatives [39], work break considerations [40]
and the implementation of truck platooning strategies [28,50,51].
Among them, Xue et al. [49] tackled a local container drayage issue
involving empty container repositioning, employing a tabu search al-
gorithm for optimization. Further research by [28] demonstrated the
fuel consumption benefits of accounting for the laden or empty state of
trucks in the drayage process [51] investigated multi-trip transportation
scenarios and developed a branch-and-price-and-cut algorithm,
demonstrating its efficacy in solving problems with up to 100 nodes.
Unlike the conventional approach, where the lead truck driver remains
with the vehicle, Yan et al. [50] relaxed this constraint, allowing for
alternative transportation options, and substantiated the benefits of this
approach through a mixed-integer linear programming model and a
simulated annealing algorithm.

However, it is crucial to note that in the above scenarios, the leaving
operation is generally viewed as temporary, with the expectation that
the trailer left behind will be retrieved following the completion of (un)
packing processes within the confines of the same planning horizon. This
characteristic fundamentally distinguishes these scenarios from the
context of the current paper, where trailer detention is defined by a more
prolonged immobilization of trailers in the same planning horizon. The
specific type of trailer detention described in this paper has received
remarkably limited attention within the existing literature, with the
notable exception of [13]. However, unlike [13], who investigated
trailer repositioning strategies to mitigate trailer scarcity caused by
detention, this paper concentrates on the timely execution of drayage
tasks arising directly from trailer detention, ensuring completion within
pre-defined time windows.

2.4. Research gap

As evidenced by Table 1, the container drayage problem, especially
concerning drop-and-pull transport and similar modes, has been
extensively researched. However, the specific formulation of the TDC-
MTDAPCD-FSTW, as addressed in this paper, has been seldom re-
ported. While some prior studies have examined aspects that are
partially similar to the TDC-MTDAPCD-FSTW, significant distinctions
remain.

1. Existing research on container drayage with trailer (or container)
separation predominantly considers scenarios involving the truck
towing a maximum of one trailer [4,13,15,18,19,25,33,35,36,40,41,
49]. In contrast, this paper addresses the under-explored one--
truck-multi-trailer scenario. Furthermore, within this area, the
literature has largely overlooked trailer detention, focusing instead
on aspects such as multi-size container transport [5,9,26,37], fold-
able containers [55], trailer sharing [54], multiple trips [38], route
balancing [39], and truck platooning [28,50,51].

2. The incorporation of flexible service starting times in container
drayage remains relatively limited [54,55], with even fewer studies
integrating this flexibility with time windows. A notable exception is
[55]. However, their work addresses a foldable container drayage
problem where container separation is required due to the nature of
foldable containers. This is a fundamentally different context than
the drop-and-pull scenario investigated in this paper, where sepa-
ration is optional, thus making their approach inapplicable.

3. While a body of literature exists on time-window constrained
container drayage, it primarily addresses other practical operational
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constraints. Examples include multiple depots [53], resource limi-
tations [25,36,52], container readiness [4], stochastic elements [31,
35], multiple shifts [47], resource synchronization [15], multi-size
containers [5,9,19,26,37], foldable containers [55], empty
container maintenance [33], controllable vehicle synchronization
[41], and truck appointments [18]. With the exception of [13], these
studies generally neglect the specific issue of trailer detention.
Furthermore, a key difference of the current paper lies in the impo-
sition of time windows specifically on detained trailers, acknowl-
edging the operational impact of such detention.

4. While the impact of trailer detention is an emerging under-explored
research area, with [13] providing a notable contribution, the inte-
grated consideration of trailer detention, time windows, and flexible
service starting times in container drayage remains largely unex-
plored. Existing literature offers limited overlap. For example, Zhang
et al. [55] examined time windows and flexible service starting
times, while [13] focused on time windows and trailer detention.

5. Though [13] addressed the relevant factors of time windows and
trailer detention in container drayage, significant distinctions sepa-
rate their work from the current study. Notably, they do not incor-
porate flexible service starting times. Furthermore, their research
emphasizes multi-size container transportation within a dial-a-ride
context, where requests are defined by specific origin-destination
pairs [13] primarily investigates the logistical challenges of trailer
repositioning caused by detention. In contrast, this paper concen-
trates on the scheduling and execution of transportations of detained
trailers. These time-sensitive transports, constrained by time win-
dows imposed by the detention itself, are treated as single-operation
tasks.

These identified research gaps highlight the necessity and under-
score the contributions of the current paper. To address the TDC-
MTDAPCD-FSTW, this paper aims to construct an effective mathemat-
ical model, to develop a tailored algorithm by designing a route-based
release-fix-optimize method, and explore important management guid-
ance for practical applications.

3. Problem description

The TDC-MTDAPCD-FSTW of the current paper can be defined as
follows. We consider a set I of normal inbound requests, a set O of
normal outbound requests, a set I of detained inbound requests, a set
0P of detained outbound requests, a heterogeneous fleet of trailers each
carrying one container, a fleet of tractors, a central depot, and a trans-
portation cycle spanning the interval [0, T]. Consistent with assumptions
made in container drayage research, the tractor fleet is considered suf-
ficiently large [15,28,40,49]. Each tractor is limited to performing a
maximum of one route during the transportation cycle [41,48]. Each
request corresponds to a unique customer location. The trailers are
classified into three categories: inbound full trailers (IFT) carrying full
containers destined for delivery to customers associated with requests in
I, empty trailers (ET) carrying empty containers, and outbound full
trailers (OFT) carrying full containers originating from customers asso-
ciated with requests in O U OP and destined for the depot.

The normal inbound requests within set I require two distinct and
sequential operations for completion: delivery and subsequent pickup,
whereas detained inbound requests within I? can be fulfilled by a single
pickup operation. Specifically, for a normal inbound request in set I, an
IFT is first delivered from the depot to the corresponding customer to
facilitate the unpacking of inbound freight. Following this process, the
resulting ET is picked up and transported away. In contrast, for a
detained inbound request in set I”, only an ET needs to be picked up
from the customer, since the unpacking of the detained IFT has already
been completed upon the initiation of the current transportation cycle,
and the corresponding ET is ready for transport. Similarly, servicing a
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normal outbound request in set O involves delivering an ET from the
depot or from a customer associated with inbound requests to its cor-
responding customer, picking up the OFT after the packing procedure,
and transporting it to the depot. However, servicing a detained
outbound request in set O simply requires the transport of the already-
packed OFT to the depot. The drayage process incorporates a flexible
management of ETs. ETs generated from inbound requests, including
both normal and detained requests, can be re-allocated to optimize
resource utilization. This can involve directing ETs to fulfill shipping
requirements of the normal outbound requests or returning them to the
depot.

The tractors are initially stationed at the central depot and are ex-
pected to return to the depot upon the completion of all drayage oper-
ations within the defined transportation cycle. During drayage
execution, each tractor is capable of flexibly coupling with, and subse-
quently decoupling from, a set of K(> 2) trailers. Thus, a tractor deliv-
ering a trailer to a customer can detach the trailer at the location and
proceed with other tasks, allowing another tractor to pick up the (un)
packed trailer at a later time. To facilitate the efficient execution of
operations at customer locations, the delivery operations for normal
inbound and outbound requests are required to be completed within
specified time windows. Furthermore, time window constraints are also
imposed on the pickup operations for both detained inbound and
outbound requests. This is because detention introduces delays into the
transportation network, thereby necessitating the completion of pickup
operations within pre-defined timeframes. These time window con-
straints effectively dictate the allowable visitation period at each
customer location for the respective operations. Consequently, a tractor
arriving prior to the opening of the time window is required to wait, and
any arrival beyond the closing of the time window is strictly prohibited.
The tractor can autonomously choose the time to leave the depot for
drayage activities.

Something worth noting is that for a normal request, its corre-
sponding delivery and pickup operations can be accomplished by
different tractors. However, this completion mode is not predetermined
or mandatory, but is determined by the specific optimization and
scheduling needs, which means that these two operations can also be
completed by the same tractor if needed by the optimization. The time
required for the (un)packing activities of normal requests is represented
by a range, specifically [p*, pV]. If this time exceeds a certain threshold,
there is a high probability that the delivery and pickup operations for
each normal request will be handled by two distinct tractors. This sep-
aration simplifies the modeling and solution process to some extent.
However, the variability inherent in this time range presents a chal-
lenge. Precisely measuring the (un)packing duration for scheduling and
optimization purposes is difficult. Consequently, the previously
described modeling and solution process is best viewed as an idealized
model, valid within a specified range of (un)packing times. Further-
more, the sequential nature of delivery and pickup operations necessi-
tates a coupling of transportation times between the two involved
tractors for each normal request. Finally, the capacity of each tractor to
tow multiple trailers simultaneously, facilitating the execution of
numerous delivery and pickup operations across different requests, in-
troduces coupling across multiple tractors and increases the complexity
of the transportation planning network.

The primary objective of the TDC-MTDAPCD-FSTW is to complete all
drayage operations within the defined transportation cycle [0, T]. This
must be achieved while adhering to the constraints of the maximum
number of trailers a tractor can pull, as well as the operational re-
quirements imposed by time windows. A feasible transportation plan for
this problem necessitates a detailed schedule for tractors and trailers.
This schedule must specify the visitation sequences for tractors, must
describe the specific composition of trailer types and numbers pulled by
a tractor during travel between each location, and must determine the
precise time of visiting at each customer location. The overall goal of the
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Table 2
Notations of the TDC-MTDAPCD-FSTW.
Sets
0 Depot
I Set of normal inbound requests
o Set of normal outbound requests
P Set of detained inbound requests
oP Set of detained outbound requests
L Node set of delivery sub-locations for requests in I
I Node set of pickup sub-locations for requests in I
O, Node set of delivery sub-locations for requests in O
(023 Node set of pickup sub-locations for requests in O
B Node set of pickup sub-locations for requests in IP
(o4 Node set of pickup sub-locations for requests in OP
8(i) Corresponding pickup sub-location node of a delivery sub-location node
ieh U0,
N =I; UL UO; UO, U2 UOY U {0}, node set
A ={(@.j)li e N, j e N\{i}}\{(8().j)li € 1 U O1}, arc set
Zi = {j|(i.j) € A }, set of nodes connected by the arc leaving node i € N
X{, = {j|(j.i) € A }, set of nodes connected by the arc entering node i € N
Parameters
Di (Un)packing time of delivery sub-location node i € I; U O;
t Traveling time for the tractor traversing arc (i,j) € A
K Upper limit of the number for trailers that can be loaded by a tractor
[li,ri] Time window of node i € I; UO; UFS U O}
[0, 7] Transportation cycle
M A large enough positive number
Decision variables
Xij 1 if arc (i,j) € A is traversed, or O otherwise
2 Time to visit node i € N\{0}
y{j The quantity of IFTs traversing a given arc (i,j) € A
J’g The quantity of OFTs traversing a given arc (i,j) € A
yg The quantity of ETs traversing a given arc (i,j) € A
tRETURN  Time when a tractor returns to the depot after visiting node i € N\{0}
73 TART Time when a tractor starts from the depot before visiting node i € N\{0}

drayage operation is to minimize the total working time, which
implicitly involves traveling and waiting time of tractors. Notably, using
a conventional objective function, such as minimizing total travel time,
directly contradicts the fundamental principle of continuous tractor
operation central to drop-and-pull transportation. This is because such
an objective function would encourage tractors to remain stationary
after delivery, while drop-and-pull inherently requires continuous
movement.

4. Mathematical model construction

Given that normal requests require two distinct operations, a
decomposition scheme is employed to partition each customer location
into two sub-locations, one for the delivery operation and the other for
the pickup operation. This approach, which is also common in related
studies [28,40], facilitates a more granular representation of the oper-
ational requirements. Following this decomposition scheme, each
detained request is represented as a single pickup sub-location. We
denote the node sets for the delivery and pickup sub-locations of re-
quests in I as I; and I, respectively, those for requests in O as O; and Oo,
respectively, and the node sets for the pickup sub-locations of requests in
IP and OP as I} and O3, respectively. Accordingly, a graph G = (N, A) is
utilized to model the TDC-MTDAPCD-FSTW. In this graph, N =
I, UL, UO; UO2 UIY U OY U {0} represents the node set, with 0 denot-
ing the depot node. The arc set, A, is defined as {(i,j)|i € N,j € N\{i}}\
{(8(i), i)ji € h UO1}, where (i) represents the pickup node corre-
sponding to the delivery node i € I; U O; for the same request. The time
required for a tractor to traverse arc (i,j) is denoted by t;(>0).
Following the decomposition of the requests, the (un)packing procedure
is treated as occurring at the delivery sub-location, with the time
required denoted by p; fori € I; U O;. Nodes i € I, U Oz U5 U OF do not
have an associated (un)packing process.
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To ensure clarity and to facilitate comprehension, Table 2 provides a
comprehensive and unified summary of the notations employed
throughout the formulation of the TDC-MTDAPCD-FSTW. Building upon
the structural framework of the model presented by [54], the current
problem is then mathematically formulated as the following
mixed-integer linear programming model (Model MILP).

min Z TfETURN _ Z TiSTART D
ieN\{0} i€N\{0}
s.t. T?ETURN > 7T(1 7xi0) + 2; + to, Vie N\{O} (2)
AR < Ty, Vi€ N\{0} 3
TR < T(1 —xoi) + 2 — toi, Vi€ N\{0} C))
> xj=1, € N\{0} )]
A,
> %y — > xi= 0,5 € N\{0} ©®
A, A,
Zi+t; <M(1—x;) +2,9(,j) €A i#0,j#0 )]
Zi +DPi — Z5(i) < O,Vl chLuO, (€))
L<z<rVieLUuO,URUO} (C)]
to; < z; < T — tip, Vi € N\{0} 10)
Yi Yy +yi <Kx,V(ij) e A an
D Yo+ Y ¥g=0 a2
iEN\{0} iEN\{0}

Zygj_Zy;izl,Vjell 13)

icA; icA;

> Y= ¥ =0,ve N\I;\{0} a4
A, A,
S -y =-1%e0,u0% (1s)
ier iEXi
D _¥§ = D yi=0.% € N\0,\0; \{0} (16)
€A, A,

SNvi-D> yi=1ve0 a7

=
icA; icA;

SNvi=> yi=-1vjeLun 18)
A, A,
S oY= D ¥E=0,% € N\O:\L\I2\ {0} 19)
LA, A,
x; €{0,1}, V(i,j) €A (20)
0<z<T, ViecN\{0} 21

¥; €40, 1, -, K}, y7 €4{0, 1, -, K}, y; €{0, 1, -, K}, V(i,j) €A
(22)
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0 < RETURN < T vj e N\{0} (23)

0< ™I < T vie N\{0} 24

The objective of the model, as expressed in Formula (1), is to mini-
mize the total working time of all tractors. This is defined as the dif-
ference between tractors’ return time to the depot (zFE"VRN) and tractors’
departure time from the depot (z™F7), a formulation commonly adop-
ted in the literature to capture the efficiency of resource utilization in
vehicle routing problems, see, e.g. [6,34,30]. Minimizing total working
time directly contributes to reducing operational costs and improving
overall system compactness, as it incorporates traveling time and
waiting time simultaneously.

The original objective function (1) takes the nonlinear form of
ZieN\{O)xiO (2i + to) — ZiEN\{O}XOi(zi — toi). To improve computational
efficiency, a linearization technique, detailed in [54] and expressed
through Constraints (2)-(4), has been applied, transforming objective
function (1) into its current linear representation. For a comprehensive
explanation of this linearization technique, refer to [54].

Constraints (5) and (6) govern the construction of tractor routes,
ensuring the operational integrity of the solution. Specifically,
Constraint (5) ensures that each sub-location node is visited exactly
once, thereby guaranteeing the completion of all delivery and pickup
operations without repetition or omission. Constraint (6) maintains the
flow balance at each sub-location node, ensuring that the number of
incoming arcs equals the number of outgoing arcs. This flow conserva-
tion principle guarantees that a tractor cannot “disappear” from the
network and maintains the connectivity of the routes.

Constraints (7)-(10) enforce time-related restrictions on the tractor
routes, ensuring that all operations are performed within the required
temporal boundaries. Constraint (7) establishes the temporal connec-
tivity between adjacent nodes on a tractor’s route, thus determining the
visiting times. These visiting times are linked by the travel time between
each node, which further ensures that travel is taken into consideration.
Constraint (8) incorporates the (un)packing procedure by ensuring that
a pickup operation can only occur after the associated delivery and
packing/unpacking procedure has been completed at a location. This
enforces the proper sequencing of activities at customer locations. The
time windows for each sub-location are enforced by Constraint (9),
which sets the earliest and latest allowable visiting times. Constraint
(10) ensures that the drayage operations are performed within the
defined transportation cycle, thereby setting a time limit for any task.

Constraints (11)-(19) impose restrictions on the type and quantity of
trailers transported on each route, reflecting the operational limitations
of the multi-trailer drop-and-pull system. Constraint (11) limits the
maximum number of trailers that a tractor can transport at any given
time, mirroring the physical constraints of the tractors. Constraint (12)
imposes two critical restrictions on tractor routing to maintain the
integrity of the delivery and return process. First, to ensure that the IFTs
are dedicated to customer deliveries, they are prohibited from returning
to the depot. Second, the OFTs, which are solely intended to return to
the depot, are restricted from departing from the depot. As each tractor
is limited to performing a maximum of one route, Constraint (12) can
collectively enforce a directional flow, guaranteeing that IFTs focus on
external deliveries while OFTs are dedicated to the return transportation
of goods. Constraints (13) and (14) model the variation in the number of
IFTs along a given route. Constraint (13) decreases the IFT quantity by
one when a delivery node j € I; is visited as one IFT should be delivered
to j, while Constraint (14) maintains the quantity for other nodes. This
ensures that all IFTs are delivered properly. Similarly, Constraints (15)
and (16) model the variation in the number of OFTs, with Constraint
(15) increasing the OFT quantity by one upon visiting an OFT pickup
node (j € 0, U0Y), and constraint (16) maintaining the quantity for
other nodes, to reflect the pickup and collection of these trailers. Con-
straints (17)-(19) manage the variation in ET quantity, where Constraint
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Fig. 3. Flowchart of the proposed MMBH algorithm.

(17) decreases the ET quantity by one when visiting an ET delivery node
(j € 01), Constraint (18) increases the ET quantity by one upon visiting
an ET pickup node (je LU Ilz’), and Constraint (19) maintains the
quantity for all other situations.

Constraints (20)-(24) specify the domains of decision variables.

5. A mathematical-model-based heuristic algorithm

The TDC-MTDAPCD-FSTW presents a complex network structure
characterized by route interdependence due to the drop-and-pull oper-
ation. The introduction of flexible service starting times and time win-
dow constraints further exacerbates the computational challenges,
creating a significant bottleneck for the Model MILP, particularly in
large-scale operational scenarios. This inherent difficulty necessitates an
efficient solution strategy.

Matheuristic algorithm is a hybrid approach that combines the
exploratory speed of heuristic search with the solution-finding rigor of
exact mathematical programming techniques [1]. This methodology
leverages the rapid solution space traversal of heuristics while simul-
taneously utilizing exact methods to refine solutions toward global
optimality.

Matheuristic approaches have proved effective in a variety of com-
plex transportation problems, including the optimization of long-haul
freight networks with multiple transshipment points [27], vehicle syn-
chronization in biomass supply chains [32], electric vehicle routing
under time window constraints [8], and the multi-vehicle inventory
routing problem [21]. Their utility is further underscored by their recent
application to container drayage problems featuring multi-trailer dro-
p-and-pull and route balancing [39]. The appeal of matheuristics lies in

10

their demonstrable solution quality, ease of implementation, and
adaptable structure. Readers seeking a more in-depth theoretical un-
derstanding of matheuristic methods are directed to the seminal works
of [3,2].

Therefore, following the matheuristic method, this section in-
troduces a mathematical-model-based heuristic (MMBH) algorithm,
deliberately designed to mitigate the computational burden associated
with the problem’s extensive solution space. A key design feature of this
algorithm is the strategic integration of Model MILP, ensuring that so-
lution quality is maintained without compromising computational effi-
ciency. Model MILP is solved using commercial solvers such as CPLEX to
obtain solutions.

The architecture of the MMBH algorithm described herein is classi-
fied into two principal phases: an initial solution generation phase and a
subsequent solution improvement phase. The latter incorporates two
specialized local search operators specifically designed to refine the
initial solutions. Accordingly, the subsequent sections describe the
MMBH algorithm in a structured manner: Section 5.1 provides a thor-
ough exposition of the algorithm’s overall architecture. Section 5.2 de-
tails the process of generating the initial solution. Sections 5.3 and 5.4
then elaborate upon the design and operational characteristics of the
two local search operators.

5.1. Framework of the MMBH algorithm

The proposed MMBH algorithm begins by constructing an initial
solution using a modified Clarke-and-Wright method [12]. This method
is chosen for its proven efficiency in generating rapid and high-quality
solutions for multi-trailer drop-and-pull container drayage problems,
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as demonstrated in studies such as [54]. Following the initial solution
generation, an iterative improvement phase refines the solution. This
phase employs two specialized operators: a route-based release-fix--
optimize operator and a confined node-exchange operator.

The iterative improvement phase utilizes Model MILP as a central
component. Each iteration begins with the route-based release-fix-
optimize operator applied to several carefully selected groups of routes.
It temporarily releases (disrupts node connections of) the routes of each
group, while preserving the node sequences of all other routes. Model
MILP then optimizes the released routes, using the fixed routes as con-
straints, to potentially improve the overall solution. The highest-quality
solution resulting from the route-based release-fix-optimize operator is
subsequently processed by the confined node-exchange operator for
further refinement.

To improve search efficiency, the confined node-exchange operator
evaluates only node exchanges that meet specific, tailored criteria. By
strategically reducing the solution space, this approach enhances the
algorithm’s speed while maintaining its effectiveness. The iterative
improvement process continues until a predefined maximum number of
iterations is reached, at which point the algorithm returns the best so-
lution found.

The MMBH algorithm is designed to consistently explore the solution
space for feasible solutions, evaluating and accepting improvements as
they are identified. Let g(-) be the objective of a solution, ST represent
the initial solution, N'"ER denote the maximum number of iterations,
I'™ER represent the current iteration counter, SCUR signify the current
solution, and SP represent the best-so-far solution. The general flowchart
of the MMBH algorithm is then presented in Fig. 3.

5.2. Generation of initial solution

To establish a robust foundation for the subsequent iterative
refinement process, the MMBH algorithm leverages the efficiency of the
Clarke-and-Wright algorithm. Recognizing the significant parallels be-
tween the multi-trailer drop-and-pull container drayage problem stud-
ied by [54] and the specific complexities of the TDC-MTDAPCD-FSTW
addressed in this research, we adapt their modified Clarke-and-Wright
algorithm for constructing our initial solution. This decision is sup-
ported by the empirical evidence presented in their work, wherein the
algorithm exhibited a noteworthy ability to generate initial solutions
with both high quality and reasonable computational speed. The specific
adaptation will carefully consider the unique nature of our problem,

max{to; l;},
infesible,
max{zs-1;) + P51 toi)s
z; = max{zj + tji, li},

infesible,

max{z5—1(i) + Ps1(i) %j + tji}.

ifi € I, U 0, and is the first sub-location node of a route
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especially concerning time windows and trailer detention, which were
not considered by [54].

The underlying principle of this initial solution generation is rooted
in the concept of iterative route merging, strategically combining routes
to minimize the total travel distance, a fundamental objective in routing
problems. This is achieved by iteratively calculating and evaluating the
potential savings associated with appending one route to another, fa-
voring combinations that yield substantial reductions in total travel cost.
The process is initiated by creating a set of [N\{0}| initial routes, with |-|
representing the number of elements. Each initial route includes only
one node i € N\{0}. These initial routes are then carefully categorized
into two distinct types: those that solely visit delivery sub-location nodes
ie€l; U0, and those that exclusively visit pickup sub-location nodes
i€, U0y UR UO). Subsequently, the iterative route merging proced-
ure commences, first targeting routes of the first type, seeking best
appending until no further feasible or beneficial merging operation is
possible. Upon completion, the resulting partial routes are then com-
bined with the routes of the second type. A similar merging process is
then undertaken on this new hybrid set, continuing until no feasible
merging. Detailed insight into the specific procedures and mechanisms
of this modified Clarke-and-Wright algorithm can be found in the work
of [54], to which we refer the interested reader.

A critical aspect of the initial solution generation process involves
determining the service starting time for each tractor route and the
precise visiting times for each node within those routes. To address this,
Zhang et al. [54] proposed a three-phase method, comprising: (i) the
assignment of node visiting times, (ii) backward adjustment of these
times, and (iii) forward adjustment of the tractor service starting times.
In the first phase, node visiting times are assigned based on the sequence
determined by topological sorting. The second phase, while preserving
the visiting time of the last node in each route, aims to postpone the
visiting times of other nodes, in reverse topological order, to reduce
potential waiting times at those nodes. Finally, the third phase calculates
the maximum allowable delay for the service starting time of each
tractor.

Given that the current study specifically focuses on the impacts of
detained trailers and time window constraints, it was necessary to
incorporate several adaptations into the implementation of this three-
phase method. The primary modifications relate to the calculation of
node visiting times in the first and second phases, specifically inte-
grating time window constraints. Specifically, the visiting time for a
node i in the first phase is determined by

ifi € I; U0O; UI? U 0D, is the first sub-location node of a route and t,; < 7;

ifi € I; UO; UIPY U 02, is the first sub-location node of a route and to; > 1;

(25)

ifi € I; U0, UI? U 02, is the non-first sub-location node of a route and zitt; <1

ifi € I; U0, UI? U 02, is the non-first sub-location node of a route and zit+t; >n

ifi € I, U 0, and is the non-first sub-location node of a route
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where 671(-) represents the delivery sub-location node of a pickup sub-
location node i € I, U O3, and j is the preceding adjacent node of i. The
visiting time in the second phase for a node i is calculated according to

min{z — &, % — Pi},
ifichUOy,l; <z —t;and 255 —p;i <T;
L,
ifiel; UO; and 2 — t, 250 —pi < i
ri,
ifiel; UO;, and 2; — t;, 250 —pi > T
2 —t;,if icLUO,
2z — tj,
ifieluOYand; <z —t; <r
L,
ifielJUOY and 2 — t; < |;
ri,
ifieBuoOYandz —t; >

Zi =

where j is the rear adjacent node of node i. Actually, for delivery nodes
i € I UOy, the earliest allowable visiting time is the left time window
bound [;. Consequently, delaying the visiting times of subsequent node j
and the corresponding pickup node §(i) has no impact on the value of z;
—t; and 25; —p; will not be less than [;. Similar logic also works for

i € I5 U OY. The reason to include them in the formulation is to ensure
logical integrity.

5.3. Improvement phase

The proposed improvement phase iteratively refines solutions using
a Model MILP-driven approach. This involves a route-based release-fix-
optimize operator, which selectively disrupts and optimizes routes,
followed by a confined node-exchange operator that efficiently explores
local improvements.

5.3.1. Route-based release-fix-optimize operator

The route-based release-fix-optimize operator (see Algorithm 1 for
general framework) functions by selecting an optimal group of routes
within a given solution, while simultaneously fixing the remaining
routes, and subsequently re-optimizing the released routes through
Model MILP by altering their visiting sequences.

Given the immense number of possible route groupings within a
solution, which creates a computationally intractable combinatorial
optimization problem, a two-step refining framework was developed to
efficiently manage the selection process of identifying the most prom-
ising route groups. The rationale behind this approach is to reduce the
search space and burden before applying a more computationally
intensive optimization.

The two-step refining framework is generally structured as follows.
First, for a given solution, the framework refines the initial pool of route
groups to identify a set of potential candidates. This refinement step
aims to filter out sizable combinations early on, thus reducing the
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computational burden in subsequent stages. Then, these refined route
groups are further refined and evaluated using Model MILP to perform
release-fix-optimize operations, generating neighboring solutions. The
decision to use Model MILP stems from its ability to effectively model

(26)

and solve the underlying vehicle routing problem with release and fix
constraints. Finally, the operator selects the best solution among these
neighbors as the outcome.

The structure of the two-step refining framework is predicated on the
understanding that the operator relies on Model MILP for its core
functionality. However, the computational performance of Model MILP
is significantly influenced by the number of nodes (denoted as n™™) it
can effectively process. Consequently, n™P plays a crucial role in
determining the overall solving efficiency of the framework. To ascer-
tain an appropriate value for n¥”, a series of preliminary experiments
were conducted. The primary objective of this empirical investigation
was to identify a node limit "™ that allows Model MILP to consistently
generate solutions of acceptable quality within reasonable computation
times. Importantly, it is crucial to remember that n¥P here refers spe-
cifically to the number of sub-location nodes, explicitly excluding the
depot node. Based on the identified value of n¥P, the framework then
proceeds to obtain all route groupings where the total number of nodes
across all routes within a given group does not exceed the established
nMP limit (i.e., the potential candidates of route groups). This constraint
ensures that Model MILP operates within its performance boundaries,
thereby maintaining efficiency and solution quality.

Let R be the set of the potential candidates of route groups, then for
each route group R; € R, i € {1,2, -+, |R|}, where |-| is the number of
elements, an evaluation value e(R;) is given according to

e(R;) = pyw(R:) + por(Ri) + psn(R;) @7
where p;, p, and p; are given parameters, and w(R;), r(R;) and n(R;)
represent the total waiting time of tractors, the total number of routes
and the total number of sub-location nodes included in the route group
R;, respectively. Based on the evaluation values, a total number [w|R|] of
route groups are selected as the final refined route groups by using the
roulette wheel mechanism, where w is a given parameter and [-] ac-
quires the upward integer.

Within each final refined route group, the operator disconnects
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routes to enable re-routing and re-optimization based on Model MILP,
generating neighboring solutions. The best neighbor solution is then
selected.

Algorithm 1 Pseudo-code of the route-based release-fix-optimize operator
Require: Parameter w, current solution SR, nodes’ upper limit """ within Model
MILP’s performance boundaries, and potential candidates of route groups R

Ensure: Final solution S7

1:  For a current solution S°UR, enumerate the route groups satisfying that the total
number of sub-location nodes on the routes of a group is not larger than """ to
identify the potential candidates of route groups, and form set R

2: Evaluate each route group of R with formula (27)

3:  Select a total number [|R|] of route groups from R by using the roulette wheel,
based on the evaluation values, obtaining the final refined route groups

4:  For each of the final refined route groups, release the involved routes by
disrupting node connections, fix the node sequences of all other routes in SCUR,
and generate a corresponding neighbor solution through Model MILP.

5:  Let the best neighbor solution be S, S = S, and terminate

5.3.2. Confined node-exchange operator

The confined node-exchange operator functions by attempting to
exchange the positions of two sub-location nodes within the same route.
Given the characteristics of the TDC-MTDAPCD-FSTW, where ETs from
inbound requests can be strategically transported to customers with
outbound requests to reduce overall traveling costs, a set of targeted
node exchange operations is designed. An intuitive approach, from the
perspective of minimizing deadhead travel, is to move the node of I, to
the front of the route and the node of O; to the back of the route.
Moreover, in order to make the tractor transport as many ETs as possible
to cope with the above mentioned transportation, it would be beneficial
to move the nodes of I; U O; forward in the route, because the tractor
always drops off trailers at such nodes, and doing so will thereby free
loading space. The free loading space can then be used to transport OFTs
or ETs back to the depot. Therefore, the nodes of I, U O, UIZ U Of can be
moved backward in the route. Consequently, to summarize, the node-
exchange operator is confined to only exchanging nodes i and j, satis-
fying thati € O UL, UO, UIZ UOY andj € I; U O; UIL. Once two nodes
are exchanged, all routes, with their visiting sequences now fixed, are
submitted to Model MILP. Model MILP then determines the visiting time
for each node and, subsequently, the service starting time for each route.
The best exchange that generates the most favorable neighboring solu-
tion among all examined exchanges is ultimately accepted.

6. Computational experiments

This section presents a rigorous validation and performance evalu-
ation of the proposed solution methods. Section 6.1 provides a
comprehensive description of the experimental environment, including
precise parameter configurations and the test instance set employed in
this study. Section 6.2 then presents an evaluation of solution quality
obtained using Model MILP within a two-hour computational limit. This
serves as a critical benchmark against which the MMBH algorithm’s
performance, as analyzed in Section 6.3, is compared. Section 6.4 offers
an extensive analysis of the MMBH algorithm’s improvement phase and
local search operators, examining their individual contributions to so-
lution quality enhancement. The relative advantages of multi-trailer
drop-and-pull operations compared to single-trailer systems are
explored in Section 6.5, specifically under the conditions of trailer
detention and time window constraints. A sensitivity analysis of the time
windows and their influence on overall system performance is detailed
in Section 6.6. Finally, the effects of detained inbound and outbound
requests on system performance are separately investigated in Sections
6.7 and 6.8, respectively, providing a comprehensive understanding of
these key operational factors.

6.1. Experimental setting and test instances

The computational experiments were conducted using programs
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developed in C++ within the Visual Studio Community 2022 (32 bits)
development environment. These programs were executed on a personal
computer equipped with a 3.50 GHz central processing unit and 8 GB
RAM. For solving Model MILP and its invocations within the MMBH
algorithm, the IBM ILOG CPLEX solver (version 17.10.1, 32 bits) was
utilized. This solver employed a depth-first search strategy, with a
computational time limit of 7200 s for independent Model MILP runs
and 5 s for those called by the MMBH algorithm.

Drawing from the work of [39], the transportation cycle duration T
was established at 16 units, and a tractor’s maximum trailering capacity
K was restricted to 2 units. To balance the competing objectives of so-
lution speed and solution quality, the MMBH algorithm was configured
with a maximum iteration limit (N'"ER) of 6. Within the route-based
release-fix-optimize procedure, the parameters denoted as "M, p,, p,
and p; were assigned values of 9, 10, 20, and 3, respectively. The
parameter @ was defined using a dual approach: a value of 0.1 was
adopted for smaller-scale instances, while a distinct setting of 0.025 was
applied for larger-scale instances, as further specified in Table 3.

Due to the scarcity of studies simultaneously considering trailer
detention and time windows, readily available benchmark instances are
absent from existing literature. Consequently, the rules specified by [49]
were adapted to generate the experimental instances. Customer loca-
tions were randomly dispersed within a geographical area measuring
200 km in both length and width, with the central depot positioned at its
geometric center. The durations for (un)packing activities were
randomly sampled from a uniform distribution ranging between 3 and 5
h,i.e., p* = 3and pU = 5. Inter-location travel times were calculated by
dividing the Euclidean distances by the vehicle speed, set at 80 km/h.
The quantity of each type of customer (or request) was determined
stochastically, depending on the prescribed total customer count,
denoted as n™, Specifically, for an instance, |I”| is randomly drawn
from within the interval [1, n™]. Based on |I?|, |OP| is then determined
randomly from [1, n™.|/’|]. Employing a similar manner, |I| and |O|
are randomly generated in the ranges of [1, n™@.|/’|-|OP|] and [1,
nT|[P|-|OP|-|1|], respectively. To avoid the cases where any of |IP|,
|OP|, |I| and |O| appears to be zero, a cyclic approach was adopted during
generation, continuing until all four values exceeded zero. The time
windows are randomly generated, with a wide range of [1,10], aiming to
encompass diverse operational scenarios. The scale of instances was
incrementally increased in steps of one, to allow for thorough assess-
ment of the solution procedures. In total, 93 test instances were gener-
ated, and their detailed attributes are summarized in Table 3. Instances
R1-R57 and R58-R93 are classified as small and large-scale, respectively.
These instances are available at https://github.com/HiWangH/traile
r-detention-dataset.git. The MMBH algorithm was executed indepen-
dently for each instance, with the best solution among three runs being
retained.

6.2. Validation of the exact method

The subsequent evaluation of the MMBH algorithm’s performance
relies on a comparative analysis against solutions derived from Model
MILP after an extended 7200-second computational time. Consequently,
the validity of Model MILP outputs as a benchmark demands compre-
hensive validation. To this end, 78 instances were used for a two-time
computational experiment, each first subjected to a 60-second compu-
tational time and subsequently to a 7200-second duration. Instances R1-
R4, possessing an inherent characteristic of achieving optimal solutions
within both time constraints, were excluded from this comparison, as
their inclusion would offer no insight into potential solution enhance-
ment. Moreover, instances deemed excessively large when viewed
against a 60-second computational time constraint were also removed
from the analysis, as they failed to produce any feasible solution within
the given time limit. Table 4 provides a comprehensive overview of the
performance observed across all the analyzed instances under the two
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Table 3

Information of test instances.
Instance P |OP| 11 |0] nTotal Instance |P| |OP| 1| 0] nTotal
R1 1 1 1 1 4 R48 15 11 16 9 51
R2 1 1 1 2 5 R49 16 10 14 12 52
R3 3 1 1 1 6 R50 15 11 14 13 53
R4 1 4 1 1 7 R51 17 12 16 9 54
R5 1 3 3 1 8 R52 16 10 15 14 55
R6 1 3 3 2 9 R53 16 10 20 10 56
R7 2 2 2 4 10 R54 17 11 16 13 57
R8 8 1 1 1 11 R55 17 12 17 12 58
R9 3 3 3 3 12 R56 15 11 16 17 59
R10 6 2 4 1 13 R57 17 14 21 8 60
R11 3 3 3 5 14 R58 17 14 18 12 61
R12 6 2 7 7 15 R59 19 11 17 15 62
R13 4 4 3 5 16 R60 18 11 20 14 63
R14 4 4 4 5 17 R61 18 15 17 14 64
R15 3 5 5 5 18 R62 19 12 19 15 65
R16 4 4 4 7 19 R63 17 12 17 20 66
R17 14 4 1 1 20 R64 18 13 21 15 67
R18 8 4 8 1 21 R65 22 15 20 11 68
R19 6 2 7 7 22 R66 19 14 21 15 69
R20 6 2 6 9 23 R67 18 15 19 18 70
R21 8 3 7 6 24 R68 21 14 20 16 71
R22 8 3 7 6 25 R69 21 15 23 13 72
R23 7 5 8 6 26 R70 22 15 19 17 73
R24 7 5 8 7 27 R71 20 17 19 18 74
R25 9 4 8 7 28 R72 23 15 23 14 75
R26 10 4 8 7 29 R73 14 20 22 20 76
R27 10 5 9 6 30 R74 17 24 20 16 77
R28 10 5 10 6 31 R75 18 24 22 14 78
R29 10 6 10 6 32 R76 17 21 21 20 79
R30 11 6 10 6 33 R77 16 26 21 17 80
R31 10 6 10 8 34 R78 19 22 21 19 81
R32 10 5 10 10 35 R79 16 24 22 20 82
R33 10 5 11 10 36 R80 15 24 21 23 83
R34 12 5 12 8 37 R81 20 27 25 12 84
R35 10 6 13 9 38 R82 16 24 25 20 85
R36 11 5 11 12 39 R83 18 25 25 18 86
R37 14 9 13 4 40 R84 19 22 24 22 87
R38 14 8 13 6 41 R85 18 24 24 22 88
R39 14 8 12 8 42 R86 18 25 23 23 89
R40 14 5 12 12 43 R87 21 25 26 18 90
R41 12 6 13 13 44 R88 20 25 26 20 91
R42 15 6 15 9 45 R89 18 25 25 24 92
R43 12 7 14 13 46 R90 22 25 26 20 93
R44 13 9 14 11 47 R91 20 28 25 21 94
R45 13 9 14 12 48 R92 20 26 26 23 95
R46 14 7 13 15 49 R93 20 29 27 20 96
R47 14 11 13 12 50

Small scale instances: R1-R57.
Large scale instances: R58-R93.

different computational time conditions.

Examination of the data presented in Table 4 clearly indicates a
substantial improvement in solution quality for Model MILP when
extending the computational time from 60 s to 7200 s across all in-
stances. The lowest improvement in solution, relative to the 60-second
results, measured at 2.28% (R5), while the greatest improvement
reached a magnitude of 35.54% (R32). The average solution improve-
ment was 23.34%. This average improvement confirms the reliability of
Model MILP solutions, derived after the 7200-second computational
time, as appropriate comparator benchmarks. It is crucial to recognize
that the considerable gains in solution quality are achieved at the
expense of significant computational cost, emphasizing the urgency for
developing more efficient computational techniques, such as the MMBH
algorithmic framework presented herein.

6.3. Performance of the MMBH algorithm compared to the exact method
In light of the findings regarding Model MILP’s solution quality in

Section 6.2, this section evaluates the MMBH algorithm’s performance
by benchmarking its solutions against those produced by Model MILP in
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a 7200-second computational time.

6.3.1. Comparison on small scale instances

For this comparative analysis, a total number of 57 instances as R1-
R57, were utilized. Table 5 presents the comparative outcomes, detail-
ing both objective values and the computation times required by each
method.

As demonstrated in Table 5, the MMBH algorithm achieved solutions
of equal quality to the optimal solutions secured by Model MILP for the
first four instances (R1-R4). Notably, three of those instances (R2-R4)
were solved in less time by the MMBH algorithm when compared to
Model MILP. Furthermore, for instances R5, R6, R8, and R17, both the
MMBH algorithm and Model MILP returned identical solutions. How-
ever, Model MILP consumed 7200 s per instance, whereas the MMBH
algorithm required substantially shorter runtimes of 7.35, 12.12, 21.04,
and 50.44 s, respectively. In ten instances (R9, R12, R13, R16, R19-R22,
R27, and R39), the MMBH algorithm yielded inferior solutions. The
objective value differed by as little as 2.6% (R12), and the largest
discrepancy observed was 25.54% (R19), resulting in an average dif-
ference of 9%. The MMBH algorithm surpassed Model MILP’s
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Table 4

Comparative results of Model MILP in different solving computational conditions.
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Instance Obj. of 60s Improvement on Obj. of 60 s in 7200 s (%) Instance Obj. of 60s Improvement on Obj. of 60 s in 7200 s (%)
R5 16.33 —2.28 R43 102.22 —-31.10
R6 17.24 —6.51 R44 95.44 -28.19
R7 19.22 -14.19 R45 99.88 —27.32
R8 22.50 —-32.07 R46 96.56 —23.48
R9 21.06 —8.96 R47 99.10 —-30.63
R10 24.51 -16.75 R48 111.89 —26.68
R11 27.00 -5.07 R49 110.43 —24.13
R12 26.79 —-10.22 R50 120.45 —31.82
R13 25.11 -12.73 R51 95.90 —24.09
R14 26.67 —8.54 R52 110.89 —23.69
R15 29.05 —-17.75 R53 120.09 —22.38
R16 34.52 -15.27 R54 115.04 —28.63
R17 35.09 —32.37 R55 121.32 —33.24
R18 35.25 —-18.21 R56 131.59 —33.24
R19 44.16 —28.99 R57 124.98 -31.33
R20 45.11 —23.25 R58 112.57 —29.86
R21 42.02 —23.00 R59 137.38 -31.10
R22 41.90 —21.53 R60 137.22 —19.05
R23 49.25 —25.47 R61 134.04 —26.49
R24 50.83 —22.57 R62 138.19 —-27.67
R25 50.59 -20.13 R63 153.81 -31.22
R26 53.71 —23.80 R64 155.75 —-35.41
R27 52.94 —28.57 R65 132.49 -17.38
R28 49.73 —-20.10 R66 157.38 —27.84
R29 58.30 —25.06 R67 163.75 —29.56
R30 59.28 —27.40 R68 154.94 —24.09
R31 70.58 —31.02 R69 159.51 —28.42
R32 77.37 —35.54 R70 165.93 -14.73
R33 78.21 —24.26 R71 194.91 —25.16
R34 77.74 —27.42 R72 182.50 -15.76
R35 77.53 —28.29 R74 185.37 —23.93
R36 89.64 -30.13 R75 182.35 -16.69
R37 76.76 —28.58 R76 201.88 -19.95
R38 85.03 —21.66 R77 198.77 -17.71
R39 75.51 —25.44 R78 209.09 —-14.16
R40 96.45 -32.17 R79 201.45 —-9.96
R41 96.96 —34.18 R81 202.38 —-20.75
R42 97.96 —31.86 R86 221.91 —20.67

performance by attaining better solutions for the remaining 39 in-
stances. Solution improvement, when compared to Model MILP, ranged
from a minimum of 0.27% (R29) to a maximum of 18% (R38). The
MMBH algorithm’s computation times were uniformly shorter than
those of Model MILP, with the most extended time being 577.64 s (R57).
Averaging across all instances, the MMBH algorithm resulted in a 4.77%
improvement in solution quality. Concurrently, the average computa-
tional time was 173.5 s, representing a substantial reduction from Model
MILP’s average of 6695.48 s. These findings provide compelling evi-
dence for the effectiveness and efficiency of the MMBH algorithm.

6.3.2. Comparison on large scale instances

For the analysis of larger instances (see Table 6), a set of 36 test
instances (R58-R93) were employed, following a similar comparative
structure as was used for the smaller instances in Table 5. The benefits of
using the MMBH algorithm become more pronounced with these larger
instances. In general, superior solution quality was obtained by the
MMBH algorithm for 31 out of 36 instances, translating to a success rate
of 86%. When comparing results with Model MILP, the MMBH algorithm
demonstrated an objective improvement ranging from 0.99% (R67) to
32.83% (R78), with an average improvement of 19.25%. The MMBH
algorithm generated less favorable solutions for only five instances
(R58, R62-R64, and R69). The percentage difference in objective func-
tion values ranged from 2.22% (R69) to 15.77% (R58), with a mean
difference of 7.58%. Concurrently, the MMBH algorithm maintained its
advantage in computational speed, with runtimes spanning from 130.77
s (R59) to 553.99 s (R93), and averaging 316.99 s. These findings further
substantiate the efficiency of the MMBH algorithm for large-scale
problems.

15

6.3.3. Comparison on benchmark instances

To further validate the effectiveness of the proposed MMBH algo-
rithm, this section presents experimental results obtained using bench-
mark datasets widely employed in academic research. Specifically, we
utilize Solomon’s benchmark dataset for the VRP with time windows
(VRPTW), acknowledging the importance of customer time windows in
our research. We selected instances R101-R105 and C101-C105,
encompassing datasets with 25 and 50 customers respectively.

Given the differences in problem formulations between the standard
VRPTW and the problem addressed in this paper, direct application of
the original Solomon instances is not feasible. Consequently, we adapted
the Solomon benchmark datasets through an equivalence conversion
process, incorporating problem-specific information absent in the orig-
inal instances, adhering to the parameter settings defined in this paper.
This adaptation was performed as follows. The number of customers was
retained as in the original Solomon instances. A random assignment
process is implemented to allocate requests among the four categories,
guaranteeing that the aggregate request number equals the total number
of customers within the instance. For each customer, a corresponding
(un)packing time was generated. The original customer coordinates,
which fell outside the range of [0,200], were normalized to obtain co-
ordinates within this range. This normalization ensured consistency
with the problem’s spatial constraints. Similarly, the customer time
windows, initially outside the range of [1,10], were normalized to fit
within this range. Due to the potentially narrow nature of the normal-
ized time windows, which could lead to overlapping upper and lower
bounds, a further adjustment was implemented. If the normalized time
window was [a, b], two new values were randomly generated: one from
the range [1, a), and the other from the range (b, 10]. These two new
values then defined the final, adjusted time window.
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Table 5

Solution comparison between Model MILP and the MMBH algorithm on 57 small scale instances.
Instance Model MILP MMBH Instance Model MILP MMBH

Obj. CPU (s) Obj_Imp* (%) CPU (s) Obj. CPU (s) Obj_Imp (%) CPU (s)

R1 7.32 0.33 0.00 0.43 R30 43.04 7200.00 —4.01 144.69
R2 8.46 1.38 0.00 0.58 R31 48.69 7200.00 —2.24 133.06
R3 12.78 6.43 0.00 5.85 R32 49.88 7200.00 —1.64 133.51
R4 10.51 34.20 0.00 6.08 R33 59.23 7200.00 —4.23 151.22
R5 15.95 7200.00 0.00 7.35 R34 56.42 7200.00 —2.68 185.32
R6 16.12 7200.00 0.00 12.12 R35 55.60 7200.00 —4.05 133.78
R7 16.49 7200.00 —0.38 15.46 R36 62.63 7200.00 -11.77 61.76
R8 15.29 7200.00 0.00 21.04 R37 54.83 7200.00 —4.78 211.40
R9 19.17 7200.00 12.92 13.52 R38 66.61 7200.00 —18.00 261.27
R10 20.41 7200.00 —2.34 20.45 R39 56.30 7200.00 2.89 224.42
R11 25.63 7200.00 —5.42 24.88 R40 65.42 7200.00 —4.12 321.78
R12 24.06 7200.00 2.60 20.10 R41 63.82 7200.00 -3.76 161.46
R13 21.91 7200.00 11.82 37.68 R42 66.76 7200.00 —10.48 226.11
R14 24.39 7200.00 —4.04 33.15 R43 70.43 7200.00 -3.75 331.58
R15 23.89 7200.00 —2.02 56.30 R44 68.53 7200.00 -6.71 358.95
R16 29.25 7200.00 4.46 32.51 R45 72.59 7200.00 —6.64 316.28
R17 23.73 7200.00 0.00 50.44 R46 73.88 7200.00 —6.58 217.57
R18 28.83 7200.00 -1.19 57.21 R47 68.74 7200.00 —5.88 271.35
R19 31.36 7200.00 25.54 28.64 R48 82.04 7200.00 -17.75 347.21
R20 34.62 7200.00 6.96 59.51 R49 83.78 7200.00 —14.00 571.00
R21 32.36 7200.00 16.24 95.53 R50 82.12 7200.00 -9.72 420.69
R22 32.88 7200.00 2.93 67.28 R51 72.80 7200.00 -1.39 338.61
R23 36.71 7200.00 -1.59 62.49 R52 84.62 7200.00 —11.94 331.85
R24 39.36 7200.00 —-1.26 86.60 R53 93.22 7200.00 —14.91 573.09
R25 40.40 7200.00 -3.05 87.94 R54 82.11 7200.00 —6.02 497.58
R26 40.93 7200.00 -3.35 127.48 R55 81.00 7200.00 —-5.87 476.49
R27 37.82 7200.00 6.56 135.15 R56 87.85 7200.00 —4.92 507.92
R28 39.74 7200.00 —-1.78 84.18 R57 85.82 7200.00 —9.51 577.64
R29 43.69 7200.00 -0.27 152.14

*Obj_Imp: The percentage improvement on the objective of Model MILP.

The resulting adapted instances were then solved using both the instances.

Model MILP and the proposed MMBH algorithms. Table 7 presents a
performance comparison between the Model MILP and the proposed
MMBH algorithm. Although MMBH yielded inferior solutions in only 3
out of 20 instances (Solomon_25 C105, Solomon_50 C101, and Solo-
mon_50 C105), it outperformed Model MILP on the remaining 17. The
objective function improvement achieved by MMBH ranged from 1.77%
(Solomon_25 R104) to 28.10% (Solomon_25 R103), averaging 11.03%.
Furthermore, MMBH consistently demonstrated faster computational
speeds, with runtimes ranging from 34.14 s (Solomon_25 R105) to
553.99 s (Solomon_50 C104) and an average runtime of 283.29 s. Thus,
these results indicate a performance advantage for the MMBH algorithm
in terms of solution quality and computational efficiency on benchmark

6.4. Effectiveness evaluation on the MMBH algorithm’s components

This section provides a detailed assessment of the MMBH algorithm’s
improvement phase (Section 6.4.1) and local search operators (Sections
6.4.2 and 6.4.3) by conducting extensive experimentation with all 93
instances (R1-R93).

6.4.1. Effectiveness of the improvement phase

To validate the efficiency of the MMBH algorithm’s improvement
phase, a rigorous comparative analysis of solution qualities was under-
taken, contrasting the outcomes of the initial phase with those achieved

Table 6
Solution comparison between Model MILP and the MMBH algorithm on 36 large scale instances.

Instance Model MILP MMBH Instance Model MILP MMBH

Ob;j. CPU (s) Obj_Imp* (%) CPU (s) Obj. CPU (s) Obj_Imp (%) CPU (s)
R58 78.96 7200.00 15.77 141.65 R76 161.61 7200.00 —26.29 250.92
R59 94.65 7200.00 —4.13 130.77 R77 163.57 7200.00 —23.37 321.60
R60 111.08 7200.00 —12.44 205.42 R78 179.48 7200.00 —32.83 261.64
R61 98.53 7200.00 —6.96 234.72 R79 181.39 7200.00 —26.33 328.30
R62 99.95 7200.00 4.21 208.32 R80 165.50 7200.00 —19.87 381.47
R63 105.79 7200.00 7.31 188.24 R81 160.38 7200.00 —23.61 490.79
R64 100.61 7200.00 8.39 211.98 R82 178.23 7200.00 —25.33 407.90
R65 109.47 7200.00 -9.32 262.69 R83 181.45 7200.00 —24.83 335.02
R66 113.56 7200.00 —-1.64 171.87 R84 175.11 7200.00 —24.77 336.30
R67 115.35 7200.00 -0.99 208.23 R85 181.14 7200.00 —21.40 364.88
R68 117.62 7200.00 —3.03 204.50 R86 176.05 7200.00 —19.28 429.61
R69 114.18 7200.00 2.22 268.31 R87 175.54 7200.00 —18.32 382.18
R70 141.49 7200.00 —26.50 228.08 R88 184.52 7200.00 —21.84 413.17
R71 145.87 7200.00 —26.79 221.44 R89 188.72 7200.00 —21.02 443.26
R72 153.74 7200.00 -32.07 266.36 R90 173.34 7200.00 —19.58 552.05
R73 159.69 7200.00 —20.50 313.70 R91 189.18 7200.00 —20.37 543.82
R74 141.00 7200.00 —16.12 342.04 R92 194.66 7200.00 —25.10 519.28
R75 151.91 7200.00 —23.26 287.06 R93 177.10 7200.00 -18.79 553.99

*Obj_Imp: The percentage improvement on the objective of Model MILP.
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Table 7

Solution comparison between Model MILP and the MMBH algorithm on 20 Solomon benchmark instances.
Solomon_25 instance Model MILP MMBH Solomon_50 instance Model MILP MMBH

Obj. CPU (s) Obj_Imp* (%) CPU_Ih (s) Obj. CPU (s) Obj_Imp (%) CPUI (s)

R101 52.46 7200.00 —6.47 101.33 R101 161.61 7200.00 —-3.94 525.66
R102 40.68 7200.00 —7.47 139.18 R102 163.57 7200.00 -8.17 609.05
R103 50.50 7200.00 —9.75 116.75 R103 179.48 7200.00 —-17.32 319.21
R104 32.14 7200.00 -1.17 141.36 R104 181.39 7200.00 —24.17 315.20
R105 43.94 7200.00 —6.93 34.14 R105 165.50 7200.00 -8.67 414.32
C101 36.11 7200.00 —-11.07 100.52 C101 160.38 7200.00 10.50 204.96
C102 34.97 7200.00 —18.11 133.88 C102 178.23 7200.00 —-10.29 427.75
C103 40.83 7200.00 —28.10 159.74 C103 181.45 7200.00 —5.20 418.53
C104 45.14 7200.00 —2.09 98.93 C104 175.11 7200.00 —18.53 956.03
C105 42.07 7200.00 8.80 105.49 C105 181.14 7200.00 15.86 343.76

# Obj_Imp: The percentage improvement on the objective of Model MILP.
> CPU_L: The increase of computation time compared to that of Model MILP.

in the improvement phase, as demonstrated in Table 8. This result re-
veals that only a limited subset of instances, specifically, R3, R8, and
R17, exhibited relatively modest improvements, with improvements
fluctuating between 17.72% for R17 and 19.10% for R3. In obvious
contrast, the overwhelming majority of instances demonstrated far more
substantial improvements, with the improvement rate consistently sur-
passing 25%. A closer inspection of these improvements reveals a
notable concentration, with 26 instances registering improvements
within the [20%, 30%) interval, 33 instances achieving improvements
within the [30%, 40%) range, and 31 instances exhibiting improvements
within the [40%, 50%] bracket. Considering the performance across all
93 instances, the results revealed a minimum improvement of 17.72%
(R17), a maximum improvement of 47.15% (R28), and an average
improvement of 34.97%. An investigation into the computational times
unveiled the initial solution generation phase to be remarkably efficient,
with even the most computationally demanding instance requiring a
mere 34.18 s to complete, thereby justifying the strategic selection of a
modified Clarke-and-Wright algorithm for initial solution generation.
Moreover, the improvement phase demonstrated a high level of
computational efficiency, incurring minimum, maximum, and average
computation times of 0.42 s (R1), 576.16 s (R57), and 222.19 s,
respectively, indicative of its overall computational efficiency.

6.4.2. Effectiveness of the route-based release-fix-optimize operator

To evaluate the contribution of the route-based release-fix-optimize
operator, a modified version of the MMBH algorithm was constructed by
excluding this component. All instances were then re-solved using this
altered algorithm, and the resultant solutions were compared with those
of the intact MMBH algorithm. Table 9 presents a comparative analysis
of these results, focusing on both objective values and computational
times. The performance of this altered algorithm, viewed solely from a
computational speed perspective, is extremely efficient. Across all in-
stances, a substantial reduction in computation time was observed. The
decrease in computation time ranged from a minimum of 58.74% (R84)
to a remarkable 99.95% (R17), with an average reduction of 88.39%.
This resulted in exceedingly low computation times, characterized by a
minimum of just 0.02 s (R1, R3, and R4), a maximum of 146.66 s (R89),
and an average of 34 s. However, this substantial decrease in compu-
tational burden is accompanied by a significant deterioration in solution
quality. The extent of deterioration ranged from 21.54% (R17) to a
substantial 81.49% (R28), with an average of 47.47%. These compara-
tive results underscore the critical role of the route-based release-fix-
optimize operator and demonstrate its necessity for maintaining an
acceptable trade-off between computational efficiency and solution
quality.

6.4.3. Effectiveness of the confined node-exchange operator

Employing a methodology analogous to that described in Section
6.4.2, this section assesses the effectiveness of the confined node-
exchange operator. Table 10 provides a detailed analysis contrasting
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the performance of the intact MMBH algorithm with the altered variant
from which the operator was excluded. The results reveal that, while a
reduction in computation time is evident for most instances, there exist
22 exceptions (R2, R3, R5, R10, R11, R15, R22, R24, R28, R30, R35,
R36, R41, R42, R44, R46, R48-R50, R56, R58, and R68) where the
altered algorithm exhibits increased computational times. The extent of
the computation time reductions ranged from 1.48% (R87) to 92.89%
(R4), with an average reduction of 21.50%. An interesting observation is
that for six instances (R1-R3, R8, R9, and R17), both algorithmic ver-
sions achieved equivalent solution qualities. Conversely, for 15 in-
stances (R21, R44, R49-R51, R53, R56, R73, R81, R83, R87, R88, and
R90-R92), the altered algorithm yielded marginally enhanced solu-
tions. However, for the remaining 72 instances, the exclusion of the
confined node-exchange operator resulted in a deterioration of solution
quality. The scale of this deterioration fluctuated from 0.14% (R89) to
15.26% (R36), with an average degradation of 4.11%. In summary, a
pattern similar to that noted in Table 9 emerges. The MMBH algorithm,
when without the confined node-exchange operator, achieves a reduc-
tion in computational time, but at the expense of a significant decline in
solution quality. This underscores the critical role of the confined node-
exchange operator and its overall contribution to the effectiveness of the
complete MMBH algorithm.

6.5. Benefits of multi-trailer transportation

While previous research by [54] demonstrated the advantages of
multi-trailer drop-and-pull transportation over its single-trailer coun-
terpart, their evaluation was confined to scenarios lacking trailer
detention and time window constraints. Consequently, the advantages
of multi-trailer operations under conditions involving trailer detention
and time windows remain unclear, thus necessitating further explora-
tion as undertaken in this section. To this end, all 93 instances were
resolved using the MMBH algorithm configured for a single trailer (K
=1), and the resulting solutions were then compared with those ach-
ieved using a multi-trailer configuration (K =2). Table 11 presents this
comparative assessment, focusing on both total working time and the
number of tractors required. The analysis consistently reveals that the
multi-trailer mode leads to reduced working times and fewer required
tractors across all evaluated instances. Specifically, the reductions in
working time ranged from 8.38% (R9) to 38.55% (R17), with an average
reduction of 21.13%. Similarly, the reductions in the number of tractors
employed varied between 28.57% (R6) and 50% (R8, R10, R18, R37,
R41, R48, and R57), with an average reduction of 44.84%.

6.6. Sensitivity analyses on the time windows

As previously established in Section 3, the incorporation of detained
tasks, coupled with their time window constraints, represents a signifi-
cant aspect of the TDC-MTDAPCD-FSTW. The imposition of time win-
dows on these detained tasks stems from their inherent urgency and the
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Table 8
Solution comparison between the initial and improvement phase of the MMBH algorithm on all 93 instances.

Ins.” Initial phase Improvement phase Ins. Initial phase Improvement phase Ins. Initial phase Improvement phase

Obj. CPU (s) Obj_Imp" (%) CPU (s) Obj. CPU (s) Obj_Imp (%) CPU (s) Obj. CPU (s) Obj_Imp (%) CPU (s)
R1 10.08 <0.01 —27.41 0.42 R32 82.72 0.15 —40.70 133.36 R63 153.20 6.19 —25.89 182.05
R2 15.08 <0.01 —43.87 0.58 R33 88.27 0.13 -35.73 151.09 R64 150.00 6.91 —27.30 205.07
R3 15.80 <0.01 —19.10 5.85 R34 86.29 0.11 —36.36 185.21 R65 137.22 4.20 —27.66 258.50
R4 17.27 <0.01 —39.17 6.07 R35 98.82 0.34 —46.01 133.44 R66 161.43 7.44 -30.81 164.44
R5 22.48 <0.01 —29.03 7.34 R36 93.36 0.31 —40.81 61.45 R67 165.00 5.20 —-30.78 203.03
R6 23.81 <0.01 —32.30 12.11 R37 84.84 0.14 —38.46 211.26 R68 155.26 8.58 —26.54 195.92
R7 28.59 <0.01 —42.54 15.46 R38 91.85 0.44 —40.54 260.83 R69 164.97 8.15 —29.25 260.15
R8 18.82 <0.01 —18.79 21.04 R39 96.75 0.50 —40.13 223.92 R70 152.41 8.37 -31.77 219.71
R9 32.46 0.01 —33.29 13.51 R40 106.54 0.53 —41.13 321.24 R71 154.43 8.24 —30.84 213.20
R10 27.75 0.01 —28.19 20.44 R41 115.75 0.41 —46.93 161.06 R72 161.57 8.97 —35.36 257.40
R11 37.23 0.01 —34.90 24.87 R42 98.16 0.17 —39.12 225.94 R73 179.47 10.23 —29.26 303.48
R12 40.03 0.01 —38.35 20.09 R43 112.11 0.20 —39.53 331.38 R74 165.07 8.85 —28.35 333.20
R13 34.34 0.01 —28.64 37.67 R44 108.69 0.85 —41.18 358.11 R75 161.61 10.41 —27.87 276.65
R14 39.98 0.01 —41.44 33.14 R45 122.80 1.21 —44.81 315.08 R76 172.97 15.02 -31.14 235.90
R15 42.31 0.01 —44.66 56.30 R46 118.21 1.17 —41.61 216.40 R77 175.35 14.95 —28.52 306.65
R16 49.10 0.01 —37.78 32.50 R47 109.23 0.83 —40.77 270.52 R78 174.32 13.52 —30.84 248.12
R17 28.84 0.02 -17.72 50.42 R48 113.00 0.94 —40.29 346.26 R79 187.99 14.63 —28.92 313.67
R18 47.99 0.02 —40.63 57.20 R49 125.15 1.24 —42.43 569.76 R80 189.25 20.08 —29.93 361.39
R19 62.98 0.02 —37.49 28.62 R50 119.70 1.21 —38.06 419.48 R81 170.59 15.06 —28.18 475.73
R20 69.34 0.05 —46.60 59.46 R51 113.80 1.78 —36.92 336.83 R82 190.96 21.76 —-30.31 386.14
R21 65.63 0.03 —42.69 95.50 R52 125.87 2.41 —40.80 329.44 R83 187.36 23.39 —27.20 311.62
R22 57.75 0.03 —41.40 67.25 R53 128.04 2.50 —38.05 570.59 R84 191.10 26.63 —-31.07 309.67
R23 63.74 0.06 —43.32 62.43 R54 126.25 1.76 —38.88 495.82 R85 194.27 19.37 -26.71 345.51
R24 66.09 0.03 —41.20 86.57 R55 129.14 2.59 —40.96 473.91 R86 207.86 28.19 -31.63 401.42
R25 71.37 0.06 —45.12 87.88 R56 124.87 2.53 —-33.10 505.39 R87 187.31 30.29 —23.45 351.89
R26 67.64 0.05 —41.52 127.43 R57 121.15 1.48 —35.90 576.16 R88 200.89 34.20 —28.21 378.97
R27 66.57 0.08 —39.47 135.07 R58 126.76 2.78 —27.88 138.88 R89 211.03 50.78 —29.37 392.48
R28 73.86 0.06 —47.15 84.12 R59 140.10 4.21 —-35.23 126.56 R90 191.13 40.23 —27.07 511.82
R29 73.91 0.06 —41.06 152.08 R60 152.03 4.55 —36.02 200.87 RI1 207.56 38.05 —27.42 505.77
R30 73.91 0.09 —44.11 144.60 R61 136.10 3.74 —32.64 230.98 R92 203.91 50.28 —28.49 469.00
R31 82.80 0.12 —42.52 132.94 R62 150.85 2.92 —-30.95 205.39 R93 202.61 34.18 —29.02 519.81

? Ins: Instance.
b Obj_Imp: The percentage improvement on the objective of the initial solution.
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Table 9
Solution comparison between the MMBH algorithm and the altered MMBH algorithm (i.e., that without the route-based release-fix-optimize operator) on all 93 instances.

0 32 3ubpm d

61

Ins.” MMBH Altered MMBH Ins. MMBH Altered MMBH Ins. MMBH Altered MMBH
Ob;j. CPU (s) 0Obj_D" (%) CPU_D‘ (%) Ob;j. CPU (s) Obj_D (%) CPU_D (%) Ob;j. CPU (s) Obj_D (%) CPU_D (%)

R1 7.32 0.43 37.75 —95.29 R32 49.06 133.51 60.52 —95.59 R63 113.53 188.24 29.53 —73.41
R2 8.46 0.58 78.16 —86.92 R33 56.73 151.22 53.69 —94.40 R64 109.05 211.98 31.29 -74.18
R3 12.78 5.85 23.61 —99.73 R34 54.91 185.32 52.44 —95.74 R65 99.27 262.69 34.53 —88.00
R4 10.51 6.08 64.39 —99.74 R35 53.35 133.78 72.01 —96.37 R66 111.70 171.87 33.10 —73.34
R5 15.95 7.35 31.37 —97.74 R36 55.25 61.76 66.00 —81.71 R67 114.21 208.23 32.89 -73.11
R6 16.12 12.12 38.83 —97.53 R37 52.21 211.40 53.20 —97.55 R68 114.05 204.50 32.63 -71.72
R7 16.43 15.46 74.03 —99.22 R38 54.62 261.27 54.75 —98.05 R69 116.72 268.31 30.13 —83.14
R8 15.29 21.04 23.14 —99.32 R39 57.92 224.42 59.79 —97.26 R70 103.99 228.08 41.26 —75.67
R9 21.65 13.52 49.91 —97.50 R40 62.72 321.78 55.41 —97.45 R71 106.80 221.44 38.90 —-75.73
R10 19.93 20.45 32.75 —98.44 R41 61.42 161.46 71.00 —93.25 R72 104.44 266.36 38.35 —74.26
R11 24.24 24.88 51.98 —97.83 R42 59.76 226.11 54.31 —94.28 R73 126.96 313.70 30.84 —80.43
R12 24.68 20.10 43.35 —97.48 R43 67.79 331.58 59.73 —96.07 R74 118.28 342.04 30.82 —85.56
R13 24.50 37.68 36.33 —98.41 R44 63.93 358.95 66.31 —97.80 R75 116.57 287.06 32.53 —78.83
R14 23.41 33.15 58.79 —97.59 R45 67.77 316.28 66.94 —95.22 R76 119.11 250.92 37.67 —72.94
R15 23.41 56.30 78.28 —99.24 R46 69.02 217.57 63.43 —93.18 R77 125.34 321.60 32.47 —78.11
R16 30.55 32.51 52.71 —96.62 R47 64.70 271.35 61.82 —94.53 R78 120.56 261.64 34.96 —69.36
R17 23.73 50.44 21.54 —99.95 R48 67.48 347.21 57.63 —95.65 R79 133.62 328.30 31.70 —75.57
R18 28.49 57.21 53.23 —98.34 R49 72.06 571.00 54.66 —97.85 R80 132.61 381.47 33.56 —-77.14
R19 39.37 28.64 51.31 —91.25 R50 74.14 420.69 51.00 —96.32 R81 122.52 490.79 32.24 —85.69
R20 37.03 59.51 68.75 —96.66 R51 71.78 338.61 53.36 —94.71 R82 133.08 407.90 35.66 —75.63
R21 37.61 95.53 60.96 —98.71 R52 74.52 331.85 61.88 —94.56 R83 136.40 335.02 30.85 —68.33
R22 33.84 67.28 57.75 —96.62 R53 79.32 573.09 53.32 —96.46 R84 131.73 336.30 36.78 —58.74
R23 36.12 62.49 66.64 -96.77 R54 77.17 497.58 59.69 —95.11 R85 142.37 364.88 30.94 —70.90
R24 38.86 86.60 69.29 —98.08 R55 76.24 476.49 55.52 —96.04 R86 142.11 429.61 35.86 —74.33
R25 39.17 87.94 75.89 —96.43 R56 83.53 507.92 40.95 —94.43 R87 143.38 382.18 28.10 —69.06
R26 39.55 127.48 60.44 -97.77 R57 77.66 577.64 50.84 —96.76 R88 144.22 413.17 30.33 -72.26
R27 40.30 135.15 46.37 —95.98 R58 91.41 141.65 34.36 —79.53 R89 149.05 443.26 29.59 —66.91
R28 39.03 84.18 81.49 —96.30 R59 90.74 130.77 45.42 -79.17 R90 139.39 552.05 27.04 —76.66
R29 43.57 152.14 61.26 —97.32 R60 97.27 205.42 44.22 —79.21 R91 150.65 543.82 28.62 —79.59
R30 41.31 144.69 66.96 -97.17 R61 91.68 234.72 42.29 —84.34 R92 145.81 519.28 29.30 -72.37
R31 47.59 133.06 72.04 —95.77 R62 104.16 208.32 35.49 —83.38 R93 143.82 553.99 30.98 —76.05

2 Ins: Instance.
> Obj_D: The percentage deterioration on the objective compared to that of the MMBH algorithm.
¢ CPU_D: The percentage decrease of computation time compared to that of the MMBH algorithm.

zzte01 (9202) 8ET p3awQ



0c

Table 10

Solution comparison between the MMBH algorithm and the altered MMBH algorithm (i.e., that without the confined node-exchange operator) on all 93 instances.

1

Ins.” MMBH Altered MMBH Ins. MMBH Altered MMBH Ins. MMBH Altered MMBH

Ob;j. CPU (s) 0Obj_D" (%) CPU_D‘ (%) Ob;j. CPU (s) Obj_D (%) CPU_D (%) Ob;j. CPU (s) Obj_D (%) CPU_D (%)
R1 7.32 0.43 0.00 —40.71 R32 49.06 133.51 7.01 —10.36 R63 113.53 188.24 0.35 —46.24
R2 8.46 0.58 0.00 53.01 R33 56.73 151.22 1.25 -9.03 R64 109.05 211.98 2.51 —48.26
R3 12.78 5.85 0.00 33.25 R34 54.91 185.32 4.20 —35.86 R65 99.27 262.69 5.15 -17.31
R4 10.51 6.08 10.23 —92.89 R35 53.35 133.78 3.62 9.50 R66 111.70 171.87 2.97 —21.23
R5 15.95 7.35 1.55 2.52 R36 55.25 61.76 15.26 8.62 R67 114.21 208.23 3.78 —23.79
R6 16.12 12.12 5.52 —15.49 R37 52.21 211.40 3.46 —10.23 R68 114.05 204.50 0.20 1.82
R7 16.43 15.46 3.98 —34.36 R38 54.62 261.27 3.02 —30.49 R69 116.72 268.31 0.92 -16.72
R8 15.29 21.04 0.00 —43.08 R39 57.92 224.42 2.77 —8.32 R70 103.99 228.08 1.88 —2.61
R9 21.65 13.52 0.00 —30.53 R40 62.72 321.78 1.27 —26.51 R71 106.80 221.44 4.77 —34.62
R10 19.93 20.45 2.40 89.64 R41 61.42 161.46 8.35 32.00 R72 104.44 266.36 7.53 —20.89
R11 24.24 24.88 0.26 35.79 R42 59.76 226.11 5.34 45.75 R73 126.96 313.70 —-1.55 —13.64
R12 24.68 20.10 6.30 —58.97 R43 67.79 331.58 1.80 —4.68 R74 118.28 342.04 2.84 -14.75
R13 24.50 37.68 10.00 —51.40 R44 63.93 358.95 -1.19 7.05 R75 116.57 287.06 3.05 —32.80
R14 23.41 33.15 10.25 —25.30 R45 67.77 316.28 5.95 —34.50 R76 119.11 250.92 4.37 —11.61
R15 23.41 56.30 1.44 12.53 R46 69.02 217.57 3.25 19.81 R77 125.34 321.60 0.50 —4.07
R16 30.55 32.51 5.79 —19.38 R47 64.70 271.35 3.37 -11.28 R78 120.56 261.64 4.61 -8.27
R17 23.73 50.44 0.00 —23.20 R48 67.48 347.21 3.46 27.04 R79 133.62 328.30 0.93 —33.55
R18 28.49 57.21 3.47 -7.19 R49 72.06 571.00 -5.26 10.49 R80 132.61 381.47 2.69 —5.78
R19 39.37 28.64 6.93 —-30.19 R50 74.14 420.69 —4.34 16.32 R81 122.52 490.79 —2.48 —15.90
R20 37.03 59.51 3.38 —53.37 R51 71.78 338.61 -0.32 —2.49 R82 133.08 407.90 2.23 —20.54
R21 37.61 95.53 —0.60 —25.86 R52 74.52 331.85 4.94 —4.39 R83 136.40 335.02 -1.07 —21.90
R22 33.84 67.28 0.61 33.85 R53 79.32 573.09 —-2.21 —-5.97 R84 131.73 336.30 3.24 —19.68
R23 36.12 62.49 12.52 —24.49 R54 77.17 497.58 5.65 -19.91 R85 142.37 364.88 1.76 -14.13
R24 38.86 86.60 5.54 15.54 R55 76.24 476.49 2.62 -3.18 R86 142.11 429.61 0.86 —22.03
R25 39.17 87.94 4.20 —43.69 R56 83.53 507.92 —2.25 9.27 R87 143.38 382.18 -0.63 —1.48
R26 39.55 127.48 1.96 -6.73 R57 77.66 577.64 2.53 —12.81 R88 144.22 413.17 -2.37 —5.02
R27 40.30 135.15 5.39 —27.04 R58 91.41 141.65 0.31 21.69 R89 149.05 443.26 0.14 —26.09
R28 39.03 84.18 12.16 1.60 R59 90.74 130.77 8.54 —26.93 R90 139.39 552.05 -0.13 —20.47
R29 43.57 152.14 5.09 -18.13 R60 97.27 205.42 6.92 -3.74 R91 150.65 543.82 -1.78 -9.33
R30 41.31 144.69 3.96 8.97 R61 91.68 234.72 1.60 —22.46 R92 145.81 519.28 —-0.55 —16.58
R31 47.59 133.06 7.15 —29.07 R62 104.16 208.32 1.88 —13.66 R93 143.82 553.99 1.17 -9.13

2 Ins: Instance.
> Obj_D: The percentage deterioration on the objective compared to that of the MMBH algorithm.
¢ CPU_D: The percentage decrease of computation time compared to that of the MMBH algorithm.
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Table 11

Benefits of multi-trailer drop-and-pull transportation (K = 2) compared to the single-trailer case (K = 1) based on all 93 instances.

Ins.” Single-trailer Multi-trailer Ins. Single-trailer Multi-trailer Ins. Single-trailer Multi-trailer
Wok.” Tre. Wok_Df* (%) Tre_Df* (%) Wok. Tre. Wok_Df (%) Tre_Df (%) Wok. Tre. Wok_Df (%) Tre_Df (%)

R1 8.12 3 -9.91 —33.33 R32 66.75 25 —26.50 —36.00 R63 125.84 46 -9.78 —43.48
R2 9.99 6 —15.30 —33.33 R33 74.26 26 —23.60 —38.46 R64 123.05 52 —11.38 —48.08
R3 15.41 5 -17.03 —40.00 R34 69.59 29 —21.09 —44.83 R65 121.85 57 —18.53 —49.12
R4 13.39 7 —21.56 —42.86 R35 70.41 29 —24.23 —44.83 R66 129.04 55 —13.44 —49.09
R5 19.44 7 -17.95 —42.86 R36 73.19 28 —24.50 —46.43 R67 135.68 55 —15.82 —47.27
R6 20.62 7 —21.86 —28.57 R37 77.58 36 -32.71 —50.00 R68 128.46 56 -11.22 —46.43
R7 19.59 8 -16.12 —37.50 R38 79.22 35 —31.06 —48.57 R69 142.98 59 —18.36 —47.46
R8 21.24 10 —28.03 —50.00 R39 76.09 34 —23.87 —47.06 R70 126.28 56 —17.65 —48.21
R9 23.63 9 -8.38 —44.44 R40 78.18 32 -19.77 —46.88 R71 138.95 57 -23.14 —47.37
R10 28.05 12 —28.96 —50.00 R41 85.78 34 —28.39 —50.00 R72 138.10 61 —24.37 —47.54
R11 31.76 10 —23.69 —40.00 R42 83.68 36 —28.58 —47.22 R73 149.85 56 —15.28 —42.86
R12 31.63 12 —21.97 —41.67 R43 86.62 33 —21.74 —39.39 R74 146.25 63 —19.13 —46.03
R13 30.11 11 -18.61 —36.36 R44 88.03 36 -27.37 —44.44 R75 143.16 64 —18.57 —46.88
R14 33.08 12 —29.24 —33.33 R45 87.64 38 —22.67 —47.37 R76 151.91 61 —21.59 —44.26
R15 33.56 13 —30.24 —38.46 R46 92.48 37 —25.37 —45.95 R77 147.40 64 —14.97 —46.88
R16 37.37 13 —18.26 -30.77 R47 89.11 38 —27.39 —47.37 R78 152.15 62 -20.77 —48.39
R17 38.62 19 —38.55 —47.37 R48 93.75 42 —28.02 —50.00 R79 166.56 64 —19.78 —46.88
R18 42.88 20 —33.56 —50.00 R49 90.86 40 —20.70 —42.50 R80 162.20 61 —18.24 —42.62
R19 44.41 16 -11.35 —37.50 R50 92.13 40 —-19.53 —45.00 R81 159.51 72 -23.19 —47.22
R20 46.26 17 -19.95 —41.18 R51 99.16 45 -27.61 —48.89 R82 181.73 67 —26.77 —47.76
R21 45.38 18 -17.13 —44.44 R52 97.41 41 —23.50 —46.34 R83 154.96 70 —11.98 —48.57
R22 45.30 21 —25.29 —47.62 R53 100.18 46 —20.82 —47.83 R84 161.68 65 —18.53 —46.15
R23 47.55 20 —24.02 —45.00 R54 97.39 44 -20.77 —45.45 R85 168.38 67 —15.44 —44.78
R24 50.53 21 —23.09 —42.86 R55 102.29 46 —25.46 —47.83 R86 170.93 66 —16.86 —43.94
R25 51.53 22 —23.98 —45.45 R56 104.89 42 —20.36 —42.86 R87 161.75 72 —11.36 —47.22
R26 54.11 22 —26.90 —45.45 R57 103.95 52 —25.29 —50.00 R88 163.14 71 —11.60 —46.48
R27 53.48 24 —24.65 —45.83 R58 109.40 49 —16.44 —48.98 R89 175.13 69 —14.89 —46.38
R28 57.84 25 —32.52 —48.00 R59 108.04 48 —16.01 —45.83 R90 168.45 76 -17.25 —47.37
R29 57.43 26 —24.14 —46.15 R60 115.36 49 —15.68 —42.86 RI1 166.63 74 —9.59 —45.95
R30 61.92 27 —33.28 —44.44 R61 122.91 50 —25.41 —48.00 R92 173.50 72 —15.96 —44.44
R31 64.82 27 —26.58 —48.15 R62 118.61 51 -12.18 —49.02 R93 182.32 78 —21.12 —46.15

2 Ins: Instance.

b Wok.: Total working time.

¢ Trc.: Number of employed tractors.

4 Wok_Df: The percentage difference of the working time comparing with that of the single-trailer case.

¢ Trc_Df: The percentage difference on the number of employed tractors comparing with that of the single-trailer case.
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Fig. 4. Influences of the window positions of the detained tasks.

imperative of their timely completion following detention. Conse-
quently, this section is dedicated to investigating the impact of detained
task urgency. To facilitate this exploration, three consecutive small-scale
instances (R54-R56) and three consecutive large-scale instances (R90-
R92) were selected. This selection was motivated by two principal fac-
tors: first, their scale distribution provides a reasonable representation
of real-world transport scenarios; and second, the minimal variation in
task numbers across different types mitigates the influence of numerical
fluctuations on the experimental outcomes. For each selected instance,
only the time windows for detained tasks were altered across the
transportation period, with all other parameters held constant. Specif-
ically, the detained task time windows were sequentially regenerated
within the following intervals: [0,3], [3,6], [6,9], [9,12], and [12,15].
Each of these intervals corresponded to the generation of a unique sub-
instance, resulting in a total of five sub-instances per original instance.
These sub-instances were then solved using the MMBH algorithm, and
both the objective (total working time) and the number of required
tractors were recorded and illustrated in Fig. 4.

The results depicted in Fig. 4 reveal a consistent trend: both the total
working time and the number of tractors employed initially decrease,
before subsequently increasing as the position of the time window

22

advances toward the conclusion of the transportation period. This
phenomenon is attributable to the fact that when time windows are
positioned near the beginning of the transportation period (e.g., [0,31),
the detained tasks are rendered maximally urgent, creating a strong
incentive for their immediate completion. In such circumstances, it be-
comes most advantageous for tractors to service detained tasks early in
their schedules, as opposed to later or at the end. Additionally, early
time windows create a higher probability that a tractor will be unable to
handle two detained tasks. As a consequence, a larger number of tractors
is required. This increase in tractor demand further necessitates more
frequent departures from and returns to the depot, thus leading to an
increase in total working time.

When the time window falls in the range of [3,6], both the total
working time and the number of tractors decrease. This is attributable to
a reduction in the perceived urgency of the detained tasks. Within this
window, it becomes feasible for a tractor to prioritize non-detained tasks
before addressing the detained tasks, aligning with the imposed time
window constraints. This strategy, in contrast to the [0,3] window
scenario, enables a single tractor to undertake a greater number of tasks,
thus decreasing the total number of tractors required and consequently
reducing the total working time.
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However, as the temporal position of the time window continues to
shift toward the end of the transportation period, a gradual increase in
both metrics is observed. This phenomenon is partly driven by a reversal
of task urgency. While the urgency associated with detained tasks de-
clines as the time windows move forward, the urgency of non-detained
tasks correspondingly increases. This is because, as outlined in Section
6.1, the time windows for non-detained tasks are distributed within the
range of [1,10]. Thus, an increasing number of tractors is needed to
satisfy the scheduling demands of these non-detained tasks. Concur-
rently, the diminished urgency of the detained tasks does not lead to a
reduced tractor requirement for their execution. On the contrary,
detained tasks are the ones providing trailers for pickup, impacting
tractor capacity, thereby necessitating a larger number of tractors. This
dual influence results in an increase in both the number of tractors
required and the total working time.

6.7. Impact from the detained inbound requests

This study distinguishes itself from conventional container drayage
research by emphasizing the trailer detention factor and its impact on
transportation efficiency. The primary objective of this section is to
investigate how the presence of detained inbound requests affects the

container drayage transportation. To this end, experiments were con-
ducted utilizing Instances R48, R53, R58, R63, R68, R73, and R78,
strategically selected at five-instance intervals to ensure a systematic
and comprehensive evaluation.

Detained inbound requests serve as a source of providing ETs within
the transportation network, a function partially shared with standard
inbound requests. In order to isolate the effect of detained inbound re-
quests and mitigate potential confounding factors, the normal inbound
requests were set to zero for each tested instance. Subsequently, the
number of detained inbound requests was incrementally increased from
0 to 24 in increments of 3, resulting in nine experimental scenarios for
each instance. Parameters such as customer types and numbers were
held constant across all scenarios, while customer locations and
container (un)packing times were configured according to the meth-
odology outlined in Section 6.1.

Fig. 5 illustrates the variation in objective function values as derived
from the solutions obtained via the MMBH algorithm. A consistent
pattern emerges across all instances: the objective function value
initially decreases, then increases, as the number of detained inbound
requests rises. However, the specific inflection point at which this trend
reversal occurs is dependent upon the unique characteristics of each
instance.

100
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Fig. 6. Influences from the detained outbound requests.
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This trend can be explained by an examination of the operational
dynamics of detained inbound requests. When the number of detained
inbound requests is low, the transportation landscape is dominated by
normal outbound requests. These requests require ETs, which, in these
scenarios, must be transported from the depot to the relevant customer
locations, thereby resulting in increased transportation times. As the
number of detained inbound requests increases, the ETs generated by
these requests can often be directly deployed at customer locations of
normal outbound requests, reducing the need for depot-to-customer
transport and subsequently enhancing overall efficiency. However,
once the number of detained inbound requests exceeds a critical point,
the marginal benefits diminish. While some detained inbound requests
are deployed in meeting the ET requirements of normal outbound re-
quests, the surplus ETs need to be returned to the depot, thus generating
additional trips. This additional transportation demand outweighs the
initial efficiency gains, causing transportation times and, consequently,
objective function values to increase once again.

6.8. Impact from the detained outbound requests

Building upon the investigation of detained inbound requests in
Section 6.7, this section shifts its focus to the impact of detained
outbound requests on the overall transportation efficiency. The experi-
mental design and instances employed are identical to those used in
Section 6.7, thereby ensuring comparability across the two studies.
Notably, to isolate the effects of detained outbound requests, normal
outbound requests are set to zero for all test cases. Subsequently, the
number of detained outbound requests was incrementally increased
from 0 to 24 in increments of 3.

The findings, as illustrated in Fig. 6, reveal a consistent upward
trajectory in objective function values across all analyzed instances as
the number of detained outbound requests is increased. This monotonic
increase stands in sharp contrast to the decreasing-then-increasing
pattern observed for detained inbound requests in Section 6.7.

This consistent elevation in the objective function value can be
attributed to the unique operational nature of detained outbound re-
quests. Contrary to detained inbound requests, which serve as a source
of ETs that can be directly utilized in other transportation activities,
detained outbound requests solely generate a need for OFT trans-
portation. Specifically, the OFTs created by these requests require
transportation from the customer locations back to the depot. This
process adds a supplementary transportation burden to the overall
operation. Consequently, each progressive increase in detained
outbound requests directly results in an expansion of transportation
tasks, leading to a corresponding rise in transportation time and,
consequently, the objective function value.

7. Managerial insights

This study addresses a trailer-detention-constrained multi-trailer
drop-and-pull container drayage problem, incorporating flexible service
starting times and time windows. The following points highlight the
managerial insights.

1. Multi-Trailer Systems Offer Significant Efficiency Gains: Even under
conditions with trailer detention and time window constraints,
implementing multi-trailer drop-and-pull transportation systems can
lead to substantial reductions in both working time and in the
number of tractors required. This suggests that investing in the
infrastructure and logistics necessary for multi-trailer operations is
likely to yield a positive return on investment. Management should
consider transitioning to multi-trailer systems or optimizing existing
ones to capitalize on these efficiencies.

2. Time Window Optimization for Resource Efficiency: The analysis
reveals a non-linear relationship between the position of time win-
dows and operational efficiency. Management can leverage this
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insight by strategically adjusting time window placements. By
avoiding time windows that are either too early (creating excessive
urgency and resource strain) or too late (disrupting non-detained
task scheduling and trailer capacity), organizations can optimize
resource allocation, minimize operating costs, and improve overall
efficiency. This suggests a need for dynamic time window manage-
ment, potentially adjusting them based on real-time task urgency and
resource availability.

3. Strategic Detention of Inbound Requests for Efficiency: Managers can
strategically utilize the detention of inbound requests to optimize
transportation efficiency. By carefully controlling the number of
detained inbound requests, they can leverage the empty trips
generated to offset transportation costs. The optimal number of
detained inbound requests, however, is highly dependent on the
specific characteristics of the transportation network (e.g., customer
locations, depot locations, other request types) and requires careful
analysis to identify the area where ET creation outweighs any
negative impact on the overall objective function.

4. Minimize Detained Outbound Requests to Reduce Costs: Detained
outbound requests consistently increase transportation costs.
Therefore, management should prioritize minimizing the number of
such requests. This can be achieved through improved scheduling,
better communication with customers, and proactive measures to
avoid delays in outbound shipments. Unlike detained inbound re-
quests, there is no apparent benefit to intentionally detaining
outbound requests. It consistently adds to the transportation burden.

8. Conclusions and perspectives

This paper focuses on a complex and practical multi-trailer drop-and-
pull container drayage problem, addressing critical factors such as
trailer detention, time window constraints, and flexible service starting
times. Unlike conventional approaches, time window constraints are
specifically applied to delivery tasks due to their significant impact on
the transportation chain, as well as to detained tasks given their urgency
in transportation services. A mathematical model is developed as an
exact solution method, complemented by a mathematical-model-based
heuristic algorithm designed to achieve high-quality solutions within
reasonable computation times.

The algorithm consistently surpasses the performance of the math-
ematical model, even with extended computation time, generating su-
perior solutions across both small- and large-scale instances. Extensive
experimentation validates its effectiveness, highlighting the significant
improvements gained from its embedded operators. For example, the
removal of the route-based release-fix-optimize operator yielded a sig-
nificant 88.39% reduction in computation time, albeit at the cost of a
substantial 47.47% average deterioration in solution quality. Similarly,
eliminating the node-exchange operator reduced computation time by
21.50%, with a corresponding 4.11% degradation in solution quality.
From a practical perspective, the research provided transportation
managers with insights into the intricate challenges of managing
detained requests. The research demonstrated that detained inbound
requests demand a carefully calibrated approach, balancing resource
utilization for improved efficiency with preventing over-commitment,
which ultimately reduces gains. Conversely, detained outbound re-
quests exhibit a direct and proportional relationship to increased
workload and transportation expenses, highlighting the necessity of
proactive management strategies, particularly where cost minimization
and timely delivery are critical. Moreover, the analysis confirmed the
value of considering multi-trailer operations. Employing the multi-
trailer mode consistently resulted in performance improvements,
demonstrating an average reduction of 21.13% in working time and a
44.84% decrease in the number of tractors required. Under constraints
such as trailer detention and time windows, the benefits of this mode are
apparent, showing opportunities for optimized resource utilization. This
allows managers to strategically leverage time windows, including



D. Wang et al.

where they are positioned within the planning horizon, to optimize
working times and reduce vehicle requirements. Implementing these
strategies can lead to substantial operational cost savings and enhanced
service levels, demonstrating the impact on improving transportation
logistics efficiency.

While this study offers a crucial advancement in mitigating trailer
detention, the dynamic and complex realities of modern logistics de-
mand further exploration. Specifically, future research should investi-
gate scenarios involving diverse trailer types, differentiating them by
container sizes, including the often-overlooked non-standard containers
that are prevalent in container drayage. Adapting our proposed algo-
rithm to accommodate these complexities promises significant im-
provements in operational efficiency. Expanding the model to
encompass multiple depots, each with distinct parking capacity con-
straints for both tractors and trailers, is another critical avenue. This
expansion would require a substantial reformulation, necessitating
meticulous mathematical modeling to accurately reflect these con-
straints. From a methodological standpoint, evaluating the performance
of a dedicated, purely heuristic algorithm is worthwhile, particularly
given the potential computational burden of model-based approaches. A
well-designed heuristic should effectively manage route
terdependencies, rapidly generating feasible transport routes and
dynamically re-planning in response to unforeseen disruptions. Mean-
while, the experimental evaluation revealed limitations in the algo-
rithm’s ability to consistently generate high-quality solutions for some
relatively small-scale instances. This may stem from its heuristic
approach, an area requiring more detailed analysis and potential
refinement in future studies. Furthermore, dynamic demands [42], the
inherent uncertainty in travel times [46], and green logistics [44],
several pervasive challenges in logistics, necessitate robust consider-
ation. This necessitates the exploration of robust optimization tech-
niques [29], offering a vital means to address variability and to ensure
reliable outcomes. Exploring collaborative challenges within
two-echelon supply chains, a critical area for improving the efficiency
and sustainability of global supply chains, presents significant oppor-
tunities for further research [23]. Finally, a promising future research
direction lies in exploring simplified mathematical models for container
drayage scenarios involving paired delivery and pickup operations
performed by the same tractor on a single route. Instead of relying on
traditional three-index binary variables, research could focus on devel-
oping models using only two indices [16]. This streamlined approach
has the potential to reduce complexity and computational burden,
making it more practical for real-world drayage optimization problems.
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