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Abstract. The increasing popularity of e-commerce re-
quires efficient solutions for the provision of last mile lo-
gistics. There are different approaches for delivering par-
cels, e.g., home delivery, service points, or parcel lockers,
which have different advantages and disadvantages for
customers and logistics providers in terms of flexibility, ac-
cessibility, and operating costs. We have studied a novel
transportation solution where electric vehicles dynami-
cally set up smart cargo boxes, from which customers can
fetch their delivery at any time of the day. This provides
customers with a more flexible access to their packages
and allows the service provider to deliver the parcels more
efficiently. In this article, we present the results of a feasi-
bility study conducted in Vastra Hamnen, Malmd (Swe-
den). The developed simulation model shows that smart
boxes not only are a viable approach for efficient last mile
deliveries, but also result in considerably smaller travel dis-
tances compared to conventional package delivery system.

Introduction

Even before the beginning of the Covid-19 pandemic,
business to consumer (B2C) e-commerce has experi-
enced a steady growth. However, dueto interventions for
containing the pandemic such as movement restrictions
and lockdowns as well as recommendations against vis-
iting physical stores or even their closure, theimportance
and popularity of online shopping increased further
(Elrhim & Elsayed 2020). A major challenge that arises
from the growing trend towards online shopping is the
effective realization of B2C last mile delivery, i.e, the
delivery of the parcel from a regiona depot to the cus-
tomer (Mangiaracina et al. 2019).

There exists a great number of logistics service pro-
vidersthat pursue different last mile delivery approaches.
Common last-mile solutions for B2C are to deliver the
parcel to (i) the home address, (ii) service points where
they are picked up by the customers, or (iii) stationary
parcel lockers that are located at supermarkets or other
frequented places, where customers can pick up their par-
cels. As outlined by Allen et a. (2007), these delivery
alternatives provide customers but also service providers
with different advantages and disadvantages regarding
flexibility, accessibility, and effort of the pick-up pro-
cess. Customers, for instance, experience shorter re-
trieval times and are not limited to opening hours when
using parcel lockers compared to service point deliveries.
However, compared to attended home deliveries, parcel
lockers and service points do not require the customer to
be present upon delivery and, thus, increase the custom-
ers flexibility interms of the delivery time window. Y et,
pick-up points are limited in their opening hours and re-
quire each customer to travel there, which they might
consider to be inconvenient.

From a logistics provider’s perspective, these deliv-
ery options vary in efficiency. Compared to pick-up ser-
vice points, home delivery results in increased delivery
costs, a higher number of failed deliveries, and a signifi-
cantly greater driving distance for delivery vehicles,
which also might affect traffic congestion and exhaust
emissions. Moreover, the delivery option with parcel
lockers is more time-consuming for the driver as he or
she needsto fill thelockers with new deliveries. For both
parcel lockers and service point deliveries, it can be as-
sumed that the cumulated customer travel distanceissig-
nificantly higher in relation to the travel distance of the
service provider. It ischallenging to take all these, poten-
tially conflicting, requirements into account and to find a
bal ance between the requirements of the customer and lo-
gistics providers.
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To address this issue, the Swedish start-up DiPP-R
(www.dipp-r.com) develops a transportation solution to
improve the efficiency of last mile delivery of e-com-
merce parcels. The ideais that electric vehicles dynami-
cally set up smart cargo boxes at different locationsin the
city. These boxes can hold between 50 and 100 packages
and are dynamically placed at, for instance, parking ar-
eas. Thisenablesthe customersto pick-up their deliveries
at any time during the day. After all parcels were picked
up by the customers or after a certain time, the boxes are
collected by the vehicles, refilled at the depot, and placed
at other locations. The aim is to reduce the handling of
parcels outside the depot and to decrease the distance re-
cipients must travel to fetch their parcels. Thisresultsin
increased convenience and shorter total travel distance,
ultimately reducing traffic congestion and environmental
impact.

This article presents the results of a feasibility study
that was conducted by Mamd University, the city of
Malmé, and DiPP-R. As part of this study, a simulation
model was developed to investigate the effects of this
new delivery concept and how it can be realized. The
simulation model allows for analysing the efficiency of
different service designs in Vastra Hamnen, a district in
northern Malmo (Sweden). The simulation model also
enables the comparison of this new approach with tradi-
tional delivery concepts, such as home delivery and cen-
tral service points.

In summary, the simulation model can be used to answer
research questions such as

o How does the new concept perform compared to
existing delivery servicesin terms of, for instance,
travelled distance, accessibility for customers,
environmental and traffic impact?

e How shall smart cargo boxes be configured and how
many compartments are required per box?

o How many setup locations are required to efficiently
serve a particular area and where should they be
located?

o Which pick-up and drop-off strategy is most efficient
in terms of travel distance?

e How do variationsin demand affect the service
quality?

The paper is structured as follows: In Section 1, we pro-
vide a description of related work on last mile logistics
and its simulation. We then describe the simulation
model we developed, followed by a specification of the
experiments and the results. After adiscussion of the re-
sults, we provide conclusions and discuss future work.
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1 State-of-the-Art

The use of simulation for analysing and comparing logis-
tics processes is well established and studied (Manuj
2009). In transportation logistics, simulation is used to
analyse, for instance, how transport tasks can be allocated
to vehicles (Davidsson et a. 2005). According to Olsson
et a. (2019), modelling and simulation is the leading
methodology used in the emerging research area of last
milelogistics. It isapplied to investigate, e.g., the effects
of different means of delivery such as electric vehicles
and cargo-bikes but also the feasibility of crowdsourcing.
This is, as simulation allows for creating digital copies
(digital twins) of real-world systems, that can be used to
efficiently investigate the system’s behaviour under dif-
ferent circumstances, without influencing or jeopardizing
the real-world system.

Grando & Gosso (2005) refer to the issue of identify-
ing the optimal delivery solution as “Last Mile Logistics
Dilemma” and present a reference model for comparing
home delivery with pick-up points. To overcome this di-
lemma, Perboli et al. (2018) propose a multimodal simu-
| ation optimization framework for urban freight transpor-
tation of e-commerce deliveries, which allowsfor analys-
ing different delivery modes in redlistic scenarios. Be-
sides such frameworks, there exists other studies for spe-
cific scenariosin last milelogistics. Thisincludes, for in-
stance, the use of robots for autonomous last mile deliv-
eries, e.g., (Poeting et a. 2019), or for crowdsourced de-
livery, eg., (Guo et a. 2019), where local non-profes-
sional couriers deliver the parcels to the customers
homes.

The use of cargo boxes has been mostly studied for
scenarios with stationary boxes that are equipped to the
customer’ s house or set up at fixes publicly accessiblelo-
cations. To optimize the last mile in electronic grocery
shopping, Punakivi et a. (2001) simulate the use of de-
livery and reception boxesfor unattended delivery of gro-
ceries. Yetis & Karakose (2018) propose the use of smart
cargo cabinets that are located within buildings and fed
by unmanned aerial vehicles (drones). For a Polish city,
a study has been conducted by Iwan et a. (2016). The
results show that areduction of the environmental impact
of last mile delivery can only be achieved by alternative
delivery concepts such as parcel lockers. A similar study
has also been conducted in the Netherlands, which inves-
tigated the potential of cost reductions when shifting
from home delivery to parcel lockers (Van Duin et al.
2020).
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To our knowledge, there exists no simulation studies
on smart cargo boxes that are dynamically placed at dif-
ferent locationsin the city with the aim of optimizing de-
livery processes for both customers and logistic service
provides.

2 Modelling Last Mile Delivery
Options

We implemented an agent-based model (ABM) to inves-
tigate the effects of different last mile delivery options.
The delivery vehicle, customers, deliveries, smart cargo
boxes, potential locations of the boxes, and the depot are
implemented as agents. Each day, a number of deliveries
arrivesto the depot each of which is designated for aspe-
cific customer in the simulated area. According to the
customers home addresses, the deliveries will be allo-
cated to boxes such that the customers’ travel distancefor
picking up their parcels is minimized. This includes the
clustering of the deliveriesfor the allocation to the boxes
aswell astheidentification of optimal setup locationsfor
each box. A vehicle will then transport the boxes, one at
a time, to their designated location. In case there is al-
ready a box standing at this location whose minimum
setup time (e.g., after 24 hours) has been reached, it will
be replaced, and the previous box isreturned to the depot.
Packages remaining in the returned box will then be allo-
cated to new boxes in the same manner as newly arrived
packages. The vehicle visits the box locationsin an order
prioritizing empty boxes and those that have exceeded
their minimal setup time. Boxesthat are placed at aloca-
tion may not be completely filled with packages, how-
ever, the vehicle will never deliver empty boxes and will
skip locations to which no packages are to be delivered.
During hours with high volume of traffic (e.g., 6 am. —
9am. and 3 p.m. —6 p.m.) the vehicle will not leave the
depot to reduce traffic congestion.

Each customer has a home address, from where he or
she will pick up the parcel. Once a box with a parcel ar-
rives at a pick-up location, there will be arandom delay
representing that the customers are occupied with other
activities and that they pick up their deliveries at a later
point in time. If the box with the package has not been
returned to the depot by then, the customer walks to the
location of the box, takes its package and walks back
home. Otherwise, the customer will be informed when
the delivery can be collected from another box.

In case the distance to the box is greater than a given
threshold, the recipient will choose to take the car instead
of walking.

Modelling of customer demand is challenging and re-
quires data on where customers live as well as on their
habits. For this study, each customer and delivery need to
be assigned to a specific building to adequately simulate
driving and walking distances to distribute and pick up
parcels. Hence, address data is needed on where people
live. This data is usually not openly available such that
other data sources must be used to generate realistic arti-
ficial data on customer demand. OpenStreetMap (OSM;
openstreetmap.org) data, for instance, can be used to ge-
ographically distribute customersin arealistic way. From
OSM, positions of buildings can be extracted as well as
their size and utilization. This allows us to identify the
potential home addresses of customers and to estimate
thelikely number of residents. We do this by distributing
the known number of inhabitants of the simulated areato
the buildings we identified in OSM. Here, we use the
floor area of the houses to estimate the number of resi-
dents by calculating the average floor area per resident.
Dueto alack of data, the modelled population is homog-
enous in terms of their behaviour and habits, e.g., the
threshold when they will use a car to fetch their delivery.

The model alows for comparing the new delivery
concept to two traditional package delivery systems: de-
liveriesto service points and home deliveries. For service
point deliveries, different pick-up locations are defined,
where the service points are located. Each time a cus-
tomer fetches a package from a box, the walking distance
from their home to one of the delivery locations and back
is simulated as well. For home delivery, every time new
packages are delivered to the depot, aroute is iteratively
planned such that packages are delivered to the recipient
closest to the last one. This does not return the minimum
distance required to deliver all packages but overesti-
matesthe delivery distance. Y et, we do not consider extra
driving distances potentially caused by time windows for
home delivery. Moreover, we assume that only one vehi-
cleisin charge of al home deliveries.

For analysing different scenarios, the model providesthe

following parameters:

o Thenumber of packagesdelivered tothedepot each
day. Each arriving package has an individual defined
asitsrecipient.

e The minimum set-up time of boxesto stay at a
location before it can be picked up or replaced by
the vehicle.
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o The package capacity of the boxes. Packages that do
not fit in a box will be delivered with the next box to
the same location or a suitable location close by.

e Therateat which customers collect their packages
as the lambda parameter of the exponential function
for determining waiting times of customers.

e Themaximum walking distance of recipients before
taking the car for fetching a delivery. We assume all
individuals have access to a car.

e The ratio of individuals fetching their packages
combined with other activities. If individuals fetch
their package together with other activities, e.g., buy-
ing groceries, only the additional distance needed to
fetch the package is considered. The customer will
move from its home to the grocery store, to the box,
and back home. In case the grocery store contains a
delivery point, the additional distanceis zero

The following outputs are provided for each run of the
simulation model:

o Thetotal distancethedelivery vehiclehastravelled.

o Thetotal timethevehicleisbeing active.

e Thetotal distance of customer sto pick up their pack-
ages and to return home.

e The distance of customerstravelled by car in case
thedistanceto the box isabovethe car threshold. Driv-
ing distance can be longar than walking distance.

e The number of deliveriesthat have been picked up
by the recipients.

e The number of packagesthat have not been picked
up by the customers and thus were returned to the
depot for anew delivery with another box.

3 Case Study: Smart Cargo
Boxes in Vastra Hamnen

The model was implemented using the AnyLogic simu-
lation framework (www.anylogic.com). For thisfeasibil-
ity study, we have chosen the neighbourhood of Vastra
Hamnen in Malmo (Sweden) as the setting for our exper-
iments. The potential locations of the boxesaswell asfor
the depot can be chosen manually.

To generate more realistic results, we have chosen the
location of the depot to be close to the depots of other
existing logistics providers and identified suitable loca-
tions, e.g., parking areas, for setting up the boxes. For the
simulation of both service point deliveries and grocery
stores, two existing service point locations were chosen.
AnyLogic includes built-in geographic information sys-
tem (GIS) support with real-world road networks, which
is used to create routings for vehicles and individuals.
The user interface of the simulation is shownin Figure 1.

For the generation of customer address data and cus-
tomer demand, we have used OSM data of Véstra Ham-
nenin Mamé. According to the data, there are 298 build-
ingsin thisarea. Buildingswith afloor areaover 2.000 m?
were assumed to be industrials buildings and not consid-
ered as residence of customers. Buildings between 200
and 2.000 m? are assumed to be apartment buildings and
below 200 m? as single-family house. In total, Vastra
Hamnen has 9 739 inhabitants, which were distributed to
the existing buildings according to their floor area, result-
ing in 9 155 customers living in apartment buildings and
584 living in single-family houses. Each of the 9 739 cus-
tomers was assigned an address according to this distri-
bution.

o For service point deliveries:
o Thetotal distance of
customer s to fetch their

packages and return
home.
o Thetotal distance of
customerstravelled o
by car.

o For home delivery:

o The approximated to-

tal distancetravelled e
by the home delivery '

vehicle.

o The approximated to-
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tal time all deliveries S —

will take. LI
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Figure 1: The user interface of the simulation model in AnyLogic.
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4 Results of the Simulation
Study

For the study, the simulation model was run using differ-
ent combinations of input parameter values. The simula-
tion starts at 8 am. and we simulate an entire week. The
presented results were generated using 8 box locations,
9739 customers, and a single distribution vehicle. With
respect to the comparability of the results, all smulations
used a fixed random seed.

Figure 3 shows the distance travelled by vehicles for
different delivery options and scenarios, i.e., thresholds
when customersusetheir car to get their packages aswell
as packages per day. When customers chose not to use
their car for picking up parcelsif the distance isless than
1 km, the mobile smart boxes system results in consider-
ably shorter driving distances compared to the delivery
point system. Also, thedistanceissimilar

explored using the model. For instance, in the two set-
ups shown in Figure 2, the cumulated walking distance
differs by 3.4%. Hence, the model can be used by deci-
sion makers to identify most suitable locations

The model also alows for varying the number of
boxes and to investigate the effect this has on the service
provision. We simulated the parallel set-up of 4, 6, 8, and
10 boxes with the locations of the boxes being deter-
mined using k-means clustering (see Figure 4). The re-
sults show adecreasing customers' travel distance and an
increasing distance driven by the delivery vehicle, when
the number of parallelly used cargo boxes increases. As
shown in Table 1, increasing the number of boxesfrom 4
to 6 results in a 13.9% decrease of the customers’ walk-
ing distance and 23.2% decrease of the distance driven
by car (in total -18.8%) whereasthetravel distance of the
delivery vehicle increases by 48.8%.

to the distance the home delivery vehicle 1330 km 1375 km

hasto drive, assuming it has a capacity of b d e

100 parcels. °f = &P =P
For the effectiveness of the service, it = = =

is not only relevant how many boxesare 8P © O& HAMNEN g vasTen wnin B

used but also where they are located. The B} @ &

placement of boxes and its effects on the
distance customers must walk can also be

Figure 2: Total customers’ walking distance for two different placements

of boxes.
200 packages per day 600 packages per day
=25 &0 471
E 207 E 441,0
£ 20 §18.0 £ 40 |
= (=3
(=] (=
=15 131 | = 30 |
Y o
£10 8.0 B4 ; £20 —y5ql20 184 -
s m 50 2 = :
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Figure 3: The distance (in km) travelled by the delivery vehicle and by customers using cars at thresholds of Okm and 1km
for four scenarios: 1) Boxes, with a capacity of 50 packages waiting for 12 hours at stops;
2) Boxes, with a capacity of 100 packages waiting for 36 hours at stops;
3) Service point delivery; 4) Home delivery. The depot received 200 resp. 600 packages per day.

4 |ocations 6 locations
=f
& = - o -

&

8 locations 10 locations
& & &
& & F i
&f <
@9 VASTRA HAMMEN Q Qf:; ag G

Figure 4: Different number and placement of set-up locations for smart boxes.
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Number Distance Distancedriven Distance Figure 5 shows how the percent of individuals fetch-
of cargo walked by by customers delivery ing their package combined with another activity affects
boxes  customers (km) vehicle (km) the additional distance travelled by private car for both
(km) mobile smart boxes and delivery points. More people

1717 1974 180 combining fetching their package with grocery shopping

1478 1516 268 leads to smaller additional distances travelled. More in-

terestingly, the smart boxes system is shown to lead to
1453 1319 345 smaller distancestravelled than the delivery point system
10 1346 1083 451 for almost all scenarios.

An estimate of the cumulative time it takes to distrib-
ute the mobile smart boxes and to make all home deliv-
eries is shown in Figure 6. For home delivery, each de-
livery is assumed to take one minute per address, the ve-

hicle’s movement speed is 15 km/h, and the capacity is
When increasing the number of boxes from 6 to 8, the 100 parcels.

Table 1: Traveling distance of customers and delivery
vehicle for different number of stops
assuming that customers will walk in
case the distance is less than 1km.

total decrease in customers' travel distanceis only 7.5% Thefigure shows that the time the smart box delivery
whereas th?) distance of the delivery vehicle amost dou- vehicle is active correlates with the frequency at which
bles (+91.7%) boxes are delivered and returned to the depot. Yet, it is

It can be assumed that some customers will combine
the collection of their delivery with other activities such
as grocery shopping, as service points often are located
at grocery stores.

largely unaffected by the number of packages being de-
livered. Thisis not true for the home delivery vehicle.

25
€ 210
€ 20 17,7
g . | 155,
% 106
S0 o4 | o 8.9
§ | 6.9 53 5446
25 ool 36 o 23
i . 06 Io.s 03
B , o8] o < [ -
E 0% 25% 50% 75% 100%

Probability of combining pick-up of parcel with other activity, e.g., shopping
®u Smart boxes, car threshold: Om m Smart boxes, car threshold: 1000m

u Service point delivery, car threshold: Om Service point delivery, car threshold: 1000m

Figure 5: The distance (in km) travelled by customers by private car for different probability of combining the fetching of
parcels with other trips, e.g., shopping.

25
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Figure 6: The cumulative time the delivery takes for smart boxes with a capacity of 50 packages being replaced after
12 hours, smart boxes with a capacity of 100 packages being replaced after 36 hours, and home delivery.
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5 Conclusions

In this article, we have presented an agent-based simula-
tion model for comparing adelivery solution with mobile
smart cargo boxes to existing systemsfor last-mile deliv-
ery. Thesimulation exploresthe effects of different smart
box service designs and results show that smart boxes are
not only feasible as a delivery solution, but significantly
decrease the distance customers must travel to fetch their
packages and the total distance driven by vehicles com-
pared to service point deliveries. For a car threshold of
1 km, the total vehicle distance is similar to the one of
home delivery.

Yet, existing delivery systems have limitations that
have not been included in this study. For instance, home
delivery might require the recipient to be at home and
service points usualy have opening hours. With smart
boxes solution, however, customers can fetch their pack-
ages whenever they desire during the day, allowing for
increased flexibility. Moreover, the service provider can
set up and collect boxes all day through, which increases
the utilization of the vehicles.

There is a trade-off concerning the time boxes stay
out before being returned to the depot. A shorter setup
time reduces the time packages stay at the depot before
being distributed. Recipients, however, have a smaller
time window for fetching their packages. This, aswell as
the fact that not all individuals fetch their packages right
away, increases the load at the depot and requires the use
of more boxes. Also, reducing the time packages are
available for pickup isless convenient to customers.

Examples of simplifications made in the model are
the homogeneity of individuals and their habits, the as-
sumption of astatic threshold for fetching aparcel by car,
and the exclusion of workplaces and other venues than
grocery stores and service points. There is a'so no con-
sideration of exhaust emissions of vehicles, which might
be relevant for cities with low-emission zones. Another
assumption is that only one delivery vehicle is used for
all home deliveries. An extension of the model requires,
e.g., data on the capacity of home delivery vehicles and
the time to deliver packages

Besides the design of the service, loca regulations
and policies might affect the feasibility and viability of
deliveries using mobile smart cargo boxes. Thisincludes,
for instance, parking regulations that might limit poten-
tial locations for setting up boxes and how long they can
stand at alocation.

Moreover, it isuncertain how different configurations
of the service, e.g., the minimum setup time, affect cus-
tomer acceptance and satisfaction. Y et, the proposed sim-
ulation model can be used to investigate different scenar-
iosand to identify potential challenges and opportunities.

With respect to future trends, it is planned to use elec-
tric vehiclesfor the distribution of the boxes. To thisend,
the effect the battery capacity of the vehicles has on the
service needsto be investigated aswell asthe approaches
for charging the vehicles. It can also be assumed that
many customerswill combinethe pick-up of their parcels
with, for instance, their work trip. This might affect the
optimal placement of the boxes as the location closest to
the home might not be most convenient.
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