
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Modeling Truck Congestion in Landside Air Cargo Processes

Ghosh, Mayukh; Aktas, Taha Huzeyfe; Amrit, Chintan; Kuiper, Alex; van Capelleveen, Guido;
de-Jongh, Douwe
DOI
10.1109/TEM.2025.3581853
Publication date
2025
Document Version
Final published version
Published in
IEEE Transactions on Engineering Management
License
Article 25fa Dutch Copyright Act (https://www.openaccess.nl/en/policies/open-access-in-
dutch-copyright-law-taverne-amendment)
Link to publication

Citation for published version (APA):
Ghosh, M., Aktas, T. H., Amrit, C., Kuiper, A., van Capelleveen, G., & de-Jongh, D. (2025).
Modeling Truck Congestion in Landside Air Cargo Processes. IEEE Transactions on
Engineering Management, 72, 2861-2882. https://doi.org/10.1109/TEM.2025.3581853

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, P.O. Box 19185, 1000 GD Amsterdam, The Netherlands.
You will be contacted as soon as possible.

Download date:10 Oct 2026

https://doi.org/10.1109/TEM.2025.3581853
https://handle.uba.uva.nl/personal/pure/en/publications/modeling-truck-congestion-in-landside-air-cargo-processes(4d05cf22-b8fb-4f99-8cf4-10bd211b3fd6).html
https://doi.org/10.1109/TEM.2025.3581853


IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT, VOL. 72, 2025 2861

Modeling Truck Congestion in Landside Air
Cargo Processes

Mayukh Ghosh , Taha Huzeyfe Aktas , Chintan Amrit , Alex Kuiper, Guido van-Capelleveen ,
and Douwe de-Jongh

Abstract—Truck congestion results from temporary capacity
overloads that can cause severe delays in logistical processes. These
delays directly impact supply chain cost, performance, and environ-
mental emissions. However, existing solutions often focus on sched-
uled arrivals, which are not feasible in this context. This article
presents a novel integrated approach to modeling and mitigating
uncoordinated truck congestion in air cargo operations. We de-
velop a hybrid simulation methodology that combines an analytical
queuing network model with a detailed discrete event simulation.
This allows us to capture the complex and stochastic nature of air
cargo processes while efficiently evaluating both infrastructure and
operational improvements. Our key innovation is simultaneously
considering capacity expansions, fast lanes, and sequencing rules
through an integrated perspective. We evaluate multiple scenarios
using real operational data and seven performance measures. Our
results demonstrate that while infrastructure investments provide
the largest reductions in congestion, carefully designed fast lanes
and sequencing rules offer substantial benefits at a lower cost. This
research provides air cargo managers with data-driven insights to
optimize operations, reduce congestion, and improve sustainability
through an innovative modeling approach tailored to the unique
challenges of uncoordinated truck arrivals in air cargo handling.

Managerial Relevance Statement—This study provides critical
guidance for engineering managers and policy makers involved
in air cargo operations and logistics. We offer valuable insights
into reducing truck congestion at landside air cargo facilities, a
persistent challenge that impacts operational efficiency, costs, and
environmental sustainability. Key takeaways for managers include
the effectiveness of infrastructure investments, such as adding dock
doors, in significantly reducing congestion, although these should
be carefully evaluated against costs. Process improvements, such
as implementing fast lanes and sequencing rules (e.g., shortest
processing time), can yield substantial benefits at lower imple-
mentation costs. A hybrid approach combining infrastructure up-
grades and process improvements may provide the most effective
solution to managing truck congestion. The study underscores the
importance of data-driven decision-making, as demonstrated by
the use of queuing models and simulation to evaluate different
scenarios. It also highlights the need to consider multiple per-
formance measures, including blocked time ratios, office waiting
times, and overall turnaround times, when evaluating congestion
reduction strategies. By applying these findings, managers can
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make informed decisions to optimize their air cargo operations,
reduce costs, improve service quality, and minimize environmen-
tal impact. Furthermore, policymakers can use this research to
develop evidence-based regulations and incentives that promote
efficient and sustainable practices in the air cargo industry.

Index Terms—Airport operations, cargo handling, hetero-
geneous queuing model, sequencing, simulation, truck congestion.

I. INTRODUCTION

TRUCK congestion at warehouses is the result of temporary
capacity overloads that can cause severe delays in logistic

processes [1], [2]. A survey involving more than 500 transport
companies revealed that 18% of trucks have an average waiting
time of more than 2 h, while 51% have an average waiting time
between 1 and 2 h [3]. These delays have a direct impact on
supply chain cost and performance [1], [4]. That is, trucks that
are delayed due to excessive wait times may run into penalties
from their clients, as they fail to complete the delivery service on
time [4]. Consequently, a simple delivery disruption can spread
its negative effects along the supply chain [5]. In the context of
air cargo, the effects of congestion may also include costs that
arise due to shipments missing their designated flight. Besides
these direct effects, a long queue of idle trucks is also harmful
to the environment, as it raises carbon dioxide levels [4]. In
general, truck congestion leads to undesirable inefficiencies and
therefore needs to be avoided.

The underlying causes and possible approaches for reducing
truck congestion have received quite some attention in the
literature. Some of the root causes that have been identified
are insufficient parking capacity for waiting trucks, shortage of
resources (staff, equipment, docks), and uncoordinated arrivals
of trucks, especially at peak times [1]. With regard to approaches
for managing truck arrivals, these can be broadly classified
into two categories. The first stream contains research into the
scheduling of truck arrivals, such as having appointment sys-
tems with time windows, dock assignment, or off-peak arrivals
[6], [7], [8], [9], [10], [11], [12], [13], [14]. In many of the
cases, appointment-based arrivals have been quite successful in
reducing congestion. The second stream of research revolves
around the sequencing of arriving trucks, for example, the order
in which they are processed. Here, different dispatching rules
and heuristic algorithms are tried, and compared to the general
first-come-first-served (FCFS) approach [15], [16], [17], [18].
Overall, this stream of research has received lesser attention
despite having demonstrated some successful results.
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While optimizing approaches for sequencing arriving
trucks has been observed in warehouses, distribution centers,
cross-docking platforms [1], [4], [11], [14], [19], [20], and
container terminals [6], [7], [8], [21], [22], [23], [24], [25],
we did not find many papers that address truck arrivals and
truck congestion for landside air cargo process, despite air cargo
accounting for approximately 35% of the world trade by value
[26]. Moreover, air cargo supply chains are characterized by
a lack of transparency and predictability, which hinders oper-
ational efficiency. Air cargo supply chains are also notorious
for adapting digitalization rather slowly, which in turn makes it
difficult to share accurate and up-to-date data where needed [27].
Furthermore, air cargo operations are a complex domain due to
the fact that there are a lot of interdependencies, specifically,
see [28, Sect. 4.2.2] for an overview of challenges related to the
operations of air cargo terminals. These reasons are the main
motivation for exploring the design and organization of the land-
side air cargo process in this research. Simulation is a common
approach among the various techniques used by researchers to
mitigate congestion. It allows for detailed modeling of truck
arrivals, processing, and departures, while capturing the com-
plex dynamics within the facility [29]. However, creating such
a simulation poses a lot of challenges. These include obtaining
reliable input data, properly modeling system complexity and
dynamics, dealing with stochastic elements, and validating the
model [30], [31]. In addition, determining appropriate initial
parameter values can be difficult, especially for complex systems
with many variables.

Therefore, in this research, we employ a hybrid simulation
(see [32] and [33]) approach, which is to augment the simulation
using a different modeling approach. In our case, we first model
it as a queuing network [34] to get a grip on the situation, after
which we employ visual simulation technology using FLEXSIM1

to model the current situation and the alternative scenarios
that aim to alleviate congestion. Our research contributes to
theoretical modeling as we capture the landside air cargo setting
in a queuing network model, beyond single-stage cargo handling
setups [35] (marine) and [36] (airport terminals). As requested in
recent literature, e.g., [37] and [38], we proceed with a simulation
study to substantiate and extend our analysis leading to practical
implications for managers and firms.

As highlighted in the review of [28], research should consider
more integrated simulations to improve the performance of a
terminal. Therefore, we consider two different improvement
directions: those related to infrastructure (increasing parking and
docking capacity) and those related to process improvements
(setting up fast lanes and applying sequencing rules). By inte-
grating these two improvement directions, we contribute to the
existing research stream around truck congestion, such as those
studied in [29] and [39]. We are the first to combine an integrated
perspective of infrastructural and procedural considerations into
a simulation study to explore their combined effectiveness in
reducing truck congestion.

The rest of this article is organized as follows. Section II
reviews the relevant literature, which is followed by Section III,
where we discuss our research design. In Section IV, we present

1[Online]. Available: https://www.flexsim.com/

the simulation results of running the alternative scenarios. This
is followed by Section V, in which we discuss the performance
of the scenarios and examine different potential future avenues.
Finally, Section VI concludes this article.

II. LITERATURE BACKGROUND

This section explores factors influencing truck congestion and
strategies to address it (see Table I). We review key congestion
contributors, common mitigation approaches, sequencing rules
as a potential solution, and relevant performance measures. Our
literature review focuses on congestion reduction measures for
trucks at distribution centers, using Scopus2 to identify papers
addressing truck congestion across various domains (marine,
air, rail, warehouse, cross-dock). We included studies from A*,
A, or B journals in the ABDC list,3 specifically those targeting
congestion at gates and trucking lanes, excluding broader airfield
operations or distribution planning optimization.

Unlike the overview of air cargo operations provided in [28],
our focus is to optimize freight forwarding independent of the
domain (whether it is an airfield, marine terminal, or cross-dock).
The maritime sector has been extensively studied in this context,
and we aim to compare it with other domains. Moreover, while
Feng et al. [28] examined cargo loading optimization within
airfields, we prioritize truck scheduling at distribution centers.

The rest of this literature review section systematically pro-
gresses from problem diagnosis to solution evaluation.

1) Factors influencing truck congestion establishes the root
causes (e.g., uncoordinated arrivals, resource contention)
that define the operational challenges our model addresses.

2) Approaches to reduce congestion reviews broader mitiga-
tion strategies (infrastructure versus operational), contex-
tualizing why an integrated evaluation is needed.

3) Sequencing rules focuses on a critical operational lever to
reduce congestion.

4) Performance measures identifies the evaluation criteria
(e.g., wait times, emissions) that bridge theoretical solu-
tions with practical outcomes, ensuring that our hybrid
model assesses impacts holistically.

This sequence directly mirrors our methodology: Understand-
ing congestion drivers 1) informs the interventions we model
2) and 3), while the measures 4) validate their effectiveness-
creating a logical foundation for our integrated simulation
framework.

A. Factors Influencing Truck Congestion

Truck congestion arises from temporary capacity overload, in
which the arrival rate (i.e., the number of truck arrivals per unit
time) exceeds the service rate (i.e., the number of trucks that
are processed into the facility per unit time) [1], [4], [7]. The
underlying cause of truck congestion can be classified as either
the arrival rate being too high or the capacity being too low [40].
The primary reasons for excessive waiting times are shortage of
resources (see [1] and [41]), uncoordinated arrivals of trucks,
especially at peak times [1] and gate capacity [7]. Shortage

2[Online]. Available: https://www.scopus.com/search
3[Online]. Available: https://abdc.edu.au/abdc-journal-quality-list/
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TABLE I
RELEVANT LITERATURE OF TRUCK CONGESTION REDUCTION APPROACHES AT VARIOUS TERMINAL TYPES

of resources may vary from insufficient parking capacity for
waiting trucks to insufficient staff, docks, loading/unloading
equipment, and inspection equipment (e.g., X-rays) [6]. More-
over, the problems of uncoordinated arrivals of trucks and in-
appropriate capacity are interconnected, as the uncoordinated
arrivals of trucks make appropriate staffing [1] and energy or
cost optimization difficult [42]. Finally, incomplete or incorrect
information on inbound documents could also contribute to long
queues at check-in [4].

B. Approaches to Reduce Truck Congestion

Generally, truck congestion can be reduced by either increas-
ing the capacity or managing the arrivals of trucks [7], [43]. To
increase the capacity at terminals, within the constraints of the
airfield, we can add, or improve the infrastructural components
that process the truck cargo, e.g., increase the parking capacity
for waiting trucks, use of sorting lanes and pregating, create
additional loading/unloading docks, and use of higher capacity
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trucks and other means to invest in better equipment to speed
up the process [6], [44] (see also Table I). While this approach
provides viable options to increase capacity, the land and fi-
nancial resources are not always readily available to realize the
desired capacity expansion (e.g., [1] and [7]). Hence, in addition
to invest in infrastructural components, there is also a focus on
managing the arrivals of trucks; see [8]. In this regard, two
research streams have emerged: appointment-based arrivals and
dispatching rules.

The first and most prevalent stream deals with appointment-
based arrivals, which include time slot management, dock as-
signment systems, and shifting truck arrivals to off-peak hours
[4], [12], [42] [see appearance of truck appointment systems
(TAS) in Table I]. For example, Chen et al. [7] showed this for
vessel-dependent time windows in a container terminal. Their
method entailed that trucks were assigned to different groups
and that these groups corresponded to a specific time window.
Alternatively, Zehendner and Feillet [45] designed a TAS that
considered the facility’s workload and handling capacity, such
as dock doors and staff, and Bentolila et al. [6] demonstrated the
effectiveness of shifting some of the truck arrivals to off-peak
hours. Also, many other studies point out that the use of an
appointment system that targets the arrival pattern would lead
to improved results, including partial appointment conditions
and a combination of real-time reordering and scheduling in
advance, which is, for example, suggested by Azab and Morita
[46]. Further observed is the use of simulation methods in TAS,
such as in [43] to minimize average cycle time for lighters
and trucks and develop a coordination strategy in the marine
terminal, and in [47], an airport terminal is modeled as a queu-
ing process to analyze the effect truck arrivals have on the
package sorting process. Further, in [48], a simulation model
was used to look at the difference between individual (different
appointment times for each truck) and block (joint appointment
for a group of trucks) appointment systems to improve truck
turnaround time. Other common methods include mathemati-
cal modeling, queuing models, and DES (see full overview in
Table I. Recent (full) reviews of TAS can be found in, e.g., [6]
and [12].

Some more recent advancements in TAS concern, among oth-
ers: 1) the smart integration of last-minute information through
sensing systems (Internet of Things) shared between supply
chain partners and docking terminals to allow for dynamic truck
arrival [12]; 2) the use of historical traffic data and real-time truck
location [13]; and 3) the use of machine learning to enhance
the dock-door assignment and the truck scheduling problem in
cross-docks [14]. Overall, appointment-based arrivals have thus
proved to be effective in improving congestion.

C. Sequencing Rules

However, appointment systems may only be a suitable solu-
tion for some types of terminals. For example, in terminals that
have a colocated manufacturing facility [4], most truck arrivals
are based around production, which causes trucks to show up at
similar times. In addition, appointment-based systems become
more difficult to implement if there is a lack of information
sharing and predictability. To address the needs of these systems,

researchers have focused on the sequencing of trucks by means
of dispatching rules. Sequencing determines the order in which
vehicles waiting in a queue are processed [4]. An example is the
work of Kuo [16], who experimented with a calculation model
that can optimize the sequence of all inbound and outbound
trucks. The results indicated that the turnaround time of trucks
could be reduced by 8%–40% by optimizing the sequence as
opposed to a random order [16]. This illustrates the potential
improvement that can be realized by altering the sequence. An-
other interesting study is the work of Kasemset and Pintaruean
[15], who translated some well-known dispatching rules from
the job sequencing field to be more applicable to (refrigerated)
truck sequencing. They use FCFS, earliest due date (EDD),
shortest processing time first (SPT), and longer processing time
first (LPT). However, they also use rules that are less relevant
to the setting in this research, such as priority queuing based
on the density of customers or traffic in the destination area to
minimize the time refrigerated ware spends on the road. The
study of Smith and Srinivas [4] develops a simulation model in
which four scenarios are tested and compared. The experiments
also reveal that sequencing rules help to reduce truck queues and
lower carbon dioxide emissions. Finally, dispatching rules have
been recently combined with reinforcement learning to optimize
a container terminal, enabling the inclusion of more complex
and nondeterministic factors and achieving a high generalization
ability of both known and unknown cases [18]. In most cases,
sequencing has thus been shown to be an effective method in
reducing truck congestion at cross-docks. In that light, it points
out the relevance of investigating the use of such sequencing
methods also in airport cargo terminals.

D. Performance Measures

Finally, a variety of performance indicators have been named
in the literature to measure truck congestion. On the one hand,
some authors suggest that truck congestion should be measured
in costs. The work of Chen et al. [7] measures truck congestion
as the total system cost, including the truck-side costs and the
yard-side costs. Sometimes, the cost on the truck side includes
the truck and driver waiting time, as well as idling fuel con-
sumption. Costs for the yard side include the storage time and
yard fee [7]. Also, in [4], cost-based measures are used, such as
the penalties for delays, as well as the carbon footprint emission
from idling trucks. On the other hand, some authors argue for
other measures; as an example, Smith and Srinivas [4] suggested
processing time, truck waiting time, and queue length as the
key performance indicators when looking at truck congestion
during the check-in process. Likewise, in [1], mean waiting time,
as well as mean round trip time, is used in their assessment
of truck congestion. In line with this, some advocate for truck
turnaround time to be a good indication of congestion (see [1],
[16], and [48]). Moreover, according to [75], mean flow time
(the amount of time a job spends in the system) is a good
indicator for evaluating dispatching rules, thereby supporting
truck turnaround time as a performance measure. The full set
of performance measures according to our classification can be
found in Table I.
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Fig. 1. Research design followed in this article.

III. RESEARCH DESIGN

Since our research aims to provide practitioners insight into
strategies for reducing congestion, we investigate this problem
based on the case of an air cargo handler at Schiphol Amsterdam
Airport. We first create a queuing model to understand the
effect of the different parameters. Queuing models are designed
to handle stochastic processes, capturing the randomness and
variability in truck arrivals and processing times. This model
provides a preliminary analysis by simplifying complex dynam-
ics that are difficult to represent in a queuing framework, such
as nonstationary arrivals and varying service policies. Never-
theless, it helps to quickly identify the sensitivity of congestion
levels to infrastructural elements, such as the number of dock
doors and parking spots, for which it is unnecessary to rely on
time-consuming simulations. Next, we utilize these insights to
create a simulation model, allowing for more refined strategies
to reduce congestion. We first build an analytical model and then
a simulation model for the whole system, which is called a class
IV hybrid simulation/analytic model in [76].

For the simulation model, we specifically outline the agents
(trucks), their decision logic, and the factors incorporated into
the system, all of which are based on our real-world case study.
Furthermore, we explore different scenarios along with the
performance measures used for evaluation, which align with
indicators named in the literature (see Section II-D).

Fig. 1 summarizes our overall study design. We start with a
review of the literature (in Section II), which provides us with
the motivation to do the research and gives the basic building
blocks to create our models. First, the network structure of
the case is studied through a queuing model, the details of
which are explained in Section III-B. The queuing model relies
on certain assumptions, and given the contextual information,
a more detailed model can be obtained through a simulation
model, which is done in Section III-C. The insights gained
from the queuing model serve as a starting point to choose the
relevant settings for creating our baseline model, as iterations

in the simulation model are costly. In particular, we use the
queuing model to estimate the maximum number of dock doors
we can have relative to the frequency of truck arrival to ensure
congestion. Obtaining these parameters only through simulation
would be more costly due to the complex nature of the domain.
More details of how the results of the queuing model were used
to inform the initial parameters of the simulation model can be
seen in Section III-C. We use the simulation method of [77] to
create a physical simulation. We then analyze the results from
both models in Section IV). We discuss the results in Section V.
Finally, Section VI concludes this article.

A. Case Study Setting

The air cargo handler at the Schiphol Amsterdam Airport has a
landside trucking process that is plagued by congestion, leading
to inefficiencies, high costs, and air pollution. According to the
air cargo handler, the main reason for truck congestion is the
uncoordinated arrivals of trucks. Although the air cargo handler
is already experimenting with appointment-based arrivals on
a small scale, it encounters a lot of peaks in the arrival of
trucks due to a lack of incentives to respect the assigned time
window. Therefore, our objective in this study is to alleviate
truck congestion through alternative solutions, such as altering
the sequence in which trucks are handled during peak moments.

1) Facility Layout and Operations: The landside operations
of the air cargo facility consist of four main processes that
operate 24 h a day and 7 days a week. On the one side of
the facility, trucks arrive to unload cargo that is scheduled to
depart by plane. The two processes on this side of the facility
are 1) export delivery and 2) unit loading device (ULD) delivery.
Cargo that is transported by plane is usually delivered as loose
cargo or on a ULD. The latter can be best described as a large
container in which the individual cargo is loaded or preloaded by
consolidating the cargo before departure. On the other side of the
facility, trucks arrive to load cargo that had previously arrived by
plane. This side of the facility includes the other two processes
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Fig. 2. Average number of trucks arriving per hour through the day; here, the workload is differentiated by the required handling of a truck.

of the handler’s operations, namely, 3) import pickup and 4) road
feeder service (RFS). For the import pickup process, many trucks
arrive to pick up shipments that are destined for local forwarders
or other companies. For the RFS process, trucks transport on the
behalf of the airlines, usually a service to provide the last mile
trip for air shipments executed on the ground operated under the
“air waybill”4 of the airline service. For both import pickup and
RFS, shipments may arrive as loose cargo or on a ULD.

A total of 15 dock doors are available for the loading side,
of which three are equipped for ULD loading. The trucks can
dock at one of the three ULD doors once assigned to a door;
however, only one machine is available to load the ULDs onto the
trucks for all three doors. The truck parking area at this site can
accommodate approximately 30 trucks. A simple representation
of the facility’s layout is shown in Fig. 12 (in Appendix A). In this
study, we focus on the loading side of the facility, and therefore,
we focus on improving truck congestion for import pickup and
trucking RFS processes.

2) Sequence of Events: Each truck that arrives at the facil-
ity to load the shipments approximately follows the following
process. In a noncongested state, a truck would be able to
enter the facility immediately by presenting an ID at the gate.
After entering the gate, the truck driver looks for parking on the
loading side of the facility. After acquiring a parking spot, the
driver walks to the office to go through the check-in process.
This usually takes between 10 min and an hour, depending
on the amount of paperwork required, such as processing the
air waybill, the cargo manifest, the customs declaration, the
dangerous goods checklist, etc. Due to the strict truck driving
regulations, drivers often take a break to eat or sleep before
unloading the cargo. When ready, the driver is assigned to an
available dock. The dock is either a door specialized for loading
ULDs or a door for loading loose cargo. In most cases, after
loading, the driver must also go through a check-out process
at the office. For regular import pickup, it is often the case
that the truck can depart immediately after the cargo has been

4An air waybill, also known as an air consignment note, is a receipt for goods
issued by an international airline and a record of the contract of carriage.

loaded. The process flow map of the current loading operations
is presented in Fig. 7.

3) Case Data: We used two sources of data. The first source
was the ID registrations at the gate. The data consisted of 36 120
trucks entered over two months. Although the data did not
distinguish between trucks arriving for export delivery, ULD
delivery, import pickup, and RFS, they helped in estimating the
number of trucks arriving at the loading side daily and provided
insights into the peak periods.

We observed that 600 trucks entered the gate per day on
average. The highest number of trucks entering the gate was 764
on a Friday. In general, the data show that weekdays are busier
than weekends, and that generally Fridays record the highest
number of trucks. Furthermore, we find that the busiest period
is during regular working hours, i.e., between 10:00 A.M. and
5:00 P.M.; see also Fig. 2. The trucks entering the facility are
either loaded or unloaded with cargo, whose distribution seems
equally balanced according to the data.

The second source of data is the processing time and shipment
characteristics of approximately 400 RFS trucks. The data for
this were manually retrieved from the cargo handler’s archive.
We used both of these data sources in our calculations to
determine many input parameters and distribution settings for
the simulation model. Apart from these sources, we also had
conversations with the employees to validate our data/simulation
assumptions. Examples of these assumptions include the time
between office check-in and the start of loading, the percentage
of shipments that arrive in ULDs or as loose cargo, and the
quantities in which shipment types typically arrive (see Fig. 3),
after removal of outliers.

Processing times, such as arrival/departure from the office,
start/end loading times, and shipment details, such as type,
weight, and quantity, are only documented for RFS and not
for regular import pickup. However, based on employee con-
versations, we identified similarities and differences between
the processes and made a few assumptions to approximate
processing times and shipment details for regular import pickup.
For example, the percentage of shipments that arrive as ULDs is
much lower for regular import pickup, which is only around 10%
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Fig. 3. Cargo distribution for normal and ULD cargo. (a) Quantity distribution of the number of ULDs. (b) Quantity distribution of loose cargo.

Fig. 4. Translation of the setting to a network queuing model; the boxes represent nodes, which are connected by arrows.

compared to 33% for RFS. More importantly, it was indicated
that of all the trucks that arrived on the loading side of the facility,
approximately 75% picked up shipments for regular import and
25% for RFS. Therefore, we base the parameter settings of our
simulation model on a weighted average of the two.

B. Queuing Model

Queuing models are a common starting point for studying
systems under uncertainty. For example, the authors in [36]
and [39] use queuing theory and simulation to derive insights.
Chen and Yang [39] assumed identical servers, while Selinka
et al. [36] additionally incorporated two heterogeneous server
types operating in parallel to account for regular cargo and ULD
loads. Our case is more complex: beyond having a significantly
larger facility, we model a network structure with five server

types, some operating in parallel (see Fig. 4). Unlike [39],
which considers a single-stage system with parallel servers, and
[36], which introduces two groups of servers in one stage, our
setup includes multiple sequential and parallel stages, covering
docking, registration, mandatory driver breaks, and a checkout
stage.

A logical starting point is to consider it as a network queu-
ing model, for example, an open Jackson network [34]. Un-
der the common assumptions of Poisson arrivals (the inter-
arrival times being exponentially distributed) and the service
times being exponentially distributed, there is a closed-form
expression for the stationary distribution and related measures;
these assumptions also align with the approaches taken in the
aforementioned references. Furthermore, in Appendix B, we
provide a statistical analysis of our data where we verify these
assumptions.
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In Fig. 4, we provide an overview of the key components
considered, that is, the number of parking spaces (S), the number
of normal dock doors (N ), and the number of ULD doors (U ).
Note that the blue node servers’ (represented by blue boxes
in Fig. 4) capacity is inherently limited by the number of
parking spots, which also serve as waiting capacity for the orange
stations (the dock doors). In addition to the indicators for normal
and ULD doors, taking 25–28 min on average, we have A for
registration (15 min), B for break (45 min), and C for check-out
(5 min).

Furthermore, from the description of the case study, we have
derived the probabilities of how trucks pass through the air cargo
handler, that is, pB , pN , and pU , which are shown in Fig. 4,
too. As said, a Jackson network assumes the service times at
each station to be exponentially distributed with a parameter
μi. Furthermore, the arrivals at the handler are distributed by a
Poisson process with rate λ, which means that the interarrival
times are also exponentially distributed with parameter λ. This
means that the node break finds an arrival rate of λB = 0.05λ.
In the same vein, one can obtain the arrival rates at the dock
doors. Although an average arrival rate of 25 vehicles per hour
is anticipated throughout the day, i.e., roughly 600 trucks arrive
in 24 h, we observe a clear peak period during working days.
Therefore, in our experiments, we vary the arrival rate to study
its impact.

For Jackson networks, each node can be analyzed on its own;
hence, for each box of Fig. 4, we have the following expressions
that stem from analyzing M/M/c queues:

pn =

{
(λ/µ)n

n! p0, for 0 ≤ n < c
(λ/µ)n

cn−cc! p0, for n ≥ c

where

p0 =

(
c−1∑
k=0

(λ/μ)k

k!
+

(λ/μ)c

c!

1

1− ρ

)−1

and ρ =
λ

cμ
.

When m nodes are studied in a Jackson network structure, we
have for each station i a capacity ci, a μi, and a λi (which is
the inflow depending on the network structure). Consider now
the random variables Ni, which track the number of trucks at
station i, then the number of trucks (or “clients”) in the system,
either docking, parking, or waiting on the road, is found through
the following product form for the joint state distribution:

P[(N1, N2, . . . , Nm) = (n1, n2, . . . , nm)] = pn1
pn2

· · · pnm
.

Relevant performance metrics can be easily derived from these
formulas. For example, for limited parking availability on the
site S, one can sum over the states in which the parking lot will
be insufficient. With the notation of Fig. 4, we formalize

Blocking :=
{
(nA, nB , nC , nN , nU ) ∈ Z

5
+| (nN −N)+

+(nU − U)+ > 0
}

(1)

Parking :=
{
(nA, nB , nC , nN , nU ) ∈ Z

5
+|nA+nB + nC

+(nN −N)+ + (nU − U)+ > 0
}

(2)

Congestion :=
{
(nA, nB , nC , nN , nU ) ∈ Z

5
+|nA+nB + nC

+(nN −N)+ + (nU − U)+ > S
}

(3)

where (·)+ = max{·, 0}. Of course, a manager is interested
in the expected throughput time, which is the sum of waiting
and the weighted expected service times. The total service
time contribution is directly obtained from the input parame-
ters 49.78 min (15 + 45pB + 28pN + 25pU + 5); yet for the
expected waiting time, we can rely on the following closed-form
expressions for each stage i:

ΠWi
= pc + pc+1 + . . . =

pc
1− ρ

(blocking probability)

EWi = ΠW · 1

1− ρ
· 1

cμ
(expected waiting time). (4)

By considering the probability of a truck passing through each
stage, we can estimate the overall expected waiting time. Nat-
urally, if the arrival rate increases, the system is at a higher
utilization, leading to larger queues. To better study this effect,
we plot the effect of arrival rate on average waiting time and
blocking time, as defined earlier by (1) in Fig. 5. We consider two
situations; in both cases, we assume that the parking area has 30
spots, so S = 30. This leads to our assumption that registration,
break, and check-out can operate with 30 servers in parallel.

1) Setting A represents the current configuration in which
12 normal dock doors and three ULD dock doors are
operable.

2) Setting B represents a scenario with an additional five
normal dock doors, so 17 normal doors and three ULD
dock doors.

The results indicate that Setting A, with 12 regular and three
ULD dock doors, maintains acceptable performance metrics
(e.g., average wait times of less than 20 min) when truck arrival
rates do not exceed 25 vehicles per hour. For higher arrival rates,
the blocking and waiting will be too significant. In contrast,
the increase in capacity incorporated in Setting B alleviates the
severe congestion that might occur during peak hours.

In the next series of experiments, as shown in Fig. 6, we fixed
the arrival rate of the trucks to 30 (left) or 36 per hour (right)
to mimic the peak demand and consider varying configurations.
First, at least 12 dock doors and two ULD doors are needed
for a feasible solution; otherwise, the system is overloaded, i.e.,
ρ > 1. For λ = 0.5, the corresponding plots reveal that 13 regu-
lar dock doors and three ULD dock doors are preferred. In that
case, congestion due to insufficient parking capacity, see (3),
indicated by the solid lines, is near zero, that is, no parking on
the road is needed. On average, the parking lot is occupied by 18
trucks (of the 30 spots), and in this setting, shown by the green
dashed line at 13 normal dock doors, there is no congestion.

When the arrival rate increases to 36 [see Fig. 6(b)], we see
that 16 normal doors and four ULD doors represent a nice
tradeoff. The yellow and green dashed lines are close, while
congestion is zero. Overall, the figure demonstrates that adding
ULD dock doors does not enhance performance as much as
adding normal dock doors. This is attributed to the higher
arrival rate. Furthermore, all experiments reveal that congestion
decreases dramatically beyond a certain number of normal dock
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Fig. 5. Impact of the arrival rate on two key performance measures. (a) Total expected blocking time. (b) Average waiting time.

Fig. 6. Impact of different infrastructural setups of the air cargo handler on the number of trucks in congestion. (a) Arrival rate of 30 per hour. (b) Arrival rate of
36 per hour.

doors. Finding this tipping point is important for determining
the parameters of our baseline simulation model.

The queuing model provides fundamental insights on dimen-
sioning the parking lot and docking doors but cannot capture
additional features present in real life, which are also valuable to
our study. Specifically, the key assumptions underlying the queu-
ing model are stationarity, exponentiality, and first-in, first-out.
These are in contrast to, respectively, varying arrival rates (see
Fig. 2), a few drivers that require (deterministic) resting time in
the parking lot, and using load information for sequencing. There
are no straightforward analytical models available that take
these factors into account. Simulation approaches (probability
distribution driven or through discrete events) are logical tools
to study the setup further and incorporate some strategically
selected real-life scenarios.

C. Simulation Model

As we use a hybrid modeling approach, the queuing model
provides fundamental insights into the impact of certain decision
variables. However, it relies on several restrictive assumptions.
One of the key drawbacks is that it relies on stationarity, whereas

the arrival process is time-dependent. In addition, the arrival and
service times are assumed to be exponentially distributed. The
simulation model can relax these at the expense of computation
time. Therefore, based on the results of the queuing model,
we proceed with several specific interventions. We start by
describing the extra details that we bring into the simulation
model to better represent the problem.

1) Model Agents, Flow, and Decision Logic: We developed
the simulation model using the simulation software FLEXSIM.5

In Fig. 12 in Appendix A, a snapshot model of the facility
is provided, which has been confirmed by a practitioner as a
realistic representation. It illustrates the travel paths connecting
the entrance, office, parking lot, and dock doors. In addition,
some background of the process logic corresponding to the
implemented simulation model can be found in Fig. 11, also
in Appendix A.

Our earlier queuing model suggested that around 16 dock
doors (13 normal + 3 for the ULD machine—for setting A) are
sufficient for avoiding congestion with an arrival rate of 30 trucks

5[Online]. Available: https://www.flexsim.com/
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TABLE II
OVERVIEW OF SIMULATION PARAMETERS AND THEIR INITIAL VALUES

per hour. We also see from the queuing model (see Figs. 5 and 6)
that an addition of five dock doors mitigates the congestion. We
therefore initialized 20 dock doors for our baseline simulation
model, of which 15 are functional in the baseline model and five
more are functional in some of the alternative scenarios. The path
distances of the model were determined using GOOGLE EARTH

and on-site visits by the first author.
Some general assumptions were made in the creation of

the model. First, we considered resources, such as doors and
parking spots, as constraints while labor was not considered as a
constraint. Second, we did not distinguish between trucks based
on their size, as data on this distribution were not available.
Third, it is assumed that if a truck arrives at the facility, its
shipment has already landed and is ready for pickup, as some
trucks arrive at the facility to load cargo while their shipment
has yet to land.

2) Parameter Initialization: The input parameters of the sim-
ulation model were informed from both the queuing model and
the data gathered from real operations. The parameters that
needed to be established were 1) the number of trucks on the road
per time unit, 2) the number and type of loads in the warehouse
per time unit, 3) the delay time at the office check-in, 4) the
delay time of possible breaks, and 5) the delay time at the office
check-out.

The truck arrival rate was based on average gate arrivals,
increased by 25% to create sufficient baseline congestion to
evaluate interventions. For load types, around 15% (15.75%)
of trucks were set to load unit load devices (ULDs), the rest
loading loose cargo. ULD quantities followed a triangular distri-
bution (min 1, max 6, mode 4), while the loose cargo quantities
followed an exponential distribution with a mean of 50 min.
Office check-in delays were modeled as an exponential dis-
tribution with a mean of 15 min. Driver breaks were given
a probability of occurrence of 5%, following an exponential
distribution with a mean of 45 min. Finally, office check-out
delays were implemented as a normal distribution with a mean of
5 min and a standard deviation of 2 min. These parameter settings
were derived from analysis of trucking RFS data, employee
estimates, and reasonable assumptions where direct data were
lacking. Our goal was to create a realistic baseline scenario with
sufficient congestion to evaluate the effectiveness of various

interventions to improve truck flow and reduce waiting times.
Table II summarizes the input parameters along with their initial
values and distributions for the baseline model.

D. Performance Measures

We used the following performance indicators to measure the
performance of the scenarios. First, we measured the average
and maximum time it takes trucks to travel from the road source
to the parking area, as this is the main area of congestion. Second,
we measured the average and maximum time of the drivers
in the office before acquiring a dock door. This performance
indicator is important as the waiting time of the drivers in the
office indicates the number of trucks waiting to be processed,
thereby showing the effect of an intervention (e.g., the sequence
in which they are handled) on the waiting time. Third, data were
extracted on the percentage of time the trucks were blocked in
the model. During travel through the system, trucks could have
multiple states, such as “travel empty,” “travel loaded,” “idle,”
and “blocked.” The “blocked” state was given to a truck if it was
unable to move to its next destination, and this only happened if
the truck’s path was congested. Therefore, the total proportion of
time that trucks are “blocked” indicates the extent of congestion
in the model. Finally, in line with [1], [16], [48], and [75],
truck turnaround time was also used to measure congestion
and the overall performance of the model. This was measured
through the average and maximum values of the turnaround
time. Table III summarizes the performance indicators chosen
to measure the performance of the scenarios. Fig. 7 presents the
process flow map of the processes in the loading operations as
modeled in FLEXSIM. The parameters, as described in Table II,
corresponding to each process are presented in Fig. 7. Each
performance metric, as described in Table III, is also mapped
to the corresponding process in Fig. 7. Performance mea-
sures P1–P4 measure truck congestion in individual processes,
while P5–P7 are general measures of congestion in loading
operations.

E. Model Validation

After constructing a model, it is important to verify and
validate its accuracy (see [4] and [77]). We start first with
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TABLE III
CHOSEN PERFORMANCE MEASURES FOR EVALUATING VARIOUS SCENARIOS, WHERE AVG AND MAX INDICATE THE AVERAGE AND MAXIMUM, RESPECTIVELY

Fig. 7. Simulation steps that are implemented in the FLEXSIM simulation model along with the parameters and performance measures, as introduced in Tables II
and III.

the structural validation of the model [77]. We then examined
the baseline model by setting the run speed at 10 and closely
inspecting the flow of the trucks, drivers, and truck loaders,
both in the 3-D model and in the process flow. In addition,
by selecting a truck during a simulation run, it was possible
to see its labels, such as cargo type, quantity, and assigned dock
door. Consequently, we checked if these were correct and if the
truck traveled to the correct destination. Also, we inspected the
average loading times in a similar manner. Finally, the model
was verified by an employee in the air cargo industry, who has
work experience at this cargo handler and thus had sufficient
knowledge of the process.

After verifying that the model resembles the actual system,
we proceeded to validate its behavior or perform the behavioral
validation [77]. To obtain a representative image of the behavior
of the model, we ran the baseline model for ten consecutive
days. As explained in the model development section, the arrival
rate for this baseline model was set 25% higher to simulate a
busy day (in which congestion should arise). In general, this
led to a congested state of the system somewhere between 2
P.M. and 8 P.M. According to conversations with employees, this
is comparable with the timeframe in which this occurs in the
actual system. To measure the performance of the model (and
most importantly the congestion during the 10 days it ran), we
used the performance measures described in Section III-D. The
metrics of the baseline model were validated with the help of
the same employee.

IV. SIMULATION STUDY RESULTS

Our intervention is based on improving the results of the
baseline simulation scenario. For this, we considered three ap-
proaches, namely, (1) increasing parking and docking capacity,
(2) setting up fast lanes, and (3) applying sequencing rules. The
three approaches were independently evaluated as alternative
scenarios, and three more scenarios were added by combining
the three suggested approaches to better understand whether the
measures influenced each other positively or negatively. While
scenarios (1) and (2) are related to improvements or changes in
infrastructure, scenario (3) is related to improvements based on
the scheduling process. All scenarios were run for ten consecu-
tive days. Each scenario was replicated five times in FLEXSIM.
We now describe the simulation results for each scenario. For
each performance measure mentioned in Section III-D, we dis-
play the 95% confidence interval based on the results of the five
replications.

A. Scenario 1: Increasing Parking and Dock Door Capacity

In this scenario, we demonstrate the effect of increasing the
dock door and parking capacity, while the other parameters
remained constant. First, we test the effect of increasing the
parking capacity with the addition of parking spots. As the
parking capacity increases, fewer trucks have to wait on
the road, which decreases the congestion. In addition, more
drivers can come to the office to go through the check-in phase
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TABLE IV
RESULTS OF THE PERFORMANCE MEASURES FOR SCENARIO 1

or take a break. This increases the pool of trucks that are ready
to be processed and can thus be assigned a dock door to load.
So, the added parking capacity serves primarily as a buffer that
absorbs peak arrivals, thereby reducing queue spillover onto
access roads.

Second, we test the effect of increasing the number of dock
doors. Currently, 15 doors are operational on the loading side,
of which 20% are used to load ULDs and the other 80% for
loose cargo. Five extra dock doors are added to the loading side,
of which one is used to load ULDs only to maintain the current
ratio. Since ULD loading requires a special machine, which may
be a limiting factor when adding ULD docks, we also run a
scenario in which an additional ULD loading machine has been
purchased. An increase in the number of ULD docks to four
involves an investment in an additional special machine that is
required to load ULDs onto trucks. The results of this scenario
are given in Table IV.

In line with expectations, additional parking capacity im-
proves congestion measures. The average time before a truck
is parked is reduced to around one-third with the addition of
five parking spots compared to the baseline model. Similarly,
the proportion of time that trucks are blocked is also reduced
by a similar proportion with each expansion of the parking
capacity. However, the average turnaround time of the truck and
the time spent in the office increased for both expansions of
parking capacity. While increased parking capacity allows more
trucks to enter the facility and begin processing earlier, it does
not alter the processing speed despite reduced queuing outside.
Consequently, the truck turnaround time, which is measured as
the difference between gate-in and gate-out times, increases as
more trucks can enter the facility. However, in practice, they
arrive earlier and have to wait longer.

However, the expansion of dock door capacity shows im-
provements on all performance measures. Even without in-
vesting in another ULD machine, an expansion in the door
capacity by 33% would result in an uncongested state on a busy
day. The maximum amount of time a truck spent in traveling
from the road to a parking spot in the facility was only 6
min and 37 s on average. The time spent in the office and
for turnaround was drastically reduced. Adding one more ULD
machine, increasing total ULD-handling capacity, reduced the
average truck turnaround time from 80 min to approximately 66
min, a 17% improvement compared to the scenario without this
equipment.

B. Scenario 2: Setting Up Fast Lanes

In the second scenario, we examine the effects of setting up
fast lanes (see Table V). Fast lanes are doors that can only be
used by trucks that can be loaded in less than a specific amount
of time. This can lead to an increase in the number of trucks
that can pass through, as the lead time of these trucks is limited.
As a result of this increase in lane throughput, the trucks that
require less time to load pass through the system more quickly,
thereby freeing up parking and dock door capacity for others.
This scenario does not require costly investments, as the number
of doors remains unchanged. A difficulty of this system is that
reliable information needs to be available to predict the duration
of loading or unloading. However, we take this into account in
the simulation model. As the quantity of the shipment affects the
loading time, we set limitations on shipment quantities per dock
door. We tested various configurations to find the most effective
cutoff point in alignment with the number of fast lanes needed.
The fast lanes were configured to be applicable for shipments
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TABLE V
RESULTS PERFORMANCE MEASURES FOR SCENARIO 2

containing only loose cargo, as ULDs needed particular doors
to be loaded (since they require larger quantities). We tested the
shipment quantity cutoff points 40, 60, and 80, which corre-
sponded approximately to the loading times of 30, 45, and 60
min. We tested these for 2, 3, and 5 dock door configurations.

The results in Table V indicate that adding fast lanes does
alleviate congestion, but only in some cases. An interesting
effect occurs when the shipment quantity is limited to 40 (taking
30 min). If this cutoff point is used for 2 or 3 lanes, the congestion
is slightly improved compared to the baseline model. However,
increasing the number of fast lanes to 5 substantially increases
congestion. This happens as the number of fast lanes starts to
constrain the system excessively, resulting in trucks that cannot
use the fast lanes piling up to a point where they occupy all
the parking capacity, and no small shipments can be processed.
For the cutoff point of 60 loose cargo items (which takes 45
minutes), the best result is achieved when 3 lanes are used. With
these parameters, the average time for a truck to travel from
the road source to the parking spot is reduced by about 30%
from the baseline model. The average turnaround time is reduced
by a few minutes. Moreover, the proportion of time trucks are
blocked is reduced to 5.95%, which is almost 30% less than that
in the baseline model (8.69%). Similar to the situation with a
cutoff point of 40, increasing the lanes to 5 has a negative effect
on the congestion. The best results of this scenario are found
while using 5 lanes, for a cut-off point of 80 loose cargo items
(which takes 60 minutes). These parameters led to a reduction
of around 60% in the average as well as maximum travel time
from the start of the model to the parking area. The proportion of
time trucks are blocked throughout the 10-day simulation was
reduced by almost 64%, from 8.69% to 3.1% on average. These
results show that setting up fast lanes can improve the flow of

trucks through the system. However, the rules for the fast lanes
should be carefully considered, as they may also constrain the
system, causing the congestion to worsen.

C. Scenario 3: Applying sequencing rules

In scenario 3 (see Table VI), we experiment with changing
the order in which trucks are processed. Popular sequencing
methods are EDD, SPT, and LPT [15]. Unfortunately, the earliest
due date feature was not registered in the truck data. The data
features available for use in sequencing rules were processing
time and waiting time, and therefore, we tested SPT and LPT.
We tested six sequencing rule configurations; SPT, LPT and
their combinations with 1 and 2-hour waiting times. We first
tested SPT, in which the system orders the queue of trucks
waiting to acquire a dock door based on the load quantity.
Since the shipment quantity determines the loading time in this
simulation, sorting this in an ascending order ensures that the
shortest processing times are prioritized for acquiring a dock
door. It is expected that prioritizing shorter processing times
increases the throughput rate and should, therefore, lead to a
substantial reduction in congestion.

Second, we tested LPT by sorting the shipment quantities in
descending order. This is expected to decrease the throughput
rate, leading to more trucks in the parking area. To prevent truck
drivers from waiting endlessly, their maximum waiting time is
included in the final sequencing rule configuration. Trucks that
have longer loading times can be asked to wait a maximum of
1 h to acquire a door. After having waited for 1 h, the truck is
automatically the next in line, regardless of its loading time. The
same logic is applied for both SPT and LPT, with a maximum
of 2 h of waiting time.
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TABLE VI
RESULTS PERFORMANCE MEASURES FOR SCENARIO 3

The results show that the order in which the trucks are handled
has a substantial effect on the congestion. Among the tested
sequencing rules, the SPT rule produced the lowest average
truck turnaround time and blocked time ratio, indicating its
superior efficiency under the simulation’s defined conditions.
Based on the proportion of time trucks are blocked (0.51%) and
the maximum time it takes trucks to drive from the road source
to the parking area (13m37s), it can be concluded that there
is hardly any congestion in front of the gate and in the yard.
However, the counter effect is that the maximum time spent in
the office increases by almost 40%. It often causes truck drivers
who require a longer loading time to wait the whole afternoon
as the capacity for smaller shipments is prioritized. The LPT
rule approach, on the other hand, shows poor performance on
all the congestion measures and equal delays for in-office time.
This delay disappears when applying a maximum waiting time
of 1 h to acquire a door. However, since the ideal order of the
SPT is now constrained, the congestion-related measures are
negatively affected. In contrast, the LPT rule performs better
under the maximum waiting time condition, as the long loading
times are alternated with shorter loading times. Overall, based
on the congestion-related measures as well as the waiting time
in the office, the best performance is achieved for the SPT rule
with a maximum waiting time of 2 h.

D. Scenario 4: Combining Five Additional Doors With SPT
and Fast Lanes Separately

In addition to evaluating the individual measures of 1) parking
and dock door capacity, 2) fast-lane construction, and 3) se-
quencing rules, we also need to explore the effect these measures
have when applied together. First, we combine the strategy of
five additional doors in combination with the SPT and fast lanes
separately. For the fast lane strategy, we apply the same settings

that led to the highest performance outcome in Scenario 2 (see
Table V) in its individual performance; we thus set Q = 80 and
N = 5. These settings led to a maximum loading time of 60 min
for five dock doors. The results in Table VII suggest that the
effect of the SPT rule, or fast lane, reduces congestion as an
addition to the initial increase in dock door capacity. When a
ULD is also added, we notice that the effect is only marginally
better.

E. Scenario 5: Combining Ten Additional Parking Spots With
SPT and Fast Lanes Separately

In the fifth scenario (see Table VIII), we explore the effect of
adding SPT rules and a fast lanes together with ten additional
parking spots. In this scenario, we also adopt similar settings
that led to the highest performance outcome in Scenario 2 (see
Table V) in its individual performance, namely, Q=80 and N=5.
These settings led to a maximum loading time of 60 min for
five dock doors. The data suggest that the SPT rule and a fast
lane can reduce congestion to levels similar to all configurations
of Scenario 4 and the five dock doors plus the ULD machine
configuration of Scenario 1.

F. Scenario 6: Combining Five Additional Doors and Ten
Additional Parking Spots With SPT and Fast Lanes Separately

Finally, in Scenario 6 (see Table IX), we evaluate the effect
SPT rules and fast lanes have on a configuration with five
additional dock doors and ten additional parking spots. Again,
we rely on the settings that led to the highest performance
outcome in Scenario 2 (see Table V) in its performance, namely,
Q = 80 and N = 5. These settings led to a maximum loading
time of 60 min for five dock doors. It is clear from the data
that we achieve a similar performance as in the case of the five
dock doors plus a ULD machine configuration of Scenario 1.
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TABLE VII
RESULTS PERFORMANCE MEASURES FOR SCENARIO 4

TABLE VIII
RESULTS PERFORMANCE MEASURES FOR SCENARIO 5

This indicates that the combination of five dock doors and ten
parking spots increases the capacity beyond what is required and
might be an overutilization of resources for creating the current
desired capacity.

V. DISCUSSION

We used a hybrid simulation methodology that combines
an initial queuing model with a more detailed simulation.
The approach taken aligns with Shantikumar and Sargent’s
[76] so-called class IV model, where analytical models inform

simulation experiments. Our use of an open Jackson network
queuing model to guide capacity decisions and inform the base-
line simulation model is novel in the context of air cargo landside
operations. The queuing model describes a nontrivial network
structure6 with the idiosyncratic nature that the parking lot has
a double function: it can serve trucks visiting the registration
office, breaking, and checking out, while it acts as the buffer

6A trivial network structure is studied in settings where there is just a single
stage of servers in parallel, e.g., as in [39].
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TABLE IX
RESULTS PERFORMANCE MEASURES FOR SCENARIO 6

Fig. 8. Average and max waiting time (to travel from road source to parking area) of the seven best-performing scenarios.

capacity for the docking doors as well. However, the queuing
model does not capture additional features present in real life
and is based on restrictive assumptions (e.g., the arrival process
is assumed to be stationary).

In the subsequent simulation model, unlike many previous
studies that focus on either infrastructure changes or process
improvements in isolation, we evaluated both types of interven-
tions simultaneously. This integrated approach allowed us to
identify synergies between capacity increases, fast lanes, and
sequencing rules that have not been previously explored in the
air cargo context. We now consider the effect of individual inter-
ventions (see Scenarios 1–3). Once the effects of the individual
interventions are clear, we can discuss their combined effects.
Fig. 8 shows the seven best-performing scenarios without con-
sidering combinations (such as in Scenarios 4–6). Considering
the performance measure blocked time ratio, the best results
were obtained by increasing capacity in general and, in some
cases, by adding a fast lane and sequencing rules in which short
processing times are prioritized (see Fig. 9). This extends the
previous work on express lanes in container terminals (e.g.,
[7]) to the air cargo domain. The single best result is found
for the scenario in which the dock door capacity is increased
by five doors (see Table IV), which reduces the total proportion
of time trucks are congested to only 0.48%, from 8.69% in the

baseline model. This performance is closely followed by the
SPT sequencing rule, with a proportion of 0.51%, and dock
door capacity increased by five dock doors with one additional
ULD machine (0.56%). In all three scenarios, the congestion in
the yard and in front of the gate is fully resolved. In the case of
capacity increase by five dock doors, the average time it takes
the trucks to acquire a parking spot upon arrival is 1 min 38
s, and the maximum time is 6 min 37 s. Unlike Kasemset and
Pintaruean [15], who also examined heuristics, such as SPT and
LPT, we also consider maximum waiting time, thus addressing
practical concerns of driver fairness.

Considering that the simulation is run for ten consecutive
days, in which peaks of arrivals occur every afternoon, an upper
limit of 6 min and 37 s on average is reasonable. Two other
scenarios that performed well on the blocked time ratio measure,
despite still encountering small congestion from time to time,
are the SPT sequencing rule with a maximum waiting time of
2 h (see Table VI) and the fast lane with five doors and a cutoff
quantity of 80 (Q = 80, requiring 1 h of loading time, Table V).
These scenarios resulted in blocked time ratios of 2.25% and
3.1%, respectively, while parking time remained similar. An
improvement of at least 50% on all pure congestion measures
and an upper limit of around 30 min justifies the application of
these methods for the cargo situation. A final interesting result
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Fig. 9. Performance of the scenarios on pure congestion related measure (Proportion of time the trucks are blocked).

Fig. 10. Average and maximum office times of seven selected scenarios.

is that increasing the number of parking spots by 5 or 10 also
reduces the blocked time ratio to 5.16% and 2.94%, respectively
(see Table IV). The average and maximum times before reaching
the parking area are also slightly improved in these scenarios.

In addition to measuring the alleviation of congestion, it
is also important to evaluate whether interventions negatively
affect other processes, causing delays. For example, average
and maximum office times can serve as good indicators. Office
time includes the check-in process, drivers’ break time, and
the waiting time before a door is assigned. Fig. 10 shows an
overview of office times for the seven selected scenarios. This
figure illustrates that solving congestion does not always lead
to better office performance. For instance, increasing parking
capacity leads to higher average and maximum office times.
This is because more drivers can park their trucks and proceed
to the office, shifting part of the total waiting time from the
road to the office area. The fast lane scenario leads to office
times comparable to the baseline model. Furthermore, the SPT
approach leads to a decrease in the average office time but a
significant increase in the maximum office time. This happens
because trucks with a long loading time are postponed until all
shorter jobs have been completed. This issue is resolved in the
scenario with a maximum waiting time of 2 h, which performs

significantly better than the baseline. Finally, increasing the dock
door capacity leads to a substantial decrease in office times. The
additional doors ensure that drivers rarely have to spend time in
the office waiting for a door to become available. Instead, the
average and maximum office times are only composed of the
check-in process and compulsory breaks.

Having discussed the effect of individual interventions (see
Scenarios 1–3), we now consider the effect of the combined
interventions (see Scenarios 4–6). In general, the effect of the
combined scenarios follows the expected trends of the individual
scenarios. In Scenario 4, we notice that the combination of
five additional dock doors with the SPT rule and fast lane
performs better than the individual rules. The addition of a ULD
machine marginally improves the performance (see Table VII).
The combination of ten additional parking spaces along with the
SPT rule and fast lane also performs better than the individual
rules, except for the max turnaround time, which increases due
to the presence of more trucks. Finally, we consider the effect of
all three interventions. As expected, they perform better than the
individual rules. However, this improvement is only marginally
greater than the addition of five dock doors and an extra ULD
machine, suggesting that combining all three interventions may
be an excessive effort.

Authorized licensed use limited to: Universiteit van Amsterdam. Downloaded on December 04,2025 at 09:17:45 UTC from IEEE Xplore.  Restrictions apply. 



2878 IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT, VOL. 72, 2025

A. Challenges, Limitations, and Future Work

Similar to [4], we used multiple performance measures to
evaluate interventions, including blocked time ratios, office
waiting times, and overall turnaround times. However, the per-
formance of all scenarios should be balanced against the poten-
tial cost and ease of implementation to select the most viable
option. Considering the cost, the fast lane, SPT, and SPT +
max wait 2-h scenarios require the least amount of investment
for implementation. This is because no new infrastructure is
needed. However, it may be necessary to invest in a queue
management system to implement sequencing rules. The other
four scenarios are more costly because they require investments
in infrastructure. Increasing parking capacity is a relatively
cheap option, as long as there is enough space in the yard.
Building five additional dock doors and purchasing an extra
ULD machine require a much larger investment, but also result in
the biggest performance improvements. Concerning the ease of
implementation, the increase of parking and dock door capacity
is relatively straightforward. Implementing fast lanes and SPT
rules requires that loading times be known in advance, which
is very difficult to forecast in reality. Therefore, future work
could implement a prediction model for loading times when
using fast lanes or SPT rules. Another challenge is implementing
the sequencing process. The operation office needs to keep an
overview of all available trucks to be called forward. In addition,
a clear strategy to convince and involve drivers who are forced
to wait is needed.

Future work could also consider the responsiveness of scenar-
ios to increasing demand. Adding five dock doors provides the
most resilience by increasing processing capacity. Additional
parking is only a buffer and may overflow if the number of
arrivals increases significantly. Fast lane and sequencing rule
scenarios are less responsive but can be combined with capacity
increases. This allows postponing larger investments while po-
tentially yielding greater improvements than individual capacity
increases alone. Finally, another, more theoretical challenge for
future research could be studying various interventions in a
queuing or mathematical optimization framework.

B. Contributions of Our Work

We tailor a network queuing model to our challenging setting
of having multiple stages with different server groups in parallel,
regular, and ULD dock doors. This model, although limited by
exponentiality assumptions, guides critical capacity decisions
and informs the creation of a baseline simulation model to
understand congestion in land-side air cargo operations. In our
simulation, we are the first to combine these different types of
scenarios (infrastructure and process) in a simulation study to
reduce truck congestion. In retrospect, a unique challenge is that
we integrated two different models, in which the information of a
queuing model is used to initialize the simulation. Furthermore,
we needed to validate the models separately in terms of their
applicability, but also ensure that they were aligned; specifically,
ensuring that the simulation aligns with the queuing model in
the restrictive settings.

This research also contributes to the theoretical literature on
landside air cargo processes, a relatively neglected application
domain. Although truck management for landside operations
at container terminals and other warehouse facilities has re-
ceived considerable attention from scholars, landside air cargo
processes have received less focus. Unlike container terminals
that handle entire containers, air cargo involves either parts (cf.,
Q in Table V) or ULDs. The variability in load types introduces
additional complexity compared to traditional container termi-
nals. Using load information to determine sequencing rules and
introducing fast lanes for a maximum Q are novel concepts and,
through our scenarios, proven in this field. Thus, these findings
are also managerially interesting, especially in other domains
where additional information is available on the truckload, and
the network structure of the process is not a single stage.

Our results offer valuable and practical information for air
cargo terminal managers. We found that while infrastructure
investments (e.g., adding five dock doors) provided the most
significant congestion reduction, process improvements, such
as SPT sequencing with waiting time limits and carefully
configured fast lanes, could also yield substantial benefits at
lower implementation costs. This aligns with previous research
that emphasizes the importance of both capacity expansion and
operational efficiency in managing congestion (e.g., [2] and [7]).

VI. CONCLUSION

This research contributes to literature on truck congestion
by demonstrating effective strategies to reduce congestion at
landside air cargo processes when appointment-based systems
are not feasible. We present a hybrid simulation, where the
initial queuing model analysis proved valuable in identifying
the tipping points where additional capacity led to significant
congestion reductions, allowing us to focus the more computa-
tionally intensive simulation experiments on the most promising
infrastructure configurations and process improvements. In the
simulation, we present six scenarios, all effective in reducing
or even eliminating truck congestion. Studying the scenarios
reveals the following.

1) Investments in additional capacity, ULD or regular doors,
improved performance.

2) Fast lanes can be a great countermeasure for truck con-
gestion, but the number of fast lanes and the cutoff point
are crucial.

3) Sequencing rules can also reduce truck congestion.
When combining interventions, we find that five additional

dock doors with the shortest processing time (SPT) first rule
and having a fast lane generally outperform without investing in
a ULD door.

Our hybrid simulation approach, which combined an ini-
tial queuing model with a detailed simulation, allowed us to
evaluate both infrastructure changes and process improvements
simultaneously. This integrated methodology revealed synergies
between capacity increases, fast lanes, and sequencing rules
that have not been previously explored in the air cargo context,
offering valuable insights for both researchers and practitioners
in optimizing landside operations.
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APPENDIX

A. Simulation Software

Fig. 11. Detailed overview of the simulation model implemented in FLEXSIM.
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Fig. 12. Snapshot of the simulated setting in FLEXSIM.

Fig. 13. Histograms with an exponential fit of the arrival process (top) and cargo handling (bottom); measurements are in seconds. (a) Interarrival times throughout
the day. (b) Interarrival times between 12:00 and 13:00. (c) Processing times of trucks containing loose cargo. (d) Processing times of trucks containing ULD(s).

B. Statistical Analysis

Here, we compare the data of our case to the exponential
distributions, which are inherently assumed when applying a
Jackson queing network model [34]. We do so by providing
histograms with an exponential fit. The histograms in Fig. 13(c)
and (d) are slightly separated due to rounding.
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