
 

A scenario-based stochastic programming approach for the
public charging station location problem
Citation for published version (APA):
Kim, S., Rasouli, S., Timmermans, H. J. P., & Yang, D. (2022). A scenario-based stochastic programming
approach for the public charging station location problem. Transportmetrica B: Transport Dynamics, 10(1), 340-
367. https://doi.org/10.1080/21680566.2021.1997672

DOI:
10.1080/21680566.2021.1997672

Document status and date:
Published: 01/01/2022

Document Version:
Publisher’s PDF, also known as Version of Record (includes final page, issue and volume numbers)

Please check the document version of this publication:

• A submitted manuscript is the version of the article upon submission and before peer-review. There can be
important differences between the submitted version and the official published version of record. People
interested in the research are advised to contact the author for the final version of the publication, or visit the
DOI to the publisher's website.
• The final author version and the galley proof are versions of the publication after peer review.
• The final published version features the final layout of the paper including the volume, issue and page
numbers.
Link to publication

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying the publication in the public portal.

If the publication is distributed under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license above, please
follow below link for the End User Agreement:
www.tue.nl/taverne

Take down policy
If you believe that this document breaches copyright please contact us at:
openaccess@tue.nl
providing details and we will investigate your claim.

Download date: 24. May. 2023

https://doi.org/10.1080/21680566.2021.1997672
https://doi.org/10.1080/21680566.2021.1997672
https://research.tue.nl/en/publications/b7155faa-1df9-47bf-a3d8-cab7063cbc4b


Full Terms & Conditions of access and use can be found at
https://www.tandfonline.com/action/journalInformation?journalCode=ttrb20

Transportmetrica B: Transport Dynamics

ISSN: (Print) (Online) Journal homepage: https://www.tandfonline.com/loi/ttrb20

A scenario-based stochastic programming
approach for the public charging station location
problem

Seheon Kim, Soora Rasouli, Harry J. P. Timmermans & Dujuan Yang

To cite this article: Seheon Kim, Soora Rasouli, Harry J. P. Timmermans & Dujuan Yang (2022) A
scenario-based stochastic programming approach for the public charging station location problem,
Transportmetrica B: Transport Dynamics, 10:1, 340-367, DOI: 10.1080/21680566.2021.1997672

To link to this article:  https://doi.org/10.1080/21680566.2021.1997672

© 2021 The Author(s). Published by Informa
UK Limited, trading as Taylor & Francis
Group

Published online: 22 Nov 2021.

Submit your article to this journal 

Article views: 450

View related articles 

View Crossmark data

https://www.tandfonline.com/action/journalInformation?journalCode=ttrb20
https://www.tandfonline.com/loi/ttrb20
https://www.tandfonline.com/action/showCitFormats?doi=10.1080/21680566.2021.1997672
https://doi.org/10.1080/21680566.2021.1997672
https://www.tandfonline.com/action/authorSubmission?journalCode=ttrb20&show=instructions
https://www.tandfonline.com/action/authorSubmission?journalCode=ttrb20&show=instructions
https://www.tandfonline.com/doi/mlt/10.1080/21680566.2021.1997672
https://www.tandfonline.com/doi/mlt/10.1080/21680566.2021.1997672
http://crossmark.crossref.org/dialog/?doi=10.1080/21680566.2021.1997672&domain=pdf&date_stamp=2021-11-22
http://crossmark.crossref.org/dialog/?doi=10.1080/21680566.2021.1997672&domain=pdf&date_stamp=2021-11-22


TRANSPORTMETRICA B: TRANSPORT DYNAMICS
2022, VOL. 10, NO. 1, 340–367
https://doi.org/10.1080/21680566.2021.1997672

A scenario-based stochastic programming approach for the
public charging station location problem

Seheon Kima, Soora Rasoulia, Harry J. P. Timmermans a,b and Dujuan Yangc

aUrban Planning and Transportation Group, Eindhoven University of Technology, Eindhoven, Netherlands;
bDepartment of Air Transportation Management, Nanjing University of Aeronautics and Astronautics, Nanjing,
People’s Republic of China; cInformation Systems in Built Environment Group, Eindhoven University of Technology,
Eindhoven, Netherlands

ABSTRACT
This paper presents an integrated framework for the optimal planning
of public charging stations for plug-in electric vehicles (PEVs) in urban
areas. The framework consists of two main components: (i) an out-of-
home charging demand model based on an activity-based travel demand
model, and (ii) a public charging station location-allocation model using
a scenario-based stochastic programming (SP) approach. In order to cap-
ture the dynamic charging behaviour of PEV users, a chi-squared automatic
interaction detector (CHAID)-based mixed effects decision tree is induced
from multi-day activity diaries. Moreover, because the stochastic error of
the micro-simulation approach brings about uncertainty, we adopted a
two-stage stochastic mixed-integer programming (TSMIP) model, which
measuresuncertaintybymeansof a finite set of scenariosobtained fromthe
derived decision rules underlying PEV charging. The proposed approach is
demonstrated for the City of Eindhoven, The Netherlands, and benefits of
the stochastic solution are discussed.
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1. Introduction

Research on charging behaviour (Kim et al. 2017; Kuby 2019) suggests substantial heterogeneity in
the charging demand of plug-in electric vehicle (PEV) users. Some people only charge at home, while
others more frequently charge at public charging stations. Some people take every opportunity to
recharge their vehicle, while others witness a more regular pattern of low frequency-high duration
charging episodes. Ignoring the variables and constraints set by PEV users’ activity-travel patterns
and heterogeneity in charging patterns will severely limit the ability of the model to predict charg-
ing demand. For these reasons, we argue that a model of the optimal location of charging stations
should ideally be based on an activity-based model of travel demand linked to a module predict-
ing the charging behaviour of PEV users. The activity-based approach seems particularly suitable to
model PEV users’ charging patterns due to its ability to depict complex decision-making processes.
However, although activity-based models have been significantly improved over the past decades,
and have reached maturity, their cross-sectional nature limits their capability of simulating dynamics
in behaviour. Cross-sectionalmodels rely on a one-day activity-travel diary, which is problematicwhen
modellingactivity-travel patterns that aredefined for timeperiods longer thanaday (e.g. chargingpat-
terns). The growing interest in developing dynamic models of activity-travel behaviour (e.g. Arentze
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and Timmermans 2009; Cirillo and Axhausen 2010; Auld et al. 2011) and the increasing availability of
multi-day, even multi-week activity-diary data, call for considering longitudinal effects.

Moreover, because most activity-based models use an agent-based micro-simulation approach,
they introduce uncertainty stemming from heterogeneity among individuals and their inherent ran-
dom error (Rasouli and Timmermans 2012). In facility location problems, such uncertainty is remedied
by the introduction of a stochastic programming (SP) or a robust optimization (RO) approach (Snyder
2006; Correia and da Gama 2019). SP is relevant to use when the uncertainty can be described by any
probabilistic information, while ROuses a robustnessmeasure, such asminmax cost orminmax regret.

In a scenario-based SP, the random variables in question are represented by a set of scenarios, each
of which specifies a full realization of a (set of) random variable(s) and a corresponding probability of
occurrence. It is assumed that the stochastic process is realized according to a sequence of discrete
decision stages. Owing to the two-stage nature of the facility location problem (i.e. location and allo-
cation), two-stage SP is typically applied in practice. The idea is to make partial decisions on location
in the first stage (here-and-now decision) and later to decide on a second-stage strategy on allocation
(recourse decision) after the realization of uncertain situations. The objective is to minimize the cost
(or maximize the profit) in the first stage in addition to the expected cost (or the expected profit) in
the second stage. However, if there is a lack of information on the sources of uncertainty and their like-
lihood of occurrences, decision-makers may rely on poor approximations. In addition, the number of
discrete realizations of uncertainty may be very large in a real-world problem. In a model formulation,
a good balance between realism and solvability is needed because the quality of the approximation is
directly related to the quality of outcomes. Thus, generating scenarios is an active research area in its
own right (Di Domenica et al. 2007; Kaut and Wallace 2007). Previous studies on the charging station
location problemusing a scenario-based approach usually focused on costs, demand, travel times and
other inputs to classical facility location models that may be highly uncertain. However, to the best of
our knowledge, there have been no reports of inherent random error due to individual heterogeneity
in charging demand.

In this paper, to fill the discussed gap in the literature, we present an integrated framework for
the optimal planning of public charging stations for PEVs in urban areas. The framework consists of
two main components: (i) an out-of-home charging demand model based on an activity-based travel
demandmodel, and (ii) a public charging station location-allocationmodel using a scenario-based SP
approach. For the first component, we use a fully operational activity-based travel demandmodel sys-
tem, named Albatross (Arentze and Timmermans 2004, 2005; Rasouli, Kim, and Yang 2018). Albatross
generates and schedules activity episodes using probabilistic decision rules for 27 sequential decision
steps. The rules are extracted from activity-travel diary data using a chi-squared automatic interaction
detector (CHAID)-based induction method. Recently, the original approach based on cross-sectional
data has been replaced with a CHAID-based mixed effects decision tree that accounts for the longitu-
dinal structure of multi-day data (Kim et al. 2018) to explain dynamic aspects of charging behaviour,
coined dynamic decision tree in this paper. The dynamic decision tree is estimated using multi-day
activity diary data of PEV users, and is added as the last decision step, once all other activities have
been simulated. The estimated charging demand is used as input for the second component.

The use of the dynamic decision tree in a micro-simulation context may, however, cause an imme-
diate problem. The uncertainty stems from the probabilistic decision rules underlying heterogeneous
PEV charging demand present in the form of random (non-systematic) errors in the leaf nodes in the
dynamic decision tree. The optimal solution for a deterministic version of the model may be subopti-
mal in the presence of the uncertainty. In order to address the uncertainty, for the second component,
we propose a two-stage stochastic mixed-integer programming (TSMIP) model. The uncertainty is
modelled by a finite number of scenarios from the leaf nodes, and the occurrence probability of
scenarios is calculated from the simulated daily activity-travel patterns of PEV users.

The remainder of this paper is organized as follows. In Section 2, we present related work on the
PEV charging station location-allocation and demand forecasting methods. In Section 3, the dynamic
decision tree is extracted to estimate out-of-home charging demand. The validation of this model is
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also discussed in this section. In Section 4, the proposed TSMIP is formulated. Section 5 demonstrates
the application of the TSMIP for the city of Eindhoven, the Netherlands. The case study design, model
input, generated scenarios, and the results of the optimal PEV charging stations locations are pre-
sented. Section 6 concludes the paper with a discussion of the main contributions of this study and a
reflection on the limitations of the suggested approach.

2. Related work

2.1. Charging/refuelling station location-allocation

Existing studies about the PEV, or alternative fuel vehicle (AFV), charging/refuelling station location-
allocation problem can be broadly classified on the basis of their representation of charging demand.
First, the node-based (or point-based) approach finds the optimal location of a set of facilities and allo-
cates demand to those facilities given the assumption that demand occurs at a set of nodes and that
a special-purpose trip is made between the demand node and the facility. Examples are the p-median
algorithm, which minimizes the average demand-facility distance to locate p facilities (Ghamami, Nie,
and Zockaie 2016), themaximal coveringmodel, which seeks tomaximize the amount of demand cov-
ered by a specified number of facilities (Frade et al. 2011; Giménez-gaydou et al. 2016; Ko et al. 2017),
and other mixed-integer programming solutions (Chen, Kockelman, and Khan 2013; Brandstätter,
Kahr, and Leitner 2017; Faridimehr, Venkatachalam, and Chinnam 2018). The node-based location-
allocation requires predictions of charging demand at nodes. Frade et al. (2011) and Chen, Kockelman,
and Khan (2013) used regression analysis to estimate charging demand for each census block in the
study area, represented as a node. Ghamami, Nie, and Zockaie (2016), Giménez-gaydou et al. (2016),
Brandstätter, Kahr, and Leitner (2017), and Faridimehr, Venkatachalam, and Chinnam (2018) estimated
charging demand based on PEV adoption rates.

Second, the flow-based approach, though its structural similarity to the node-based maximal cov-
ering location problem, poses that demand occurs along the paths between nodes. This approach
is based on a flow-capturing model which locates a specified number of facilities to capture the
maximum demand (flow) (Hodgson 1990; Berman, Larson, and Fouska 1992). Kuby and Lim (2005)
proposed a flow-refuelling locationmodelwhichmaximizes the total vehicle flows refuelled under the
constraints imposed by the driving range of an AFV. The model can handle the situation where multi-
ple refuelings are needed to travel a given path if the driving range is less than the path length. Thus, it
is a more suitable approach for locating charging facilities along nation-wide highways to account for
inter-regional travel, when the remaining battery status must be considered. Soon the flow-refuelling
model had many variants and relevant extensions to accommodate different needs of the applica-
tions, including a capacitated (Upchurch, Kuby, and Lim 2009), multi-period (Chung and Kwon 2015;
Zhang, Kang, and Kwon 2017), network equilibrium (He, Yin, and Lawphongpanich 2014), stochas-
tic user equilibrium (Riemann, Wang, and Busch 2015) and stochastic (uncertain demand) version
(Wu and Sioshansi 2017; Yıldız, Olcaytu, and Şen 2019). Wang and Wang (2010) proposed an inte-
grated model, combining the node-based and flow-based approach for locating refuelling stations
along provincial highways for inter-city travel and along city roads for intra-city travel, respectively, for
AFVwith a limited driving range. Most flow-based approaches assign OD flow demand to the shortest
path.

2.2. Charging station location problem under uncertain demand

Recognizing the presence of uncertainty in decision-making, stochastic variants of the facility loca-
tion problem have been widely studied in the literature. In this section, we review the literature on
the charging station location problem with a two-stage SP approach. The goal of the two-stage SP
approach for facility location is to find an optimal solution minimizing the expected cost (or maxi-
mizing the expected profit) of the system that is feasible for (almost) all possible realizations of the
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randomness. The source of the randomness has usually included demand, supply cost, price (of com-
modity), travel time, location of customers, and behaviour of customers. In SP, it is assumed that such
randomness is known to the decision-maker with probabilistic information.1

The scenario-based SP for the charging station location problem has recently emerged. It is
assumed that the uncertain demand is characterized by a number of scenarios, where each scenario
represents a specific hypothetical situation with a given chance of occurrence. Based on the node-
based approach, Ghamami, Nie, and Zockaie (2016) assumed that charging demand at nodes depends
on three different levels of the PEV’s market penetration ratio. Faridimehr, Venkatachalam, and Chin-
nam (2018) constructed a large number of scenarios to describe type of vehicles (battery electric
vehicle, plug-in hybrid vehicle or ICEV), PEV users’ charging preferences, dwell durations, battery’s
state-of-charge (SOC) and arrival time, based on the assumption that these attributes follow certain
parametric distributions. For locating charging stations of an electric car-sharing system, Brandstät-
ter, Kahr, and Leitner (2017) formulated seven scenarios representing fluctuation in demand by day
of the week based on taxi trip data, given the assumption that a taxi trip can be substituted by a
car-sharing service. Each scenario is given as a set of estimated trips, which contains information
about origins, destinations, start times and end times. Çalık and Fortz (2019) estimated stochas-
tic car sharing service demand from a probability distribution, also based on taxi trip data. They
tested various number of scenarios ranging from 100 to 500 and developed a Benders decomposi-
tion algorithm to solve the problem, in which each scenario represents a certain number of individual
customer requests and each request is associated with an origin node, a destination node, and a
start time. An (2020) proposed a two-stage SP approach for battery electric bus charging station loca-
tion and bust fleet size under random charging demand. A normal distribution is used to generate
50 scenarios describing the charging demand fluctuation incurred by the weather and traffic con-
ditions. The SP is approximated by a sample approximation method and is solved by a Lagrangian
relaxation approach. Similarly, in An, Jing, and Kim (2020), 50 scenarios are generated from lognor-
mal distribution to represent the random demand in designing battery-swapping facility for electric
buses.

Based on the flow-based approach, Wu and Sioshansi (2017) generated numerous PEV-flow sce-
narios by bootstrapping from non-PEV tour data with the assumed penetration rate of PEVs being
uniformly distributed among the vehicles in the data. The data was provided by a tour-based travel
demandmodel,Mid-Ohio Regional Planning Commission (MORPC). In their case study, an exponential
number of PEV flow scenarios lead to an intractable model. Therefore, a sample-average approxima-
tion method was introduced which reduces the number of scenarios based on random sampling.
Yıldız, Olcaytu, and Şen (2019) modelled annual charging demand, in which each scenario represents
daily PEV flows. All scenarios considered were summed to 1461 (from 2013 to 2016). Scaling factors
were used to define the proportion of PEV flows from taxi trip data.

2.3. Our approach and contribution

From the perspective of identifying error and uncertainty in modelling and computational simula-
tion, two types of uncertainty exist: inherent (or irreducible, aleatory, stochastic) uncertainty and
epistemic (or reducible, subjective, model form) uncertainty (Der Kiureghian and Ditlevsen 2009).
Inherent uncertainty consists of random fluctuations that are intrinsic to the problem being studied
(e.g. taste heterogeneity); this type of uncertainty is irreducible and is usually characterized with a
given probabilistic information. Epistemic uncertainty results from a lack of knowledge of fundamen-
tal phenomena (e.g. choice behaviour); this type of uncertainty can be reduced when the relevant
knowledge becomes available through further study or measurement.

Charging demand uncertainty is made up of both inherent uncertainty, due to pure randomness,
and epistemic uncertainty, due to lack of information or knowledge about charging behaviour. Both
kinds of uncertainties are explicitly addressed in this paper. To copewith epistemic uncertainty, charg-
ing behaviour is modelled based on a rule-based approach, where charging activities are predicted
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using decision rules derived by CHAID-based decision tree induction. The inherent uncertainty is
the focus of this paper. This paper deals with the public charging station location allocation prob-
lem in urban areas under uncertain charging demand caused from heterogeneous decision rules and
their probabilistic properties in a decision tree. The inherent uncertainty is to be considered by the
use of SP.

A two-stage stochastic mixed-integer programming (TSMIP) is proposed in this paper. We argue
that PEV charging at public charging stations (Level-2)2 in an urban area does not strictly rely on the
remaining driving range but relates to the utilities constrained by the activity schedule and environ-
ment as well as the battery constraint. More specifically, our objective is to find the optimal location
and the number of the charging stations such as to minimize total access cost, while satisfying PEV
users’ charging demand as much as possible, among the candidate locations with limited capacity,
within a given budget constraint. The charging demand is estimated on the basis of PEV users’ multi-
day activity-travel patterns. It is assumed that charging demand only occurs at the activity location.
Fromamodellingperspective, this studybelongs to a class of node-based and capacitated facility loca-
tion problems with stochastic demand, which results in a TSMIP formulation which will be introduced
in Section 4.1.

The purpose and method of scenario construction of the current study differ from the previous
studies based on the SP approach for solving the charging station location problem. In the prior
studies, scenarios were applied to describe uncertain charging demand (or PEV flows) in terms of sea-
sonal, daily, and time-of-day fluctuation, generated on the basis of arbitrary assumptions or proxy
data (e.g. taxi trip data, ICEV tour data). Moreover, the types of uncertainty are mixed and cannot
be disentangled. In this study, scenarios are constructed to capture the inherent uncertainty associ-
ated with heterogeneity among individuals in their charging behaviour, based on a powerful activity
travel demand forecasting model. This empowers one to assess the impact of external and internal
stimulates on the changes of charging behaviour and therefore the demand. If facility location is
advised based on observed data (current situation), there is no guarantee that the future (for which
the additional charging stations is planned) entails similar demand pattern. That is the main short-
coming of all previously conducted studies. An explicit model (dynamic decision tree) for predicting
PEV charging demand is developed, and the scenarios for SP are derived from the estimated model
results. Thus, the decision tree describing charging behaviour is linked to the latest version of a large-
scale, state of the art activity-based model of travel demand, which mimics the decision heuristics
that people apply when scheduling their activities and associated travel on a day-by-day basis, rather
than on arbitrary assumptions or proxy data. Then, the simulated values and probabilities of the ran-
dom variables are used as input to a two-stage SP model to determine the optimal number and
locations of charging stations. The details of the scenario generation method will be described in
Section 4.2.

3. Out-of-home charging demand forecasting

Predicting charging demand is an essential part of the PEV charging station location-allocation prob-
lem. Since charging behaviour itself is a complex process constrained by driving range, daily activity
agenda, the layout of charging infrastructure, etc., it may not be appropriate to assume that refuelling
behaviour of ICEV users is equal to the recharging behaviour of PEV users. Not using an activity-
basedmodel of activity-travel and charging behaviour is evenmore crude and at some stage becomes
irrelevant and invalid.

In this study, out-of-home charging demand is estimated in conjunctionwith Albatross, an activity-
based travel demand forecastingmodel (Arentze andTimmermans 2004; Rasouli, Kim, andYang2018).
Albatross is a fully operational computational process model based on the decision tree formalism. It
starts with an empty schedule and sequentially generates and schedules activities and simulates the
associated travel patterns.
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3.1. Dynamic decision tree

Albatross consists of 27 decision trees to predict which activities are conducted when, where, for how
long,withwhom, and the transportmode involved, eventually simulating a household’s activity-travel
schedule on a daily basis. The decision trees consist of a series of nodes (root, internal and leaf nodes)
and branches specifying the condition states and personal profile of individual i that lead to the choice
of j. The CHAID algorithm in Albatross grows a decision tree by finding the optimal split determined
by the chi-squared test, starting at a root node until ending at leaf nodes. A branch (path from the root
to a leaf node) corresponds to a decision rule, where internal nodes in between represent the associ-
ated condition attributes. Each leaf node defines a partition of the data, where the choice probability
distribution is obtained by calculating the relative frequency distribution of choices in the partition.
When deriving decisions from decision trees, a probabilistic action-assignment rule is used instead of
a deterministic assignment rule (or a plurality rule) in order to reproduce non-systematic variance at
leaf nodes in predictions.

Once Albatross produces a daily activity schedule with ordinary activities (e.g. home, work, shop-
ping), a decision tree is added to determinewhether or not a charging activity is added to each activity
episode so that the dynamic charging behaviour of PEV users is taken into consideration (e.g. delaying
charging under a high SOC). The duration of the charging activity is then determined by stay time at
the corresponding activity location recognizing that PEV charging is a process simultaneously occur-
ringwith another activity. It is to be noted that PEV charging can also be a separate process butmostly
for fast charging which takes less than 30min for a full charge. In this study, we only consider the
simultaneously occurring process of charging since our interest is to estimate the demand at public
charging stations equipped with Level 2 charging.

Whereas other decision trees are based on one day observations, given the heterogeneous nature
of charging behaviour in terms of timing, duration, and regularity (i.e. random vs regular) (Kim et al.
2017),multi-day activity diary datawere used to derive a dynamic version of the CHAID-baseddecision
tree representing decision rules for out-of-home charging. The dynamic decision tree allows account-
ing for between-individual variances (random effects) and within-individual variances (autocorrela-
tions) underlying repeated measurements. It is constructed using an iterative estimation procedure
between CHAID-based probabilistic tree induction and Bayesian generalized linearmixturemodelling
(GLMM). For longitudinal (clustered) datawith amultinomial response, pairing each response category
with a baseline category, J – 1 non-redundant logits can be written as follows (Kim et al. 2018).

ηijt = log
πijt

πiJt
= f̂j(xit)+

t−1∑
k=1

yijt−kβjk + bij , j = 1, . . . , J– 1, t = 1, . . . , Ti

bij ∼ N(0, σ 2
ij ) (1)

where ηijt is the linear predictor of alternative j in choice situation t faced by individual i, πijt is

the response probability, f̂j(xit) is a complete set of derived decision rules satisfying given observed
attributes xit , yijt−k denotes the choicemade at k previous state by individual i associated with current
choice j, and βjk is the effect of the past choice k time period ago on the current choice. We postulate
a first-order autoregressive (AR-1) process, which is the most common form of autocorrelation (i.e.
k = 1). bij is the individual-specific random intercept, which is normally distributed within individuals
and choice alternatives with zero mean and variance σ 2

ij .
Then, theprobability of choosing alternative jby an individual i at choice situation t canbeobtained

using the estimated linear predictor η̂ijt , as follows.

Pijt = exp(η̂ijt)

1 +∑J−1
j′=1 exp(η̂ij′t)

, j = 1, . . . , J–1 (2)
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Pijt = 1

1 +∑J−1
j′=1 exp(η̂ij′t)

, j = J (3)

In the current study, the concern is whether or not the individuals charge their PEV(s) during the
corresponding out-of-home activity episodes. Therefore, Equations (1)–(3) are reduced to the binary
case. Recently, Speiser et al. (2019, 2020) proposed a similar approach, but combined classification and
regression trees (CART) and Bayesian GLMM.

3.2. Data used

We used multi-day activity diary data which covered out-of-home charging activities of PEV users
as well as other daily activities such as work, shopping, leisure, etc. Besides the activity diary data,
sociodemographic characteristics of PEV users and urban environment characteristics describing their
residential settings were included. The data was used to train the dynamic decision tree and as input
to the Albatross model system predicting activity-travel patterns of PEV users.

A smartphone-basedprompted-recall surveywas used to collect thesedata. Anoverviewof the sur-
vey is illustrated in Figure 1. The survey process consists of several steps. First, respondents were asked
to download and install the Sesamo app (Mobidot B.V. 2017). Second, the app traced the respondents.
Basic travel attributes, such as travel time, activity duration, origin/destination location, and travel
speed, were detected and recorded using available sensors in the smartphone (GPS,Wi-Fi, Accelerom-
eter, and GSM cell ID information). Third, the collected basic data were then uploaded (automatically
at each trip end) to a database on a back-end server to enhance the quality of the data by means
of data cleaning, map-matching and transportation mode/travel purpose imputation (Thomas et al.
2018). Outliers in the raw data were cleaned and the missing traces at the trip start were imputed.
Fourth, transportation mode and travel purpose imputation may have resulted in bias possibly due
to both the failure of sensors and the imperfect nature of the applied learning algorithms. Therefore,
respondents were asked to check and confirmwhether the generated activity-travel diary was correct
or not. In order to remind respondents to check the generated diary and correct them, a push notifica-
tionwas sent on a daily basis. More precisely, the following statement ‘We kindly ask you tomake your

Figure 1. Overview of the survey process.
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travel diary “Green”!’ appeared on respondents’ mobile phone screen once every 24 h. In addition, to
guarantee that charging activities were all fully reported, the following questionwas posed to respon-
dents when their smartphone app detected their car was parked (detected by the transition of travel
mode from car to walk); ‘Did you plug in your EV when you arrived at TripArrivalTime on TripDestina-
tionPlace?’. Respondents had the following answer categories: (1) ‘Yes, I charged my PEV at a private
charging station’, (2) ‘Yes, I charged my PEV at a semi-public charging station’, (3) ‘Yes, I charged my
PEV at a public charging station’, (4) ‘Yes, I charged my PEV at a fast charging station’, (5) No, I did not
charge my PEV. If a respondent answered that he/she charged their PEV, the following question was
sent; ‘Can youestimatehow full your batterywas at TripArrivalTimeonTripDestinationPlace?’. Possible
answer options were: (1) High (66–100%), (2) Medium (33–66%), (3) Low (0–33%).

The survey was administered among 100 PEV users, who provided their activity-travel data for a
period of 3 months (from 27 January to 28 April 2017) in the Netherlands, which resulted in observa-
tions pertaining to 4438 person-days and 23,998 person-trips after data cleaning (see Kim et al. [2018]
formore details). Table 1 provides the list of variables used for training the dynamic decision tree. Four
broad sets of variables were considered, which constitutes the attributes xit : Individual and house-
hold characteristics, urban environment characteristics, activity-schedule related characteristics, and
charging related characteristics.

Individual and household characteristics consist of a dummy variable for gender and ordinal cate-
gorical variables for age, work hours per week, number of cars in the household. Urban environment
characteristics include several spatial accessibility measures which describe the availability of oppor-
tunities as moderated by the distance from home. The activity diary data were fused with the physical
environment data provided by national databases, which includes sector-specific employment and
population data. Attributes of the spatial settings of the home address were considered to account

Table 1. Variables specifications for out-of-home charging decision tree.

Label Definition Categories

Individual and household characteristics (individual level, time-invariant)
Age Age of N 0: < 0, 35], 1: < 35, 54], 2: < 54, 64], 3: < 64, 75],

4: > 75
Gend Gender of N 0: female, 1: male
Wstat Number of work hours per week of N 0: no work, 1: < 32 h per week, 2: 32 h or more per

week
SEC Socio-economic class by income level 0: below modal, 1: modal, 2: more than modal less

than two times modal, 3: two times modal or
more

Ncar Number of cars in H 0: no cars, 1: 1 car, 2: 2 or more cars

Urban environment characteristics (individual level, time-invariant)
Urb Urban density of H 0: very high, 1: high, 2: moderate, 3: low, 4: very low
Xdag # of employees in daily shopping sector within

3.1 km from home
0: < 0, 115], 1: < 115, 253], 2: < 253, 307],
3:< 307, 507], 4: < 507, 675], 5: > 675

Xndag # of employees in non-daily shopping sector within
4.4 km from home

0: < 0, 395], 1: < 395, 635], 2: < 635, 762],
3:< 762, 938], 4: < 938, 2525], 5: > 2525

Xarb # of total employees within 4.4 km from home 0: < 0, 8785], 1: < 8785, 12,995], 2: < 12,995,
16,120], 3:< 16,120, 20,199], 4: < 20,199,
70,314], 5: > 70,314

Xpop # of households within 3.1 km from home 0: < 0, 5050], 1: < 5050, 8845], 2: < 8845, 13,217],
3:< 13,217, 16,833], 4: < 16,833, 22,884], 5:
> 22,884

Ddag Distance (km) to nearest 160 employees daily-good
sector

0: < 0, 0.71], 1: < 0.71, 1.27], 2: < 1.27, 1.65],
3:< 1.65, 2.02], 4: < 2.02, 3.46], 5: > 3.46

Dndag Distance (km) to nearest 260 employees
non-daily-good sector

0: < 0, 0.92], 1: < 0.92, 1.45], 2: < 1.45, 1.76],
3:< 1.76, 2.58], 4: < 2.58, 3.34], 5: > 3.34

Darb Distance (km) to nearest 4500 employees total 0: < 0, 0.92], 1: < 0.92, 1.28], 2: < 1.28, 2.01],
3:< 2.01, 2.74], 4: < 2.74, 3.60], 5: > 3.60

(continued)
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Table 1. Continued.

Label Definition Categories

Dpop Distance (km) to nearest 5200 households 0: < 0, 0], 1: < 0, 1.05], 2: < 1.05, 1.26], 3:< 1.26,
1.63], 4: < 1.63, 2.78], 5: > 2.78

Activity-schedule related characteristics (observation level, time-varying)
Tdur Travel time to location of At(in minutes) (t > 1) 0: < 0, 5], 1: < 5, 9], 2: < 9, 14], 3: < 14, 23], 4:

< 23, 39], 5: > 39
Mode Transport mode used for At (t > 1) 0: walking or biking, 1: car, 2: car as passenger, 3:

public transport
Act Activity type of At 0: home, 1: work, 2: business, 3: bring/get, 4:

groceries, 5: non-daily shopping, 6: services, 7:
social, 8: leisure, 9: touring, 10: other, 11: only
charging

TTPrev Travel time to activity location of At(in minutes) 0: first episode, 1:< 0, 5], 2: < 5, 9], 3: < 9, 14], 4:
< 14, 23], 5: < 23, 39], 6: > 39

ModePrev Transport mode used for At−1 (t > 1) Same as Mode
ActPrev Activity type of At−1 (t > 1) Same as Act
TTNext Travel time to activity location of At+1 (in minutes) 0: last episode, 1:< 0, 5], 2: < 5, 8], 3: < 8, 13], 4:

< 13, 22], 5: < 22, 37], 6: > 37
ModeNext Transport mode used for At+1 Same as Mode
ActNext Activity type of At+1 Same as Act
BT Start time of At(in minutes) 0: < 0, 517], 1: < 517, 671], 2: < 671, 801], 3:

< 801, 933], 4: < 933, 1072], 5: > 1072
ActDur Duration of At(in minutes) 0: < 0, 17], 1: < 17, 32], 2: < 32, 61], 3: < 61,

121], 4: < 121, 265], 5: > 265
Charging related variables (observation level, time-varying)
EVtype PEV type for At (t > 1) 0: battery electric vehicle (BEV), 1: plug-in hybrid

electric vehicle (PHEV)
SOC State-of-charge (%) before starting At 0: low [0, 33], 1: medium (33, 66], 2: high (66, 100]
L2Dist Walk distance from location of At to nearest Level-2

charging station (in km)
0: < 0, 0.12], 1: < 0.12, 0.28], 2: < 0.28, 0.47], 3:
< 0.47, 0.75], 4: < 0.75, 1.32], 5: > 1.32

L2N Number of Level-2 charging stations within 3.0 km
from location of At

0: < 0, 1], 1: < 1, 12], 2: < 12, 18], 3: < 18, 28], 4:
< 28, 56], 5: > 56

Dependent variable
OutHome-Charging Out-of-home charging 0: no charging, 1: charging

Notes: N: concerned individual, H: concerned household, At : activity subject to decision in sequence t (t = 1, . . . , T).

for the opportunities and constraints set by the environment for the concerned individuals. Activ-
ity schedule related characteristics reflect attributes of the activity under consideration and of before
and after activities. Travel time to activity location, transport mode used, activity duration, and start
time of the activity are considered. Charging related characteristics include PEV type, state-of-charge
level, walking distance from the activity location to the nearest charging station, and the number
of charging stations within a certain distance from the activity location. The threshold distance was
set to 3.1 km given the spatial distribution of existing charging stations, which is consistent with the
proximity scale used for the urban environment characteristics. The dependent variable is whether
out-of-home charging took place or not. Out of 8249 out-of-home charging cases collected, 75% was
used for training, while the remaining 25% was used for model validation.

3.3. Model estimation

The dynamic decision tree for charging activity was trained using the above-mentioned data, which
included 6187 cases. Table 2 provides the derived decision tree, which has 19 internal nodes and 31
leaf nodes. As expected, out-of-home charging activity is mostly governed by SOC, and therefore the
first split wasmade on SOC. Obviously, the lower the SOC, the higher the charging rate (Nodes 3–20 in
Table 2). However, there are several conditions under which the probability of charging varies when
SOC is high (SOC = 2). The last three columns of the table show leaf node information, including the
number of cases at each leaf node and probabilistic action states. The probabilistic action states are
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Table 2. Estimated out-of-home charging decision tree in table format.

Node ID Urb Age Ncar Gend Act TTPrev ActDur EVtype SOC Xarb Dndag Darb Dpop L2Dist L2N Case No Charging Charging

3 – – – – – – 0,1 – 0 – – – – – – 68 0 68
4 – – – – – – 2 – 0 – – – – – – 92 0 92
6 – – – – – – 3 – 0 0 – – – – – 66 0 66
7 – – – – – – 3 – 0 1–5 – – – – – 67 0 67
9 – – – – – – 4,5 – 0 – 0,1 – – – – 109 1 108
10 – – – – – – 4,5 – 0 – 2 – – – – 105 0 105
11 – – – – – – 4,5 – 0 – 3 – – – – 64 0 64
13 – – – – – – 4,5 – 0 – 4 – – 0 – 79 0 79
14 – – – – – – 4,5 – 0 – 4 – – 1–5 – 74 0 74
15 – – – – – – 4,5 – 0 – 5 – – – – 141 0 141
17 – – – – – – – – 1 – – – – – 0,1 177 1 176
19 – – – – – – – 0 1 – – – – – 2–5 182 0 182
20 – – – – – – – 1 1 – – – – – 2–5 164 0 164
25 – 0–3 – 0 1,2,3,6,8,11 – 0,1 – 2 – – – – – – 104 103 1
26 – 0–3 – 1 1,2,3,6,8,11 – 0,1 – 2 – – – – – – 1042 1042 0
27 – 4 – – 1,2,3,6,8,11 – 0,1 – 2 – – – – – – 84 83 1
28 – – – – 10 – 0,1 – 2 – – – – – – 90 86 4
29 – – – – 4,5,7,9 – 0,1 – 2 – – – – – – 665 661 4
32 – – – – – – 2,3 – 2 – – – 0–3 0 – 75 75 0
33 – – – – – – 2,3 – 2 – – – 4,5 0 – 138 121 17
36 – – – – – 0 2,3 – 2 – – – – 1–5 0–3 141 138 3
37 – – – – – 1–6 2,3 – 2 – – – – 1–5 0–3 773 773 0
38 – – – – – – 2,3 – 2 – – – – 1–5 4,5 506 496 10
40 0,1 – – – – – 4 – 2 – – – – – – 254 249 5
41 2 – – – – – 4 – 2 – – – – – – 193 190 3
42 3 – – – – – 4 – 2 – – – – – – 74 66 8
44 4 – 0,1 – – – 4 – 2 – – – – – – 67 62 5
45 4 – 2 – – – 4 – 2 – – – – – – 101 101 0
47 – – – – – – 5 – 2 – – 0–4 – – – 304 285 19
49 – – – – – – 5 – 2 – – 5 – 0–2 – 94 82 12
50 – – – – – – 5 – 2 – – 5 – 3–5 – 94 86 8

6187 4701 1486
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Figure 2. The relationshipbetween thepredictedprobability and the linearpredictor (a) at thefirst iterationand (b) at convergence.

rather deterministic, which implies the method significantly reduces the impurity of the leaf nodes.
A possible explanation is the reduction of between-individual and within-individual variance during
the iterative estimation of random and fixed effects. This is evidenced by the out-of-home charging
probability obtained for each iteration. Comparedwith theprobability at the first iteration (Figure 2(a)),
the probability at convergence ismore robust and stable (Figure 2(b)). Moreover, during the iterations,
the variance of the random intercept σ 2

ij is reduced from 3.421 with the 95% highest posterior density
(HPD) interval [2.079, 4.759] at the first iteration to 0.276 with the 95% HPD interval [0.137, 0.418] at
convergence, suggesting that the variance at the between-individual level is explained.

3.4. Model validation

The estimated decision tree was tested on the 25% holdout sample (N = 2062) by comparing the
observed and predicted charging incidence rates for each case. For predicting observations of out-of-
sample individuals, there is no basis for estimating the random intercept bij and the autocorrelation
parameter βj1. Thus, these parameters were set to their expected value of zero, yielding the value

f̂j(xit). Table 3 presents the confusion matrix for the training and validation set. Each cell in this matrix
represents the relative frequency of the predicted class (absolute numbers are in parentheses). The
marginals of the matrix show the frequency distributions across choice alternatives as observed (col-
umn) and as predicted (row). It is to benoted that, for the training set, the overall predicteddistribution
is equal to the overall observed distribution because the probabilistic assignment rule is used. That
is to say, the predictions are based on the probabilities derived from the frequencies of partitioned
cases at each leaf node. The diagonal entries represent the probability of hits (i.e. true negative rate
and true positive rate, also called specificity and sensitivity), while the off-diagonal entries indicate the
probability of misclassification (i.e. false negative rate and false positive rate). Comparing the training

Table 3. Confusion matrix.

Predicted

Training set (N = 6187) Test set (N = 2062)

No charging Charging Total No charging Charging Total

Observed No charging 0.920 (4325) 0.080 (376) 0.760 (4701) 0.903 (1438) 0.097 (155) 0.773 (1593)
Charging 0.253 (376) 0.747 (1110) 0.240 (1486) 0.294 (138) 0.706 (331) 0.227 (469)
Total 0.760 (4701) 0.240 (1486) 1.000 (6187) 0.764 (1576) 0.236 (486) 1.000 (2062)
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and test set shows only marginal decreases in the hit probabilities, which indicates that the model is
transferable to the test set.

4. Two-stage stochastic mixed-integer programming

In this section, we formulate a TSMIP model for locating public charging stations. The nature of the
stochastic facility location problem can be demonstrated in the following two-stage procedures: (1)
choosing facility location and size before the uncertain demand is realized, and (2) assigning the
demand to facilities after the uncertainty has been revealed. In the proposed model, the objective
of TSMIP in the first-stage is to find the location of charging stations and their sizes such that the
expected generalized cost of the second-stage decisions (recourse decisions) is minimized. In other
words, the first-stage decisions are made based on the expected value of the second-stage variables
that are acquired from a set of scenarios describing the uncertainty (Birge and Louveaux 2011). The
uncertainty is assumed to lie in the probabilistic decision rules in out-of-home charging decisions.
Moreover, facilitieswithdifferent capacities canbeallocated toanypotential location, and thedemand
can be satisfied by facilities at multiple locations.

4.1. Problem statement andmodel formulation

The formal definition of the TSMIP is based on the following settings and assumptions.

• An out-of-home charging demand forecast is available for different scenarios representing hetero-
geneous decision rules for PEV charging. Decision rules are in fact ‘If-then’ conjunctive rules that
can represent as a decision tree. Internal nodes in a decision tree correspond to the antecedents
of a possible rule, which accounts for PEV user’s personal profile, spatial, temporal and contex-
tual aspects of charging demand. Leaf nodes, or action states, are the consequent conditions, and
the choice probability distribution is obtained by calculating the relative frequency distribution
of choices at a leaf node. Each scenario is given as a single day of charging demand, which is a
realization of each decision rule in a tree.

• The occurrence probability of each scenario is known and obtained from the simulated daily
activity-travel pattern of PEV users.

• Charging station is a set of charging slots.
• The candidate locations for charging stations have an individual maximum capacity subject to

available parking space.
• The number of charging slots at any existing charging station is known and fixed.
• Daily capacity of a charging slot is assumed to exist.
• There are no other costs (like maintenance costs) apart from the installation cost.

We define the following sets and indices, parameters and decision variables for the model: A unit
vehicle-minutes is introduced to quantitatively describe charging demand and capacity of charging
stations. It is calculated as the sum of the number of minutes of charging per PEV per demand point
(or charging station).

Indices and sets

u Index of candidate charging stations u ∈ U
s Index of possible numbers of charging slots at candidate charging station u s ∈ S(u)
v Index of charging demand points v ∈ V
k Index of existing charging stations k ∈ K
n Index of leaf nodes of decision tree n ∈ N
ω Index of scenarios ω ∈ �
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Parameters

Ca Unitary access cost of between a demand point and a charging station (e/km·vehicle-
minutes)

Cd Unitary penalty cost for unsatisfied demand (e/vehicle-minutes)
luv Distance from candidate charging station u to demand point v (km)
lkv Distance from existing charging station k to demand point v (km)
dvn(ω) Random out-of-home charging demand at demand point v belong to leaf node n under

scenario ω, measured in vehicle-minutes of occupation (vehicle-minutes)
qus Capacity of candidate charging station u where s number of charging slots can be

installed,s ∈ S(u) (vehicle-minutes)
qk Capacity of existing charging station k (vehicle-minutes)
Cf Unit installation cost of charging slot (e)
B Total budget available (e)

First-stage decision variables

rus Binary variable, which equals 1 if s number of charging slots are installed in candidate charging
location u, 0 otherwise. s ∈ S(u)

Second-stage decision variables

muv(ω) Fraction of satisfied charging demand at location v by charging station u under scenarioω
zkv(ω) Fraction of satisfied charging demand at location v by existing charging station k under

scenario ω
ψv(ω) Unsatisfied demand at demand point v under scenario ω (vehicle-minutes)

The TSMIP is formulated as follows.

First-stagemodel

Min Eω∈�[Q(r,ω)] (4)

s.t.

∑
u∈U

∑
s∈S(u)

Cf rus ∗ s ≤ B (5)

rus ∈ {0, 1}, ∀u ∈ U, s ∈ S(u) (6)

Equations (4)–(6) represent the first-stage model regarding the number and locations of charging
stations. The objective function (4) aims to minimize the expected (second-stage) cost representing∑
ω∈� πωQ(r,ω), where πω is the occurrence probability of scenario ω, and

∑
ω∈� πω = 1. The bud-

get constraint (5) is introduced to consider the number of charging slots by setting total budget B.
Constraint (6) sets the domain of the first-stage decision variables.
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Second-stagemodel

Q(r,ω) = Min
∑
v ∈ V

∑
n∈N

dvn(ω)
∑
u ∈ U

∑
k∈K
(Camuv(ω)luv + Cazkv(ω)lkv)+

∑
v ∈ V

Cdψv(ω) (7)

s.t. ∑
v ∈ V

∑
n∈N

dvn(ω)muv(ω) ≤
∑

s ∈ S(u)

qusrus, ∀u ∈ U (8)

∑
v ∈ V

∑
n∈N

dvn(ω)zkv(ω) ≤ qk , ∀k ∈ K (9)

∑
n∈N

dvn(ω)

(
1 −

∑
u ∈ U

muv(ω)−
∑
k ∈ K

zkj(ω)

)
= ψv(ω), ∀v ∈ V (10)

0 ≤ muv(ω) ≤ 1, ∀u ∈ U, v ∈ V (11)

0 ≤ zkv(ω) ≤ 1, ∀k ∈ K , v ∈ V (12)

ψv ≥ 0, ∀v ∈ V (13)

Equations (7)–(13) belong to the second-stagemodel where recourse decisions aremade to assign
PEV users to charging stations. Objective function (7) minimizes access cost incurred by PEV charg-
ing at both existing and new stations for a realization ω ∈ �. Unsatisfied charging demand, ψv(ω), is
penalized by the unitary penalty cost denoted by Cd to avoid infeasible solutions in the second stage,
for some first-stage feasible solution, caused by the inclusion of capacity constraints (Constraint (8)
and (9)) (Correia and da Gama 2019, 196). Constraint (8) guarantees the amount of served charging
demand at new charging stationmay not exceed its capacity, while Constraint (9) considers the capac-
ity constraint for the charging demand served at existing charging stations. Equation (10) guarantees
that the sum of served and unserved demands equals total demand. Nonnegativity constraints of the
second-stage decision variables are considered in Constraints (11)–(13).

4.2. Scenario generation

SP is a particularly suited approach to support decision-making under uncertainty if the uncertain
parameter can be presented by some form of probability distribution. The usual way to address such
probability distributions is to implement a finite set of scenarios that we denote by � to approxi-
mate the distributions. Each scenario, ω ∈ �, is a realization of the uncertainty and occurs with some
probability, πω , which we assume to know. The scenario set � and the corresponding occurrence
probabilities πω are of critical importance in SP. However, generating scenarios is not a trivial task
and determines the quality of the solution (Dupačová, Consigli, and Wallace 2000).

In previous studies solving the charging station location problem with the SP approach, scenarios
were constructed to describe using multiple sources of information (e.g. historical data (Brandstät-
ter, Kahr, and Leitner [2017]; Wu and Sioshansi [2017]), expert opinion (Seddig, Jochem, and Fichtner
[2019]), or their combination (Faridimehr, Venkatachalam, and Chinnam [2018])). In our TSMIP, we uti-
lize the dynamic decision tree to generate a set of charging demand scenarios so that each leaf node
reflects probabilistic decision rules of heterogeneous charging behaviour. Thus, those scenarios are
generated to take into account heterogeneity in charging decisions at the leaf node level. Scenar-
ios can also be generated at the individual level of heterogeneity (i.e. taste heterogeneity). However,
given that the dynamic decision tree is capturing unobserved heterogeneity among individuals and
panel effects (as revealed in Figure 2), we resorted to generate scenarios at the leaf-node level for an
affordable number of scenarios.

If scenarios are deterministic (i.e. when the charging probability of a scenario ω, Pr(Charging =
yes|ω), equals 0 or 1), they are merged into a single scenario, thus � is a proper subset of the



354 S. KIM ET AL.

Figure 3. Decision tree and scenarios.

Figure 4. Scenario generation process.

power set of N, i.e. ��2N. For example, as shown in Figure 3, scenario 2 consists of leaf node 2
and leaf node 3 if they have both a zero probability of charging (i.e. Pr(Charging = yes|n = 2) = 0
∧ Pr(Charging = yes|n = 3) = 0).

The occurrence probability of each scenario, πω , is known since the chance of each leaf node is
called can be obtained from the simulation (i.e. the proportion of instances belonging to each sce-
nario among the total instances). The occurrence probability of the merged scenario is taken as the
sum of the occurrence probability of each scenario before merging. Random charging demand can
then be given an associated probability of scenario occurrence, πω , using Equation (14), such that∑
ω∈� πω = 1.

πω =
∑

v∈V fvω∑
v∈V

∑
ω∈� fvω

ω ∈ � (14)

where fvω is the potential charging demand (i.e. parking demand in vehicle-minutes) at demand point
v under scenario ω. The overall scenario generation process is schematically shown by Figure 4.

4.3. Value of the stochastic solution (VSS)

One way to evaluate the value of using of SP for decision making under uncertainty is a measure to
indicate the amount of cost (installation costs, access costs and unsatisfied demand costs) which can
be saved implementing the solution proposed by SP method (as opposed to the use of deterministic
method). The value of the stochastic solution (VSS) is defined by the difference between the expected
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result of using the expected value problem (EEV) and the stochastic solution (recourse problem, RP)
(Birge 1982).

The expected value (EV) problem is obtained by replacing all random variables in scenarios with
their expected values. Letting E(ω) = ω̄, where ω̄ for the demand parameter is

∑
ω∈� πωdvn(ω), and∑

ω∈� πω = 1, the EV problem represents deterministic solutions.

EV = min Q(r, ω̄) (15)

Let r̄ represent solutions for EV problem, then the EEV is given as:

EEV = Eω∈�[Q(r̄,ω)] (16)

Then the VSS can be defined as:

VSS = EEV − RP (17)

In the next section, this measure will be calculated for the study area to indicate the cost which
can be potentially saved as a consequence of determining optimum locations of charging stations
using SP.

5. Case study: city of Eindhoven

The proposed TSMIP is demonstrated for the city of Eindhoven, The Netherlands, which covers an
area of 88.9 km2 and 5514 traffic analysis zones (TAZs). In our computational experiments, TAZ refers
to a 6-digit postal code area (PCA), which is the most detailed data available with an average area of
0.016 km2 (Max: 1.581 km2, Min: 59 m2) and 15–20 addresses. All information needed for construct-
ing TSMIP is aggregated by TAZ level. To estimate out-of-home charging demand across the city, PEV
users’ activity scheduleswere simulatedusing activity-based travel demand forecastingmodel system,
Albatross.

5.1. Creating a synthesized population

The first step of activity-based travel demand forecasting is to create a synthetic population. Iterative
proportional fitting (IPF) is used to create a sample consistent with known statistics of a target pop-
ulation at the household level (Arentze, Timmermans, and Hofman 2007). In this study, the area of
the target population is set to Eindhoven Metropolitan Area, as shown in Figure 5, because not only
people living in the city, but also people who live nearby can use the charging infrastructure. IPF is an
algorithm for constructing tables of numbers satisfying constraints onmarginal distributions (referred
to as multiway table). To set the initial frequency cross-table, we used the 2009 Dutch national travel
survey data (Mobiliteitsonderzoek Nederland or MON). The sample is then fitted to the population of
the Eindhoven metropolitan area, which resulted in 334,491 households. It should be noted that, due
to data availability, the IPF is conducted for each subzone level which is the spatial unit of the national
modelling system used by the DutchMinistry of Transport and Environment. However, the spatial res-
olution of subzone (roughly 32.0 km2) is too low for this study. Using the available data source, such
as land use and population data, the synthesized households are allocated at the TAZ level.

The synthesized population is input to a logistic regression model to estimate the number of
households with PEV in the generated population. Both the MON sample (N = 33,298) and our sur-
vey among PEV users (N = 260) constitute the basis of the model estimation for non-PEV users and
PEV users, respectively. It is assumed that only one PEV is allowed for each household, and the type
of PEV (i.e. BEV, PHEV) is randomly distributed among households following the share of PEVs in the
Netherlands.

The results of the logistic regression model are shown in Table 4. Only significant results are dis-
cussed here. The estimation results reveal that age, gender, income level, work status, and the number
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Figure 5. Eindhoven metropolitan area and the city of Eindhoven.

of cars in the household are significant predictors of PEV ownership. Males have a higher tendency to
have a PEV than females. Regarding age, the proportion of PEV users is particularly high in the age
groups 1: 35–54, 2: 55–64, and 3: 65–75 compared to age group 0: 0–35. In addition, people with high
income, more working hours, and multiple cars in the household are more likely to own a PEV. These
results are in linewith a German sample (Plötz et al. 2014). In terms of the accessibilitymeasure, people
who are residing in less accessible places are less likely to own a PEV. Figure 6 shows the synthesized
household with PEV allocated at the TAZ level. The visualization tool is implemented using R shiny
application (Chang et al. 2018).

5.2. Forecasting out-of-home charging demand

Once the synthesized PEV population is created, Albatross generates activity schedules and travel pat-
terns of each member of the synthesized households (maximally two members including household
head and his/her partner, if any) at the 4-digit PCA level. The simulated activity schedules consist of
22,970 person-trips among 3269 households with PEV and 5675 household members, as shown in
Table 5. As with the household allocation, land use data is used to allocate activity to TAZ with the
corresponding land use type within the chosen 4-digit PCA. Figure 7 shows the generated activities
and their locations.

Next, the charging decision tree is applied to the activity schedules to identify whether a charging
activity occurs in parallel with the activity episode under concern. Out of all variables listed in Table 1,
a set of charging related variables (SOC, L2Dist, and L2N) is not a part of Albatross. Therefore, the val-
ues of these variables are obtained through extra tasks. SOCwas randomly assigned (between 0% and
100%) at the first trip, and then it is calculated based on the distance travelled using the specifica-
tions of PEV and Level-2 charging stations as shown in Table 6. In order to stabilize the initial randomly
assigned SOC, the final charging demand is predicted for a normal weekday, followed by 7 days of
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Table 4. PEV population logistic regression results.

Variable Parameter Estimate Std. Error z value Pr(> |z|) Sig.

(Intercept) −15.054 1.905 −7.905 0.000 ∗∗∗
Age1 1.478 0.266 5.561 0.000 ∗∗∗
Age2 1.505 0.280 5.378 0.000 ∗∗∗
Age3 1.954 0.477 4.098 0.000 ∗∗∗
Age4 1.207 1.413 0.854 0.393
SEC1 −3.034 1.378 −2.201 0.028 ∗
SEC2 1.075 0.380 2.832 0.005 ∗∗
SEC3 1.890 0.356 5.301 0.000 ∗∗∗
Ncar1 1.264 1.326 0.953 0.340
Ncar2 3.016 1.320 2.285 0.022 ∗
Gend1 1.846 0.237 7.773 0.000 ∗∗∗
Wstat1 1.412 0.502 2.812 0.005 ∗∗
Wstat2 2.559 0.468 5.473 0.000 ∗∗∗
Ddag1 −0.031 0.302 −0.104 0.917
Ddag2 −0.221 0.329 −0.671 0.502
Ddag3 −0.787 0.339 −2.322 0.020 ∗
Ddag4 −0.513 0.300 −1.709 0.087 .
Ddag5 −0.217 0.356 −0.610 0.542
Darb1 −0.605 0.363 −1.668 0.095 .
Darb2 −0.431 0.249 −1.731 0.083 .
Darb3 −0.833 0.316 −2.634 0.008 ∗∗
Darb4 −0.550 0.310 −1.775 0.076 .
Darb5 −0.875 0.323 −2.706 0.007 ∗∗
Number of observations 33,558
Pseudo-R2 0.363

Note: Number at variable denotes the category level in Table 1. Category 0 is a base category. ‘∗∗∗’,
‘∗∗’, ‘∗’, ‘.’ represent the statistical significance at 0.001, 0.05, 0.01 and 0.1, respectively.

Figure 6. Synthesized PEV population.

burn-in period. Moreover, it is to be noted that at-home charging is also modelled with an extra deci-
sion tree and taken into account for the calculation of SOC. Charging rates vary based on the type
of PEV but different battery performance attributed to varying weather conditions is not taken into
account. Spatial proximity variables of Level-2 charging stations (L2Dist and L2N) are derived from the
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Table 5. Summary statistics of the generated activities.

Mean travel time by transport mode used (minutes)

Activity type
Number of activity

episodes
Mean of activity

duration (minutes) Walking or biking Car
Car as

passenger
Public

transport

Home 12,719 481.87 20.88 18.92 19.25 74.19
Work 4603 357.45 17.37 19.48 15.17 67.93
Business 533 46.65 22.95 16.67 18.65 55.78
Bring/Get 863 9.37 20.17 14.25 17.81 55.69
Groceries 1502 31.68 17.32 15.73 16.66 64.92
Non-daily shopping 280 48.56 19.71 16.20 16.17 76.55
Services 370 32.94 19.86 17.92 20.94 48.48
Social 787 98.90 18.61 17.80 15.86 64.18
Leisure 890 88.30 18.59 15.94 15.54 67.97
Touring 219 176.08 18.50 19.45 19.15 47.82
Other 204 73.03 29.66 21.05 16.50 47.90

Figure 7. Generated activities and activity locations.

Table 6. Specifications of PEV and Level-2 charging station for simulation.

PHEV BEV

Battery capacity (electric driving range) 16 kWh 60 kWh
Consumption rate 190 Wh per km 190 Wh per km
Level-2 charging output (240 V, 40A) 9.6 kW 9.6 kW
Charging rate 0.19 BCAP/hour 0.10 BCAP/hour
Charging time to be fully charged 3 h 6 h

Note: BCAP refers to the battery capacity.

current layout of charging infrastructures in the city of Eindhoven. Total expected out-of-home charg-
ing demand is estimated as 321,583 vehicle-minutes, which equals approximately 98min per PEV per
day.

The predicted out-of-home charging activities are verified in comparison with the observed data
regarding activity generation dimensions (frequency, start time andduration) by activity type. Figure 8
shows that the trendof frequencydistributionbetweenobservedandpredicted results is notmuchdif-
ferent. For both, it is shown that more than half of out-of-home charging occurs at work. The dynamic
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Figure 8. Charging frequency distribution.

decision tree slightly underpredicts out-of-home charging during work and service activities, while
there is a slight overprediction for other activities. As shown in Figure 9, the temporal distribution of
charging start times shows, in general, similar patterns by activity type. However, it is observed there is
a distinct difference for grocery shopping andother activities.We suppose that this discrepancy comes
from the limited observations of specific activity types. Figure 10 depicts box plots of charging dura-
tion per activity type. The median values are displayed as the band inside the box, the mean values
are represented by the triangle points, and the dots are the outliers defined as outside 1.5 times the
interquartile range. In general, there is a similar trend for overall activity types with a few exceptions.

5.3. Charging station location-allocation

5.3.1. Model input parameters
In this section, we introduce the inputs used to provide the parameter values for TSMIP. The TSMIP is
applied to define the optimal location of public charging stations and the number of charging slots
across the area of the city of Eindhoven, as shown in Figure 11. The study area includes 106 existing
charging stations (K = 106) with 193 charging slots, and 391 candidate locations (i.e. public park-
ing lots) (U = 391) with 2303 available charging slots (

∑
u∈U |S(u)| = 2303) (Gemeente Eindhoven

2019). The maximum number of charging slots at any candidate location u ∈ U is limited to 30 (i.e.
max(S(u)) = 30). It should be noted that candidate places are confined to the public parking space of
Eindhoven. Forecasted charging demands are aggregated by TAZ level, which results in 308 demand
points (V = 308). The unit setup cost, Cf , is set to e2500 based on Level-2 charger slot cost (40A,
9.6 kW) (Smith and Castellano 2015). Moreover, it is assumed there are no costs of converting pub-
lic parking lots to charging stations. The number of charging slots will be constrained by budget B.
The total available budget B is set toe250,000, and therefore the total number of charging slots to be
built is limited to 100. Sensitivity analysis on the effect of varying constraints is discussed in Section 5.4.
The capacities of both existing and new charging stations to be built (qk and qus) are calculated based
on a collection of daily capacities of charging slots (720 vehicle-minutes per charging slot).

For unitary access cost, Ca, we consider the average hourly wage in 2016 in the Netherlands, which
is 23.8e/hour, and assume the average walking speed is 5 km/hour. Thus, the unit access cost is set to
0.079e/km·vehicle-minutes. Unitary penalty cost for unsatisfied demand, Cd , is set to a large enough
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Figure 9. Charging start time distribution.

Figure 10. Box plots of charging duration.
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Figure 11. Map of the city of Eindhoven.

value, 3e/vehicle-minute, to prevent an infeasible solution caused by the capacitated TSMIP (Correia
and da Gama 2019, 196). Two distance matrices, luv and lkv , are derived by computing the shortest
path distance using GIS. The data for the stochastic demand parameter, dvn(ω), is obtained from the
combination of scenario ω, demand point v, and leaf node n.

5.3.2. Generated scenario
As the leaf nodes of the decision tree are identified as shown in Table 2, possible scenarios for describ-
ing charging demand can be drawn. Given the decision tree of two choice alternatives (i.e. charging
or not charging), according to the number of leaf nodes, 31 scenarios are considered. As mentioned
in Section 4.2., deterministic scenarios (with 0 or 1 charging probability) can be reduced into a sin-
gle scenario (ω1, ω5), resulting in reduced 18 scenarios. For example, scenario 1 consists of multiple
leaf nodes mostly governed by their first split (SOC = 0), except Node 9, which constructs its own
scenario 2. The occurrence probability of each scenario πω is derived from Equation (15) and is shown
in Table 7.

5.3.3. Location-allocation results
Based on the inputs specified above, the number of charging slots and locations of charging stations
are determined. Given that the number of scenarios is moderate, the proposed TSMIP with recourse is
solved for its deterministic equivalent form using CPLEX MIP solver based on the branch-and-bound
algorithm. The extensive form of deterministic equivalent of the TSMIP can be taken by replacing
the expectations by probability weighted summation over the finite number of scenarios and setting
deterministic constraints for each scenario. As a result, the second stage objective function can be
rewritten as follows:

Min
∑
ω∈�

πω

(∑
v ∈ V

∑
n∈N

dvn(ω)

(∑
u ∈ U

∑
k∈K
(Camuv(ω)luv + Cazkv(ω)lkv)+

∑
v ∈ V

Cdψv(ω)

))
(18)
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Table 7. Scenario and scenario probability.

Scenarioω Leaf node, n ∈ N
Parking
demand

Charging
probability

Expected charging
demand

Scenario
probability, πω

ω1 3,4,6,7,10,11,13,14,15,19,20 295,276 1.000 295,276 0.5509
ω2 9 14,958 0.982 14,689 0.0279
ω3 17 944 0.964 910 0.0018
ω4 25 11,328 0.010 113 0.0211
ω5 26,32,37,45 38,522 0.000 0 0.0719
ω6 27 12,278 0.012 147 0.0229
ω7 28 14,608 0.043 628 0.0273
ω8 29 19,504 0.006 117 0.0364
ω9 33 17,238 0.133 2293 0.0322
ω10 36 334 0.022 7 0.0006
ω11 38 466 0.019 9 0.0009
ω12 40 19,218 0.021 404 0.0359
ω13 41 13,334 0.010 133 0.0249
ω14 42 11,836 0.121 1432 0.0221
ω15 44 9086 0.075 681 0.0170
ω16 47 26,520 0.066 1750 0.0495
ω17 49 13,808 0.105 1450 0.0258
ω18 50 16,742 0.091 1524 0.0312

Table 8. Property of the TSMIP.

CPU time (sec) 28,407
Number of binary variables 2694
Number of continuous variables 2,683,130
Number of constraints 17,224

The TSMIP is implemented using the AIMMS mathematical modelling-language (Bisschop 2006),
and is solved using the Benders decomposition algorithm of CPLEX 12.8. All computational experi-
ments were performed on a system with an Intel 3.40 GHz CPU, and 16 GB RAM. All optimizations
were performed with a 10−5% MIP relative optimality tolerance which means the solver stops when
the best solution is within 10−5% of the global optimum. Other options were set to default values. The
size of TSMIP is shown in Table 8.

As shown in Figure 12, the optimal location of charging stations and the corresponding number
of charging slots are found. In this case study, we consider the budget of e250,000 which is equiv-
alent to the cost of installing 100 charging slots. The results show that all charging slots were built
and distributed among 58 candidate places, minimizing both the access cost and unsatisfied charging
demand. The number of built charging slots varies from 1 to 8 for each chosen location. The perfor-
mance of the SP algorithm is examined using themeasures introduced in Section 4.3. RP, EEV and VSS
values are calculated based on Equations (15)–(17).

Table 9 shows the results. The value of VSS indicates that the use of the stochastic approach is bene-
ficial as the cost of ignoringuncertainty ise8347. These results highlight the importanceof considering
uncertainty in the location-allocation problem using the dynamic decision tree.

5.4. Sensitivity analysis

This section highlights the impact of the budget for the number of charging slots to be built on the
outcomesof the TSMIP. By tuning the value of parameterB in Equation (5) in the first stage, the number
of charging slots was varied from 0 up to 300. Figure 13 shows the cost component of each solution
for the varying budgets. The first column represents the status quo deterministic solution without
installing any charging slots, and in this case the access cost indicates the cost incurred between
demand points and the existing charging stations. As the budget increases, as expected, total access
costs increase because more charging stations are built and used, but it eventually saturates at 200
charging slots. This result may help practitioners and policy makers in better allocating resources to
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Figure 12. Expected charging demand and optimal charging station locations (B = 100∗e2500).

Table 9. The result of stochastic
measures (B = 100∗e2,500).

Measure Value

RP (e) 754,317
EEV (e) 762,664
VSS (e) 8347

optimize system performancewith a limited budget. Table 10 shows the results of the stochasticmea-
sures. A notable result of the experiment is that, in general, VSS decreases as the budget increases,
which implies that the stochastic approach ismore usefulwhen adecision-maker has a limitedbudget.
Similar findings have been reported in other studies (Alfieri, Tolio, and Urgo 2012; Pantuso, Fagerholt,
and Wallace 2016).

6. Conclusions

This paper proposed a TSMIP to solve the PEV charging station location problem in urban areas under
uncertain charging demand caused by probabilistic decision rules of heterogeneous PEV charging.
A CHAID-based dynamic decision tree is used to predict stochastic charging demand represented
by a set of probabilistic action states in each leaf node of the decision tree. Multi-day activity-travel
diary data of PEV users are used to impute the decision tree. A novel scenario-generation method
that utilizing the dynamic decision tree is developed, which results in statistically well-defined and
tractable models with a manageable number of scenarios. Given that the dynamic decision tree is
capturing the unobserved heterogeneity among PEV users and panel effects, the proposed TSMIP
uses scenarios constructed from the leaf nodes of the estimated dynamic decision tree, where the
corresponding branches represent heterogeneous decision rules in charging activity. Furthermore,
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Figure 13. Cost component by varying budget constraints.

Table 10. VSS by budget constraints.

B (∗e2500) RP (e) EEV (e) VSS (e) VSS (% of EEV)

100 754,317 762,664 8347 1.09
200 719,623 721,243 1620 0.23
300 719,623 721,243 1620 0.23

the TSMIP is a capacitated problem since the facilities that would be built have an upper and a lower
bound of capacity. Moreover, it also considers the capacity of existing facilities.

The study contributes in a variety of ways to the state of the art in location-allocation modelling
of PEV charging stations. First, it replaces simple behavioural principles, such as distance minimizing
behaviour, with a full-fledged and state of the art behavioural model of activity-scheduling behaviour.
Second, it replaces often used proxy data with a dedicated data set on charging behaviour. Third,
it is the first study of its kind that uses multi-day activity diary data of PEV users, and it is also the
first that uses newly developed dynamic decision trees. Finally, a novel scenario generationmethod is
suggested for the SP approach to account for model uncertainty.

The proposed approach is demonstrated for the city of Eindhoven, The Netherlands. Optimal loca-
tions of the charging stations and their sizes (i.e. number of charging slots) are determined. Results
show that the value of using TSMIP is significant compared to the deterministic counterpart. Sensitiv-
ity analysis on the effect of different budgets provides insightful information on the use of a limited
resources to PEV charging station location-allocation problem. The result may help practitioners and
policymakers in better allocating resources to optimize systemperformance. It is found that the bene-
fits of using a stochastic approach are greater for a location-allocation problemwith limited resources.
For further analysis, it is recommended to explore the performance of the TSMIP for a larger urban
network.

The study is not without its limitations. First, it focuses only on the planning of public slow (Level-2)
charging stations in a city. However, as the technologymatures, the availability of public fast charging
stations will be increasing not only along major highways but also in urban areas, which will bring
substantial changes to PEV users’ charging behaviour. Second, a critical assumption of the suggested
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approach is that charging is considered once the activity-travel scheduling decision has been made.
We did examine a new decision tree predicting the location choice of an activity which included as a
condition state whether or not charging infrastructure was available at that location, but it turned out
not to be significant. The assumption does imply, however, that the activity-scheduling behaviour,
including charging, is invariant of the configuration of charging locations. Relaxing this assumption
wouldmake the problem exponentially more difficult to solve in the sense that it would requiremuch
more computing time.

Notes

1. In the literature, some authors point out the difference between decision making under ‘risk’ and decision making
under ‘uncertainty’ (Knight 1921; Rosenhead, Elton, and Gupta 1972; Snyder 2006). ‘Risk’ refers to the situationwhere
probabilistic information concerning the randomness is available to the decision-maker, whereas ‘uncertainty’ (or
Knightian uncertainty) refers to the situation where the decision-maker has no quantitative information.

2. Level 2 charging refers to charging through 208/240-volt alternating-current charging equipment which is the most
common type of charging considered for public charging stations. It takes 3 h for 16 kWh PHEV and 6 h for 60 kWh
BEV, respectively.
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