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ABSTRACT ARTICLE HISTORY
This paper studies a new managerial approach that integrates Received 11 February 2024
predictive trucks’ estimated time of arrival (ETA) into truck schedul- Accepted 30 October 2024

ing to deal with the truck arrival time uncertainty. The approach KEYWORDS

exploits ETA to reschedule trucks by the up-to-date information and Industry 4.0; logistics; truck
aims to minimize the trucks’ waiting time. The approach was scheduling; estimated time
applied in a real case. Results quantified the impact of adopting of arrival; real-time data
ETA for truck scheduling, also showing how the ETA accuracy and

peak truck arrival rate affect the total trucks’ waiting time. The

paper enriches both truck scheduling literature, investigating

a new managerial approach to deal with truck arrival time uncer-

tainty, which greatly threatens the synchronization of logistics

flows, and Industry 4.0 literature, showing how real-time data avail-

ability can change traditional decision-making processes. Insights

for the approach application are discussed, together with the eco-

nomic, environmental, and social benefits by supply chain actors

(i.e. carriers, warehouse managers, and drivers).

1. Introduction

In a context where customer service level is gaining more and more importance over
time, supply chains are involved in a crucial challenge towards the achievement of
efficient and fast logistics distribution systems (Ladier & Alpan, 2018). The synchroniza-
tion of logistics flows can bring rapidity and reactivity at each stage of the supply chain,
e.g. parts feeding and production (Napoleone et al., 2023), transportation and ware-
housing process (Buijs et al., 2014), production scheduling and outbound transportation
(Zhang et al., 2024), and replenishment and picking (Leung et al., 2022). With a focus on
the synchronization between transportation and warehousing processes, the variability of
truck travel times generated by unexpected events, such as traffic and congestion,
represents a threat (van der Spoel et al., 2017). Late and early truck arrivals pose several
managerial challenges for both the carrier and the receiving facility: managers report that,
as the peak time approaches, it gets more and more difficult to compensate for delays,
and ‘even 5min of [truck] delay make the entire facility go wrong’ (Ladier & Alpan,

CONTACT Elena Tappia @ elena.tappia@polimi.it @ Department of Management, Economics and Industrial
Engineering, Politecnico di Milano, Via Raffaele Lambruschini 4/B, Milano 20156, Italy

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/
licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly
cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in a repository by the author(s) or
with their consent.


http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/21693277.2024.2425678&domain=pdf&date_stamp=2024-11-07

2 (&) T.MODICAETAL.

2016b). In this context, having managerial approaches for truck scheduling able to deal
with the uncertainty of truck arrivals becomes extremely relevant to meet customers’
requirements and to improve the competitiveness of logistics distribution systems
(Amini et al., 2014; Xu et al,, 2022). A strategy to synchronize the transportation and
warehousing processes is truck scheduling optimization (Amini et al., 2014). The truck
scheduling problem aims at determining the processing order and docking time of trucks
at a logistics facility. The truck scheduling optimization could refer, for instance, to the
minimization of trucks earliness and tardiness or the minimization of trucks waiting
times (Ladier & Alpan, 2016a), allowing the reduction of the goods throughput time
along the supply chain.

The truck scheduling problem has been widely discussed in literature, especially in its
deterministic form. Extant academic literature that considers the uncertainty in truck
arrival times within the problem highlights two main types of managerial approaches to
deal with it (Ladier & Alpan, 2016a). The first, proactive approaches, account for
uncertainty in the off-line stage, by defining in advance a robust truck schedule, which
is not updated, aimed at reducing the impact of arrival times variability by, for instance,
introducing resources (i.e. doors or operators) redundancy (e.g. Heidari et al., 2018;
Konur & Golias, 2013a; Ladier & Alpan, 2016a). The second, reactive approaches,
dynamically revise the current truck schedule according to actual truck arrivals through
pre-defined rules such as the well-known scheduling strategies First-Come-First-Served
(FCEFS) and Shortest Processing Time rules (SPT) (e.g. Cekala et al., 2015; Yu et al., 2008).
Both the proposed approaches present some drawbacks. Existing proactive approaches
might be complex to understand and implement in companies, and they might ensure
robustness at the cost of resources redundancy, while reactive approaches generate
suboptimal solutions as the scheduling relies on only the trucks that have already arrived
(Cekala et al., 2015). To overcome these drawbacks, some authors combined both
approaches by defining an initial schedule first and then proposing a rescheduling system
that adjust the initial proposal (Nasiri et al., 2022, Xu et al., 2022). These are the so-called
predictive-reactive approaches. These approaches require understanding the system status
to trigger the rescheduling activity. Nasiri et al. (2022) performed a periodical reschedul-
ing according to the actual truck arrival time. No predictive information about the truck
arrival times is used. Xu et al. (2022) proposed a dynamic truck-appointment reschedul-
ing model that reschedule late trucks before their arrival. Information about delays is
collected by asking the driver 30 minutes before the agreed-upon appointment time.

The rise of Industry 4.0 and the related solutions to collect and analyze data in an
automatic way, such as IoT in combination with GPS sensors and artificial intelligence,
fosters the implementation of data-driven managerial approaches for decision-making,
also opening room for studies discussing how to deal with uncertainty, thanks to data
availability (Modica et al., 2021). In the field of transportation, for example, studies have
focused on improving the efficiency of the delivery using real-time product data (Viet
et al., 2020) or proposing alternative routes to the decision makers through real-time
monitoring (Zafarzadeh et al., 2023). Regarding truck scheduling, the reliable real-time
prediction of the incoming trucks’ estimated time of arrival (ETA) represents an inter-
esting application area for data-driven decision making (Barbour et al., 2018; Flores da
Silva et al., 2023). By elaborating real-time data including for instance the truck position,
road traffic, and weather conditions, predictive algorithms offer the possibility to know in
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advance the truck ETA (Zhao et al., 2020). Predicting trucks ET A with sufficient accuracy
could help deal with the issues connected with arrival time uncertainty in a more efficient
and effective way compared to extant approaches. Indeed, as opposed to proactive
approaches, ETA information allows considering truck delays when they occur, avoiding
the costs required by the adoption of strategies that mitigate the impact of arrival times
variability in advance. Moreover, ETA information could be used to reschedule both late
and early trucks before they arrive at the facility, thus improving the optimization of time
and/or costs compared to reactive and predictive-reactive approaches. Last, being ETA
automatically shared between the truck telematics and the warehouse systems, it avoid
asking information to truck drivers. Moreover, it could support the sustainable develop-
ment of companies by potentially improving resource productivity (i.e. trucks, drivers,
warehousing operators) and shortening lead times along the supply chain (considering
the economic and environmental perspectives), and by increasing drivers’ safety and
improving drivers work-life balance (considering the social perspective). In this context
where literature about Industry 4.0 and its applications is growing pushed by an increas-
ing interest in theory and practice, studies that redesign traditional decision-making
instruments and approaches to take advantage of the use of real-time data represents an
open debate in logistics (Aron et al., 2023; Dhiaf et al., 2021; Wang et al., 2023).

Given these premises, the present work aims to study the impacts stemming from the
use of ETA information for truck scheduling under uncertainty in truck arrival times.
Two research questions drove the study:

RQI1: How can ETA information on truck arrival times be exploited to improve truck
scheduling?

RQ2: Whatis the impact of exploiting ETA information on truck arrival times for truck
scheduling in terms of the total truck waiting time reduction?

section 2 reports the methodology followed in the study. To answer the research ques-
tions, we first conducted a literature review on truck scheduling models, which is
presented in section 3. The ETA-based reactive truck scheduling approach, which
introduces real-time ETA information in a reactive truck scheduling approach, is
described in section 4. To explore the application and impacts of the approach, this
was applied to a real case conducted with one of the largest Italian grocery retailers
(section 5). section 6 discusses the results and presents implementation insights. Finally,
in section 7, conclusions are drawn identifying the study’s theoretical and managerial
implications, the limitations, and suggesting directions for future research.

The main contributions of the paper consist in (i) showing how ETA information
could be integrated into truck scheduling, providing an original example of decision
making redesign that integrates Industry 4.0, (ii) quantifying the impact that can be
expected from integrating ETA in truck scheduling. The research does not focus on
proposing new scheduling optimization model and algorithms. Integrating ETA into
truck scheduling could help companies cope with late and early trucks more effectively
and efficiently, thanks to the predictive visibility offered by ETA, thus reducing waiting
time on-site and synchronizing the logistics flows. This could improve both trucks
utilization and the drivers” work life balance, offering a way to mitigate the persistent
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‘driver shortage’ faced by the logistics industry. Finally, by discussing how Industry 4.0
could improve decision making, this paper could support the digital transformation of
companies.

2. Methodology

To answer the research questions, a two-phase methodology was adopted, as described in
Figure 1.

Phase 1 started with a literature review on truck scheduling models aimed to identify
the main approaches and solutions adopted in truck scheduling and the relevant variables
involved in the truck scheduling problem. Then, the new approach which introduces
real-time ETA information into truck scheduling was developed. The approach was
intended to offer a new method for truck scheduling by combined real-time ETA
information and optimization. Since the main focus of the research was to propose
a new approach to combine ETA information in truck scheduling, extant optimization
models were selected from literature and adapted to our problem.

METHOD OUTPUT

| Literature review |

PHASE 1 v

Development of a new approach ETA-based reactive truck
for truck scheduling scheduling approach
I
iy

| Case study |

.

Data collection
+ Truck scheduling process
+ Receiving process
+ Accuracy of the ETA estimation
model
» Average truck service time
+ Truck waiting times

v

Setting the approach
PHASE 2 + Rescheduling frequency RO 2

» Number of resources

+ Trucks processing times
+ ETA estimation

+ Solution method

v

Experiments settings
* Perfect information
» ETA accuray variation
» Peak truck arrival rate

RO 1

¢ Insights on the impact of the ETA-
Results evaluation and discussion '—' based reactive truck scheduling
approach

Figure 1. Research methodology.
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In Phase 2, the approach was applied to a real case to explore its application and
impacts. One of the largest Italian grocery retailers was selected as case study, owing to
a turnover of more than 2 billion, with reference to its largest distribution center located
in the North of Italy. To improve the understanding about how to apply the new
approach and to perform the impact assessment, this company was selected because it
has recently applied ETA for its fleet. The retailer currently uses the FCFS policy for truck
scheduling. During the research, information about the truck scheduling processes, the
receiving process, the warehouse, and the ETA estimation model were studied to under-
stand the feasibility of the application of the new approach, and data were collected to
feed the parameters required by the approach. The data collected for the study and
additional information about the company’s truck scheduling processes were supported
by semi-structured interviews with the Logistics Director of the company (Carson John,
2002). Once the approach was set, it was applied to the company to understand its
impact. The approach was compared to the performance of the current way of working of
the warehouse. Three different experiments were set to test the approach. First, the
maximum benefits achievable were assessed, by considering a perfect information sce-
nario where ETA always equals the actual time of arrival (ATA), and is assumed known
at the facility at the beginning of the day. Then, the assumption of perfect information
was relaxed, and the impact of ETA accuracy and truck arrival rate on the performance of
the proposed approach was tested.

3. Literature review

Literature addressed the truck scheduling problem mainly concerning cross-docking
facilities; here, both inbound and outbound doors need to be scheduled properly to
achieve synchronization of inbound and outbound trucks with internal handling activ-
ities (Amini et al., 2014). Three main elements characterize truck scheduling problems:
(1) doors environment, (2) operational characteristics, and (3) objective to be pursued
(Boysen & Fliedner, 2010). Doors environment refers to the capacity of the receiving
logistics facility, which is in most cases related to the dock doors but can also be
connected to the resources dedicated to loading and unloading operations. Doors
environment is characterized by the number of doors available at the facility, and the
service mode of each door, which can be exclusively dedicated to inbound operations or
outbound operations, or mixed, meaning that each door can serve an intermixed
sequence of either inbound or outbound trucks (Van Belle et al., 2012). Operational
characteristics represent the rules and logic underlying the operational management of
the receiving facility, including for example pre-emption or constraints restricting the
departure time of trucks (Boysen & Fliedner, 2010). Examples of objectives refer to the
minimization of trucks earliness and tardiness, the minimization of trucks waiting times,
or the minimization of the cross-docking process operational time (Khalili-Damghani
et al., 2017).

Extant literature on truck scheduling mainly assumes concentrated arrivals, meaning
that trucks are all present at the yard of the receiving facility at the beginning of the time
horizon when the scheduling starts, or deterministic scattered arrivals, assuming that
truck arrivals have no uncertainty and are distributed during the day (refer to Van Belle
et al., 2012). Nonetheless, in reality, many unexpected events caused by exogenous
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factors, such as road congestion (van der Spoel et al., 2017), constantly change the trucks
arrivals, affecting the performance of the logistics facility if no adjustment to the original
schedule is performed (Ladier & Alpan, 2016b). When dealing with truck arrival time
uncertainty, the literature highlights two main kinds of managerial approaches (Ladier &
Alpan, 2016a). Table 1 provides an overview of the previous contributions about truck
scheduling under uncertain arrival times classified into the two main approaches.

Proactive approaches aim at tackling uncertainty during the off-line stage by defining
robust truck scheduling models aimed at reducing the impact of arrival time variability.
Extant robust truck scheduling leverages generic robust optimization techniques or
resource (i.e. doors or operators) redundancy to generate schedules that show the
smallest deterioration of the performance under unfavorable truck arrival patterns.
Among authors discussing generic robust optimization techniques, Xi et al. (2020)
include truck arrival time uncertainty by developing a Conflict Robust Optimization
truck scheduling model based on the minimization of conflicts (i.e. situations where
a truck realized schedule overlaps with those of other trucks assigned to the same dock
when executing the planned schedule). A series of discrete scenarios obtained through
historical data on truck arrival times were defined to characterize the uncertainty. The
deviation from the optimal deterministic schedule considering no uncertainty in truck
arrival time was evaluated. Ladier and Alpan (2016a) proposed two different robust truck
scheduling models. The first, based on Minmax optimization, tackles uncertainty in truck
arrival times by minimizing the objective of the deterministic truck scheduling model in
the worst-case scenario. The second, the Minimization of the expected regrets, minimizes
the expected deviation of the realized schedule performance from the deterministic
model by considering one single scenario. Konur and Golias (2013a, 2013b) and
Heidari et al. (2018) developed the Stable Scheduling Problem, a bi-level, bi-objective
cost-stable scheduling strategy that minimized the truck service costs, including truck
waiting time and processing time, and reduced their range to avoid high variations in
truck arrivals. Their work assumed deterministic truck arrival time windows.
Redundancy-based proactive approaches to truck scheduling solve trucks arrival time
uncertainty by introducing idle resources or idle time. Resource redundancy approaches
usually introduce buffer doors to ensure available resources to execute a job when
disruptions occur. Door availability is obtained through (i) the minimization of the
average number of trucks per door during the planning horizon T (i.e. door occupation
rate), (ii) the minimization of the number of doors used in a certain time, or (iii) the
minimization of critical trucks, defined as trucks ‘that, when late, propagates its delay to
the next arriving trucks’ (Ladier & Alpan, 2016a, p. 22). Time redundancy approaches
introduce time buffers between subsequent trucks to mitigate small variations in truck
arrival time. Idle time is introduced by inserting buffers between successive trucks
(Ladier & Alpan, 2016a; Rajabi & Shirazi, 2017) and mitigating their length through
different techniques (e.g. the minimization of the standard deviation of the buffer lengths
(Acar et al. (2012) or the maximization of the weighted sum of buffers (Ladier & Alpan,
2016a)). Both redundancy approaches estimate truck arrival time through statistic dis-
tribution or through scenarios based on historical data.

Reactive approaches are used in high uncertainty contexts since they revise the current
truck schedule online according to actual truck arrivals. By scheduling online the trucks
as they enter the receiving facility, they keep truck arrival time uncertainty out of the
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Table 1. Summary of literature on truck scheduling with truck arrival times uncertainty.

Managerial
approach for

truck scheduling Objective

Truck arrival time  How to deal with arrival time

estimation

uncertainty References

Proactive approaches

Conflict Minimum penalty
Robust cost for truck
Optimization delays

Minmax Minimum penalty

costs for truck
delays
+ minimum

inventory level

Minimization of ~ Minimum penalty
expected costs for truck
regrets delays

+ minimum
inventory level

Stable
Scheduling
Problem

Minimum of total
service cost
(=truck
processing cost
+ truck waiting
cost)

® Minimum
door occu-
pation ratio
® Minimum
number of
doors used
in T*
® Minimum
critical
trucks
Minimum
slack time
variance
® Maximum
weighted
sum of
buffers
® Minimum
total truck
waiting
time

Resource
Redundancy

Time .
Redundancy

Reactive approaches
First Come First ~ Minimum total
Served (FCFS) truck waiting
time

Shortest Minimum total
Processing number of man
Time hours

Earliest Point in ~ Minimum total
Time truck waiting

time

Historical data

20% of trucks
arrive late and
their delay
follows an
exponential
distribution

20% of trucks
arrive late and
their delay
follows an
exponential
distribution

Deterministic
(time window)

20% of trucks
arrive late and
their delay
follows an
exponential
distribution

® Historical
data
® Statistics

n.a.

n.a.

n.a

Minimize the expected
deviation of the
deterministic schedule
performance

Minimize the expected
deviation of the
deterministic schedule
performance in the worst
case scenario

Xi et al. (2020)

Ladier and Alpan (2016a)

Minimize the expected
deviation of the
deterministic schedule
performance

Ladier and Alpan (2016a)

Minimize the expected
deviation of the
deterministic schedule
performance considering
the average total service
costs and the range of the
total service costs

Idle doors

Konur and Golias (2013a);
Konur and Golias
(2013b); Heidari et al.
(2018);

Ladier and Alpan (2016a)

Idle time Acar et al. (2012); Ladier
and Alpan (2016a);

Rajabi and Shirazi (2017)

Schedule trucks once they
arrive

Yu et al. (2008); Konur and
Golias (2013b); Larbi
et al. (2011); Acar et al.
(2012); Cekata et al.
(2015); Mejia et al.
(2023)

Schedule trucks once they Yu et al. (2008)

arrive

Rescheduling waiting trucks
periodically

Cekata et al. (2015)

(Continued)
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Table 1. (Continued).

Managerial
approach for Truck arrival time How to deal with arrival time
truck scheduling Objective estimation uncertainty References
ETA-based Minimum total Real time Rescheduling all trucks This paper
reactive truck waiting forecasted expected during the day
approach time periodically
Predictive-Reactive approaches
Based on the Minimum total Known once the  Rescheduling all trucks Nasiri et al. 2022
system status tardiness cost truck arrived periodically
(assumed of the
known) outbound truck
Dynamic ® Minimum ® Predicted by ® Reschedule only late Xu et al. (2022); Flores da
Appointment total oper- the driver trucks before their Silva et al. (2023)
Rescheduling ating cost ® Real time arrival
® Limited forecasted ® Reschedule early and
number of late trucks before
trucks in their arrival
queue

*T = planning horizon.

schedule. Usually, reactive approaches take advantage of heuristics and rules to schedule
trucks. The most common reactive approach cited in the literature and adopted by
companies is the FCFS rule (Amini et al.,, 2014; Konur & Golias, 2013b; Mejia et al.,
2023). This simple heuristic assigns every incoming truck to the first resource available in
the same order of arrival. Yu et al. (2008) proposed a reactive heuristic to deal with online
truck-to-door allocation, the SPT, which allocates inbound trucks to doors as they arrive
so that the man-hours needed to consolidate the freight is minimized. In doing this, they
assign higher priority to trucks that have short processing time. The last reactive
approach found in literature, the Earliest Point in Time, was developed by Cekala et al.
(2015). The authors proposed an approach that periodically (i.e. every 30 minutes)
revises an initial loading appointment schedule to reschedule delayed trucks to minimize
the total truck waiting times by minimizing deviation from an initial truck appointment
schedule.

While proactive approaches ensure a small deviation from the initial deterministic
optimal schedule, they present some drawbacks. First of all, proactive approaches based
on generic robust optimization techniques might be difficult to test, implement, and
communicate in industrial contexts (Ladier & Alpan, 2018), thus some authors claim the
superiority of redundancy-based scheduling (Ladier & Alpan, 2016b). Nevertheless,
managerial approaches based on redundancy might introduce a cost for additional
resources (i.e. time or door buffers) needed to face trucks arrival time uncertainty.
Also, robust optimization techniques could introduce additional scheduling costs: Xi
et al. (2020) proved that the robustness of the truck schedule can be improved by
increasing the total system cost. Finally, the probability distribution of truck arrival
might be difficult to predict in advance, and the proactive schedule might become
infeasible or inefficient during the day. Against this backdrop, in a high uncertainty
context, reactive approaches might perform better than proactive ones, since they can
dynamically adjust the extant truck schedule (Yu et al., 2008). In this way, they could
quickly react to disruptions, improving the performance of the scheduling. Moreover,
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reactive approaches do not require redundant resources to face trucks arrival time
uncertainty; thus, they enable cost savings against extant redundancy-based proactive
approaches. Nevertheless, also reactive approaches have drawbacks. By scheduling trucks
at their arrival, or rescheduling trucks when a disruption occurs, these approaches are
myopic and might result in suboptimal solutions (Konur & Golias, 2013b).

To combine the benefits of both approaches, predictive-reactive rescheduling systems
have also been developed. These adjust an initial schedule considering the up-to date
information on truck arrival times. The approach developed by Nasiri et al. (2022)
consists in revising an initial schedule with a rescheduling system including two compo-
nents: a rescheduling optimization model and a short interval repair policy. The resche-
duling optimization model updates the schedule at discrete review times, while the short
interval repair policy defines how to handle trucks considering their actual arrival time.
In this study, it is assumed to know the system status at each review time, and no
predictive information about the truck arrival times are used. They also performed
computational experiments under different uncertainty level and rescheduling fre-
quency, discussing that increasing the rescheduling frequency yields in better results
but also implies more and more frequent changes to the initial plan. Predictive-reactive
approaches have been also discussed in port terminal operations literature. Here, truck
scheduling is supported by Truck Appointment System (TAS), a service approach that
allows drivers to book an appointment at the port terminal in advance. Despite this
allows for more efficient planning by port authorities, thus reducing congestion in the
port hinterland, the performance of the system can be reduced by uncertain truck arrival
(Flores da Silva et al., 2023). To solve this issue, authors introduced some predictive-
reactive approaches that starting from the initial appointment list reschedule trucks
according to a certain rescheduling policy. Xu et al. (2022) proposed a dynamic truck-
appointment rescheduling model for port operations that reschedule late trucks before
their arrival. Information about truck delays is collected by asking the driver 30 minutes
before its agreed upon appointment time. If the truck is late, rescheduling is performed
through mixed integer nonlinear programming solved with double-chain real quantum
genetic algorithm, and the driver is required to confirm the new appointment. Flores da
Silva et al. (2023) introduced a machine learning prediction of truck status that periodi-
cally compute the estimated travel time (ETT) of incoming trucks and identify early and
late ones. These are then assigned to a new appointment considering the actual number
of trucks queuing outside the port through simulation with the objective of reducing the
congestion inside the port. The focus is on the management of the queue outside the port,
and the supported decision relates to the identification of the trucks which should be
allowed entering the facility. Extant predictive reactive scheduling approaches also show
some issues. Some reschedule truck only when they are already at the facility or limit the
use of predictive information about truck arrival to the management of the queue outside
the facility. Others requires an active role of drivers in communicating information,
potentially annoying or endangering them while driving.

Different from the extant managerial approaches for truck scheduling, this paper
proposes to take advantage of ETA information and from the expected processing time
of each truck to periodically reschedule all the incoming trucks, selecting for each the
optimal place in the unloading schedule so that total truck waiting times are minimized.
Since ETA is continuously updated with real-time data, we argue that this online
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information could be better exploited by adopting a reactive approach. The logic is to
dynamically change the initial schedule to take into account the predictive information on
truck delays.

The problem investigated is strictly related to the literature of stochastic job schedul-
ing on parallel machines. Most studies consider processing times to be the source of
uncertainty, and only a few consider the variability of release dates which correspond to
the truck processing time in our model (Liu et al.,, 2021). Ronconi and Powell (2010)
considered random arrival time but in the context of single machine. Zhang et al. (2012)
investigate an unrelated parallel machine scheduling problem to minimize the mean
weighted tardiness with stochastic arrival times and due dates. In the manufacturing
literature, many contributions considered rescheduling environments (Vieira et al.,
2003), but only Nasiri et al. (2022) investigated rescheduling in a crossdocking system.

4, The ETA-based reactive truck scheduling approach
4.1. Integrating ETA in truck scheduling: the managerial approach

This section presents how ETA information could be integrated into the truck scheduling
decision process offering a managerial approach to deal with truck arrival time uncer-
tainty, which has been called ‘ETA-based reactive truck scheduling approach’. Inbound
truck scheduling process was selected as the focus of the analysis, being inbound
transportation subject to a higher level of uncertainty (Konur & Golias, 2013b).
Essentially, the ETA-based reactive truck scheduling approach adjusts the current
truck schedule taking into account the up-to-date information about all the incoming
trucks arrival time, thus providing more informed scheduling with respect to the
previous one.

As shown in Figure 2, developing a decision support system for inbound truck
scheduling according to the proposed approach means working on different layers, i.e.
from the physical to the analytical one. The analytical layer represents the core module
and refers to the development of a model to optimize inbound truck scheduling deci-
sions. The optimization model considers the dynamically updated list of incoming trucks
(those that have not yet been served or are waiting, and assigns each truck to a door based
on the following input parameters: i) the up-to-date ETA for each incoming truck (i.e. all
the trucks that have not yet been served), ii) the estimated processing time for each truck,
and iii) the currently available warehouse resources. In order to feed the model,
a company needs to collect data from the physical layer and integrate information
from multiple sources. Specifically, information on inbound trucks can be acquired
using location-based technologies such as GPS and geofencing, while IoT sensing devices
can be installed to obtain the real-time status of material handling equipment and
warehouse doors. The processing time for each truck is subject to variability and can
be estimated based on the current status of the physical layer in terms of workload and
available unloading operators, as well as other factors such as facility-related character-
istics (e.g. the distance between the door and the storage area) and the specific content of
the truck (in terms of quantity and features such as the type of handling units).

The optimization model can then be used to update truck scheduling decisions
based on a rescheduling frequency. Starting from the facility opening time, the
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Figure 2. ETA-based reactive truck scheduling approach.

facility’s working day T is divided into periods t € T={1, ..., T}, which can
vary in length depending on the rescheduling frequency. At each rescheduling
point, the trucks considered are those not yet arrived from the current reschedul-
ing point to the end of the working day. Various strategies can be employed to set
the rescheduling frequency. Different well-known strategies for rescheduling can
be adopted, such as continuous, periodic, event-driven, or hybrid rescheduling
point-based (Vieira et al.,, 2003). Additionally, the rescheduling frequency may
differ from the frequency with which the new schedule is actually shared with the
actors involved in the inbound transportation process and implemented, i.e.
managers of the logistics service providers for the transportation and warehousing
activities, truck drivers, and warehouse operators. Companies can determine the
most appropriate strategy for identifying and sharing a new schedule based on the
characteristics of their internal processes and the external context in which they
operate (e.g. the effort required to collect high-quality input parameters, the
characteristics of their logistics service providers, the type of collaboration and
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integration with them, and the level of responsiveness and adaptability of their
internal processes).

4.2. Generating a new truck schedule: the optimization model

As mentioned in section 4.1, the new truck schedule is generated through optimization.
The truck scheduling problem is framed as follows.

Consider a receiving facility that has an unloading capacity constrained by
some inbound resources (i.e. doors or operator teams in charge to perform the
unloading operations) indexed by » € R={1, ..., R} to serve a set of I trucks
during the working day, indexed by i € I={I, ..., I}. Trucks might require
distinct processing times due to the characteristics of the facility (e.g. unloading
operator team, the distance between the door, and the storage area) and the
content of the truck. We, therefore, assume that each truck has its own specific
processing time at a given resource, denoted as p/. We also assume resources with
exclusive service mode, meaning that they are dedicated to unloading activities
only. Each resource can serve any truck.

The objective of the optimization model is to improve the scheduling perfor-
mance by reducing trucks total waiting time throughout the working day. The
model takes in input (i) the real-time truck ETAs, ETA!, (ii) the truck processing
times, p, which include the unloading time and the time to free the bay after the
truck has been unloaded, and (iii) the current status of resources for unloading. It
then assigns to each upcoming truck a service order, namely, it gives each truck the
optimal position in the schedule, as well as the optimal allocation to a resource so
that the expected sum of waiting times at the certain rescheduling point of the
I trucks served from ¢t to the end of the warehouse working day, SWT’, is mini-
mized. As shown in equation (1), SWT' represents the sum of the expected waiting
time of each truck i, wt/.

SWT! = iiwtf (1)
T

At the generic rescheduling point ¢ and for the generic truck i, the expected waiting time,
wt!, is computed as the difference between the trucks service time, s;, representing the
planned time the truck starts being served by the operators at the assigned dock, and the
truck ETA, ETA!, as the best proxy of truck expected arrival time, as displayed in
equation (2).

wt, = s; — ETA} (2)

We adopted the mathematical model formulation presented by Konur and Golias
(2013b), and we adapted it to fit our problem. We therefore set the minimization of
trucks total waiting time throughout the working day as the optimization model objective
instead of the minimization of the total service costs, and we considered trucks ETA
instead of deterministic arrival times. The mathematical formulation of the optimization
model is provided as follows.
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minimize SWT* = XT: I wt, = ZT: ZI:(sf — ETA!) (3)
T T
stY X =1Viel (4)
reR
fit D yai=1Viel (5)
aclai
L+ Y pa=1Viel 6)
acla#i
fa+fo <3—x —x,Vr € R,Va,b el a*b (7)
L+, <3—-x —x,VreRVa,bela#b (8)
Yab —1 < x, —x, <1 —y,,Vr € R,Va,b eI a#b (9)
st > Zsayali + Z Z Pixyai=1Viel (10)
acl r€R acl:a#b
st >ETAVi e (11)
xl €{0,1},VreR Viel (12)
yap € {0,1},Va,b eI, a#b (13)
fie{0,1},Viel (14)
Lef{o,1),Viel (15)

The objective function that aims to minimize the expected sum of truck waiting times is
given in (3). Let x] denote a binary variable such that x] = 1 if truck i is assigned to
resource r and x] = 0 otherwise. Constraints (4) makes sure that one truck is assigned to
one and only resource. Supposing that x], = xj = 1 such that a,b € I and both a and
b will be processed by resource r, a binary variable y,; is defined such that y,, =1 if
truck a is the immediate predecessor of truck b and y,;, = 0 otherwise. Constraints (5)
and (6) ensure that each truck either is processed as the first truck or has a predecessor,
and each truck either is processed as the last truck or has a successor. The variables f;and
I; are auxiliary binary variables such that f; = 1 if truck i is processed as the first truck at
the resource it is assigned to and f; = 0 otherwise, and [; = 1 if truck 7 is processed as the
last truck at the resource it is assigned to and /; = 0 otherwise. Constraints (7) and (8)
make sure that each inbound resource has at most one first truck and each inbound
resource has at most one last truck. Constraints (9) ensures that a truck cannot be
a predecessor or successor of another assigned to a different door. Constraints (10)
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makes sure that a truck cannot be received before the predecessor processing is over.
Constraints (11) ensures that a truck assignment to the door cannot be before its ETA.
Finally, constraints (12)-(15) define binary variables.

5. Applying the ETA-based reactive truck scheduling approach: the case of
a grocery retailer

5.1. Empirical study: case description and approach setting

An evaluation of the application potential and obtainable benefits of the ETA-based
reactive truck scheduling approach is proposed by the mean of its application to a real
case conducted in collaboration with one of the Italian largest grocery retailers, with
reference to its largest distribution center located in the North of Italy.

The reference warehouse performs unloading operations in a 9-hour shift (from 6:00
to 15:00), with dedicated operator teams. The operators in charge of performing the
unloading operations represent the most relevant constraint for the management of the
scheduling activities, as the number of available operators is lower than the total number
of doors dedicated to the unloading activities. Every day a different number of operators
is assigned to the unloading activities, according to the expected number of incoming
trucks. The company is experiencing an increase in the time trucks wait in the warehouse
yard before being unloaded. This further increases when truck arrivals are concentrated.
In such a context, the ET A-based reactive truck scheduling approach could improve their
truck unloading performance by synchronizing the unloading and put-away activities.
The company predicts the travel time of their fleet and then derives the trucks ETA. The
main input of the ETA forecast model the company used includes (i) the historical data
about deliveries and truck arrival times specific to each customer and carrier, (ii) the
appointment time of the truck at the receiving facility, (iii) the observed driving and rest
hours, (iv) the real-time traffic, (v) the weather, (vi) driving bans, and (vii) receiving
facility location-specific data (e.g. facility coordinates). The forecast model was trained
with 2.7 million historical shipments, resulting in a 4% error — computed as the average
difference between the ETA and the truck ATA - considering ETA estimates 10 hours
before the actual arrival time, and even lower for following estimates, closer to the actual
arrival time. Information about ETA accuracy and estimation are provided in
Appendix A.

When applying the ETA-based reactive truck scheduling approach, it is necessary
to define the time interval between two consecutive rescheduling points. To under-
stand when to perform the rescheduling, thus when to collect the new ETA
estimation, a comparison was performed between the average service time needed
for trucks unloading for the retailer (i.e. 81 min) and the accuracy of the ETA
estimation model adopted by the company (see Table Al in Appendix A). When
trucks are between one and five hours from their arrival, the ETA accuracy is
enough to ensure, on average, an absolute error below the average service time and
mainly lower than one hour. In this context, the retailer facility could try to set
a draft of resources allocation at lower grain. Data show a better and steady
accuracy of the ETA information within one hour from the trucks ATA. This
makes it possible to use this ETA for creating the truck schedules. Moreover,
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a scheduling horizon of one hour allows taking into account warehouse capacity
constraints in terms of the time needed to reallocate resources in the facility. Thus,
the rescheduling frequency for the retailer has been set to one hour. A time window
of an hour has been also considered to set a frozen period in which the current
schedule can not be subjected to a rescheduling due to the company constraints in
adjusting the warehouse capacity. These latter assumptions imply that the truck
schedule between rescheduling point ¢ and rescheduling point t+1 (i.e. from 8:00 to
9:00) cannot be changed, meaning that further truck delays or early arrivals will be
considered at the next rescheduling point. Only the trucks scheduled after t+1
might be subjected to rescheduling.

5.2. Empirical study: impacts evaluation

In this section, the impacts stemming from the adoption of the developed ETA-based
reactive truck scheduling approach are shown. The optimization model described in
section 4.2 was considered. A GA heuristic was used to solve the optimization model. It
was structured according to three stages: (i) chromosomal representation (encoding), (ii)
reproduction, and (iii) fitness function evaluation and selection process. These are
detailed in Appendix B. The fitness function consists of minimising the truck waiting
times wt! (equation 3). The impacts were benchmarked against the performance of the
current truck scheduling approach used by the company, i.e. the FCFES rule, which is
commonly considered as benchmark approach (e.g. Tappia et al., 2024). To perform the
comparison, the performance indicator waiting time reduction, determined by the

(SWTFC*E;\,STKZ:TA’*’”"’) %, was calculated. The RWT shows the reduction

in the sum of the waiting time obtained with the developed approach, SWTgr4_pased> with
respect to the one obtained with the FCFS, SWTgcgs. First, the maximum benefits of
exploiting ETA information on truck arrival times for truck scheduling were explored. To
evaluate the maximum benefits achievable, the approach was assessed considering ‘per-
fect information’ (section 4.2.1). Then, to assess the impact of ETA accuracy and truck
arrival rate on the performance of the proposed approach, further numerical experiments
were conducted, relaxing the assumption of perfect information (section 4.2.2 and
section 4.2.3). In all the experiments, ETAs have been estimated based on the perfor-
mance of the actual forecast model used by the company. Data used include data about

expression RWT =

truck ATA and data about the ETA accuracy, ¢, varying according to the different
distances between ¢ and ATA. Refer to Appendix A for details on ETA accuracy and
estimation.

A sample of eight days corresponding to 547 trucks was considered for evaluating
the performance of the ETA-base reactive truck scheduling approach; each day was
divided into nine periods of an hour, corresponding to eight rescheduling points,
and each day was characterized by the following input: (i) trucks actual arrival
times, (ii) trucks processing times, and (iii) number of resources dedicated to
unloading. The genetic algorithm is run on a computer with 16 GB of RAM and
an Intel Core i7- 507 9700 processor with 3 GHz. To improve results robustness, ten
independent runs have been performed for each day, and the results have been
average out.
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5.2.1. Performance assessment with perfect information

To evaluate the maximum benefits achievable, the ETA-based reactive truck scheduling
approach was assessed considering ‘perfect information’, i.e. ETA always equals the ATA
and is assumed known at the facility at the beginning of the day.

Figure 3 presents the performance of the FCFS approach, the ETA-based reactive
truck scheduling approach, and the RWT obtained in the considered days. Results show
that the proposed approach outperforms the current truck scheduling system of the case
company, displaying an improvement in the RWT from 24% to 52% depending on
the day. The application of the ETA-based reactive truck scheduling approach allows
reducing the average sum of the trucks waiting time per day from 3,451 min (approxi-
mately 57 h) to 2,051 min (approximately 34 hours) with respect to the FCFS approach,
corresponding to an average of 38% RWT. The average truck waiting time decreases from
57 min to 34 min per truck, corresponding to a 40% reduction. This reduction contribute
to an improvement of the entire system performance, as well as the truck waiting time
and less congestion in the yard. In particular, resources and space utilization in the yard
increase, as well as the door occupancy. This promises not only economic savings but also
improvements in environmental and social sustainability, thanks to reduced emissions of
waiting trucks and drivers’ stopover time.

Additionally, the scheduling stability was investigated. In particular, we compare the
truck entry time as defined by the ETA-based truck scheduling approach with the time
slot booked by the driver. It turned out that 96% of the trucks analysed were served before
the end of their unloading slot, with 76% of the trucks that were served within their
booked unloading slot and 20% of the trucks that were served before the beginning of
their unloading window.

5.2.2. Impact of ETA accuracy variation

The accuracy of ETA information ¢ impacts the performance of the approach: less
accurate ETA could downgrade the approach optimization performance, eventually
leading to inefficient scheduling choices in terms of the truck waiting time reduction.
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Figure 3. Comparison between the performance of the FCFS scheduling and the ETA-based reactive
truck scheduling approach.
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To assess the impact of ETA accuracy on the developed approach, ETAs for each
truck have been estimated, by adding an error to the truck ATA. Different 0? of ETA
errors were considered, ranging from ‘perfect information’, i.e. g% = 0 to 202, where
o’ represents the accuracy of the ETA estimation model adopted by the company,
with a step of 0.1 (Figure 4). Each level was tested against the eight selected days to
improve results robustness to specific characteristics of a single day. Results were then
averaged.

Results show the performance of the FCFS approach, the ETA-based reactive truck
scheduling approach, and the corresponding RWT obtained under the different ETA
accuracy levels included in the analysis. Considering the ETA accuracy of the estima-
tion model adopted by the company, o2, the average sum of truck waiting times
per day decreases from 3,451 min (approximately 57 hours) to 2,418 min (approxi-
mately 40 hours), with respect to the FCFS, corresponding to an average of 30%
RWT. Results proved that the approach always outperforms the FCFS in reducing the
truck waiting times, even when ETA accuracy is lowered. Downgrading the ETA
accuracy from perfect information to 202 increases the sum of the truck waiting times
per day by 28% (from 2,018 min to 2,580 min). The benefit of the truck waiting time
reduction gets worse with the increase of the ETA accuracy, as suggested by the RTW
indicator, which improves from 25% in the worst case (i.e. ETA accuracy = 2¢?) to
42% in the best case (i.e. 0° = 0).

While a decrease in the performance of the approach is expected as the ETA accuracy
is lowered, these results suggests that a good share of benefits — more than a 20% trucks
waiting time reduction - can be achieved even when the predictive performance of the
ETA model is downgraded by a 100%, compared to the reference model (i.e. 20%). These
results in a support for companies when making-decisions about how to invest in
advanced models for the ETA prediction. They could also support the deployment of
the approach in companies, since if the accuracy of the predictive model is not sufficient,
the combination of this information with a periodic rescheduling approach that keeps
part of the schedule frozen could also lead to reduced scheduling performance than
simpler rules such as FCFS.
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Figure 4. ETA-based reactive truck scheduling approach performance considering ETA accuracy.
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Figure 5. Eta-based reactive truck scheduling approach performance considering peak truck arrival
rate.

5.2.3. Impact of peak truck arrival rate
The impact of different levels of peak truck arrival rate on the performance of the
developed approach was assessed. A higher arrival rate represents a status of high
workload for the unloading resources (Zhen, 2016); thus, it is expected to affect the
approach performance: in case of a high truck arrival rate, knowing in advance the
expected truck arrival time could improve the peak management. To run these experi-
ments, the ETA accuracy level has been set equal to the one of the estimation model
adopted by the company, i.e. g°. Figure 5 shows the performance of the FCFS approach,
the ETA-based reactive truck scheduling approach, and the RWT obtained in days with
different peak truck arrival rates. Results show that the ETA-base truck scheduling
approach performance improved as the facility workload increases: the RWT indicator
raise from 17%, corresponding to a day with a low peak truck arrival rate (i.e. 11 trucks/
day), to 38%, corresponding to a day with high peak truck arrival rate (i.e. 19 trucks/day).
These refer to an improvement brought by the ETA-based reactive truck scheduling
approach with respect to the FCFS approach performance of 591 min (approximately
10 hours) - from 3,517 min to 2,926 min - in case of low peak truck arrival rate and of
1,517 min (approximately 25 hours) - from 4,023 min to 2,506 min - in case of high peak
truck arrival rate. It should be noted that, due to the distribution of truck arrivals during
the day, the benefits do not linearly increase with the peak truck arrival rate. For instance,
the day showing a peak truck arrival rate equal to 13 trucks/hour is characterized by
a relatively low number of trucks arriving in the time period just before and after the
peak hour. Conversely, the day showing a peak truck arrival rate equal to 16 trucks/hour
is characterized by an increased arrival rate in the time period just before the peak hour.
This result provides insights on the impact of the approach based on the truck arrival
time distribution, and it can be used by companies to understand which are the periods
during the day in which the implementation of the proposed approach is required to
avoid congestion and, therefore, to set the rescheduling frequency accordingly.
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6. Discussion

This research explores the use of ETA information for improving truck scheduling. In
doing so, it proposes a new managerial approach that integrates ETA in truck scheduling
to reduce the waiting times of trucks, i.e. the ETA-based reactive truck scheduling
approach, and tests its impact on a real case. The ETA-based reactive truck scheduling
approach is a managerial approach that exploits real-time information about trucks’ ETA
to determine the optimal truck scheduling that minimizes the sum of trucks waiting time
during the facility working day.

6.1. Theoretical contributions

The managerial approach proposed enriches previous literature on truck scheduling by
studying a new way to deal with uncertainty in truck arrival time. As it includes
rescheduling, the ETA-based reactive truck scheduling approach presents the same
benefits as reactive approaches for truck scheduling, compared to proactive ones.
Unlike extant reactive approaches, which take into account early or late truck arrivals
only when the truck reaches the facility, the ETA-based reactive truck scheduling
approach allows acting in advance on arrival times uncertainty by exploiting predictive
information about all the incoming trucks, dynamically adjusting the schedule according
to the expected trucks arrival times. Being ETA predictive, it allows improving the
optimization performance as all the incoming trucks can be scheduled, while extant
reactive approaches could only optimize trucks already arrived at the receiving facility
(Cekala et al., 2015). The empirical evidence provided strengthened and confirmed the
results of previous studies about the utility of ETA information in improving facility
operations resource efficiency (Hill & Bose, 2017). Our results confirm that the ETA-
based reactive truck scheduling approach can be more efficient than the most commonly
used reactive approach (i.e. FCFS) in reducing the total truck waiting times (up to 52%
reduction in the case considered). Despite this result being case-specific as it depends on
the ETA forecast model adopted by the company, the analysis conducted on the impact
of ETA accuracy variations proved that the approach always outperforms the FCFS even
when ETA accuracy is lowered. Results of the analysis conducted on the peak truck
arrival rate further strengthen the evidence of the benefit of the approach, proving its
ability to efficiently manage truck arrival peaks, with the case showing better RWT
performance in days with a higher number of trucks arriving at the peak hours.

By showing which relation exists between ETA accuracy and the benefits generated,
this study also provides relevant insights into the ETA modeling literature. Being ETA
information ‘primarily seen as an instrument for early support for operational decision-
making problems’ (Balster et al., 2020, p. 415), having a benchmark for ETA accuracy
could support further research on ETA estimations model development and application.

This research also contributes to Industry 4.0 literature by evaluating a new data-driven
approach supporting decision-making. Being a recent research field, literature has just started
understanding how to apply 4.0 concepts (Dhiaf et al., 2021). While authors discussed the
potential benefits (Bhattacharya et al., 2010) and how to measure (Pessotto Almeida et al.,
2022) and capture them (Ferrari et al., 2021), few studies exist about their quantification (e.g.
Zhao et al., 2020). Studying how to exploit data availability and integrate data analysis into
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extant logistics processes and providing the quantification of the related benefits could help
companies fully exploit Industry 4.0 potential (Aron et al., 2023; Dhiaf et al., 2021).

6.2. Managerial implications

This research proposes a new managerial approach that could help companies in
improving the efficiency of the unloading processes by exploiting ETA information.
Starting from an initial schedule, the ETA-based reactive truck scheduling approach
suggests companies to reschedule the truck service order according to the real-time ETA
information. These are captured immediately before each rescheduling to benefit from
up-to-date information about travel times and delays.

To function the managerial approach proposed requires some prerequisites for its appli-
cation in practice. First, the approach requires that companies equip themselves with
technologies that can compute the ETA. These include technologies that track the trucks to
provide real-time locations, technologies for data analysis, and technologies for system
integration between the carrier and the receivers, and between the receiver’s information
systems supporting the logistics processes affected by the proposed approach, i.e. the Yard
Management System, the Transportation Management System, and the Warehouse
Management System. The latter becomes necessary in contexts where the receiving facility
is working with mixed fleets, both owned and outsourced, to have access to ETA information
for all the incoming trucks. Technologies for truck locations and data analytics exist and are
often already in place. Most of the new trucks are provided with telematics that tracks all the
relevant information, including location in real-time; truck location can also be retrieved
from the drivers’ smartphone. Supply chain visibility players are nowadays offering technol-
ogies to compute ETA for fleets, and ETA is becoming a quite common service offered by
carriers. Providing ETA data in real time to the receiving facility might be more complex,
since issues such as privacy might prevent the carrier from sharing ETA information with its
business partners. While technologies exist for systems integration, their development could
be influenced by relationships among the actors, and partnership might ease the willingness
to exchange information. Second, the approach requires the trucks processing time as input
parameter, to enable the generation of a new informed scheduling. These can be derived from
standard or historical data of the time required to process a single unit load of specific
products combined with the Despatch Advice (DESADV), which gives information about the
in-transit shipments, or based on the current status of ongoing activities and warehouse
workforce. Third, the application of the model could also require a rearrangement of ware-
house processes that have to ensure the flexibility required to fit the new scheduling system.
In this sense, a company that wishes to apply the new managerial approach should perform
an analysis of the warehouse processes of the average processing time of trucks and of the
accuracy of the ETA model to set the correct rescheduling frequency. At last, a thorough
assessment of the costs is required, including the phase of fine-tuning for obtaining and
integrating accurate input data as well as training for operators in adapting their decision-
making process to integrate the model output.

The ETA-based reactive truck scheduling approach could impact different actors. First, it
offers warehouse managers a new managerial approach to perform truck scheduling under
uncertainty in truck arrival times based on Industry 4.0 concepts towards the synchronization
of logistics flows. Warehouse managers could use this approach to cope with late and early
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trucks more effectively and efficiently than extant instruments, thanks to the predictive
visibility offered by ETA information. Additionally, the reduction in the truck waiting
times offered by the ETA-based reactive truck scheduling approach could allow warehouse
managers to both offer a better service level to transportation providers and reduce the
penalties connected to truck waiting times. Our approach could entail a better synchroniza-
tion between transport and warehouse activities (and supply chain actors) and higher
efficiency by improving activity planning and resource utilization since it defines an initial
schedule at the beginning of the day and offers anticipated visibility in schedule changes. The
adoption of the ET A-based reactive truck scheduling approach also provides benefits for yard
managers, since it lowers the number of trucks waiting to be unloaded, by reducing the
average truck transit time inside the receiving facility yard. Indeed, both early and late trucks
have to wait for docking; this may cause congestion, which results in longer operations time
(Xi et al., 2020). Carriers and transportation companies could also benefit from the reduction
in the total truck waiting time offered by the ET'A-based reactive truck scheduling approach,
since it contributes to improving their resource (e.g. trucks and drivers) efficiency. This is
particularly relevant in today’s context, since improving resource utilization could be
a possible way to mitigate the persistent driver shortage faced by the logistics industry.

By reducing truck waiting time, our approach could also contribute to improving
environmental sustainability, especially for temperature-controlled industries, where
substantial amounts of energy are required to not shorten the products’ shelf-life.
Social sustainability could also be pursued by our approach: since waiting on-site could
trigger overtime or long working hours, and considering the fact that warehouse yards
may not be a safe workplace, their reduction contributes to improve the safety and work-
life balance of drivers (Kubo et al., 2021).

Finally, we note that our model is computationally efficient, only taking a -
fraction second per rescheduling, (e.g. in the real case analyzed, characterized by an
average number of trucks per day equal to 61, the genetic algorithm found a solution in
less than one minute), which renders it amenable for implementation in companies.
Finally, our approach can be adjusted according to the specific facility configuration.

7. Conclusions

The present work analyzed a new managerial approach for truck scheduling under
uncertainty in truck arrival times aimed to minimize the expected truck waiting
times. The approach, called the ETA-based reactive truck scheduling approach,
combined the ETA information of incoming trucks with the real-time update
offered by a reactive scheduling approach to dynamically generate new optimal
schedules that take into account the current trucks delays. This is intended to
improve the synchronization between transportation and warehousing activities,
thus increasing the efficiency of logistics distribution networks and at the same
time address the challenge of redesigning traditional decision-making instruments
to take advantage of Industry 4.0 faced by companies. The impact of the approach
was assessed through the application to a real case involving one of the largest
Italian grocery retailers and benchmarked against the most common reactive truck
scheduling approach, i.e. the FCFS rule. Results suggest that the new approach can
outperform the FCFS also when ETA accuracy is downgraded, proving its efficiency
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in reducing the impact of uncertainty in truck scheduling. The benefits improve
with a higher peak truck arrival rate, further increasing the utility provided by this
new approach.

This work enriches previous literature on truck scheduling by providing a new
scheduling approach to deal with truck arrival time uncertainty, which exploits
Industry 4.0 concepts. The paper also contributes to Industry 4.0 research field as it
sheds light on how data can improve decision making approaches supporting logistics
processes, providing an application of 4.0 concepts to truck scheduling. The study also
yields practical implications, as the ETA-based reactive truck scheduling approach
could benefit facility managers, offering an efficient and effective instrument to cope
with truck arrival time uncertainty, warehouse, and yard managers, by reducing truck
waiting times and the connected penalties and yard congestion, and carriers, by
improving trucks and driver efficiency, wealth, and safety through a reduction in
waiting times.

The present paper shows some limitations that open up future research possibilities.
The assumption made to develop the model of fixed unloading resources during the day
prevented the full model adherence with alternative types of warehouse doors environ-
ment or operational characteristics; thus, future research could relax these assumptions
to include these and other facility-specific characteristics in new versions of the model.
Impacts were assessed against FCFS policy. Although it is widely used by practitioners
when performing truck scheduling and by researchers when comparing truck scheduling
models (Cekala et al., 2015; Konur & Golias, 2013b), benefits against other scheduling
rules can be explored. Future research could also explore the impact of changing the
rescheduling frequency, taking into account the impact on both the truck and warehouse
resource scheduling. The periodic rescheduling frequency could be compared with the
others rescheduling strategies, i.e. event-driven or rescheduling point-based (Vieira et al.,
2003). Lastly, an economic evaluation of the system required to use the developed
approach and the overall benefits provided to both the carrier and the receiving facility
could be carried out to reinforce the results of this work.
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Appendices

Appendix A

The potential sources of ETA errors include the model used for its computation and exogenous
variables that might not be controlled nor measured such as driver’s behaviours and the produc-
tivity at each facility in which the truck must stop. Since many dynamic factors must be
considered, the ETA becomes rapidly obsolete, and it is constantly updated along the trucks
trips. By analysing the data about the real case company’s model for ETA estimation, we noticed
that when the truck got closer to the destination, the error between the ETA and the ATA
decreased. Table A1 reports the average variance, 02, in minutes of the ETA errors, computed at
different time distance from the trucks ATA. This analysis helped understanding the accuracy of
the ETA estimation reference model. On average, the error in the estimation decreases by around 4
times as the truck gets closer to its arrival.

For each truck, a set of ETAs was estimated by adding an error to the truck ATA, assumed as
normally distributed with mean equal to 0 and variance equal to 02. Given the dynamic nature of
its inputs, ETA accuracy improves as it gets closer to the destination; thus, different ETAs were
associated to the same truck, one for each rescheduling point. Figure Al presents an example of
truck ETA estimation.

Table A1. Average ETA errors variance
2

o-.
Time before ATA [min] 0?
0-10 13.68
11-20 21.85
21-30 2242
31-40 21.54
41-50 20.04
51-60 21.47
61-70 26.61
71-80 25.95
81-90 27.82
91-100 33.15
101-120 61.472
121-140 64.6
141-160 71.043
161-180 75.718
181-200 84.881
201-220 93.823
221-240 101.558
241-260 98.753
261-280 112,523
281-300 115.668
301-400 133.807
401-500 148.937
501-600 117.674

Truck 47 ATA =14:01

Rescheduling

) 6:00 7:00 8:00 9:00 10:00 | 11:00 | 12:00 | 13:00 | 14:00 | 15:00

pomnt

ETA 13:57 | 13:52 | 13:59 | 14:05 | 14:04 | 14:05 | 13:59 | 14:00 | 14:02 | -

a? 78.61 | 78.61 | 68.04 | 68.04 | 59.74 | 44.54 | 36.16 | 21.47 | 13.68 | -

Figure A1. ETA estimation for truck with ID 47.
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Appendix B

The GA heuristic used to solve the optimization model of the ETA-based reactive truck
scheduling approach was structured according to the stages: (i) chromosomal representa-
tion (encoding), (ii) reproduction, and (iii) fitness function evaluation and selection
process. These are detailed as follows. Encoding is the process of chromosomes represen-
tation; chromosomes must be designed to correspond to a feasible solution of the optimi-
zation problem, i.e. a feasible truck schedule. Since integer chromosome representation is
more suitable for scheduling problems (Konur & Golias, 2013b, permutation encoding was
adopted (Ruiz & Maroto, 2006), which represents each truck as an integer number, i.e. ID,
from 1 to I. Reproduction was performed by applying both crossover and mutation.
Similar Block 2-Point Order Crossover (SB20X) was selected as the reference crossover
operator, being designed for permutation encoding. The crossover fraction, meaning the
percentage of chromosomes undergoing crossover, was set at 0.1 (Ruiz & Maroto, 2006).
Interchange mutation was adopted, coupled with a mutation rate of 0.04. The fitness
function was constructed as an analytical model that takes in input a chromosome and
computes the expected sum of truck waiting times SWT' according to its related truck
schedule. Chromosomes are then assessed according to their fitness function value to
determine how the population will give birth to future generations. Tournament selection
was chosen as the reference selection operator (Ruiz & Maroto, 2006).
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