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Electrification of personal transportation is widely regarded
as an effective solution to relieve some increasingly serious
crises facing our society today and in the near future, such as
energy security, climate change, and air quality. Depending
on the type of power sources, electric vehicles (EVs) may
be categorized into hybrid electric vehicles (HEVs), plug-in
hybrid electric vehicles (PHEVs), and battery electric vehicles
(BEVs). While HEVs and PHEVs may better satisfy people’s
travel need nowadays, especially for long-distance trips, it is
generally believed that BEVs will most probably dominate
the EV market, after charging infrastructures are sufficiently
expanded and charging time is reduced to a satisfactorily
short level. Partially for this reason, an increasing number of
EV-related scientific studies have focused on BEVs in recent
years.

The last decade observed a fast climb of the market pene-
tration level of EVs in many economies, especially in China,
the United States, and the European Union. The increasing
global market share leads to a series of new engineering,
economic, environmental, and institutional problems and
concerns we have not dealt with in our past transporta-
tion systems development and management experience, like
electricity-charging infrastructure planning for EVs, EV-
based travel and charging demand analysis, EVs’ energy
consumption and cost analysis, EVs’ market penetration
forecasting, air quality and environment improvements due
to EV adoption, and so on.These new problems and concerns
gained much attention from the research community and
general public. Moreover, with the continuous advances in

EV technologies and increasing willingness of consumers
purchasing and utilizing EVs, the mechanism, means, and
magnitude of these impacts on transportation systems as
well as their evolution have developed to a highly complex
and unprecedented level that we might have underestimated
before, if we still made judgments by fully relying on our
existing knowledge.

In additional to electric cars, electrification of transporta-
tion is also reflected by the increasing penetration of electric
bicycles, which now are widely adopted in many large cities
with high population density, especially in Asian and Euro-
pean countries. Their influences on urban travel behaviors
and transportation planning are not fully investigated yet and
worth being further discovered.

As a forum for exchanging and broadcasting recent
research advances in the above area and fostering further dis-
cussions on data, models, andmethods for analyzing relevant
behavioral and systems issues, this special issue was created
and published by Journal of Advanced Transportation. After
a rigorous multiround review process, the editors finally
selected 8 papers for publication from 20 submissions. The
topics of these accepted papers are so diverse, ranging from
electricity consumption to range anxiety evaluations, from
vehicle market penetration to electricity charge demand fore-
casting, and from planning charging infrastructure locations
to analyzing charging station usage, covering both electric
cars and bicycles.

T. Miwa et al. consider how range anxiety and the risk
of battery depletion affect the behavior of battery electric
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vehicle drivers. Their study is multifaceted, considering the
variation of distance driven over days, how range anxiety
affects decisions related to electric vehicle purchasing, and
how the presence of charging infrastructure at workplaces
or shopping destinations impact these attitudes. They also
conduct a survey, whose results suggest that drivers tend to
compare the range of a vehicle to a desired value, rather than
considering probabilities of depletion.

K. Hu et al. conducted an empirical study on energy
efficiency of electric vehicles. They recorded energy con-
sumption and operation data of 13 Nissan Leaf drivers using
an on-board diagnostics device (OBD) data logger, alongwith
the GPS location and ambient temperature. The impacts of
personal driving styles, traffic conditions, and infrastructure
design on battery electric vehicle energy efficiency are ana-
lyzed.

R. R. Desai et al. conducted a pattern analysis of plug-
in electric vehicle charging data. They identified five distinct
clusters of daily charging profiles observed at the public
charging stations. A significant amount of operational inef-
ficiency is observed, where 54% of the total parking duration
PEVs do not consume electricity, preventing other users from
charging. Reducing the inefficient use of public charging
stations will lead to significant reductions in emissions.

M. Sekour et al. studied EVs’ longitudinal stability control
based on a newly developedmultimachine robust control sys-
tem. The system realizes the acceleration slip regulation and
antilock braking system functions, based on nonlinearmodel
predictive direct torque control (NMD-DTC). It uses the
fuzzy logic control (FLC) technique that determines online
the accurate values of the weighting factors and generates the
optimal switching states that optimize the EV drivers’ deci-
sion.The simulation results built inMatlab/Simulink indicate
that EVs can achieve high-performance vehicle longitudinal
stability control with the proposed newmultimachine robust
control.

S. Li et al. studied the short-term forecast accuracy on
the market penetration of BEVs between two models: A
modified Bass model and Lotka-Volterra model using the
data collected in China.They found that both models exhibit
good accuracy in prediction, but the Bass model is more
accurate, partly because it is simpler so that the variances
would be smaller given some parameters are unknown. Such
findings could help policy makers better understand the
market of BEVs, since the market of BEVs largely depends
on the governments’ subsidy and policy support.

W. Jing et al. formulated and solved a problem for
optimally locating charging stations for electric vehicles in
a traffic network. Their formulation results in a bi-level
nonlinear integer programming model, in which the upper
level sets an objective of maximizing the coverage of electric
vehicle flows while the lower level describes a stochastic
user equilibrium flow pattern subject to distance constraints
imposed by driving range limit. A key setting in their work
is to use the concept of feasible subpaths to characterize the
feasibility of paths subject to range anxiety.

A. Munkácsy and A. Monzón studied an electric, pedal-
assisted bike-sharing system in Madrid, Spain. By studying
both users and nonusers of this system, they identified

relationships between potential and actual users of this
system and propose that price levels, station placement, and
raising awareness of the program could increase participation
levels.These insightswere possible because the study involved
longitudinal data with the same participants over time.

Though electric bicycles are more widely used in some
Asian and European countries (e.g., China and the Nether-
lands), C. Gorenflo et al. from University of Waterloo
described a field trial in Canada and conducted a statistical
analysis on the data collected from this trial. They analyzed
the travel and charging patterns of 30 electric bicycles and
revealed the following behavioral findings: anticipated and
actual usages of electric vehicles are uncorrelated; range anx-
iety does not affect riders’ travel behaviors; electric bicycles
are less known by the general public in Canada.

Chi Xie
Stephen D. Boyles

Jing Dong
Xing Wu
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Plug-in Electric Vehicles (PEVs) are considered one solution to reducing GHG emissions from private transport. Additionally,
PEV adopters often have free access to public charging facilities. Through a pattern analysis, this study identifies five distinct
clusters of daily PEV charging profiles observed at the public charging stations. Empirically observed patterns indicate a significant
amount of operational inefficiency, where 54% of the total parking duration PEVs do not consume electricity, preventing other
users from charging. This study identifies the opportunity cost in terms of GHG emissions savings if gasoline vehicles are replaced
with potential PEV adopters. The time spent in parking without charging by current PEV users can be used by these potential PEV
users to charge their PEVs and replace the use of gasoline.The results suggest that reducing inefficient station use leads to significant
reductions in emissions. Overall, there is significant variability in outcomes depending on the specific cluster membership.

1. Introduction and Background

In the United States, the newly registered number of Bat-
tery Electric Vehicles (BEVs) and Plug-in Electric Vehicles
(PEVs) increased by 159,616 in the year 2016 alone [1].
Though this is not a significant market share, the PEV
penetration rate, BEVs and PEVs considered together, is
considerably high in the private transportation market. This
has led policy-makers to reconsider infrastructure planning
to accommodate increasing PEVs and assess sustainabil-
ity implications of infrastructural development. Recently,
a report prepared for the Clinton Climate Initiative [2]
outlined the incumbent and future issues of increasing
penetration of PEVs. At the forefront there are the adequacy
and level-of-service (LOS) of charging stations; these issues
are further underscored by the increasing need for out-of-
home PEV charging opportunities. A critical component
for management and decision-making regarding out-of-
home charging decisions is the demand for these services,
governed by drivers’ charging behaviors. Understanding
the timing and duration of PEV charging decisions sup-
ports making infrastructure and operational policies that
meet economic, operational efficiency, and environmental
objectives.

The literature on assessing PEV charging has grown
significantly in the past decade, generating studies that inves-
tigate both quantitative and qualitative issues. The literature
can be roughly segmented into three areas: (i) consumer
adoption and use; (ii) infrastructure performance and eval-
uation; and (iii) operational issues of stations.

1.1. Consumer PEV Adoption. The literature on consumer
adoption and use has focused on identifying groups of
PEV drivers with respect to their technology ownership
and interaction with the infrastructure. One study [3, 4]
identifies three groups based on adopters and potential PEV
owners in China: (a) early adopters, (b) shapeable groups,
and (c) late adopters, each consisting of two motivations
that have their own set unique behaviors. For example, early
adopters have behaviors labeled as trendy greens and running
cost sensitive. Another study [5] assesses PEV charging
behavior by applying a “user-battery interaction style” metric
developed originally for small electronic devices to find out
similarities in device use. In another study [6] PEV drivers
were interviewed and found to generally manage without
public infrastructure, with the battery still containing plenty
of range when station recharging was initiated.
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Although PEV range is typically adequate for completing
most daily home-based tours without intermediate charging
[7], continued PEV adoption, as technological forecasts indi-
cate, can benefit from continued installation and planning
of out-of-home charging [8], in addition to further consid-
ering PEV driver’s perceptions and experiences at stations.
Although consumer interviews and analogous insights from
the literature are helpful for describing charging behaviors,
a study defining user groups or “market segments” based
on a pattern analysis of empirical time-dependent charging
data from out-of-home charging stations is absent in the
literature. Such a study could contribute greatly to helping
effective policy implementation fromboth an operational and
sustainability impact perspective.

1.2. Infrastructure Performance and Evaluation. PEV adop-
tion will also impact the electric grid and shift environmental
impact from point-source vehicle to electricity generator
emissions due to increasing electricity demand. The litera-
ture has produced work on network optimization models
that quantify and assess infrastructure and environmental
impacts at the network level. These studies consider develop-
ing public charging infrastructure [9, 10] by optimizing social
welfare relative to impacts on the electrical grid.Other studies
assess the electric grid impacts from widespread charging
through conventional travel surveys, where travel logs of PEV
drivers [11] from the NHTS are used to predict electricity
consumption and load profiles. Other studies further expand
on these by applying network charging scheduling [12] and
time-of-use rates [13] to optimize and assess electrical loads
on the infrastructure. In another study, large-scale vehicle
survey data [14] are used tomodel charging location decisions
by maximizing PEV driving miles to jointly maximum
environmental benefit. An activity-basedmodeling approach
[15] was used in another study to assess PEV environmen-
tal impacts, suggesting that public charging facilities allow
charging during the daytime and can potentially reduce
emissions. Although observed travel data is used in these
studies, the effects of individual charging behaviors at the
stations themselves have not been examined and operational
inefficiencies in station turnaround are not considered.

1.3. Operational Issues at Charging Stations. Operational
issues have also been considered in the literature. Interviews
[16] of PEV owners conducted assessed perceptions of charg-
ing etiquette at public and workplace charging locations,
concluding that no common charging guidelines evolved
unless a pathway of communication between users exists,
which ultimately leads to inefficiency in infrastructure use.
Another study [17] addresses these inefficiencies by con-
sidering occupancy rates, infrastructure costs, and parking
premiums to assess the economic feasibility of deploying
charging stations using an economic model. This study
also finds that policies that promote more infrastructure
development and increased station usage are beneficial to
decrease range-anxiety issues and charging premiums from
the user perspective [17]; however, no empirical data was
used. It is important to note that the PEV charging behavior

at the public charging stations is not studied before, and
therefore the uniqueness of this analysis is; this study brings
into light the insights to charging behavior characteristics
using pattern analysis of daily charging profiles observed at
public charging stations and is supported by dataset.

The overarching goal of this study is to characterize
the observed PEV daily charging patterns and assess the
environmental impacts. Onemain task is to identify potential
market segments based on the observed patterns of actual
PEV adopters at existing charging stations. The focus of this
study is to analyze the charging behavior of PEV users at the
public charging stations. However, the fundamental unit of
this analysis is not a PEV user but a charging profile observed
in a single day (as shown later in Figure 2). A second task is to
calculate the opportunity cost for improving operational effi-
ciency and environmental impacts. The identified segments
are used as a basis to accomplish this scenario analysis. The
efficient operations scenario calculates the GHG emissions
savings from reducing the duration of parking without
charging, allowing other potential PEV drivers and adopters
to charge. This displaces gasoline miles that potential PEV
drivers would otherwise have incurred from inability to use
their PEVs. The dataset lacks information about the PEV
users who could not get the access to charging stations if
they were occupied (denoting latent demand); the smart
charging stations do not have a mechanism to keep track
of this parameter. Furthermore, determining latent demand
for public infrastructure, such as roads, is in its own right
a difficult problem [18]. Similarly, the demand for public
charging stations is difficult to determine. In case of the
City of Rochester, authorities have confirmed in the personal
discussion that there have been instances when PEV users
could not get access to public charging stations because all
the charging stations at the particular locationwere occupied.
Furthermore, the authors have noted that for extended
periods the data shows stations occupied continuously, where
a PEV occupies the station just as one PEV departs. Further
investigations into this queueing phenomena are underway
by the authors.

The City of Rochester, for a population of 208,880
[18]—as of July 1, 2016—has 28 level 2 [19] (with J1772
connector) public charging stations installed and operating
through ChargePoint network [20, 21]. Each level 2 charging
station can accommodate two PEVs at a time. Therefore,
if all the charging stations in the City of Rochester are
occupied at a time, there should be 56 PEVs plugged-
in to charging stations. In the upstate New York region,
Buffalo, NY (population 256,902 [18]), has 29 [19] level 2
and Syracuse, NY (population 143,378 [18]), has 27 public
charging stations through ChargePoint network. The data
used for this analysis is collected from charging event logs
collected at these 28 [19] level 2 smart public charging stations
installed in the City of Rochester. The charging stations were
installed as part of a New York State Energy Research and
Development Authority (NYSERDA) grant to the City of
Rochester and are managed by ChargePoint Inc. [21]. For this
work, these charging stations are heuristically grouped—as
explained in the next section—into three main locations
(Figure 1).
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0.25 Mile Area around Stations
Tax Parcels

Charging StationsRochester Downtown

0 0.25 0.5
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Marketview Heights

Ontario Beach Park

Figure 1: Location of charging stations in the City of Rochester (with 1/4mile radius).

2. Dataset

The City of Rochester currently owns and maintains seven
public smart charging stations that log the charging activities
of vehicles using the stations. Types of data collected through
these stations include (i) timestamps of charging events, such
as the time PEVs plug-in at the stations; (ii) computed per-
formance metrics, such as energy consumed (kWh); and (iii)

other station information. The data used in the analysis were
collected over a period ofmore than two years betweenMarch
2014 and May 2016. Charging station location coordinates
were extracted and charging stations were grouped heuris-
tically into three distinct areas: (i) Rochester Downtown
(RDT), (ii) Marketview Heights (MVH), and (iii) Ontario
Beach Park (OBP). The RDT extent which is defined by
the area outlined by the Rochester Downtown Development
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(d) User ID: 219161 (3/10/2016)

Figure 2: Observed charging patterns of PEV drivers in the sample (“0”—no activity, “1”—charging, and “2”—parking without charging).

Table 1: Land use around public charging stations [25, 26] (for 1/4mile radius).

Rochester Downtown
(RDT)

Marketview Heights
(MVH)

Ontario Beach Park
(OBP)

Population density (per sq. mile) 6200 7700 3500
Unemployment rate 11% 26% 7%
Residential land use 4% 38% 34%
Commercial land use 58% 31% 7%

Corporation [22] and can be considered as a business district
with 58% (Table 1) of the land use around the charging
stations is occupied for commercial use.TheMVH is defined
by the area defined in the Rochester Public Market Master
Plan Report prepared by Market Ventures Inc. for the City
of Rochester in February 2012 [23]. The MVH area has 31%
occupancy for commercial use and 38% for residential use.
Further, the OBP encompasses the areas as defined by Mon-
roe County Parks Department [24], and 34% of properties
around the area are occupied for residential use. Given these
guidelines, five stations are located within the RDT area, and
one station is located at each of the MVH and OBP extents.
Figure 1 shows the locations of charging stations and Table 1
shows the land use of the neighborhood around these public
charging stations. The figure marks the locations of charging

stations and not actual number of charging stations. For
example, a map of parking lots marks locations parking lots
and not the capacity of total number of vehicles the lots can
accommodate. Similarly, Figure 1 depicts the seven locations
of charging stations. Therefore, each location may contain
more than one charging station and can accommodate at least
two vehicles at a time. Further, Table 2 summarizes data from
the charging stations at these locations.

2.1. Data Processing. The unit for this pattern analysis was
one daily PEV charging pattern for a single vehicle observed at
public charging stations. Consequently, drivers who used the
stations on multiple days had multiple daily patterns in the
sample considered for analysis. PEVs reside in one of three
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states: (i) not parked (no activity); (ii) parked with charging;
and (iii) parked without charging, each assigned a numerical
value of 0, 1, or 2, respectively. Since only a nominal scale
for activities is required for pattern analysis and classification,
the actual values of each state are inconsequential. Examples
of observed charging patterns are shown in Figure 2. The
resulting daily pattern was further discretized into 256 data
points taken at 5.625-minute intervals. The final resolution
(number of points) is bounded by the requirements of
the Walsh-Hadamard Transform [27] used in the pattern
analysis, which requires the number of data points (𝑛) to be
of the order of 2𝑛.

Errors in the logged data led to incomplete observations
which were omitted from analysis. Charging events that
contained total parking durations of two minutes or less
were also omitted as these events are from the user (a)
opening a charging session without inserting the plug into
their car and then the system automatically closes the session
to allow other users to use the station, or (b) the original
user opens a session and decides to switch charging to an
alternate port at the station (these causes were confirmed
by the ChargePoint help desk staff). Events with missing or
zero station user IDs were also omitted. The original dataset
contained a total of 9,680 unique charging events between
March 2014 and May 2016. After omitting these events based
on previously stated criteria, 8,929 unique charging events
were used for subsequent analysis. Using these 8,929 unique
charging events, 7,554 unique daily charging patterns were
generated by “stitching them together” for a particular vehicle
and day for the pattern analysis.

3. Methodological Approach

In order to characterize the daily PEV charging patterns of
drivers, a pattern analysis is applied to identify homogenous
segments or clusters of patterns. Charging patterns are quite
complex, varying over time and geography. Example patterns
observed in the sample are given in Figure 2. Each of these
patterns represents a daily profile that starts at 12:00AM and
ends at 11:59 PM (24-hour period) for a particular PEV driver.
For example, the first pattern (a) (User ID: 137113) shows
that the driver started his/her activity around 7:30AM and
used the facility for charging until 10 AM and continued to
park without charging until 3:30 PM. This PEV driver, thus,
used the facility for 8 hours but charged the PEV for only 2.5
hours. Daily patterns can also consist of multiple charging
events. Pattern (d) shows a PEV driver using the station twice
(two plug-in events) in a single day. In the case of multiple
plug-in events within a single day (24 hours) for the same
PEV driver, events were stitched together into a single daily
charging pattern. In pattern (d), the driver used the station
for charging for a total of 5.5 hours out of 7.25 hours of
parking.

Given the complexity and time-varying nature of PEV
charging patterns, a pattern analysis helps identify clusters
of similar patterns to facilitate discussion and subsequent
analysis. Apart from uncovering similarities across patterns,
this approach can also simplify and summarize a large sample

of pattern data. Past studies use pattern analysis to classify
travel patterns [28] and characterize vehicle travel patterns
and to examine the feasibility of PEV operation [29]. This
study adopts a similar approach towards classifying daily
charging patterns of PEV drivers into homogenous segments
with respect to their daily patterns.

Pattern analysis has been applied to a wide range of fields
from voice recognition to image analysis, all of which aim
to classify patterns into sensible segments. The clusters do
not group the PEV users but the daily charging profiles of
the PEV users observed at the public charging stations. The
same PEV user can have multiple patterns of usage and
can be observed to use the charging stations at different
locations. Importantly, pattern analysis can provide different
and a few in number clusters of homogeneous daily charging
profiles, and the identified clusters can be used for policy
making where a particular charging behavior can be targeted.
Furthermore, the observed operational inefficiency depends
on the patterns of charging behavior, and along with the total
parking without charging time, it is important to understand
how this inefficiency is distributed. The pattern analysis
provides the specific number of clusters of daily profiles
which can further understand the causes of the operational
inefficiency.

The overall methodological framework is shown in Fig-
ure 3. Conventionally, a sequential three-stage process of
pattern analysis consists of (i) pattern specification, (ii)
feature extraction, and (iii) clustering. First, plug-in event
data is taken from the sample and stitched together to form
daily patterns. The process for this was described previously
in Section 2. Given the resulting sample of daily charging
patterns, features are extracted from these daily patterns for
the subsequent clustering stage. The output of clustering and
consequently the entire pattern analysis process is a set of
homogenous segments of patterns, with patterns within the
same segment being similar to each other, while patterns
in different segments are dissimilar to patterns in other
segments. These identified segments serve as the basis for
subsequent scenario analysis to investigate the potential of
policy interventions and technology options.Thenext section
describes the pattern analysis process and discusses the
clusters that are an outcome of this process.

3.1. PatternAnalysis Process. Conventionally, pattern analysis
consists of a sequential three-stage process: (i) pattern specifi-
cation, (ii) feature extraction, and (iii) clustering.These stages
and the overall methodological framework are described
further in the next section.

3.1.1. Pattern Specification. First, plug-in event data are taken
from the sample and stitched together to form daily patterns.
In this stage, all the plug-in events are converted into a
“signal” consisting of three possible states that refer to three
activities, “0” for no activity, “1” for charging activity, and
“2” for parking without charging activity, as explained in the
previous section. Daily time-varying EV charging patterns
are generated or “stitched” together in chronological order
based on the timestamp of charging events logged by the
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Figure 3: Methodological framework.

smart charging stations. Examples of patterns specified and
outputted in this stage were shown in Figure 2.

3.1.2. Feature Extraction. In this stage, features are extracted
from the specified patterns for subsequent clustering.
Observed events such as charging (state = 1) and parking
without charging (state = 2) are time-dependent. The main
goal of feature extraction is to extract statistically indepen-
dent “features” from the observed patterns that are best
suited for subsequent cluster analysis in the classification
stage. These features serve to summarize the patterns and
capture the most important pattern characteristics. The fea-
ture extractor used is the Walsh-Hadamard Transformation
(WHT), though others such as the Karhunen-Loeve or Haar
could also have been used [27]. The WHT extracts features
referred to as Walsh coefficients [29] that are used in the
cluster analysis. These extracted features can conceptually
be considered as “building blocks” of the observed patterns.
An analogous process would be a principle components
analysis on a digital image. In pattern analysis, a feature
extraction allows identifying separate orthogonal features
from the image, or in this case time-dependent pattern.
These features, in this case Walsh coefficients, are used
in subsequent clustering of patterns as “attributes” of this
observed pattern.

3.1.3. Pattern Classification. The extracted features from the
previous stage are used in a clustering algorithm to identify
homogenous segments of patterns. The output of clustering
and consequently the entire pattern analysis process is a
set of pattern segments, with patterns within the same
segment being similar or homogenous to each other, while
patterns in different clusters are dissimilar to each other.
Conceptually, each cluster contains patterns (which are time-
dependent) that have similar “features.” In the literature,
several clustering algorithms exist; this study uses the 𝑘-
means clustering algorithm.
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Figure 4: Cost function value versus number of clusters assumed a
priori.

The 𝑘-means algorithm is a cost-based algorithm [30], in
which the cost function 𝐽(𝜃) is given by

𝐽 (𝜃) = 𝑁∑
𝑖=1

𝑘∑
𝑗=1

𝑢𝑖𝑗 𝑥𝑖 − 𝜃𝑗2 , (1)

where 𝜃𝑗 is the centroid of cluster 𝑗, 𝑢𝑖𝑗 is a binary indicator
that equals 1 if point 𝑥𝑖 is nearest to 𝜃𝑗,𝑁 is the total number
of points, and 𝑘 is the number of clusters. For the 𝑘-means
algorithm, the number of clusters is specified a priori. As the
number of clusters increases the marginal reduction in the
cost function decreases until a negligible value, indicating the
correct number of clusters, is specified. A plot of the cost
function (𝐽(𝜃)) as a function of number of clusters (𝑘) is
given in Figure 4. It shows the variation of cost function with
respect to increasing number of clusters. The final number
of clusters for a particular sample of patterns is determined
based on identifying the point of marginal return on the cost
function.
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4. Identified Clusters of Daily
Charging Profiles

The pattern analysis approach described in the previous
section identified 5 distinct clusters of daily charging profiles
from the sample. This section examines the clusters and
their members with respect to (i) charging, (ii) parking
without charging, and (iii) parking durations. Additionally,
inverseWalsh-Hadamard Transform on the feature centroids
of each cluster is used to reconstruct a composite image for
each cluster and to facilitate interpretation. These images are
shown in Figure 5.

4.1. Characterization of Identified Clusters. Each identified
cluster is characterized with respect to charging and parking
activities. Figure 5 shows the reconstructed profiles from
the inverse Walsh-Hadamard for each cluster. Note that the
profile represents a composite of all activities at a specific
time. For example, only if all events at a specific time were
charging (state = 1) would the profile distinctly indicates
“charging.” For this reason, the distribution of patternswithin
each cluster residing in the three different states considered is
also plotted over the one-day period.

4.1.1. Cluster 1 (CL-1, 772 Patterns; 10% of the Samples
of Patterns). The reconstructed composite profile of CL-1
indicates that most charging activities start at 6:30AM and
peak (60% of patterns) at 8:45AM. The daily profiles in this
cluster are observed to have a peak (90% patterns) of parking
without charging activity at about 1:45 PM. The patterns
from CL-1 are mostly (85%) observed at RDT on weekdays
(95%).

4.1.2. Cluster 2 (CL-2, 3,438 Patterns; 46% of the Samples of
Patterns). The composite profile of CL-2 has a distribution
characterized by a low peak (20% of events) at 2:15 PM. Note
again that the profile represents a composite of all activities
at a specific time, making it difficult to tease out specific
activities. The peak of parking without charging activity is
observed at 3:30 PM with only 12% of patterns. Unlike CL-
1, the patterns fromCL-2 are observed at all the locations and
have the highest (30%) contribution of patterns observed on
weekends. The patterns observed at MVH have the highest
contribution of 14% in CL-2 compared to the rest of the
clusters. As CL-2 is largely comprised of shorter plug-in
events, and, byMVHbeing the location near a public market,
it can be inferred that the PEV drivers who access the public
charging stations at the MVH and have charging profiles
belonging to the CL-2 tend to use the charging stations for
shorter durations.

4.1.3. Cluster 3 (CL-3, 1,355 Daily Patterns; 18% of the
Samples of Patterns). These patterns show a peak (68%)
of charging activity at 8:45AM and a very high level of
parking without charging activity with a peak (98.45% of
patterns) at 4:15 PM. The patterns in this cluster indicate
more parking without charging than parking with charg-
ing. CL-3 is constituted of 98% patterns observed at RDT

and 97% patterns observed on weekdays. Similar to CL-
1, the charging activity of such patterns coincides with a
typical working day schedule around the business district of
Rochester.

4.1.4. Cluster 4 (CL-4, 1,500 Patterns; 20% of the Samples
of Patterns). The parking with charging activity for these
patterns peaks (70% of patterns) at 9:00AM. The park-
ing without charging activities peaks (60% of patterns) at
11:30 AM. CL-4 does not have higher peak of parking without
charging activity than parkingwith charging activity. Further,
the patterns observed at RDT are 84% and 92% are observed
on weekdays.

4.1.5. Cluster 5 (CL-5, 489 Patterns; 6% of the Samples of
Patterns). The parking with charging of these patterns peaks
(55% of patterns) at 9:00AM. The parking without charging
peaks (90% of patterns) at 5:30 PM.The patterns observed at
OBP have the highest contribution of 27% in CL-5 compared
to the rest of the clusters. As OBP can be considered as a
leisure place, a typical PEV driver may stay at OBP for the
entire day, which can be inferred with the charging activity
ranging from 7:30AM to 6:20 PM.

Importantly, the charging profiles observed in CL-3, CL-
1, and CL-5 show charging behavior characteristics which are
likely to be observed on a working day at a public charging
station located in business district, in this case RDT.

4.2. Comparison of Identified Clusters. Figure 6 shows dis-
tribution of three dimensions, across patterns within each
identified cluster: (a) parking duration (PD), (b) parking
duration with charging (PDWC), (c) parking duration with-
out charging (PDWOC), and (d) total sumof parkingwithout
charging durations of all patterns across different clusters.
For PD, CL-5 while being the smallest cluster with only 489
daily patterns, had the highest median PD (more than 10
hours). However, CL-2, the largest cluster with 3,438 daily
patterns, has the lowest median PD (2 hours). Irrespective
of the cluster sizes, the median for PD varies from 2
hours to 10 hours. In contrast, the PDWC does not vary
significantly across clusters. The median for PDWC varies
from 1.5 hours to 2.5 hours across clusters. Figure 6(c) also
shows the distribution of PDWOC for all clusters. CL-5
has the highest median around 7.5 hours and CL-2 has the
lowest (almost negligible) median. This characteristic of a
charging behavior indicates efficient (or inefficient) operation
of charging stations. Furthermore, Figure 6(d) shows that
CL-3 has the highest total sum duration of hours spent
parking without charging, followed by CL-1 and CL-5. These
total hours spent parking without charging activity indicate
the inefficiency of user turnaround at stations, likely due
to the currently cost-free situation. Figure 6 also shows
that, except for CL-2 and CL-4, the remaining clusters
exhibit a higher median for PDWOC, relative to PDWC.
However, due to their membership sizes, CL-2 and CL-4
still show a significant total sum duration of parking without
charging.
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Figure 5: Continued.
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Figure 5: Continued.
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Figure 5: Cluster profiles and distribution of patterns in activities “0”—no activity, “1”—parking with charging, and “2”—parking without
charging along with distribution of patterns with respect to location and type of day the pattern was observed (e.g., weekday of weekend) (a)
Cluster 1, (b) Cluster 2, (c) Cluster 3, (d) Cluster 4, and (e) Cluster 5.

5. GHG Emissions Analysis

The pattern analysis in the previous section uncovered
five distinct clusters of daily charging profiles, each with a
large frequency and total sum duration of parking without
charging across daily profiles of PEVdrivers.User operational
inefficiency at charging stations is an issue that needs to
be addressed to efficiently allocate institutional resources.
Additionally, this inefficiency may demotivate potential PEV
adopters who see out-of-home charging locations constantly
occupied.

This scenario examines the impact of reducing inefficient
station use through reducing the parking without charging
duration. By allowing more efficient use and turnaround of
charging stations, more PEV drivers can use the stations, thus
potentially displacing gasoline miles incurred otherwise with
electricity. These drivers could be potential PEV adopters or
current PEV drivers who see the occupied station and turn
away discouraged. The main assumption is that 100% time
spent in parking without charging can be replaced with PEV
drivers who need to charge.TheGHG emissions savings from
this displacement of inefficient station sue are determined as
follows:

GHG Emissions Savings = Emissions displaced by replacing gasoline

= {{Avg.PWOC × 𝑃avg. × 𝜂𝑒}𝜂gas × (Emissions per gallon of gasoline
(MT CO2 eq./gallon) )}

− {𝐸 × (Emissions per 1 kWh of electricity generation in NYUP
(MT CO2 eq./kWh) )} ,

(2)
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without charging (hours), and (d) total (i.e., sum of all the daily patterns in the respective cluster). Hours of parking without charging across
clusters.

where Avg.PWOC is the average time spent in parking without
charging in hours per daily profile in respective cluster,𝑃avg. is the assumed average charging rate of 3 kW, which
is averaged rate across all the individual plug-in events
in the observed sample in (kW), and 𝜂𝑒 is the electrical
efficiency of PEVs in (miles/kWh) and is assumed based on
the literature: 3miles/kWh [31]—for increase and decrease
in electrical efficiency, the GHG emissions savings vary in
proportion and 𝐸 is electricity consumed per average profile
of respective cluster in (kWh). Given that consumption of
1 gallon of gasoline emits 8.887 × 10−3 metric tons (MT) of
CO2 eq. [32]—for gasoline, CO2 and CO2 equivalent being
the same because gasoline combustion results in only CO2
and H2O—the total GHG emissions displaced by allowing
more station charging can be calculated. The analysis was
carried out for each individual cluster identified.

To determine the GHG emissions from the electricity
consumed, hourly electricity consumption is assumed to
correspond to the number of PEVdrivers using the facility for

charging at that particular hour. Additionally, for upstateNew
York, the electricity production mix changes at each hour
depending upon the demand for electricity [33], resulting
in varying environmental impact each hour per kW-hr of
charge. Figure 7 depicts the global warming potential (GWP)
in terms of kg of CO2 equivalent for one unit (1 kWh) of
electricity production for a varying grid mix of upstate New
York [32] for a typical day.

Figure 7 shows that every 1 kWh of electricity produced
from 12:00AM until 8:00AM is cleaner compared to the rest
of the day and the GWP stays below 0.5 kg of CO2 equivalent.
However, after 8:00AM, the GWP of electricity production
starts increasing and around 6:00 PM it has the highest GWP
of 0.56 kg of CO2 eq. because at this hour the electricity grid
mix has most of the supply from fossil fuel power plants to
meet the additional peak demand. Therefore, every 1 kWh of
electricity consumed by the PEV drivers during a day has
GWP directly proportional to the GWP shown in Figure 7
at that hour. Figure 7 further shows the GHG emissions for
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Figure 7: Global warming potential (GWP) in terms of kg of CO2 eq. for electricity consumed by an average daily profile of respective cluster
at each hour and emissions from grid for generation of 1 kWh at each hour.

an average profile belonging to each cluster. CL-4 at 9:00AM
shows the highest GHG emissions, followed by CL-3 and CL-
5, respectively. Note this peak occurs at a specific time.

Looking at average daily profiles for each cluster and their
GHG emissions savings indicate opportunities for significant
emissions savings. Overall, if efficiency in PEV user opera-
tions is improved, that is, the PDWOC is reduced, significant
GHG emissions savings can be realized. For an average daily
profile, CL-5 has the maximum total GHG emissions savings
potential across the day, largely because profiles in this cluster
have the highest average parking without charging time over
the day. CL-3 and CL-1 have the second and the third largest
GHGemissions savings potential for similar reasons based on
the entire daily GHG savings. Finally, CL-2 has the least GHG
emission savings, due to low PDWOC, over the day, relative
to the other clusters (Figure 6(c)). Overall, the results suggest
that displacing inefficient parking at charging stations with
PEV charging from additional PEVs can lead to significant
GHG emission savings, even in the case of CL-2 which has a
lower median of PDWOC relative to the other clusters.

As stated earlier, in Section 4.2, the CL-3 has the highest
PDWOC (Figure 6(d)), with respect to the sumof all the daily
charging profile in the cluster; proportionately this cluster
has 7880 hours of total parking without charging duration,
which is the highest among all five clusters. However, a
daily charging profile belonging to CL-5 exhibits the longest
PWOC activity (starting at 9:00AM until 12:00AM, shown
in Figure 5(e)). This can also be referred to in Figure 5(c);
CL-5 has the highest median of PDWOC per daily profile,
followed by CL-1 and CL-3, respectively. If all the clusters
were of the same membership size, the CL-5 would have had
the largest total parking duration without charging and hence

the maximum GHG emissions savings potential. If the hour-
specific electricity consumption is considered as a criterion,
a CL-4 profile has the highest GHG emissions at 9:00AM
(Figure 7), followed by CL-3 and CL-5, respectively, which
corresponds to the charging activity of an average profile
belonging to a particular cluster at 9:00AM.

As this dataset sample may not represent the actual
population of charging events, we cannot draw inferences
at the population level. However, based on this sample, for
realizing GHG emissions savings, we can target the daily
profile represented in CL-5, as they exhibit the highest
PDWOC on a typical day, or we can target the daily profile
represented in CL-3, as the CL-3 has the highest total parking
without charging duration (in total hours). If the calculations
of GHG savings are performed considering efficiency of
gasoline vehicles, with respect to the projections of expected
improvements in miles per gallon (mpg) as per CAFE
standards [34], the amount of GHG emissions displaced
varies in proportion to the gasoline vehicle efficiencies. For
higher gasoline engine efficiency, the emission savings are less
and vice versa.

6. Conclusion

Our results indicate that the daily charging profiles of PEV
drivers observed at the public charging stations can be
clustered into five different groups based on their charging
behavior. The five identified patterns display distinct PEV
charging behaviors with respect to parking with charging
activity and parking without charging activity. These five
clusters indicate that though the PEV drivers have variability
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in their charging profiles, the median for charging durations
are similar (1.5 hours to 2.5 hours). However, they have
significant durations of parking without charging, which
can be conceptualized as “inefficient operation of charging
stations.”This inefficiency is about 54%of the total usage time
of the charging stations.TheGHGemissions analysis suggests
this inefficiency, if reduced, can have a positive environmental
impact (in terms of GHG emissions savings) resulting from
an assumed displacement of gasoline vehicles.

Several extensions to this work are envisioned. First, the
analysis precluded consideration of behavioral changes. To
address this, a queueing simulation model of station oper-
ations could be implemented based on this data, providing
insights into shifts in station turnaround under different poli-
cies. The queueing simulation can further be used to analyze
a policy of maximum allowed time to use public charging
stations to reduce this inefficiency. Second, empirical data
on charging prior to reaching the stations could be collected
providing a clearer picture of charging needs at the station
and subsequently could be used to reduce the duration of
parking without charging.
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In order to improve the driving performance and the stability of electric vehicles (EVs), a new multimachine robust control, which
realizes the acceleration slip regulation (ASR) and antilock braking system (ABS) functions, based on nonlinear model predictive
(NMP) direct torque control (DTC), is proposed for four permanent magnet synchronous in-wheel motors. The in-wheel motor
provides more possibilities of wheel control. One of its advantages is that it has low response time and almost instantaneous torque
generation. Moreover, it can be independently controlled, enhancing the limits of vehicular control. For an EV equipped with four
in-wheel electric motors, an advanced control may be envisaged. Taking advantage of the fast and accurate torque of in-wheel
electric motors which is directly transmitted to the wheels, a new approach for longitudinal control realized by ASR and ABS is
presented in this paper. In order to achieve a high-performance torque control for EVs, the NMP-DTC strategy is proposed. It uses
the fuzzy logic control technique that determines online the accurate values of the weighting factors and generates the optimal
switching states that optimize the EV drives’ decision. The simulation results built in Matlab/Simulink indicate that the EV can
achieve high-performance vehicle longitudinal stability control.

1. Introduction

One of the most fundamental differences between electric
vehicles (EVs) and the conventional internal combustion
engine vehicles (ICEVs) is that EVs are fully or partially
driven by electric motors, which can bring about a lot of
unique advantages for dynamic traction control [1]. With the
superior control performance of electric motors compared to
ICEVs, EVs could be not only clean, but also able to achieve
higher levels of safety and handling [1, 2].

The distinct advantages of well-controlled electric motors
may include fast torque response [1, 3], simple dynamics
[1, 4], easy-to-obtain torque feedback (the torque generated
from electric motors is proportional to the motor current
for industrial applications [5, 6]), capability of generating
both traction and braking forces (regenerative braking during
deceleration can be realized using electric motors [7, 8]),
and easy-to-implement distributed in-wheel motor systems

(electric motors usually have compact sizes but powerful and
flexible outputs, which can improve dynamic control stability
[4, 9, 10], energy efficiency [11], and fun to drive [12]).

Antilock braking system (ABS) and traction control
(TC) system represent both classic effective approaches to
longitudinal vehicle dynamics control.The primary functions
of these systems can be formulated as follows in accordance
with reference literature [13]: ABS is a system that prevents
the locking of wheels during braking in order to achieve high
brake performance while simultaneouslymaintaining vehicle
stability. TC is a system that prevents the skidding of wheels
during take-off and acceleration. As for TC, an alternative
term is also known from the technical literature: acceleration
slip regulation (ASR).

In the last years, several techniques based on nonlinear
control have been applied in wheel slip control research. In
[14], a model control structure named the behavior model
control (BMC), well adapted to the nonlinear systems, which
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realizes the wheel slip control, is used to solve the nonlinear
problem of adhesion. As a result, the skid phenomenon
disappeared and the stability of the vehicle was ensured.
A fuzzy logic slip control system for EVs with in-wheel
motors was introduced in [15]. Reference [16] proposed a
nonlinear wheel slip control algorithm which ensures the
stability in a closed loop. Reference [17] proposed a fuzzy logic
antiskid control structurewhich is used to overcome themain
problem of powertrain systems in the wheel road adhesion
characteristic.This structure can prevent vehicle slipping and
show good vehicle stability on a curved path. In [18], a wheel
slip controller based on slidingmode framework is proposed.
A nonlinearmodel predictive controller for wheel slip control
of EV equipped with four in-wheel motors is studied in [19].
The research object in [20] is to study the acceleration slip
regulation (ASR) control for two-wheel independent driving
EV based on dynamic torque distribution.

The loss of adherence of one of the four wheels is likely
to destabilize the vehicle, which needs to be solved either in
traction or in braking mode. In order to improve the safety
and dynamic performance of electric vehicles and prevent the
wheel from locking or slipping when braking or accelerating,
it is necessary to control the slip ratio of each wheel in
the stable region. Combining the two functions ASR and
ABS, this paper presented a new longitudinal control for the
electric vehicle equipped with four PMS in-wheel motors.
A main significant advantage of this proposed longitudinal
control is that it can act as an antilock braking system (ABS)
by preventing the wheels from getting locked during braking
and as acceleration slip regulation (ASR) by preventing the
wheels from slipping during acceleration. Moreover, using
the wheel angular acceleration and the slip ratio, a fuzzy
ASR/ABS controller is designed; based on the experimental
road, the vehicle will achieve a good acceleration perfor-
mance when the slip ratio is maintained within the optimal
range, and this is done by adjusting the correspondent
PMS in-wheel motor torque dynamically. Compared with
previous studies, the proposed longitudinal control, which
has been verified under accelerating maneuvers and braking
maneuvers, proves its robustness and the longitudinal slip
ratio of eachwheel can reach quickly the optimal longitudinal
slip ratio.

Permanent magnet synchronous motors (PMSMs) have
been considered the potential candidate for electric vehicle
(EV) applications due to their high power density, low
maintenance cost, effectiveness, high torque ratio, wide speed
range, dynamic qualities, and robust operations [21, 22].
Focusing on the EV-traction application, a fast and robust
torque response of the PMSM is required in a wide speed
range to meet the instantaneous torque demand commanded
by the driver.

Examining the control structure for EV traction, direct
torque control (DTC) for traction means the torque control
of a traction motor (e.g., a permanent magnet synchronous
motor (PMSM) drive). Thus, the DTC strategy for PMSM
drive is the right candidate for the high-performance control
to meet the EV-traction requirements. However, high torque
and flux ripples and variable switching can be observed

because of an included switching table, and these are some
of its drawbacks [23].

To overcome these drawbacks, improved DTC schemes
have been reported in the literature [21, 22, 24, 25]. In order
to obtain fast and robust torque response and to solve the
problems caused by the torque ripple affecting themechanical
transmission of the electric traction chain, the basic DTC
strategy can be integrated with a space vector modulation
(SVM) [26–28]. In this case, the torque and stator flux are
regulated more accurately with a fixed switching frequency.
Other methods based on fuzzy logic control have been
adopted to ensure good performance [21]. A fuzzy direct
torque control (FDTC) based on space vector modulation,
which uses the stator flux and the torque errors through
two fuzzy logic controllers to generate a voltage space vector
(reference voltage), is to provide the inverter switching states.

Model predictive control (MPC) is now regarded as one
of the most robust control strategies. Several variants of MPC
have been proposed in the technical literature.They are based
on the optimization of a cost function consisting of the
difference between the actual output and the trajectory to be
tracked [29]. Several applications have employed the discrete-
time linear model (DTLM) for predictive control. It allows
a fast analytical solution of the optimization problem. The
predictive control of the PMSMbased on theDTLMhas been
described in [30], where the load torque is considered as a
known disturbance.

Recently, model predictive control (MPC) strategy, which
can take into account the plant constraints and nonlinearities
with multiple inputs/outputs and handle them in a proper
way, has been reported [31]. It generally has an optimal,
naturally robust, and simple structure. Thus, it can be
combined with the basic DTC scheme to synthesize a high-
performance controller for the PMSMdrives.Unlike the basic
DTCor FOCwith SVM, theMP-DTC strategy is based on the
optimal control approach. Having the cost function designed
tominimize the torque andflux control errors [32], optimized
switching states can be generated.

In this paper, we propose a direct torque control (DTC)
strategy based on nonlinear model predictive (NMP) control
for the EV traction, using PMS in-wheel drive. Given the EV
systemdynamics and anobjective cost function, the proposed
NMP-DTC strategy uses the fuzzy logic control technique to
determine online the accurate values of the weighting factors
(i.e., penalty factors) and generate the optimal switching
states that optimize the EV drives’ decision.

Some applications in the field of electrical drives require
using several electric machines and many static converters
that have an important place among electromechanical sys-
tems. These systems are called multimachine multiconverter
systems (MMSs) [33]. When several machines are associated
to carry out cooperative functions (the contribution of the
four-machine efforts for the advancement of an electric
vehicle, in our case), the embedded mass can still be reduced
by sharing power electronics. Until recently, together with
the development of semiconductor technology and the intro-
duction of powerful microprocessor and power electronic
devices, among others, systems which began to be more
interesting and which include multisynchronous machines



Journal of Advanced Transportation 3

M1

M3

M2

M4

V
eh

ic
le

 
dy

na
m

ic
s 

Front left 
wheel

Rear left 
wheel

Rear right 
wheel

Front right 
wheel

DC bus

AC
DC

AC
DC

DC
AC

DC
AC

(a)

V
eh

ic
le

 
dy

na
m

ic
 

M1

M3

M2

M4 AC
DC

AC
DC

Front left 
wheel

Rear left 
wheel

Rear right 
wheel

Front right 
wheel

DC bus

V
eh

ic
le

 
dy

na
m

ic
s

(b)

Figure 1: Structure of EV traction with (a) four and (b) two inverters.

(especially PMSMs) are driven by a single inverter. Our work
is developed in this context. The power reduced structures
based on power electronics are able to feed two or more elec-
tric machines in parallel and provide control laws to improve
energy efficiency.This system is called amultimachine single-
converter system [17]. Thus, in high-power applications
such as traction systems, two or more machines are fed by
one converter. The control of multimachine single-converter
systems is the subject of this study. Severalmethods have been
proposed to control bimachinemonoinverter systems. In this
case, a master-slave based on nonlinear model predictive
direct torque control (NMP-DTC) strategy is developed.

The motivation of the present work is to verify the
enhancement of performances and stability of the electric
vehicle, using a new multimachine robust control. This work
realizes the acceleration slip regulation (ASR) and antilock
braking system (ABS) functions, based on nonlinear model
predictive (NMP) direct torque control (DTC) for four
permanent magnet synchronous (PMS) in-wheel motors.
The coordinated ASR and ABS control offers the wheel slip
control through PMS in-wheel electricmotors actuation both
in traction and in braking mode.

This paper is organized as follows. In Section 2, the struc-
ture of the electric vehicle studied is presented. It is composed
of two sets of bi-PMS in-wheel motors connected in parallel
and supplied by a three-phase two-level inverter, one on the
left and one on the right. In Section 3, a general description
about the nonlinear model predictive direct torque control
(NMP-DTC) for PMS in-wheel motor will be presented.
A fuzzy logic control for the cost function optimization
is studied and explained in detail. Section 4 discusses the
principle of the new multimachine robust control, based on
NMP-DTC for two permanent magnet synchronous (PMS)
in-wheelmotors operating in parallel and supplied by a single
three-phase two-level inverter. The master-slave based on
NMP-DTC is verified via simulation. High performance with
respect to speed tracking and torque control of both motors
has been demonstrated. In Section 5, the vehicle longitudinal
dynamics and the fuzzy logic control strategy ofASR andABS
based on the wheel angular acceleration and the slip ratio are

presented. Finally, the conclusion will be pointed out at the
end of the paper.

2. Structure of the Electric Vehicle Studied

In this paper, the EV studied is equipped with four in-wheel
motors (i.e., PMSMs) mounted in each wheel.The configura-
tion of the vehicle system is shown in Figure 1. Two structures
of the four-wheel independent driving electric vehicle are
presented. As shown in Figure 1(a), each PMS in-wheelmotor
is fed by its own individual inverter. However, in Figure 1(b),
we can see two sets of bi-PMS in-wheel motors which will be
connected in parallel and supplied by a single inverter, one
on the left and one on the right. Consequently, in the latter
figure, the number of power electronic components is clearly
reduced, and the volume and size of the system also decrease.
Some studies have been carried out concerning control
problems of these systems in [34, 35]. Our work will be on the
second structure for themotivation of this structure; not only
does it allow the achievement of an electric differential system
[23, 36], but also it opens opportunities for new ABS and
ASR architectures. Furthermore, the individually controlled
electric motors allow (i) reduction or even elimination of the
involvement of conventional friction brakes into the control
on the wheel slip and recuperation of the braking energy (in
the case of ABS) and (ii) improvement of driving comfort.
Within this context, the possible advantages of this structure
are the faster response time and possibility of dual direct
control, either by speed or by torque.

2.1. Parallel Structure Studied. As shown in Figure 2, a three-
leg inverter will operate two machines simultaneously where
each leg of the inverter is shared by all the machines.
Therefore, the dimension of the power electronic components
of the inverter must be in accordance with the number
of machines in parallel. Besides, these machines must be
as similar as possible in terms of electrical parameters.
According to this structure, all the machines will exactly
receive the same voltages in both frequency and amplitude.
The angular speeds of the machines are thus identical. In our
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Figure 2: Parallel structure studied, bimachine monoinverter sys-
tem.
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Figure 3: Parallel structure under master-slave configuration.

studied case, the set of bi-PMS in-wheel motors connected in
parallel by the same inverter is on the left and on the right.

2.2. Master-Slave Control for Bimachine Monoinverter System.
The classical approach is based on a master-slave structure,
where the master machine will be piloted while the second
is simply connected in parallel (Figure 3). For the master
machine, it is then possible to determine the best control
configuration of the inverter in order to minimize a criterion
related to the current error.

Themaster-slave structure to operate the system has been
used in [21]. The rotor position of the two motors is always
compared.Themotorwith the higher load is set as themaster,
and the other one is assigned as the slave and is fed by the
same voltage as the master.

Figure 4 shows the description of the master-slave con-
figuration. A “master choice” block is added to the system
in order to select the master machine. Therefore, only the
master machine is controlled instantaneously, whereas the
slave machine will operate in an open loop under the voltage
supplying mode. As shown in Figure 4, the position and
currents of the two machines are continuously recorded. A
logic signal “Enable” allows choosing the master machine in
order to carry out the speed and current control. This signal
is created by calculating the difference (𝜃1 − 𝜃2) and passing

E

Controller
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Figure 4: Master choice block.

this difference through a hysteresis comparator. If we have
“Enable = 1,” the master machine is PMSM1, and PMSM2 is
the slave. On the contrary, if we have “Enable = 0,” PMSM2
is the master, and PMSM1 is the slave.

The problem of choosing the adequate machine to set
as the master while respecting the stability condition of the
complete system needs to be considered.

3. Nonlinear Model Predictive Direct
Torque Control for PMS In-Wheel Motors
with Optimized Cost Function

3.1. Mathematical Model of PMSM. A nonlinear model pre-
dictive control (NMPC) strategy is designed by first consider-
ing the electric vehicle system dynamics.The dynamic model
of the PMSMdrive in the (𝑑, 𝑞) rotor rotating reference frame
is a nonlinear affine form as follows:

�̇� (𝑡) = 𝐴𝑥 (𝑡) + 𝐵𝑢 (𝑡) + 𝐵𝑑Λ 𝑑 (𝑡) , (1)

where

𝐴 = [[[
[

− 𝑅𝑠𝐿𝑑
𝐿𝑞𝐿𝑑𝜔

−𝐿𝑞𝐿𝑑𝜔 −𝑅𝑠𝐿𝑞
]]]
]

,

𝐵 = [[[
[

1𝐿𝑑 0
0 1𝐿𝑞

]]]
]

,

𝐵𝑑 = [01] ,

(2)

and 𝑥 = [𝑖𝑑 𝑖𝑞]𝑇 and 𝑢 = [𝑢𝑑 𝑢𝑞]𝑇 represent the state
variable vector and control input vector in continuous time,
respectively, while Λ 𝑑 = −(Φ𝑓/𝐿𝑑)𝜔.

Now, it follows that anMPC strategy intuits the decision-
making of the human being in a discrete form, implying that
the continuous-time model (1) should be transformed into a
discrete-time model.
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Using the first-order Euler’s approximation method, the
predicted states in the discrete-time state space for an instant𝑘 + 1 are given by

𝑥𝑚 (𝑘 + 1) = 𝐴𝑚𝑥𝑚 (𝑘) + 𝐵𝑚𝑢𝑚 (𝑘) + 𝐵𝑑𝑚Λ 𝑑𝑚 (𝑘) , (3)

where

𝐴𝑚 = [[[
[
1 − 𝑅𝑠𝐿𝑑𝑇𝑠

𝐿𝑞𝐿𝑑𝜔𝑇𝑠
−𝐿𝑞𝐿𝑑𝜔𝑇𝑠 1 − 𝑅𝑠𝐿𝑞𝑇𝑠

]]]
]

,

𝐵𝑚 = [[[
[

1𝐿𝑑𝑇𝑠 0
0 1𝐿𝑞𝑇𝑠

]]]
]

,

𝐵𝑑𝑚 = [ 0
𝑇𝑠] .

(4)

And 𝑥𝑚(𝑘) and 𝑥𝑚(𝑘 + 1) are the state variable vectors in
discrete time at the current sampling time 𝑘 and the next
sampling time 𝑘+1, respectively, whereas 𝑢𝑚(𝑘) and 𝑢𝑚(𝑘−1)
are the control input vectors at the current sampling time 𝑘
and the previous sampling time 𝑘− 1, respectively, which can
be written as

𝑢𝑚 (𝑘) = 𝑢𝑚 (𝑘 − 1) + Δ𝑢𝑚 (𝑘) . (5)

The 𝑑 − 𝑞 stator currents 𝑖𝑑(𝑘 + 1) and 𝑖𝑞(𝑘 + 1) are generated
from (3), while the 𝑑 − 𝑞 current vectors 𝑖𝑑(𝑘) and 𝑖𝑞(𝑘) are
determined from the measured stator current 𝑖𝑎𝑏𝑐(𝑘) using
Park’s transformation.

3.2. The Proposed NMP-DTC Technique. Figure 5 illustrates
the block diagram of the proposed NMP-DTC system for
PMS in-wheel motor. The speed controller used in this
technique is an IP with antiwindup strategy, which was
presented in [22]. Now, (3) allows the prediction of 𝑑 − 𝑞
stator currents components which are used to predict the
electromagnetic torque and stator flux linkage. Also, they
determine the approximate switching states applied to the
three-phase inverter.

The rotor position angle, 𝜃(𝑘), can be obtained by using
an encoder and the rotor speed can be calculated using Euler’s
approximation method over a sampling time 𝑇𝑠 as follows:

𝜔 (𝑘) = 𝜃 (𝑘) − 𝜃 (𝑘 − 1)𝑇𝑠 . (6)

The stator flux linkage can be constructed based on the
predicted 𝑑 − 𝑞 stator current components (3) as follows:

Φ𝑑 (𝑘 + 1) = 𝐿𝑑𝑖𝑑 (𝑘 + 1) + Φ𝑓,
Φ𝑞 (𝑘 + 1) = 𝐿𝑞𝑖𝑞 (𝑘 + 1) , (7)

where its magnitude

Φ𝑠 (𝑘 + 1) = √[Φ𝑑 (𝑘 + 1)]2 + [Φ𝑞 (𝑘 + 1)]2. (8)

dq
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Figure 5: Block diagram of the proposed NMP-DTC technique.

Based again on the predictive 𝑑 − 𝑞 stator currents at the
instant 𝑘 + 1 in (3), the predicted electromagnetic torque is
given by

𝑇𝑒 (𝑘 + 1)
= 3𝑝2 [Φ𝑓𝑖𝑞 (𝑘 + 1) + (𝐿𝑑 − 𝐿𝑞) 𝑖𝑑 (𝑘 + 1) 𝑖𝑞 (𝑘 + 1)] . (9)

Then, the control input vector 𝑢𝑚 = [𝑢𝑑𝑚 𝑢𝑞𝑚]𝑇 can be
selected by the following:

𝑢𝑚 (𝑘)

= [[[[[
[

cos (𝜃 (𝑘)) − sin (𝜃 (𝑘))
cos(𝜃 (𝑘) − 2𝜋3 ) − sin(𝜃 (𝑘) − 2𝜋3 )
cos(𝜃 (𝑘) + 2𝜋3 ) − sin(𝜃 (𝑘) + 2𝜋3 )

]]]]]
]

[[
[
𝑆𝑎 (𝑘)𝑆𝑏 (𝑘)𝑆𝑐 (𝑘)

]]
]

, (10)

where 𝑆𝑎𝑏𝑐(𝑘) = [𝑆𝑎(𝑘) 𝑆𝑏(𝑘) 𝑆𝑐(𝑘)]𝑇 is the switching vector.
3.3. Fuzzy Cost Function Optimized. The predicted torque
and stator flux linkage and their respective references are fed
into the fuzzy cost function for errorminimization (Figure 6).
Note that, to evaluate the performance of the proposedNMP-
DTC, the torque Δ𝑇𝑒 = 𝑇∗𝑒 − 𝑇𝑒(𝑘 + 1) and stator fluxΔΦ𝑠 = Φ∗𝑠 − Φ𝑠(𝑘 + 1) errors must be minimized. Thus, the
cost function 𝑔𝑖(𝑇𝑒, Φ𝑠) which minimizes the Δ𝑇𝑒 and ΔΦ𝑠
errors is given as

𝑔𝑖 = (𝑇∗𝑒 − 𝑇𝑒 (𝑘 + 1))2 + 𝛿Φ𝑛 (Φ∗𝑠 − Φ𝑠 (𝑘 + 1))2
+ 𝐶lim {𝑖𝑠 (𝑘 + 1)} , (11)
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Figure 6: Fuzzy logic NMP-DTC technique.

where 𝛿Φ𝑛 represents the fixed weighting factor which is
computed as

𝛿Φ𝑛 = 𝑇𝑛𝑒Φ𝑛𝑠 , (12)

where 𝑇𝑛𝑒 and Φ𝑛𝑠 correspond to the nominal magnitude of
the electromagnetic torque and stator flux, respectively, in
which 𝐶lim{𝑖𝑠(𝑘+1)} is the nonlinear function which handles
the limitations of the inverter and stator current.

Referring to (11), the fixed value of 𝛿Φ𝑛 can result in
unsatisfactory performances, taking into account the dynam-
ics of electric vehicle traction and linearities of a PMSM
drive. Hence, the variable weighting factors 𝛿𝑇 and 𝛿Φ are
introduced in this paper, whereby their values are determined
online by the FLC strategy in order to generate the optimal
switching state 𝑆𝑎𝑏𝑐-opt(𝑘) at each sampling time 𝑇𝑠. Thus, the
new cost function is established by the following:

𝑔𝑖 = 𝛿𝑇𝑇2𝑛 (
𝑇∗𝑒 − 𝑇𝑒 (𝑘 + 1))2

+ 𝛿ΦΦ2𝑠𝑛 (
Φ∗𝑠 − Φ𝑠 (𝑘 + 1))2 + 𝐶lim {𝑖𝑠 (𝑘 + 1)} .

(13)

Thus, to guarantee the generation of the optimal switching
state 𝑆𝑎𝑏𝑐-opt(𝑘) minimizing the new cost function (13), the
torque error and flux stator error should be accurately
penalized at every sampling time index, 𝑘.Thus the following
fuzzy rules for the two errors Δ𝑇𝑒 and ΔΦ𝑠 are applied to
determine the weighting factors 𝛿𝑇 and 𝛿Φ, respectively.

Figure 6 indicates the fuzzy method to construct the two
weighting factors (𝛿𝑇, 𝛿Φ) fromΔ𝑇𝑒 andΔΦ𝑠. In this case, the
fuzzy rule sets that generate the weighting factors 𝛿𝑇 and 𝛿Φ
are given by the following:

IF Δ𝑇𝑒 is positive big (PB), THEN 𝛿𝑇 is PB.
IF Δ𝑇𝑒 is positive small (PS), THEN 𝛿𝑇 is PS.
IF Δ𝑇𝑒 is negative small (NS), THEN 𝛿𝑇 is NS.
IF Δ𝑇𝑒 is negative big (NB), THEN 𝛿𝑇 is NB.

Similar fuzzy rule sets can be applied to generate the weight-
ing factor 𝛿Φ for ΔΦ𝑠.

An algorithm of the proposed NMP-DTC strategy is
shown in Figure 7.

Actually, the electromagnetic torque 𝑇𝑒(𝑘 + 1) and stator
flux linkage Φ𝑠(𝑘 + 1) are depicted using a mathematical
predictive model. Note that, for each sampling time 𝑇𝑠,
the optimal switching signals 𝑆𝑎𝑏𝑐-opt(𝑘) are determined by
minimizing the cost function (13) and using the dynamic
weighting factors (𝛿𝑇, 𝛿Φ) which are tuned by the FLC
technique.

Update the states of the system

Compute the prediction

Evaluate the cost function

Determine the minimum value

Apply optimal configuration

Compute the prediction

(k) , id(k) , iq(k)

Compute Vdq(k)

id (k + 1) , iq(k + 1)

Φs (k + 1) , Te(k + 1)

gi (Eq. (13))
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1···8

1···81···8
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Figure 7: Flowchart of the NMP-DTC algorithm.

4. New Master-Slave NMP-DTC
with Load Torque Observer

4.1. Principle of the Proposed Method. The proposed method
is based on the nonlinear model predictive direct torque
control (NMP-DTC) algorithm for controlling a system
composed of two permanent magnet synchronous motors
(PMSMs) operating in parallel, fed by a single power inverter,
which is the case of longitudinal half of the electric vehicle
(EV) studied, on the right side or the left side, as seen in
Figure 14. Thus, the two predictive motors’ torque and stator
flux vectors for each motor are evaluated by a new cost
function that will be found to get the optimum voltage vector,
which minimizes the motor torque and stator flux errors.
Therefore, the new cost function chosen for this system will
be built as follows:

𝑔𝑖
= 𝛿𝑇𝑇2𝑛 {(

𝑇∗𝑒1 − 𝑇𝑒1 (𝑘 + 1))2 + (𝑇∗𝑒2 − 𝑇𝑒2 (𝑘 + 1))2}
+ 𝛿ΦΦ2𝑠𝑛 (

Φ∗𝑠𝑚 − Φ𝑠𝑚 (𝑘 + 1))2 + 𝐶lim {𝑖𝑠 (𝑘 + 1)} .
(14)

In this system, it is expected that both motors will get the
same speed even if they have different conditions of load
torque. For stable parallel operation of PMS motors with a
single inverter, each motor has to be constantly kept in the
synchronization state regardless of load torque. If the master
motorwith the larger load is controlled, the synchronous state
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Figure 8: Block diagram of the proposed load torque observer.

will be maintained. Therefore, detection of the master motor
is essential.

Next, the design for the complete operation of the pro-
posed master-slave NMP-DTC strategy can be summarized
below.

Step 1. At 𝑘 instant time, measure the stator currents
(𝑖𝑎𝑏𝑐1(𝑘), 𝑖𝑎𝑏𝑐2(𝑘)) and rotor positions (𝜃1(𝑘), 𝜃2(𝑘)), and then
determine (𝑖𝑑𝑞1(𝑘), 𝑖𝑑𝑞2(𝑘)) and (𝜔1(𝑘), 𝜔2(𝑘)).
Step 2. Obtain the prediction control (𝑖𝑑𝑞1(𝑘+1), 𝑖𝑑𝑞2(𝑘+1)),
the prediction (𝑇𝑒1(𝑘+1), 𝑇𝑒2(𝑘+1)), and (Φ𝑠1(𝑘+1), Φ𝑠2(𝑘+1)) for all the possible 𝑆𝑎𝑏𝑐(𝑘).
Step 3. Generate the reference of the stator flux of the master
motorΦ∗𝑠𝑚(𝑘 + 1) selected by master-slave switching.

Step 4. Evaluate the cost function (14) with dynamic weight-
ing factors (𝛿𝑇, 𝛿Φ) tuned by the FLC technique.

Step 5. Determine the optimal switching state, 𝑆𝑎𝑏𝑐-opt(𝑘) for
driving the three-phase inverter.

Step 6. Set 𝑘 + 1. Go to Step 1.

4.2. Load Torque Observation Based on MRAS. As described
in the previous section, the choice of the master motor
requires knowledge of the load torque values of the two PMS
motors. In this paper, an estimation method is proposed to
identify online these load torques, based on model reference
adaptive system (MRAS) through Popov’s hyperstability cri-
teria (Figure 8).

The motion model of PMSM in rotor reference frame,
neglecting viscosity coefficient and supposing the 𝑑-axis
current to be zero, is given as follows:

[�̇�] = [𝐴] [𝑋] + [𝐵] [𝑈] + [𝐷] , (15)

where

[𝐴] = [[[
[

−𝑅𝑠𝐿 𝑠
𝐿𝑞𝐿𝑑𝜔

−𝐿𝑞𝐿𝑑𝜔 −𝑅𝑠𝐿 𝑠
]]]
]

,

𝐵 = [
[

1𝐿 𝑠0 ]
]

,
[𝑈] = 𝑉𝑞,

[𝐷] = [[
[

0
𝑇𝐿𝐽

]]
]

.
(16)

Using the estimations of �̂�𝐿, the adjustable model is con-
structed:

[�̇�] = [𝐴] [𝑋] + [𝐵] [𝑈] + [𝐷] . (17)

One makes the subtraction between the two models (15) and
(17):

[ ̇𝜀] = [𝐴] [𝜀] − [𝑊] , (18)

where

[𝜀] = [𝑋] − [𝑋] = [𝜀𝑑𝜀𝑞] ,
[𝑊] = −Δ [𝐷] ,

Δ [𝐷] = [
[
0
1𝐽
]
]

(𝑇𝐿 − �̂�𝐿) .
(19)

According to Popov’s stability,

∫𝑡0
0

[𝐸]𝑇 [𝑊] 𝑑𝑡 = 𝑡 ≥ −𝛾20 . (20)

Inequality (20) can be divided into two components as
follows:

�̂�𝐿 = 𝐴5 ([𝜀]) + ∫𝑡0
0

𝐴6 ([𝜀]) 𝑑𝑡. (21)

When using the expression of𝑊, inequality (20) becomes

∫𝑡0
0

{[𝜀𝑞 1𝐽𝑚 ]} [(𝑇𝐿 − �̂�𝐿)] 𝑑𝑡 ≥ −𝛾20 . (22)

Using �̂�𝐿, the criterion of Popov for the current system
becomes

∫𝑡0
0

{[𝜀𝑞 1𝐽𝑚 ]}
× ∫𝑡0
0

{𝑇𝐿 − 𝐴4 ([𝜀]) − ∫𝑡0
0

𝐴5 ([𝜀]) 𝑑𝑡} 𝑑𝑡
≥ −𝛾20 .

(23)
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A solution of this inequality can be found in relationship
[37]. Then, the load torque observed satisfies the following
adaptation laws:

𝐴5 = 𝑘5 [𝜀𝑞 1𝐽𝑚 ] ,
𝐴6 = 𝑘6 [𝜀𝑞 1𝐽𝑚 ] ,

(24)

where 𝑘5 and 𝑘6 are the positive adaptation gains. Substituting𝐴5 and 𝐴6 in (21), it can be easily shown that the observed
load torque satisfies the following adaptation law:

�̂�𝐿 = 𝐴5 ([𝜀]) + 1𝑝𝐴6 ([𝜀]) . (25)

The estimated load torque is generated from the adaptive
mechanism using the error between the estimated currents
and references obtained by the model as follows:

�̂�𝐿 = 𝑘𝑝 [𝜀𝑞 1𝐽𝑚 ] + 𝑘𝑖 ∫𝑡
0
[𝜀𝑞 1𝐽𝑚 ] 𝑑𝑡 + �̂�𝐿 (0) , (26)

where 𝑘𝑝 and 𝑘𝑖 are two parameters of the PI controller and
�̂�𝐿(0) is the initial estimated load torque.

4.3. Tracking Performance under Variable Load Torque. In
order to ensure the stability of the system composed of two
PMS machines connected in parallel on the same inverter,
controlled by the master-slave NMP-DTC strategy, different
loads are applied to both machines. The varieties of the load
of two PMS machines are represented in Figure 9(a).

Figure 9 shows the responses of the two PMS machines
which will be controlled at three set points of speed under
different load conditions. It is shown that the synchronism of
these machines is guaranteed. Besides, the system has proved
its stability towards the sudden changes of the load of the
two machines. Their speeds are approximately the same and
follow the reference, and the speeds tracking performance
is satisfactorily achieved, as seen in Figure 9(b). Figure 9(c)
shows the zoomed-in region (around 0,4 and 0,8 seconds)
of Figure 9(b). At the transient state by load fluctuation, M1
speed vibrates around M2 speed and both machines become
stable at the reference speed. Likewise, Figure 9(d) shows the
zoomed-in region (around 1,4 and 1,8 seconds) of Figure 9(b),
which has the same behavior. We can also notice that there is
no ripple speed at standstill.

We notice in Figure 9(e) that the fast response of the
electromagnetic torques of the two machines, master and
slave, confirms the speed and good alternation in master and
slave, under load conditions. In addition, the torque ripple
is quite small, approximately 0,5N⋅m, compared with the
conventional DTC found in [17].

Figure 9(f) shows a good magnetic stability of both
machines. In Figure 9(g), the currents of phase (a) of the two
machines present goodwaveforms and confirm the responses
of the machines regarding the load variations, which can be
seen in Figures 9(h) and 9(i).

From this simulation, we can conclude that the “master-
slave” structure with NMP-DTC is an interesting and power-
ful solution for themanagement of the two PMSMs in parallel
on the same inverter, on the left side or the right side of the
electric vehicle studied.

5. Longitudinal Control of 4WID Electric
Vehicle Based on the New Master-Slave
NMP-DTC Technique

5.1. Longitudinal Vehicle Dynamics. As shown in Figure 10,
the longitudinal vehicle dynamics are analyzed based on a
quarter-vehicle model as described by the following equa-
tions:

𝑀VV̇𝑥 = 𝐹𝑑 − 𝐹res, (27)

𝐽𝜔�̇�𝑖 = 𝑇𝑚𝑖 − 𝑅𝜔𝐹res − 𝑐𝑟𝑟𝐹𝑧, (28)

𝐹𝑑 = 𝜇𝑖 (𝜆) 𝐹𝑧𝑖. (29)

The normal load expression for each wheel could be written
as

𝐹𝑧(𝑓𝑙,𝑓𝑟) = (𝑀V𝑔2 ± 𝑀V𝑎𝑦 ℎ𝑑𝑓)
𝑙𝑟𝑙 − 𝑀Vℎ2𝑙 𝑎𝑥,

𝐹𝑧(𝑟𝑙,𝑟𝑟) = (𝑀V𝑔2 ± 𝑀V𝑎𝑦 ℎ𝑑𝑟)
𝑙𝑟𝑙 + 𝑀Vℎ2𝑙 𝑎𝑥,

(30)

where 𝑖 is (𝑓𝑙, 𝑓𝑟, 𝑟𝑙, 𝑟𝑟), 𝑀V is the vehicle mass, 𝐹𝑑 is the
driving force, 𝐹res is the driving resistance, 𝐽𝜔 is the wheel
inertia, 𝜔𝑖 is the wheel rotational speed, 𝑇𝑚𝑖 is the driving
torque of the in-wheel motor, and 𝑐𝑟𝑟, 𝜇𝑖, and 𝐹𝑧𝑖 are the
coefficient of rolling friction, friction coefficient of the 𝑖th
wheel, and the normal force of 𝑖th tire, respectively.

5.2. Tire Model. Pacejka [38] presented the Magic Formula
tire model and gave a clear physical meaning of the model
parameters. Due to its high accuracy, the Magic Formula
model has been used widely to simulate the tire/road friction
[39, 40]. The Magic Formula tire model described the
longitudinal friction coefficient 𝜇 variation with the slip ratio𝜆 as follows:

𝜇 = 𝐷 sin {𝑎 tan [𝐵𝜆 (1 − 𝐸) + 𝑎 tan (𝐵𝜆)]} , (31)

where the coefficients 𝐵, 𝐶,𝐷, and 𝐸 depend on the wheel
load 𝐹𝑧 and the slip ratio 𝜆.

The relationship between the longitudinal friction coef-
ficient and the slip ratio under different road conditions is
shown in Figure 11.

5.3. ASR/ABS Control Design. In slippery road conditions, a
large driving/braking torque easily causes a rapid increase of
the slip ratio and thus entrance into the unstable region. The
sudden loss of traction (i.e., smaller 𝜇) may lead to vehicle
skidding [17].

(i) Angular Acceleration.Now, we will define angular acceler-
ation (�̇�𝑎, �̇�𝑓) of both acceleration/braking modes. Ignoring
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Figure 9: Continued.
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the rolling resistance and wind resistance, the relationship
between the wheel angular acceleration �̇�, motor torque 𝑇𝑚,
and slip ratio 𝜆 can be described by the following formulas
[41].

(ii) For Acceleration. One has

�̇� = −V̇𝑥𝑅𝜔𝜔 + �̇�𝑅𝜔V𝑥𝜔2𝑅2𝜔
= [𝐽𝜔 + (1 − 𝜆)𝑀V𝑅2𝜔] �̇� − 𝑇𝑚𝜔𝑀V𝑅2𝜔 ,

�̇�𝑎 = 𝑇𝑚𝐽𝜔 + (1 − 𝜆)𝑀V𝑅2𝜔 + 𝜔𝑀V𝑅2𝜔�̇�𝐽𝜔 + (1 − 𝜆)𝑀V𝑅2𝜔 .
(32)

(iii) For Braking. One has

�̇� = −V𝑥𝑅𝜔�̇� + �̇�𝑅𝜔V̇𝑥𝑉2𝑥
= ((1 + 𝜆)2 /𝑀V𝑅2𝜔) 𝑇𝑚 − [(1 + 𝜆) + (1 + 𝜆)2 /𝑀V𝑅2𝜔] �̇�𝜔 ,
�̇�𝑏 = (1 + 𝜆) 𝑇𝑚𝐽𝜔 (1 + 𝜆) + 𝑀V𝑅2𝜔 + 𝜔�̇�𝐽𝜔 (1 − 𝜆) + 𝑀V𝑅2𝜔 .

(33)

If the slip ratio 𝜆 slowly increases (�̇� = 0), then the wheel
angular acceleration can be represented as follows:

�̇�𝑎 = 𝑇𝑚𝐽𝜔 + (1 − 𝜆)𝑀V𝑅2𝜔 ,
�̇�𝑏 = (1 + 𝜆) 𝑇𝑚𝐽𝜔 (1 + 𝜆) + 𝑀V𝑅2𝜔 .

(34)

Table 1: Fuzzy logic rules.

𝑇𝑐 Δ 1 = �̇� − �̇�𝑝Δ 2 = �̇� − �̇�𝑜𝑝𝑡 NL NM NS Z PS PM PL
NS Z Z Z Z Z Z Z
Z Z Z Z Z Z PS PS
PS Z Z Z Z PS PM PM
PM Z Z PS PS PM PL PL
PL Z PS PM PM PL PL PL

(iv) Threshold Angular Acceleration. According to the auto-
mobile theory, when the wheel goes in the slip state during
driving, wheel angular acceleration and slip ratio increase
rapidly. Therefore, in order to ensure ASR performance and
to obtain high driving force, the slip ratio should be near the
optimal value. The angular acceleration threshold value can
be described as follows:

�̇�𝑎𝑝 = 𝑇𝑚𝐽𝜔 + (1 − 𝜆opt)𝑀V𝑅2𝜔 ,

�̇�𝑏𝑝 = (1 + 𝜆opt) 𝑇𝑚
𝐽𝜔 (1 + 𝜆opt) + 𝑀V𝑅2𝜔 .

(35)

The tire/road friction coefficient varies with the tire slip ratio.
And there is the optimal slip ratio at which the tire/road
friction coefficient reaches the maximumwhich relates to the
road conditions directly. Based on the experimental road, the
vehicle will achieve a good acceleration performance when
the slip ratio is between (0.05 : 0.2).

5.4. Fuzzy Logic ASR/ABS Controller. In this paper, a fuzzy
ASR/ABS controller is designed according to the principle of
fuzzy control to maintain the wheel slip within the optimal
range by adjusting themotor torque dynamically. In the fuzzy
logic controller, there are two input variables,Δ 1 = �̇�−�̇�𝑝, the
difference between actual angular acceleration and threshold
angular acceleration, and Δ 2 = �̇� − �̇�opt, the difference
between actual slip ratio and optimal slip ratio.The controller
generates the compensation torque 𝑇𝑐 according to the input
current fuzzy and the fuzzy rules. The basic rules of the fuzzy
controller are summarized in Table 1.

Themembership functions for the two input variables,Δ 1
and Δ 2, and the output variable 𝑇𝑐 are shown in Figure 12.

If the actual angular acceleration is larger than the
threshold angular acceleration, this indicates a dangerous
situation that may lead to serious vehicle skid. In order to
ensure the antiskid performance, a big increment of the
compensation torque 𝑇𝑐 is needed to quickly decrease the
motor torque 𝑇𝑚 to prevent vehicle skid as soon as possible.
However, if the actual angular acceleration is less than the
threshold angular acceleration, the driving wheel adhesion is
in a good condition. This situation is not dangerous and the
zero compensation torque can be applied.

In order to minimize the influence on the acceleration
performance, the compensation torque𝑇𝑐 is adjusted by using
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Figure 13: Block diagram of ASR/ABS control.

the increasing rate of 𝑇𝑐𝑚𝑑. This method is similar to the
solution discussed in [3]. The compensation torque 𝑇𝑐 is
multiplied by the variable coefficient 𝐺, which is defined as

𝐺 = 1 − 𝐾�̇�𝑐𝑚𝑑, (36)

where �̇�𝑐𝑚𝑑 is the increasing rate of 𝑇𝑐𝑚𝑑 and 𝐾 is a
compensation gain.The upper and lower bounds of𝐺 are one
and zero, respectively.

As shown by the block diagram of ASR/ABS control in
Figure 13(a), the electric vehicle generates driver’s torque

reference 𝑇𝑐𝑚𝑑 according to the driver’s instructions. The
proposedASR/ABS controller properly regulates four torques
of the motor and generates the compensation torque 𝑇𝑐 for
vehicle skid prevention.The final motor torque command𝑇∗𝑚
is the difference between 𝑇𝑐𝑚𝑑 and 𝑇𝑐.

According to the structure of the EV seen in Figure 1(b),
the proposed combined ASR/ABS control, described in
Figure 13(b), uses as inputs the torque motor 𝑇𝑚, angular
speed 𝜔𝑚, actual angular acceleration �̇�𝑚, actual slip ratio 𝜆,
and vehicle speed V𝑥 of the master motor which is selected by
themaster-slave switching, presented in the previous section.
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Figure 14: Block diagram of the longitudinal control of 4WID electric vehicle based on a new master-slave NMP-DTC technique.

Figure 14 shows the dynamical model of the considered
electric vehicle with a four-in-wheel-motor topology that
was numerically implemented on Matlab/Simulink.The pro-
posed system uses the vehicle speed and the steering angle
as input parameters. The block named “electric differential”
provides the difference of speed for the four in-wheel motors
and adapts the speeds of the left and right wheels differently,
according to the steering angle. The common reference
speed 𝜔∗ is then set by the accelerator pedal command. The
actual reference speeds for the left drives (𝜔∗3 , 𝜔∗4 ) and the
right drives (𝜔∗1 , 𝜔∗2 ) can then be obtained by adjusting the
common reference speed 𝜔∗ and the steering angle.

6. Simulation and Discussion

In this section, a simulation model of vehicle dynamics
is presented in order to evaluate the effectiveness of the
proposed longitudinal control which combines the ASR and
ABS functions for 4WID electric vehicles in acceleration and
deceleration test maneuvers under various road conditions.
The four in-wheel motors, with two inverters supplied by
DC voltage source, are controlled by a new master-slave,
based on nonlinear model predictive direct torque control.
(1) and (2) in the Notations summarize the PMSMs and
vehicle parameters, respectively.

In Acceleration Maneuver.The vehicle model will start accel-
erating at an initial velocity of 0m/s to 21m/s. The first
loss of adherence (the passage of the electric vehicle from
a dry road to a slippery road) of the four wheels starts
at 7 seconds and lasts 5 seconds in this acceleration mode
(Figure 15). The simulation results are shown in Figure 16
which shows the velocities of the wheels and vehicle, slip
ratios, actual and threshold angular acceleration of wheels,
motor torques, traction forces, compensation and driver

Figure 15: Test of the EV driven under different road conditions.

torques, and longitudinal, lateral, and angular velocities and
acceleration.

In the conditions of acceleration process, when the vehicle
enters a slippery road, the longitudinal slip of the four
wheels increases rapidly to get a large driving force, and
the real longitudinal slip of each wheel is kept within the
optimal longitudinal slip of 0.05. From Figure 16(b), we
notice that the slip ratios of the wheels are maintained within
the optimal range. Therefore, it is confirmed that the ASR
control could maintain the slip ratios around their optimal
values and improve the stability of the electric vehicle. It
can be seen from Figure 16(b) that the actual slip ratios can
track their optimal slip ratios on different road conditions.
In addition, the acceleration slip regulation (ASR) has a
great effect to maintain permanently the vehicle speed and
the in-wheel motors’ speed close to their profiles during
the loss of adherence. Consequently, the proposed ASR
controller generates the torque compensation for the wheels
slip prevention to decrease the motor torques (see Figures
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Figure 16: Continued.
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Figure 16: Continued.
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Figure 16: Simulation results of the EV driven under different road conditions.

16(g) and 16(i)–16(n)) and reduces significantly the angular
acceleration errors. This would permit the readhesion of the
wheels slipping and prevent vehicle slip. The variation of the
motor torques is shown in Figure 16(g), and the imposed
torques of the controller are shown in Figures 16(i)–16(n).
As shown in Figure 16(h), the traction forces applied to the
driving wheels have the same behavior during the loss of
adherence.

In Braking Maneuver. The vehicle model will decelerate
from 21m/s to 0m/s at 30 seconds, which lasts 10 seconds.
The second loss of adherence of the four wheels starts at
32 seconds and lasts 5 seconds in this deceleration mode
(Figure 15).The simulation results are also shown in Figure 16.
In this maneuver, when the vehicle enters a slippery road,
the longitudinal slip of the four wheels decreases rapidly,
and the real longitudinal slip of each wheel is kept within
the optimal longitudinal slip of −0.05. It can be seen from
Figures 16(b)–16(f) that the ABS control has realized smooth
tracking of the wheel slip ratios, which have been maintained
within the optimal range. Furthermore, it can also be seen in
Figures 16(p), 16(r), and 16(t) that the ABS control produces
no substantial oscillations of the vehicle deceleration, which
can be considered as mainly beneficent from the viewpoint
of the braking comfort in an electric vehicle. As shown
in Figures 16(p), 16(r), and 16(t), the vehicle’s acceleration
performance is slightly affected under the skid phenomenon.
Figure 16(a) shows that the difference between the vehicle
speed and the in-wheel motors’ speed is negligible. Moreover,
it can be also seen from Figures 16(c)–16(f) that the difference
between actual and threshold angular acceleration is close to
zero, in both acceleration and decelerationmodes used in the
simulation, due to the proposed ASR/ABS control.

We notice that the NMP-DTC is an indispensable torque
control in the proposed EV longitudinal control. The simu-
lation results provide the evidence of improvements of the
proposed NMP-DTC by indicating a fast torque response

and an accurate speed tracking, even when the EV traction
operates under accelerationmaneuver and brakingmaneuver
with the various conditions of adherence (see Figures 16(a),
16(g), and 16(k)–16(o)).

Finally, by analyzing the simulation results on different
road conditions, the proposed longitudinal control proves its
robustness where the longitudinal slip ratio of each wheel can
catch the optimal longitudinal slip ratio in a short time and
the same results can be obtained as that in acceleration and
deceleration modes.

7. Conclusion

In this paper, a new multimachine robust control for an
electric vehicle longitudinal stability, based on nonlinear
model predictive (NMP) direct torque control (DTC), was
proposed. Moreover, NMP-DTC strategy has been improved
by a fuzzy logic tuning algorithm, which generates online
the weighting factors. As a result, the improved NMP-DTC
precisely tracked the speed trajectory and guaranteed a
high performance under variable load torques, which are
similar to the EV-traction operations.The attention is focused
on the coordinated acceleration slip regulation (ASR) and
antilock braking system (ABS) functions, applied to the four
permanent magnet synchronous (PMS) in-wheel motors in
order to achieve a stable behavior of the wheels for various
road conditions. The simulation results show that serious
skids can be avoided with the proposed longitudinal control.
It can enhance the driving performance and the stability of
four-wheel driving independent electric vehicles.

Notations

(1) The Specifications of Motors

𝑅𝑠: Resistance, 0,03Ω𝐿 𝑠: Inductance, 0,2mH
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Φ𝑓: Permanent magnet flux, 0,08Wb𝑝: Pole pairs, 4.

(2) The Specifications of the Vehicle Used in Simulation

𝑀V: Vehicle mass, 1562 kg𝐽V: Vehicle inertia, 2630 kg⋅m2𝐽𝜔: Wheel inertia, 1,284 kg⋅m2𝐿𝑓: Distance from the gravity center to the
front axle, 1,104m𝐿𝑟: Distance from the gravity center to the
rear axle, 1,421mℎ𝑐𝑔: Height gravity center of the vehicle, 0,5m𝑆𝑓: Frontal area of the vehicle, 2,04m2𝜌: Air density, 1,2 kg⋅m−3𝐶𝑝𝑥: Drag coefficient, 0,25𝐶𝑟𝑟: Rolling resistance coefficient, 0,01𝐶𝑓: Longitudinal stiffness of each tire, lateral,
37407N/rad𝐶𝑟: Lateral stiffness of each tire, lateral,
51918N/rad𝑅𝜔: Wheel radius, 0,294m.
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This study investigates the effects of the range of a battery electric vehicle (EV) by using questionnaire data. The concern about
battery depletion changes according to charging station deployment. Firstly, the methodology for deriving the probabilistic
distribution of the daily travel distance is developed, which enables us to analyze people’s tolerance of the risk of battery depletion.
Secondly, the desired range of an EV is modeled. This model considers the effect of changing charging station deployment and
can analyze the variation in the desired range. Then, the intention of a household to purchase an EV is analyzed by incorporating
range-related variables. The results show that people can live with a risk of battery depletion of around 2% to 5%. The deployment
of charging stations at large retail facilities and/or workplace parking spaces reduces the desired range of an EV. Finally, the answers
to the questionnaire show that the probability of battery depletion on a driving day has little effect on the intention to purchase an
EV. Instead, people tend to evaluate the range by itself or directly compare it with their desired range.

1. Introduction

With increasing awareness of environmental issues, govern-
ments are putting in place policies to promote battery electric
vehicles (EVs). The Japanese government has set the goal of
increasing the ratio of new-generation vehicles in domestic
sales of new cars to 20% by 2020. According to this policy, the
ratio of EVs is expected to reach 15% by that year. However,
EVs will account for only 0.4% of sales in 2017 [1]. Hence,
although governments are implementing subsidy programs
to promote EVs, research shows that more subsidies are
necessary for significant promotion [2–7].

The literature points out that one of the major reasons for
EVs not becomingmore widely popular is their limited range
[8–11]. Adepetu and Keshav [12] found that while increasing
the capacity of EV batteries would reduce range anxiety and
make EVs more attractive for purchase, the current costs
are still prohibitive. Thanks to recent advances in battery
technology, range is improving rapidly and can now exceed
250 kmaccording to some specifications [13].However, actual
driving range is generally much shorter because of the use of
air conditioning, number of passengers, and need to retain a
margin before the next charge [14].This means that the range

of an EV is much less than that of a gasoline car, which is
typically around 500 km. To gain greater market penetration,
there is thus a need to relieve drivers’ concerns about range.

To obtain knowledge about how such concerns can be
reduced, the authors analyzed driver concern about vehicle
range by using the questionnaire survey data. In particular,
we analyzed the influence of the short range of an EV on
the preference for EVs. For this purpose, we derived the
probabilistic distribution of the daily travel distance and
analyzed people’s tolerance of the risk of battery depletion.
After that, the desired range of an EV was modeled and the
effect of the deployment of charging stations examined.Then,
the intention of households to purchase an EV was analyzed
by incorporating range-related variables.

The remainder of this paper is organized as follows. In
Section 2, the literature related to this subject is reviewed.
Section 3 outlines the questionnaire data and presents the
summary statistics of the data obtained. Section 4 describes
the methodologies employed in the analysis, which include
the daily travel distance distribution model and desired EV
range model. The results of the analysis are then discussed.
Section 5 applies an EV purchasing model incorporating
range-related variables and discusses the findings. Finally,
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Section 6 presents the conclusions and discusses future
research directions.

2. Literature Review

Many studies have investigated the impact of the short range
and other characteristics of EVs on purchasing and use
intentions. In this section, the authors briefly summarize this
existing research and clarify the position of this study related
to the literature. In this review, the literature is classified
into driving data analysis and questionnaire/interview data
analysis.

2.1. Driving Data Analysis. Greene [15] analyzed potential
demand for EVs from the aspect of the daily travel distance.
The distribution of the daily travel distance was modeled
based on a gamma distribution and distribution parame-
ters were estimated. This study found significant potential
demand for EVs even if their range is relatively short
(160 km). On the contrary, Pearre et al. [16] analyzed the
distance traveled by 484 cars in one year and showed that 91%
of the sample had the possibility to exceed 160 km in range.
Woodjack et al. [17] analyzed EV users’ perceptions by using
data from an EV trial use experiment with 235 households
in Los Angeles and New York. They focused on the short
range and long charging times as typical shortcomings of EVs
and reported that 81% of the participants had cancelled a trip
because of their vehicle’s short range.

Franke and Krems [9] investigated the changes in the
daily travel distance and desired range before and after a
field experiment with 79 households. They reported that the
desired range ismuch greater than the usual distance traveled
in a day. In addition, the desired range tends to fall after the
long-term use of an EV. Similarly, Rauh et al. [18] used the
same data and reported that the actual use of an EV can
reduce the desired range. Tal et al. [19] analyzed the travel
data of 3,500 plug-in hybrid EVs and showed that a vehicle
with a larger battery tends to be charged away from home
and used for longer distances. Greaves et al. [14] analyzed the
driving data for 166 vehicles and concluded that an EV with
a range as low as 60 km and a charging station at home can
accommodatewell over 90%of day-to-day driving. Stark et al.
[20] analyzed similarGPS data and found that 58%of cars can
be replaced even if no fast charging is available. Sun et al. [21]
analyzed the driving data from an EV usage trial conducted
in Japan and showed that range anxiety arises mainly from
the low number of charging stations and unfamiliarity with
the charging infrastructure. Li et al. [22] developed a mixture
distribution model to describe the probabilistic distribution
of daily travel distance of taxi drivers in Beijing. Based on
the massive trip records of taxi, they analyzed the EV range
which satisfied the daily travel distance of taxis and show the
usefulness of understanding the travel distance distribution.

From the above review, it is found that while the short
range of EVs can cover a considerable amount of daily
travel, it cannot cover all daily travel. Although data on
the actual daily travel distance are useful for understanding
potential demand for EVs and for reaching other meaningful
findings, the accessibility of such data is limited in Japan.

Therefore, it is valuable to develop the methodology for
deriving the probabilistic distribution of daily travel distance
based on questionnaire survey data and to incorporate it in
the analysis.

2.2. Questionnaire/Interview Data Analysis. Bunch et al. [23]
analyzed intention to purchase a next-generation vehicle
using stated preference (SP) data and showed that a short
range significantly reduces the price that people are willing
to pay. On the contrary, Kurani et al. [24] analyzed data from
interactive interviews based on travel diaries.They concluded
that consumers’ desired range of EVs is substantially lower
than those shown in past research and found evidence of a
viable market for an EVwith a driving range of only 60 to 100
miles. Chéron and Zins [25] conducted a conjoint analysis
to evaluate EV characteristics and showed that long charging
times present an obstacle to wide market dissemination.

Golob and Gould [26] conducted a questionnaire survey
before and after a long-term EV use experiment and showed
that the desired range is more than double the usual average
range. Plötz et al. [27] investigated early adopters of EVs in
Germany by analyzing questionnaire data and concluded that
early adopters live in suburbs or rural areas and use EVs for
commuting. This finding indicates that early adopters expect
an economic benefit because of their long mileage. Jensen
et al. [28] conducted a stated choice experiment before and
after EV usage. They showed that the willingness to use an
EV declines after experience, particularly if the range of the
EV is short. A similar finding was reported by Skippon et al.
[29].

Kim et al. [30] conducted a web-based survey for the
participants of an EV sharing program and pointed out that
participants’ social and economic perspectives are the most
important factors affecting attitudes toward EV purchasing
behavior. Junquera et al. [31] conducted a logistic regression
analysis by using the questionnaire survey data obtained
from 1,245 Spanish respondents to analyze the relationship
between consumers’ profile and their intentions to purchase
an EV. They found that perceptions of price, battery lifetime,
charging time, and range all explain willingness to purchase
an EV. Beck et al. [32] conducted an online questionnaire that
asked respondents to state their most and least preferred cars
and showed that their preference for the range of an EV is
significantly influenced by their environmental concerns.

Axsen et al. [33] compared the preferences for an EV
of early adopters and potential buyers and found that early
adopters are more likely to be multivehicle households that
can adapt to the limited range of an EV. Franke et al. [34]
analyzed data from EV users and reported that daily mobility
patterns, the percentage of travel not coverable because of
the limited EV range, and the actual usable range drive
range satisfaction. Javid and Nejat [35] conducted a multiple
logistic regression analysis by using household travel data in
California. Their research showed that a household’s income
and charging station density have significant impacts on EV
adoption.

The literature shows mixed findings. Therefore, the effect
of an EV’s range remains open for discussion. In addition,
no research has investigated the effect of the probability of
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battery depletion on the intention to purchase an EV. In
this study, the authors develop a methodology for deriving
the probabilistic distribution of the daily travel distance and
model the desired range of an EV. Then, the intention to
purchase an EV is analyzed based on this information.

3. Data

3.1. SP Questionnaire Survey. The data used in this study
were collected by a questionnaire survey carried out in
November 2011 around Nagoya City, Japan. A total of 4,200
questionnaires were distributed randomly in mailboxes and
880 returns were obtained. The number of questionnaires
with the key questions completed was 394. The purpose of
this survey was to predict mass demand for EVs in the
Nagoya metropolitan area [36, 37]. The methodologies and
viewpoints applied in the past researches of the authors were
different from this study.

Table 1 outlines the survey questions and provides the
summary statistics.The questionnaire consisted of four parts.
The first part included questions on car ownership and use.
The second explained the advantages and disadvantages of
EVs.The advantages explained in the questionnaire included
the economical mileage cost and zero emissions while driv-
ing. The disadvantages included short vehicle range and
long charging time. All advantages and disadvantages were
shownwith actual values. In addition, values for gasoline cars
were shown as well for comparison. Then, we asked about
the preferred deployment of charging stations and desired
EV range (nine range categories: up to 50 km, 50–100 km,. . ., 350–400 km, and over 400 km) with and without the
preferred deployment. In the third part, the stated preferences
in terms of purchase were surveyed based on EVs with
hypothetical features. Lastly, the questions in the fourth part
related to house and household characteristics.

The first part about car use collected three pieces of key
information: the most frequent daily travel distance (mode
value of the daily travel distance) on a driving day, how
often the car was used, and how often a trip was more than
twice as long as the most frequent distance. The purpose of
collecting these three pieces of information was to obtain
the distribution parameters of the daily travel distance for
each owned car. This analysis has not been conducted in
past research. In addition, since the daily travel distance
is always a positive value and its distribution is skewed, it
is thought that its average and variance values cannot be
answered intuitively. That is, asking the most frequent daily
travel distance is convenient both to obtain reliable answers
and to derive the probabilistic distribution of the daily travel
distance. The derivation of the distribution parameters from
the answers is discussed in Section 4.2.

The hypothetical EV features (factors) used in the third
part were set by using an orthogonal table with seven factors
at three levels. The factors considered included capacity,
price, charging time, range, the deployment ratio of charging
stations at gas stations, rest areas on intercity expressways,
and large retail facilities. The intention to purchase an EV
with the hypothetical features was asked twice for different
hypothetical features sets. In the hypothetical features sets,
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Figure 1: Preferred deployment of charging stations (maximum
three answers).

only dependency of price and capacity was considered.
However, the dependency between other features exists in
reality (e.g., the price of an EV with a longer range is higher;
[12]). This is one of the limitations of this study.

3.2. Summary Statistics. The summary statistics in Table 1
show that 1.48 cars are owned per household in the survey
area and 89%of those cars have a gasoline engine.The average
value of the most frequent daily travel distance per driving
day is 21.5 km on weekdays and 35.7 km on weekends and
holidays. More than twice the most frequent travel distance
is traveled on one or two weekdays and one or two weekend
days/holidays per month. Since in the questionnaire it was
assumed that the number of weekdays in a month is 20 and
that of weekend days/holidays is 8, those mean 5–10% and
10–20%, respectively.

Figure 1 shows the answers for preferred charging station
locations. Deployment at gas stations and expressway rest
areas stands out.This finding means that people feel the need
for charging stations in easily accessible locations that are
convenient in daily life and when on a long drive. Among
other preferred locations, there is a desire for charging
stations at small retail facilities such as supermarkets. Figure 2
shows the desired range of an EV with and without the
deployment of charging stations at the preferred locations.
The case without the deployment of charging stations means
the actual deployment situation at the time of the survey. As
shown, there is little or no deployment for all location types.
The most desired vehicle range is 200–250 km without the
deployment of charging stations, but this falls to 100–150 km
with the preferred deployment. The difference between these
two distributions is statistically significant (𝜒2 = 84.7; df =
8; 𝜒28(0.01) = 20.1). This test result means that the preference
for the range of anEVchanges according to the circumstances
surrounding charging station deployment.

Returning to Table 1, the intention to purchase an EVwith
the hypothetical features is around 40% for the two questions.
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Figure 2: Desired range with and without the preferred deployment
of charging stations.

In addition, 68.5% of participants consider it possible to have
a charging station at home.

4. Methodology and Analysis

4.1. Household’s Daily Travel Distance Distribution. The travel
distance must have a positive value. As its statistical dis-
tribution, gamma, Weibull, and log-normal distributions
have been applied in the literature [38, 39]. In this study,
Weibull and log-normal distributions are applied in the
analysis because of their usability. Assuming that the daily
travel distance follows a Weibull or log-normal distribution,
the parameters of the distribution can be obtained from
each household’s most frequent daily travel distance, car use
frequency, and the frequency of travelingmore than twice the
most frequent distance.

4.1.1. Weibull Distribution for the Daily Travel Distance and
Battery Depletion Probability. In the case that the daily travel
distance is assumed to follow aWeibull distribution, its distri-
bution parameters can be derived from the questionnaire data
as follows. For car𝑚 in household 𝑛 on a driving day of type𝑤 (weekday or weekend/holiday), the probabilistic density
function of the daily travel distance 𝑥�푤,�푚,�푛, which follows a
Weibull distribution, can be expressed as follows:

𝑓�푤 (𝑥�푤,�푚,�푛)
= 𝑘�푤,�푚,�푛𝜆�푤,�푚,�푛 (

𝑥�푤,�푚,�푛𝜆�푤,�푚,�푛)
�푘𝑤,𝑚,𝑛−1

exp{−(𝑥�푤,�푚,�푛𝜆�푤,�푚,�푛)
�푘𝑤,𝑚,𝑛} , (1)

where 𝑓�푤(⋅) is the probability density function of the Weibull
distribution, while 𝜆�푤,�푚,�푛 and 𝑘�푤,�푚,�푛 are the scale parameter
and shape parameter, respectively.

The distribution form depends on the value of the shape
parameter 𝑘�푤,�푚,�푛. In the case that it is larger than one, the
mode value of the distribution becomes larger than zero. In
other cases, the mode value is zero. Since the value of 𝑥�푤,�푚,�푛

is the daily travel distance on a driving day in this study and
its mode value (i.e., the most frequent daily travel distance) is
larger than zero, the value of 𝑘�푤,�푚,�푛 must be larger than one.
In this case, the following equation regarding the mode value
of the Weibull distribution can be obtained:

𝑥∗�푤,�푚,�푛 = 𝜆�푤,�푚,�푛 (𝑘�푤,�푚,�푛 − 1𝑘�푤,�푚,�푛 )1/�푘𝑤,𝑚,𝑛 , (2)

where𝑥∗�푤,�푚,�푛 is themode value of theWeibull distribution and
this is the most frequent daily travel distance on a driving day
in this study.

Let 𝑦�푤,�푚,�푛 be car use frequency and let 𝑦�耠�푤,�푚,�푛 be the
frequency of traveling more than twice the most frequent
daily travel distance. Then, the probability of traveling more
than twice the most frequent daily travel distance can be
expressed as follows:

𝑦�耠�푤,�푚,�푛𝑦�푤,�푚,�푛 = exp{−(2𝑥∗�푤,�푚,�푛𝜆�푤,�푚,�푛 )
�푘𝑤,𝑚,𝑛} . (3)

By substituting (2) into (3), the following equation using
only the shape parameter 𝑘�푤,�푚,�푛 is obtained:

ln(𝑦�耠�푤,�푚,�푛𝑦�푤,�푚,�푛) = −2
�푘𝑤,𝑚,𝑛 (𝑘�푤,�푚,�푛 − 1𝑘�푤,�푚,�푛 ) . (4)

The value of 𝑘�푤,�푚,�푛 which satisfies (4) can be obtained by
solving it numerically.The value of the scale parameter 𝜆�푤,�푚,�푛
can be obtained by substituting the obtained value of 𝑘�푤,�푚,�푛
into (2).

It is assumed that an EV is fully charged at home in the
morning and then is not recharged until the end of the day. In
this case, the probability that an EV with range 𝑅 experiences
battery depletion, 𝑃�푊Depletion(𝑅 | 𝜆�푤,�푚,�푛, 𝑘�푤,�푚,�푛), is calculated as
follows:

𝑃�푊Depletion (𝑅 | 𝜆�푤,�푚,�푛, 𝑘�푤,�푚,�푛)
= exp{−( 𝑅𝜆�푤,�푚,�푛)

�푘𝑤,𝑚,𝑛} . (5)

4.1.2. Log-Normal Distribution for the Daily Travel Distance
and Battery Depletion Probability. In the case that the daily
travel distance is assumed to follow a log-normal distribu-
tion, its distribution parameters can be derived from the
questionnaire data as follows. For car 𝑚 in household 𝑛
on a driving day of type 𝑤 (weekday or weekend/holiday),
the probabilistic density function of the daily travel distance𝑥�푤,�푚,�푛, which follows the log-normal distribution, can be
expressed as follows:

𝑓�퐿�푁 (𝑥�푤,�푚,�푛)
= 1√2𝜋𝜎�푤,�푚,�푛𝑥�푤,�푚,�푛 exp{−

(ln𝑥�푤,�푚,�푛 − 𝜇�푤,�푚,�푛)22𝜎2�푤,�푚,�푛 } , (6)
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where 𝜇�푤,�푚,�푛 and 𝜎�푤,�푚,�푛 are the mean (location parameter)
and standard deviation (scale parameter) of the logarithmic
value of the daily travel distance, respectively.

At the mode value (i.e., the most frequent daily travel
distance) of the log-normal distribution, 𝑥∗�푤,�푚,�푛, the condition𝜕𝑓(𝑥∗�푤,�푚,�푛)/𝜕𝑥�푤,�푚,�푛 = 0 is satisfied. Hence, the following
equation can be obtained from this condition:

𝜇�푤,�푚,�푛 = ln𝑥∗�푤,�푚,�푛 + 𝜎2�푤,�푚,�푛. (7)

Similar to the case of the Weibull distribution, the
probability of traveling more than twice the most frequent
daily travel distance can be expressed as follows:

𝑦�耠�푤,�푚,�푛𝑦�푤,�푚,�푛 = 1 − Φ(
ln 2𝑥∗�푤,�푚,�푛 − ln𝑥∗�푤,�푚,�푛 − 𝜎2�푤,�푚,�푛𝜎�푤,�푚,�푛 )

= 1 − Φ( ln 2 − 𝜎2�푤,�푚,�푛𝜎�푤,�푚,�푛 ) ,
(8)

where Φ(⋅) is the cumulative distribution function of the
standard normal distribution. Therefore, we can obtain the
quadratic equation regarding the scale parameter 𝜎�푤,�푚,�푛 as
follows:

ln 2 − 𝜎2�푤,�푚,�푛𝜎�푤,�푚,�푛 = Φ−1(1 − 𝑦�耠�푤,�푚,�푛𝑦�푤,�푚,�푛) . (9)

By solving the above equation, the value of 𝜎�푤,�푚,�푛 can be
obtained analytically.Then, the location parameter 𝜇�푤,�푚,�푛 can
be obtained by using (7). Since the value of 𝜎�푤,�푚,�푛 must be
positive, it can be obtained as follows:

𝜎�푤,�푚,�푛 = −Φ
−1 (1 − 𝑦�耠�푤,�푚,�푛/𝑦�푤,�푚,�푛) + √Φ−1 (1 − 𝑦�耠�푤,�푚,�푛/𝑦�푤,�푚,�푛)2 + 4 ln 2

2 . (10)

Again, similar to the case of the Weibull distribution, it is
assumed that an EV is fully charged at home in the morning
and then is not recharged until the end of the day. In this
case, the probability that an EV with range 𝑅 experiences
battery depletion, 𝑃�퐿�푁Depletion(𝑅 | 𝜇�푤,�푚,�푛, 𝜎�푤,�푚,�푛), is calculated
as follows:

𝑃�퐿�푁Depletion (𝑅 | 𝜇�푤,�푚,�푛, 𝜎�푤,�푚,�푛)
= 1 − Φ( ln𝑅 − 𝜇�푤,�푚,�푛𝜎�푤,�푚,�푛 ) . (11)

4.1.3. Analysis of the Tolerable Probability of Battery Depletion.
The previous subsection described the methodology for
calculating the battery depletion probability. The probability
of the EV range desired by each household is the tolerable
probability of battery depletion for the household. Figure 3
shows the distribution of the calculated tolerable probability
of battery depletion. In the calculation, it is assumed that the
car used most frequently in each household is replaced with
an EV. In addition, the figure illustrates the distribution with
and without the preferred deployment of charging stations.
It clarifies that around 80% of respondents have a tolerable
probability of less than 0.1%. This finding means that many
respondents expect a very lowprobability of battery depletion
compared with their daily travel distance. Around 10% of
respondents indicate a relatively high tolerable probability of
battery depletion, 10% to 50%. The comparison between the
two distribution functions, Weibull and log-normal, shows
that the log-normal distribution has a lower tolerable prob-
ability of battery depletion because of its higher skewness.
For both distribution functions, the distribution shifts in
the direction of the higher probability when the preferred
deployment of charging stations is implemented.The average
tolerable probabilities of battery depletion are 2.18% for

log-normal distribution and 2.61% for Weibull distribution
without the preferred deployment.These values shift to 2.82%
and 4.91% with the preferred deployment, respectively. This
result shows that the deployment of charging stations can
reduce range anxiety and make people accept the short range
of an EV.

4.2. Desired Range Model and Analysis. If changes in the
desired EV range can be modeled, the effects of varying
charging station deployment can be incorporated into the
analysis of EV purchasing intentions. For the parameter esti-
mation, the desired EV ranges obtained in the questionnaire
can be used. Two answers are obtained from each household
(i.e., the answers for with and without the preferred deploy-
ment of charging stations). To consider the dependency
between these two answers from the same household, a
bivariate probabilistic distribution should be applied.

4.2.1. Desired Range Model Based on a Bivariate Weibull
Distribution. A bivariate Weibull distribution is applied in
some studies of statistics or relatability engineering [40–44].
Based on Hougaard [41], for two random variables, 𝑅1 and𝑅2, which correlate with each other and follow aWeibull dis-
tribution, the survival function (complementary cumulative
distribution function) 𝐹BW(𝑟1, 𝑟2 | 𝜆1, 𝜆2, 𝑘1, 𝑘2, 𝛾) can be
expressed as follows:

𝐹BW (𝑟1, 𝑟2 | 𝜆1, 𝜆2, 𝑘1, 𝑘2, 𝛾) = 𝑃 (𝑅1 > 𝑟1, 𝑅2 > 𝑟2)
= exp[−{( 𝑟1𝜆1)

�푘1/�훾 + ( 𝑟2𝜆2)
�푘2/�훾}�훾] , (12)

where 𝜆1 and 𝜆2 are scale parameters, 𝑘1 and 𝑘2 are shape
parameters, and 𝛾 is the joint parameter for considering the
correlation.
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Figure 3: Distribution of the tolerable probability of battery deple-
tion.

In this study, the answers about the desired EV range are
chosen from nine range categories. Then, the probability that
household 𝑛 desires range 𝑟0,�푘−1∼𝑟0,�푘 without deployment and𝑟1,�푗−1∼𝑟1,�푗 with deployment, 𝑃BW(𝑟0,�푘−1 < 𝑅∗0,�푛 ≤ 𝑟0,�푘, 𝑟1,�푗−1 <𝑅∗1,�푛 ≤ 𝑟1,�푗), can be expressed as follows:

𝑃BW (𝑟0,�푘−1 < 𝑅∗0,�푛 ≤ 𝑟0,�푘, 𝑟1,�푗−1 < 𝑅∗1,�푛 ≤ 𝑟1,�푗)
= 𝐹BW (𝑟0,�푘−1, 𝑟1,�푗−1 | 𝜆1,�푛, 𝜆2,�푛, 𝑘1,�푛, 𝑘2,�푛, 𝛾)
− 𝐹BW (𝑟0,�푘−1, 𝑟1,�푗 | 𝜆1,�푛, 𝜆2,�푛, 𝑘1,�푛, 𝑘2,�푛, 𝛾)
− 𝐹BW (𝑟0,�푘, 𝑟1,�푗−1 | 𝜆1,�푛, 𝜆2,�푛, 𝑘1,�푛, 𝑘2,�푛, 𝛾)
+ 𝐹BW (𝑟0,�푘, 𝑟1,�푗 | 𝜆1,�푛, 𝜆2,�푛, 𝑘1,�푛, 𝑘2,�푛, 𝛾) ,

(13)

where 𝑅∗�푖,�푛 is the desired EV range for deployment condition𝑖, which takes a value of zero for the situation without the
preferred deployment and a value of one for that with the
preferred deployment. To satisfy the positive value of the scale
parameter 𝜆�푖,�푛 and shape parameter 𝑘�푖,�푛, we formulate them
as follows:

𝜆�푖,�푛 = exp (𝛽BWxBW�푖,�푛 ) , (14a)

𝑘�푖,�푛 = exp (𝛼BWyBW�푖,�푛 ) , (14b)

where xBW�푖�푛 and yBW�푖,�푛 are the vectors of the explanatory
variables for the scale parameter and shape parameter for
deployment condition 𝑖, respectively. 𝛽BW and 𝛼BW are the
vectors of the unknown parameters for them. In this case, the
expected value of the desired EV range is expressed as follows:

𝐸BW [𝑅∗�푖,�푛] = 𝜆�푖,�푛Γ(1 + 1𝑘�푖,�푛) , (15)

where Γ(⋅) is a gamma function. By incorporating the
explanatory variables on the deployment condition of charg-
ing stations into (14a) and (14b), we can obtain the desired
range of each household for that deployment condition
through (15).

4.2.2. Desired Range Model Based on a Bivariate Log-Normal
Distribution. In the case of the log-normal distribution, the
probability that household 𝑛 desires range 𝑟0,�푘−1∼𝑟0,�푘 without
the preferred deployment of charging stations and 𝑟1,�푗−1∼𝑟1,�푗
with the deployment, 𝑃BLN(𝑟0,�푘−1 < 𝑅∗0,�푛 ≤ 𝑟0,�푘, 𝑟1,�푗−1 < 𝑅∗1,�푛 ≤𝑟1,�푗), can be expressed as follows [45, 46]:

𝑃BLN (𝑟0,�푘−1 < 𝑅∗0,�푛 ≤ 𝑟0,�푘, 𝑟1,�푗−1 < 𝑅∗1,�푛 ≤ 𝑟1,�푗)
= 𝐹BLN( ln (𝑟0,�푘) − 𝜇0,�푛𝜎0,�푛 , ln (𝑟1,�푗) − 𝜇1,�푛𝜎1,�푛 , 𝜌)

− 𝐹BLN( ln (𝑟0,�푘−1) − 𝜇0,�푛𝜎0,�푛 , ln (𝑟1,�푗) − 𝜇1,�푛𝜎1,�푛 , 𝜌)

− 𝐹BLN( ln (𝑟0,�푘) − 𝜇0,�푛𝜎0,�푛 , ln (𝑟1,�푗−1) − 𝜇1,�푛𝜎1,�푛 , 𝜌)

+ 𝐹BLN( ln (𝑟0,�푘−1) − 𝜇0,�푛𝜎0,�푛 , ln (𝑟1,�푗−1) − 𝜇1,�푛𝜎1,�푛 , 𝜌) ,

(16)

where 𝐹BLN(⋅) is the cumulative distribution function of the
bivariate log-normal distribution. For deployment condition𝑖, 𝜇�푖,�푛 is the mean value (location parameter) and 𝜎�푖,�푛 is the
standard deviation (scale parameter) of the logarithmic range
value and 𝜌 is the correlation coefficient.

In this study, similar to the case of the Weibull distribu-
tion, 𝜇�푖,�푛 and 𝜎�푖,�푛 are formulated as follows:

𝜇�푖,�푛 = 𝛽BLNxBLN�푖�푛 , (17a)

𝜎�푖,�푛 = exp (𝛼BLNyBLN�푖,�푛 ) . (17b)

In this case, the expected value of the desired EV range is
expressed as follows:

𝐸BLN [𝑅∗�푖,�푛] = exp(𝜇�푖,�푛 + 𝜎
2
�푖,�푛2 ) . (18)

4.2.3. Estimation Results of the Desired Range Models. Table 2
shows the estimation results. To compare the effect of deploy-
ing charging stations at different locations, the parameters
of the deployment ratios are retained even if they are
insignificant. The negative parameter estimates for 𝜇�푖,�푛 and𝜆�푖,�푛 decrease the desired range. The table shows that the
deployment locations have different effects. Deployment at
large-scale retail facilities, parking places at the workplace,
and public facilities reduces the desired EV range. Deploy-
ment at small-scale retail facilities and expressway rest areas
also has a significant reducing effect. That is, the deployment
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of charging stations at these locations can reduce range
anxiety.

On the contrary, placing charging stations at gas stations,
which are considered to be a typical deployment location,
does not have a significant effect. A reasonable explanation
for this is that charging takes longer than refueling, and hence
gas stations may not be convenient to use in daily life. While
the shape parameter 𝑘�푖,�푛 of the Weibull distribution is the
denominator in (15), the squared value of the scale parameter𝜎�푖,�푛 of the log-normal distribution is the numerator in (18).
That is, it is difficult to compare them.Nonetheless, it is found
that a few variables have a significant impact. The possibility
of having a charging station at home and the householder’s
gender tend to have an effect. Lastly, the AIC values show
that themodel based on theWeibull distribution has a slightly
better fit.

5. Analysis of EV Purchasing Intentions

In this section, the EV purchasing intentions of households
are analyzed. As mentioned above, two hypothetical EV
features were shown and the preferences for purchasing an
EV were asked for each. To take account of the dependency
between the two answers from the same household, the
probability of purchasing an EV is expressed by using a
bivariate binary probit model as follows:

𝑈1,�푛 = 𝑉1,�푛 + 𝜉1,�푛 = 𝛾z1,�푛 + 𝜉1,�푛, (19a)

ℎ1,�푛 = {{{
1 if 𝑈1,�푛 > 0
0 if 𝑈1,�푛 ≤ 0, (19b)

𝑈2,�푛 = 𝑉2,�푛 + 𝜉2,�푛 = 𝛾�耠 + 𝛾z2,�푛 + 𝜉2,�푛, (20a)

ℎ2,�푛 = {{{
1 if 𝑈2,�푛 > 0
0 if 𝑈2,�푛 ≤ 0, (20b)

where, for household 𝑛,𝑈�푖,�푛 is the utility of purchasing the EV
indicated in the 𝑖th question (where 𝑖 is 1 or 2 in this study).𝑉�푖,�푛 and 𝜉�푖,�푛 are its systematic and error terms, respectively.
z�푖,�푛 and 𝛾 are the vectors of the explanatory variables and
parameters, respectively. ℎ�푖,�푛 is a dummy indicator taking the
value of one when the decision is to purchase an EV and zero
otherwise.

Although the same parameter estimates in 𝛾 are expected
for both utility functions, an additional parameter 𝛾�耠 is
included to consider bias (e.g., due to fatigue) in the second
question. In addition, the difference in error variances is
taken into account. In this case, for example, the probability
that household 𝑛 decides to purchase the EV for both SP
questions can be expressed as follows:

𝑃 (ℎ1,�푛 = 1, ℎ2,�푛 = 1) = 𝑃 (𝑈1,�푛 > 0, 𝑈2,�푛 > 0)
= 𝐹BLN (𝑉1,�푛, 𝑉2,�푛/𝑟, 𝜏) , (21)

where 𝑟 is the ratio of the standard deviations of the two error
terms and 𝜏 is the correlation coefficient between them.

Table 3 shows the parameter estimates of the EV pur-
chasing models. In the models, the EV range-related vari-
ables, namely, the desired range and probability of battery
depletion, are calculated by using the Weibull distribution-
based models established in Sections 4.1.1 and 4.1.2. This is
because the Weibull distribution showed a better fit than
the log-normal distribution in Section 4.1.2. In this analysis,
to understand how households evaluate the EV range, three
models with different range-related variables are considered:
the logarithmic value of EV range (Model 1), the logarithmic
ratio of the EV range to the desired EV range (Model 2), and
the logarithmic value of 1 − the probability of battery deple-
tion (Model 3).Theprobability of battery depletion for the EV
range is calculated as a weighted average value based on the
use frequency for all the cars owned in each household. The
key explanatory variables such as price, charging time, and
the deployment ratio of charging stations are retained even
if their parameter estimates are not statistically significant.
Lastly, the maximum saving in operational costs with the EV
is calculated based on the daily driving distance distribution
of the car used most frequently in the household.

From these results, we find that vehicle capacity and
price are significant parameters for all models. These are
therefore the key factors in deciding to purchase an EV. On
the contrary, charging time, which is frequently focused on
in the literature, is not significant for all models. A reasonable
explanation for thismay be that respondentsmay not take the
disadvantages seriously into account when completing an SP
questionnaire. Although the ratio of charging station deploy-
ment at expressway rest areas has a significant influence in
some models, gas station deployment does not, as seen in
the estimation result for the desired range (Table 2). That is,
in the case of an EV purchasing decision, the deployment of
charging stations at gas stations also has little attraction.

As for the estimates related to the EV range-related
variables, they have significant parameters for all models,
and it is shown that a longer range enhances EV purchasing
intention. Model 3 shows that the possibility of charging at
home dissipates the anxiety of battery depletion. From the
point of view of the model fitness indices, however, Model
3 is inferior to Model 1 and Model 2. Model 1 shows a slightly
better fit than Model 2. Thus, these results demonstrate
that households do not consider the probability of battery
depletion when deciding to purchase an EV. Instead, they
tend to evaluate the EV’s range by itself or directly compare it
with their desired range.

6. Conclusion and Future Research

In this research, the authors investigated concerns about an
EV’s range and battery depletion by using the data obtained
from a questionnaire survey. Specifically, a probabilistic
distribution of the daily travel distance and a model of
the desired EV range were developed and analyzed. In
addition, EVpurchasing decisionmodels were developed and
analyzed.

The results of this analysis demonstrate that a risk
of battery depletion of about 2% is tolerated without the
preferred deployment of charging stations, and this rises to
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Table 3: Estimation results of the three EV purchase models.

Model 1 Model 2 Model 3

Constant −0.354 −1.07∗ −0.411
Capacity 0.122∗∗ 0.119∗∗ 0.132∗∗
ln(price) (1000 yen) −1.12∗∗ −1.09∗∗ −1.15∗∗
ln(time for charging) (hours) −0.180 −0.151 −0.244
Vehicle range-related variables

ln(vehicle range) (100 km) 0.443∗∗
ln(vehicle range/desired vehicle range) (100 km)† 0.312∗∗
ln(1 − probability of battery depletion)† 1.33∗
Interaction with the possibility of charging at home (dummy) −1.35∗

Charging station deployment rate
Gas stations 0.0260 0.0596 0.139
Expressway rest areas 0.264(∗) 0.237 0.393∗

Maximum saved operation cost with an EV (yen/month)† 0.115(∗) 0.107(∗) 0.179∗
Constant (second answer) −0.224 −0.178 −0.280
Standard deviation of the error term (second answer) 1.20∗∗ 1.15∗∗ 1.45∗∗
Correlation coefficient 0.411∗∗ 0.390∗∗ 0.352∗∗
Number of samples 394
Log-likelihood only with constant 𝐿𝐿(0) −546.2
Final log-likelihood 𝐿𝐿(𝛽,𝛼) −467.9 −466.2 −474.7
Rho-squared value 0.143 0.146 0.131
Adjusted rho-squared value 0.123 0.126 0.109
(∗)�푝 < 0.1, ∗�푝 < 0.05, and ∗∗�푝 < 0.01. †Variable calculated by using the probabilistic distribution of a household’s daily travel distance.

around 3–5% with deployment at the preferred locations.
TheWeibull and log-normal distributions were applied to the
desired EV range model. The estimation results show that
the applicability of the Weibull distribution is slightly higher.
In addition, it is found that the deployment of charging
stations in locations where drivers tend to remain parked
for longer periods such as large-scale retail facilities and
workplaces relieves the range anxiety of EVs and thus reduces
the desired range.Moreover, making charging available at gas
stations has no significant effect of reducing the desired EV
range. Moreover, based on the estimation result of the EV
purchasing decision model, charging time does not have a
significant effect on the decision to purchase an EV. Lastly,
it is found that households do not consider the probability of
battery depletion when deciding to purchase an EV; rather,
they tend to evaluate the EV’s range by itself or compare it
with their desired range.

Future research on this topic should consider a more
detailed investigation of EV purchasing behavior in two
main directions: the purchase of an additional vehicle and
the purchase of a replacement vehicle. When replacing an
existing vehicle, the household must decide which existing
car to release. Further, it can be expected that the usage of
cars in a household will change after purchasing a new EV.
The authors will continue to analyze the data with respect to
these points.
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Location of public charging stations, range limit, and long battery-charging time inevitably affect drivers’ path choice behavior and
equilibrium flows of battery electric vehicles (BEVs) in a transportation network. This study investigates the effect of the location
of BEVs public charging facilities on a network with mixed conventional gasoline vehicles (GVs) and BEVs. These two types of
vehicles are distinguished from each other in terms of travel cost composition and distance limit. A bilevel model is developed
to address this problem. In the upper level, the objective is to maximize coverage of BEV flows by locating a given number of
charging stations on road segments considering budget constraints. A mixed-integer nonlinear program is proposed to formulate
this model. A simple equilibrium-based heuristic algorithm is developed to obtain the solution. Finally, two numerical tests are
presented to demonstrate applicability of the proposedmodel and feasibility and effectiveness of the solution algorithm.The results
demonstrate that the equilibrium traffic flows are affected by charging speed, range limit, and charging facilities’ utility and that
BEV drivers incline to choose the route with charging stations and less charging time.

1. Introduction

Carbon-based emissions and greenhouse gases are critical
global issues, where transport sector is a significant contrib-
utor. A cost-effective strategy for reducing emissions is effi-
cient use of alternative fuels. Cities, businesses, and govern-
ments have recognized electric vehicles (EVs) as an indis-
pensable part of smart and sustainable city frameworks [1],
because, comparing to conventional internal combustion
engines, EVs are more energy efficient [2]. Moreover, battery
electric vehicles (BEVs), as a type of alternative fuel vehicles,
have been developed as a promising solution for reducing
local air pollution at the point of operation [3], greenhouse
gas emissions [4], dependency on fossil oil, and improving
energy safety. Furthermore, EVs can be utilized to store
energy from renewable resources, such as wind, wave power,
and solar cells, to smoothen out the daily power fluctuation
in low peak periods [5] with the development of vehicle-to-
grid (V2G) technology [6–8]. For consumers, the monetary

savings of switching to a BEV can be significant due to
cheaper electricity cost comparing with gasoline [9]. How-
ever, the early BEV users still suffer from the inconvenience
of limited driving range, long charging time, and insufficient
public charging stations [1, 10].

Currently the driving range of EVs can vary greatly
between 60 km and 400 km by model and manufacturer,
while most of them have ranges between 100 km and 160 km
[11]. The EVs can be recharged using plug-in charging or
battery-swapping facilities. The plug-in charging is catego-
rized by voltage and power levels, leading to different charg-
ing times. Slow charging usually takes hours to charge while
fast charging can achieve 50% charge in 10–15 minutes [11].
Range anxiety, when the driver is concerned that the vehicle
will run out of battery before reaching the destination, is
a major hindrance for the market penetration of EVs [12]
and will inevitably add a certain level of restrictions to BEV
drivers’ path choices, at least in a long future period prior
to the massive coverage of recharging infrastructures [13].
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Governments and automotive manufacturers have recog-
nized the environmental value of EVs and, therefore, are
encouraging BEV ownership through economic incentives
and more public charging station deployment [14].

Explicitly incorporating the range limit into facility loca-
tion problem (FLP) can be traced back to flow refueling
facility location problems (FRFLP) which utilized optimiza-
tion models to determine a set of locations to serve the
refueling demand in a network subject to a financial budget.
One branch of FRFLP sought to maximize demand coverage
by locating a fixed number of refueling facilities, which
was referred to as the maximal covering location problem
(MCLP). This problem has been typically formulated as
flow refueling location model (FRLM) [15–18], which served
demand along their shortest paths rather than demand at
their end points to maximize the coverage of these flows.
Typically, they used modifications of flow-capturing or flow
interception location models (FILM) [19, 20], which were
path-based version of MCLP. In FILM, for each O-D pair, the
shortest path between the O-D pair is considered as covered
if it passes through at least one node that contains a refueling
facility. The developed FRLM models have been compared
empirically for specific scenarios in order to choose one
location model over another [21]. Furthermore, in another
attempt, a flow-based refueling-station-location model was
proposed based on a set covering concept and vehicle-routing
logics considering both intercity and intracity travel [22, 23].
The above model was reformulated and a flexible mixed-
integer linear programmingmodel was presented, which was
able to obtain an optimal solution much faster than the
previous set cover version. Moreover, the model also could
be solved in the maximum cover form [24].

Along another track, a large variety of other approaches
have been proposed to address the locations of EV public
charging infrastructures.Huang et al. [11] proposed a geomet-
ric segmentationmethod to find the optimal location for both
slow and fast charging stations. Sweda andKlabjan [25] devel-
oped an agent-based decision support system and a variant
maximal covering location problem for EV charging infras-
tructure deployment. Asamer et al. [26], by using 800 electric
taxis’ operational data in the city of Vienna, Austria, proposed
a two-phase decision support system. Nie and Ghamami [3]
presented a conceptual optimization model to analyze travel
by EV along a long corridor whose objective was to select the
battery size and charging capacity (in terms of both the charg-
ing power at each station and the number of stations needed
along the corridor) to meet a given level of service. They
further proposed a fixed charge facility location model with
charging capacity constraints, considering drivers’ preference
for familiar parking lots [27]. Chen et al. [28] investigated
the optimal deployment of charging stations and lanes along
a long traffic corridor to serve the charging need of EVs
and examined the competitiveness of charging lanes over
charging stations. Xi et al. [29] developed a simulation-
optimization model that determined where to locate EV
charging stations to maximize their use by privately owned
EVs. Jung et al. [30] reported a simulation-optimization loca-
tion model including an upper level multiple-server alloca-
tion model with queueing delay and a lower level dispatch

simulation and provided a solution algorithm that fea-
tured itinerary-interception, stochastic demand, and queue-
ing delay. Dong et al. [31] analyzed the impact of public
charging station deployment on increasing electric miles
traveled. By considering transportation and power networks
andmaximizing the social welfare, He et al. [32] developed an
equilibrium-based modeling framework for locating plug-in
charging facilities. Riemann et al. [33] incorporated stochastic
user equilibrium (SUE) into a FCLM and aimed to capturing
the maximum EV path flow on a network. A global optimal
solution was applied to solve the proposed model. Wu and
Sioshansi [34] proposed a stochastic flow-capturingmodel to
optimize the location of fast charging stations, addressing the
uncertainty of BEV flows. Zhu et al. [35] proposed a model
that simultaneously handled the problem of where to locate
the charging stations and howmany chargers should be estab-
lished in each charging station to minimize the total cost.

The location design problem of charging facilities can
be modeled as a Leader-Follower Stackelberg game where
the decision makers are the leaders who decide the facility
deployment and the BEV users are the followers who can
choose their paths freely.Most of the previous studies focused
on user equilibrium (UE) problems with BEVs. Among
these studies, Jiang et al. [13] first introduced a path-con-
strained deterministic traffic assignment problem and further
extended this work by considering trip chain and range
anxiety analysis [36–39]. Zheng et al. [40] presented a bilevel
model to locate charging facility and minimize all users cost
in the upper level and to find path-constrained equilibrium
BEV flows in the lower level. Jing et al. [41] provided a
comprehensive review for the equilibriumnetworkmodeling.
However, the driving distance limit, to the best of our knowl-
edge, has not been considered in stochastic network equilib-
riummodels, especially in the mixed flow transport network.
Moreover, to tackle the range anxiety problem with a limited
budget, the charging facilities should be accessible to as many
EVs as possible [11]. It can be an efficient way to deploy the
public charging facilities on the links wheremost BEVdrivers
use to increase the utilization and perception of the public
charging facilities, which promotes BEV acceptance and
relieve range anxiety [31]. Given the high cost of building pub-
lic charging stations and financial constraints, it is essential to
optimize the location of facilities in a network that provides
the maximum exposure and utilization by BEV drivers. Since
various factors influence BEV drivers’ charging decision,
such as stochasticity of range anxiety, initial battery energy
state, battery energy consumption ratio, and battery capacity,
considering those factors in themodel is of great importance.

In this study, we present a novel bilevel public charg-
ing infrastructure location model that maximizes the total
captured BEV link flows, considering BEV range limits and
SUE principle to capture BEV drivers’ route choice behavior
in a network with mixed BEV and gasoline vehicles (GVs).
The objective of the upper level of the model is to cover the
maximum BEV link flows in a network by deploying a given
number of charging facilities. In other words, the model aims
tomaximize the number of BEVswho can access the charging
facilities along their routes. In the lower level, the stochastic
traffic assignment on the network is the primary factor that
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determines the location of charging facility deployment. In
general, a network equilibrium problem with multiple vehi-
cle/mode classes cannot be written as a convex mathematical
programming model, due to the existence of the asymmetric
Jacobi matrix caused by different impacts on travel cost from
different vehicle/mode classes [42]. The approaches to deal
with the asymmetric Jacobian elements can be attributed to
Jiang and Xie [43] and Ryu et al. [44]. It should be noted that
relaxing the asymmetric restriction inevitably degrades the
realism of traffic assignment model. However, in our model,
the general compositions of path travel cost functions of the
two vehicle classes, that is, GVs and BEVs, are similar. The
only differences between these two types of vehicles lie in two
flow-independent terms, namely, charging facility utility and
charging time and thus their flow-time impacts on each other
are symmetric (i.e., the impact of GVs on the travel times of
BEVs is the same as the impact of BEVs on the travel times of
GVs).

Modeling a traffic network with realistic refueling behav-
iors may require accommodating different routing objectives
(e.g., minimization of travel time, charging time, and/or
fuel consumption), different refueling services (e.g., battery-
charging service or battery-swapping service), and different
types of vehicles (e.g., GVs and BEVs) [38]. All these factors
result in different path travel cost perception and route choice
behaviors. It is evident that BEV drivers have inherent differ-
ences in travel behavior from GV drivers and specifically
range limit, charging speed, and charging stations locations
have significant influence on BEV drivers’ decision-making
process [45].

This paper focuses on several factors to explicitly capture
BEV drivers’ behavior with the stochastic traffic assignment.
However, we understand the limitations of the stochastic
traffic assignment in the lower level for accurately capturing
realistic situations. It is believed that the results from this
paper can provide some guidelines for locating BEV charging
facility and basic insights of BEV drivers’ behavior. Despite
all the realistic situations, most data, such as demand, initial
battery state of charge, and actual range limit, are difficult to
obtain and this method and objective are easy to implement
especially at the early stage of expanding EV market share.
First, BEVs’ range limit is considered as travel distance such
that any path whose distance is greater than its range limit
(referred to as infeasible paths) would not be chosen if
the existing charging facility could not help finish the trip.
Second, availability of charging facility would affect the route
choice in a way that those infeasible paths may become feasi-
ble after recharging at the charging facilities on the path. Fur-
thermore, the utility theory is applied to charging facility;
that is, BEV drivers are more likely to choose the path with
charging facilities over others without charging facilities even
if they have equal path travel time. In addition, traffic conges-
tion effects on travel time are also taken into consideration in
BEV drivers’ route choice behavior but not in the range limit
constraint. Lastly, under the principle of perceived individual
cost minimization, the path cost structure in the lower level
model consists of flow-dependent path travel time, charging
time, and utility of charging facilities (equivalent to given
amount of travel time reduction). Specifically, the lower level

model can be stated as follows: in a traffic network with fixed
GV and BEV travel demand between each O-D pair and a
set of charging facilities at known locations, the problem is to
find such a traffic flow pattern that each trip maker chooses a
path along which his or her least perceived cost is minimized
and the vehicle can be charged before running out of energy
before arriving at the destination. Meanwhile, no one can
improve his/her perceived travel cost by unilaterally changing
a path. Given the sufficient coverage of gasoline stations and
GVs’ large fuel capacity, GVs’ route choice is not affected by
any other costs incurred by refueling requirement, except for
travel time.

The contributions of this study are threefold. Firstly, a
maximal flow-covering (MFC) model, that is, a modification
of classic MCLP, is proposed to maximize BEV flow coverage
by locating a fixed number of charging facilities in the bilevel,
equilibrium-optimization framework. Coverage is achieved
when the charging facilities are located on the BEV route.
Secondly, the effects of driving distance limit constraints,
charging facility availability, charging facility utility, and
traffic congestion are accommodated in BEVs’ route choice
behavior. The equilibrium BEV flow pattern is determined
endogenously by the general SUE traffic assignment model
with driving distance limit constraints, in which the mutual
interactions between the location of charging facilities and
resultant equilibrium BEV link flow patterns are modeled.
Finally a heuristic algorithm is proposed to solve the mixed-
integer nonlinear program.

The remainder of this paper is organized as follows. In
Sections 2 and 3, we elaborate the problem definition and
formulation. Section 4 presents the solution methodology
and details its algorithmic implementations, while Section 5
describes the numerical results from applying the algorithmic
procedure for a small network and Sioux Falls network. In
the end, we conclude the article and point out some future
research directions in Section 6.

2. Problem Description,
Assumptions, and Notation

BEVs rely entirely on electricity as a single power source
and are designed to be charged at the charging facilities.
BEVs’ electricity consumption is typically proportional to the
driving distance, resulting in a driving range limit because
of the battery capacity. On the basis of current battery
technology, charging a BEV still takes more time than
refueling a GV’s fuel tank. The distance limit, the charging
time, and the location of the charging facilities inevitably
change BEV drivers’ route choice behavior in a stochastic
manner where BEV drivers may have imperfect information
regarding their travel cost over the entire mixed flow (i.e.,
BEVs and GVs) traffic network. The massive adoption of
BEVs requires a certain level of coverage of the charging
facility. Given the financial budget and high cost of installing
public chargers, it is a sound approach to maximize the pass-
ing BEV population on the links where charging facilities are
deployed.

This paper considers a strongly connected transportation
network with both BEVs and GVs demands, denoted by
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𝐺 = (𝑁,𝐴), where 𝑁 is the set of nodes and 𝐴 is the set
of links. 𝑅 ⊆ 𝑁 and 𝑆 ⊆ 𝑁 denote the sets of origins
and destinations, respectively. The objective of this proposed
bilevel model is to locate a given number of BEV charging
facilities for covering maximum BEV flows on the mixed
traffic flow network. All the candidate charging facility loca-
tions are grouped into a set of pseudonodes in the middle of
the links denoted by 𝑍. GVs and BEVs are distinguished by
their driving distance limits, travel cost composition, and the
availability of refueling facilities.

Without loss of generality, the following assumptions are
made:
(A1) The technological characteristics of BEVs and demo-

graphic features of BEV drivers are homogeneous in
the network, and so are GVs and GV drivers. Only
one type of BEV with identical driving distance limit
and battery consumption rate is considered.

(A2) Every vehicle is fully charged at its origin.
(A3) The variation of BEV drivers’ range anxiety level and

risk-taking behaviors are ignored.
(A4) A charging facility is deployed on the midpoint of the

link in the network.
(A5) The facilities have unlimited charging capacity.

Hence, an EV can get charged without delay after
its new arrival. En route charging time at the public
charging facilities is linear related to the remaining
distance to reach the destination.

(A6) The BEV link flow is covered if a charging facility
exists on this link.

(A7) The deployment of a charging facility on a route/path
would increase the “attractiveness” or “utility” of this
route.The utility of a charging facility is considered as
a fixed value and converted into travel time reduction.

(A8) Travel demand of both GV and BEV between each O-
D pair is fixed.That is, elastic and stochastic demands
are not considered in this model.

See the Notations for variables and parameters used
throughout this paper, where subscripts 𝑔 and 𝑒 indicate vari-
ables or parameters associatedwithGVandBEV, respectively.

3. Model Formulation

In this section, we formulate the bilevel optimization model
for the charging facility location problem. Bilevel problems
split the decisions of the system planner (leader, i.e., infras-
tructure developer in this paper) and system users (followers,
i.e., drivers) into two levels so that the subproblems are
solvable and an iterative approach can be used to achieve an
equilibrium state. The upper level aims at determining the
locations of charging facilities to increase an objective tomax-
imize the covered BEVs flows assuming BEVs flows remain
unchanged. The lower level subproblem is characterized as
BEV drivers’ route choice behavior with a generalized travel
cost structure. SUE conditions with mixed BEVs and GVs
assuming fixed locations of charging facilities from the upper
level subproblem are analysed.

3.1. Preliminaries. A feasible path for GVs between a given
O-D pair may be infeasible for BEVs because of the limited
driving distance range and absence of a charging facility.
Hence, a feasible path used by GVs can be decomposed into
several parts for BEVs according towhether a charging action
should be taken by BEV drivers at each charging station.
To model BEVs paths, three notions, namely, subpath, pure
subpath, and feasible subpath, proposed by Xie and Jiang
[38], are introduced in the formulation of the lower level
stochastic assignment problem and three charging action
based scenarios are analyzed as follows.

Subpath. A part of path 𝑘 connecting O-D pair (𝑟, 𝑠) is a
subpath if charging stations are located at the head and tail
nodes/pseudonodes of this part. A subpath consists of a
number of consecutive links and half links since we assume
charging stations locate in the middle of the links. We denote𝑘𝑖𝑗, 𝑖, 𝑗 ∈ 𝑍, as a subpath of path 𝑘, where charging station𝑖(𝑗) is the head (tail) node of this subpath. 𝑙𝑟𝑠,𝑖𝑗

𝑘
is the length

of the subpath.

Pure Subpath. Subpath 𝑘𝑖𝑗 is a pure subpath if there are no
other charging facilities on this subpath except 𝑖 and 𝑗.
Feasible Subpath. Subpath 𝑘𝑖𝑗 is feasible on path 𝑘 of O-D pair(𝑟, 𝑠), if its length is no greater than BEV driving distance
limit; that is, 𝑙𝑟𝑠,𝑖𝑗

𝑘
≤ 𝐷𝑒.

The concept of subpaths allows us to better illustrate the
BEV drivers’ path travel cost structure and add the driving
distance constraint.

The generalized path travel cost is composed of three
parts: path travel time, path charging time, and equiva-
lent travel time reduction (the utility of charging facilities
on attracting BEV drivers). Without loss of generality, we
consider 3 scenarios based on the relationship between the
driving distance limit 𝐷𝑒 and subpath distances. For a given
path 𝑘 shown in Figure 1, path travel time and equivalent
travel time reduction are fixed and can be represented by a
consistent form: 𝑐𝑟𝑠𝑘 + 𝑡𝑟𝑠𝑢,𝑘, where 𝑡𝑟𝑠𝑢,𝑘 = 2 ⋅ 𝑡𝑜𝑢. Note that 𝑡𝑜𝑢 is a
nonpositive value.

Scenario 1. There is no need for charging. When 𝑙𝑟𝑠𝑘 ≤ 𝐷𝑒,
the BEV driver can reach the destination without en route
charging. The generalized path travel cost is 𝑐𝑟𝑠𝑘𝑒 = 𝑐𝑟𝑠𝑘 + 2 ⋅ 𝑡𝑜𝑢.
Scenario 2. If any pure subpath distance exceeds the driving
distance limit𝐷𝑒, this path becomes infeasible to BEVdrivers.
In other words, if path 𝑘 cannot be decomposed into a set
of feasible subpaths, path 𝑘 is not feasible. In this case, the
generalized path travel cost becomes extremely large and the
probability of choosing this path is zero.

Scenario 3. Charging is needed to reach the destination. If the
path distance is larger than the distance limit (i.e., 𝑙𝑟𝑠,𝑟𝑠

𝑘
≥ 𝐷𝑒)

and the distances of its all pure subpaths are less than 𝐷𝑒,
the BEVs need to charge at least once. BEVs would charge as
little as possible to reduce the path travel time.Theminimum
charging time is 𝑡𝑟𝑠𝑐,𝑘 = 𝜀 ⋅ (𝑙𝑟𝑠,𝑟𝑠𝑘 − 𝐷𝑒). The generalized path
travel cost is 𝑐𝑟𝑠𝑘𝑒 = 𝑐𝑟𝑠𝑘 + 2 ⋅ 𝑡𝑜𝑢 + 𝑡𝑟𝑠𝑐,𝑘.
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Figure 1: Illustration of subpaths definitions. We consider a path 𝑘
ofO-Dpair (𝑟, 𝑠), alongwhich nodes 𝑖 and 𝑗 are located in themiddle
of links 𝑎𝑏, 𝑏𝑠, respectively. There exist 3 pure subpaths denoted by
dotted lines, namely, 𝑘𝑟𝑖, 𝑘𝑖𝑗, and 𝑘𝑗𝑠, and another 3 subpaths 𝑘𝑟𝑗, 𝑘𝑟𝑠,
and 𝑘𝑖𝑠 by solid lines on path 𝑘. These subpaths are feasible if their
distance is less than the BEV driving distance limit𝐷𝑒.

For GVs, the generalized path travel cost is 𝑐𝑟𝑠𝑘𝑔 = 𝑐𝑟𝑠𝑘 .
Hence, BEV drivers are more likely to choose path 𝑘 than GV
users under Scenario 1 due to the utility (attractiveness) of the
charging facilities on this path, while only GV drivers would
choose this path under Scenario 2 because of the infeasible
pure subpath. A trade-off between charging time and charg-
ing facility utility should be made to identify the generalized
travel cost difference of BEVs and GVs under Scenario 3. For
example, charging time of fast charging or battery swapping
may be shorter than the equivalent travel time reduction
converted from the charging facility utility, and thus more
BEVs would be assigned to this path even if they may need
several charging instances on this path. If multiple charging
stations are available on a path, BEV drivers will go through
the following process to decide whether charging should be
conducted at a station. Let us consider Scenario 3 only where
each pure subpath is feasible for BEVs to reach the destination
without running out of energy. When arrived at a charging
station, BEVs would not charge at the current charging
station if they can reach the next one without charging.

3.2. Bilevel Model Formulation. Given the key concepts and
terms above, we define the upper level problem as

max
x

𝐹 [x, k (x)]
Subject to 𝐸 [x, k (x)] ≤ 0, (1)

where k(x) is implicitly determined in the lower level problem

min
k

𝑓 [x, k]
Subject to 𝑒 [x, k] ≤ 0, (2)

where 𝐹 and 𝐸 are the objective function and constraints
of the upper level problem while 𝑓 and 𝑒 are those of the
lower level distance-constrained SUE model. 𝐹 models the
total covered BEV link flows and 𝐸 guarantees the number of
charging facilities to be equal to the given design value. x and
k are decision variables for upper and lower level problems;

that is, x and k denote charging facility locations and BEV
link flow pattern, respectively. Subsequent sections detail
the mathematical properties of both upper and lower level
subproblems.

Furthermore, in the lower level distance-constrained SUE
problem inmixed traffic flow networks, the link performance
functions are assumed to be a BPR (Bureau of Public Road)
type function as follows:

𝑡𝑎 (V𝑎,𝑔, V𝑎,𝑒) = 𝑡0𝑎 (1 + 0.15 × (V𝑎,𝑔 + V𝑎,𝑒𝐻𝑎 )4) ,
𝑎 ∈ 𝐴.

(3)

As 𝑡𝑟𝑠𝑐,𝑘 and 𝑡0𝑢 are flow-independent, we can easily obtain
the Jacobi matrix for the lower level problem, with its
elements given for GVs and BEVs, respectively, as follows:

𝜕𝑐𝑟𝑠𝑘𝑔𝜕V𝑎,𝑒 = 𝜕𝑐𝑟𝑠𝑘𝑒𝜕V𝑎,𝑔 = 0.6∑𝑎∈𝐴𝑡0𝑎𝛿𝑟𝑠𝑎,𝑘
(V𝑎,𝑔 + V𝑎,𝑒)3𝐻𝑎4 . (4)

This proves that the Jacobi matrix is symmetric so that the
lower level model can be established as a convex mathemati-
cal problem.

3.2.1. Upper Level Formulation. The upper level problem
aims to maximize the total covered BEV link flows with the
deployment of a given number of charging facilities, where
the network coverage is defined as the total sum of BEV link
flows on only links with charging facility. That is,

max ∑
𝑎

V𝑎,𝑒𝑥𝑎 (5)

Subject to ∑
𝑎∈𝐴

𝑥𝑎 = 𝑝. (6)

Equation (6) is the budget constraint and can be relaxed as
locating the maximum number of 𝑝 facilities in the network
as shown in constraint (7). Consider

0 ≤ ∑
𝑎∈𝐴

𝑥𝑎 ≤ 𝑝. (7)

3.2.2. Lower Level Problem. The lower level problem is to
obtain the equilibriumBEVflowunder SUE routing principle
in a congested mixed traffic network considering charging
facility locations. The network is assumed to be connected;
that is, there is at least one path connecting each O-D
pair. We formulate the flow conservation and nonnegativity
constraints in the mixed traffic network as follows:

V𝑎 = ∑
𝑟

∑
𝑠

∑
𝑘

𝑓𝑟𝑠𝑘𝑔𝛿𝑟𝑠𝑎,𝑘 +∑
𝑟

∑
𝑠

∑
𝑘

𝑓𝑟𝑠𝑘𝑒𝛿𝑟𝑠𝑎,𝑘, ∀𝑎 ∈ 𝐴
𝑞𝑟𝑠𝑔 = ∑

𝑘

𝑓𝑟𝑠𝑘𝑔, ∀ (𝑟, 𝑠)
𝑞𝑟𝑠𝑒 = ∑

𝑘

𝑓𝑟𝑠𝑘𝑒 , ∀ (𝑟, 𝑠)
𝑓𝑟𝑠𝑘𝑔 ≥ 0, ∀ (𝑟, 𝑠) , 𝑘 ∈ 𝐾𝑟𝑠𝑔
𝑓𝑟𝑠𝑘𝑒 ≥ 0, ∀ (𝑟, 𝑠) , 𝑘 ∈ 𝐾𝑟𝑠𝑒 .

(8)
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The link travel cost functions are assumed to be separable
between different network links, and they are positive, mono-
tonically increasing, and strictly convex as well. The travel
cost for GV drivers includes travel time only, whereas BEV
drivers travel cost consists of travel time, charging time, and
charging facilities’ utility. The perceived path cost is equal to
the generalized path travel cost plus a random error term.

𝐶𝑟𝑠𝑘𝑔 = 𝑐𝑟𝑠𝑘𝑔 + 𝜉𝑟𝑠𝑘𝑔, 𝑘 ∈ 𝐾𝑟𝑠𝑔
𝐶𝑟𝑠𝑘𝑒 = 𝑐𝑟𝑠𝑘𝑒 + 𝜉𝑟𝑠𝑘𝑒, 𝑘 ∈ 𝐾𝑟𝑠𝑒 . (9)

Under SUE, for each O-D pair, GV and BEV flows are dis-
tributed on those paths that experience aminimumperceived
travel cost and no user can improve its perceived travel cost
by unilaterally changing its path. The probability that path 𝑘
is chosen (by both GV and BEV drivers) can be expressed as

𝑃𝑟𝑠𝑘 (𝐶𝑟𝑠𝑘 ) = Pr [𝐶𝑟𝑠𝑘 ≤ 𝐶𝑟𝑠𝑟 , ∀𝑟 ∈ 𝐾𝑟𝑠, 𝑟 ̸= 𝑘] . (10)

Thus, the SUE path flows are the solution of the following
equations:

𝑓𝑟𝑠𝑘𝑔 = 𝑞𝑟𝑠𝑔 𝑃𝑟𝑠𝑘𝑔 (𝐶𝑟𝑠𝑘𝑔) , ∀𝑘 ∈ 𝐾𝑟𝑠𝑔 , ∀ (𝑟, 𝑠) (11)

𝑓𝑟𝑠𝑘𝑒 = 𝑞𝑟𝑠𝑒 𝑃𝑟𝑠𝑘𝑒 (𝐶𝑟𝑠𝑘𝑒) , ∀𝑘 ∈ 𝐾𝑟𝑠𝑒 , ∀ (𝑟, 𝑠) . (12)

It has been proved that adding side constraints directly
into the general SUE model does not generate the probit-
based SUE traffic assignment with side constraints [46].
Jing et al. [47] proposed a solution framework by properly
selecting the path set for each O-D pair to ensure the
distances of all the used paths are within the BEV range limit
with no charging facilities in the network. We extend that
SUE model with path-distance constraints to include public
charging facilities.

min
V𝑎

𝑍 (k)
= −∑
𝑟𝑠

𝑞𝑟𝑠𝑔 𝑆𝑟𝑠𝑔 [𝑐rs (k)] − ∑
𝑟𝑠

𝑞𝑟𝑠𝑒 𝑆𝑟𝑠𝑒 [𝑐rs (k)]
+∑
𝑎

V𝑎𝑡𝑎 (V𝑎) −∑
𝑎

∫V𝑎

0
𝑡𝑎 (𝜔) 𝑑𝜔

(13)

Subject to 𝑓𝑟𝑠𝑘𝑒 (𝐷𝑒 − 𝑙𝑟𝑠,𝑖𝑗𝑘 ) ≥ 0,
∀ (𝑟, 𝑠) , 𝑘 ∈ 𝐾𝑟𝑠𝑒 , (𝑖, 𝑗) ∈ 𝑍𝑟𝑠𝑘 . (14)

The objective function (13) of the lower level problem is
the classical unconstrainedminimizationmodel proposed by
Sheffi [48], whose solution is equivalent to SUE conditions
satisfying network constraints (8). The novelty of this prob-
lem lies in the introduction of subpaths in path selection
procedure in constraints (14). It is easy to decide whether a
charging action should be taken when arriving at a charging
station tomake sure BEVs can reach the next charging station
or destination; namely, the subpath distance 𝑙𝑟𝑠,𝑖𝑗

𝑘
, (𝑖, 𝑗) ∈𝑍𝑟𝑠𝑘 , of path 𝑘 ∈ 𝐾𝑟𝑠𝑒 is less than 𝐷𝑒. Supposing that there

are 𝑍𝐿 charging stations deployed along a path for BEVs,
only less than 2𝑍𝐿 charging decision should be made and

𝑐2𝑍𝐿+2 subpaths exist when going through this path.Therefore,
by comparing the driving distance limit 𝐷𝑒 with subpath
distance 𝑙𝑟𝑠,𝑖𝑗

𝑘
, the set of feasible subpaths generated fromfinite

paths between each O-D pair can be predetermined. The
generation of feasible subpaths is illustrated in Figure 1 which
is similar to the way of predetermining battery-swapping
action based feasible paths in Xu et al. [49]. First we prove
the equivalence between the solution of the proposed model
(see (13)) and SUE solution. The Lagrangian function can be
written as𝐿 (k,𝜇) = −∑

𝑟

∑
𝑠

𝑞𝑟𝑠𝑔 𝑆𝑟𝑠𝑔 [𝑐rs (k)] − ∑
𝑟

∑
𝑠

𝑞𝑟𝑠𝑒 𝑆𝑟𝑠𝑒 [𝑐rs (k)]
+ ∑
𝑎

𝑥𝑎𝑡𝑎 (𝑥𝑎) −∑
𝑎

∫𝑥𝑎
0
𝑡𝑎 (𝜔) 𝑑𝜔

−∑
𝑟

∑
𝑠

∑
𝑘

𝜇𝑟𝑠,𝑖𝑗
𝑘𝑒

⋅ 𝑓𝑟𝑠𝑘𝑒 ⋅ (𝐷𝑒 − 𝑙𝑟𝑠,𝑖𝑗𝑘 ) ,
(15)

where 𝜇𝑟𝑠,𝑖𝑗
𝑘𝑒

is the Lagrangian multiplier corresponding to
path/subpath-distance constraint (14). 𝜇𝑟𝑠,𝑖𝑗

𝑘𝑒
𝑓𝑟𝑠𝑘𝑒 ⋅ (𝐷𝑒 − 𝑙𝑟𝑠,𝑖𝑗𝑘 )

can be perceived as the path out-of-range cost incurred when
the path/subpath distance exceeds the driving distance limit
of the BEV and it should fulfill the following conditions:

𝜇𝑟𝑠,𝑖𝑗
𝑘𝑒

= 0, if 𝑙𝑟𝑠,𝑖𝑗
𝑘

≤ 𝐷𝑒
𝜇𝑟𝑠,𝑖𝑗
𝑘𝑒

≥ 0, if 𝑙𝑟𝑠,𝑖𝑗
𝑘

> 𝐷𝑒. (16)

If the flow of BEV drivers going through this path is positive,
the path/subpath distance is smaller than or equal to the
driving distance limit; otherwise, the trip flow is zero. 𝜇𝑟𝑠,𝑖𝑗

𝑘𝑒
is the unit path/subpath out-of-range cost.

The first-order derivative of (13) must satisfy the SUE
conditions. Let

∇𝐿 (k,𝜇) = 0. (17)

The gradient with respect to link flow vector is

𝜕𝐿 (k,𝜇)𝜕V𝑏
= (−∑

𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑔

𝑞𝑟𝑠𝑔 𝑃𝑟𝑠𝑘𝑔𝛿𝑟𝑠𝑏,𝑘 −∑
𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑒

𝑞𝑟𝑠𝑒 𝑃𝑟𝑠𝑘𝑒𝛿𝑟𝑠𝑏,𝑘 + V𝑏) 𝑑𝑡𝑏𝑑V𝑏
−∑
𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑒

𝜇𝑟𝑠,𝑖𝑗
𝑘𝑒

⋅ (𝐷𝑒 − 𝑙𝑟𝑠,𝑖𝑗𝑘 ) 𝛿𝑟𝑠𝑏,𝑘.
(18)

Note that the extra path/subpath-distance constraints could
be infeasible if the distance of any selected subpath exceeds
the BEVs’ driving distance limit. If all the selected paths and
their subpaths are within driving distance limit, the subpath
out-of-range cost 𝜇𝑟𝑠,𝑖𝑗

𝑘𝑒
⋅ (𝐷𝑒 − 𝑙𝑟𝑠,𝑖𝑗𝑘 ) should be equal to zero.

The derivative of the SUE objective function becomes

𝜕𝐿 (k,𝜇)𝜕V𝑏
= (−∑

𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑔

𝑞𝑟𝑠𝑔 𝑃𝑟𝑠𝑘𝑔𝛿𝑟𝑠𝑏,𝑘 −∑
𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑒

𝑞𝑟𝑠𝑒 𝑃𝑟𝑠𝑘𝑒𝛿𝑟𝑠𝑏,𝑘 + V𝑏) 𝑑𝑡𝑏𝑑V𝑏 .
(19)
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The gradient equals zero if and only if

V𝑏 = ∑
𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑒

𝑞𝑟𝑠𝑒 𝑃𝑟𝑠𝑘𝑒𝛿𝑟𝑠𝑏,𝑘 +∑
𝑟

∑
𝑠

∑
𝑘∈𝐾𝑟𝑠𝑔

𝑞𝑟𝑠𝑔 𝑃𝑟𝑠𝑘𝑔𝛿𝑟𝑠𝑏,𝑘,
∀𝑏 ∈ 𝐴. (20)

Equation (20) expresses the SUE link flows consisting of
BEV and GV flows and the feasible solution can be ensured
by properly selecting paths. Then we can prove the Hessian
matrix of the SUE objective function is positive definite,
because the second derivative of∑𝑟∑𝑠∑𝑘∈𝐾𝑟𝑠𝑒 𝜇𝑟𝑠,𝑖𝑗𝑘𝑒 ⋅𝑓𝑟𝑠𝑘𝑒 ⋅ (𝐷𝑒−𝑙𝑟𝑠,𝑖𝑗
𝑘
)with respect to path flow equals zero.This proves that the

resulting SUE link flow pattern is unique.

4. Solution Method

The bilevel programming problem is NP-hard. Thus, we
propose an equilibrium-based heuristic to iteratively solve
the lower level SUE problem and the upper level problem.
The interaction between the upper and lower levels, shown
in Figure 2, captures the effect of charging facility location
on the routing behavior of BEV drivers, which further
determines the BEV and GV flow patterns. Initially, we
assume no charging facilities in the network. The lower level
problem is a stochastic traffic assignment of mixed GV and
BEV flows under path-distance constraints. After the first
run of the lower level problem, we can obtain the initial
BEV link flow pattern. The upper level problem then finds
the best 𝑝 charging facility locations to maximize the total
covered BEV flow. The obtained charging facility locations
will be compared with the previous location solutions. If
there is no change in charging facility location, the procedure
ends with the current solution; otherwise, the lower level
SUE assignment is repeated with updated charging facility
locations.

The detailed procedure is as follows. Note that a Multino-
mial Logit choice model is used in the lower level SUE TAP.

Step 1. Set upper level iteration counter 𝑧 = 1. Input initial
charging facility location, namely, no charging facility in
the network. Relax BEVs’ distance constraints and perform
conventional SUE assignment to identify the corresponding
SUE link flow pattern.

Step 2. Increase the upper level iteration counter by 1. Sort all
the links in ascending order of their BEV flows and find the
top 𝑝 of them. Locate the charging facilities (uncapacitated)
in the middle of the 𝑝 links.

Step 3. Perform SUE assignment with charging facilities in
the network from Step 2. The detailed steps are listed below.

Step 3.1 (subpath feasibility check). Set 𝑥𝑎(0) = 0 and 𝑡𝑎 =𝑡𝑎[𝑥𝑎(0)]. For each O-D pair, find 𝐾 shortest paths for both
GVs and BEVs in terms of free-flow travel time and record
them as initial path set. For each path of BEVs, identify
the path distance, the number of charging facilities on this
path, the location of charging facilities, and pure subpath

distances. If any pure subpath distance is greater than the
BEVs’ driving distance limit, set its corresponding path travel
time to infinity and this path becomes infeasible. If all the 𝐾
paths are infeasible, record this O-D pair to Set 𝐴. If Set 𝐴
is empty which means there exists at least one feasible path
between each O-D pair, go to the next step; otherwise, stop.

Step 3.2 (initialization). Calculate the generalized BEV path
travel cost 𝑐𝑟𝑠𝑘𝑒 and the probability of choosing each path to get
the auxiliary link flow pattern. Perform stochastic network
loading to assign the entire demand of each class of vehicles
between each O-D pair to the corresponding 𝐾 shortest
paths. This yields k𝑎,𝑔(1) and k𝑎,𝑒(1). Set iteration counter𝑛 = 1.
Step 3.3 (update). Calculate a new link cost in terms of 𝑡𝑎 =𝑡𝑎[ka(1)], ∀𝑎.
Step 3.4 (direction finding). Follow the same procedure
described in Step 3.1 to find 𝐾 shortest path for each class of
vehicles based on the current set of link travel times, {𝑡𝑛𝑎}. If all
the pure subpaths of the generated 𝐾 paths between an O-D
pair exceed the range limit, use initial path set in Step 3.1 and
perform stochastic network loading. This yields an auxiliary
link flow pattern {𝑦𝑎,𝑔}, {𝑦𝑎,𝑒}.
Step 3.5 (step size). A predetermined step size sequence {𝛼𝑛}
is used: 𝛼𝑛 = 1/𝑛, 𝑛 = 1, 2, . . . ,∞.

Step 3.6 (move). Find the new flow pattern by setting

k𝑛+1𝑎 = k𝑛𝑎 + (1𝑛) (y𝑛𝑎 − k𝑛𝑎)
k𝑛+1𝑎,𝑔 = k𝑛𝑎,𝑔 + (1𝑛) (y𝑛𝑎,𝑔 − k𝑛𝑎,𝑔)
k𝑛+1𝑎,𝑒 = k𝑛𝑎,𝑒 + (1𝑛) (y𝑛𝑎,𝑒 − k𝑛𝑎,𝑒) .

(21)

Step 3.7 (convergence test). Let

V𝑛𝑎 = 1𝑚 (V𝑛𝑎 + V𝑛−1𝑎 + ⋅ ⋅ ⋅ + V𝑛−𝑚+1𝑎 ) . (22)

If the convergence criterion

√∑𝑎 (V𝑛+1𝑎 − V𝑛𝑎)2∑𝑎 V𝑛𝑎 ≤ 𝜅 (23)

is met, stop and {k𝑛+1𝑎 }, {k𝑛+1𝑎,𝑒 } are the sets of equilibrium link
flows andBEV link flows, respectively; otherwise, set 𝑛 = 𝑛+1
and go to Step 3.3.
Step 4. Repeat Step 2 and update the current charging
facility location. Compare the current location with previous
location status at Step 2. If the locations do not change, stop
and record the current charging facility location; otherwise,
go to Step 3.
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Initial charging facility location in the network
(i) Assume that no charging facilities are deployed in the network
(ii) Relax the BEVs’ driving distance constraints

Lower level mixed flow SUE assignment
with driving distance constraints

Subject to
(i) limited driving distance
(ii) limited BEV charging facilities
(iii) generalized path travel cost

Upper level maximum flow-covering problem
Maximize

(i) total covered BEV link flow
Subject to

(i) number of BEV charging facilities to locate

Identify the top p BEV link flows

BEV facility location pattern of lth

No

Final location pattern of BEV charging
facility

Network attributes input

Yes

Relocate BEV charging

Stop the iteration

iteration, Xl

Xl = Xl−1

facilities with Xl, l = l + 1

Figure 2: Framework of the bilevel proposed method for the equilibrium-optimization-based BEV charging facility location problem.

Table 1: O-D demand of Nguyen-Dupuis network.

O-D BEV GV(1, 2) 200 200(1, 3) 400 400(4, 2) 300 300(4, 3) 100 100

5. Numerical Analysis

This section presents the numerical results of the model and
solution algorithm applied to two network case studies. The
analysis aims at assessing the impacts of charging facility
utility, charging speed, and driving distance limit on the
optimal placement of charging facility locations.

The first numerical example is the Nguyen-Dupuis net-
work; see, for example, [49].The network consists of 13 nodes,
19 links, and 4 O-D pairs: (1, 2), (1, 3), (4, 2), and (4, 3), as
shown in Figure 3. The network supply and O-D demands
information are from Nguyen and Dupuis [50]. The O-D
demand is assumed to be the same for both GVs and BEVs;
that is, BEVmarket penetration rate is 50% (given in Table 1)
to facilitate the equilibrium flow comparison between BEV
and GV. The free-flow travel time is used as a proxy for the
link length for each link. Due to the small size of the Nguyen-
Dupuis network, the enumerated path sets information is
obtained from Jiang and Xie [43] in Table 2.

We use this case study to evaluate the performance of the
proposed algorithm for solving the bilevelmodel where lower
level problem is logit-based SUE assignment with driving
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Figure 3: The Nguyen-Dupuis network with 2 origins, 2 destina-
tions, 13 nodes, 19 links, and 25 paths between the 4 O-D pairs.

distance constraints.The following parameter values are con-
sidered.We do not claim the suitability of the defined param-
eters for accurate quantification of network performance. To
avoid the dominant role of 𝑡0𝑢 in the path cost, a relatively
small proportion of charging facility is deployed in this 19-
link network: 𝑝 = 3. The BEV driving distance limit is set to
20, the scale parameters of the logit model for route choice of
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Table 2: Path compositions and lengths in the Nguyen-Dupuis
network example.

O-D Path number Path composition Length

(1, 2)

1 1-5-6-7-8-2 29
2 1-5-6-7-11-2 33
3 1-5-6-10-11-2 38
4 1-5-9-10-11-2 41
5 1-12-6-7-8-2 35
6 1-12-6-7-11-2 39
7 1-12-6-10-11-2 44
8 1-12-8-2 32

(1, 3)
9 1-5-6-7-11-3 32
10 1-5-6-10-11-3 37
11 1-5-9-10-11-3 40
12 1-5-9-13-3 36
13 1-12-6-7-11-3 38
14 1-12-6-10-11-3 43

(4, 2)
15 4-5-6-7-8-2 31
16 4-5-6-7-11-2 35
17 4-5-6-10-11-2 40
18 4-5-9-10-11-2 43
19 4-9-10-11-2 37

(4, 3)
20 4-5-6-7-11-3 34
21 4-5-6-10-11-3 39
22 4-5-9-10-11-3 42
23 4-5-9-13-3 38
24 4-9-10-11-3 36
25 4-9-13-3 32

GVandBEVare 𝛾𝑔 = 𝛾𝑒 = 0.1, the charging speed is 𝜀 = 1, the
utility of a charging facility on path is 𝑡0𝑢 = −2, and𝐾 in the𝐾
shortest paths is set to be 5. In addition, the link capacity and
free-flow travel time (link length) are given in Table 3 with
the equilibrium BEV link flow at each upper level iteration.

The relationship between charging facility location pat-
tern in the upper level and BEV link flows in the lower
level is first examined. Table 3 lists the charging facility
locations and the corresponding BEV link flows in each
iteration. At the first iteration, we assume no charging facility
is available in the network and relax the driving distance
constraints.The results clearly show the overall BEV link flow
pattern in the first iteration is quite different from those in
the others, especially after the first iteration when charging
facilities are located in the network. In the first iteration, every
enumerated path is feasible for BEV drivers since the driving
distance constraint is relaxed. As for the other iterations,
some paths become infeasible due to the lack of charging
facilities. For example, only path 18 betweenO-D pair (4, 2) is
feasible in the last iteration because two charging stations are
deployed on links 6 and 14 so that each pure subpath distance
is smaller than the range limit.

The total covered flows by locating 3 charging facilities
in this example are “0, 1054.3, 1048.5, and 1048.5” during
the four iterations. The amount of total covered BEV flows

in the third iteration may decrease comparing to the second
iteration because theBEVflowcovered in the second iteration
is actually generated by using the charging facility locations
in the first iteration. Therefore, when new locations are
generated, the BEV link flow changes accordingly until the
last two iterations that produce the same facility locations.
The potential drawback of this modified definition of max-
imum covering flow is that if a route contains multiple
links with charging stations (e.g., paths 4 and 11), a trip
by a driver is counted multiple times even though BEV
drivers may not charge or only charge once during the trip.
As a result, this method could locate charging facilities on
several adjacent links of some high-volume freeways, while
in practice fast charging facilities are usually deployed with
long intradistances along the freeways.

A sensitivity analysis is conducted with respect to the
charging facility utility, charging speed, and BEV driving
distance limit. The results are illustrated in Figure 4, where
only one parameter is changed in each scenario. In scenario
(a), we set the charging speed as 𝜀 = 0.1 which can be
regarded as relatively fast charging and we conduct tests on
different level of charging facility utility. The utility value
can be perceived as the risk-taking level of BEV drivers. A
smaller utility value indicates that BEV drivers are willing
to take more risks. As the equivalent travel time reduction
value (i.e., utility) goes up, the total covered BEVs flows
increases, because BEVs drivers are more likely to choose
feasible lengthy paths with fast charging facilities instead of
paths with less travel time. If we consider multiple classes of
BEV drivers with different driving distance limits, the BEVs
with shorter driving distance and risk-neutral attitude would
probably have a larger value of charging facilities utility,
because charging facilities help to ease their range anxiety,
while, for those with larger batteries, they would behave
more like GV users. In general, large travel time reduction
value should apply to fast charging method, small battery
capacities, and risk-taking BEV drivers.

We then examine the impacts of charging speed, that is,𝜀, in scenario (b), where a smaller value represents a faster
charging speed, with charging time estimated as 𝑡𝑟𝑠𝑐,𝑘 = 𝜀 ⋅(𝑙𝑟𝑠,𝑟𝑠
𝑘

− 𝐷𝑒). This parameter translates to different charg-
ing methods (i.e., slow charging, fast charging, or battery-
swapping technology) that lead to different charging facility
location patterns. Given a charging facility location pattern
(e.g., {1, 5, 7}), charging speed affects the total travel cost on
a feasible path. As a result, the probability of choosing each
path changes if there exist at least two feasible paths between
each O-D pair. With 𝜀 = 0.01, the charging facilities are
deployed on link {1, 5, 7} and the feasible paths are paths 9
and 13 between O-D pair (1, 3), whereas, with 𝜀 = 10, the
charging facilities are located on {6, 12, 14}. Only path 11 is
feasible between O-D pair (1, 3), and all the BEV drivers
will be assigned to this path if no other paths are feasible.
In this case, charging speed does not affect the path choice
probability. Fast charging attracts more BEV flows compared
to slow charging when at least one another path with no
charging need is available to BEV users, because the charging
speed would have the influence on the total travel cost and
path choice probability only if BEV drivers take charging
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Table 3: The charging facility locations and BEV flows over iterations.

Link number Link length Link capacity
Upper level iteration

1 2 3 4
Location BEV flow Location BEV flow Location BEV flow Location BEV flow(1, 5) 1 7 500 / 349.8 √ 316.2 √ 335.5 √ 335.5(1, 12) 2 9 500 / 250.2 / 283.8 / 264.5 / 264.5(4, 5) 3 9 500 / 257.1 / 188.0 / 194.5 / 194.5(4, 9) 4 12 400 / 142.9 / 212.0 / 205.5 / 205.5(5, 6) 5 3 500 / 395.4 √ 202.5 / 228.1 / 228.1(5, 9) 6 9 500 / 211.5 / 301.6 √ 301.8 √ 301.8(6, 7) 7 5 500 / 404.4 √ 172.5 / 196.5 / 196.5(6, 10) 8 13 500 / 159.0 / 175.7 / 158.1 / 158.1(7, 8) 9 5 500 / 161.4 / 75.4 / 87.8 / 87.8(7, 11) 10 9 500 / 243.0 / 97.2 / 108.7 / 108.7(8, 2) 11 9 500 / 243.5 / 213.5 / 225.9 / 225.9(9, 10) 12 10 500 / 164.7 / 260.8 / 253.0 / 253.0(9, 13) 13 9 400 / 189.7 / 252.9 / 254.3 / 254.3(10, 11) 14 6 500 / 323.8 / 436.5 √ 411.2 √ 411.2(11, 2) 15 9 500 / 256.5 / 286.5 / 274.1 / 274.1(11, 3) 16 8 500 / 310.3 / 247.1 / 245.7 / 245.7(12, 6) 17 7 500 / 168.1 / 145.7 / 126.5 / 126.5(12, 8) 18 14 400 / 82.1 / 138.1 / 138.0 / 138.0(13, 3) 19 11 500 / 189.7 / 252.9 / 254.3 / 254.3
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Figure 4: Sensitivity analysis for various input parameters (a) charging facility utility; (b) charging speed; and (c) driving distance limit on
the total covered BEV flows.
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action with these facilities. The generalized travel cost on
paths with charging actions would be too highwhen charging
speed is extremely slow (e.g., 𝜀 = 10) and charging time takes
over path travel time. BEVs would probably choose saturated
paths with high travel time. However, as can be seen from the
results, the total covered BEV flow is not strictly increasing
with the increase of charging speed and it is also influenced
by the feasible path set between O-D pairs.

In scenario (c), the lower bound of distance limit is set
to 15 to make sure there exists at least one feasible path
between each O-D pair. In addition, given that all paths are
enumerated in Table 2, the distance limit 45 is the path length
upper bound in the network without imposing the distance
limit. The charging facility locations for distance limits 15,
20, and 25 are {5, 7, 14}, {1, 6, 14}, and {1, 5, 14}, respectively,
and the total covered BEV flows are 1131.6, 1040.9, and 995.5.
Additionally, the charging facilities are all located on {1, 5, 7}
for distance limits 30, 35, 40, and 45, covering, respectively,
1164.7, 1265.4, 1267.5, and 1267.6 BEV flows. It is observed
that as the distance limit increases, the total covered BEV
flow decreases at first, while after the distance limit reaches
a certain value, the total covered BEV flows increase till it
reaches a stable value. The driving distance limit affects the
number of feasible subpaths and charging time.As the driving
distance limit increases, more paths are eligible to carry flows
and a larger𝐾 value should be used to generate more feasible
paths during the assignment process. However, as indicated
in [38], the change in the number of feasible paths does not
always increase with the distance limit, since each subpath of
the generated 𝐾 shortest paths would be feasible when the
distance limit is large enough.

From the three sensitivity analysis scenarios, it is
observed that the proposed model can satisfy the stopping
criteria after 3 or 4 iterations for this small network. Although
there is no significant difference in the total covered BEV
flows, the charging facility locations vary for each scenario.
It is noteworthy that the deployment of charging facilities
changes BEV path flow patterns while the aggregated covered
BEV link flows do not change significantly. Therefore, the
strategy of locating charging facilities is still focusing on those
BEV saturated links to increase the exposure of charging
facilities to BEV flows. Taking realistic situation into con-
sideration, when budget is limited, the number of charging
facilities can be flexible by adjusting its size and configuration.
It would be better to scatter more small size charging facilities
than large ones to increase the exposure to BEV drivers.
The charging speed affects the BEVs perceived travel cost
only when they need charging. Thus fast charging station or
chargers should be deployed along freeways or highways to
reduce the charging time of long-distance trips while slow
chargers can be deployed along urban roads to eliminate
range anxiety and to increase exposure. Under some cir-
cumstances, charging station equipped both slow and fast
chargers may enable more flexible charging operation. We
also found that the BEVs are restricted to some relatively
short paths especially when distance limit is low; however,
the equilibriummechanismwill assignmoreGVs to relatively
long paths since the GV drivers still try to minimize their
perceived travel time.

The second numerical experiment is done on the Sioux
Falls network shown in Figure 5, which has been chosen
as a benchmark network in numerous traffic assignment
studies. We adopt a variation of this network presented in
Suwansirikul et al. [51]. The exact network attributes and
travel demands are also used in our study. For simplicity, the
free-flow travel time is used as proxy for link length and BEV
penetration rate is assumed to be 50%. Sioux Falls network
consists of 24 nodes, 76 links, and 576O-D pairs.The number
of charging facilities is 𝑝 = 8. This example is to evaluate
the computational performance of the proposed solution
algorithm. For computational experiments, the number of
iterations (ITR) and the total computational cost (TCC) were
compared under different parameter settings.

Table 4 lists the computational cost under different
parameter settings. Assuming the logit scaling parameter be
0.1, it can be seen from Scenario 1 that the computational
cost generally increases as the driving distance limit increases.
The underlying reason might be that many paths become
feasible in the 𝐾 paths generated, thus requiring the related
path/subpath choice probability calculation and assignment.
From the first two scenarios, clearly 𝐾 value has an impact
on the computational cost, because bigger 𝐾 value would
increase the computational time in the 𝐾 shortest path
algorithm aswell as the stochastic network loading procedure
in the lower level problem. Comparing Scenario 2 with
Scenarios 3 and 4, respectively, the results demonstrate that
charging speed and charging facilities’ utility affect computa-
tional time marginally. Finally, we can observe that 𝐾 value
has the most impact on increasing computational time and
the number of iterations needed for the upper level prob-
lem.

6. Conclusions and Future Work

This paper formulates, solves, and evaluates the problem of
potential location of public charging facilities for BEV in a
network with mixed GVs and BEVs. The path travel cost of
BEVs is modeled by considering path travel time, charging
time, driving distance limit, and charging facilities’ utility,
where driving distance limit restricts the path choice. A
bilevel model has been proposed to address the issue of coex-
isting equilibrium GV-BEV flows. A mix-integer nonlinear
program is constructed based on MSA to maximize the total
BEV flow coverage on high-BEV-traffic paths.The key part of
this formulation is the lower level path-distance constrained
stochastic traffic assignment. The solution equivalency is
proved to satisfy SUE condition as well as the uniqueness of
link flow pattern. Moreover, a modifiedMSAmethod with𝐾
shortest path algorithm and generalized BEV path travel cost
are applied to solve the charging facility location problem.
In the numerical analysis, we also demonstrated how the
driving distance limits, charging speed, and utility of charging
facilities affect the equilibrium network flow and charging
facility location.

We expect that the strategy of locating charging facilities
and the modeling technique presented in this work would
potentially trigger the interest of incorporating other types
of BEV-specific constraints in the lower level problem, such
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Table 4: Computational cost with different parameter settings for MNL.

Scenario 1:𝐾 = 3, 𝜀 = 1, 𝑡0𝑢 = 0.001 Scenario 2:𝐾 = 5, 𝜀 = 1, 𝑡0𝑢 = 0.01𝐷𝑒 0.25 0.4 0.6 0.8 0.25 0.4 0.6 0.8
ITR 5 3 3 3 4 4 3 3
TCC(s) 117.5 168.74 166.56 173.15 197.33 474.45 328.17 329.46

Scenario 3: 𝐾 = 5, 𝜀 = 0.1, 𝑡0𝑢 = 0.01 Scenario 4:𝐾 = 5, 𝜀 = 1, 𝑡0𝑢 = 0.001𝐷𝑒 0.25 0.4 0.6 0.8 0.25 0.4 0.6 0.8
ITR 4 4 3 3 4 4 3 4
TCC(s) 199.18 477.28 328.06 326.61 198.15 475.62 327.09 474.98
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Figure 5: Sioux Falls network with 24 nodes and 76 links.

as flow-dependent battery capacity constraints and time-
dependent battery-charging price. As for the upper level
problem, some other approaches, such as FILM and FRLM,
locating charging facilities to maximize passing BEV flows
without double counting, can be explored to better serve the
BEV travel demand.Themodel uses a number of assumptions
to simplify the problem and make it tractable, which will be

relaxed in the futurework to deal withmore complicating and
realistic issues.

Notations

𝐾𝑟𝑠𝑔 , 𝐾𝑟𝑠𝑒 : Set of paths connecting O-D pair (𝑟, 𝑠) of
GV and BEV, respectively
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𝑍𝑟𝑠𝑘 : Set of pseudonodes of charging stations on
path 𝑘 ∈ 𝐾𝑟𝑠𝑒 connecting O-D pair (𝑟, 𝑠)𝑙𝑟𝑠,𝑖𝑗

𝑘
: Length of subpath 𝑘𝑖𝑗 in path𝑘, (𝑖, 𝑗) ∈ 𝑍𝑟𝑠𝑘𝑙𝑎: Length of link 𝑎, 𝑎 ∈ 𝐴

V𝑎: Traffic flow on link 𝑎 ∈ 𝐴, which is the
summation of GV link flow V𝑎,𝑔 and BEV
link flow V𝑎,𝑒that is, V𝑎 = V𝑎,𝑔 + V𝑎,𝑒

k: A column vector of all the link flows;
k = (V𝑎)𝑇, 𝑎 ∈ 𝐴𝑥𝑎: Binary variable, equaling 1 if there is a
charging facility at location 𝑧 ∈ 𝑍 on link𝑎 0 otherwise

x: A column vector of all the location
variables; x = (𝑥𝑎)𝑇, 𝑎 ∈ 𝐴𝑡𝑎(V𝑎): Link travel time on link 𝑎𝛿𝑟𝑠𝑎,𝑘: Link path incidence: 𝛿𝑟𝑠𝑎,𝑘 = 1 if path𝑘 ∈ 𝐾𝑟𝑠𝑔 , 𝐾𝑟𝑠𝑒 between O-D pair (𝑟, 𝑠)
traverses link 𝑎and 0 otherwise𝑙𝑟𝑠𝑘 : 𝑙𝑟𝑠𝑘 = ∑𝑎 𝑙𝑎𝛿𝑟𝑠𝑎,𝑘, length of path 𝑘 between
O-D pair (𝑟, 𝑠)𝐷𝑒: Driving distance limit of BEV𝑓𝑟𝑠𝑘𝑔, 𝑓𝑟𝑠𝑘𝑒 : Traffic flow of GV and BEV on path𝑘 ∈ 𝐾𝑟𝑠𝑔 , 𝐾𝑟𝑠𝑒𝑐𝑟𝑠𝑘 (f): Path 𝑘 travel time between O-D pair(𝑟, 𝑠), 𝑘 ∈ 𝐾𝑟𝑠𝑒 , 𝐾𝑟𝑠𝑔 ; 𝑐𝑟𝑠𝑘 (f) = ∑𝑎 𝑡𝑎(V𝑎)𝛿𝑟𝑠𝑎,𝑘𝑡𝑟𝑠𝑢,𝑘: Total travel time reduction on path 𝑘 ∈ 𝐾𝑟𝑠𝑒𝑡0𝑢: The utility of one charging facility on the
path, equivalent to a constant nonpositive
travel time reduction value𝑐𝑟𝑠𝑘𝑔, 𝑐𝑟𝑠𝑘𝑒: Generalized travel cost of GV or BEV on a
given path 𝑘 ∈ 𝐾𝑟𝑠𝑔 , 𝐾𝑟𝑠𝑒𝜀: Battery-charging speed, min/km𝑡𝑟𝑠𝑐,𝑘: Charging time needed on a given path𝑘 ∈ 𝐾𝑟𝑠𝑒 between O-D pair (𝑟, 𝑠)𝑡0𝑎: Free-flow travel time on link 𝑎𝐻𝑎: Capacity of link 𝑎𝑝: The number of charging facilities to be
located𝑞𝑟𝑠𝑔 , 𝑞𝑟𝑠𝑒 : GV and BEV travel demand between O-D
pair (𝑟, 𝑠)𝑃𝑟𝑠𝑘𝑔, 𝑃𝑟𝑠𝑘𝑒 : The probability that GV or BEV choose
path 𝑘 between O-D pair (𝑟, 𝑠)𝛾𝑔, 𝛾𝑒: Scale parameter of the logit model for
route choice of GV and BEV, respectively𝑆𝑟𝑠𝑔 , 𝑆𝑟𝑠𝑒 : The satisfaction function: the expected
value of the minimum perceived travel
time for GV and BEV travelers between
O-D pair (𝑟, 𝑠) respectively𝜉𝑟𝑠𝑘𝑔, 𝜉𝑟𝑠𝑘𝑒: Random error term of perceiving
generalized GV and BEV path 𝑘 cost
between O-D pair (𝑟, 𝑠).
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This paper presents an analysis of data collected through theWaterlooWeBike project: a field trial in which over 30 sensor-equipped
electric bicycles (e-bikes) were given to members of the University of Waterloo for personal use. Our dataset includes e-bike trips
and battery charging sessions spanning nearly three years, from summer 2014 until spring 2017. We also conducted three surveys
both before and during the trial. Our main findings were that the primary purpose of the e-bikes in our trial was for commuting,
with most trips lasting less than 20 minutes and most trips taking place in the summer months. Our battery charging analysis
revealed no evidence of range anxiety, and our analysis of survey results showed little correlation between anticipated and actual
use. Furthermore, when asked about their opinions about various modes of transportation, our participants rated regular bicycles
higher than e-bikes even after becoming familiar with e-bikes through the field trial. Based on our analysis, we draw several
conclusions, including the fact that the general population in Canada is still unaware of e-bikes and their potential. Moreover,
e-bike manufacturers should target sales to nonbike users, such as seniors, rather than trying to displace sales of regular bicycles.

1. Introduction

Motivated by the environmental, public health, ecologi-
cal, and carbon-footprint issues associated with gasoline-
powered automobiles, researchers, governments, and soci-
ety as a whole have been engaged in a search for viable
alternatives. Electric bicycles (e-bikes), which are propelled
by a combination of pedaling and battery-powered electric
motors, are a promising alternative to automobile transporta-
tion. Their primary advantages include lower purchase and
operating costs compared to cars, ability to travel longer
distances andwith less physical effort compared to traditional
bicycles, and zero emissions during operation.

Given these benefits, e-bike adoption is accelerating
globally, with over 200 million being used in China alone [1].
This has led to several studies on the social and environmental
impacts of e-bikes in China (e.g., [2–5]). Furthermore, in
2015, 28 percent of all bicycle sales in the Netherlands were
e-bikes [6]. These trends are expected to lead to rapid adop-
tion of e-bikes in these geographies. For example, Navigant
Research estimates that the global e-bike market will reach

USD 24.3 billion by 2025, with nearly 35 million unit sales
estimated for 2016 [7].

In contrast, little is known about North American use
patterns, where barriers to adoption of e-bikes include a lack
of widespread acceptance of cycling as a viable alternative
to conventional transportation and cold winters with poor
road conditions. North American municipalities are keen to
explore low-carbon alternatives for transportation such as e-
bikes, both to create more livable cities and to reduce the
carbon footprint of the transportation sector. However, they
lack data to make evidence-based recommendations.

To address this gap, we are conducting a three-year
field trial at the University of Waterloo, whose purpose is
to collect real e-bike usage data. In this field trial, called
WeBike [8], a fleet of approximately 30 sensor-equipped e-
bikes were distributed toWaterloo faculty/staff members and
students for their own use. Since the summer of 2014 until
now (April 2017), we have collected over 150 gigabytes of
GPS, acceleration, and battery charge and discharge data.
Furthermore, we have conducted three surveys, one per
year, asking each participant about their sentiments towards
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Table 1: Summary of previous e-bike field studies.

Reference Purpose Location Participants Duration Data collected
Kiefer and Behrendt [17] Usage Brighton, UK 30 bikes/93 riders 10 months GPS, assistance level, accelerometer
Fyhri and Fearnley [18] Usage Norway 66 2–4 weeks Odometer
Paefgen and Michahelles [19] Usage Switzerland 17 4 months GPS
MacArthur et al. [23] Usage Portland, OR, USA 30 bikes 1.5 years Participant surveys
Dozza et al. [24] Safety Gothenburg, SE 3 bikes/12 riders 2 weeks Video, GPS, braking force, lateral movement
Langford et al. [25] Safety Knoxville, TN, USA 12 bikes 2 years GPS
Schleinitz et al. [26] Speed Germany 85 4 weeks Video, speedometer
Fluchter and Wortmann [20] IoT issues Switzerland 32 bikes 4 months GPS

different modes of transportation. Additionally, the first
survey asked the participants about how often they anticipate
to use their e-bike.

This paper presents an analysis of this data. We make the
following three contributions:

(1) We present algorithms to identify trips and charging
sessions from raw collected data; while this may seem
simple, challenges arise due to noisy and incomplete
sensing data.

(2) We analyze trip statistics and battery charging pat-
terns and highlight differences between faculty/staff
members and students’ usage.

(3) We analyze participant survey responses. We show
participants’ sentiments towards various modes of
transportation, and we compare participants’ initial
estimates of how much they would ride their bikes
with actual riding histories.

The remainder of this paper is organized as follows.
Section 2 discusses related work. Section 3 gives an overview
of the WeBike project and the collected data. In Section 4,
we discuss our methodology, including algorithms to detect
trips and battery charging sessions from the collected data.
Section 5 presents our e-bike usage analysis, followed by
participant survey analysis in Section 6. Section 7 concludes
the paper with directions for future work.

An early version of this work was presented at the 2016
workshop on Electric Vehicle Systems, Data andApplications
(EV-Sys) [9]. New content in this paper includes an expanded
and updated related work, algorithmic details of trip and
charge cycle identification (Section 4), updated usage and
survey analysis (Sections 5 and 6.1; the original workshop
paper used data only up to fall 2015), and new survey
sentiment analysis (Section 6.2).

2. Related Work

Electrically powered transportation avoids or reduces a sig-
nificant portion of the environmental impact of transporta-
tion. While much of the emphasis in the past has been on
electric automobiles, attention has recently been increasingly
focused on electric bicycles, which have tremendous potential
as a zero-point-source-emission solution for urban trans-
portation [2, 10, 11]. E-bikes are rapidly gaining acceptance
as a desirable and viable alternative, and there is increasing

municipal and consumer readiness to invest in cycling in
general and in e-bikes specifically [12–14]. Current urban-
infrastructure planning trends also explore e-bike adoption
to improve population health [15] due to increased physical
activity, particularly for aging populations and others with
restricted mobility [16].

The work closest to ours are recent e-bike field studies
summarized in Table 1. Of these, our work is most similar to
Kiefer and Behrendt [17], Fyhri and Fearnley [18], Paefgen
andMichahelles [19], andFlüchter andWortmann [20]which
also focus on usage patterns. Kiefer and Behrendt collected
GPS and motor assistance level data, but they emphasized
developing a hardware system reusable by other research
groups rather than data analysis. Fyhri and Fearnley collected
odometer data and found that participants who were given
e-bikes made longer and more frequent trips than those
with regular bicycles. The increase in trip frequency and
distance was greater for female cyclists. The study reported
by Paefgen and Michahelles involved e-bikes with GPS data
loggers, with the participant base consisting of employees of
an insurance company. However, the published results only
describe data from two e-bikes, both of which were used
mainly for commuting in the morning and in the afternoon.
Flüchter and Wortmann explored user expectations and
privacy issues, as well as technological shortcomings in GPS
and GSM technologies. Their study did not gather any other
sensor data.

Another project distributed e-bikes to Kaiser employees
in the Portland, Oregon region, and asked participants to
fill out surveys regarding their e-bike usage [21–23]. Their
findings coincided with other studies in that e-bikes lower
mobility barriers and lead to more frequent and longer trips.
However, they did not obtain conclusive results regarding
first/last mile commuting because not enough participants
used their e-bikes in that way.

Two e-bike field trials focused on safety issues.The first of
these, Dozza et al. [24], used three fully instrumented bikes
with front and rear cameras as well as brake pressure sensors.
The data was used to identify potential safety issues related
to sudden movement or braking. The main conclusion from
this study was that e-bikes are faster than regular bikes and
therefore new safety issues may arise when e-bikes interact
with other vehicles on the road. Furthermore, the trips
recorded in this study had an average duration of 14 minutes
and an average speed of 17 km/h. The second safety-related
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(a) An eProdigy Whistler e-bike (b) A disassembled sensor kit

Figure 1: Illustration of the e-bikes and sensor kits used in the WeBike project.

study, Langford et al. [25], collected GPS data from a bike-
share at theUniversity of Tennessee, Knoxville.The bikeshare
had regular bikes and e-bikes. For both types of bikes, this
study found similar safety issues, such as failures to come to
a complete stop at red lights and stop signs and wrong-way
cycling on one-way streets. Additionally, the average e-bike
speed of 13.3 km/h was found to be higher than the average
regular bike speed of 10.5 km/h. Interestingly, e-bikes were
found to be ridden faster on city streets, but not on other
shared-use paths, suggesting that municipal by-laws should
not necessarily ban e-bike use on shared-use paths.

We also found one study, Schleinitz et al. [26], which
focused on the speed of e-bikes compared to regular bikes. As
in the field trials we mentioned earlier, this study found that
e-bikes are ridden faster, especially by cyclists under 40 years
of age.This study involved 85 participantswho used their own
bikes or e-bikes.

In addition to field trials, there have been several surveys
of e-bike owners in various parts of the world, including Aus-
tralia (e.g., [27]), China (e.g., [10, 28]), Europe (see, e.g., [29]),
and the United States (see, e.g., [21–23, 30]). The insights
obtained from owner surveys are similar to those obtained
from field trials: e-bikes are ridden faster than regular bikes
and are often used for commuting and for longer trips.

Compared to existing e-bike field trials, the WeBike
project spans a longer time frame (nearly three years) and
therefore our dataset is less affected by “outliers” such as a
single unusually cold or warm winter. Additionally, none of
the previous field studies collected battery data. The WeBike
dataset includes battery voltage and current measurements,
which allow us to analyze charging patterns, develop a range
prediction model for e-bikes [31], and compare the usage and
charging patterns of e-bikes with those of electric cars [32].
On the other hand, to reduce the cost of the field trial, we
do not have video footage or braking intensity data that were
collected by Dozza et al.

3. The WeBike Project

The WeBike field trial began in the summer of 2014. After
filling out questionnaires regarding their current modes of
transportation and attitudes towards e-bikes, 31 out of over
100 prospective participants were selected for the field trial
and each received their own e-bike to use at their discretion.
Participants were selected to cover a range of current modes
of transportation (automobile, public transport, and regular
bicycle), occupation (16 faculty/staff members and 15 grad-
uate students of the University of Waterloo), and gender (18
males and 13 females). The project will run until the end of
2017 and participants can keep their e-bikes afterwards for
their own continued use.

The eProdigy Whistler mountain bike we chose for the
study is shown in Figure 1(a). The battery provides energy to
the electric motor, which is hidden in the hub between the
pedals and drives the pedal axle when activated.The bike can
be used in fully electric mode by pushing a throttle button
located on the handlebars, or in “hybrid” mode, where the
motor provides assistance whenever the cyclist is pedaling.
The manufacturer’s estimated battery range is 45 km, and
it takes 4 to 5 hours to recharge the battery from empty.
If the battery is discharged or manually turned off, the e-
bike can still be pedaled like a regular bike without motor
support, albeit with more effort due to its weight of about
21 kg including the 2.5 kg battery.

Wemounted the box with our custom-built sensing hard-
ware directly on top of the e-bike battery, which is detachable
from the bike frame for charging. Figure 1(b) shows the
battery and the disassembled sensor kit, and our project
website (http://blizzard.cs.uwaterloo.ca/iss4e/webike-project)
contains full technical details and assembly instructions. An
Android-based Samsung Galaxy S3 smart phone acts as
the central piece. We chose it for its sensors (GPS, clock,
gyroscope, accelerometer, andmagnetometer), built-inWi-Fi

http://blizzard.cs.uwaterloo.ca/iss4e/webike-project
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activity← NULL
function DETECT ACTIVITY(sample)
if activity = NULL then
if BELONGS TO ACTIVITY(sample) then ⊳ check if an activity has started

activity← INITIALIZE ACTIVITY
activity.ACCUMULATE(sample)
activity.SET START(sample) ⊳ set start timestamp

end if
else if ¬ activity.HAS ENDED(sample) then ⊳ activity is ongoing: did current activity stop?
if BELONGS TO ACTIVITY(sample) then ⊳ no, check if sample satisfies activity requirements

activity.ACCUMULATE(sample)
activity.SET END(sample) ⊳ yes, set as preliminary end timestamp

end if
else ⊳ yes, check validity
if activity.CHECK IS VALID then

WRITE TO DATABASE(activity)
end if

activity← NULL
end if

end function

Algorithm 1: Activity detection.

connectivity, relatively low cost, and ease of developing
custom software that is executable on the phone. Additional
sensors for battery voltage, charging and discharging current,
and temperature communicate with the smart phone via a
Phidget board [33].

As a long-running field trial consisting of volunteers,
the WeBike study aims to be as unintrusive for participants
as possible. Data collection is automatic, without any input
from the participants. Initially, the smart phones controlling
the sensing kit were programmed to wake up and collect
data for four seconds every minute. During the four seconds
of activity, the phone records four data samples from each
sensor and then goes back to sleep mode to minimize energy
consumption (the phone battery is charged by the e-bike
battery and therefore excessive energy consumption of the
sensing kit would reduce the bike’s range). The four-second
time frame was chosen because we found it took about two
seconds after wake up to obtain a GPS fix.

In the second version of the data collection platform, we
programmed the smart phones to increase the sampling rate
whenever activities such as movement or battery charging
were detected (details in Section 4). During an activity, the
phone stays awake and collects measurements from each
sensor once per second. When an activity stops, the phone
stays awake for five more minutes before going back to sleep
mode.

For simplicity and to reduce costs, the phones do not
transmit data in real time. Instead, the collected data are
buffered on the phone and uploaded to our database server
whenever the sensing kit comes within range of a knownWi-
Fi network (such as campusWi-Fi or a participant’s homeWi-
Fi). Each phone is associated with a unique ID so we know
which bike the data are coming from.

4. Data Processing Methodology

In this section, we explain howwe identified activities such as
trips and battery charging sessions from the collected sensor
measurements. Algorithm 1 shows our activity detection
framework. The algorithm sequentially processes each data
sample and checks for activity indicators (i.e., one or multiple
sensor values exceeding a predefined threshold). If no activity
is currently ongoing, a new activity is started and its starting
time is recorded. If an activity is ongoing, we add the new
data sample to it and advance the ending time. Finally, when
we detect that an activity has ended, we check whether this
is a valid activity (e.g., that it is sufficiently long) and save
the accumulated data samples (and the starting and ending
times) to the database. This gives us the start and end points
of all trips and charging events, and we can compute further
information such as trip distance or speed by examining the
data samples accumulated during the activity.

In the remainder of this section, we instantiate
Algorithm 1 with specific values for the functions belongs
to activity, has ended, and check is valid.

4.1. Trip Identification. It might seem that trip identification
is simple given that we have GPS fixes: a trip is taking place
when there ismovement. However, GPS data turned out to be
too imprecise for trip detection: even parked bikes appeared
to be “moving” because consecutive GPS readings could
be several hundred meters apart. Furthermore, it may take
several minutes to obtain an initial GPS satellite fix, leading
to loss of information about the beginning of every trip.

Instead of GPS, we use the accelerometer, gyroscope, and
discharge current to detect trips. The details are as follows.

belongs to trip: a sample is said to belong to a trip if
the absolute values of either the accelerometer, gyro-
scope, or discharge current sensor exceed a certain
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threshold. These thresholds were set by examining
sensor readings of 225 trips for which we knew the
true start and end times.
has ended: it is true if 5 minutes has passed since the
preliminary end of the trip.Thismeans that a tripwith
a break of under five minutes will not be divided into
two shorter trips and accounts for stopping at traffic
lights.
check is valid: trips shorter than 3 minutes are dis-
carded.

Out of the 225 trips for which we knew the precise start
and end times, the algorithmmissed five trips that were under
three minutes long and found two trips that did not actually
take place. We also experimented with lower thresholds for
minimum trip length and were able to capture the five short
trips at the expense of identifying many more spurious trips.
In the end, we kept the minimum trip duration threshold
at 3 minutes. Furthermore, when comparing trip durations
computed by our algorithm with the true durations of the
225 known trips, we found that our results were within five
percent of the true durations.

4.2. Charge Cycle Identification. To detect charging, the
WeBike dataset contains readings from a Hall-effect based
current transducer that measures the current traveling
through the sensor boxwhen it is connected in series between
the AC charger and the battery.

We instantiate the generic algorithm using the following
values:

belongs to trip: charging starts when the charge cur-
rent sensor exceeds a certain threshold, which elimi-
nates false positives due to sensor noise.
has ended: it is true if 5 minutes has passed since the
preliminary end of the charge cycle.
check is valid: charge cycles that take less than 5 min-
utes or contain fewer than 5 samples are discarded.
Recall that it takes several hours to fully charge a
battery, so a very short charge cycle is a false positive,
typically due to a loose contact between the charger
and the battery.

Using this algorithm, we found all the true charge cycles
for which we had ground truth information.

5. Usage Data Analysis

This section presents our analysis of e-bike trips, focusing
on trip start time, duration, trips per month, and average
speed. For behaviour comparison, we split the dataset into the
staff/faculty and students subgroups. The data distributions
we analyze are not normally distributed; thus, to identify
significant deviations between groups, we use the nonpara-
metric Wilcoxon rank-sum test with a 95% confidence level.

5.1. Trip Statistics. As Table 2 shows, we detected over 6000
trips. The normalized numbers (per participant in each
group) reveal that students use their e-bikes significantly

Table 2: WeBike trip statistics.

Total Staff/faculty
members Students

Number of trips 6048 2567 3481
Average number of trips per
participant 241.9 197.5 290.1

Average trip duration per
participant (min) 11.3 12.0 10.7

more often than staff/faculty members, possibly because few
Waterloo students own cars, so they are restricted to either
public transit or biking. The average trip duration will be
discussed in more detail below.

Trips per Month. Figure 2(a) shows the distribution of trips
over the course of a year. No significant differences for the
occupational breakdown exist, so we omit those charts for
brevity. The effect of the cold Canadian winter in Waterloo
can clearly be seen by a dwindling trip probability starting in
October, then sharply dropping inDecember, and staying low
until April. However, some participants still use their e-bikes
all year round. The dip in August is likely due to vacations
during the university’s break between terms.

Start Times. Figure 2(b) plots the distribution of trip start
times over the hour of day. This distribution shows two
prominent peaks, suggesting that participants commute to
the university in the morning between 8 am and 10 am and
return home between 4 pm and 6 pm. During work hours
between those peaks, the distribution is quite even and
it tapers out in the evening after the commute, until the
probability for trips between 11 pm and 7 am becomes almost
negligible. This leads to the conclusion that e-bikes are less
likely to be used for evening activities and they are obvi-
ously not used while people are sleeping. The split between
staff/faculty members and students in Figure 2(c) shows a
slight shift in commuting times, with the student peak about
an hour behind the staff/faculty peak. Furthermore, students
tend to use their bikes more in the evening as well.

Trip Duration. Figure 3(a) shows the frequency of trip dura-
tions (in minutes) for all participants, including a cumulative
plot summing up to the total of 6048 trips. As discussed
in Section 4.1, we count trips if they are longer than three
minutes. Therefore, the first bar only includes trips of length
three to five minutes. However, for readability, we let the bar
chart split by occupation in Figure 3(b) start from 0, although
the same restriction applies. The majority of e-bike trips take
between 7 and 15 minutes with an average of 11.3 minutes,
while only a couple of trips took more than 40 minutes.

As evidenced by the average trip duration in Table 2, staff
and faculty members in our study are more likely to use
their bikes for longer trips than students, while the latter
group is more likely (𝑝 value of 3.5 ⋅ 10−8) to go on trips of
length between three and 10 minutes. Given that a majority
of trips are for commuting, this could be partially explained
by the students living closer to the university campus. Still,
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Figure 2: Probability distribution of a trip start (a) on a month-of-year scale, (b) on an hour-of-day scale, and (c) on an hour-of-day scale
split by occupation.
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Figure 3: (a) Trip duration (cumulative) frequency; (b) trip duration probability distribution split by occupation. All plots are shown on a
minute scale.
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Figure 4: Probability distribution of the average trip speed in km/h (a) for all participants, (b) split by occupation.

both groups show the highest probability for trips of a length
between five and 10 minutes.

Average Speed per Trip. We calculated the average speed
by computing the distance and time between consecutive
GPS fixes during each single trip. We are interested in the
actual speed while participants ride their bikes, so we exclude
those trip sections where the GPS signal does not change
significantly; that is, the bike rider waits at a traffic light
or an intersection. We found a cut-off of segments below
3 km/h to be a good threshold. This corresponds to a slow
strolling speed and can therefore be safely assumed to not
have resulted from regular riding; at most it occurred just
after starting or just before stopping. Therefore the threshold
is low enough to leave most of the trip speed information
intact while removing temporary stops.

As a consequence of measuring location at discrete times,
our results present a lower bound on the actual average speed,
as the true trip route must follow roads and pathways and
can therefore deviate from the direct (shortest) path between
twoGPS fixes. Additionally, the GPS signal can be inaccurate.
This is evidenced by the right tail of the distribution in
Figure 4(a) at high speeds. As per the traffic law in the
province of Ontario, Canada, e-bikemotor supportmust stop
above 32 km/h. While it is possible to achieve an average
speed above that limit (e.g., if a trip includes a long downhill
slope), it is more probable that the GPS fix does not reflect
the accurate location at least for some of those high-speed
trips or the e-bike was taken on a bus. Unfortunately, for the
data up to the time of this analysis, we have no measurement
for GPS accuracy in place. However, judging from the low
probability for the right tail of the histogram in Figure 4(a),
this is not a major distribution-skewing concern. As the plot
for all participants shows, most trips have an average speed
of 15–23 km/h (while in motion) with a mean of 18.9 km/h.
The breakdown by occupation in Figure 4(b) amounts to a
2.0 km/h higher mean of average trip speed of staff/faculty
members (𝑝 value 2.3 ⋅ 10−14).

Table 3: Battery charging statistics.

Total Staff/faculty
members Students

Charging events 1049 522 527
Average charging events per
participant 42.0 40.2 44.0

Average trips per charge 5.8 4.9 6.6

5.2. Battery Charging Statistics. Observing behavioural pat-
terns of battery charging events helps to understand if
participants feel range anxiety and how they incorporate e-
bikes in their daily schedules. In this section, we analyze the
hour of day and state of charge when a charge cycle begins.
With the algorithm described in Section 4.2, we detected
about 1000 charge cycles as shown in Table 3. Students, on
average, take almost two trips more between charges than
staff/facultymembers; this possibly consists of one round trip.

Charging Start Times. Figure 5(a) presents the probability
distribution for the beginning of a charge cycle across all
participants. The most prominent peak between 4 pm and
7 pm coincides with the commuting peak in the trip distri-
bution chart. Thus, participants tend to charge their batteries
directly when they return home. Further comparison of those
distributions in the evening shows that the charge cycle
distribution’s tail declines more slowly but has a sharper
drop around midnight. This indicates that those who did not
charge their batteries right after coming home are likely to
plug them in later in the evening, possibly before going to bed.
As expected, very few charge cycles start between midnight
and 5 am.

The morning commuter peak between 8 am and 10 am is
not as prominent as in the evening, but still visible. Since the
charging distribution follows the trip distribution relatively
closely even during work hours, we conclude that many
participants either take their charger with them or have a
charger permanently at work. Interestingly, the rising edge
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Figure 5: Probability distribution of the start of a charge cycle on an hour-of-day scale (a) for all participants, (b) split by occupation.
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Figure 6: (a) Start of a charge cycle (cumulative) frequency over state of charge; (b) probability distribution of the start of a charge cycle over
state of charge, split by occupation.

in the morning starting between 5 am and 6 am precedes the
commuting peak, meaning some participants charged their
batteries in the time betweenwaking up and going towork.As
Figure 5(b) for the occupational split shows, this rising edge is
especially prevalent in the staff/faculty group. Participants in
this group are also themain contributors to themorning peak
after the commute to work. These findings are statistically
significant, with a 𝑝 value of 0.01. Figure 5(b) also shows that
students in the study were more likely to start charging after
8 pm until late at night.

State of Charge at the Beginning of a Charge Cycle. It was
impossible to obtain the state of charge of the battery directly
and the installed current sensor proved to be too imprecise
to use a Coulomb counting method. Instead, we measured
the battery’s voltage and temperature and used the reversible
discharge curves in the battery’s spec sheet to convert those
metrics into the state of charge [34]. On a scale from 0,
meaning an empty battery, to 1, meaning a fully charged one,

Figure 6(a) presents the amount of charge cycle starts for a
given state of charge, as well as the cumulative value. At the
beginning of the study, participants were asked to recharge
their batteries as often as possible to slow the degradation of
the health of the batteries.This explains the nonzero value for
charges between 95% and 100%, as well as the high peak in the
90–95% interval, which probably coincides with the state of
the battery after one trip for most participants. Three smaller
peaks at 80–85%, 60–65%, and 45–50%, with increasingly
longer left-handed tails, can be noticed. Judging from their
distances to each other, these could be attributed to the
second, fourth, and sixth trips.

A surprisingly large number of participants charged
their batteries when they were empty, although they were
specifically told not to wait that long.The decline of charging
probability from 20% state of charge to just before the battery
drains completely suggests that the high peak at 0% charge
does not stem fromparticipantswho usually let their batteries
run low and occasionally drain them completely. We propose
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Figure 7: Actual riding behaviour compared to the estimated behaviour. Both figures show the average duration of a trip. (a) plots trips in
summer (May–October), while (b) shows trips in winter (November to April).

two possible explanations for this contrast between charging
from empty compared to charging from almost empty. First,
some participants might habitually charge their battery only
after they drained it in use. Second, the attached sensor kit
slowly drains the battery completely, especially when stored
for the winter. Despite the highest peaks being at empty or
(almost) full, the relative evenness of the rest of the plot leads
to the conclusion that our participants did not feel range
anxiety. This makes sense because, similar to hybrid cars,
riders can continue pedaling their e-bikes with an empty
battery.

Figure 6(b) shows that students were more likely to let
their batteries drain completely and have a higher probability
to charge in the 15–45% range, while staff and faculty
members are more likely to charge above 70% (𝑝 value of
0.049). Interestingly, charging events at above 95% are almost
exclusively from students.

6. Survey Analysis

We now analyze the results of the three participant surveys.
The first survey was taken by 172 prospective participants in
early summer 2014 before the field trial started, the second
by 24 of the 31 selected participants in fall 2015, and the third
again by 24 participants in fall 2016. After eliminating invalid
responses, we have 11 participants who completed all three
surveys and two participants who only completed the first
and third survey.

All three surveys asked the participants to rate various
modes of transportation on several criteria such as comfort
and independence, as detailed below. Additionally, partici-
pants were asked about their expected riding behaviour in
the survey before the trial or to estimate their current riding
behaviour in the yearly surveys thereafter.

We start by comparing anticipated with actual riding
behaviour and then proceed to sentiment analysis.

6.1. Anticipated versus Actual Riding. In the initial survey
before the field trial, participants were asked to estimate
the number of kilometres they would ride their e-bike on

an average day in summer (May to October) and winter
(November to April). We correlate these estimates with the
actual recorded trip data. Since the recorded GPS data is
spotty and often missing for the first couple of minutes
of a trip, we use trip durations instead. There is a strong
correlation between actual covered distance and trip duration
if we reasonably assume that, for a given participant, the
usual trip speed does not vary greatly. Therefore, even if
trip duration is not as suitable as the (unavailable) correct
recorded trip distance, it should still be possible to judge the
correlation between the estimated riding behaviour and the
actual recorded one. For a fair judgment we only consider
work days in this analysis.

Summer Riding. Figure 7(a) shows a scatter plot with the
anticipated distance per day on the 𝑥-axis and the average
number of minutes actually ridden per day on the 𝑦-axis.
Each data point represents one participant. There is no obvi-
ous trend as evidenced by a Pearson correlation coefficient of
−0.23 with a 𝑝 value of 0.34. However, participants grossly
overestimated their e-bike usage, assuming an average speed
below 30 km/h.

Winter Riding. If participants with an average trip duration
of less than one minute are excluded from the analysis, then
there is a linear relationship between estimated and actual
winter riding. However, this is a rather arbitrary threshold,
so we offer the same general conclusion as for summer
trips: there is no correlation between anticipated accumulated
trip distance and actual trip duration per week (Pearson
correlation coefficient of 0.02 with a 𝑝 value of 0.93). In
comparison to the summermonths, the average trip duration
is drastically reduced. Given that the average riding speed
should be lower due to worse road conditions (snow or rain
puddles in the bike lanes), participants overestimated their
riding frequency in the winter months even more.

6.2. Sentiment Analysis. Each survey asked the participants
to rate how important each of the following ten aspects of
transportation modes is to them:
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Figure 8: Continued.
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Figure 8: Evaluation of the importance of 10 different aspects of modes of transportation across three surveys, broken down by participant.
Dashed lines show the mean of the responses of the survey in the respective color.

Independence. How much independence does a given
mode of transportation provide?
Stress-Free Travel. How stress-free is the travel with
that mode?
High Cost. How expensive is it?
Social Status. Howwell does it fit with the participant’s
perceived social status?
Fun. How much fun does it provide?
Eco-Friendliness. How environmentally friendly is it?
Reliability. How reliable is it?
Comfort. How much comfort does it provide?
Safety. How safe is it?
Healthiness. How healthy is it?

Next, each survey asked the participants to rate five
modes of transportation (car, regular bike, e-bike, public
transit, and walking) in terms of the above ten aspects.

Aspect Importance. We begin by analyzing the importance of
the above ten aspects of transportation to our participants;
the full results are shown in Figure 8. The responses of 13
participants who completed at least the first and last survey
are depicted as bars ranging from very important to very
unimportant; each group of three bars corresponds to the
first, second, and third survey, respectively. Dashed lines
mark the mean over all responses for the survey of the same
color. There are no obvious trends, meaning that the partici-
pants’ opinions about the ten aspects of transportationmodes
have not changed significantly throughout the WeBike field
trial. Notably, our participants value independence, stress-
free travel, reliability, and safety of a mode of transportation,
while social status is not important.

Comparison of Modes of Transportation. Figure 9 shows the
mean and standard deviation, across all participants, of how
each aspect of each mode of transportation was rated. Again,

there are no significant changes in the ratings from the first
to the last survey.

In terms of independence, cars were unsurprisingly rated
highest followed by bikes, e-bikes, walking, and public transit.
Walking is the most stress-free mode of transportation,
followed by bikes and e-bikes, and then cars and public
transit. On reliability, participants ranked cars, bikes, and e-
bikes very close behind walking, although e-bikes are slightly
trailing behind. Participants see public transit and walking as
the safest modes of transportation, with the other modes on
par with each other. Looking at environmental friendliness,
cars take last place by far. Walking obviously was ranked first
and then came in regular bikes, followed by e-bikes and public
transit.

Overall, participants ranked walking best by far. E-bikes
scored worse than regular bikes, which were deemed more
healthy and eco-friendly and less expensive. On the other
hand, e-bikes beat cars in all of those aspects, although cars
are seen as more independent and more comfortable.

7. Discussion and Conclusions

In this paper, we analyzed e-bike usage and battery charging
data from the WeBike field trial. By design, e-bikes were
meant to be used for commuting, potentially replacing the
use of cars or public transit. Our analysis of over 150 gigabytes
of data spanning nearly three years leads to the following
main insights.

(i) Most trips lasted less than 20 minutes and took
place during spring, summer, and fall, although some
participants did ride their bikes all year.

(ii) On average, students made more e-bike trips than
faculty and staff members, were more likely to ride in
the evening, and had lower average speed trips.

(iii) We did not see evidence of range anxiety, in that
a significant fraction of charging events happened
at a low state of charge. Furthermore, participants
appeared to charge their battery shortly after coming
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Figure 9: Evaluation of multiple modes of transportation on 10 different aspects across three surveys. For every survey, the mean responses
including red error bars are shown.
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to work in the morning and returning home in the
afternoon.

(iv) We did not findmuch correlation between the partic-
ipants’ actual e-bike usage and their anticipated usage
(as estimated by them in the pretrial survey).

(v) Participation in the WeBike field trial did not sig-
nificantly change participants’ sentiments towards
various modes of transportation. Furthermore, e-
bikes were rated lower than regular bikes on indepen-
dence, reliability, stress-free travel, and environmen-
tal friendliness. However, e-bikes were rated higher
than cars on all aspects except independence and
comfort.

Some of our results are similar to those of existing surveys
and field trials: others have also found that e-bikes tend to be
used for commuting. Some surveys reported longer trip times
than ours (e.g., [10]) but thismay be due to the relatively small
size of the city of Waterloo.

Our results also reveal new insight into the usage patterns
of e-bikes:

(i) The lack of correlation between anticipated and actual
usage suggests that our participants, and prospective
buyers in general, may not be familiar with the
capabilities of e-bikes.Thus, manufacturers may need
to educate their prospective customers.

(ii) Range anxiety does not appear to be a problem for e-
bikes with a relatively light “regular bike” form factor.
Thus, range anxiety does not appear to be a barrier
to adoption, unlike the situation for electric cars.
However, further research should be done for scooter-
like e-bikes which are much heavier.

(iii) Student participantsmademore trips per person than
faculty and staff members, suggesting that students
used e-bikes for more than commuting. This also
suggests that e-bikes have not fully displaced car travel
for participants such as faculty/staff members who
(unlike students) own cars.

(iv) Participants who are staff or faculty members were
faster than students, on average. Combined with the
observation that students were more likely to use
their e-bikes for other purposes besides commuting,
this suggests that e-bike commuters appreciate the
speed of e-bikes but also brings up commuter safety
concerns.

(v) We found that e-bike use does not cease in the winter
months. Hence, e-bike manufacturers in countries
with winter weather should consider offering built-in
fenders and lights for safer winter cycling.

(vi) Since our participants continued to rate regular bikes
higher than e-bikes, even after using e-bikes for a
sustained period of time, this suggests that perhaps e-
bikes should not be marketed directly against regular
bikes. Instead, e-bike retailers may want to target
populations such as seniors who could benefit from
the unique aspects of e-bikes such as the ability to be
ridden with less physical effort.

Our long-term objective is to use big data to support
public policy development in the area of e-bikes, to under-
stand whether and how e-bikes can become a significant
component of a sustainable urban-transportation mix, and
to understand whether e-bikes can improve public health. To
answer these questions, we plan to run a follow-up field trial
with more e-bikes and more participants from various social
and demographic groups.
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Electric vehicles (EVs) are widely regarded as a promising solution to reduce air pollution in cities and key to a low carbonmobility
future.However, their environmental benefits depend on the temporal and spatial context of actual usage (journey energy efficiency)
and the rolling out of EVs is complicated by issues such as limited range. This paper explores how the energy efficiency of EVs is
affected and shaped by driving behavior, personal driving styles, traffic conditions, and infrastructure design in the real world.
Tests have been conducted with a Nissan LEAF under a typical driving cycle on the Beijing road network in order to improve
understanding of variations in energy efficiency among drivers under different urban traffic conditions. Energy consumption and
operation parameters were recorded in both peak and off-peak hours for a total of 13 drivers. The analysis reported in this paper
shows that there are clear patterns in energy consumption along a route that are in part related to differences in infrastructure design,
traffic conditions, and personal driving styles.The proposedmethod for analyzing time series data about energy consumption along
routes can be used for research with larger fleets of EVs in the future.

1. Introduction

Among many innovative technologies to decarbonize urban
transport, electrification of the vehicle fleet has been viewed
by many as an effective way to reduce carbon emissions,
energy consumption, air pollution, and oil dependence [1].
Electric vehicles (EVs) have the benefits of zero tailpipe
emissions, low engine noise, and higher propulsion efficiency,
and many local governments have demonstrated their com-
mitment to electromobility, particularly in populated urban
areas with severe air quality problems [2].

However, the energy consumption and air pollution dur-
ing the generation of the electricity used to power EVs cannot
be neglected. Although the substitution of EVs for internal
combustion engine powered vehicles (ICEVs) can have huge
environmental benefits with, for instance, reductions inGHG
emissions of 33% in the USA [3], the effects will be (much)
smaller in countries with a higher share of thermal power
stations in electricity generation mix. Huo and colleagues
[4] pointed out that, with China’s current mix, the potential
energy benefits are offset by the high pollution levels of
coal-fired power plants. In regions like Northeastern China

(including Beijing), EVs could induce almost the same GHG
emissions compared to ICEVs for the worst-case calculation.

Yet, the environmental benefits of EVs depend not only
on electricity generation or even the production and afterlife
of vehicles and batteries [5] but also on how EVs are used
in actual driving conditions. This is an issue that remains
poorly understood; researchers and policymakers have yet to
appreciate fully how differences in driving behavior can cause
variations in the energy efficiency of EVs, in part because of
the low EV penetration in the urban vehicle fleet. The
effects of driving behavior can be expected to be particularly
important in geographical contexts where fossil fuels play an
important role in the generation of electricity used to power
EVs.

There has been research about reducing EV energy con-
sumption in the usage phase that focuses on the vehicle side
through, for instance, optimization of the powertrain system,
upgrading of motor control strategy, and improvements in
battery power density. Stockar et al. [6] presented a super-
visory energy management strategy based on Pontryagin’s
minimum principle to optimize the energy utilization of
a plug-in hybrid electric vehicle (PHEV) on a simulator.
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Smith and colleagues [7] proposed a study of suitable battery
size by characterizing urban commuters’ profiles in a town
in Canada. In addition to these approaches which have
attracted considerable attention within the vehicle manufac-
turing industry, driving behavior itself could be a profoundly
influential factor in reducing energy consumption in EV
usage.

Driving behavior and driving styles, dispositions to drive
in particular ways that have been acquired over time, have
been shown to result in fluctuations of vehicle energy effi-
ciency for conventional vehicles, where, for example, aggres-
sive drivers can consume 30% more fuel [8]. Environmental-
friendly driving, or eco-driving, has become a key topic
of interest in the intelligent transport systems community
for conventional vehicles. Eco-driving habits can also be
expected to enable the EV motor to function in the high-
efficiency region and fully tap the potential of the regenerative
function to extend an EV’s driving range. However, some
research under laboratory conditions has suggested that EV
motor efficiency is much less sensitive to speed and load
than are internal combustion engines [9]. Together with the
potential of EVs’ regenerative braking function to reclaim
the kinetic energy, the new EV features have raised doubts
as to whether the benefits of congestion mitigation and eco-
driving will be as prominent for EVs as for conventional
vehicles.

Consequently, there is a gap in the literature regarding
the impact of driving behaviors on EVs’ energy consumption
in the real-world operation phase. There have been some
modeling and simulation of EVs with specific driving cycles
such as ECE-15, FUDS, NYCC, and Japanese 10–15 mode
cycle [10], but no study has so far examined if a single
standardized driving cycle can capture the dynamics encoun-
tered in real-world urban driving conditions as well as the
heterogeneity among drivers. Driving behaviors emerge out
of the interplay of contextual conditions and person-specific
driving styles, and both those behaviors and the interplay
from which they emerge tend to fluctuate in the real world
instead of staying the same. Therefore, we developed an
observational experiment of driving behavior with EVs to
study the variation in EV energy efficiency among different
drivers in the Beijing context, which is one of the major
emerging markets for EV adoption in China. The aim of our
EV energy efficiency test is not only to study the impacts of
drivers’ behavior on energy consumption but also to explore
the interplay of EVdriving styles with road infrastructure and
traffic conditions. To this end, a range of analysis methods are
deployed to data at the levels of the whole trip and moments
within each trip. These include a specific type of feature
extraction method called Singular Spectrum Analysis (SSA)
and clustering analysis using the Dynamic Time Warping
(DTW) distance in order to maintain the sequential infor-
mation in the energy consumption data during the analysis
of driver heterogeneity along the test route.

The remainder of the paper is organized as follows. After
a review of relevant literature on EV energy consumption,
Section 3 introduces the experiment and the methodological
approach for analysis.This is followed by analysis of results in
Section 4 and finally conclusions in Section 5.

2. Literature Review

Research has sought to better understand and estimate the
energy consumption of electric vehicles from different per-
spectives. One strand of research analyzes energy consump-
tion through field tests on dedicated tracks. Cenex (the UK’s
center of excellence for low carbon and fuel cell technologies)
has a test track composed of different parts to simulate four
driving cycles, including a high-speed circuit, city course, hill
route, and a handling route with a total length of 11.8 km
[11]. Bingham et al. [12] conducted a field test on the Cenex
test site to study energy consumption using a Smart Electric
Drive EV.The field test excluded car-following behaviors and
dynamic traffic conditions which are typical of urban driving.
The authors pointed out that reducing the spread of vehicle
acceleration has the potential to reduce energy consumption
by 30%. However, microscale driving parameters were not
thoroughly analyzed, and the analysis results were considered
preliminary.

Another study on the same Cenex test site suggested that
opportunities for regenerative energy capture were the largest
on the high-speed circuit [13]. The results also showed that
energy efficiency differed significantly among drivers. The
high-speed circuit requires drivers to drive at full throttle but
also offers many opportunities for deceleration, leading to
remarkable changes in energy efficiency.The track test results
also suggested a strong and positive relationship between
regeneration ratio and journey energy efficiency (defined
as the estimated vehicle range for each percentage of state
of charge [SOC]) for both the high-speed and city circuits,
with the latter simulating European cities with a speed limit
of 48 km/h and numerous mandatory stops. However, real-
world data collected in the UK as part of the Smart Move
trial contradicted the track test results by showing a negative
relationship. This discrepancy has triggered our interest in
studying the impacts of driving behavior on EV energy
consumption in real-world conditions.

Other than field tests, simulation is a feasible method in
resource-constrained conditions for analysis. Zhang and Yao
[14] proposed a driving strategy for when EVs approach a sig-
nalized intersection and estimated the energy consumption
under different control strategies based on a VT-Micromodel
for conventional vehicles. However, their model failed to
capture the complexity of the regenerative function and the
maneuver scheme also supposed a free driving behavior
without interactions with other drivers.The result showed an
8% saving of energy compared to the baseline scenario.

Meanwhile, some authors have proposed a platform or
model for EV energy consumption at a regional scale. Lee
and Wu [15] developed an approach to estimate the driving
range more accurately by the evaluation of both battery
degradation and driving behavior. Four groups of driving
behaviors, characterized by a vector of speed slots and relative
percentage of energy consumption, were clustered accord-
ing to an unsupervised machine-learning approach (grow-
ing hierarchical self-organizing maps). Unfortunately, this
research neglected the importance of energy regeneration in
driving behavior. Li et al. [16] identified six factors affecting
the energy consumption and constructed a binary model to
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Figure 1: A hierarchical map of influencing factors for EV energy consumption (factors considered in the empirical study printed in italic).

carry out an empirical experiment in Sydney, by focusing
on topography, infrastructure, traffic, and climate. However,
the validated binary model was not readily transferable to
areas other than Sydney, due to its context-specificity and
oversimplification compared to a microscopic model with
more parameters [14].

Notably, although largely neglected in behavior-oriented
EV energy research, there has been a separate strand of stud-
ies focused on energy consumption in the vehicle heating,
ventilation, and air-conditioning systems (HVAC) of EVs.
To assess the geographical and environmental influence on
energy consumption as well as the effect of preconditioning,
Kambly and Bradley [17] put transient environmental param-
eters from the database into a thermal comfort model. The
results showed that, due to different HVAC usage require-
ments, EV range varied widely across the geography as well
as the time of day in the USA.

In sum, en-route EV energy consumption is a process
affected by different factors on multiple levels (Figure 1).
Previous research has seldom addressed the effects of meso-
and microlevel factors on energy consumption in the real
world. Understanding the effects of those factors is critical to
better design of EV driving performance experiments in the
future and can also feed into the development of specific eco-
driving guidelines for EV users. This paper concentrates on
three micro- and one mesolevel factor (i.e., driving behavior,
driving style, traffic conditions, and infrastructure design)
and how they affect energy consumption in EVs.

3. Experimental Design and Methodology

In this part, we first describe the design of the experiment
in which energy consumption and other data were collected;
then the methods used to analyze energy consumption are
introduced.

3.1. Experimental Design

3.1.1. Test Equipment. A battery electric vehicle Nissan LEAF
2011 model was used as the test vehicle. An On-Board
Diagnostics (OBD) device data logger was connected to the
vehicle Electronic Control Unit (ECU) along the actual

driving tests, and the data were later uploaded to a com-
puter for analysis. The OBD provided second-by-second
information including vehicle speed, motor torque, motor
speed, battery pack current, and voltage. Derivative values
such as instant acceleration and energy consumption could
be calculated accordingly. A portable GPS was also used
during the test to capture the location for each second, and
ambient temperature data were recorded using an electric
thermometer.

3.1.2. Route. In order to be representative of average daily
driving behavior, the selected test route started from the
residential area of Haidian District (near the 5th ring road)
and ended in Sanlitun CBD (between the 2nd and 3rd ring
road) in Chaoyang District. All the drivers were instructed to
drive on the same route at the same time of day. This route
to some degree simulates a typical daily commuting routine
as employment is spatially concentrated in the inner area of
Beijing.The test route containsmultiple road types, including
an arterial road, a bypass, an expressway, and a highway inside
the 5th ring of Beijing. Figure 2 details the different road types
and a map of the test route.

3.1.3. Test Time. Since morning peak hour is commonly
defined as 7:00–9:00 a.m. in Beijing (e.g., [18]), the 8:30
a.m.–10:30 a.m. timeslot on weekdays covers both peak and
off-peak hours and ensured that multiple traffic conditions
were encountered during the test. The test roundtrip consists
of a more congested departure trip (average around 50min,
starting at 8.30 a.m. for all drivers) and a smoother return trip
(average around 30min, starting after 9:45 a.m.). Statistics
[19] showed a relatively stable daily pattern of traffic on
the Beijing network on normal weekdays, indicating traffic
conditions were similar (although not identical) for the
different drivers. All the trials were carried out within two
months fromOctober 2015 anddays of extremeweather (rain,
wind) and special events were excluded.

3.1.4. Drivers. As pointed out in a survey carried out by
Xing and colleagues [20], 63.4% of EV drivers in Beijing in
2015 were male and 36.6% were female. 79% of the drivers
fell into the age group of 20–39, and the majority of the
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46%

31%

23%

Education

23%

38%

31%

8%

8%

46%

46%

Age
20–25
25–30
30–40

77%

23%

Gender
Male
Female

40+

Average monthly mileage 
0–150 km
150–500 km
500+ km

Bachelor
<Bachelor

Master+

Figure 3: Drivers’ background information.

EV drivers were well educated (with 68% of them gaining a
bachelor degree or beyond, compared to 35.7% for all Beijing
residents). To make the test result more representative of
current EV drivers, we recruited trial participants with
similar background characteristics as the survey had revealed
using a snowball sampling method. A total of 13 drivers were
selected and took part in the experiment. The majority of
subjects in the experiment are well-educated young male
adults who have driven an EV before (Figure 3).

3.1.5. Test Conditions. Although battery capacity might fade
and increase impedance during cycling [21], we tried to limit
the influence of battery performance bymaintaining the same
SOC at 80% at the beginning of each departure trip. Before
the formal trial started, drivers were allowed extra time to get
familiar with the test EV, and preconditioningwas carried out
until a preset level (80%) of SOC was reached. To ensure
consistency, we used no additional “comfortable loads” (i.e.,
power consumption and user convenience features such as
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air-conditioning and heating or radio) during the formal tri-
als. It is noteworthy that, in contrast to the ideal conditions in
a simulation platformor chassis test, the operation conditions
could not be maintained at the same level in our research.
We recognize the elements of uncertainty in our tests but
believe they are inevitable when the aim is to obtain real-
world, transient, and dynamic data for analysis.

3.2. Methodology. Traditional statistical tools, such as Mann–
Whitney test and correlation analysis, can be used to analyze
the characteristics of the whole trip for each driver but are
less appropriate to examine the variation and autocorrelation
in energy consumption along the route. The best way to
identify patterns in energy consumption along the route
for each individual in a manner that maintains the com-
pleteness of the dataset is to use feature extraction methods
as applied in pattern recognition [22]. Feature extraction
seeks to obtain the most important information from the
original data and projects that information into a lower
dimensionality space. Common feature extraction methods
include Fourier Transform, Walsh-Hadamard Transform,
and Wavelet Transform [22]. In our case, a meaningful
decomposition of an observed time series into signal and
noise components can provide a better understanding of the
dynamics in energy consumption, especially in its relation to
road environment and traffic conditions.

3.2.1. Time Series Analysis Approach. A relatively new meth-
od known as Singular Spectrum Analysis (SSA) is a pow-
erful technique based on the decomposition of time series
[23] and embedding theorem [24] and can be applied to
any fieldwith an interest in time series data, including hydrol-
ogy, geophysics [25], climatology, economics, biology, and
physics.The central idea of SSA is to decompose the sequence
into a group of independent components, including trend,
oscillating components (e.g., periodic effects), and uninfor-
mative noise. SSA is appropriate for this study because it
makes no prior assumptions about whether the data is
normally distributed or stationary [26] and the energy
consumption sequence data in our study is quite dynamic
with extensive autocorrelation and noise. Moreover, unlike
Wavelet Transform, SSA does not require the selection of an
appropriate basis wavelet based on the nature of the original
data.

Detailed descriptions of the SSA algorithm are available
elsewhere [26–28] but the basic methodological process that
is used for extraction of the signals [29] can be summarized
as follows.

For a standardized time series 𝑥𝑖 with index 𝑖 varying
from 𝑖 to 𝑁 and a window length (or maximum lag) 𝐿, a
Toeplitz lagged correlation matrix is formed by

𝐶𝑗 =
1
𝑁 − 𝑗

𝑁−𝑗

∑
𝑖=1

𝑥𝑖𝑥𝑖+𝑗 0 ≤ 𝑗 ≤ 𝐿 − 1. (1)

The eigenvalues, 𝜆𝑘, and eigenvectors, 𝐸𝑘𝑗 , of the Toeplitz
matrix are calculated and sorted in descending order of 𝜆𝑘,

where indices j and k vary from 1 to L. The 𝑘th principal
component is

𝑎𝑘𝑖 =
𝐿

∑
𝑗=1

𝑥𝑖+𝑗𝐸
𝑘
𝑗 0 ≤ 𝑖 ≤ 𝑁 − 𝐿. (2)

Each component of the original time series identified by SSA
can be reconstructed, with the 𝑘th reconstructed component
(RC) series given by

𝑥𝑘𝑖 =
1
𝑀

𝐿

∑
𝑗=1

𝑎𝑘𝑖−𝑗𝐸
𝑘
𝑗 𝐿 ≤ 𝑖 ≤ 𝑁 − 𝐿 + 1. (3)

𝜆𝑘 represents the fraction of the total variance of the original
sequential data that the 𝑘th RC accounts for and RCs can be
ordered by decreasing importance accordingly. Most of the
variance is contained in the first few RCs and most or all of
the remaining RCs contain noise.

3.2.2. Clustering Method. Given the high dimensionality of
the spatial sequence data, it is highly beneficial to extract
and visualize the structure of similarity and differences
between the drivers. Clustering is a powerful tool to reveal
and visualize the structure of data. The choice of methods
for measuring similarities/dissimilarities has a significant
impact on the clustering results. According to Izakian et
al. [30], Dynamic Time Warping (DTW) distance is an
appropriate indicator for use in shape-based clustering. The
DTW function calculates an optimal match between two
time series by stretching or compressing some segments of
the series. Hence, this technique is suitable for measuring
energy consumption patterns’ similarity with respect to their
shapes.

An agglomerative clustering method (Ward’s Method) is
used with DTW as the distance function. Ward’s Method
has been chosen because of its suitability for small datasets
concerning robustness and efficiency compared to the k-
means algorithm [31]. The general procedure of Ward’s
Method starts with each candidate as a separate cluster and
then merges two clusters to produce the smallest increase
in the sum of squares. The merging process goes on until it
reaches k clusters [32]. While the k-means algorithm gives
no guidance about what k should be, Ward’s Method gives
indications through the increases inmerging cost at each step;
a rule of thumb is to keep reducing k until the cost jumps and
then use the k right before the jump. In our study, the DTW
calculation and agglomerative clustering process are carried
out after the standardization of each sequence into z-scores
in MATLAB.

4. Results and Discussion

This section summarizes the results from our experiments
and starts with statistical analysis of various characteristics at
the level of the whole trip (temporal domain analysis). It then
turns attention to variations in energy consumption between
moments along the trial route (spatial domain analysis).
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Figure 4: Energy consumption and time cost for all drivers.

4.1. Temporal Domain Analysis. Figure 4 demonstrates some
initial results on travel time and energy consumption for
each subject.The drivers’ energy consumption varied slightly
more during peak hour than at off-peak time.The maximum
difference among all drivers (the worst-performing versus
the best-performing driver) is 32.4% during peak hour and
30.0% at off-peak time. On average, the energy consumption
during congested traffic conditions is 15.6% higher than
during smooth conditions (2609.7Wh and 2257.7Wh, resp.),
which is statistically significant at the 95% confidence level
(Mann–Whitney 𝑈 = 14, 𝑝 = 0.0001). The coefficient of
variation (defined as the ratio of the standard deviation to
the mean) for energy consumption decreases from 2.3% in
congested conditions to 1.9% in smooth conditions, while that
of time decreases from 6.0% to 3.3%. Thus, during congested
conditions, drivers display slightly larger variation in both
energy consumption and time cost.

Real road traffic conditions affected vehicles during the
driving process, which included repeated episodes of start,
acceleration, deceleration, and stop operations. The trip was
divided into four types of driving status: acceleration, deceler-
ation, constant speed, and idling. The idling mode is defined
as the condition in which the battery power is turned on
to supply themotor although the actual vehicle speed is 0; the
acceleration mode is defined by the acceleration speed 𝑎 >
0.2m/s2 in the constant driving process; deceleration mode
happens when acceleration goes below 𝑎 < −0.2m/s2 in
the constant driving process; and the constant speed mode
is defined as instantaneous acceleration |𝑎| < 0.2m/s2, while
speed is above 0. Episodes (series of continuous moments) of
each status have been aggregated across individual trips. The
distribution of these four types of driving status as the per-
centage of total number of episodes is shown for each driver
in Figure 5. The difference of idling share between the two
traffic conditions is pronounced (3.8% for the departure trip
in congested conditions versus 1.8% for the return trip in
smooth conditions).

The average total number of episodes of acceleration,
deceleration, constant speed, and idling were 214, 206, 309,
and 30 for the departure trip (peak hour) and 145, 140, 218,
and 9 for the return trip (off-peak). As shown in the
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Figure 5: Driving status distribution for all drivers.

Table 1:Mann–Whitney test for episode frequency by driving status
according to traffic condition (congested versus smooth).

Congested Smooth 𝑝 value(2-tailed)
Number of idling episodes 30 9 0.000
Number of constant speed
episodes 309 218 0.001

Number of deceleration
episodes 206 140 0.000

Number of acceleration
episodes 214 145 0.001

Mann–Whitney test in Table 1, there are statistically signif-
icant (5% level) differences in all the four statuses, which
indicates a much more continuous driving behavior with
smoother traffic.

Although the lateral comparison does not indicate a
strong positive relation between acceleration share and
energy consumption, the longitudinal comparison for indi-
vidual drivers does give some hints. The driver (S5) with the
largest change in energy consumption between the smooth
(off-peak) trip and the peak congested (peak hour) trip
(decrease by 18.4%) showed a decrease in total deceler-
ation and acceleration shares with 2.0 percentage points.
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Table 2: Pearson’s correlation coefficients for various trip attributes, by road traffic conditions.

Congested Energy
consumption

Travel
time

Acc
share

Dec
share

Const
share

Idling
share

Energy
regeneration

Average
Acc

Average
Dec

Ambient
temperature

Energy
consumption 1.00

Travel time 0.32 1.00
Acc share 0.70∗∗ 0.39 1.00
Dec share 0.04 −0.43 0.13 1.00
Const share −0.54 −0.35 −0.81∗∗ −0.54 1.00
Idling share 0.29 0.82∗∗ −0.40 −0.14 −0.59∗ 1.00
Energy
regeneration 0.56 0.02 0.72∗∗ 0.61∗ −0.82∗∗ 0.20 1.00

Average Acc 0.75∗ 0.21 0.82∗∗ 0.43 −0.87∗∗ 0.42 0.89∗∗ 1.00
Average Dec 0.55 −0.01 0.64∗ 0.51 −0.74∗∗ 0.24 0.84∗∗ 0.78∗∗ 1.00
Ambient
temperature 0.40 0.10 0.32 −0.05 −0.15 −0.00 0.35 0.43 −0.01 −0.18

Smooth Energy
consumption

Travel
time

Acc
share

Dec
share

Const
share

Idling
share

Energy
regeneration

Average
Acc

Average
Dec

Ambient
temperature

Energy
consumption 1.00

Travel time 0.26 1.00
Acc share 0.36 0.46 1.00
Dec share 0.21 −0.12 −0.23 1.00
Const share −0.43 −0.35 −0.48 −0.67∗ 1.00
Idling share −0.17 0.36 −0.49 0.03 −0.01 1.00
Energy
regeneration 0.59∗ 0.33 0.59∗ 0.45 −0.77∗∗ −0.33 1.00

Average Acc 0.49 0.35 0.63∗ 0.38 −0.75∗∗ −0.33 0.93∗∗ 1.00
Average Dec 0.18 0.16 0.19 0.65∗ −0.73∗∗ 0.01 0.75∗∗ 0.69∗∗ 1.00
Ambient
temperature 0.40 0.44 0.52 −0.14 −0.20 0.32 0.57∗ 0.38 0.27 1.00
∗∗Correlation is significant at the 0.01 level (2-tailed); ∗Correlation is significant at the 0.05 level (2-tailed).

In contrast, the driver with the smallest change in energy
consumption (S10, decrease by 3.3%) displayed an increase
of the summed deceleration and acceleration shares with 3.0
percentage points in the smooth trip.

Correlation analysis has been conducted to obtain a better
understanding of the relationships between energy consump-
tion and other trip attributes and among the latter (Table 2).
The coefficients show a weak linear relationship (𝑟 = 0.32 for
peak hour traffic and 𝑟 = 0.26 for off-peak, where neither is
significant at the 5% level) between energy consumption and
travel time, which reinforces the earlier conclusion that no
simple relation can be identified between trip time and trip
energy consumption for a specific route in real-world urban
driving conditions. In congested conditions, the constant
share has a stronger negative correlation with energy con-
sumption (𝑟 = −0.54) than during smooth conditions (𝑟 =
−0.43), yet neither correlation is significant at the 5% level. In
peak hour traffic, a higher acceleration share tended to come
with higher energy consumption than at off-peak time (𝑟 =
0.70 against 𝑟 = 0.36). Average acceleration is also less
strongly correlated with average deceleration when traffic is

less congested (which is quite intuitive, since the driver will
have more control and freedom when traffic is reduced and
smooth). Ambient temperature was not significantly corre-
lated with other factors except for a positive correlation (𝑟 =
0.57) with energy regeneration in smooth traffic. Since the
variation of ambient temperature across all the 13 trials was
within 8∘C, we will disregard the impacts of temperature in
the remainder of this study.

The energy regeneration ratio is positively correlated with
acceleration and deceleration share (𝑟 = 0.72 and 𝑟 = 0.61,
both significant at the 5% level), but higher energy recovery
does not guarantee less energy consumption, given that more
energy regeneration caused by decelerationwill require accel-
eration to adapt to traffic flow speed. To better illustrate this
pattern, the journey energy efficiency (defined as in [13] with
the unit of km/SOC) and the regeneration ratio (regenerative
energy/consumed energy) have been plotted in Figure 6. As
the figure shows, journey energy efficiency is more strongly
correlatedwith the regeneration ratio during congested traffic
than in smooth conditions. Both the regeneration ratio and
the journey energy efficiency tended to be higher for off-peak
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Figure 6: Regeneration ratio versus journey energy efficiency by
traffic conditions.

trips. The following “spatial domain analysis” part will try
to explain the underlying fact for the “energy regeneration
conundrum” from a geographical point of view.

4.2. Spatial DomainAnalysis. High-resolution spatial data on
energy consumption has rarely been studied directly before
due to the limited availability of the data in the case of conven-
tional vehicles. However, the highly electrified system in EVs
makes it possible to record instant energy consumption based
on battery pack current and voltage. This data can be used to
examine how driving behaviors and styles, traffic conditions,
and infrastructure conditions such as road curvature, traffic
signals, and exits affect energy consumption along the trial
route.

As a first step of analysis, we have plotted the geographical
distribution of averaged speed and energy consumption (and
the respective standard deviations) along the route for the 13
drivers in Figure 7.The temporal sequential energy consump-
tion and speed data were converted into spatial sequential
data through the integration ofOn-BoardDiagnostics (OBD)
and GPS data for the congested trip towards CBD and the
smooth return trip separately. The speed profile is steadier
under smooth than congested traffic conditions. Due to the
functioning of the regenerative brake, energy consumption
fluctuated more strongly than did speed.

As described in Section 3.2, the Singular Spectrum Anal-
ysis (SSA) method is applied to the spatial sequence analysis.
A spatial resolution of 0.1 kmwas chosen for aggregation after
weighing data compression against data integrity. Sensitivity
analysis of different aggregation lengths on SSA results has

also been conducted (in response to the Modifiable Areal
Unit Problem (e.g., [33]) according to which measuring
phenomena at different spatial scales can result in radically
different conclusions), showing that 0.1 km resolution yielded
a good result.

An appropriate window length L needs to be chosen for
the SSA. L should be large enough to capture sufficiently
the dynamics of the time series but not greater than N/2
[34]. Further, if any periodic component is known to be
present, then L should be proportional to that period. In
practice, a length approximately 1/5 of the sequence is
sufficient to capture all the dynamics of the series. To the best
of the authors’ knowledge, there have been no previous
studies using datasets that are very similar to ours.Therefore,
based on our understanding of the designated route which
comprises several signals, entrance, and exits (a distance of
less than 1 km in the arterial road) and changes in road
curvature, a window length of 30 (namely, 3 km because our
resolution is 0.1 km) was chosen in our case.

Let us use as an example to illustrate the SSA process with
the departure trip data of driver S10. We have used MATLAB
to perform the SSA. Choosing 𝐿 = 30 and performing
SVD of the correlation matrix 𝐶𝑗, we obtain 30 eigenvectors,
ordered by their contribution (share) in the decomposition
(see Figure 8).

The drop in values around component 8 could be inter-
preted as the start of the noise floor. Together the first eight
components account for 83.3% of the variation in the original
sequence. The respective reconstructed components for the
first eight components are shown in Figure 9.

RC 1 represents the slowly varying trend component
which excludes oscillations. Based on the closeness of cor-
responding eigenvalues and the similarity in frequency, RC
2, RC 3, RC 4, and RC 5 are paired as the harmonic compo-
nents which show the pattern of periodic oscillation in the
original series. The harmonic component could probably be
interpreted as the periodic impact of interferences, including
recurrent congestion points. The rest of the eigenvectors are
categorized as noise. Figure 10 shows the extracted compo-
nents of the three categories.

This SSA process was performed twice for each driver and
for all 13 drivers separately to extract the trend component
which we define as the main feature of interest for each
driver. The harmonic component is correlated with the trend
component to a certain degree, yet of a much more versatile
nature. In the present study, we focus only on the trend
component which accounts for over 60% of the variation in
the original sequential data.

After extracting the trend components of energy con-
sumption for each individual, the DTW calculation and
agglomerative clustering process are carried out with the
standardized values (z-scores) of each sequence inMATLAB.
The dendrograms for the clustering results for both congested
and smooth traffic conditions are plotted in Figure 11. The
rescaled merging cost on the horizontal axis shows greater
heterogeneity in energy consumption along the route among
drivers during smooth (off-peak) traffic than during con-
gested peak hour conditions. For the congested condition,
merging driver S4 with other groups involved a high cost and
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Figure 7: Speed and energy distribution along the route.
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other groups were more closely nested. We used a rescaled
merging cost of 5 as the cut-off value and decided to cluster
drivers into three groups and one anomaly (S4). For the
smooth condition, we used the same cut-off value of 5 to
obtain three groups and two anomalies (S7, S4). Among all
the drivers, only two pairs (S5 and S12, S7 and S10) remain
in the same group in both sets of conditions. This suggests
that traffic condition strongly influences individual energy
consumption pattern along the route in ways that a focus
on the total energy consumption during the trip may not
necessarily reveal.

The energy consumption profiles (z-scores) along the trial
route for the different groups during congested conditions are
shown in Figure 12. The overall trend for the clusters shows
a fluctuation with different peak locations for each cluster.
They all startwith high levels of energy consumption and then
exhibit a dramatic plunge, followed by more modest decrease
until approximately 5 km for clusters A andB and until 9.5 km
for Cluster C. The initial decline is in line with the shifting
from densely signalized road type (arterial road in and
bypass) to expressway, which is also the case in the smooth
return trip. Clusters A and C have subsequent peaks around
9.5 and 13 km, respectively; most drivers in B maintain a
fairly flat or slightly increasing profile until the end of the
drive. The shape for S4 is really different and further analysis
suggested that this driver experienced much more extensive
congestion with travel speeds below 10 km/h around the peak
in Figure 12(d).

The energy consumption profiles (z-scores) along the
trial route for the different groups in the smooth conditions
are plotted in Figure 13. All clusters fluctuate in a similar
“W” shape although the depth of the troughs varies. Energy
consumption decreases steadily in all clusters for the first
1.5 km (similar to the congested condition as a result of
densely signalized road type). Then Cluster B remains stable
until further decreasing starts at around 7.0 km, while Cluster
A and Cluster C continue with the declining trend at different
rates. All three clusters peak at the same point and then
experience rapidly falling energy consumption until they
reach aminimumaround 10.5 km after which the energy con-
sumption rises again.The outliers S4 and S7 do not fit in with

other clusters; retrieved speed profiles reveal that the abnor-
mal energy consumption peaks are associated with severe
“speed valleys” around 7.5 km and 11.5 km, respectively, which
are not present for other drivers. Intragroup heterogeneity
is generally larger than in the congested condition, probably
because the recurrent congestions during peak hours place
more constraints on drivers’ driving behavior. Hence, similar
drivers tend to converge in terms of revealed driving behav-
iors.

To better understand the differences in energy con-
sumption profile, we have mapped both the original energy
consumption (the sum of the trend, harmonic, and noise
components) and speed along the route for each cluster
using QGIS (Figures 14 and 15). For the speed plots, the
crimson color denotes high speeds up to 80 km/h, while the
primrose color denotes low speeds down to 10 km/h. As
for the energy consumption plots, the blue color represents
energy regeneration up to 25Wh, and the red color represents
energy consumption with a maximum value of 70Wh. Road
sectors with negative energy consumption values are defined
as “net energy regeneration sectors.”

Figure 14 confirms that different clusters of drivers show
quite different patterns of energy consumption. The peaks
and valleys revealed in Figure 12 largely coincidewith changes
in road curvature and road types. All the three clusters display
a decreasing trend in energy consumption when the drivers
move from the densely signalized arterial road sector to the
relatively smoother expressway.Then the three clusters begin
to diverge at the change point to the highway. Cluster A
and Cluster C continue the decreasing trend in energy
consumption, while drivers in Cluster B peak shortly after
entering the highway. The retrieved speed profile shows that
Cluster B drivers encounter slightly more severe congestion
when entering the highway and subsequently rapidly increase
their speed. Also, Cluster B drivers display more aggressive
driving behaviors after they enter into the highway at the very
beginning.

When departing from the highway and entering the
expressway again, drivers in all clusters show a decrease in
speed because the complex signalized intersection linking
the highway to the expressway is a bottleneck. The energy
consumption trend of Cluster A peaks near this bottleneck as
the speed shows that it encounters a longer congested length
compared to the other two clusters. After drivers enter the
expressway again, the continuous low speed results in low
energy consumption in all clusters. While clusters A and B
maintain a constant trend until the end of the journey, energy
consumption in Cluster C peaks at the bending point of the
expressway (north 3rd ring road and east 3rd ring road).This
pattern of Cluster C can be attributed to a lack of proactive
slowing down behavior followed by “stop-and-go” driving in
the congested sectors.

The occurrence of a net energy regeneration road sector
(blueish sector) is always associated with a peak in the
energy consumption profile (Figure 12).This partly solves the
“energy regeneration conundrum” mentioned in Section 4.1.
Higher regenerated energy comes at the cost of using more
energy to speed up and regain free-flow speed.The efficiency
improvement brought by EV motors and the regenerative
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Figure 9: The first eight reconstructed components plotted as time series.
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Figure 10: Reconstructed trend (a), harmonic (b), and noise (c).
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Figure 11: Dendrograms of the clustering results, congested (a) and smooth (b).
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Figure 12: Energy consumption pattern for different clusters in congested traffic condition: (a) Cluster A: S2, S7, S10, S11, and S13; (b) Cluster
B: S3, S5, S8, S9, and S12; (c) Cluster C: S1 and S6; (d) anomaly: S4.
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Figure 13: Energy consumption pattern for different clusters in smooth traffic condition: (a) Cluster A: S1, S2, S3, S8, and S9; (b) Cluster B:
S5, S11, S12, and S13; (c) Cluster C: S6 and S10; (d) anomaly: S4 and S7.

function has not annihilated the influence of “stop-and-go”
driving behavior.

In smooth traffic conditions (Figure 15), the patterns are
not as obvious as during peak hour. The overall intragroup
difference in energy consumption is larger than during peak
hour. All the three clusters reach their lowest energy con-
sumption around the exit of the highway to the expressway.
Cluster A peaks roughly at the middle point of the highway
sector due to drivers driving at high speeds for the longest
time span. Cluster B has the longest plateau in energy con-
sumption with a mild and consistent driving profile. Cluster
C performs quite efficiently at the start of the journey; in
fact, it keeps a mild speed profile until it reaches the bending
point of the expressway, after which its pattern becomes
similar to Cluster B.

It is worth mentioning that net energy regeneration
sectors occur less often in smooth than in congested traffic
conditions. While a freer driving environment might be
expected to induce more variation in energy consumption,
this is not borne out in our experiment.The setting for urban
driving in megacities like Beijing is always quite constrained

(speed limit, traffic signal, road curvature, road safety
regulations, etc.), so the speed profile cannot be manipu-
lated to the same extent as on test tracks as in previous
research [13]. In fact, the most significant contributor to the
energy consumption pattern seems to be “stop-and-go”
driving incurred during congested traffic conditions, which
subsequently results in even larger variation among drivers.

5. Conclusions

This paper has introduced an exploratory experiment of EV
driving behavior which was undertaken to understand the
variation of EV energy efficiency among different drivers in
Beijing context. It is among the first attempts to systematically
compare real-world spatial sequence data on energy con-
sumption for EV drivers, and the approaches put forward in
the paper can be used for data from large-scale EVfleets in the
future. The significant heterogeneity among drivers’ revealed
energy consumption along the trial route, which is not
captured in the statistical results at the level of the total
journey, meriting further attention in future research with a
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Figure 14: Speed and energy consumption profiles for different clusters in congested condition.

larger and more diverse fleet of EVs and greater numbers of
drivers.

The paper has made two more specific contributions to
the existing literature. First, it has shown that in combination

the SSAmethod and agglomerative clustering using theDTW
distance offer a feasible approach to simplify and decipher
the heterogeneity in energy consumption profiles that are
present in sequential but seemingly erratic data. Second, both
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Figure 15: Speed and energy consumption profiles for different clusters in smooth condition.

the SSA method-based analysis and the earlier correlation
analysis have revealed how energy efficiency is affected clearly
by drivers’ behavior and through this by road infrastructure
(e.g., type of road, curvature), traffic conditions (congestion),

and personal driving styles. Of particular interest is that
more heterogeneity exists among drivers in the same cluster
in relatively smooth traffic than in congested, peak hour
conditions. This suggests that recurrent congestion during
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peak hours places more constraints on driving behavior so
that drivers with similar driving styles tend to converge in
revealed driving behavior.

The analysis reported in this paper is unable to differ-
entiate the impacts of the physical environment (recurrent
congestion, road curvature) from those of individual-specific
driving style. Nevertheless, a certain degree of consistency
is observed in the driving behavior of more energy efficient
drivers under different traffic conditions.While the study has
not directly focused on the analysis of eco-driving behavior,
the results are in line with the claim that eco-driving can
have substantial influence on energy consumption in EVs
(which usually are more energy efficient than ICEVs). In
contrast, it seems likely that the “energy regeneration ratio”
is a poor indicator of eco-driving. The use of energy regen-
erative function may bring about more local-scale net energy
regeneration sectors on a particular trip, but this benefit is
always associated with an overall trend of increased energy
consumption. Our results imply that behavioral change in
driving can lead to substantial energy efficiency improve-
ments, even in EV fleets. It is particularly in congested
traffic conditions where the benefits of EV eco-driving can
be reaped.

The findings of this research point out the importance for
car manufacturers to estimate the driving range more accu-
rately by including personal driving style factor, infrastruc-
ture design, and traffic condition factors in the calculations
and projections of EV energy consumption. Providing such
information may help to overcome range limitations among
drivers and assist them to modify their driving habits. It may
also increase public trust in information on EV performance
that is provided by manufacturers.
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1Universidad Politécnica de Madrid, Av. Prof. Aranguren s/n, 28040 Madrid, Spain
2KTI Institute for Transport Sciences, Than Károly utca 3–5, Budapest 1119, Hungary
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Despite the recently increasing research interest, this is one of the first studies employing a panel sample of users and nonusers
to understand the bike-sharing phenomenon (𝑁 = 205). On the basis of a novel surveying technique, a case study on the clients
of the state-of-the-art bike-sharing scheme of Madrid (Spain) is presented. BiciMAD is a system of the latest generation, namely,
multimodal demand responsive bike-sharing: a fleet of electric pedal-assisted bicycles (pedelecs) with an advanced technology and
unique smart service configuration to tackle challenges that may hinder the promotion of cycling and bike-sharing in the city. A
statistical test has verified that there is a moderate association between previous intention and actual use of bike-sharing (Cramer’s
V = 0.25) and both barriers and motivators of further use have been identified. Indicators on mobility patterns show that although
drawing primarily from other sustainable modes of transport, bike-sharing has increased mobility (total number and distance of
trips) and especially active travel but decreased the perceived travel time.

1. Introduction

Bike-sharing has been expanding rapidly worldwide from
the mid-2000s. It is estimated that there are more than
800 systems worldwide, mostly in cities of Europe, North
America, and Asia. In parallel to the rapid rise of bike-
sharing, there has been growing research interest in its study.
Some frequent issues related to service design, configura-
tion, and operation are station location, bicycle rebalancing,
pricing, and, most recently, dockless systems and e-bike-
sharing. By reaching a certain level of maturity in many
cities, demand side research topics include not only user
characteristics and preferences but also impacts on individual
mobility patterns and on the urban transport system.A recent
synthesis of the literature [1] has resulted in three main
conclusions about bike-sharing users, namely, that (1) they
have different demographic characteristics than the general
population (male, higher average income and education,
more likely to live and work in the bike-sharing operational
zone, etc.), (2) convenience (perceived usefulness) is the

key factor that motivates frequent use, (3) modal shift from
individual motorized modes is lower than expected.

Although a lot has already been said about bike-sharing
users, seemingly there is a lack in longitudinal research
activities to study impacts in a specific social group or a panel
of potential and actual users. In this context, Ricci [2] suggests
the use of innovative research methods combining users’
travel behavior history as a result of bike-sharing, socioeco-
nomic data, and cycling patterns.This kind of research would
allow a better understanding of user and nonuser profiles and
changes of travel behavior.

In the present paper, after a brief but comprehensive
literature review, a case study is presented about BiciMAD
users in Madrid (Spain). On the basis of a panel survey, the
present paper aims to highlight the effects of the introduction
of a smart pedelec-sharing scheme on using the service (by
measuring the relationship of intention-to-use and actual
use), factors that may motivate nonusers to become clients,
and impacts on mobility patterns.
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2. Literature Review

Study of readiness to use a new product or service and to
pay for it is a classical issue of academic and marketing
research. In the field of urban transport research, willingness-
to-pay and acceptance play a significant role in the study of
feasibility of new charges, especially congestion charge and
road tolls [e.g., [3–5]], as well as new pricing schemes in
public transport [6–8]. Analysis of intention-to-use is applied
to identify persuasion strategies and promotion tools before
the introduction of a new or improved product or service,
such as information services [9], improved quality and inte-
gration of public transport [10–12], and automated driving
[13]. Intention-to-use bike-sharing has also been investigated
recently, including the identification of factors that may affect
adoption [14–16], especially among young drivers [17] and
tourists [18], as well as the study of acceptability of ICTs and
new pricing policy [19]. Relationship of willingness/intention
and actual use in urban mobility has not yet been researched
extensively, despite the fact that itmay bridge the gap between
the above mentioned studies and what has been learnt about
actual users after introduction (modification, improvement,
etc.) of a product or service.

Impact assessment is a relatively frequent topic of trans-
port research and considerable effort has also been devoted to
the analysis of the effects of bike-sharing on urban mobility.
Besides basic literature and review papers on the role of
bike-sharing [1, 20–24], there has also been specific interest
on impacts on travel patterns. In the following paragraphs,
the most influencing contributions are presented, which may
be linked to three principal researchers (not in order of
importance).

Shaheen et al. [25, 26] andMartin and Shaheen [27] focus
on the varying degree of modal shift from/to public transport
in different contexts of North American cities. They employ
a set of survey techniques and data sources (online question-
naire among members, onsite survey among potential users,
expert interviews, and population statistics) to understand
mobility implications.They come to the conclusion that bike-
sharing draws from all modes and it is increasing cycling
and reducing car and taxi usage. Impact of bike-sharing on
public transport use depends on the urban environment, that
is, the degree to which public transport serves long trips
(in which cycling/bike-sharing is not competitive) or short
trips (in which cycling/bike-sharing may be a substitute).
Bike-sharing tends to be more substitutive in larger and
denser cities and more complementary as a first or last mile
connection in small to medium size and less denser cities.

Fishman et al. [28–30] provide the definition of a theo-
retical framework of impact assessment and a quantification
of impacts on active travel and car use in different contexts
(USA, Australia, and UK). On the basis of previous research
on walking and cycling, they have created a framework to
measure the monetized benefits of bike-sharing in terms
of congestion, climate change, and physical activity. Online
survey and data obtained from operators have been used to
determine the effects on othermodes of transport: an average
of 60% of bike-sharing trips replaces sedentary travel modes.
Although there is a reduction in active travel time when

bike-sharing replaces walking, overall there is a positive
impact on active travel. They have concluded that only a
certain car mode substitution level can ensure a reduction in
the use ofmotorized vehicles. Consequently, they suggest that
user-based or nonpolluting redistribution of bicycles and a
mode shift from car and taxi (and even public transport) to
bike-sharing shall be encouraged in all systems.

Ricci [2] has carried out an extensive review of policy
documents, academic and grey literatures (including pub-
lications of the above mentioned authors) on user profiles;
determinants, barriers, and characteristics of use; new travel
patterns; impacts on urban mobility; and health, environ-
mental, and economic impacts. Among far-reaching conclu-
sions, the study reveals an interrelationship of the promotion
of cycling and bike-sharing and that there is mixed evidence
about the changes of travel patterns as a result of bike-sharing.
Cycling seems to increase, whilst driving and other forms of
physical activity (especially walking) tend to decrease. Bike-
sharing can connect to or replace public transport depending
on scheme attributes, user preferences, and characteristics of
the area of implementation.

As Spain is one of the countries with the highest number
of bike-sharing systems, there is growing interest in their
research [e.g., [31–36]] and there is an initiative to publish
data and information about bike-sharing systems [37], but
there is still room for further investigation in the topics of the
present paper.

3. Case Study

BiciMAD was introduced in the dense inner city of Madrid,
in districts of approximately 15 to 30 thousand inhabitants per
km2. This is the commercial and residential city center with
nearly 850,000 inhabitants (out of 3.16 million in the munic-
ipality in 2016) and one of the top European destinations
with 8.9 million national and international tourists in 2016.
Mobility in this central area is characterized by a traditionally
high share of walking (54.4% in 2014, according to the last
travel survey) and public transport (30.1%). The latter is due
to, among others, an extensive and high-capacity metro sys-
tem and bus network. Bike-sharing was launched with 1560
bicycles in 123 docking stations in mid-2014 and expanded
towards other parts of the inner city in the next years. In total,
there are 2028 bicycles and 165 stations in early 2017.

It is an example of the latest generation of bike-sharing,
that is, multimodal demand responsive systems [38]. Its
unique design, advanced technology, and smart service
configuration intend to give response to some barriers and
challenges that may undermine the promotion of cycling and
bike-sharing in Madrid (see Figure 1). First, it employs state-
of-the-art pedelecs to tackle issues of an ageing population,
low modal share of cycling (0.8% in 2014), lack of proper
cycling infrastructure, and hilly streets in the city center. For
one of the very first fully pedelec-based bike-sharing schemes
in Europe, a unique fleet was developed and tailor-made to
be introduced in Madrid. Second, it applies a fee policy that
unlike the vast majority of systems makes all users pay for
each ride, including subscribers who can use the service free
of charge for the first 30 minutes in other schemes (up to
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Challenge Required answer Solution

Hilly city center Provide assistance

Insufficient 
cycling infrastructure Be safe and competitive 

with road traffic
Fleet of pedal-assisted bicycles

Ageing population Be accessible for elderly people

Be attractive for a general public

Low cycling culture

Be flexible
Fully supported by online applications, 

available at stations and by mobile devices

Avoid modal shift from 
other sustainable modes

Fee per each use 
(incl. first 30 minutes)

Relatively high share of walking 
and PT use in the city center

Discount on yearly registration fee 
for PT usersFoster integration, 

encourage interchange
Physical integration at stops and stations

Environmental pollution by trucks 
(redistribution) Reduce necessity

Smart rebalancing by users, 
incentivized by fee discounts

Ensure tracking and/ Built-in GPS

Possible thefts and vandalism Provide surveillance CCTV at stations

Solid construction Antivandalism batteries incorporated into an 
exclusively designed aluminum frame

or localization

Figure 1: Demand responsive characteristics of BiciMAD.

45 or 60 minutes in some cases). This is to offer a relatively
cheap and eco-friendly alternative to individual motorized
modes but to prevent people to stop walking and using public
transport due to a “free of charge” mobility option. Third, it
incentivizes user-based rebalancing of docking stations by a
discount on the fee per ride for clients who pick up a bicycle
from an overloaded station, return it to a low occupancy
one, or make online dock reservation at departure. Smart
redistribution may decrease the negative effects of the use of
trucks and counterbalance the few negative externalities of
bike-sharing (e.g., in terms of land use).

BiciMAD was introduced in a social system with low
cycling culture [39], without the application of classical
marketing tools, such as wide-scale market research or
advertising. The only seemingly effective promotion tool was
the installation of docking stations on the streets of the city
center. Only a limited road infrastructure development has
been carried out: although extensive in length (about 70 km),
the new network of ciclocarril means assigning dedicated
mixed traffic lanes with a speed limit of 30 km/h, mainly on
busy streets and avenues.

Taking into account the significance of the introduction
of a new travel mode in an urban transport system, a research
project was launched (1) to better understand urban mobility
(especially travel patterns) in Madrid and (2) to study the
bike-sharing phenomenon in a certain context. A series of
surveys among potential and actual users was realized from
2014 to 2016, and complementing publicly available data
(number of users, daily use, etc.) has been gathered. Previous

outcomes of the project include a classification of potential
users and nonusers [40] and an assessment of the impacts
of bike-sharing on urban mobility and the use of bicycle
[41] employing advanced statistic techniques of factorial and
cluster analysis, as well as a study on the peculiarities of
the adoption of bike-sharing as an innovation, applying the
Theory of Diffusion of Innovations (under publication).

4. Methodology and Sample

A survey method developed by TRANSyT (Transport
Research Centre, Universidad Politécnica de Madrid) [40,
42], the combination of an intercept interview and an online
questionnaire was used to ensure the desired number of com-
plete responses by competent and encouraged respondents in
an economic and easy-to-analyzemanner. After a brief, 30- to
120-second long introduction of the topic and the incentives
at a bike-sharing station to users or potential users (and some
records, such as sex, age, place, time, and weather kept by
surveyors), an access code to an online survey was provided.
Respondents could fill in the questionnaire by amobile device
or computer with internet access within a few days. In this
case, the contact data provided by interested participants in
the questionnaire allowed the realization of a panel survey
in the upcoming phases. The number of complete responses
may be seen in Table 1.

In the present contribution, for the analysis of intention
and actual use as well as the changes of travel behavior
and attitudes towards urban mobility and especially cycling,



4 Journal of Advanced Transportation

Table 1: Survey phases.

Phase Date Potential user Actual user Potential user (panel) Actual user (panel) Total
1 May/June 2014 1811 (1859∗) — — — 1859∗

2 June 2015 25 403 63 93 584
3 June/July 2016 30 302 62 140 534
∗In the first survey phase, a specific questionnaire was administered to Spanish-speaking tourists, but due to the low number of respondents (48), no detailed
analysis was done.

responses of the panel survey are considered. A total number
of 205 individuals who responded in both the 1st and 2nd or
3rd phase are included in the study. (In case of filling in both
the 2nd and 3rd questionnaires, responses in the 3rd are taken
into account.)

The questionnaires included questions about general
travel patterns, use of bicycle, attitudes towards cycling, and
bike-sharing, as well as the willingness and actual use of
bike-sharing. Some topics were addressed by Likert-type
scale statements. Socioeconomic characteristics have been
analyzed by a specific group of questions. Due to constraints
(especially in terms of completion time), some modification
of the questionnaire had to be done from phase to phase,
leading to a nonperfect comparability in a few aspects.

After the standardization of data and matching answers
by panel respondents, a statistical analysis has been carried
out, including a test to estimate the relationship between
intention-to-use and actual use of bike-sharing. Pearson’s chi-
square test is computed from the contingency table:

𝜒2 = 𝑟∑
𝑖=1

𝑐∑
𝑗=1

(𝑂𝑖𝑗 − 𝐸𝑖𝑗)2𝐸𝑖𝑗 . (1)

On this basis, Cramer’sV is calculated tomeasure association:

𝑉 = √ 𝜒2𝑛 ×min (𝑟 − 1; 𝑐 − 1) . (2)

𝑂𝑖 is observed frequency, 𝐸𝑖 is expected (theoretical) fre-
quency, 𝑟 is number of rows, 𝑐 is number of columns (in the
contingency table), and 𝑛 is total number of observations.

Modal shift indicators (e.g., change in number of trips,
distribution of replaced modes, and modal share) are
employed to explore the changes of individual travel behavior
and urban mobility after the introduction of bike-sharing.

In line with previous research on the role of user demo-
graphics in the evaluation of impacts [26], some general data
of the survey sample (𝑁 = 205) may be seen in Table 2.
Three users categories of BiciMAD have been defined: fre-
quent users (subscribers), who after registration pay a yearly
subscription fee and may use the service for a price per ride
(0.5 EUR for the first 30 minutes and 0.6 EUR for further
30 minutes of use, up to a maximum of 2 hours in total;
prices as of early 2017 (prices have not been altered since the
inauguration of BiciMAD in 2014)); occasional users, who pay
a deposit of 150 EUR and may use the service for the price of
2 EUR for the first 60 minutes (4 EUR for the second hour);
and nonusers, who have never tried out or used the system.

Changes from 2014 (before implementation) to 2015/2016
(after) that may affect urban mobility patterns (itineraries,
mode choice, number of trips, etc.) include the following:

(i) somepeoplewhohave finished school and entered the
job market;

(ii) a positive trend on the job market: lower unem-
ployment rate and more people employed or self-
employed;

(iii) less single-person households (converted into house-
holds of two members, presumably young couples
without children);

(iv) lower average household income levels;
(v) less people with motorbike but more with car and

driving license;
(vi) varied alteration in the use of public transport (as

reflected by the number of PT pass holders) and
private bicycle (through the rate of owned bicycles).

5. Results

5.1. Intention and Actual Use. To better understand potential
user profiles and identify characteristics (beyond intention-
to-use) that make people similar to each other in a limited
number of groups, a cluster analysis was carried out after the
ex-ante survey. It resulted in three clusters [40]:

(i) A groupof people in their 20s and 30s,mainlywomen,
many of them still studying or inactive, mostly PT
users, have not ridden a bike in four weeks.They were
relatively positive about the efficiency of BiciMAD in
urban mobility and rather positive about its pricing,
with a relatively strong intention to become frequent
users (called “Fans” in the study).

(ii) Individuals mostly in their 20s, mainly men, mostly
students, both car and PT users, have not ridden a
bike in one year. They were a bit negative about the
system and indifferent (but rather negative) about
BiciMAD fees and they would rather become occa-
sional users (“Vacillating and indifferent”).

(iii) A cluster of men and women equally, between 30
and 50 years of age, mostly employees and self-
employed, have ridden a bicycle in the last month.
They were very negative about bike-sharing fees and
quite negative about BiciMADand theywould not (or
some might eventually) use the service (“Opponents
and/or frequent cyclists”).
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Table 2: Panel sample: some general, socioeconomic, and transport related characteristics in the before and after survey phases.

Total Subscribers Occasional users Nonusers
% in survey 100 21.4 20.4 58.2
Age in 2016
(standard deviation)

37.6
(11.6)

37.5
(9.2)

34.8
(12.3)

38.6
(12.1)

Female :male (%) 41 : 59 38 : 62 39 : 61 43 : 57
Before After Before After Before After Before After

% of respondents
Occupation

Student 22.9 17.1 10.6 4.3 23.9 26.8 34.2 18.8
Employee 60.7 66.3 74.5 85.1 51.2 58.5 59.0 61.5
Entrepreneur 2.0 4.9 4.2 4.3 0.0 4.9 1.7 5.1
Unemployed 10.5 9.8 6.4 6.4 14.6 9.8 10.3 11.1
Pensioner 1.5 1.5 0.0 0.0 2.6 2.6 0.0 0.0

Education
Higher 74.6 77.6 77.9 78.7 75.6 78.0 72.6 76.9
Secondary 24.9 20.0 19.1 19.1 24.4 22.0 26.5 19.7

Household size
1 14.4 11.7 12.8 14.9 17.1 7.3 13.7 12.0
2 25.9 29.8 36.2 31.9 24.4 34.1 23.9 27.4
3 25.4 23.4 17.0 17.0 26.8 24.4 27.4 25.6
4 25.4 25.4 25.5 23.4 19.5 22.0 27.4 27.4
More 9.0 9.8 8.5 12.8 12.2 12.2 7.7 7.7

Household income
(€)

–1300 18.9 23.9 17.0 14.9 22.0 29.3 19.7 25.6
1300–2500 40.3 39.0 38.3 38.3 39.0 39.0 41.0 39.3
2500– 40.8 37.1 44.7 46.8 39.0 31.7 39.3 35.0

Bicycle ownership 78.1 76.1 70.2 70.2 80.5 85.4 79.5 75.2
PT pass 53.7 52.2 38.3 51.1 56.1 52.1 59.0 52.1
Driving license 83.6 85.4 89.4 91.5 73.2 75.6 84.6 86.3
Access to car 58.7 60.5 59.6 63.8 46.3 48.8 61.5 63.2
Access to motorbike 18.4 12.7 12.8 6.4 26.8 12.2 17.1 15.4

These results are in line with the three above defined
user groups of BiciMAD (subscribers, occasional users,
and nonusers). On this basis, three categories are applied
in the research of intention-to-use (will not use; will use
occasionally; will become a frequent user) and actual use
(nonuser; occasional user; frequent user). An outcome of this
approach in the analysis of the panel sample is represented in
Figure 2.

On the one hand, results show that a majority of respon-
dents have not started to use bike-sharing, even those who
reported an intention to ride on BiciMAD frequently. Conse-
quently, although the predicted use is reflected in the highest
proportion in the same actual use category (no/not tried:
64%; occasional/occasional: 26%; frequent/frequent: 45%),
only no/not tried has the highest proportion in absolute terms
within the same category, not tried being the top outcome in
the two others. On the other hand, data indicates a similarly

varied distribution from another point of view, namely, that
despite having the highest proportion of intention in the
same category (not tried/no: 44%; occasional/occasional:
41%; frequent/frequent: 57%), not all of them are the top
items in each case (see occasional/no: 44%). Peculiarly, two
out of five actual subscribers did not intend to use the
service (or only eventually) and nearly the same percentage
of actual occasional users reported on not willing to become
clients. These results indicate that intention-to-use expressed
before implementation is not strongly connected to the final
decision about becoming clients.

A statistical test has been applied to confirm the assump-
tion that there is a relation between intention-to-use and
actual use (which seems obvious) and to quantify the associ-
ation (that is not expected to be strong). The test is based on
3 × 3 contingency table, rows, and columns representing the
above-mentioned categories. Results may be seen in Table 3.
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Figure 2: (a) Actual use in light of intention-to-use. (b) Intention-to-use in light of actual use.

Table 3: Results of the statistical test.

Pearson’s 𝜒2 df p Cramer’s V
24.76268 4 .00006 0.245758

As expected, results indicate an association with a
medium magnitude; that is, intention-to-use (before system
implementation) has amoderate connection to the final deci-
sion about becoming a BiciMAD user. In other words, some
individuals have changed their minds: a not insignificant
percentage of refusers (37%) seem to have become fascinated
by the new travel mode and started to use it as an occasional
or even frequent user and others are subscribers instead of
casual users (and vice versa). The last one, namely, becoming
a subscriber and not an occasional user, may be the result of
an obvious financial consideration: on the basis of prices from
2014 to 2017, a yearly registration fee plus a fee per each ride is
more economical than paying an occasional fee after the 16th
ride (10th for PT pass holders).

Most people who reported on casual or frequent use
finally decided not to become clients after inauguration.
This may be due to unpredictable changes in one’s life, such
as socioeconomic (e.g., new workplace) and other personal
reasons (e.g., health problems), but there must be some
factors originating from the (perceived) attributes of the bike-
sharing service and/or the transport system, as well.

Thus, in the second and third survey phases, respondents
had to evaluate the relevance of some of these possible
factors in their decision: for what reason they do not (or not
frequently) use the service (Table 4) and if they would start to
use it under certain conditions. An obvious answer is a greater
convenience of anothermode of transport: (1) owning bicycle
has a high percentage as a reason for nonuse or non-frequent
use (nearly one out of two individuals) in both categories; (2)

as bike-sharing is not intended to replace all the trips in the
city, some people may find other transport modes, especially
public transport, faster or more convenient in other terms in
their itineraries.

Bike-sharing related factors are geographical coverage
(an extension was realized toward other zones of the city
center during the 2nd and 3rd survey phases) and pricing
policy. Problems related to the design, comfort, and ease-
of-use of bike-sharing pedelecs, as well as their availability,
seem to prevent fewer people from using the service. Most
relevant transport system related reasons are lack of a proper
network of bicycle infrastructure and feeling unsafe in road
traffic. Apparently, perceived danger on the road is reported
as a barrier to start using bike-sharing by a much higher
proportion of nonusers than to become subscribers by casual
users.This may indicate that an exploratory or occasional use
may result in a different attitude toward the safety of cycling.

This is in line with the intention-to-use in case of some
changes; that is, one out of twononusers report onwillingness
to surely become a client if there was a more extensive and
especially safer bicycle infrastructure. The same proportion
of respondents report on a firm willingness to become users
if the first half an hour would be free of charge. Seemingly,
a system extension toward other parts of the city would also
help an efficient promotion of bike-sharing among potential
users. On the contrary, improvements of the technology, for
example, an enhanced ease-of-use of pedelecs, would not
affect a decision about starting to use bike-sharing.

Peculiarly, yearly subscription fee and fee per each use
are barriers to the same extent for occasional users. When
they are asked to express their level of agreement with fees,
they seem to be more critical about a fee per each ride
both before and after implementation (Figure 3). They have
become extremely negative about the price that they pay
for their casual rides. On the contrary, nonusers are more
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Table 4: Why don’t you use the service (or use it more frequently)? (% of respondents).

Nonusers Occasional users
% of respondents

I use my own bicycle 43.7 48.5
The network does not fit into my itineraries 42.0 27.3
Too expensive fee per each use 39.5 30.3
Too fast or too dangerous motorized traffic 30.3 18.2
No bike path on my itineraries 27.7 27.3
Too expensive yearly subscription fee 24.4 30.3
It is faster by other modes of transport 23.5 18.2
Inappropriate bike paths/lanes on my itineraries 6.7 3.0
Bike-sharing bicycles are uncomfortable 3.4 0.0
Bike-sharing bicycles are hard to use 1.7 0.0
Low availability of bicycles and/or docks — 9.1
Other: personal (e.g., health) issues, negative comments by peers, system failures (exploratory use), and so on. 10.1 6.1
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Figure 3: Evaluation of prices and discounts (evaluation on a Likert-
type scale from 0 to 5; average score compared to the maximum).

positive than before, being the most positive among all
categories after implementation about the yearly subscription
fee and the fee per ride that subscribers pay. It seems obvious
that pricing policy was and remains the most controversial
issue about service configuration.

From another point of view, attributes that clients con-
sider relevant in their decision about frequent and occasional
use of bike-sharing are being faster (38%), more environ-
mentally sound (38%), and more economical (26%) than
other modes, as well as being a form of doing exercise
whilst travelling (26%). Frequent users are influenced by the
relative advantage in comparison to othermodes especially in
terms of speed and eco-friendliness. Occasional users seem to
depend less on attributes like costs and speed and take the first
ride out of curiosity or by observation or opinion of others.

5.2. Impact on Travel Patterns. As a mobility management
measure, bike-sharing is introduced in urban areas nowadays
to promote sustainable mobility, that is, to attract people who
use motorized modes on relatively short distances and to
provide citizens with an eco-friendly service as a first/last
mile connection to public transport. In Madrid, BiciMAD
was intended to offer an additional option to public transport

0 20 40 60 80 100

2015

2016

On foot
Bicycle Public transport
Motorbike Car
Other

(%)

Did not/would not do this trip

Figure 4: By what other mode did or would you take your most
frequent bike-sharing trip? (% of respondents, full sample, 𝑛 = 397
in 2015 and 𝑛 = 409 in 2016).

and walking on certain distances (an estimated 2 to 6
kilometers) and a complementary service (e.g., during night
hours), avoiding a mass modal shift from these modes with
a relatively high share in the city. Consequently, a modal
shift from motorized individual modes would have been a
desirable outcome after implementation, but in light of all
(and, in this case, not only panel) responses, a vast majority
of bike-sharing rides is replacing trips on foot or by public
transport (Figure 4).

Obviously, clients frequently or eventually make use of
bike-sharing on trips that would be less convenient by public
transport (it would involve transfer, costs more, congestion,
etc.) or active modes (hilly streets, return trip as passenger
in a car, no parking facilities for private bicycle, being late,
etc.) and therefore only a lower proportion of trips (4 to 6%)
was before or would have been done by car or motorcycle.
However, public transport and walking are still predominant
modes in the city center and bike-sharing has been adopted
rapidly (40,000 subscribers in 12 months, 65,000 in 24).
Furthermore, bike-sharing availability could have been an
influencing factor on route decisions for some people (2-3%)



8 Journal of Advanced Transportation

0 10 20 30 40 50 60 70 80 90 100
Trips by PT
Trips by car

Trips by motorbike
Trips by own bicycle

Trips on foot
Total number of trips

Total duration of trips
Total distance of trips

Much less
Less
No change

More
Much more

(%)

Figure 5: Impacts of bike-sharing on trips (% of respondents).

who did or would not take some of their frequent trips
without the service.

Most of the panel respondents (two out of three) reported
no changes in the number of daily trips; however, one out of
four people travels more frequently than before starting to
use bike-sharing (Figure 5). In terms of total distance of trips,
there are no changes for a vast majority (three out of four
respondents), but the average total trip length is higher than it
was without bike-sharing. A positive effect of bike-sharing on
urban mobility is that in this context the average duration of
all daily trips is less after implementation; that is, people take
more trips andmay travel higher distances but these trips take
less (perceived) time. In the comparison of travelmodes there
is a clear trend towards fewer trips by sustainable modes (that
are mostly replaced by bike-sharing) and also by motorized
individualmodes to a lower extent (a high rate of “no change”
may refer to using these modes neither before, nor after). On
the contrary, more trips are taken only by sustainable modes
(on foot, by own bicycle or by PT) and no one reports on new
rides by motorbike or car.

By trip purpose, a daily (going to work or school) and
a less frequent trip (going out with friends) are studied
(Figure 6). Other purposes (e.g., visiting friends or relatives,
shopping) may have a destination relatively far from home
and probably outside the city center; therefore, some modes
may not be considered as an option. For instance, the only
modal shift of shopping/doing errands type trips seems to
be less walking and more cycling/bike-sharing; that is in
2015/2016, people still went on foot (32%), by PT (32%) or
car to do shopping (28%, for example, to shopping malls in
the outskirts) and replaced walking by cycling/bike-sharing
only on some trips to small shops in the city center that
are not around the corner. Modal distribution of trips to
work or school indicates that (1) a growing number of
trips is due to increasing activity, especially in case of
occasional users (decreasing unemployment rate reflected
by an increasing mobility to work), (2) proportion of the
use of a car has slightly increased, maybe in parallel to an
increased access to an automobile and a slightly higher rate
of driving license holders (Table 2), (3) share of rides on
motorbike has increased in all user categories in spite of a
decreasing access to these vehicles, that is, less people ride
more, (4) use of bicycle/bike-sharing has increased in all

user categories, and (5) the share of PT and walking has
decreased.

Changes before and after the implementation of bike-
sharing seem to be specific to the user category: subscribers
ride bicycle/bike-sharing and motorbike instead of trips on
foot; occasional users do new trips (partly due to a new job)
and use PT less than before but gomore by both bicycle/bike-
sharing and individual motorized modes; and nonusers have
nearly the same travel patterns than before: slightly more
rides on two-wheelers and less by PT. The proportion of PT
pass holders before and after implementation also reflects
these new travel patterns.

Going out is a trip that one may take on a regular or
occasional basis (only 4% in 2014 and 6% in 2015/2016 is the
rate of people who report that never meet up friends) and
it may be supposed that most of these trips have an origin
and/or destination in the city center, that is, the bike-sharing
catchment area. Furthermore, being a 24/7 service, bike-
sharing is an alternative to the infrequent late night public
transport schedule and its limited network as well as taxi.
Whilst people who never use bike-sharing have not changed
their travel patterns on these trips, the introduction of bike-
sharing have influenced mode choice of both subscribers
(who go more on foot and especially bicycle/bike-sharing
instead of car,motorbike, and PT) and occasional users (more
people take PT and bicycle/bike-sharing and less go on foot).

6. Conclusion

Characteristics, attitudes, and travel behavior before and after
implementation of a smart pedelec-sharing system have been
analyzed to extend the knowledge about the bike-sharing
phenomenon and profile of its (non)users. This approach
and this kind of panel survey is applied for the first time
to understand similarities and particularly discrepancies of
intention-to-use and actual use. Results may be of interest in
not only the field of transport but also marketing research.

A statistical test has verified that there is a relationship
between an a priori and the final decision, but only to a
moderate extent. It seems that despite the availability of
information about service configuration and conditions of
use (by social media as well as by surveyors and contents in
the online questionnaire), a certain degree of observability (as
docking stations and bicycles were being installed during the
ex-ante surveying period), and information or experience in
other bike-sharing systems (85%had information about other
schemes before implementation), not all potential users are
competent to predict their decision about becoming clients.
Other factors, such as opinion of peers who already use
the service, exploratory tests, and a thorough consideration
of its advantages in contrast to competitive modes may be
of utmost importance after implementation. Consequently,
about half of respondents who reported their intention-to-
use have not become clients, but two out of five previous
“refusers” finally started to ride on bike-sharing pedelecs.The
latter indicates that, in spite of shortcomings of the intro-
duction (lack of proper cycling infrastructure in the oper-
ational zone, a controversial pricing policy, etc.), Madrid’s
pedelec-sharing is finally considered an attractive public
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Figure 6: (a) Modal distribution of trips to work or school and (b) to go out (% of respondents).

transport service by a relevant number of tentative potential
users.

The study has identified some factors that may con-
tribute to an even more efficient promotion of bike-sharing:
an extension towards other parts of the city (foreseen in
Madrid), road infrastructure development to enhance the
perceived and actual safety and security of cycling (foreseen),
awareness-raising campaigns and promotion of exploratory
use, and review of the pricing policy. The last one apparently
prevents potential clients from becoming occasional or fre-
quent users. Obviously, in case of BiciMAD, the operation
of a fleet of pedelecs is much more expensive than a system
of traditional heavy bikes. Therefore, price levels and a fee
per each ride is said to be, in addition to being a mobility
managementmeasure intended to prevent undesirablemodal
shifts, not another way to increase profit, but a requisite to
avoid extreme losses. Both seem to be crucial, as price levels
have not been altered after the public takeover of the system
operation from a private transport company two years after
implementation.

Taking into account these aspects, competent authorities
and service providers of any bike-sharing schemes may
attract more potential users by efficient awareness-raising
campaigns about the economical character of bike-sharing
and by the provision of a dense and extensive network of
stations from the very beginning. An intense marketing
would likely have positively influenced early adoption in
Madrid; thus there is still room for further advertisement
of bike-sharing benefits for potential clients in the current
and future catchment area.More information to target groups
could have contributed to amore reliable estimation of future
demand and a more realistic identification of potential user
profiles, as well.

In addition to the relevance of awareness-raising, another
shortcoming of the implementation of bike-sharing in
Madrid was the lack of test rides during the first months
of operation (occasional use was not possible from June
to October 2014). In other words, first adopters had no
chance to try out bike-sharing and later adopters seem to be
much more dependent on their experiences by exploratory
uses. Furthermore, there is a moderate association between
intention and actual use; that is, decision about bike-sharing
use is taken after the first personal contact with the system.
In consequence, not only occasional use must be allowed
from the earliest moment, but also some pilot tests have
to be carried out before implementation, to adjust system
configuration to actual needs and familiarize potential users
with the new service.

Findings about motivators and barriers of using bike-
sharing are consistent with previous results, especially about
the importance of a network that fits into one’s itineraries
[1, 15], a key issue of recent bike-sharing research [31, 32, 43,
44]. Nevertheless, adaptation of outcomes in other planned
or existing systems needs precaution in light of the review of
previous literature and results of the present paper. Findings
shall be interpreted in their context, that is, Madrid having a
dense city center, with an extensive public transport service
and walking of high modal share, with a low level of cycling
infrastructure, and so on. For instance, although nonusers
and occasional users of BiciMAD report on the relative
advantage of using other travel modes, this is not the most
influencing barrier like in other urban environments, for
example, Australian cities [14], where car convenience is
traditionally predominant. Demographic and socioeconomic
characteristics of a social system have to also be taken into
account; for example, higher income levels and age (people
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in their late 20s and early 30s) seem to be more associated
with the frequent use of bike-sharing inMadrid than in other
cities where people of these characteristics tend to be more
reluctant, for example, in Greece [17].

According to a synthesis on bike-sharing literature, its
main social and environmental benefits are (1) reduced car
use, (2) increased bicycle use for daily mobility, and (3)
growing perception of the bicycle as a convenient mode of
transport [45]. Results on the changes of individual travel
behavior and urban mobility patterns in Madrid after the
implementation of bike-sharing seem to verify all three: there
are fewer trips by car as well as greater modal share of
cycling/bike-sharing in travel to work or school and in some
other trips in the city center. Peculiarly, there is varied effect
on the use of motorbikes. On the one hand, the special bike-
sharing bicycles, namely, pedelecs seem to be competitive on
some routes; thus there is a decrease in the access to and
number of trips by motorized two-wheelers. In this case,
substitutive character of pedelecs may help cities to tackle air
and noise pollution as well as land use (parking) anomalies
by motorbikes. On the other hand, there are more rides
on motorbike to work or school than before in the panel
sample; that is, further investigation may be conducted to
study the interrelationship of the use of pedelecs (or e-bikes)
and motorcycles [46].

User categories (subscribers, occasional users, and non-
users) are linked with different new travel patterns, obviously
with more changes in the travel behavior of actual users,
influenced also by personal, social, and economic factors
(e.g., finding a job). On daily utility trips, mode choice of
clients with no registration has been altered themost after the
implementation of bike-sharing (e.g., share of trips by bike
or bike-sharing has doubled). On less frequent trips, such as
going out, both casual and frequent users are characterized
by a new travel behavior; that is, bike-sharing seems to have
strong effect on these kinds of trips.

There is lack of evidence whether existing bike-sharing
schemes have achieved their objectives [2] and this is also a
question of context as an urbanmobility problem and an issue
of available data as a research topic. Other studies indicate
that the relationship of bike-sharing and alternative travel
modes is complicated [27, 47] and this is true in Madrid as
well. Despite being introduced to compete with individual
motorized modes and complement public transport and
walking of distances of 2 to 6 kilometers, most of the
trips by bike-sharing replace the last two. This is in line
with conclusions in many other cities [1] and may not be
considered as a failure of pedelec-sharing as a smart mobility
management measure in Madrid. On the contrary, based
on the outcomes of the panel survey, it has contributed
to promoting active travel, improving cycling culture, and
increasing mobility (total number and distance of trips) and
decreasing (perceived) travel time, which may be considered
a key impact of bike-sharing.
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The potential demand of battery electric vehicle (BEV) is the base of the decision-making to the government policy formulation,
enterprise manufacture capacity expansion, and charging infrastructure construction. How to predict the future amount of BEV
accurately is very important to the development of BEV both in practice and in theory. The present paper tries to compare the
short-term accuracy of a proposed modified Bass model and Lotka-Volterra (LV) model, by taking China’s BEV development as
the case study. Using the statistics data of China’s BEV amount of 21 months from Jan 2015 to Sep 2016, we compare the simulation
accuracy based on the value of mean absolute percentage error (MAPE) and discuss the forecasting capacity of the two models
according to China’s government expectation. According to the MAPE value, the two models have good prediction accuracy, but
the Bass model is more accurate than LV model. Bass model has only one dimension and focuses on the diffusion trend, while LV
model has two dimensions and mainly describes the relationship and competing process between the two populations. In future
research, the forecasting advantages of Bass model and LV model should be combined to get more accurate predicting effect.

1. Introduction

To resolve the problem of environmental pollution and
energy shortage, the development of new energy vehicles
has been paid much attention. China has become one of the
fastest growing markets in the world. How to predict the
future amount of BEV accurately is very important to the
development of BEV both in practice and in theory.

The time series model and the causal prediction method
have been done on the forecasting of car ownership in the
following research. Based on the GDP growth rate, Yini
(2005) used the Gompertz model to analysis the future
vehicle ownership in China [1]. Gu et al. (2010) made a
forecast on the vehicle ownership based on the provincial data
of China [2]. Ma et al. (2009) used the AHPmethod and logit
regression model to forecast the market share of new energy
vehicles in China [3]. Yue et al. (2016) forecasted the new
energy vehicle ownership by the multiple linear regression
method [4]. Apart from using mathematical methods to

calculate the ownership, scholars are trying to figure out
what makes vehicles attract customers. Barth et al. (2016)
explored the current perspective of potential EV users from
Germany on electric mobility and to identify predictors
of a general goal intention to use EVs [5]. Prateek and
Kara (2017) proposed a new simulation-based fleet evolution
framework to forecast Americans’ long-term adoption levels
of connected and autonomous vehicle technologies under
eight different scenarios [6]. Bass diffusion model has been
widely used in new product promotion, including the EV.
Ming et al. (2013) used the Bass model to predict the number
of EV and analyzed the amount of EV in China [7]. Bin et al.
(2013) proposed an innovation diffusion model for Chinese
electric vehicles (EVs) based on the extension of generalized
Bass model considering infrastructure and price reduction
effects [8]. Yingqi et al. (2016) tookToyota Prius’ international
data for reference and combined it with the characteristics
of the Chinese market to build the Bass prediction model of
China’s new energy vehicles market sales and then used the
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model to predict the trend of the whole new energy vehicles
industry, pure electric vehicles, and plug-in hybrid vehicles
industry [9]. In view of the limited historical data, in the
estimation of the parameters of the Bass model of the electric
vehicle in China, the parameters of BEV in China were
determined by comparing the parameters of other consumer
products. In summary, some achievements have been made
in the application of Bass model in the prediction of new
energy automotive industry.

Compared with Bass model, LV model has been used for
predicting market share, transition of silicon wafers, technol-
ogy substitution, and market competition, which seems to
be a natural way of portraying the competitive struggle in
a market [10–15]. H.-T. Wang and T.-C. Wang (2016) used
LV model to study on the diffusion and competition of TV
and smart-phone industries [16].Haijun et al. (2011) proposed
a method for estimation the parameters of Lotka-Volterra
model based on the grey directmodeling [17].Wu et al. (2012)
analyzed the long-term relationship between the two vari-
ables to predict the values of two variables in the social system
or economic system [18]. In the present paper, Lotka-Volterra
model has been used to predict the ownership of CVs and
BEVs. Lotka-Volterra model is a classical method to simulate
natural ecosystems, especially when it is used for population
ecosystem. This model and its mathematical expressions are
widely applied for describing different populations compet-
ing for environment resources and the relations among them.
There are three classical relations of Lotka-Volterra model.
They are competitive relation, predator-prey relation, and
symbiotic relation. The model can be used for predicting
certain system’s change in the future and speculate certain
populations’ growth or extinction. What is more, this model
can explain how the system changes. The relations among
these three type vehicles are unknown. The real relations
need to be simulated and then verified. Lotka-Volterra model
focuses on the relation between homogeneous species. LV
model has been used to forecast the development of other
industry, such as TV and mobile phone. We try to explore
the forecasting accuracy between LV models initially based
on the benchmark of Bass model.

2. Methodology

2.1. Bass Model. Bass model is a model for the prediction
of the market share of the innovation products, technology
adoption, and diffusion. The core assumption of Bass model
is that the adoption of innovator is independent of other
members of the social system. However, the time for the
adoption of the new product is influenced by the pressure of
the social system, and the pressure increases with the increase
of the number of people who use it earlier.The potential users
are called imitator. For example, Massiania and Gohsb (2015)
investigated the potential for the use of the Bass diffusion
model to promote the market diffusion of electric vehicles in
Germany [19].

The expression of Bass diffusion model is

𝑛 (𝑡) = 𝑑𝑁 (𝑡)𝑑𝑡 = 𝑝 [𝑚 − 𝑁 (𝑡)] + 𝑞𝑚𝑁 (𝑡) [𝑚 − 𝑁 (𝑡)] . (1)

The meaning of the mathematical expression and parameter
of (1) is explained as follows:

(1) 𝑑𝑁(𝑡)/𝑑𝑡 is the number of noncumulative adopters at
𝑡.

(2) 𝑁(𝑡) is the number of cumulative adopters at 𝑡.
(3) 𝑚 is the biggest marker potential.

(4) 𝑝 is the external influence coefficient (also called
innovation coefficient).

(5) 𝑞 is the internal influence coefficient (also called
imitation coefficient).

(6) 𝑝[𝑚−𝑁(𝑡)] represents the number of adopters whose
purchase is influenced by external factors, which
are called innovation adopters because they are not
influenced by people who have already used this
product.

(7) 𝑞/𝑚 ∗ 𝑁(𝑡) ∗ [𝑚 − 𝑁(𝑡)] represents the number of
adopters whose purchase is influenced by internal
factors, which are called imitators because they are
influenced by people who have already used this
product.

The Bass model expresses the essence of the diffusion process
with mathematical equations, which greatly simplifies the
understanding of the diffusion of innovation. The basic
Bass model is based on a series of important assumptions.
Nonetheless, the basic Bass model does not consider the
impact of marketing strategy on the diffusion of innovation
products. In view of these defects, Bass added decision
variables into the Bassmodel and proposed a generalizedBass
model.

𝑛 (𝑡) = 𝑑𝑁 (𝑡)𝑑𝑡
= {𝑝 [𝑚 − 𝑁 (𝑡)] + 𝑞𝑚𝑁 (𝑡) [𝑚 − 𝑁 (𝑡)]} ∗ 𝑥 (𝑡) .

(2)

In (2), 𝑥(𝑡) is a modified variable which depends on decision
variables.

𝑥 (𝑡) = 1 + [ Δ𝑃𝑟 (𝑡)
Pr (𝑡 − 1)] 𝛽1 + [

ΔADV (𝑡)
ADV (𝑡 − 1)] 𝛽2. (3)

In (3), Pr(𝑡) represents the innovation product price on 𝑡;
ADV(𝑡) represents the advertisement cost for this product;𝛽1
and 𝛽2 are two coefficients which represent the price impact
and advertisement cost impact, respectively. When 𝑥(𝑡) is
a constant, the generalized Bass model is equivalent to the
original Bass model.

2.2. Lotka-Volterra Model. Lotka-Volterra model is a classical
method to simulate natural ecosystems, especially when
it is used for population ecosystem. The model and its
mathematical expressions are widely applied for describing
different populations competing for environment resources
and the relations among them. The model can be used for
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predicting certain system’s change in the future and speculate
certain populations’ growth or extinction.

𝑑𝑋 (𝑡)
𝑑𝑡 = 𝑟1 ∗ 𝑋 (𝑡) (1 − 𝑎11𝑋𝑘1 −

𝑎21𝑌
𝑘2 )

𝑑𝑌 (𝑡)
𝑑𝑡 = 𝑟2 ∗ 𝑌 (𝑡) (1 −

𝑎12𝑋
𝑘1 −

𝑎22𝑌
𝑘2 ) .

(4)

In (4), 𝑋(𝑡) represents the amount of population 1 at 𝑡 time;
𝑌(𝑡) represents the amount of population 2 at 𝑡 time; 𝑟𝑖
represents the growth ratio of 𝑖 population; 𝑎𝑖𝑗 represents
the competition between populations 𝑖 and 𝑗; 𝑘𝑖 represents
the maximum number of species that can be carried by the
environment.

3. Data and Result

3.1. Simulation of BEV Based on Bass Model. According
to the analysis of the current situation of BEV in China,
it is necessary to modify the original market efficiency
function 𝑥(𝑡) of basic Bass model. First of all, automotive
consumer’s purchase decision is affected by the price, which
will be affected by the cost of the future operation, so the
fluctuation of fuel prices should also be taken into account.
Secondly, due to the fact that the BEV is still in the market
introduction stage, low battery capacity results in shorter
mileage. Meanwhile, the construction of infrastructure such
as charging station and charging pile is more important than
the promotion of advertising. Therefore, the present paper
will use the number of charging facilities to replace the impact
of advertising on the spread of BEV

𝑥 (𝑡) = 1 + [ ΔPv (𝑡)
Pv (𝑡 − 1) −

ΔPg (𝑡)
Pg (𝑡 − 1)] 𝛽1

+max{0, [ ΔCs (𝑡)
Cs (𝑡 − 1)]}𝛽2,

(5)

where Pv(𝑡) is the ratio of electric vehicle price to traditional
vehicle price; Pg(𝑡) is the gas price on 𝑡; Cs(𝑡) is the amount of
new charging stations.𝛽1 is the price impact coefficient, while
𝛽2 is the infrastructure impact coefficient.

As a new innovative product, BEV, its market potential
depends on thematurity of the technology of the product, the
coverage of public facilities, and the amount of government
subsidies. The amount of BEV ownership from Jan 2015
to Sep 2016 in China is shown in Table 1. The statistics
data of BEV is from National Bureau of Statistics of China
(http://www.stats.gov.cn/).

Despite the fact that, currently, national and local gov-
ernments are promoting the development of BEV in China,
but the effectiveness of BEV is still not as expected by
most consumers. In 2012, the State Council of China passed
the “energy saving and new energy automotive industry
development plan (2012–2020),” which mentioned that, in
2015, the battery EV and plug-in hybrid EV production and
sales volume would reach 500 thousand units and in 2020
the cumulative production and sales would reach more than
5 million vehicles. Based on the plan, the maximum market

Table 1: The amount of BEV ownership from Jan 2015 to Sep 2016
in China.

BEV Month
273927 Jan 2015
279972 Feb 2015
294094 Mar 2015
302414 Apr 2015
313270 May 2015
340224 Jun 2015
357062 Jul 2015
375962 Aug 2015
404054 Sep 2015
438370 Oct 2015
463034 Nov 2015
583200 Dec 2015
604926 Jan 2016
618926 Feb 2016
641862 Mar 2016
673634 Apr 2016
708634 May 2016
752634 Jun 2016
788634 Jul 2016
826634 Aug 2016
870634 Sep 2016

potential is assumed to be 5 million units. Through iterative
calculation, 𝑝 and 𝑞 in (2) are fitted.

𝑛 (𝑡) = 𝑑𝑁 (𝑡)𝑑𝑡
= −0.0013 ∗ [5000000 − 𝑁 (𝑡)]
+ 0.08395000000𝑁 (𝑡) [5000000 − 𝑁 (𝑡)] .

(6)

After the model is confirmed, Matlab is used for simulating
the fitting model to get the forecast result of BEV, which is
shown in Table 2.

3.2. Simulation of BEV Based on LV Model. BEV and con-
ventional car (CV) are the two most popular products in the
current automotive market. Therefore, only these two kinds
are discussed for forecast the future vehicle ownership in
China. The LV model can be modified similar to the Bass
diffusion model; the parameter 𝐾 represents the maximum
number of species that can be carried by the environment.
For CV, the number of Chinese civil car ownerships has
exceeded 200million. According to the average per capita car
ownership, the largest market capacity can be 400 million.
The unknown parameters involved in (4) are more than 10,
and two𝐾 values are calibratedwith the following 8 unknown
parameters. 𝑟𝑖 can be estimated by the average growth rate
method. Based on the observed data of BEV and CV, 𝑟1 is

http://www.stats.gov.cn/
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Table 2: Simulated result of BEV based on Bass model.

BEV (simulated data) BEV (observed data) Month
266568 273927 Jan 2015
282173 279972 Feb 2015
299006 294094 Mar 2015
317153 302414 Apr 2015
336704 313270 May 2015
357755 340224 Jun 2015
380396 357062 Jul 2015
404730 375962 Aug 2015
430875 404054 Sep 2015
458946 438370 Oct 2015
489056 463034 Nov 2015
521320 583200 Dec 2015
555849 604926 Jan 2016
592753 618926 Feb 2016
632143 641862 Mar 2016
674127 673634 Apr 2016
718812 708634 May 2016
766304 752634 Jun 2016
816705 788634 Jul 2016
870060 826634 Aug 2016
926463 870634 Sep 2016

calculated as 0.0108 and 𝑟2 is calculated as 0.06054. Then the
equation set can be fitted as shown in

𝑑𝑋 (𝑡)
𝑑𝑡 = 0.01087 ∗ 𝑋 (𝑡) (1 − 0.7288𝑋4 ∗ 108 +

3.156𝑌
5 ∗ 106 )

𝑑𝑌 (𝑡)
𝑑𝑡 = 0.06054 ∗ 𝑌 (𝑡) (1 +

11.20𝑋
4 ∗ 108 −

2.445𝑌
5 ∗ 106 ) .

(7)

Matlab is used for simulating the fitting model and two data
groups are listed. The observed data and simulated of BEV
and CV are shown in Table 3.

3.3. Simulation Accuracy Comparison of the TwoModels. The
mean absolute percentage error (MAPE) as shown in (8) is
designed for evaluating the forecast accuracy. The higher the
MAPE is, the less accurate the model is:

MAPE = 1𝑛
𝑛

∑
𝑖=1


𝑎𝑖 − 𝑎∗𝑖
𝑎𝑖
 ∗ 100%. (8)

In (8), 𝑎𝑖 is the actual observed value; 𝑎∗𝑖 is the simulated
value. Prediction accuracy level divided by MAPE value is
shown in Table 4.

As a kind of new technology products, electric vehicle has
entered into the mature automobile market. Bass model is
widely used in the market diffusion of a single new product,
while LV model takes no less than two species into account
and it is used for forecasting less frequently. In order to
compare the accuracy of these two models, MAPE is used for
calculating forecasting errors.

As Table 5 shows, the two models have good prediction
accuracy, but the Bass model is more accurate. Part of the
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Figure 1: Forecasting of BEV ownership from 2017 to 2020 based on
the two models.

reason is that the LV model is more complex than the Bass
model, so the variance is greater with the iterative fitting of
the unknown parameters, resulting in higher MAPE value.
In addition, Bass model has only one dimension and focuses
on the diffusion trend while LV model has two dimensions
andmainly describes the relationship and competing process
between the two populations. According to the MAPE value,
Bass model is proved to have better simulation capacity
because of the model’s precise expression.

3.4. Forecasting of BEV Ownership from 2017 to 2020. After
comparison of simulation accuracy comparison, the present
paper gives the forecast of BEV ownership from 2017 to 2020
as shown in Table 6 and Figure 1. From Jan 2015 to Sept 2016,
the simulation results are close between the twomodels, while
the forecasting results are greatly different. The forecasting
value of Bass model keeps growing rapidly while that of LV
model increases slowly.

The Bass model only considers the time series and does
not take into account the factors that affect the development
of new energy vehicles.Moreover, the forecasting result needs
the sustainable development of the policy and the stability
of the market environment as the guarantee condition. If
the industrial policy and the market environment fluctuate
greatly, the forecasting result is no longer applicable. The
maximummarket volume is assumed to be 5 million. For the
Bass model, it will be reached in 2022 while it will only reach
1.58 million for LV model in 2022.

4. Conclusion

To compare the prediction accuracy, the present paper fitted
the parameters of modified Bass and the LV model. The two
models have good prediction accuracy, but the Bass model
is more accurate. Part of the reason is that the LV model
is more complex than the Bass model, so the variance is
greater when the iterative fitting of the unknown parameters,
resulting in higher MAPE value. In addition, Bass model
has only one dimension and focuses on the diffusion trend
while LV model has two dimensions and mainly describes
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Table 3: Simulated result of BEV and CV based on LV model.

BEV
(simulated data)

BEV
(observed data)

CV
(simulated data)

CV
(observed data) Month

266567 273927 155969992 156244073 Jan 2015
282173 279972 157493647 157634728 Feb 2015
299006 294094 159052768 159491006 Mar 2015
317153 302414 160649120 161151486 Apr 2015
336704 313270 162284410 162749930 May 2015
357755 340224 163960281 164234376 Jun 2015
380396 357062 165678480 165486138 Jul 2015
404730 375962 167440505 166885738 Aug 2015
430875 404054 169247482 168608846 Sep 2015
458946 438370 171100413 170511430 Oct 2015
489056 463034 173000174 172683566 Nov 2015
521320 583200 174947514 175005500 Dec 2015
555849 604926 176943055 177373774 Jan 2016
592753 618926 178987296 179056774 Feb 2016
632143 641862 181080607 181473838 Mar 2016
674127 673634 183223234 183564066 Apr 2016
718812 708634 185415293 185621066 May 2016
766304 752634 187656780 187648066 Jun 2016
816705 788634 189947559 189464066 Jul 2016
870060 826634 192287371 191497066 Aug 2016
926463 870634 194675689 194017066 Sep 2016

Table 4: Prediction accuracy level divided by MAPE value.

MAPE% Prediction capability
<10 Highly accurate
10–20 Good
20–50 Reasonable
>50 Inaccurate

Table 5: MAPE Comparison between LV and Bass model.

MAPE
Bass 4.6%
LV 9.1%

Table 6: Forecasting of BEV ownership from 2017 to 2020 based on
the two models.

2017 2018 2019 2020
Bass model 2138387 3325383 4209993 4674325
LV model 1008591 1134000 1263081 1410821

the relationship and competing process between the two
populations. According to the MAPE value, Bass model is
proved to have better simulation capacity because of the
model’s precise expression.

There are still some differences between the results of
the prediction and the observed formulation. On the one
hand, the new energy vehicles in the Chinese market are

still in the policy support phase. The growth of new energy
vehicles depends largely on the amount of subsidies and
the corresponding tax benefits policy. The correspondent
facilities cannot dispel consumer concerns. Therefore, the
existing data based on time series has strong policy relevance.
On the other hand, to some extent, the new energy vehicles
have technical defects. Therefore, the forecasting methods
cannot adapt to the new energy vehicles after the technical
improvement. After a comparative study, it is found that
although the Bass model is not able to consider the external
factors, but its prediction accuracy is better than the LV
model.
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