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Executive summary

Inurban logistics, collaboration among service providers offers a promising solution to enhance efficiency
and reduce emissions. This document outlineive key innovative Al-driven models and services
developed in the scope of URBANEDemand Prediction, Collaborative Delivery, Dynamic Parcel
Reshuffling,Automatic Delivery VehicleADV) Routing Simulator, and Cost Benefit Analysis T@iined at
greeninglast milelogistics.

Demand Prediction Leveraging predictive modeling techniques, this modébrecasts future delivery
demands, aiding in fleesizing decisions and minimizing vehicle standby time.

Collaborative Delivery By optimizing delivery routes and sharing workload among providers, thiedel
reduces distance traveled and CO2 emissions. Initial simulations in the Bologna Living Lab indicate a
10.65% reduction in both distance and emissions.

Dynamic Parcel ReshufflingUrban delivery faces uncertainty due to congestion, parking, and recipient
availability. This model dynamically redesigns delivery routes based on #iale conditions, utilizing
regression, clustering, and vehicle routing techniques.

ADV Routing Simulaibn: This model is usedn conjunction with the agentbased model developed by
NORCEHo simulate consumer acceptance of ADV#t simulates the interaction of cutomers with ADVs
and calculates delivery timesparcel delivery success rategmissions, anadustomer queue lengths.

Cost Benefit AnalysisThe CBA tool assesses the costs and performance of last mile and middle mile urban
deliveries. It evaluates infrastructure investments and operational models, focusing on Bologna's green
delivery initiatives. The tool calculates daily costs, projects letegm financial impacts, and estimates
break-even points for delivery operations.

Discussion and Recommendationsihile further evaluations are ongoing, strategic recommendations
emphasize the importance of data collectiorand sharing stakeholder incentivization, and model
reusability for future living labs.

Conclusion These models offer tangible benefits in reducing emissions, optimizing delivery operations,
and enhancing urbarivability. Continued refinement and implementation hold the potential to transform
last milelogistics into a greener and more sustainable system.
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TABLELA.OSSARY OF ACRONYMS AND TERMS

Acronym/ Term Description

ADV Automatic Delivery Vehicle

CBA Cost Benefit Analysis

CDM Collaborative delivery model

DT Digital Twin

DPRM Dynamic Parcel Reshuffling Model
EDV Electric Delivery Vehicle

LEZ Low Emission Zone

LL Living Lab

LM Last Miler

LTZ Low Traffic Zone

NPV Net Present Value

Pl Physical Internet

UDR Unsuccessfuland-SmaltDeliveriesScheduling/Rescheduling
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1.Introduction

1.1 DeliverableOverview

This document describes the models developed in Task 3.5qien models and services) under Work
Package 3. This task develops-#iven models and services thatrere employed in theWave Living Labs
(LLs)contextandET OACOAOAA E Digithl TvirBT) apadidatioA A O 6 O

1.2Report Structure

This report is structured as follows.

A brief overview of the aims of the models developed in Section 2. Téemand prediction model is
described in Section 3, while theollaborative delivery model is described in SectidnThe dynamic parcel
reshuffling modeland the ADV routing simulator model are described Sectiors 5 and 6 respectively
The costbenefit analysis tool is described in Section 7, arttktresults ofthe case studes carried outare
presented in SectiorB. Finally discussions and conclusions are given in Secti@wand 10respectively.

1.2 URBANE Outputs Mapping to GA Commitments
TABLE2 DELIVERABIADHERENCE GRANTAGREEMENT DELIVERABLE AND WORK DESCRIPTION

URBANEGA URBANESAItem Description Document Justification

Item Chapter(s)
DELIVERABLE

D3.3 AkKdriven models that will be All Sections Thegoal of theb (five)models
Aldriven employed in the LLS hese models described in the Sectior 4, 5, 6
models and are designedo foster sustainable &7is to minimize the total amount
services urban logistics in the LLs. of emissions in lashile deliveries
by estimating the number of
vehicles required tdulfil deliveries,
optimally assigning parcels to last
milers and micréhubs, dynamically
reallocate parcels to delivery
vehicles taavoidlate deliveries,
support theevaluaion ofthe
acceptance of automated delivery
vehicles amongustomers and
asses the costs antbngterm
financial impacts of thelesigned
interventions

TASK

0
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ST3.5.1 Demand prediction modelling via Section3 Tominimize the number of delivery
Demand statistical learning, to obtain vehiclesused (and consequently
prediction predictions and probability the total amount of emissiornsa
modelling via| distribution of stochastic predictive model was developed
statistical parameters for users (customers) using historical dateo forecast the
learning and delivery service providers. number of vehicles that will be
required for a givereliveryround.
This model will be used in
conjunctionwith the UDR model
previouslydevelopedoy INLECOM.
ST3.5.2 Development of a platform that Sectionsdto 7 Toreduce the total number of
Requesto- identifies the best assignment of deliveryvehicles operating in an
courier deliveries to couriers in order to area, these modeldetermine the
assignment | reduce emissions. optimal assignment of parcels to
via Developmenbf a modethat helps last milers and micrdubsand
combinatorial | to evaluate consumer acceptance promote collaboration among
auctions of automated delivery vehicles. delivery service providerShe
result of this is a reduction in
distance travelled and total
emissions.
ST3.5.30nline | Development of anodelthat SectionsA &5 To avoid late deliveries based on
optimization | identifies the best assignment of congestion, parking and recipient

for sameday
delivery using
reinforcement
learning

deliveries to couriers in an online
manner inorder to reduce
emissions.

availability, these models are
implementedto dynamically
redesign delivery routes

1.3 Adjustments of the WP sultasksactivities

During the course of the project, discussions among stakeholders revealed that some of the initial sub
tasksof WP 3.5 could be adjusted to deliver targeted outcomssiited to different LLs. The availability of
data alsoinfluenced model design and, accordingly, the following deviations from theitial plan were
implemented.

Adjustment of ST 3.5.2discussios with the project partners revealed thatdeveloping an assignment
model based oncombinatorial auctiors was not the most effective approach to incentivize greener last
mile deliveries. Accordinglywe developed a hierarchical game model that better reflects thexisting
dynamics among first and last mile service providers, as well as citgvel authorities. This adjusted
couriertorequest assignment model is based on bilevel optimizatipa flexiblemodelling approach that
allows us to optimize multiple objectives: the objectives of delivery service providers i.e. cost
minimization and ontime deliveries,while also obtaininga broadergreen urbanenvironment. This aims

10
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to act as an incentive for delivery service providers to join the platform, thus contributing to reducing
emissions while ensuringervice quality.

Adjustment of ST 3.5.3discussions with the project partners revealed that online, i.e. (near) re@mhe
reoptimization of deliveryservice routes and schedules was not the priority die stakeholdersand not
in line with the developed Use CaseAccordingly, the focus of this sultask was adjusted to address two
goals:i) developing awithin-day dynamic parcel shuffling approach terovide more flexible service by
allowing delivery vehicles to exchange parcels at optimized meeting pointnd ii) devel@ing a routing
model for autonomous delivery vehiclefADV)operations. Both of these adjustments were implemented
in coordination with project partners andargeted LLs.

Although the costbenefit analysis (CBA) tool was not originally part of the projegiroposal, its
integration became essential as the project evolved. Stakeholders played a pivotal role in bridging the
gap between the model outcomes and their broader economic implications, recognizing the necessity of
evaluating the financial viability ath impact of the proposed solutions. As discussions progressed, it
became clear that the CBA would provide valuable insights, helping to quantify the economic tratfe

and benefits associated with different strategies. Consequently, the CBw#ol was devebped
concurrently, even though it was not explicitly outlined in the initigiroposal.

11
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2 Background on Aldriven Models and Services

Service provider cooperation and collaboration is a prominent potential alternative to improve urban
logistics (Savelsbergh & Van Woensel, 2018)ast mile logistics in city centres can be consolidated
through collaboration models (Ranieri et al., 2018)and delivery fleets can be optimized using a
combination of predictive models and optimization modelsThese modelsfacilitate service provide
collaboration as a means of reducing traffic and emissions in lemissionzones (LEZsand low-traffic
zones (LTZs) of a cityAl algorithms can optimize the logistic network in ways such atynamic parcel
reshuffling, optimal assignments to consolidation hubs, collaborative deliverjdkeet-sizing,and online
optimization of deliveries for efficient transportationthroughout the day.

Demand prediction modelling is a vital component in optimizing supply chains, impacting areas such as
inventory management and delivery efficiency. Recent advances emphasize machine learning models like
neural networks and ensemble methods, which outperfon traditional statistical models by capturing
complex, nonlinear patterns in demand data. LSTMs and attention mechanisms have proven particularly
effective in timeseries forecasting, managing fluctuating demand in sectors like retail anda@anmerce
(Borowykh et al., 2018). Integrating external factors, such as economic indicators and social media trends,
via big data analytics has further enhanced prediction accuracy, enabling more proactive inventory
management (Taylor & Letham, 2020).

Collaborative delivery has gained traction as companies seek to reduce costs and environmental impact
through shared logistics resources. Recent studies highlight the role of digital platforms and loT in
enabling realtime data sharing among stakeholdersyhich enhances route optimization and reduces
operational inefficiencies (Boukherroub et al., 2019). Blockchain technology is also being explored to
improve transparency and trust in collaborative logistics networks, offering secure, traceable
transactions (Saberi et al., 2019). Additionally, crowdsourced delivery models, coordinated through
mobile apps, have become a popular solution for handling lasile deliveries, though they pose
challenges related to regulatory compliance and service consistency (Blu& Stathopoulos, 2020).

Dynamic parcel reshuffling, which adjusts delivery routes in rdiahe, isincreasingly adopted to improve
delivery flexibility and efficiency. Recent advancements in optimization algorithms, such as deep
reinforcement learning, have significantly improved the ability to reconfigure routes dynamically based
on reaHlime data inpus (Nazari et al., 2018). The integration of IoT and big data has enabled logistics
companies to monitor traffic, weather, and package status in retiine, facilitating more informed and
responsive decisioamaking (Tang et al., 2021). Moreover, custoragentric delivery options, allowing for
realtime changes to delivery preferences, are becoming more prevalent, contributing to higher customer
satisfaction (Savelsbergh & Van Woensel, 2016).

Thedevelopedalgorithms will be coded into programs such that they can be implemented in the LLs for
operational purposes, to help operators in their decisiomaking activities.

12
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3 Demand Prediction Modelling

This section is devoted to explaininghe need for demand prediction modelling, as well as the
methodology used.We then explain how the models developed cover the expected outcome from ST
3.5.1 in the DoA.

3.1 Motivation for Demand Prediction

This approach allows us to estimate the number of delivery vehicles (conventional, electric, hybrid, and
others) required to establish logistics services in a network for given future period. The model developed
here is used in conjunction with the Unsucssfuland-SmaltDeliveriesScheduling/Rescheduling (UDR)
model developed in LEAD proje¢{GA861599 from INLECOM The output of these modelsvas used to
estimate the number of vehicles required to facilitate deliveries for specific sets of delivery orders.

3.2 Modelling Approach

3.2.1 What is Predictive Modelling?

Predictive modelling is an approach where data from events that have already occurred are analysed to
deduce patterns in these events. Once these patterns have been identified, they can be used to forecast
future events (Kuhn & Johnson, 2013)

3.2.2 Overview of Predictive Models

The predictive models we have employed are tirgeries modelgOlson & Araz, 2023s well as clustering
models. The time series models are applicable because delivery data is often recorded over equally
spaced periods of time. For example, it is common to see delivery data recorded daily, weekly, monthly,
or yearly. The timeseries mocels have been developed to exploit this structure and can find trends and
seasonal effects in the datawith the availability ofmore data, it isexpected that these modelscan be
updated, and their results can be enhancedAdditionally, some specific mode such as deep neural
networks (Tedjopurnomo et al., 2022)which benefit from a large amount of datavere evaluated for use.

3.2.3 Methodology- Application to the FleetSizing Problem

Deliveries are made to a number of locations using several types of delivery vehicles (van, bike, car, etc).
In order to forecast the number of vehicles to be used, we first have to determine the number of parcels
to be delivered. Trying to forecast whickpecific address gets will get a parcel delivered is inefficient and
likely to result in a very poor model. We therefore forecast parcels going to an area comprising several
addresses. We base these predictions based on historical data, i.e. the locatibdeadiveries that have
occurred in the past, as well as the types of vehicles used to facilitate these deliveries.

We first split the addresses into groups using+keans clustering. We then forecast the number of
deliveries going to each cluster, and the types of vehicles that will be used. This approach results in a
much more accurate model. Once the number of clustethas been chosen (by the user) and the
addresses have been clustered, we can forecast the number of deliveries going to each cluster on a given

Ihttps://www.leadproject.eu/
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day. The forecast will cover the next day or a specified humber of future days, depending on the user
requirements. Afterwards, the total number and type of vehicles required can then be determined given
the forecasted number of parcels to be delivered. Thforecast will enable more informed decision
making regarding vehicle allocation and should help us keep fewer vehicles on standby.

3.2.4 Data Specification

The input data required to run the model, and the output data desbing the resultsare given in Tables
3 and 4respectively.

TABLE3INPUT DATA FOR THE DEMAND PREDICTION MODEL
Input Data File type  Description

A dataset containing a set of historica
deliveries. Information includes date o
deliveries_data_as_is_UC3_linitial Xlsx delivery, delivery times, delivery location
total number of parcels delivered, and the
type of vehicle used for delivery.

A table describing thenumber of clusters
input_params XSIX to use in the model and the number of day|
to forecast.

TABLEA OUTPUT DATA FOR THE DEMAND PREDICTION MODEL

Output Data File type Description

The forecasted number of deliveries goin

deliveries data as is UC3 forecast XIsx .
- - == - to each area for each vehicle type.




Deliverable B.3| URBANProject | Grant Agreement nt0106982 _'TEIRBANE Cﬁﬁ@ TAS

4 Collaborative DeliveryModel

4.1 Motivation for the Collaborative Delivery Approach

Delivery service provides often service the same areas of the citgt the same time It isenvisagedthat
by fostering collaboration between these service providersye can reduce theoverall number of delivery
vehicles inan area. We can also reduce thaverall distance travelled in the LEZs and LTAS emissions
are a function of fuel consumption, which igtself a function of distance travelled,minimizing thetotal
distance travelled over a atwork results in minimizingthe total amount of emissions This also results in
the reduction of any associatednegative effects like noise and congestionand drive cities towards the
Physical Internet approach adoptiorFgure 1below shows an example of a scenariwhere two last mile
operators (LMs)must deliver a set of parcels across a network. On theft-hand side of the figure, the
LMs are uncoordinatedand thusly travel over the entire networkOn the righthand side, theLMs have
been assigned parcels to deliver such that there is much less overlap in the coverage alessdistance
covered by each individual LM, and few@missionsand \ehicles in the LEZ/LTZs

® v
® M2

Original Delivery Locations Consolidated Delivery Locations

HGUREEXPECTERESULT OF@LLABORATIVE DELIVERY APPROACH

4.2 Modelling Approach
4.2.1 What is Bilevel Optimization?

Bileveloptimization (Sinha et al., 2018 a modelling approach that allows theptimization problems of

several individuals to be considered at the same timéhe goals of these different individuals may be
somewhat conflicting, and so some of the decision makers must anticipate the decisions of other decision
makers and act accordingly. These individuals can be grouped iettdersandfollowers . The leader must

i AEA A AAAEOEITT xEEI A AT OEAEDPAOEIT ¢ OEA OAODBI T OA 1

4.2.2 Methodology- Application to the GreenCollaborative Delivery Problem

In our model, theleader represents a platform controlled by a city or government authority with the
primary goal of minimizing emissions and reducing the number of LM delivery vehicles operating within
the city's LEZ or LTZ. The model involves two typesfolfowers :

0



Deliverable B.3| URBANProject | Grant Agreement nt0106982 _.gIRBANE Cﬁﬁﬁ TAS

1. First-Mile Followers: These are responsible for transporting packages from their source locations
to the micro-hubs. Their objective is to minimize the cost of routing required to deliver packages
to these microhubs.

2. LastMile Followers: Thesepick up packages from the micreéhubs and deliver them to end
customers within specific time windows. Their priority is to ensure dime delivery, potentially
using as many vehicles as necessary to avoid delays.

The conflict arises because while the LM followers might want to maximize vehicle usage to ensure timely
deliveries, the leader (city authority) aims to minimize the number of vehicles in the LTZ to reduce
emissions and congestion. This situation is wellited for bilevel optimization, where the leader's
decision to assign packages and routes influences the followers' routing choices.

In this model, the leader first assigns packages to mienabs, and then from thesemicro-hubs to LM
operators in a way that minimizes the total emissions and the number of vehicles. After the leader's
assignment, the followers optimize their delivery routes accordinglyhe assignments are done in such a
xAU AO OI AT OEAEPAOA OEA A 111 xA008 OAODPIT OAR Ol
on what it expects the followers to do.The outcome not only reduces emissions but also decreasesseoi

traffic congestion, and the use of urban space.

4.2.3 DataDriven Collaborative Delivery Model

The bilevel model is computationally demanding and requires hours to solve for a large number of
deliveries. We therefore developed a datdriven variant of the model, which can be solved in much faster
time. We first trained a predictive model over thecomplete deliverynetwork of the city, with the goal of
learning the emissions associated with deliveries to different destinations in the network.¢@ithe model

has been trained, itvasincorporated into an optimization model that optimally assigns parcels micro-
hubs andto last milers with the goal of minimizingthe total emissions associated with thesassignments

4.2.4 Data Specification

The inputdata required to run thecollaborative deliverymodel, and the output data describing the results
are given in Tables 5 and 6 respectively.

TABLES INPUT DATA FOR THE COLLABORATIVE DELIVERY MODEL

Input Data File type Description
A list of address locations parcels to b
city_network_training_config Xlsx delivered and the locations they are to bq
delivered to

A table with parameters describing thg
different sources used to generatq
electricity, the emissions factor associate
with each source.

electricity_generation_breakdwn Xslx

0
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locker_capacities

XlIsx

A table giving the capacity for each micrd
hub.

last_milers

Xlsx

A table giving the location and number o
vehicles for each last miler.

problem_instance

Xlsx

A table detailing the earliest and lates
arrival times at each destination node, th¢
amount of time the robot waits at a node,
and the number of customers arriving pe
minute at that node.

battery capacity

XlIsx

The battery capacity of the electric delivery
vehicles to be used for deliveries.

TABLES OUTPUT DATA FOR THE COLLABORATIVE DELIVERY MODEL

Output Data File type Description
. . The total distance (in km) and tota

Distance and Emissions Xlsx . . .
emissions (in gCO2eq) for each last miler.

Assignments to Lockers sIx Thg micrehub to which each parcel is
assigned.

Package Arrival Times lsx The tlme.at \(vhlch each parcel arrives at i
final destination.
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5 Dynamic Parcel Reshuffling Model

5.1 Motivation for Dynamic Parcel Reshuffling

The congested urban environment and the multiple different functionalities it accommodates, impose
significant uncertainty in last mile delivery operations. Uncertainty is observed in travel times due to road
congestion, parking availability in proximityd the delivery location, information accuracy associated with
package drop off location, as well as when applicable uncertainty about the presence of the recipient at
the time and location of the dropoff. Last mile operators frequently assume a unilaterabvel speed and
drop-off duration in their planning process to relax this complexity. Depending on the conditions
encountered during the delivery round, last mile operators frequently need to dynamically redesign urban
delivery rounds, to alleviate deliery delays. The aim of the Dynamic Parcel Reshuffling Model (DPRM) is
to operate in a live setting, automate and optimise this process or act as a smart decision support tool for
last mile operators.

5.2 Modelling Approach

5.2.1 Whatare RegressionClusteringand Vehicle Routing

Three main techniques are used in this modeiamely regression, clustering, and vehicle routing.
Regression is a statistical technique thanablesus to find the relationship between anO1T OOAT i A
O A O E, Anid thd@xplanatorybor input variables(Huang, 2022)Clusteringis a technique that allows us

to group similar objects together(lkotun et al., 2023)while vehicle routing problem is an approach that
allows us to find the shortest path a vehicle can take through a set of locatidisaekers et al., 2016)

5.2.2 System Overview

As illustrated infigure 2below, the Dynamic Parcel Reshuffling ModeDPRM) is composed of three core
sub-models: the first sub-modelidentifies avenues in which the workload can be shared between vehicles,
the second reshuffles the parcels among the helper vehicles, and the third saindel identifiesa meeting
point where the parcels can be exchanged and redesigns the new driver instructions.

HGURR OVERVIEW OF THE DYNAMIC PARCEL RESHUFFLING MODEL

Delivery rounds, that are typically fully designed prior to initiating their implementation every day,
consider the delivery locations, fleet availability (i.e., the number and capacity of delivery vehicles
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available) and local accessibility constraints such as Low Emissions Zones (LEZs) and delivefftoue.
When delays arise, in order to expedite a late delivery round completion time, operators sent assistance
vehicles, that share the delivery loadl'he visualisation of the delivery round§llustrated in Figure 3)
enables the manual tracking of delivery progress, and the identification of severe delays, when a delivery
round is considerably behind schedule. The red vertical line at 3pm captures the current time and enables
progress inspection. For example, route C(fifst row) seems to be roughly orime, while round C24 (last
row) seems to be running slightly late.
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HGURBEXAMPLE OF DELIVERY ROUNDS MONITORING DASHBOARD

As delivery round delays arise, the original planning and design of the rounds might need to be updated.
This is because delivery operational constraints, such as delivery time windows (no deliveries past 9PM)
and driver shift hours, cannot be violated. Isuch cases, a fleet operator tries to identify delivery rounds
that might finish early or be ahead of schedule and dispatch them for helping the round running late. The
process of identifying van availability, van suitability and then redesigning the dely rounds, that
involves identifying which parcels will be moved from the original van to the helping van, and where the
two should meet for the parcel exchange will take place is currently undertaken manually.

The aim of DPRMontribution is to automate the process of identifying a vehicle that can share the
delivery load with the late running vehicle, hereafter called the help vehicle and maedge operational
parameters for materializing the exchange. This procedure involves identifying:

1 which vans can be sent for assistance without inflicting severe delays in their delivery obligations,
1 how many and which parcels require to be transferred from the late vehicle to the helping vehicle,
 acommon meeting point for the two vans, and

91 the dynamic redesigrof the delivery roundsfor both vehicles featuringacommon meeting point.

The model isaimed to function as livetool for dynamicallyassistingand optimisingsameday delivery
The tool is therefore developed as an online optimisation service thaicomputationally efficient and can
assistdecision making on the go.

5.2.3 Methodology

For identifying a help round the user can choossther a collaborative setting which assumes that all
delivery vehicles are available despite their operator, or a compasilp setting which considers only the
vehicles of a specific operator. Data on the estimated time of completiare collected (if possible) by the
operator or else generated by the model usingach vehiclegending deliveries centroid and workload.
The enhanced dataare considered to identifythe optimal helping vehicle based on a lineaegression
model that considers
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1. the distancefrom the delivery centroids of the late vehicle to any otherdelivery vehicle in the
help vehiclecandidates poo)

2. the time difference between the time of completion of each delivery vehicle in thelp vehicle
candidates pool to thedeliveries cutoff time

In the second step of the algorithm a #neans clustering algorithm is implemented to redistribute the
parcel delivery jobs between the late running vehicle and the helping vehicle identified in the previous
round. The output of the clustering algorithm is a tag for each node of the population, that corresponds
to a unique delivery round. Each tag is then associated to each of the two delivery rounds, by using a
linear optimization model that minimizes the number gbarcels to be transferred to the help velie. The
parcels are therefore, classified into the ones remaining in the late running round, the ones remaining in
the help round, and the ones moving from the late running round to the help round.

In the final step of the algorithm a meeting point is identifiethat is associated tca narrow timewindow

for the two vehicles to exchange parcel&ith minimum waiting time. Thefunctionality of the DPRM has
been expanding in this step to account for live parking information where that is availabldhe meeting
point necessitates proximity of the two vansn order to minimise the diversion requiredfor including the
meeting point in their route and sufficient parking space availabilityThe distances between allthe
pending deliverylocations of the late runningvehicle, and thepending deliverylocations of the parcels
remaining on the helpvehicleare considered. The locations of the parcels moving from the late running
round to the help round are excluded from this process, as prior to the exchange at the meeting point,
they are loaded on the incorrect variThe wo points with the closest distance are identifiedand anearby
parking location with sufficient space for two vehiclesis identified. The meetng point represents a
location suitable for the two vans to visit, however there is no guarantee up to this point that the two
vans arrive there simultaneously. To address this, a common time window is set on both vans for reaching
the meeting point. Parking space availability ithen assessedy connecting to the service thatanalyses
the live feed from the cameras and bgollecting the live parking spotavailabilityinformation. Thisparking
spot location is then added to the locations théate running andhelp vehiclesrequire to visitassociated
with the predetermined time-window. A Travelling Salesman Problem with tiragindows is then solved,
including a common time window for reaching the meeting point.

5.2.4 Data Specification

The input data required to run the dynamic parcel reshuffling model, and the output data describing the
results are given in Tables 7 and 8 respectively.

TABLE/ INPUT DATA FOR TBMENAMIC PARCEL RESHURAONEL

Input Data File type ‘ Description

arcel information wlsx A list of address locations parcels to be delivere
P - ' and the locations they are to be delivered to
: I A table giving the number and location o
parking_availability XsIx . .
available parking spaces.
. I A table giving the availability of each deliver
vehicle_availability XIsx vehicle giving y y
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TABLES OQUTPUT DATA FOR THE DYNAMIC PARCEL RESHUFFLING MODEL

Output Data File type Description

Instructions to vehicle identifying meeting points

arcel_reallocation Xlsx .
P - and theparcels to be reallocated for delivery.
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6 ADVRouting SimulationModel

6.1 Motivation for the ADVrouting simulator

To explore theacceptability of Automatic Deliverywehicles (ADVs) by consumers, an integrated agent
based simulation model wasglesigned and developedy NORCEThat model simulateconsumer choices
between the ADV service and home delivery options over timdf the ADV is chosen, the VRP module
developed by SKEMAavailable in Deliverable 3.2omputes the delivery times, percentage of total
parcels delivered, average waiting time and the average queue length at each delivery point. It also
computes the total distance travelled and the total emissions produced by the ADV during the delivery
round. Thebenefit of this model is thatit allows the LL tosimulatethe operation and acceptanceof the
ADV. Thedisadvantages of the model are that it does not allow for the possibility of the ADV to deviate
from an optimized route. It also assumes that @tomers arrive to collect their goods ategular intervals
and does not account for inhomogeneous arrival times

6.2 Modelling Approach

The ADV routing simulator first computes the mogfficient path for the ADV to taketo reachall delivery
points within the delivery time windows Then, at each delivery point, a singéerver queueing simulator
isrun to simulate theinteraction of customers with the ADV. The output of the model includethe time
at which the robot arrives at each delivery pointhe percentage of parcels successfullgelivered, the
average waiting time and the average queue length at each delivery pointt also computes the total
distance travelled, as well ahe total emissionsproduced (in gCO2eq) during the delivery operation

Furthermore, an assignment optimisation model has been integrated in the HelsinkiitLlorder to pre-
sort the parcels to be delivered by the ADVs. As presenteditil. URBANE framework for optimised green
last mile operationsthe implementation of PHinspiredlast miledeliveries involves the sequencing of the
process by initially considering the more efficient vehicle$he algorithm considers theéADVroutes and
capacityand estimates the straight-line distance of each delivery point to its nearest ADYop. Then a
linear optimisation algorithm determines the maximum radiuan ADV can serve before it reaches its
capacity.A uniform catchmentradius is considered for all ADV stops.

6.2.1 Data Specification

The input data required to run the ADV simulator model, and the output data describing the results are
given in Tables 9 and 10 respectively.
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TABLEQ INPUT DATA FOR TARVROUTING SIMULATION MODEL

Input Data File type Description
A list of parcels to be delivered and the location
ParcelDemand .CSV .
they are to be delivered to
- , A table with parameters describing the different
electricity_generation_breakdw . .
N Xslx sources used to generate electricity, the emissior]
factor associated with each source.
A table giving the speed of the robot, the battery
robot Xlsx capacity and the number of parcels it can delive
per minute.
A table detailing the earliest and latest arrival time
Problem input slsx at each destination node, the amount of time the
NP ' robot waits at a node, and the number of customer
arriving per minute at that node.

TABLELOOUTPUT DATA FOR PHMBVROUTING SIMULATION MODEL

Output Data File type Description
&1 O AAAE AAI EOAOU bIEIT

Delivery results wlsx arrival time, total number of parcels successfull

Y- ' delivered, the average waiting time and thg

average queue length.

Total_emissions sl The total emissions (in gCO2eq) during the delive
round

Total_distance Xlsx The total distance (in km) travelled by the robot
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7 CostBenefit Analysis Tool

7.1 Motivation for the Cost-Benefit Analysis Tool

The aim of the tool is to consider the cost breakdown and overé&Hhancial performance of last mile and
middle mile urban delivery operations and to enable the impact analysis of infrastructure investments
and operational models. The CBA tool is a component of the URBANE Digital Twin (DT) platform and has
been developed to connetto other tools and models on the platform. Its requirements and components

are therefore aligned with the outputs of the predecessor models and the calculations are designedtto f

in the context of URBANE project.

7.2 Overview of the CostBenefit Analysis Tool

The initial implementation of theCostBenefit Analysis CBA OT i1 &£ AOOGAO 11 "1T11C]
assessmenbf infrastructural investments in association with operational adjustments for the utilization

of parcel lockers and green last mile delivery. The DT runs a sequence of models for analyzing the

I DAOAOCEIT T AT DPAOAI O AT AR T £ OHAE OAOUEIT A IpBdemédgh #GE AQ
Section 4 that produces routing instructions for the middle and last milers and evaluates the distance

each qoerator will cover. Other inputs utilized by the CDM include the vehicle type, the number of vehicles

and the number of deliveries, which integrated with the CDM output of total distance travelled per
operator are passed to the CBA tool.

Additional inputs that are required for performing the CBA calculations are collected through the DT
interface and include the labor cost [per delivery], and thi®reseentotal investment cost. The CBA tool

can optionally accept inputs on the fuel value, the number of deliveries per day per staff, and the annual
discount rate.

The CBA calculations are divided into two categories. The first category focuses on the analyses of daily
costs for staff and vehicle fuel. The second category extrapolates the daily costs to monthly and yearly
cost beneft projections.

7.2.1 Category A Calculations: Daily Cost Estimation

The daily cost is estimated based on fuel and staff cost components. For the calculation of fuel/ energy
cost, the total distance driven by the vehicles of each operator and their fuel type are considered. For the
estimation of staff costs, the following @sumptions are made:

9 Each vehicle in the fleet is staffed by at least one person
1 Oneperson can deliver up to 120 parcels per day

Considering the total number of vehicles in the fleet and the total number of deliveries, the minimum
staff and are estimated respectivelyThe largest of the two values is then chosen and multiplied by a daily
work rate provided by the user through the UICurrently the staff cost input is per delivery (rather than
per day).
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7.2.2 Category B Calculations: Monthly and Horizon Projections

The user is asked to provide an initial investment cost associated with the operationaHgetthat is
examined in the analysis. The user optionally provides a planning horizon and an annual discount rate,
that by default are set to five years and 3% resgpieely. An NPV (Net Present Value) calculation takes
place in the CBA by considering discounted daily operational expenses.

4EA ET OAOO+vkd poidt b tindeAditated by the CBA tool. To complement this metric, the
break-even point calculation will be extended to estimate the units/ day that require to be delivered for a
profitable daily operation as well as the tal number of units sold for counterbalancing the initial
investment. This is estimated by dividing the total fixed costs associated with production by the revenue
per individual delivery minus the variable costs per unit. In this case, fixed costs refahtse that do not
change depending upon the number of units sold.

Figure 4illustrates an overall representation of the CBA inputs, calculations and processes. Further work
components identified include:

1 the consideration of equipment lifecycleto include the depreciated assets value in the NPV

calculation,
1 the consideration of fixed operational and maintenance costs associated to facilities and

vehicles,
1 the quantification of CO2 emissions costs.

inputs CBA calculations & components

—
———
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labour cos

per delivery

vehicle fuel/ electricity
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HGURE CBATOOL CALCULATION PROCESS AND COMPONENTS

7.2.3 Data Specification

The input data required to use the CBA tool, and the output data describing the results are given in Tables
11 and 12 respectively.
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TABLELINPUT DATA FOR TBBATOOL

Input Data File type ‘ Description

Fuel value .csv The cost of fuel/electricity used.
Vehicle_information Xslx The number and types of delivery vehicles used.
Delivery_information Xlsx The number and location of deliveries.

The annual discount rate, the total investment, an

Problem_inputs XIsx . .
—np the horizon period.

TABLEL2OUTPUT DATA FOR TERATOOL

Output Data File type ‘ Description

Projection of costs, financial impacts, NPV, ar

Cost_projection Xlsx .
—Prol break-even points.
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8 Case Studiegxaminedin URBANBNave 1 LLs

8.1 Bologna Living Lab
8.1.1 Motivations Behind Choosing Bologna LL

This living lab was chosen because it is in tpeocess of implementing the infrastructure that will allow
us to apply ou collaborative modelas well as the CBA tooA few first and last mile operators have signed
up to participate in the URBANE project, and mictab facilities have been installed.

8.1.2 Application of Collaborative Delivery Modeh Bologna

We usehistorical data from partners in the Bologna Llregarding the location of deliveries and micro
hubs (for the list of datasets please refer tdD2.3 Bologna Demonstrator) These data comprise the
locationsand numberof deliveries carried out in the past.

Simulations and Results

We carried out a simulatiotfior a single day of deliverieOur simulation coveredascenario in whichthere
are two last mile operators perforning deliveries of fifty (50) packages We compared the current
delivery approach with our collaborative model The figures and table below show that without
collaboration, each last miler has to cover more distance théy using the results otthe collaborative
model. It can be seen in figure 5 that ith collaboration, the delivery areas are split more homogenously
among the last mile operators.Table 13below shows thetotal distances and emissions from botkthe
simulation. It can be seen thathe use of the collaborative model resulted in0.65%eduction of distance
travelled and CO2emissions We expect that even better reduction can be achieved if more last mile
operators are involved.

;Centrale: - “a
PR

3 Saboting ™~

- Oy
1l Ao g
O, )
Universita., 1 )
A /Bo%ogna B L :
- 11l Bnlogna /a‘"d'eamm ° ey i
nolini 3

p i P,

) TohsN

Universita. , ‘."4

e lBo!ogno |
x iil Bologna
nolmx

SROUY
N 1 ‘\;: Cire Q
SRE a \
- i \ Malpighi

\t 1 i _ooiid Galvani
Q . Q Faod) Gl > 557 : Q i
B : / > At g v
o 2 - Galvani el 7 v ‘7%( ; %
% - " 'o 8! Q"‘"u ” n,q%
Viay \ 1 Sep, AUy
/e, e in, 2
v o NG 2
L7
iny

11 L W
i 2 3 A"’?e, =3 &
2 = :
/N { L7g
oS 5 D

“

[
nNdrea Costs

% Mu s
Giardini
Margherita

i
,.\b'\“j

=
b Murri A o

HGURB EVEN BREAD QPELIVERY LOCATIONSHOUTAND WITKCOLLABORATION



Deliverable B.3| URBANProject | Grant Agreement ndt0106982 -.TE’RBANE Cﬁ“@lﬁﬁi‘:

TABLEL3RESULTS OF COLLABORATION

Without Collaboration With Collaboration

Last Miler 1 Last Miler 2| Total Last Miler 1 Last Miler 2 Total
Total distance

15.02 17.57 32.59 12.45 16.84 28.93
(km)
Total CO2
emissions 299.55 350.49 | 650.04 248.37 335.97 584.34
(gCO2eq

8.1.3 Application of Cost Benefit Analysis Model in Bologna

By varying the parametres (such as number of michoibs, the number and type of delivery vehicles, and
others), we can evaluate the shortand longterm horizon costs for each scenario. Figu&below shows
an example of a cost projection ovdiive years for a scenario witlthree micro-hubs, and asingleLM using
four EDVs.

Cost Benefit Analysis

E%) Deliveries Cost in Scenario IS)EU Cost Projection

50000 122K
45000 130K
40000 128K
350,00

Cost (€)

Cost (€)
NG
2
S

Duration (Months)

\ S N /

FHGURB COSTBENEFIT ANALYSKOWING COST PROJECVER

8.2 Helsinki Living Lab

8.2.1 Motivations Behind Choosing Helsinki LL

This living lab was chosen because it is in the process of implementing ADV deliveries, and the
infrastructure that will allow us to apply ourADVmodel.
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8.2.2 Application of ADV Routing SimulatiodModel inHelsinki

The Helsinki LL proposed testing the concept of mictwbs in the city, specifically focusing on innovative
delivery options such as robot deliveries using Autonomous Delivery Vehicles (ADVSs), cargo bikes, and
teleoperation. The development and use of théDV routing simulator will enable the simulation of
consumer behaviour when using the ADV service. It will also enable the follower LLs to simulate
operations in their own cities and establish best practices for integrating these advanced delivery systems
into their urban logistics networks.

8.2.3 Simulations and Results

The performance of the ADV was simulated over 31 days under various parcel demand and customer
arrival rates. The analysis showed that successful delivery rates are dependent on the width of the time
xET AT xO0 AO AAAE AAIl EOA OUingimddt €a¢h deliv@ry bodhtion. Tdadhie@eaA
EECE OAOEOEFAAOEITT OAOA mI O A CEOAT AAI EOAOU OAA
be optimized such that a high delivery rate is achieved while ensuring that the ADV is capaliperfating

for the required length of time. Please see Deliverable 3\2odelling Framework and AgenBased Models

for the full simulation results.

''$
T A

8.3 Valladolid Living Lab

8.3.1 Motivations Behind Choosing Valladolid LL

This living lab was chosen because tliafrastructure that will allow us to apply ourDPRand demand
prediction models are in place The implemenation of the computer visionbased model that allows us
to find and allocate free parking spotéelps facilitate the use of the DPR model in this LL.

8.3.2 Applicationof the DPR modeto the Valladolid LL

In the context of the Valladolid LL, two extensions have been implemented to the DPRM. The first
extension is associated to overcoming the limited availability of re#he parcel delivery data by
implementing a data generation and delivery simulation. Tecond extension is associated to accessing

and integrating live parking location data. In Valladolid live cameras integrated with a computer vision
algorithm track parking locations availability and the data are available through a software interfaces Th
data generation extension can handle multiple background processes that are associated to the
implementation of delivery rounds. The model produces randomised delivery location data within a
confined polygon. This deliveries volume and the location armputs to the model and can be adjusted by

the user. The location can be communicated either as a string of the city name or a shapefile as illustrated
int3clt4A +tuv I M?2ROU AMULOI RZAS Yor Vapadolid gity. JASsuming the | R o
availability of a distribution depot, and a known number of delivery vehicles, a solution to the capacitated
OARAEEATI A O1 OOET ¢ DOT Al Ai AAT AA T AOGAET AA8 4EAT A
automatically simulates the implementabn of delivery rounds at oneminute intervals, estimates the
progress and monitors traffic delays. The simulation raises a flag whenever a delivery vehicle is running
late and cannot complete its scheduled deliveries.
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The DPRM has been enhanced to also consider the data in determining an optimal meeting point for the
two vehicles. The identification of the meeting point is a particular challenge as it requires sufficient space
for both vehicles to briefly park and exchkaCA DAOAAI 08 ) £ OEAOA EOI 60 OO0A
park next to each other the process might require significant effort and time, defeating the purpose.
Once the DPRM is executed an approximate location and time of the meeting point areraated based

on the known delivery locations, and the routing sequence. More specifically the location describes for
each round the point of the least distance to the other vehicles route. As the vehicles approach each other
the parking space availabilitysiexamined. After filtering for sufficient space (at least two parking spots
are required), a set of five candidate meeting point locations are identified and ranked based on average
distance to both vehicles. Then, the live data on parking space availgbdre collected and the highest
ranked available space is set as the meeting point for the two vehicles.

Simulations and Results

The DPRM algorithm was applied on a simulated dataset in Valladolid for average and high demand cases,
as well as for single company and collaborate help vehicles pools. Although the model has been assessed
guantitatively, the results are presented in a @litative manner(see Figure 8jas performance is closely
associated to delivery volume and the vehicle fleet size of each operator. The qualitative assessment of
the DPRM captures two performance metrics:

1 Feasibility: expedite delivery of the late running vehicle to enable round completion prior to the
delivery cutoff time.

1 Good solution quality: the completion of the delivery rounds without additional flags raised by
the simulation for the two delivery vehicles.

The DPRMsingle operator scenario assumes that each last mile distributor operates in isolation and
DAOAAT OAOEOEAEI ETC EO bi OOEAI A AAOx A Adlp pddEsdena@od | A
assumes that last mile distribution companies can collaborate. The tool was able to perform live
optimisation of the results and successfully expedite deliveries in all the cases examined. Good quality
help was also offered in all casesxcept the single operator extreme volume case. In this scenario most
help vehicles were found to have busy schedules timewise, which had a negative impact on the quality of
help vehicles identified (either too far or with marginal spare time). Although @nded instructions were
delivered by the DPRM, when the simulation continued further, delivery delays were identified for the
two vehicles involved indicating éow-quality result. The problem was not present in the extreme volume
with collaborative pool scenariovhere good quality help was provided. It was also observed that in light
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to medium volume the delivery completion was not significantly improved when collaborative pool
vehicles were made available. This indicates that a sufficiently good solution was already present in the
single operator pool.

Demand level

Extreme
Light to Medium = (e.g. Black
Friday)

Operator

NS

NP

Help pool type
Collaborative ' Single

HGURB DPRMQUALITATIVE PERFORMANCE

The DPRM was overall found to positively contribute to live optimisation of delivery vehicle rounds when
delays beyond a cutoff time.

8.3.3 Application of thedemand predictionmodel to the Valladolid LL

Figure 9 below shavs an exampleoutput prediction of the forecast. The barsshown inblue signify the
estimated number of parcels to be deliverethy bike, while those shown imred signify the estimated
number of parcelsto be deliveredby car.These values are then used to forecast the number of bikes and
cars to be put into service.

Demand Forecast

18
16
14
12

] -I ._
2 3

Cluster number

1

Total number of parcels to be delivered
Lo T S R N o A » <]
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HGUR® NUMBER OF FORECASTED DELIVERIES



Deliverable B.3| URBANProject | Grant Agreement nt0106982 q”? DAN C%ﬁ TAS

9 Discussion

The development of Akdriven models and their implementation on realorld datasets uncovered

multiple insights. From amodelling standpoint, OOAEAET | AAOOJ datA &dilBulity &l OE T 1
fundamental. Stakeholders, i.e. city authorities and lagtile service providers, play a key role in shaping
abstract modelsfor optimizing delivery logistics operations. Understandingnd integA OET ¢ OOAEAET |
goalsin the decision process affects how models should be designed. Models rieguata; thus, the

avaihlbility of data is primordial.The modelsdeveloped have been adjusted to work witlthe data made

AOGAETI AAT A AU DPOT EAAO sprkeforérices. 00 AT A OF Al ECT xEOE
While more simulatiors needto be conducted, the initial results are promising. It is envisaged that as time
progresses and more data is collectedhese models which have beermplemented can be further

refined. The modelsdevelopedunder Task 3.%@re designed in such way that are easthansferableto the

next waves ofliving labs.

9.1 Strategic Recommendations to Redife Stakeholders

Thefollowing recommendationsare considered important forthe improvement and implementation of
these models:

1 Data collection and availability: It is essential that stakeholders put in pladata collection
strategies to ensure thatthe relevantdata concerning transportationin the last mile is collected
and storedappropriately. Thisdata should also be easily available to partners so thaintinued
modelling and analysis caaccur.

1 Incentivization: Governmental or regulatory stakeholdersat city or regional levelshould find a
way to incentivize collaborationamong competing partners, as the modelling results indicate
both environmental and financial benefits.

9.2 Reusabilityof Developed Modelsn Wave 2and afterwards

The above models have been developed to lasflexible as possible Future living labswho wish to use
these modelssimply must provide data inthe correct formats. In cases where future living labs have
needs that areslightly different from those addressed bythe above models, it will be possible to either
make minor alterations to these modes or combine models to satisfy these nee#sirthermore, the
models and the algorithms designed to solve the optimization problems are ecétgnostic and can thus
be usedin other urban environments than those that were used in the simulationall code is available
at the https://github.com/adefajem/URBANESKEMAv2 and https://gitlab.com/urbanehorizon-
europe/modeHibrary/parcekreshuffling repositories.
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10 Conclusions

Fivemodels have been presented in this documegtCollborative Delivery Demand Prediction, Dynamic
Parcel Reshuffling ADV routing andCost BenefitAnalysis Toal These modelscontribute to multiple
facets of lastmile delivery logistics andhave beendevelopedto make last mile logistics greener.The
Collaborative Delivery model proposes a novel framework to coordinatee operations offirst and last
mile delivery service providersThe model takes into account the preferences of delivery service
providers and assigaparcels to satellite hubs andast milersin such a way that emissions are minimized
throughout the distribution network. A datadriven optimization approach has been developed to
provide a scalable solution method to solve this challenging probleResults show that we are successful

in reducing the distance travelled and total CO2 emissions. Additionally, we were able to reduce the
overlap of last mile operators in a geographical area. This has the benefit of also reducing noise and
congestion. The Demand Prediction model focuses on forecastingistomer demand using machine
learning basedn historical delivery data. The Dynamic Parcel Reshuffling maaigis to optimize delivery
operationsby determining meeting points forparcelsexchangeamong delivery vehiclesThis model uses
supervised and unsupervised learning to predict optimal courier to request-assignments.The ADV
Routing Simulation model, developed in collaboration with NORCE, is used to simulate consumer
interactions with ADVSs. It evaluatedelivery times, success rates, emissionsicacustomer queue lengths,
providing insights into the potential adoption and performance of ADVs in urban setting$ie CBA tool
assesses the financial and operational aspects of lasle and middlemile urban deliveries. This tool is
particularly focused on Bologna's green delivery initiatives, calculating daily costs, kemgn financial
impacts, and estimating brek-even points for delivery operations.

The future applications of these models are extensive. They could be used in the Wave 2 Lasapted

for use in other cities, each with unique delivery challenges, or expanded to integrate with emerging
technologies like drone delivery and Adriven logistics management. Additionally, as consumer
behaviours and urban landscapes evolve, these moslelan be recalibrated to meet new demands and
optimize efficiency further. However, there are limitations to consider. The effectiveness of these models
is heavily reliant on the quality and availability of retiine data, which can be challenging to obtai
consistently.

Thesefive models work together to enhance the sustainability of laghile delivery operations. Demand
prediction and dynamicre-assignmentsalgorithms are keyingredients of modern lastmile logisticsand
ensure thatplanners and planning models are informed with appropriate dath is envisaged that the
implementation of our models can make last mile deliveries greener and cities more liveable.
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