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Abstract— We analyze a detailed set of driving traces for 536
GPS-equipped taxi vehicles and combine them with the features
of four different plug-in hybrid electric vehicle (PHEV) brands
that currently dominate the North American market in order to
develop a test data set for PHEV-related research in the field of
smart grid. Our developed data set is made available to public in
[1]. It consists of various information, including but not limited to
per-PHEV traces of state-of-charges (SoCs), per-PHEV traces of
charging loads at different carefully identified charging stations,
per-PHEV information on SoC and charging deadline when the
PHEV is parked at a charging station, and some information
about the potential of PHEVs for vehicle-to-grid applications.
Keywords: Plug-in electric vehicles, publicly available data set,
smart grid applications, experimental vehicle driving traces, state
of charge, electric vehicle charging load, mobility patterns.

I. I NTRODUCTION
A key part of smart grid research is to use experimental data,
both on the demand side and the generation side, to validate
the results. There are currently various publicly available data
sets for electricity prices, solar panels, wind turbines, and
residential and commercial load profiles [2]–[4]. However,
due to the still-insignificant penetration of plug-in hybrid
electric vehicles (PHEVs), there currently does not exist any
detailed data set for large fleets of PHEVs. This has caused
major obstacles for several smart grid researchers, including
the authors, who intend to investigate the challenges and
opportunities that the PHEVs may introduce to power systems.
Of course, more data is expected to gradually become
available as more experimental PHEV projects are conducted
over the next couple of years. However, for now, one option
is to use the existing major non-PHEV vehicular data sets and
combine them with the information and features of the recently
emerged commercial PHEVs in order to synthesize new PHEV
data sets that can be used in a variety of smart grid research
studies. Therefore, the central argument in this paper is that, in
the absence of a detailed database of PHEV loads, a synthetic
database that includes the key pieces of information that are
needed for PHEV-related smart grid research is highly useful.
Developing such practical data set is our goal in this paper.
In this paper, we analyze the driving traces for 536 GPSequipped non-PHEV taxi vehicles in [5] that are recorded for
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a duration of three weeks in San Francisco, CA. We then combine the results with the features and technical characteristics
of four different PHEV brands that currently dominate the
North American market: Chevrolet Volt [6], Honda Accord
Plug-in [7], Ford Fusion Energi [8], and Toyota Prius Plug-in
[9]. Our analysis has resulted in a new test data set to support
PHEV-related smart grid research. It provides per-PHEV traces
of states-of-charge (SoCs), per-PHEV traces of charging loads,
per-PHEV information on SoC and charging deadline when the
PHEV is parked at a charging station, the detailed charging
load at each of our three carefully identified charging stations,
and some information on vehicle-to-grid (V2G) potentials.
The dataset that is developed in this paper [1], can be
used for various smart grid research projects. Some of the
applications include investigating the impact of the increasing
PHEV loads on power distribution feeders and substations,
design, operation, and control of V2G systems based on
vehicle arrival and departure data, charger sizing and design as
well as optimal charger placement, and obtaining more precise
statistics regarding the SoCs based on driving patterns, etc.
The rest of this paper is organized as follows. In Section II,
we will process the non-PHEV driving traces in [5] to create
some preliminary data to extract the parking and driving events
for each car, and to identify the right locations of charging
stations. In Section III, we will add the technical information
from various PHEVs to create new data sets that are specific to
different PHEV brands. This will provide us with data sets for
the charging load profiles and the V2G potentials at different
charging stations. The paper is concluded in Section IV.
II. P ROCESSING THE N ON -PHEV D RIVING T RACES
Consider the non-PHEV vehicles data in [5]. This data
set is widely used in over 100 vehicular research projects,
ranging from vehicular movement prediction to vehicular
communications, e.g., see [10]–[12]. However, the potential
of this detailed vehicular movement data set has not yet been
investigated in the context of electric vehicles and smart grid.
This data set includes the driving traces of 536 taxis in
San Francisco, CA. The data recording starts on May 17,
2008 and ends on June, 10, 2008. For each taxi, each data
record comprises a time-stamp, latitude, longitude, and a flag
indicating whether or not the taxi has a passenger. The GPS
tracking system is switched off every time that the vehicle is
turned off. Recording resumes once the vehicle is turned on.
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Since the taxis serve mainly the San Francisco area, most
of the recorded GPS coordinates are within latitudes 37.6 and
37.82 and longitudes −122.52 and −122.37. This rectangular
area is shown in Fig. 1(a), where it is divided into 5×12 = 60
equal-area regions, each having a rectangular shape.
As the first step in our analysis, we would like to identify
the number of times that a vehicle is parked in each of the 60
regions in Fig. 1(a). The parking events are important as they
are later interpreted, under certain conditions on their location
and duration, as PHEV plug-in events. Of course, not every
stationary behaviour of a vehicle should be interpreted as a
parking event. In many cases, heavy traffic can be the cause
of no movement or a very slow movement. Similarly, some
temporary stops are when the taxi is waiting for a passenger,
etc. Therefore, we define a parking event based on both a time
duration threshold and a distance threshold. In this regard,
a parking event is a scenario where the vehicle traversed a
distance of 500 meters or less in 15 minutes.
As for the distance travelled between the successive GPS
readings, such distance is approximated by a straight path between each two coordinates. Such approximation is reasonable
for the purpose of our study since the reading intervals in [5]
are fairly small. Let λ1 and λ2 denote the latitudes of two
successive records of the GPS coordinates. Assume that φ1
and φ2 denote the longitudes of those coordinates. The direct
distance traversed between the two points are calculated as
s

2
λ1 + λ2
D1,2 = R
(φ2 − φ1 )cos
+ (λ2 − λ1 )2
2
(1)
where R denotes the radius of the earth that is 6371 kilometres.
As we can see in the Fig. 1(b), most of the parking events
are concentrated across three locations. We could identify
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Fig. 1. By tracking the GPS locations of taxi vehicles in San Francisco, CA,
we can identify the most frequent parking locations, based on our definition of
a parking event: (a) The city map is divided into 5×12 = 60 regions based on
latitude and longitude. (b) The number of parking events, i.e., the frequency
of parking, in each region. The regions that are marked from 1 to 3 are the
most common parking locations: Airport, Taxi Headquarters, Downtown.
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Fig. 2. Examples of drive (0) versus park (1) intervals for four sample taxis
during a three-days window: (a) taxi number 1, (b) taxi number 7, (c) taxi
number 10, and (d) taxi number 17. The numbers on top of each park interval
range from 1 to 3 and indicate the index of the charging station.

these GPS locations on the San Francisco map in Fig. 1(a) as
1) Airport, 2) Taxi Depot and Headquarters, and 3) Downtown.
Hence, it is reasonable to assume that if these taxis are
replaced with PHEVs, then their charging stations must be
placed in these three locations in order to provide them with
charging service with minimum impact on their regular driving
patterns. Accordingly, for the rest of this paper, we assume that
there are indeed three Charging Stations for the taxis exactly
at these three regions as numbered in Fig. 1(b).
Next, we record and analyze the movements and parkings
of each of the 536 vehicles for the entire three weeks of data
traces in [5]. The results are shown in Fig. 2 for four sample
vehicles over a time window of three days. Here, the value 1
on the y-axis indicates that the vehicle is parked at one of the
three charging stations; and the value of 0 means otherwise.
The index number of the charging station for each parking
event is shown with numbers 1 to 3 on top of the curves. We
can see in Fig. 2 that different taxis have different movement
and parking patterns. Another interesting observation is that,
as expected, the longest duration parking events are recorded
at the second charging station, i.e., the Taxi Headquarters.
By putting together the detailed driving and parking traces
of all vehicles, we can next calculate the number of vehicles
that are parked at each station at any time of interest. The
results are shown in Fig. 3. Here, the resolution is one minute.
That is, we have calculated the number vehicles that are parked
at each charging station during every one minute interval
of each day. We can see that the parking patterns are quite
different across different charging stations, depending on the
dynamics of vehicles movements. For example, the number of
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Fig. 5. The histograms of the miles driven since departing the previous
charging station: (a) Charging station number 1, Airport, (b) Charging station
number 2, Taxi Headquarters, (c) Charging station number 3, Downtown.
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Fig. 3. The number of taxis that are parked at the three charging stations
during a sample four-days window: (a) Charging station number 1, Airport, (b)
Charging station number 2, Taxi Headquarters, (c) Charging station number
3, Downtown. The parking patterns are different at different charging stations.
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Fig. 4. The histograms of the duration of parking for each parking event;
(a) Charging station number 1, Airport, (b) Charging station number 2, Taxi
Headquarters, (c) Charging station number 3, Downtown.

stops vehicles that are parked at the Taxi Headquarters is at its
peak during the night, when a large number of taxis return to
the parking area. In contrast, there are few cars parking in the
Downtown area at night. And of course, we see a completely
different pattern at the Airport station , where the maximum
number of vehicles are parked in late afternoon, when many
flights arrive in the San Francisco area. The combination of
the results in Fig. 3 with the stop duration and mileage driven
by the vehicles could be the starting point for many useful
information and/or applications as we will discuss next.
The histogram of the parking event durations at each charging station is shown in Fig. 4. We can see that while most

of the parking events at the Airport and Downtown stations
have relatively short durations, there are several parking events
that are one hour or longer at the Taxi Headquarters station.
Similarly, the histograms for the distributions of the distance
driven since departing the previous charging station for each
vehicle that arrives at each of the three charging stations are
shown in Fig. 5. This measure gives an indication about how
full or empty the battery of a PHEV could be when it arrives at
a charging station, allowing us to calculate the initial state-ofcharge for the PHEVs that arrive at a charging stations, once
we also take into account the electric consumption patterns of
various PHEVs into consideration. From the results in Fig. 5,
we can see that the vehicles typically drive for longer distances
when they arrive at the Airport charging station.
For all the results that we have presented so far, our focus
has been solely on the driving and parking patterns of various
vehicles. As is, these results were already insightful in various
aspects as we explained throughout this section. However,
these results would be even more useful, in particular for the
purpose of smart grid research, if they are combined with some
more analysis based on the specific operational and technical
characteristics of various PHEVs, as we will see next.
III. A DDING THE F EATURES AND C HARACTERISTICS OF
T HE M OST C OMMON PHEV S IN THE M ARKET
In this section, we aim to combine the vehicles’ movement
and parking datasets that we generated in Section II with the
nominal operation data of multiple PHEVs that dominate the
present market. The goal is to obtain the charging patterns and
SoCs of the vehicles with the same movement patterns, but
different PHEV technologies. Here, we consider four PHEV
brands: Chevrolet Volt, Honda Accord Plug-in, Ford Fusion
Energi, and Toyota Prius. The main operational characteristics
of these PHEVs are listed in Table I [13].
We can see that these vehicle brands are different in various
operational characteristics. Characteristics such as available

TABLE I
O PERATIONAL DATA OF F OUR C OMMON PHEV S

SoC (KWh)
SoC (KWh)
SoC (KWh)
SoC (KWh)

20
15
10
5
0
20
15
10
5
0

Monday

Tuesday
(b)

Wednesday

Monday

Tuesday
(c)

Wednesday

Monday

Tuesday
(d)

Wednesday

Monday

Tuesday

Wednesday

Fig. 6. The state-of-charge traces for four sample vehicles over a three-days
time window: (a) taxi number 1, (b) taxi number 7, (c) taxi number 10, and
(d) taxi number 17. All vehicles are assumed to be Chevrolet Volt.
(a)
SoC (KWh)

energy, maximum charge rate, vehicle efficiency, and vehicle
power train, etc. All such characteristics have direct impact on
the charging load, state-of-charge, and V2G potentials. With
respect to the power train, we have divided our selected vehicles into two groups: charge depleting, and charge blending.
The PHEVs in the first group use electric power as long as
there is electric energy stored in the batteries. They switch
to gas power only after the batteries are depleted. However,
the PHEVs in the second group may blend the power sources
and use the gas engine to increase the torque in high speed
movements even if the battery is not completely depleted. As
a result, the SoC for the second group of PHEVs depends on
both the miles travelled and also the travelling speed. Here, we
assume that the charge blending vehicles switch from electric
power to gas power at a speed threshold, set to 60 mph. Finally,
it is worth clarifying that while Ford Fusion is capable of using
technology, it typically runs in all electric power mode [8].
Therefore, it is categorized within the charge depleting group.
Next, we transform the driving and parking trace information of vehicles into their SoC data sets. When a vehicle is
plugged-in to a charging station, it is charged by a 240 V 32 A
chargers [14]. However, the actual charge rate for each PHEV
is limited by its own charger interface, as listed in Table I.
Therefore, we must calculate SoC during the charging period
specifically based on the characteristics of each particular
PHEV. Once a PHEV departs a charging station, its SoC will
start to decrease based on its driving pattern and also its power
train type, as we explained in the previous paragraph.
Four sample SoC trends for four representative taxis over
a three-days time window are shown in Fig. 6. All the SoC
curves in this figure are based on the Chevrolet Volt data.
Recall that Chevrolet Volt has a charge depleting power train.
It is interesting to compare the SoC curves in Fig. 6 with
the drive and park intervals in Fig. 1. We can see that the
SoC increases, following the charge rate of Chevrolet Volt,
at every time that it is plugged-in to a charging station. Of
course, if a charge interval is shorter than the time needed to
fully charge the battery, then the vehicle leaves the charging
station with a partially charged battery. Similarly, the SoC
starts decreasing as the PHEV departs the charging station.
We can see that, given the relatively small electric driving
range of Chevrolet Volt, for a large portion of driving times,
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Fig. 7. The state-of-charge traces for the same taxi, taxi number 10, but
based on assuming four different PHEV types: (a) Chevrolet Volt, (b) Honda
Accord Plug-in, (c) Ford Fusion Energi, (d) Toyota Prius Plug-in.

the SoC is at its minimum level 7.2 kWh, i.e., battery capacity
16 kWh minus available energy 8.8 kWh, indicating that the
battery is depleted and the power train is switched to gas.
Next, we compare the SoC traces of different PHEVs
brands. We focus on one taxi, taxi number 10, and generate
its SoC traces based on the characteristics of different PHEVs.
The results are shown in Fig. 7. Note that, the traces change
from one car to another, not only during the charging periods,
but also during the driving periods. For example, if the taxi
of interest is a Honda Accord Plug-in, then then it can almost
fully charge its rather small 6.6 kWh battery in several of its
short duration stops at charging stations.
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Fig. 8. The combined charging load of all 536 vehicles and across all three charging stations for a period of one week starting on May 24th. The PHEVs
are a mixture of different types as explained in the text. We can see that the total charging load highly fluctuates during each day and across different days.
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In this section, we aggregate the data sets that we generated
in Sections II and III and develop new data sets to provide
useful information about the operation of charging stations.
Recall from Section II that we identified three charging
stations at the Airport, Taxi Headquarters, and Downtown. Our
focus in this section is on calculating the combined charging
load of all PHEVs as well as the total charging load at each
charging station based on different PHEV types and during
different hours of the day and different days of the week.
The combined charging load of all vehicles for a period of
one week is shown in Fig. 8. The curve in this figure is the
summation of the charging load of all the 536 PHEVs across
all three charging stations. Therefore, it depends on not only
the parking, charging, and driving patterns of each PHEV but
also the exact specifications of the PHEVs. Here, we have
assumed the following mixture of different PHEV brands:
• Chevrolet Volt: 161 vehicles,
• Honda Accord Plug-in: 125 vehicles,
• Ford Fusion Energi: 125 vehicles,
• Toyota Prius Plug-in: 125 vehicles.
We can see that the PHEV charging load curve in Fig. 8
fluctuates a lot. The average load during the considered week
is 173.1 kWh, while the charging peak load is 598.5 kWh.
Therefore, the peak to average ratio (PAR) is 3.457.
Next, we separately plot the total daily charging load at each
of the three charging stations. The results are shown in Fig. 9.
The mixture of the PHEV brands is the same as the one in Fig.
8. We can see that the load patterns across different charging
stations are very different. At Airport charging station, the
peak load is during the afternoon, where many taxis wait for
incoming passengers. As for the Taxi Headquarters charging
station, the peak load hours are at night, where several taxis
are parked at the headquarters overnight.
Another interesting observation is that the load profiles
differ on a weekday and a weekend. This is particularly the
case at the Airport charging station and to some extent at the
Downtown and Taxi Headquarters charging stations.
It is interesting also to look at the changes in the charging
load at different charging stations when we change the mixture
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Fig. 9. The charging load at each of the three charging stations during
a weekday and also during a weekend: (a) Charging station number 1,
Airport, (b) Charging station number 2, Taxi Headquarters, (c) Charging
station number 3, Downtown. The load curves are obtained based on a mixture
of different PHEV brands as explained in the text.

of the PHEV brands and look at the scenarios where all
PHEVs are of one brand. The results are shown in Fig. 10.
We can see that the results are significantly different across
some of the PHEV types because of the different features of
these PHEVs. An interesting observation here is also about the
differences between the four curves across the three charging
stations. In particular, such differences are less significant at
the second charging station, i.e., the Taxi Headquarters. This
is because the duration of the parking events are longer at
this station. Furthermore, it is notable that the curves in Fig.
10 for the cases of Chevrolet Volt and Ford Fusion are more
or less similar. This can be tracked back by observing that
the available charging energy and the charging rates of these
vehicles are relatively close, as shown in Table I.
Another point to notice on, is that Honda Accord causes
rather aggressive charging loads at short intervals, specifically
at the Downtown charging station, where the parking durations
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we do observe multiple intervals during the day where the
two curves are noticeably different, such as the occasional
high picks for the case of Honda Accord Plug-In, where the
load spikes are twice than the average PHEV charging load.
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Fig. 10. The PHEV charging load at each of the three charging stations
based on the operational characteristics of four different PHEV brands.
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V. C ONCLUSIONS AND F UTURE A PPLICATIONS
We developed a data set, that is publicly available in [1],
for a large 536 fleet of synthesized plug-in electric vehicle
data to be used in PHEV-related research in the filed of smart
grid. The generated data lines include the electric vehicle temporal and nodal charging loads, the minute-by-minute stateof-charge traces based on four brands of dominant PHEVs
in the North American market, and the movement traces and
parking analysis to identify the right locations for charging
stations. In absence of a detailed measured information for
large PHEV fleets, this synthesized data set is available as a
useful in various smart grid studies in presence of PHEVs,
such as the distribution feeder analysis, protection, planning,
and optimal control as well as demand response [15]–[18]. It
can be useful also for a number of charging station studies such
as charging station sizing, placement, and operation. Moreover,
it can also serve for evaluating many novel V2G technologies
and algorithms based on the time duration of charging events.
Some of the limitations of our analysis include the estimation errors in GPS signals, the direct line distance calculation
errors, and not knowing the true distance and time duration
thresholds to define parking events. The characteristics considered for PHEVs are based on nominal values which are
posted by PHEV manufacturers. The actual values may differ
from one car to another even for the same PHEV brands.
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