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Abstract

problem

The exponential growth of e-commerce and increasing urbanization have significantly complicated last-

mile logistics, making more efficient and sustainable delivery solutions necessary. This study presents a solver

for simulating urban last-mile logistics, developed within the framework of the European SENATOR project,

which aims to optimize urban logistics. The proposed solution integrates key concepts such as multimodal
transportation, time-dependent travel conditions, and driving constraints to enhance delivery efficiency and
minimize environmental impact. To evaluate its effectiveness, a pilot study in Zaragoza, Spain, was conducted,
simulating three experimental scenarios: 1) Baseline Scenario — Reflecting the current postal delivery operations,
2) Zero Emission Zone (ZEZ) — Assessing delivery performance when restricting access to fuel-powered vehicles
in the city center, 3) Urban Consolidation Centre (UCC) — Evaluating the impact of centralized parcel distribution.
Each scenario was analyzed under three fleet electrification levels (current composition, 50% electrified fleet, and
100% electrified fleet). The results demonstrate how the solver can simulate and quantify the operational impact of
different policies on an urban logistics distributor, such as the implementation of zero-emission zones (leading to
fewer packages delivered and an increase in total distance traveled). Furthermore, it shows how this impact varies
with different levels of fleet electrification (higher electrification results in a lower negative impact on operations).
Furthermore, the developed tool highlights how an urban consolidation center can help reduce the distance
traveled by logistics vehicles and, consequently, their emissions.
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1 Introduction

In recent years, last-mile logistics has gained significant
attention due to the exponential growth of e-commerce,
particularly during the COVID-19 pandemic. This surge
in demand for urban order deliveries has substantially
increased the complexity of urban logistics operations.
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Consequently, the efficient design and management of
last-mile logistics are now considered crucial for enhanc-
ing societal welfare. The term “last mile” refers to the
final segment of the delivery process, which concludes at
the recipient’s predefined destination. Various terminolo-
gies are used to describe this process, including last-mile
logistics, last-mile delivery, and last-mile parcel distribu-
tion, among others.

To mitigate the environmental externalities associ-
ated with last-mile logistics, companies must strike a
balance between fast delivery times, adherence to cus-
tomers’ time windows, and environmental sustainabil-
ity. In this context, green transportation has become a
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widely adopted alternative among logistics operators [1].
Given that most last-mile deliveries occur in urban areas,
the promotion of environmentally friendly transport
modes—such as bicycles, scooters, electric cars, motor-
cycles, and vans—has gained significant importance.
Additionally, there is a growing trend toward collabora-
tive last-mile logistics models, where multiple logistics
service providers manage deliveries through a shared
platform. This collaborative approach enhances resource
utilization and maximizes operational efficiency [2, 3].

This study is developed within the framework of SENA-
TOR!, an European research project focused on opti-
mizing collaborative urban logistics by implementing
innovative planning and routing strategies. As part of the
project, a solver was developed to simulate real-world
last-mile logistics environments. This solver enables the
analysis and optimization of delivery operations while
accounting for variables such as operational constraints,
fleet electrification, and environmental impact. To vali-
date the effectiveness of this approach, a pilot study was
conducted in the city of Zaragoza, Spain, where different
logistics scenarios of the logistics company were simu-
lated, to evaluate the impact of various urban logistics
strategies.

Our contribution focuses on (i) a unified input model
for pickup/delivery jobs, vehicles and vehicle types, and
urban access rules; (ii) time-dependent routing by replac-
ing static travel-time assumptions with time-sliced dis-
tance/time profiles calibrated from historical traffic,
enabling more realistic shift planning; (iii) operational
robustness through explicit, configurable per-shipment
service times (iv) heterogeneous fleets and access restric-
tions (e.g., low/zero-emission zones) embedded into the
feasibility of routes; and (v) a configurable multi-objec-
tive optimization that extends the classic distance/time
criterion to include operational costs and per-vehicle
emissions via a weighted-sum aggregation. Importantly,
our solver addresses these elements in an offline planning
setting: uncertainty is handled through data-driven pro-
files and configurable parameters rather than an explicit
stochastic vehicle routing problem (SVRP) formula-
tion, and real-time re-optimization for dynamic request
arrivals (DVRP) is left for future work. Likewise, “green”
aspects are captured through fleet composition and emis-
sion factors; modeling energy-routing decisions such as
battery/range constraints, charging operations, or speed
choices is outside the present scope.

With these challenges in mind, the SENATOR project
aims to create a new urban logistic model for enhancing
the sustainability of cities. For this purpose, the project
will develop a smart network operator, as a control tower
supported on an ICT Platform that will work as a support

https://www.senatorproject.eu/
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tool for decision-making, integration and planning of all
logistics operations.

To evaluate the proposed solution, three experimental
scenarios were designed, each addressing a specific last-
mile logistics challenge:

«+ Scenario 1 (Baseline Scenario): Represents the
current postal operations in Zaragoza, with nine
Delivery Units (DUs) and two Special Service Units
(SSUs) operating in two daily shifts. This scenario
serves as a benchmark for comparing the effects of
different logistics strategies.

+ Scenario 2 (Zero Emission Zone - ZEZ): Simulates
the implementation of a Zero Emission Zone in the
historic city center, restricting access to combustion
vehicles during daytime hours. This scenario
assesses the impact of fleet electrification on delivery
efficiency and emissions reduction.

+ Scenario 3 (Urban Consolidation Centre - UCC):
Examines the effect of establishing an Urban
Consolidation Centre at the San Vicente de Padl
Market, centralizing parcel distribution to reduce
vehicle congestion and optimize last-mile logistics.

Each scenario was analyzed under three fleet composi-
tions: current fleet composition, 50% electrification, and
100% electrification, allowing for a comprehensive assess-
ment of the environmental and operational impact of dif-
ferent electrification strategies. This research contributes
to the field of sustainable last-mile logistics by proposing
an optimized route planning model that integrates envi-
ronmental, operational, and economic considerations.
The remainder of this paper is structured as follows:
Sect. 2 reviews the most relevant related work in the field.
Section 3 presents the integrated modeling and solver
architecture: 3.1 describes the architecture and compo-
nents; 3.2 details intelligent route management (robust-
ness to stochastic travel/service times, driving/access
restrictions, time dependence, and portability to differ-
ent urban contexts); 3.3 introduces the Large Neighbor-
hood Search algorithm and the destroy/repair operators;
and 3.4 summarizes implementation details. Section 4
describes the experimental set-up and the three scenar-
ios: a baseline case, the deployment of a low emission
zone, and the implementation of an urban consolidation
center. Section 7 reports the experiments and results
obtained under three different scenarios. Finally, Sect. 6
provides the main conclusions drawn from this work.

2 Related work

Among routing optimization problems, one of the most
extensively studied in the fields of computer science and
operations research is the Travelling Salesman Problem
(TSP). The TSP, along with the Vehicle Routing Problem
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(VRP), represents a cornerstone in combinatorial optimi-
zation, given its complexity and wide range of real-world
applications [4]. The VRP aims to determine an optimal
set of routes that minimizes the total cost while satisfying
the following constraints: (i) each route must start and
end at a designated depot, (ii) each customer must be vis-
ited exactly once, and (iii) the total demand of customers
assigned to a route must not exceed the vehicle’s capacity
[5, 6]. These problems are classified as NP-hard, mean-
ing that obtaining an optimal solution becomes computa-
tionally infeasible as the problem size increases [7].

In real-world applications, uncertainty is an inher-
ent characteristic of routing problems. This uncertainty
may arise due to stochastic variations in demand, travel
times, unexpected disruptions (e.g., vehicle breakdowns),
or other dynamic factors. The Stochastic Vehicle Rout-
ing Problem (SVRP) [8] is a variant of the VRP in which
one or more problem parameters are represented as ran-
dom variables following known probability distributions.
Beyond uncertainty, many real-world logistics prob-
lems exhibit dynamic elements that evolve over time.
The Dynamic Vehicle Routing Problem (DVRP) [9], also
known as real-time or online VRP, involves scenarios
where input data is partially disclosed or subject to modi-
fication during the execution of distribution operations.
Common dynamic events include the arrival of new cus-
tomer pick-up/delivery requests or fluctuations in service
and travel times.

Furthermore, solving VRP in real-world logistics, par-
ticularly in last-mile delivery scenarios, requires more
than just optimizing travel distance or operational time.
Multiple objectives must be considered, such as cost
minimization, service level improvements, and environ-
mental impact reductions (e.g., emissions) [10]. At the
core of last-mile logistics challenges lies the VRP. How-
ever, real-world last-mile logistics introduce additional
complexities, requiring the consideration of multiple
constraints and objectives.

Several VRP variants are particularly relevant to last-
mile delivery operations:

» Capacitated VRP (CVRP) — Considers vehicle
capacity limitations when designing routes.

+  VRP with Time Windows (VRPTW) — Ensures that
deliveries occur within predefined time slots.

» Stochastic VRP (SVRP) — Incorporates uncertainties
such as fluctuating demand and variable travel times.

+ Multi-Objective VRP (MOVRP) — Simultaneously
optimizes conflicting objectives, such as cost
minimization, service quality, and environmental
impact.

+ Green VRP (GVRP) — Focuses on optimizing routes
while considering fuel consumption and carbon
emissions.
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Given the complex and dynamic nature of last-mile logis-
tics, solving VRP efficiently requires the use of advanced
optimization techniques, including metaheuristics (e.g.,
Genetic Algorithms, Tabu Search, and Ant Colony Opti-
mization) and hybrid approaches that integrate artificial
intelligence and machine learning [11].

An influential contribution within ruin-and-recreate/
Large Neighborhood Search (LNS) is the Slack Induction
by String Removals (SISR) operator introduced by Chris-
tiaens and Vanden Berghe [12]. The key idea is to remove
contiguous sequences of customers (“strings”) using
time-window and load slack measures to induce slack in
incumbent routes, then reconstruct them with informed
insertion strategies (e.g., regret- or greedy-based) under
explicit constraint handling. By enabling large-scale,
structure-aware moves that are hard to reach with clas-
sical local search, SISR has demonstrated competitive
performance on VRPTW and related variants. This prin-
ciple—destroying in a guided way to create slack that
makes better reconstructions feasible—directly motivates
our choice of a ruin-and-recreate scheme and the design
of operators tailored to urban access restrictions, time
dependence, and electric-vehicle constraints.

One of the most recently studied objectives in the liter-
ature, and one that has taken special attention in last-mile
logistics, is the reduction of emissions. Freight transport
in cities can be responsible for up to 40% of direct car-
bon emissions. Two variants of the VRP problem exist
to address this objective: the Green VRP (GVRP) [13],
which considers carbon emissions in routing, and the
Pollution Routing Problem (PRP), which considers fuel
consumption [14].

A wide variety of tools have been developed to simu-
late and analyze different scenarios in last-mile logistics,
leveraging diverse optimization strategies ranging from
exact methods to heuristic, metaheuristic, and hybrid
techniques. Additionally, numerous computational tools
exist for modeling and solving logistics problems, some
of which share conceptual similarities with the solver
presented in this work. In this section, we review a selec-
tion of these existing solutions and provide a comparative
analysis to position our solver within the current state of
the art.

« JSprit? is an open-source, Java-based vehicle route
optimization engine that employs a Ruin & Recreate
metaheuristic. It is highly flexible and supports
multiple VRP variants, including capacitated
VRP, multi-depot VRP, time-dependent VRP, and
heterogeneous fleet VRP. Its modular design allows
for easy modification and extension, making it
suitable for customization. The tool enables the

Zhttps://github.com/graphhopper/jsprit/tree/master/docs
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definition of custom constraints, optimization
configurations, and solution visualization. JSprit
employs Java Reflection for constraint management,
dividing them into hard and soft constraints related
to routes and activities. Its adaptability and robust
testing framework make it a reliable option for VRP
optimization.

OR-Tools® developed by Google is an open-source
optimization suite designed to tackle complex
routing, flow, and constraint programming
problems. It is implemented in C++ with support
for Python, C#, and Java wrappers. The tool includes
a specialized routing library capable of solving
various VRP variants, such as VRPTW, VRPPD,

and CVRP. OR-Tools integrates multiple solving
strategies, including Greedy Descent, Guided Local
Search, Simulated Annealing, and Tabu Search.

Its high computational efficiency and configurable
parameters make it a widely used tool for solving
large-scale VRP instances.

VROOM?* is an open-source, C++-based
optimization tool designed to address VRP-related
problems in logistics and geographically distributed
task management. It integrates with open-source
routing engines such as OSRM, OpenRouteService,
and Valhalla. VROOM utilizes heuristics and
metaheuristics to provide high-quality solutions
efficiently, making it suitable for large-scale problem
instances. It supports various VRP types, including
TSP, CVRP, VRPTW, and multi-depot heterogeneous
fleet VRP. Its solving approach emphasizes speed
and scalability, allowing it to handle dynamic and
complex routing problems effectively.

ArcGIS VRP® is a commercial routing service
developed by ESRI that provides a customizable
solution for solving a broad range of VRP variants. It
supports multiple depots, heterogeneous fleets, time
windows, and pickup-and-delivery constraints. A
key advantage of ArcGIS VRP is its integration with
ESRI’s geographic information system (GIS), allowing
users to incorporate geospatial factors such as
restricted areas and varying speed zones. However,
it is a pay-per-use service, limiting accessibility

for large-scale applications. It can be accessed

in different ways such as JavaScript Application
Programming Interface (API) and SDKs in different
programming languages.
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« Circuit® is a commercial route optimization tool
available as a web service and mobile application
(Android and iOS). It optimizes delivery routes
by considering real-time traffic conditions and
the latest map data. The tool supports up to 1000
stops per route, time windows, and priority-based
stop ordering. Circuit is commonly used for driver
tracking, courier management, and local delivery
planning. It integrates with third-party navigation
applications such as Google Maps but has limited
configurability and extension options due to licensing
constraints.

« LOCUS is a route planning and vehicle
assignment tool designed for logistics operations,
particularly last-mile delivery. It supports various
optimization problems, including VRP with
capacity constraints, time windows, and pickups/
deliveries. LOCUS employs exact, heuristic, and
hybrid algorithms, though the specific methods
are not publicly disclosed. The platform provides
real-time tracking, dynamic route planning, and API
integration for seamless connectivity with external
systems. However, it is a commercial tool, limiting
accessibility for potential users.

+ OptaPlanner® is an open-source Java-based
optimization tool under the Apache License,
designed for solving complex combinatorial
problems, including VRP and its variants. It
implements multiple metaheuristics such as Tabu
Search, Simulated Annealing, and Late Acceptance.
The tool supports custom heuristic construction
and parallelization for performance improvement.
OptaPlanner allows integration with mapping
services like Google Maps and OpenStreetMap,
making it a versatile choice for route optimization. It
also provides benchmarking tools for performance
comparison, making it valuable for research and
industry applications.

+ HERE’ is a commercial tool that provides a route
planning API to solve the VRP, implementing the
Capacitated VRP, VRP with Time Windows, Multi-
Depot VRP, Open Vehicle Routing, Heterogeneous
or Mixed Fleet VRP, and Pickup and Delivery VRP. It
allows the calculation of routes using real-time and
historical traffic information and the re-planning of
routes in real time if new orders appear.

+ GraphHopper!? is an open-source software tool
developed in Java that uses JSprit as the route

Shttps://getcircuit.com/
https://locus.sh/

3https://github.com/google/or-tools

*https://github.com/VROOM-Project/vroom *https://www.optaplanner.org/
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optimization engine. It provides an API to solve a
variety of vehicle routing problems, including the
Traveling Salesman optimization problem, and all
the VRP variants implemented in JSprit. Its main
advantages are the possibility of designing vehicle
types and defining time windows and service times
for drivers.

Despite the wide range of functionalities offered by the
tools analyzed, none of them simultaneously integrate
key features essential for comprehensive last-mile logis-
tics optimization, as can be seen in Table 1. Specifically,
none of these solutions provide a holistic approach that
combines multi-modal fleet optimization, inter-modal
and transfer route optimization, multi-objective opti-
mization, and the consideration of driving constraints
within a single framework. While some tools excel in
specific areas—such as dynamic routing, vehicle capac-
ity management, or GIS integration—none effectively
address all these challenges in an unified manner. This
limitation highlights the need for an advanced, flexible,
and adaptive solution capable of handling the complex
and evolving demands of modern urban logistics.
Positioning with respect to JSprit. Our solver uses
JSprit as the underlying metaheuristic engine (ruin-and-
recreate / LNS), and extends it towards realistic last-mile
planning in three main ways. First, we provide a data-
driven integration layer (JSON schema + REST-oriented
workflow) that translates operational inputs (pickup/
delivery jobs, heterogeneous fleets, and access rules) into
the JSprit problem model. Second, we enhance realism
by operationalizing time dependence and robustness: we
support multi-period travel-time/distance matrices and
adapt the cost interfaces and time-propagation routines
so that evaluation and insertion use the appropriate time
slice, while allowing per-shipment service times (with
configurable defaults). Third, we extend the optimization
criteria beyond JSprit’s default distance/time objective
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by incorporating operational cost terms and per-vehicle
emissions through a configurable weighted-sum multi-
objective function. These additions keep compatibility
with JSprit’s search operators while enabling scenario-
based policy analysis (e.g., ZEZ/UCC) in an offline plan-
ning setting.

Furthermore, it is important to highlight that, despite
the extensive development of optimization techniques
and the proliferation of variants within the field of opera-
tions research, many of these approaches have yet to be
applied to the specific context of urban last-mile logis-
tics. Techniques such as advanced metaheuristics, hybrid
models integrating machine learning with combinato-
rial optimization, and decomposition methods designed
for large-scale problems remain largely unexplored in
addressing the unique constraints and dynamic condi-
tions of urban delivery environments. This underuti-
lization of existing optimization strategies represents
a significant opportunity for future research aimed at
enhancing the efficiency, adaptability, and sustainabil-
ity of last-mile logistics through innovative algorithmic
solutions.

3 Integrated modeling and solver architecture

This section describes the overall system and methodol-
ogy: we first outline the solver architecture, then detail
the operational data and uncertainty models (driving
restrictions and time-dependent travel), and finally pres-
ent the optimization algorithm and its implementation.

3.1 Architecture and components

The core of the architecture is the optimization engine,
which comprises several sub-modules, each dedicated to
a specific function essential for the model’s efficiency and
adaptability. These sub-modules include:

+ Data Processing: This module handles the
preprocessing and transformation of all input data

Table 1 Feature comparison of VRP tools and platforms according to the requested criteria

Tool / Platform Open-source Multimodal Multi-objective Dynamic  EV/Energy Driving Time-
fleets model Emissions restrictions depen-
dent
OR-Tools Yes Partial Partial Partial Partial Partial Partial
GraphHopper Yes Partial Partial Partial Partial Partial Yes
VROOM Yes Partial Partial Partial No Partial Partial
OptaPlanner Yes Partial Yes Yes Partial Partial Partial
ArcGIS VRP No Partial Partial Partial Partial Yes Yes
HERE No Partial Partial Yes Partial Yes Yes
Circuit No No Partial Yes No No Yes
LOCUS No Partial Partial Yes Partial Yes Yes
JSprit Yes Partial Partial Partial Partial Partial Yes
Solver (JSprit-based) Yes Yes Yes Partial Partial Yes Yes

Notes: Yes = native support; Partial = indirect/limited support via custom modeling, callbacks, or external integration; No = not natively supported
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into the data structures required by the optimization
algorithm. It ensures that the data is correctly
formatted and validated for seamless integration into
the optimization process.

+ Living Labs Services: This module manages the
diverse constraints and intricacies associated
with the optimization model. It ensures that the
model can be adapted to different use cases by
incorporating specific operational and regulatory
constraints relevant to each scenario.

+ Output Solution Processing: This module is
responsible for generating the final output of the
optimization process. It computes and organizes key
performance indicators (KPIs) to evaluate the quality
of the solution, enabling a comprehensive assessment
of its effectiveness in meeting the desired objectives.

The general solver that encompasses the optimization
engine is primarily responsible for four key tasks: (1)
integration with the Representational State Transfer
(REST) API and related services, (2) execution of the
optimization engine that loads all input data and formu-
lates the problem instance, (3) integration with the JSprit
framework, and (4) processing the algorithm’s output to
generate the solution, which is then provided through
the output REST API. In Fig. 1, the different components
and their relationships are depicted. Certain compo-
nents serve specific purposes and have been designed to
strengthen the optimization model.

Additionally, a dedicated JSprit module has been devel-
oped with the following functionalities: (1) it implements
the Vehicle Routing Problem (VRP) framework, which
allows for adapting a dynamic model to delivery plan-
ning in the future; and (2) the main modifications focus
on constraint modeling, operator strategies, and fitness
function computation to align with the dynamic nature
of the problem.

API

Service Interaction - -

[ Integration with REST APl <) |+

Data Exchange --'

Result Compilation - -
REST Output - -
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A specialized optimization subsystem has also been
developed to meet the specific requirements of each
use case defined in the proposed model. This subsystem
is responsible for processing input data and generating
optimized solutions, which are stored in a database that
can be accessed through REST API. The planning model
enables real-time last-mile route planning for heteroge-
neous fleets of vehicles, optimizing resource utilization,
and ensuring efficient delivery operations.

3.2 Intelligent route management
The developed solver is designed to simulate realistic
last-mile logistics scenarios by addressing complex vehi-
cle routing problems that capture key aspects of real-
world operations. Built upon the well-established Rich
Vehicle Routing Problem (RVRP) [5], the solver enables
the analysis of diverse operational conditions, providing
a flexible framework to evaluate and optimize delivery
strategies under varying constraints and requirements.
The primary objective was to achieve more realis-
tic optimization functions by incorporating, along with
a wide range of real-world constraints related to time,
distance, and the use of heterogeneous fleets. The inte-
gration of these advanced route planning concepts is
essential for developing intelligent route management
solutions capable of meeting the evolving demands of
urban logistics. This section defines and analyzes these
concepts as they have been integrated into our proposed
solver.

3.2.1 Robustness

Uncertainty is a fundamental characteristic of real-world
problems, and in vehicle routing, certain parameters
may be unknown or subject to variation. In contrast to
deterministic optimization, where all data is known in
advance, stochastic optimization is used to handle uncer-
tainty. Stochastic models rely on historical data to build

e Data Loading and Problem

.- =]
4 g{e Creation

' r- Data Acquisition

'~ Problem Formulation

- - Algorithm Enhancement

~- Solution Optimization

Fig. 1 Architecture of the proposed solver. The optimization engine sits at the core and exchanges information with four modules: (i) data loading &
problem creation (data acquisition and formulation), (i) integration with JSprit (algorithm enhancements and route optimization), (iii) integration with
REST API (service interaction and data exchange), and (iv) solution processing (result compilation and REST outputs). Dashed connectors indicate data/

control interfaces
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probabilistic distributions, enabling the generation of
more robust solutions that can withstand variations in
travel times, service durations, or demand [15].

The Stochastic Vehicle Routing Problem (SVRP)
addresses uncertainty through several variants, such
as VRPSD (stochastic demand), VRPSDC (stochastic
demand and customers), and VRPSTS (stochastic travel
times and service). By considering these stochastic com-
ponents, the robustness of the solutions can be improved,
especially in terms of adapting to travel time and service
duration fluctuations [16, 17].

To improve solution quality and robustness, the input
model allows service times to be specified per shipment
(for both pickup and delivery activities). If a shipment
specific value is not provided, a configurable default is
applied at data loading time; this default can be adjusted
through the input data settings. We modified existing
and introduced new in JSprit data structures, to accom-
modate variable service times.

The solver proposed in this work does not implement
an explicit SVRP formulation (e.g., two-stage stochas-
tic programming with recourse decisions, chance con-
straints, or sampling-based optimization embedded
in the search). Instead, we solve a deterministic VRP
instance parameterized with data driven, travel time pro-
files and configurable service time assumptions. In this
sense, our approach aligns with a common operational
practice: uncertainty is handled by using expected (or
otherwise conservative) values and by testing the result-
ing plan under alternative assumptions.

3.2.2 Driving restrictions
Operational constraints are a critical component of vehi-
cle routing models, especially in urban environments,
where factors such as vehicle capacity, driving regula-
tions, time windows, and access restrictions play a signifi-
cant role. In many cities, specific areas are accessible only
to certain types of vehicles, such as Low Emission Zones
(LEZ), or are subject to time-based driving restrictions.
Managing last-mile deliveries in such environments is
a highly complex process, as many historical city centers
have narrow streets, one-way traffic, and limited loading
and unloading spaces. Geographic Information Systems
(GIS) are valuable tools for identifying these constraints
and guiding optimization engines to generate feasible
routes. Urban consolidation centers can further enhance
delivery efficiency by organizing distribution according
to these constraints and reducing congestion in central
areas.

3.2.3 Time dependence

In urban logistics, travel times are highly dependent
on the time of day due to variations in traffic condi-
tions, weather, and road closures. Traditional vehicle
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routing models often assume static travel times, which
can reduce the accuracy of the proposed solutions. The
Time-Dependent Vehicle Routing Problem (TDVRP)
addresses this issue by incorporating travel time variabil-
ity into the optimization process [18, 19].

In TDVRP, travel times are represented as time-depen-
dent functions, reflecting different traffic conditions
throughout the day. For example, a driver’s 8-hour shift
can be divided into four 2-hour intervals, each with dif-
ferent travel time costs due to varying traffic patterns.
This enables the model to generate more realistic solu-
tions and improve the quality of route planning [18, 20].

While several tools are available for measuring travel
times and collecting historical traffic data, consolidating
this information remains a challenge due to incomplete
datasets. Experts recommend analyzing traffic patterns
for each geographical area separately, as travel time vari-
ability is highly dependent on local conditions and traffic
flow. Geographic and road conditions may also require
the use of different types of vehicles, each with specific
operational requirements.

One of the developments incorporated into the pro-
posed solver is the explicit modeling of time dependence.
Initially, travel times and distances between locations
were handled using a single distance matrix and a single
time matrix. We introduced a new data structure that
supports multiple time periods, each with its own dis-
tance and time matrices. In addition, we modified JSprit’s
cost interfaces and time-propagation routines so that,
both during solution construction and during objec-
tive evaluation, the solver selects the appropriate matrix
based on the departure time and propagates arrival times
accordingly.

Our time-dependent travel times/distances are repre-
sented as a piecewise-constant function through a set of
time-sliced OD matrices. During construction and move
evaluation, the solver selects the matrix correspond-
ing to the departure time and propagates arrival times
accordingly.

This modeling choice implicitly follows the common
FIFO (First-In-First-Out) assumption used in time-
dependent routing: for a given OD pair, departing later
should not lead to an earlier arrival. Under FIFO, there
is no benefit in deliberately delaying departure purely to
obtain a shorter travel time, and therefore our solver does
not include an explicit decision to “wait in order to arrive
sooner”; vehicles depart as soon as service is completed,
except for waiting that may arise from time-window fea-
sibility (early arrival).

When the departure time is close to a period boundary;,
the travel time is evaluated using the slice correspond-
ing to that departure time. As with any discretization,
abrupt changes between consecutive slices may create
small boundary effects. In practice, these effects can be
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mitigated by using finer time slices and/or by calibrating
the time profiles so that they are consistent with FIFO
at the chosen granularity. Modeling non-FIFO effects
and explicit waiting decisions to exploit traffic regime
changes is left for future work.

3.2.4 Portability to different urban contexts

Our solver is data-driven and city-agnostic: adapting it to
a new environment requires configuration and data cali-
bration, not code changes. City-specific characteristics
are mapped to inputs as follows:

+ Topography and network: time-of-day distance and
travel-time matrices.

«+ Service-time distributions by zone/time band that
incorporate parking/search time and curb-access
frictions.

+ Local regulation and policies: low-emission zones,
access bans, and delivery windows, with rules by
vehicle class and time of day.

+ Logistics infrastructure: depots, UCCs, and
micro-hubs as facility sets with opening hours and
capacities (or candidate sites for scenario testing).

« Fleet and objectives: vehicle catalog (capacities,
fixed/variable costs, emission factors, driving/access
restrictions) and objective weights (e.g., cost vs.
emissions).

3.3 Optimization algorithm

The Large Neighborhood Search (LNS) algorithm was
employed in the resolution of the proposed solver. This
algorithm is a metaheuristic in which the neighbor-
hood of a solution is implicitly defined through the use
of destroy and repair operators. The destroy opera-
tor removes a portion of the current solution, while the
repair operator reconstructs the destroyed portion,
aiming to find an improved solution. The destroy pro-
cess is often implemented with a degree of randomness,
allowing different aspects of the current solution to be
modified in order to explore a broader search space.
Compared to classical local search metaheuristics, LNS
employs a significantly larger neighborhood exploration
strategy, which enhances its ability to escape local optima
and explore more promising regions of the solution space
[21, 22].

The LNS algorithm is a hybrid metaheuristic that com-
bines multiple destroy and repair operators also referred
to as ruin and recreate operators along with solution
acceptance strategies to guide the search process. This
hybrid nature allows it to adapt to various problem struc-
tures and makes it suitable for solving complex instances
of the vehicle routing problem. Consequently, the LNS
algorithm is frequently integrated into many libraries
related to vehicle routing optimization [23].
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3.3.1 Ruin and recreate operators

The ruin and recreate strategy plays a crucial role in
the performance of the Large Neighborhood Search
(LNS) algorithm. We follow the LNS terminology
and use destroy and repair to denote the removal and
reinsertion phases. The JSprit library we build upon
adopts the synonymous terms ruin and recreate; when
we refer to specific JSprit operators/classes we keep
that naming. In what follows, destroy =ruin and
repair = recreate; there is no methodological differ-
ence implied both describe the same pattern of remov-
ing a subset of visits and reinserting them with insertion
heuristics.

The optimization core follows LNS scheme, where a
current solution is iteratively partially destroyed and then
repaired to explore a large neighborhood efficiently. In
each iteration, a subset of assigned jobs is removed using
destroy operators (e.g., random or related removal), and
the solution is reconstructed using repair/insertion heu-
ristics (including regret-based insertion), after which
standard acceptance and stopping criteria are applied.

3.4 Implementation details

The architecture of the proposed solver is structured
around the distinct responsibilities and functionalities
of its components, each designed to perform specialized
tasks that collectively contribute to the consolidation of
the optimization model. This architecture defines the
interaction between the various components and their
integration within the system.

To enhance realism in routing solutions and accom-
modate more complex constraints, we introduced sev-
eral modifications to JSprit. Specifically, we structured
the problem model to take a JSON-formatted input file
containing key data on pickups/deliveries, vehicles, vehi-
cle types, and driving access restrictions. Based on this
input, we constructed the model using JSprit’s data struc-
tures, incorporating modifications in different compo-
nents of the model and algorithm, as detailed below.

The first major enhancement introduced to our model
was the incorporation of robustness into the solution
by considering stochastic travel and service times. To
achieve this, the problem formulation was extended to
include service time parameters for both pickups and
deliveries, allowing end users to adjust these values based
on their operational experience. Additionally, travel times
were estimated from historical data, contributing to a
more realistic and resilient optimization process.

Stochastic travel times are closely related to time-
dependent functions, which model varying traffic con-
ditions throughout the day. To accommodate this,
we modified JSprit’s internal data structures to man-
age distance and time matrices segmented into dif-
ferent time intervals. This modification accounts for
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fluctuating traffic patterns, improving the accuracy of
route planning.

Additionally, our input data defines multiple vehicle
types, each associated not only with cost and capac-
ity parameters but also with distinct distance and time
matrices tailored to different periods of the day.

Our model also includes driving constraints, recog-
nizing that certain delivery or pickup locations may
have temporary or permanent access restrictions. These
restrictions are defined within the input data using geo-
spatial polygons that outline restricted areas. These
constraints are then incorporated into the generation
of distance and time matrices, ensuring that the routing
algorithm respects access limitations and delivers feasible
solutions.

One of the most critical components of the algorithm is
the objective function. In JSprit, this function is originally
defined to minimize the total distance traveled and the
total time required, combining both components into the
final solution. To further reduce urban traffic congestion
and greenhouse gas emissions, we modified this function
to incorporate operational costs and the emissions gener-
ated by each vehicle. For instance, minimizing the num-
ber of vehicles used not only reduces investment costs
but also decreases pollutant emissions.

Balancing multiple objectives is often complex, as some
may conflict with one another. To address the simulta-
neous optimization of different objectives, our model
employs the weighted sum method. In this approach,
each objective function is assigned a weighting coeffi-
cient that reflects its priority or relevance, and the goal is
to minimize the weighted sum of all objectives.

The process involves assigning specific weights to
each objective in order to construct a weighted sum for
a multi-objective function. These weights reflect the
relative importance of each objective, ensuring a bal-
anced optimization process that aligns with predefined
priorities. Initially, we assigned weights to each objec-
tive ensuring that their total sum equals 1 while defining
the relative importance of each objective. This approach
allows for a balanced optimization process that aligns
with predefined priorities. By adjusting these coefficients,
the model can emphasize certain criteria over others,
facilitating trade-off analysis and achieving a more tai-
lored solution.

All data used to calculate operational costs and emis-
sions were integrated into the problem model, form-
ing part of the input data for each vehicle, taking into
account the specific vehicle type.

The following points summarize the main implementa-
tion contributions of the proposed solver. They cover the
data model and interfaces, the operationalization of time
dependence and uncertainty, the encoding of constraints
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and fleet heterogeneity, and the multi-objective optimi-
zation with its integration into JSprit.

+ Data ingestion and modeling: JSON input schema
unifying pickup/delivery jobs, vehicles, vehicle types,
and access rules; the schema is translated into the
internal data structures of the solver and JSprit.

+ Time-dependent routing: replacement of static
matrices with time-slice profiles (distance and time
matrices per period) and selection of the appropriate
slice based on the departure time during insertion
and move evaluation.

+ Operational robustness: explicit per-shipment
service-time parameters (with configurable defaults)
and travel-time estimation from historical speed
profiles to capture typical congestion patterns.

+ Fleet heterogeneity: vehicle types with specific
costs/capacities and, optionally, per-period time and
distance matrices for each type.

+ Access and driving restrictions: restricted areas
represented as geospatial polygons; constraints
embedded in matrix generation to ensure feasible
access in the resulting routes.

» Extended objective function: augmentation of the
classic distance/time criterion to include operational
costs and per-vehicle emissions/energy, encouraging
fewer vehicles and lower environmental impact.

+ Configurable multi-objective aggregation:
weighted-sum with scenario-specific weights to
prioritize criteria and enable trade-off analysis
without altering the algorithmic core.

+ JSprit integration: adapted cost interfaces and
time-propagation routines to handle time-dependent
functions and additional feasibility checks, while
remaining compatible with the search operators.

+ Reproducible configuration: all key parameters
(weights, defaults, temporal profiles) managed via
data-loading configuration, facilitating traceability
across scenarios.

4 Experiments and set-up

For the validation and analysis of the proposed solver,
a set of specific indicators was defined. These indica-
tors serve as a crucial tool for structuring the evaluation
framework, enabling both the analysis of existing phe-
nomena in the case studies and the assessment of their
impact.

The set of 19 indicators is structured as follows:

» Environmental and Emission Indicators:
CO concentration, SOx concentration, NOx
concentration, NH3 concentration, PM10
concentration, CO2 emissions, CH4 emissions, NO2



Fajardo-Calderin et al. European Transport Research Review

emissions, and social costs associated with air quality
and greenhouse gas (GHG) emissions.

+ Logistics and Mobility Indicators: Number of
shipments, number of routes, total kilometers
covered (including walking), total kilometers covered
by green modes (including walking), total vehicle-
kilometers traveled by freight vehicles, total vehicle-
kilometers traveled by green freight vehicles, vehicle
utilization factor.

+ Economic Indicators: Fixed costs, running costs, and
capital costs.

The classification matrix of these indicators, as presented
in Table 2, considers the following impact areas and eval-
uation criteria:

+ Environment & Society: Air quality, GHG emissions,
and social costs.

+ Transport & Mobility: Accessibility, urban freight
transport (UFT) vehicles, and operational costs.

This structured classification provides a comprehensive
framework for evaluating the effects of different logistics
strategies, allowing for a multi-dimensional assessment
of both environmental and operational impacts.

Three scenarios were designed with the primary objec-
tive of validating the proposed route planning approach
and gaining a deeper understanding of the impact that
different policies may have on enhancing the sustainabil-
ity of last-mile logistics. Specifically, the following three
scenarios were considered:

Table 2 Impact areas and indicators
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+ Scenario 1: Represents the current operations of a
logistics operator in the city of Zaragoza, serving
as a baseline for comparing the results of the other
scenarios.

+ Scenario 2: Corresponds to the implementation of
a Zero Emission Zone (ZEZ) in the city center of
Zaragoza.

+ Scenario 3: Simulates the establishment of an Urban
Consolidation Center (UCC) in the city center of
Zaragoza.

Furthermore, for each of the defined scenarios, three
different fleet compositions were simulated, varying in
terms of the vehicle electrification ratio. This approach
aims to assess the impact of different fleet electrification
levels on each scenario. The following sections provide a
detailed description of the scenarios and the fleet compo-
sitions evaluated.

4.1 Scenario 1: baseline Scenario

Scenario 1 represents the current state of postal opera-
tions in the urban area of Zaragoza, providing a baseline
for evaluating the impact of different logistics strategies.
This scenario reflects the existing infrastructure, opera-
tional framework, and delivery patterns of the postal
operator, which are structured as follows:

Infrastructure and Distribution Network:

+ Nine Delivery Units (DUs): These units are
strategically distributed throughout the city and are
responsible for the delivery of postal items and small
parcels. The predominant delivery method from

Impact Area Criteria Indicator Data/unit
Environment & Society Air quality CO concentration g/day
SOx concentration g/day
NOx concentration g/day
NH3 concentration g/day
PM10 concentration g/day
GHG emissions co2 g/day
CH4 g/day
NO2 g/day
Social costs Social costs of air quality and GHG emissions €/day
Transport & Mobility Accessibility Number of shipments n./day
Number of routes n./day
Total km covered (including walking) km/day
Total km covered by green modes (including walking) km/day
Total veh-km covered by freight vehicles Veh-km/day
Total veh-km covered by green freight vehicles Veh-km/day
UFT vehicles Vehicle utilisation factor 9%/day
Operative costs Fixed costs €/day
Running costs €/day
Capital costs €/day
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Table 3 Shipments per shift on different days

Day Working Shift ~ Shipments % of ship. in the ZEZ
Sept 13, 22 Morning 11723 15%

Sept 13,22 Afternoon 3794 9%

Sept 14, 22 Morning 11429 15%

Sept 14,22 Afternoon 4296 13%

Table 4 Vehicle composition under different electrification

scenarios
Vehicle Type Technology Current Elect. Elect.
Composition 50% 100%
Large Van Combustion 9 9 -
Large Van Electric - - 9
Motorcycle Electric 12 27 27
Small Van Combustion 37 15 -
Small Van Electric 2 24 39

these units is walking routes, with postal workers
covering assigned areas on foot.

» Two Special Service Units (SSUs): Located in the
northern and southern areas of Zaragoza, these
specialized units handle the distribution of larger
parcels, which require motorized transport for
efficient delivery.

The postal operator follows a two-shift system to manage
deliveries efficiently:

+ Morning shift: Runs from 7:00 AM to 3:00 PM.
+ Afternoon shift: Runs from 3:00 PM to 10:00 PM.

However, due to operational requirements, postal work-
ers dedicate time at the beginning of each shift to sort
and prepare items for delivery and at the end of the shift
to process undelivered items. As a result, the actual deliv-
ery time slots are: 8:00 AM to 2:00 PM for the morning
shift, and 4:00 PM to 9:00 PM for the afternoon shift.

With regard to the demand data, for the purpose of
analysis, we have selected the delivery data from 13 and
14 September 2022, which are presented in Table 3 dis-
tributed by day and by shift.

For the simulation of this scenario, as well as the sub-
sequent ones, three different fleet compositions were
defined to assess their environmental and operational
impact based on fleet electrification levels. The compo-
sitions considered are: (1) Current fleet composition,
preserving the existing configuration of the logistics
operator’s vehicle fleet; (2) 50% Electrification, where
approximately half of the fleet is electrified while pre-
serving the same vehicle typology (e.g., motorbikes, small
vans, large vans); and (3) 100% Electrification, in which
all vehicles are fully electric while maintaining the cur-
rent fleet structure for comparability. The corresponding
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vehicle distribution by type and technology for each
composition is detailed in the following Table 4.

This study is energy agnostic and does not explicitly
model Electric Vehicle (EV) constraints (battery range,
state of charge (SOC), charging times). Results should be
read as an upper bound relative to Electric Vehicle con-
strained operations. Future work will extend the model
with: (i) per-route range and minimum SOC reserve, (ii)
depot/opportunity charging activities with power limits
and charging times, and (iii) stochastic evaluation of con-
sumption and ambient effects.

4.2 Scenario 2: deployment of a low emission zone

The second scenario analyzed in this study considers the
establishment of a Zero Emission Zone (ZEZ) in the his-
toric center of Zaragoza, as outlined in Fig. 2.

The implementation of this ZEZ imposes access restric-
tions on polluting vehicles between 7:00 AM and 11:00
PM, significantly impacting postal operations within the
designated area. Under these conditions, combustion-
engine vehicles would no longer be permitted to enter
the zone for deliveries, requiring an adaptation of logis-
tics strategies. Consequently, only postal workers on foot
or using electric vehicles would be able to carry out deliv-
eries within this restricted zone.

To assess the impact of these restrictions, Table 3
presents the distribution of orders affected by the ZEZ.
The data reveal that the percentage of deliveries fall-
ing within the restricted area fluctuates between 9 and
15%, depending on the shift and the day. This scenario
serves as a basis for evaluating the feasibility of alterna-
tive last-mile delivery strategies, such as increased fleet
electrification or micro-consolidation centers, to ensure
operational efficiency while complying with urban sus-
tainability policies.

Similar to the previous scenarios, three different fleet
compositions were defined based on fleet electrification
levels, following the same criteria as in Scenario 1: Cur-
rent Fleet Composition, 50% Electrification, and 100%
Electrification.

4.3 Scenario 3: deployment of an urban consolidation
center
The third scenario analyzed involves the establishment of
an Urban Consolidation Centre (UCC) in the city center
of Zaragoza, specifically at the current location of the San
Vicente de Padl Market. This site has been identified as
a key location for the SENATOR project. Figure 3 illus-
trates the location of the proposed Urban Consolidation
Centre along with its designated area of influence, which
encompasses postal codes 50,001 to 50,005, 50,008,
50,010, and 50,013.

The Urban Consolidation Centre is designed to
streamline the distribution of larger parcels, functioning
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Fig. 2 Delimitation of the area considered for the deployment of the ZEZ in Zaragoza
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Fig. 3 Location of the UCC and area of influence of the UCC
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Table 5 Number of shipments per day and shift to be delivered
at the area of influence of the UCC

Day Shift Shipments %overall % SSE
shipments  shipments

Sept 13,22 Morning 459 4% 37%

Sept 13,22 Afternoon 903 24% 33%

Sept 14, 22 Morning 400 3% 34%

Sept 14, 22 Afternoon 1167 27% 37%

similarly to the existing SSUs. To simulate the impact of
this consolidation strategy, we redirected all parcels orig-
inally handled by SSUs within the designated area to be
processed and distributed from the new UCC.

Table 5 presents the volume of shipments that would
be processed through the Urban Consolidation Centre
under this scenario. The data reveal that, when consid-
ering both postal items and parcels, the proportion of
deliveries routed through the UCC is relatively low in the
morning shift but significantly higher in the afternoon
shift. However, when focusing specifically on medium
and large parcels, which are currently distributed by
SSUs, we observe that the share handled by the UCC
ranges between 33 and 37%. In other words, under this
scenario, approximately one-third of all medium and
large parcels would be processed and distributed through
the Urban Consolidation Centre, reducing the reliance on
direct vehicle-based distribution within the city center.

Similar to the previous two scenarios, three different
fleet compositions were defined based on fleet electrifi-
cation levels, following the same criteria as in Scenario
1: Current Fleet Composition, 50% Electrification, and
100% Electrification. However, in this case, the Urban

Table 6 Results for scenario 1
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Consolidation Centre (UCC) is assumed to operate its
own fleet, supplied by various logistics operators.

Specifically, the UCC fleet consists of 20 small vans,
with their distribution across combustion and electric
vehicles varying according to the three fleet alterna-
tives: (20 combustion — 0 electric) for the Current Fleet
Composition, (10 combustion - 10 electric) for 50%
Electrification, and (0 combustion - 20 electric) for
100% Electrification. The baseline postal fleet remains
unchanged; the UCC fleet is an exogenous capacity
addition used to serve parcels within the UCC area of
influence.

5 Results
5.1 Results for Scenario 1
Table 6 presents the results for Scenario 1, evaluating dif-
ferent fleet compositions in terms of electrification. As
observed, the current fleet, which predominantly consists
of conventional combustion vehicles, exhibits a high envi-
ronmental impact, with associated social costs exceed-
ing €17.75 per day. However, as the fleet’s electrification
level increases, emissions are significantly reduced—by
approximately 85%—along with the corresponding social
costs. This substantial reduction is attributed to the fact
that the postal operator’s fleet is oversized to accom-
modate peak demand, meaning that during periods of
intermediate demand, 50% electrification would already
achieve an 85% reduction in emissions. As expected, a
fully electrified fleet (100% Electrification) results in a
100% reduction in environmental impact.

From an operational perspective, the analysis con-
firms that service levels remain unaffected, as the fleet

Indicator Unit Current Composition  50% Electric Vehicles  100% Electric Vehicles
CO concentration g/day 152.58 11.01 0.00

SOx concentration g/day 1.00 0.14 0.00

NOx concentration g/day 589.18 108.37 0.00

NH3 concentration g/day 2.90 0.40 0.00

PM10 concentration g/day 27.83 4.90 0.00

CO2 g/day 197,936.30 27,55543 0.00

CH4 g/day 14.68 1.21 0.00

NO2 g/day 1164 197 0.00

Social costs of air quality and GHG emissions €/day 17.75 248 0.00
Number of shipments n./day 15,106.00 15,083.50 15,107.50
Number of routes n./day 208.00 206.00 207.00

Total km covered (including walking) km/day 2,722.30 2,702.36 2,722.50
Total km covered by green modes (including walking) ~ km/day 1,390.51 251824 2,722.50
Total veh-km covered by freight vehicles Veh-km/day  1,683.94 1,664.00 1,684.14
Total veh-km covered by green freight vehicles Veh-km/day  352.15 1,479.88 1,684.14
Vehicle utilisation factor 9%/day 0.33 033 033

Fixed costs €/day 24,612.49 24,683.48 25,008.18
Running costs €/day 187.99 11247 106.57
Capital costs €/day 1,154,800.00 1,507,800.00 1,842,800.00
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electrification process does not compromise delivery
capacity or efficiency. However, in terms of operational
costs, the transition towards an electric fleet incurs a
moderate increase in fixed costs and a more substantial
increase in capital costs (up to 60%), primarily due to the
higher acquisition costs of electric vehicles. Conversely,
running costs are reduced by 40%, reflecting the lower
energy and maintenance expenses associated with elec-
tric vehicle operations.

5.2 Results for Scenario 2

Table 7 presents the results for Scenario 2, which evalu-
ates the impact of implementing a ZEZ in Zaragoza. In
terms of environmental impact, the findings are consis-
tent with those observed in Scenario 1, as expected, since
fleet electrification remains the primary determinant of
emissions reduction.

However, notable differences arise in delivery perfor-
mance. The number of shipments delivered increases by
approximately 1% with higher fleet electrification, com-
pared to the baseline scenario (Scenario 1), where the
current postal fleet operates without restrictions. This
increase is attributed to the fact that as electrification
levels rise, more vehicles are permitted to enter the Low
Emission Zone, enabling a higher number of parcels to
be delivered within the restricted area. Conversely, in the
current fleet composition, where a significant proportion
of vehicles are combustion-powered, access restrictions
result in a 1% decrease in deliveries within the zone.

Table 7 Results for Scenario 2
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5.3 Results for Scenario 3

Table 8 presents the results for Scenario 3, which evalu-
ates the impact of deploying an Urban Consolidation
Centre (UCC) in Zaragoza.

One of the most significant findings in this scenario is
the increase in the number of parcels delivered, which
rises by 1% compared to Scenario 0. This improvement is
attributed to the greater availability of vehicles within the
UCC, which allows for the fulfillment of a higher num-
ber of orders. However, this increase in deliveries comes
at a considerable operational cost, particularly in terms
of vehicle kilometers traveled, which rise from 2722km
to 2832km. This increase is likely due to the fact that,
in Scenario 0, more remote orders were left unfulfilled,
whereas in this scenario, the expanded fleet allows these
orders to be delivered. However, this leads to higher
travel distances, increased fuel or energy consumption,
and a significant rise in emissions.

Additionally, the results indicate that the increased
number of vehicles results in a lower vehicle utilization
rate, reducing overall efficiency. This suggests that while
a UCC-based logistics model may improve delivery cov-
erage, it may also introduce inefficiencies if not properly
optimized.

6 Conclusions

The main contribution of this work is the implementa-
tion and validation of an optimization module within
the broader SENATOR system, with a strong empha-
sis on data preparation and system integration. Rather
than introducing a new VRP metaheuristic, we build on
the JSprit engine and provide the missing operational

Indicator Data/unit Current Composition  50% Electric Vehicles  100% Electric Vehicles
CO concentration g/day 144.58 11.01 0.00

SOx concentration g/day 097 0.14 0.00

NOx concentration g/day 566.32 108.36 0.00

NH3 concentration g/day 2.82 0.40 0.00

PM10 concentration g/day 26.52 4.90 0.00

CO2 g/day 190,998.58 27,553.29 0.00

CH4 g/day 13.80 1.21 0.00

NO2 g/day 11.34 197 0.00

Social costs of air quality and GHG emissions €/day 17.13 248 0.00
Number of shipments n./day 14,930.00 15,058.50 15,107.50
Number of routes n./day 208.00 206.00 207.00

Total km covered (including walking) km/day 2,695.79 2,703.98 2,722.50
Total km covered by green modes (including walking) ~ km/day 141884 2,519.88 2,722.50
Total veh-km covered by freight vehicles Veh-km/day  1,657.42 1,665.62 1,684.14
Total veh-km covered by green freight vehicles Veh-km/day 38047 1,481.52 1,684.14
Vehicle utilisation factor 9%/day 0.32 033 033

Fixed costs €/day 24,328.19 24,659.85 25,008.18
Running costs €/day 184.26 112.59 106.57
Capital costs €/day 1,198,800.00 1,507,800.00 1,842,800.00
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Table 8 Results for scenario 3
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Indicator Data/unit Current Composition  50% Electric Vehicles  100% Electric Vehicles
CO concentration g/day 153.53 6.40 0.00

SOx concentration g/day 1.07 0.09 0.00

NOx concentration g/day 680.25 82.29 0.00

NH3 concentration g/day 3.04 0.23 0.00

PM10 concentration g/day 3243 3.95 0.00

CO2 g/day 211,446.44 17,617.88 0.00

CH4 g/day 15.37 092 0.00

NO2 g/day 12.70 1.26 0.00

Social costs of air quality and GHG emissions €/day 18.97 1.59 0.00
Number of shipments n./day 15,294.00 15,270.50 15,295.00
Number of routes n./day 213.00 212.50 212.50

Total km covered (including walking) km/day 2,832.70 2,827.23 2,823.54
Total km covered by green modes (including walking) ~ km/day 1,388.22 2,699.73 2,823.54
Total veh-km covered by freight vehicles Veh-km/day  1,794.34 1,788.87 1,785.17
Total veh-km covered by green freight vehicles Veh-km/day  349.86 1,661.37 1,785.17
Vehicle utilisation factor 9%/day 0.31 0.32 0.32

Fixed costs €/day 25,217.52 25415.03 25,619.48
Running costs €/day 201.02 11515 113.34
Capital costs €/day 1,273,800.00 1,678,800.00 2,000,800.00

layers required in real last-mile deployments: a unified
input data model, ingestion and validation routines, and
interfaces that translate operational data (jobs, hetero-
geneous fleets, and urban access rules) into a solvable
VRP instance. On top of this integration layer, we imple-
ment practical extensions and configurations, such as
time-dependent travel time profiles and a configurable
multi-objective cost/emissions criterion that enable sce-
nario based analyses and policy evaluation in realistic
case studies. The case studies demonstrate that these
engineering and modeling contributions materially affect
solution feasibility and quality in practice, while the opti-
mization core remains compatible with established JSprit
search operators.

The research is conducted within the framework of the
SENATOR European project, where a pilot study in Zara-
goza evaluates the impact of low-emission zones, urban
consolidation centers, and fleet electrification. Through
three experimental scenarios, the study demonstrates
how advanced routing optimization can enhance opera-
tional efficiency, reduce emissions, and improve urban
mobility. Key contributions include:

+ Robust route optimization, incorporating stochastic
travel and service times to improve delivery
reliability.

+ Multimodal logistics integration, considering
alternative transport modes to improve urban
delivery efficiency.

+ Time-dependent travel modeling, capturing varying
traffic conditions throughout the day to enhance
routing accuracy.

« Evaluation of fleet electrification strategies,
quantifying their impact on environmental and
operational performance.

The results of the pilot study indicate that fleet electrifica-
tion can reduce emissions by up to 85%, while urban con-
solidation strategies can improve delivery efficiency but
may also increase vehicle kilometers traveled if not prop-
erly optimized. These findings provide valuable insights
for urban planners and logistics operators seeking to bal-
ance efficiency, sustainability, and cost-effectiveness in
last-mile delivery systems.

Our current implementation targets offline planning
and does not yet include online replanning for dynamic
requests or an explicit stochastic optimization model;
these aspects are left for future work. For future work,
we aim to incorporate a dynamic component into the
solver that accounts for the continuous arrival of new
deliveries and unexpected disruptions, such as vehicle
breakdowns. This enhancement will enable real-time
route re-optimization and better adaptability to chang-
ing conditions. Furthermore, we intend to compare sin-
gle-period optimization with multi-period optimization
across the day, integrating live traffic data. By embedding
these dynamic capabilities, the solver will support a more
responsive and resilient last-mile logistics system, capa-
ble of handling operational uncertainties while ensuring
efficiency and sustainability. In addition, we are conduct-
ing pilots in real-world operational settings with diverse
characteristics, which will allow us to assess the solver
performance and identify its potential limitations across
different problem types.
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