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Abstract: The energy consumption and emissions from vehicles adversely affect human health and
urban sustainability. Analysis of GPS big data collected from vehicles can provide useful insights
about the quantity and distribution of such energy consumption and emissions. Previous studies,
which estimated fuel consumption/emissions from traffic based on GPS sampled data, have not
sufficiently considered vehicle activities and may have led to erroneous estimations. By adopting
the analytical construct of the space-time path in time geography, this study proposes methods that
more accurately estimate and visualize vehicle energy consumption/emissions based on analysis
of vehicles” mobile activities (MA) and stationary activities (SA). First, we build space-time paths of
individual vehicles, extract moving parameters, and identify MA and SA from each space-time path
segment (STPS). Then we present an N-Dimensional framework for estimating and visualizing fuel
consumption/emissions. For each STPS, fuel consumption, hot emissions, and cold start emissions
are estimated based on activity type, i.e., MA, SA with engine-on and SA with engine-off. In the
case study, fuel consumption and emissions of a single vehicle and a road network are estimated
and visualized with GPS data. The estimation accuracy of the proposed approach is 88.6%. We also
analyze the types of activities that produced fuel consumption on each road segment to explore
the patterns and mechanisms of fuel consumption in the study area. The results not only show the
effectiveness of the proposed approaches in estimating fuel consumption/emissions but also indicate
their advantages for uncovering the relationships between fuel consumption and vehicles’ activities
in road networks.

Keywords: fuel consumption; emissions estimation; GPS trace; big data

1. Introduction

As urbanization accelerates, transport-related environmental issues deteriorate. The report of
Intergovernmental Panel on Climate Change (IPCC) shows that 20-30% of total greenhouse gases (GHGs)
are released from urban transportation operation including passenger and freight transportation [1].
Estimating and visualizing fuel consumption and emissions from transportation provide an understanding
of the energy cost and air pollution caused by travel or transportation. However, previous studies often
estimated fuel consumption/emissions without considering vehicles” activities and thus might lead to
erroneous estimations. Therefore, this study proposes approaches that estimate and visualize vehicles’
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fuel consumption/emissions accurately by considering vehicles’ mobile and stationary activities in a
space-time-integrated framework with vehicles” GPS trajectories data.

Traditional ways to estimate air pollution rely on air pollution monitoring stations that are located
at specific sites throughout a city. Data collected by these monitoring stations can be further used to
evaluate the status of atmosphere according to clean air standards and historical information. While these
data are more reliable, monitoring stations are expensive to set up and maintain [2], and thus there are
usually a very limited number of monitoring stations in a particular city. For the emissions and fuel
consumption from the transportation sector, although it is recognized that vehicular emissions and fuel
consumption play a significant role in air pollution and energy consumption, the exact volume and spatial
distribution of pollution/fuel consumption of vehicles remain unknown. As the exact volume emissions
and fuel consumption can only be measured with professional equipment installed on individual vehicles,
such measurement can hardly be implemented in practice. Therefore, emissions and fuel consumption
estimation approaches have been widely investigated in past decades.

At early stages, some researchers estimated fuel consumption/emissions from aggregate
fuel-used data at a large spatiotemporal scale [3]. However, these studies only provided a rough
estimation due to a lack of information about vehicle technology and moving parameters. In past
decades, energy/emission estimation models, such as the U.S. EPA’s MOBILE and MOVES models,
European Commission’s COPERT model, California’s EMFAC and IVE model, have been extensively
developed [4-8]. In these models, vehicle technology data and moving parameters are necessary
for estimating fuel consumption/emissions. In order to collect these data and estimate fuel
consumption/emissions with the estimation models, surveys and sensors that are installed in some
segments of a road such as loop detectors [9] and video cameras [10] have been used in the literature.
However, details of vehicles” driving parameters are absent in survey data and loop detector data.
Large-scale survey data can only provide vehicle technology and rough driving speeds in a city or a
nation, and loop detector data only contains traffic information collected at specific locations on roads
that are not representative enough for the driving parameters over larger road segments. Therefore,
survey data and loop detector data can only be employed to estimate fuel consumption/emissions at a
coarse spatial resolution, or as a supplement to other estimation approaches.

The rapid development of data collection, storage, and networking have created an environment
with big data infiltrating many aspects of society and technology. As an important component of
big data, GPS trajectory data are widely used due to their large coverage, good continuity, low cost,
as well as rich information about vehicles’ movements. Vehicle trajectories contain rich information
about vehicles’” driving modes and traffic states, which could be used to fit emission models to
obtain more accurate emissions estimations. Early studies used vehicle trajectory data to estimate
macroscopic pollutant emissions at the city scale [11]. In recent years, some researchers proposed
emissions estimation methods that used GPS tracks of vehicles [2,12-15]. These methods quantified fuel
consumption and emissions using emission models based on the premise that the amount of pollution
emitted by a vehicle mainly depends on load and moving parameters [16]. For example, Sun et al. [13]
and Shang et al. [14] reconstructed traffic volume from GPS data so that traffic-related emissions can
be estimated based on the trajectories of sampled vehicles and the developed estimation model.

Among all kinds of vehicles’ trajectory data, taxis trajectory data have become a popular data
source for traffic monitoring and fuel consumption/emissions estimation, as taxis are important part of
urban transportation systems and account for a large share of urban traffic flows. Giihnemann et al. [11]
estimated traffic NOx emissions using GPS data from a fleet of taxis using an average speed-dependent
estimation model. Based on the COPERT model, Shang et al. [14] analyzed the patterns of fuel
consumption/emissions in Beijing using taxi GPS trajectory data. Luo et al. [17] analyzed the
spatial-temporal patterns of taxis” fuel consumption/emissions as well as the relationships between
taxis’ travel patterns and fuel consumption/emissions. These studies estimated fuel consumption/
emissions with low-sampling GPS data of 30-60 seconds. They adopted macroscopic estimation
models that take variables such as vehicle category constitution, fuel parameters, emission legislation,
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and average speed of vehicles into consideration but did not need detailed parameters of vehicles’
driving modes such as accelerations in the estimation.

In order to distinguish the different driving modes of vehicles (acceleration, deceleration,
idling and cruising) and estimate the fuel consumption/emissions of vehicles in a more fine-grained
way, some researchers adopted high-resolution GPS data and microscopic estimation models in their
work. Nikoleris et al. [18] proposed a detailed estimation of fuel consumption and emissions using
aircraft position data. Engine emissions inventories which provide fuel flows and emission indices as a
function of engine thrust were used in their study. Zhao et al. [15] estimated CO, emissions using taxi
GPS data and analyzed the relationships between CO; emissions and trip purposes. The estimations in
their study was based on a microscopic model that considers instantaneous driving modes of vehicles,
whereas the GPS data in their study were sampled at 60 s, indicating that the data could not reflect
vehicles’ instantaneous condition. Sun et al. [13] estimated emissions of vehicles under different driving
modes (e.g., acceleration, idle, cruise and deceleration) with variables of second-by-second speed
profiles. Nyhan et al. [2] estimated taxi emissions in Singapore based on the microscopic emission
model proposed by Osorio and Nanduri [19], in which instantaneous speed, instantaneous acceleration,
vehicle type and fuel type are all needed in the estimation. High-frequency GPS data (less than 5 s)
were used in the study to obtain the instantaneous moving parameters. Although the parameters
of the driving modes of vehicles contained in high-resolution GPS data result in more-accurate
estimations, high-frequency GPS data are not used in many studies due to the additional cost in data
collection and storage, as well as the complexity and computational inefficiency in estimation. Despite
the lower-resolution of macroscopic models, the analytical structural information they provide can
contribute to enhancing the computational efficiency of fuel consumption/emissions estimations [19].

While driving mode parameters such as acceleration and deceleration can be obtained with
high-resolution GPS data, existing studies estimating fuel consumption/emissions with GPS trajectory
data lack analysis of vehicles’ stationary activities. In a movement path, an activity conducted by a
vehicle from one location to another location is a mobile activity (MA), and an activity conducted in a
fixed location is a stationary activity (SA). An SA of a vehicle may occur under conditions of engine-on
or engine-off. For an SA with engine-on, vehicles consume fuel and release emissions. Estimating
factors of fuel consumption/emissions of SAs with engine-on are different with MAs. For an SA with
engine-off, vehicles do not consume fuel or release emissions. However, additional cold start emissions
are released when a vehicle restarts. Previous studies did not analyze different types of SAs in vehicle
trajectories. As a result, hot emissions generated when the vehicle’s engine is running and cold start
emissions released during the engine’s warming-up phase cannot be distinguished. Research results
show that about 20% of the total emissions from vehicles are cold start emissions [20]. Therefore,
the distinction between hot emissions and cold start emissions is important due to the substantial
differences in vehicular emission performance during those two phases, and a different approach is
required to estimate over-emissions during the engine’s warming-up period.

Table 1 illustrates the characteristics of data and models in the aforementioned studies and this
study. For each study, Table 1 lists the resolution of GPS trajectory data, the emissions model used in
each study, whether driving modes and stationary activities are considered, and whether hot emissions
and cold start emissions are distinguished. For the emission models in the table, the basic variables
of emissions and fuel consumption estimation include vehicle category, fuel type and travel speed of
vehicles. While parameters of road condition such as road type and slope are available in the COPERT
model that is used in studies [14,17], and the CMEM model used in study [13], such parameters have
not been widely used for estimating emissions and fuel consumption in practice due to the lack of data.
This study estimates vehicles” consumption/emissions based on the COPERT model, which is a typical
mathematical model. Based on distinguishing vehicle categories, fuel types and other parameters,
the COPERT model determines the emission of different pollutants and consumption by performing
regression analysis for speeds of vehicles and volume of emissions/consumption. As the operating
conditions and engine technologies of the test vehicles in the COPERT model are similar to that of the
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experiments in this study, the estimated emissions/consumption are considered closer to the true value.
The key estimation parameters in the COPERT model include constitution of fleet, average speed,
average mileage, fuel parameters, load and slope, among which the default value of average mileage
is provided in case that the parameter is absent in estimation. Therefore, based on the determination of
all the parameters in the COPERT model, the emissions/consumption factors are modeled as functions
of average speed of vehicles. In contrast, the microscopic estimation models in studies [2,13,18]
can simulate the instantaneous moving conditions of vehicles and hence generate more accurate
estimations. In that case, instantaneous acceleration is a better parameter to model the engines’ thrust
compared with instantaneous speed and average speed. The parameters of vehicle engines such as
type, age or other performance parameters are very important in some microscopic models such as the
CMEM model (in study [13]) which investigate the physical relationships between the instantaneous
operating states of vehicles and instantaneous emissions/consumption. These estimation models can
simulate the emissions/consumption accurately while they have not been widely used in large-scale
emission/consumption estimations as engine parameters are hard to acquire.

Table 1. Data and models in recent studies.

Resolution of GPS Data Emission Model Driving Modes Stationary Hot/Cold Start
Models High Low Macro Micro Analysis Activity Analysis  Emissions Estimation
Githnemann et al. [11] Vv v
Shang et al. [14] Vv V4
Luoetal. [17] Vv Vv
Zhao et al. [15] Vv Vv

Sun et al. [13] vV Vv V4

Nikoleris et al. [18] Vv Vv v

Nyhan et al. [2] Vv v v

This study Vv Vv v vV

Table 1 shows that recent studies that used low-resolution GPS data included average
moving parameters such as average speed into macroscopic estimation models to estimate fuel
consumption/emissions of a road segment. However, it is difficult to identify driving modes such as
acceleration, idling, deceleration and cruising in these studies due to the low resolution of the data.
While research conducted with high-resolution GPS data includes driving mode analysis, stationary
activities analysis is absent in these studies. As a result, different phases of emissions over a particular
driving cycle are not distinguished in recent studies with both low-resolution and high-resolution
data. Therefore, the purpose of this article is to estimate vehicles’ fuel consumption/emissions more
accurately by taking into account vehicles’ activity types.

In order to differentiate cold start emissions and hot emissions in a vehicle’s driving cycle, MAs,
SAs with engine-on and SAs with engine-off need to be analyzed first. In this study, we analyze
different types of vehicle activities based on the space-time path of individual vehicles. The space-time
path was developed by Hégerstrand [21] and his colleagues at Lund University as a component of
the time-geographic framework, which is a powerful approach for analyzing movement patterns
of individuals in space and time. Originally, time geography was used mainly to investigate the
movement and activity-travel patterns of humans [22-26]. It was later applied to transportation
networks [27-29]. One of the core problems in time geography is to visually represent different
elements through a 3-D space-time framework [23,30]. A space-time path portrays the trajectory of
an object in a 3-D orthogonal system consisting of two spatial dimensions (a plane) and a vertical
temporal dimension. Not only people’s activity patterns [23,24,31,32] but also moving parameters in
one’s trajectory [25] can be represented by space-time paths.

This study proposes approaches that accurately estimate and visualize vehicles’ energy
consumption/emissions based on analysis of vehicles’ mobile activities (MA) and stationary activities
(SA). Different phases of emissions over a particular driving cycle, i.e., hot emissions and cold start
emissions are estimated based on activity analysis. In the case study, fuel consumption and emissions
of a single vehicle and a road network are estimated and visualized with GPS trajectory data. We also
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analyze the types of activities that produced fuel consumption on each road segment to explore the
patterns and mechanisms of fuel consumption in the study area. To our best knowledge, this is the
first study to estimate different phases of taxi emissions with GPS trajectory data and the first study to
distinguish stationary and moving activities in fuel consumption/emissions estimation.

2. Materials and Methods

2.1. Data

This study first estimates fuel consumption and emissions for an experimental vehicle and verify
the estimating accuracy of fuel consumption, then estimates fuel consumption and emissions for an
experimental area with taxis” GPS trace data.

2.1.1. A Single Trajectory with Real Fuel Consumption

We first estimate the fuel consumption and emissions for a gasoline vehicle with its GPS
trajectories. The GPS trajectory data were collected from an experimental vehicle of our project
team, and its real fuel consumption was recorded during the time period of experiment (from 23 March
to 25 March 2016) to validate the estimation methods. The GPS data have an approximate sampling
interval of 10 s, a minimum sampling interval of 6 s, a maximum sampling interval of 16 s, an average
sampling interval of 10.56 s and a standard deviation of the sampling interval of 0.52's. A description
of the data is shown in Table 2, where “VID” represents the vehicle’s ID, “Time” denotes the sampling
timestamp when a record was generated, “Longitude” and “Latitude” are the geographic location of
the vehicle at the timestamp. In order to estimate the fuel consumption and emissions more accurately,
the temperatures are needed, which are 12 °C, 9 °C and 10 °C on 23-25 March, respectively.

Table 2. Description of GPS data of a gasoline experimental vehicle from 23 March to 25 March 2016.

VID Time Longitude Latitude
1 2016-03-23 8:00:00 114.3550441 30.5604297
1 2016-03-23 8:00:09 114.3550441 30.5604297
1 2016-03-23 8:00:20 114.3549372 30.5601104
1 2016-03-25 17:59:50 114.35481 30.559673
1 2015-03-25 18:00:01 114.3550441 30.5604297

We recorded the real fuel consumption for verifying the estimating accuracy of the proposed
approach. The detailed information of the vehicle model, fuel, and real fuel consumption are shown in
Table 3. The GPS data and space-time paths of the vehicle are shown in Figure 1.

N

a b
A o

"

& — 1
. Longitude

A . K Latitude %
® GPS trace points Gas station 0 2 4 8
- —

——Road network /" Kilometers

Figure 1. The vehicle’s GPS trace and space-time path. (a) Shows the GPS traces of the vehicle and
(b) Describes the space-time path built from GPS trace.
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Table 3. Vehicle and fuel parameters of the experimental vehicle and real fuel consumption.

Model Year Engine Capacity
Vehicle Parameter
Buick Park Avenue 2009 30L
Gasoline label Number Density
Fuel Parameter
No. 97 0.737 g/mL
Real Fuel Consumption 40.66 kg

2.1.2. The Experimental Network Area and Taxi GPS Dataset

Second, we use GPS data to estimate the fuel consumption an emissions for an experimental area
in Wuhan, China. The GPS data were obtained from the Wuhan Transportation Bureau, which were
collected from 6658 taxis operating in the urban area of Wuhan on 6 May 2015 (Friday). The taxis
account for about 44% of all the taxis in the urban area.

The taxi GPS trajectories were sampled at an approximate time interval of 60 s (the minimum
sampling interval is 11 s, the maximum sampling interval is 121 s, the average sampling interval
is 62.9 s and the standard deviation of the sampling interval is 20.5 s), with a position accuracy of
approximately 15 m. A description of the taxi GPS data is shown in Table 4, where “VID” stands for
the taxi’s ID, “Time” is the sampling time when a record was generated, “Longitude” and “Latitude”
are the geographic location of the taxi, and “Direction” represents the taxi’s driving direction, “Speed”
provides the instantaneous velocity (km/h), “Status” represents the taxi’s passenger status (1 denotes
an occupied status and 0 indicates a vacant status). The temperature on 6 May 2015 is 21.5 °C. The road
network in the study area is shown in Figure 2, in which the road names are abbreviated.

Table 4. Description of GPS data of taxi GPS data in Wuhan, on 6 May 2015.

VID Time Longitude Latitude Direction  Speed Status
1001 2015-05-06 00:00:00 114.260889 30.583315 265 20 0
1001 2015-05-06 00:01:01 114.260765 30.583395 190 40 0
1001 2015-05-06 00:02:00 114.260765 30.583415 188 19 0
1002 2015-05-06 08:01:02 114.26122 30.583289 120 10 1
1002 2015-05-06 08:02:00 114.26089 30.583322 30 29 1
\l MZ Road
H ny,
&
S,
&)
S
N
RA Street é
S
s S 3
JA Street
) S
a
arterial roads branch roads ‘ Wuchang Railway Station 0 5 1 2
sub-arterial roads gas station Kilometers

Figure 2. Road network in the experimental area.
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2.2. Methods

This section describes fuel consumption/emissions estimation based on space-time path
segment (STPS). We present an N-dimensional framework for estimating and visualizing fuel
consumption/emissions of both an individual vehicle and a network area. Hot emissions and cold
start emissions of each STPS are also distinguished based on activity types.

2.2.1. Building Space-Time Path and Extracting Moving Parameters

Based on the vehicles” GPS data, this study first builds space-time paths for individual vehicles
according to the locations and timestamp of each GPS track point. A space-time path depicts the
movements of individuals in both space and time. Each space-time path comprises a series of
space-time path segments (STPS), which are the line segments between consecutive track points.
In this section, we build space-time path of an individual vehicle and extract moving parameters of
each STPS. The space-time path of an individual in space-time coordinate is as Figure 3 shows.

Time A
24:00 : .
C ’;‘\_’ Cs
20:00 !
Cy
16:00 \7 e
[}
! ]
: L]
12200 + X, Lo
L
8:00 - =y
i Cy — 4@ e Control poinls
: i === Stationary Activity
0:00 A Space i Mobile Activity

Figure 3. 3-D Space-time coordinate and individual space-time path.

In Figure 3, the space-time path P for an individual m consists of a sequence of control points
and a corresponding sequence of STPSs connecting the control points [33]. The control points are a
finite list of observations in chronological order, normally collected by location sensors such as GPS
devices. Each control point, c;, consists of a tuple:

¢; = <Loc;, t;> (1)

where Loc; is the location and ¢; the time stamp. The STPS s; between adjacent control points ¢; and c¢;1
is a straight line segment:
Si = <Cj, Ci+1> (2)

It is assumed that the individual is moving at a constant speed in each STPS [33], based on which
the speed of the STPS s; is:
sl

U=y t
i+1 — 4

®)
where |[s;|| is the length of STPS s;. If the instantaneous velocity of each control point v” is recorded,
average acceleration g; of an STPS s; can be calculated by:
/ /
0" — 0
a; = i+1 i (4)
tiyr — £
In time geography, each STPS represents at least one activity, which consists of two adjacent GPS
track points. As is shown in Figure 3, an activity conducted from one location to another location is
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a mobile activity (MA), depicted by a tilted line segment (the solid line in Figure 3), and an activity
conducted at a fixed location is a stationary activity (SA), depicted by a vertical line segment (dashed
line in Figure 3). In this article, MA and SA can be defined by:

MA = {(Loc(S), Ts), (Loc(E), Tg), | | Loc(E) — Loc(S)| > 6} (5)

SA = {(Loc(S),Ts), (Loc(E), T), | | Loc(E) — Loc(S)| < 4} 6)

where Loc(S) and Loc(E) are locations of start and end points of activities, Ts and T the start and end
times. In Equations (5) and (6), Loc(S), Loc(E), Ts and Tr can be obtained through the coordinates and
timestamp of the adjacent GPS track points. Besides, the threshold J can be set according to the GPS
positional error (approximately 15 meters in this study). For each activity, if the distance between
the adjacent GPS track points is smaller than §, there is a stationary activity (SA); if the distance
between the adjacent GPS track points is larger than J, there is a mobile activity (MA). The value of &
would impact the classification of activity and the estimation of cold start emissions because cold start
emissions are closely related to vehicles’ stop behaviors. Setting the value of ¢ too high would lead
to misidentifications of MAs as SAs, resulting in overestimations of cold start emissions. Setting the
value of ¢ too low would lead to misidentifications of SAs as MAs, resulting in underestimations of
cold start emissions.

2.2.2. An N-Dimensional Representation for Fuel Consumption/Emissions Based on Space-Time Path

Based on individual space-time path, we present an N-dimensional representation for visually
estimating fuel consumption/emissions and representing different multi-dimensional information
based on STPS. Each STPS contains multi-dimensional information of individuals including space and
time, fuel consumption/emissions, moving parameters (e.g., speed, acceleration) and other individual
attributes (e.g., human or vehicle, age, gender). Therefore, in the N-dimensional representation
describing N attributes of individuals, a space-time path consisting of M STPS can be described as a
M xN matrix, as Equation (7) shows:

S1.Time  Sy.Location  Sy.speed ... Sij.consumption Sy.emissions
p— Sp.Time  Sp.Location  Sp.speed ... Sp.consumption  Sp.emissions %
Sym.Time Spyp.Location  Spp.speed ... Spp.consumption Spp.emissions Yo

The visualizing framework of the N-Dimensional model is shown in Figure 4, where each STPS is
attached with different dimensions of information represented by rectangles with different colors.

A Time

Emissions €—— | » Fuel consumption

Average Speed € —» Temporal duration

Acceleration q—ll ) Indivudual attrbute (e.g.

weight. vehicle or human)

,//

y

Space

[
-

Figure 4. N-dimensional model of individual space-time path.



Int. J. Environ. Res. Public Health 2018, 15, 566 9 of 23

The N-dimensional representation of moving parameters is shown in Figure 5. In the
representation, different dimensional information of each STPS is represented by attached rectangles
with different colors. In the representation of acceleration, there is no speed but acceleration for STPSs
4 and 6 because they are SAs with engine-on, and there are no speed and acceleration dimensions for
STPSs 1 and 8 because they are SAs with engine-off.

A

1 Time

- STPS 7
a STPS 6
a STPS5
0 25 50 km/h
i f— Speed
0 2 4m/s
_ STPS3 L === Acceleration
/ — MA
] STPS 2 SA
/ / — Road network
7 /

] STPS 1 [
space  / _

Figure 5. N-Dimensional representation of moving parameters.

2.2.3. Estimating Fuel Consumption/Emissions Based on Individual Space-Time Path

In this section, we estimate fuel consumption and emissions on an STPS basis. Hot emissions
and cold start emissions of each STPS are also distinguished based on the determination of vehicles’
activity types.

Firstly, we determine the operating conditions of vehicles. Section 2.2.1 demonstrates that
each STPS represents either a mobile activity (MA) or a stationary activity (SA). For an MA
STPS, fuel consumption and emissions can be estimated according to moving parameters such as
average speed. While operating conditions of SA STPS need to be further distinguished in fuel
consumption/emissions estimation, as an SA may happen with the engine-on or with engine-off.
In both situations, the average speeds of an STPS are zero. However, for SAs with engine-off, vehicles
do not consume fuel or release emissions, but for SAs with engine-on, vehicles need to consume fuel
and thus release emissions to keep the engines running. Therefore, this article infers vehicles’ operating
conditions from stay time of an SA and GPS sampling frequency, as Figure 6 shows. Figure 6a represents
a SA with engine-on, in which the locations of the vehicle is recorded at a sampled frequency during
the stay time. Figure 6b depicts an SA with engine-off, in which there are no GPS points recorded
during the stay time of the SA.

Secondly, we estimate fuel consumption and emissions of MAs based on COPERT model [4].
This article adopts COPERT model in the estimation of MAs because the vehicles that the data are
collected from in the case study follow European-3 emission standard. We estimate the consumption
and emissions from average speeds and lengths of each STPS. We first estimate fuel consumption for
each STPS, then estimate hot emissions and cold start emissions for each STPS.
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{ime *  Gpspont | Tinpe(min)
/ /
| P, 54 (S P,
Stay | / Stay 1 fi /
time | time |
| J Space | J Space
------------------------ P, -
" / X /
>
(a) An S4 with engine-on (b) An S4 with engine-off

Figure 6. Vehicles” SA with (a) Engine-on and (b) Engine-off.

o Fuel Consumption Estimation

In COPERT model, the fuel consumption for MAs of gasoline passenger cars with a capacity of
1.4 L-2.0 L is estimated according to Equation (8), where FC is the fuel consumption factor (g/km) of
each STPS, and V is the average speed of each STPS:

FCa = (217 + 0.253V + 0.00965V2) /(1 + 0.096V — 0.000421V2) 8)

Because COPERT model doesn’t contain the emissions factor of SAs with engine-on, the fuel
consumption for SAs with engine-on is estimated based on four-mode elemental fuel model [34,35],
as Equation (9) shows, where the unit for FC is milliliters, and T is stay time(seconds) of an SA:

FCgy = 0.361*T )

Therefore, fuel consumption (FC) for the space-time path of a vehicle that includes fuel
consumption for both MAs and SAs with engine-on can be calculated based on Equations (8) and (9):

FC = FCypa*Dist + FCgp*o (10)

where Dist is the driving distance for a vehicle and 6 is the density of the fuel. For gasoline, o = 0.77 g/mL.
N Emissions Estimation

For SAs with engine-off, there are no emissions. For other activities, the total emissions are
composed of three components, which are:

Erorar = Exor + Ecorp + Epvap (11)

In Equation (11), EToray is total emissions of a certain pollutant. Eyor refers to the emissions
under the condition of thermal stability of the engine. Ecorp is the emission during starting process of
the engine. Egyyp is the emission caused by temperature changes. This study estimates hot emissions
and cold start emissions because of their prominence in the total emissions.

Figure 7 illustrates hot and cold start emissions as a function of time after a vehicle restart with its
engine and catalyst reaching ambient temperature. Cold start emissions are initially high but decrease
as the temperatures of engine and catalyst increase, followed by a stable phase when the normal
operational temperatures have been reached. The duration of the first cold-start phase is signified
by t.,4, and the emission during cold-start phase is given by E,4, as shaded area shows. Whereas
hot emission rate keeps stable with time, and the emission during thermally stable operation is given

by Ehot-
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Emission rate

\\
ECO] d \\\\\
EHot
ty Leold time

Figure 7. Hot and cold start emissions with time.

D Hot Emission

Hot emissions for MAs are determined by the average-speed-dependent baseline emission factor
and vehicle’s mileage correction and fuel effect correction. Generally, the hot emission factors after
legislation Euro-1 is represented by Equation (12):

EFpia = (@a+cV +eV?)/(1 +bV +dV?) (12)

where EF )4 is the hot emission factor for an MA, denoted by the mass per kilometer (g/km), V the
average speed, and a-e parameters in emission determination. For example, for gasoline passenger
cars with a capacity of 1.4 L-2.0 L under Euro-3 standards, the parameters a-e for CO, NOy and
Hydrocarbon are shown in Table 5.

Table 5. Parameters of emission factors for different pollutants in COPERT model.

Pollutants a b C d e

CO 71.7 35.4 114 —0.248 0
NOy 929 x 1072  —122x1072 —-149x10% 397x10° 653 x10°°
Hydrocarbon 557 x 1072 365x 1072  —11x107% -188x107* 125x 107>

For SAs with engine-on, the emissions is estimated as Equation (13) shows [34,35], where the unit
for EF is milliliters, and T is stay time(seconds) of an SA for CO, NOx and Hydrocarbon, o equals to
13.889, 0.566 and 2.222, respectively:

EF SA = o*T (13)

In this way, emissions for the space-time path of a vehicle that includes fuel consumption for
both MAs and SAs with engine-on can be calculated based on Equations (12) and (13) and as shown
in Equation (14), where Dist is the driving distance for a vehicle and ¢ is the density of the fuel.
For gasoline, 0 =0.77 g/mL:

EF = EFpa*Dist + EFsp*o (14)

) Cold Start Emissions

Cold start emissions are produced when a vehicle restarts and depend on parameters such
as engine and catalyst temperature when the vehicle restart, ambient temperature, moving speed,
and distance of the new trip. The parameter of engine/catalyst temperature when a vehicle starts is
important in the cold start emission estimation but is hard to obtain. However, the engine/catalyst
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temperature can be inferred according to ambient temperature and the vehicle’s parking time with
start emissions as a function of ambient
temperature T, average speed V, traveled distance d and parking duration ¢ [36]. The parking duration

engine-off. Therefore, we adopt a method which models cold

is the stay time of SAs with engine-off in this study.

12 0f 23

In the model, the cold start emission (gram) per start can be calculated by:

Ecold(Tr V,s, t) :f(T/ V)*h(§)*g(t)

where s is dimensionless distance. The functions f(T, V), h(d) and g(t) for CO, HC and NOx are given

in Table 6.
Table 6. Functions for cold start emissions estimation per start.
Pollutants f(T, V) h(s) g
) (1) 4.614 x 1073 + — 2.302 x 1070 2 — 2.966 x
Cco 4291 — 0.176*T +0.012V (1 — e 72880) /(1 —e=7288) 1079 3 (+ < 720 min)
(2) 1 (t > 720 min)
(1) 7.641 x 1073 +72 — 2,639 x 1075 12 + 3.128
_ " _ 86246\ /(1 _ o—8.624 x 1078 £3 ( < 240 min)
HC 9.093 — 0459 T +0.054V (1 —e VA=) 0) 0,625 +5.208 x 10—+ £ (240 < t < 720 min)
(3) 1 (t > 720 min)
(1)7.141 x 1073 £ + 1.568 x 1073 2 — 3.204 x
-5 43 -7 44 :
NOx 0.808 — 0.005T + 0.015V (1 — e~0739) /(1 — =039y 107> £ +1.594 X107 #7 (¢ < 50 min)

(2) 1.290 — 4.030 x 10~ ¢ (50 < t < 720 min)
(3) 1 (t > 720 min)

Finally, fuel consumption (FC) and different kinds of emissions can be estimated according to the
Equations (8)—(15). Based on the estimation, we represent multi-dimensional information of each STPS
using the proposed N-dimensional model, as Figure 8 shows.

' Time

STPS 4

50 km/h

Speed
29 FC
02 kg CO hot
emission
200 9 CO cold
emission

0.006 kg NOx hOI
emission

STPS 2

STPS1

space

-
-

5 9 NOx cold
emission

— MA

= SAwith engine-off:
= SAwith engine-on
Road network

Figure 8. Representation of multi-dimensional information in N-Dimensional framework.

In Figure 8, speed, fuel consumption, CO and NOx emissions of each STPS are represented by
attached rectangles with different colors. STPSs representing MAs and SAs with engine-on are attached
with fuel consumption and emissions, but there is no fuel consumption or emissions on SAs with
engine-off. In the space-time path, the rectangles for cold start emissions are only attached in STPSs

(15)
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24, because cold start emissions are released after a vehicle’s stop with engine-off and restart, and last
for a period. After the engine has got its normal operating temperature, there are only hot emissions.

2.2.4. Estimating Fuel Consumption/Emissions for Road Network

After get the fuel consumption and emissions for individual space-time path, we estimate
fuel consumption/emissions for road network based on STPS. For a time interval [ts, te],
fuel consumption/emissions volume for a road is estimated according to Equation (16):

N te
Vol(ts, te) = ) / (EF¥(0)-(Pi(t) N R;)]dt (16)
i=1 ts

where k is the category of fuel consumption/emissions, j is the j* road in the study area, Vol]’-‘(ts, te)
is the fuel consumption/emissions volume for a road j in a time period [ts, te]. N denotes the number
of space-time paths in the experimental area. P;(t) is the space-time path of an individual i, because the
locations of an individual are considered as a function of time. EF¥(v) is the fuel consumption/emission
factor (kg/km) for a fuel consumption/emission k and a space-time path i. P;(t) N R; represent
the intersection of a space-time path i and road j. EFf(v)-(P;(t)N R;) indicates the volume of fuel
consumption/emissions k of an individual 7 on road j at time instant . Therefore, Equation (16) represents
the volume of fuel consumption/emissions k for a road in a time interval [ts, te].

Figure 9 illustrates the visual estimation and representation of fuel consumption/emissions for a
single road and road network. STPSs during the time interval [ts, te] and matched to Road j are firstly
identified. Then for each STPS, we estimate fuel consumption/emissions, and lastly we add up the
fuel consumption/emissions of all STPSs to obtain fuel consumption/emissions for each road in the
road network area.

Time

= Space-time path 1
e GPS trace 1

Space-time path 2
o GPS trace 2

= Road j
—— Road network

Space

Figure 9. Fuel consumption/emissions estimation for road network.

3. Results

3.1. Estimating Fuel Consumption and Emissions for a Single Trace

First, we determine the activity types (SA or MA), calculate the average speed of each STPS,
and get 3975 MAs and 2528 SAs. Then we analyze the running condition for each SA and obtain
357 SAs with engine-on and 2171 SAs with engine-off. After that, fuel consumption of MAs and SAs
with engine-on are estimated based on the COPERT model. As a result, fuel consumption of the
whole space-time path is calculated based on the fuel consumption of MAs and SAs with engine-on.
The estimation results are compared with the estimated result from the average speed of the vehicle’s
trajectories [11] and results from the average speed between adjacent GPS points [13], as shown in
Table 7.
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Table 7 shows the comparison results of three estimating approaches using GPS trajectories for
estimating fuel consumption of the experimental vehicle. The first approach [11] uses the average
speed of a whole trajectory and the total travel distance for estimating fuel consumption. This approach
overestimates the fuel consumption (57.25 kg) because it takes all types of activities in a trajectory into
estimation including SAs with engine-off, which actually produce no fuel consumption or emissions.

Table 7. Comparison of fuel consumption estimation results of average speed based approach and
STPS-based approach in this article.

. Fuel Travel Fuel Real Fuel
Estimating Average . . . .
Approaches Speed (km/h) Consumption Distance Consumption Consumption  Accuracy
PP Factor (g/km) (km) Estimated (kg) (kg
Averaga? speed of a 2293 116.64 57.25 71.02%
vehicle [11]
Average speed of . o
. Depend on GPS trace points 490.84 31.79 40.66 78.2%
trace points [13]
Proposed STPS-based Depend on each STPS 4531 88.6%
approach

As a result, the first approach gets a relatively low accuracy of 71.02%. In the second approach [13],
speed and distance of each pair of adjacent GPS points are calculated, according to which fuel
consumption is estimated. The second approach takes the changes of speeds in the trajectory into
consideration, and hence gets a better result than the first approach with an accuracy of 78.2%.
However, the activity types are not distinguished in the second approach. For example, a parked
vehicle (with engine-off) or an idling vehicle (with engine-on) both have speeds of zero, but they have
different fuel consumptions. The second approach takes all types of activities with speed of zero as SAs
with engine-off and with no fuel consumption. The estimating result shows that it underestimates the
fuel consumption because of undifferentiated estimation of activity types. In contrast, the STPS-based
approach in this study estimates fuel consumption based on activity types of each STPS. We calculate
the speed and distance of each STPS, determine the activity types of each STPS (MA, SA with engine-on
or SA with engine-off), and estimate the fuel consumption of each MA and SA with engine-on.
The estimation results illustrate that accuracy is significantly improved (88.6%) when compared with
the other two estimation approaches (71.02% and 78.2%), which indicates that the STPS-based approach
this study develops can better restore the running condition of vehicles.

Nevertheless, there is also a gap between the estimations of this study and the real value. There are
probably two reasons for the error. First, since any estimation model cannot fully simulate all
the emission/consumption-related factors—such as the continuous conditions of vehicle engines,
road conditions, ambient environments, and driving behaviours—all estimation models can only
estimate the results as close to the real value as possible rather than generate completely accurate
estimations. Second, this study estimates emission/fuel consumption based on the COPERT model,
which is a mathematical model that determines the emission of different pollutants and consumption
by performing regression analysis for speeds of different types of vehicles and the volume of
emissions/consumption. Because the COPERT model takes the average speed as the key parameter in
estimation without simulating the instantaneous conditions of vehicles, the estimated results would
have errors when compared to the real values. For example, within the time period of a sampling
interval, a vehicle may maintain a constant speed or it may accelerate then decelerate. In both cases
the average speeds are the same but the emissions and fuel consumption are different. Therefore,
using high-resolution data with small sampling intervals can reduce the error because fine sampling can
reduce the uncertainty of vehicles’ driving modes within the sampling interval. Since the instantaneous
parameters are not available in many practical cases, this study develops an estimating method that
can be applied to large-scale GPS datasets and can be used to estimate emissions/fuel consumption
more accurately than other average-speed-based methods by considering different types of activities.
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Figure 10 shows the N-dimensional representation of a part of space-time path of the experimental
vehicle’s trace. Two SAs are identified in the space-time path. The first SA (the blue line) is an SA
with engine-on, so fuel consumption and emissions are estimated for it. Whereas the second SA
(the red line) is an SA with engine-off, so there is no fuel consumption and emissions. In addition,
from Section 2.2.3 we know that cold start emissions are produced after a vehicle’s engine shuts down
and restart. Therefore, cold start emissions are estimated for the STPS after the SA with engine-off,
according to Equation (15).

Speed
350 D
h 20 km/h
300~ , Fuel consumptoin
20g
250
CO emission
£ 200 Hot Cold start
.E 0.1g 03g
150~ NOx emission
100 Hot Cold start
0.007 g 0.02¢g
50~
—— MA
0
30.497 I SA with engine on
30.498
30.499 W SA with engine off

5
30.501

Latitude 114.39

30.502

114393 114392 11439,
114.394
30,5037 J1430 114307 114396 114393

Longitude

Figure 10. N-dimensional representation of a part of space-time path in a single trace.

3.2. Estimating and Analyzing Fuel Consumption/Emissions for a Network Area

Using the taxi GPS dataset, we firstly match the GPS points to the road network, and build
space-time paths for all traces according to the recorded timestamps and locations. With the GPS
points matched to the road network, we can restore the routes of the taxis and obtain more accurate
distances and speeds. Then MAs, SAs with engine-on and SAs with engine-off are distinguished
based on average speed and stay time of each STPS. As a result, fuel consumption, hot emissions and
cold start emissions of each STPS are estimated based on Equations (8)—(15). In this study, the fuel
consumption and emissions for vehicles of both 1.4-2.0 L and 3.0 L are estimated based on the COPERT
model, in which there are different sets of parameters for different vehicle types. Since the average
speed is the key parameter in the estimation, the model is applicable to different types of vehicles.
Finally, the whole fuel consumption, CO and NOx emissions for each road and for different time
periods are obtained. Figure 11a—c shows the visualization results of fuel consumption/emissions
estimation in the study area during periods of 2:00-4:00, 8:00-10:00, 14:00-16:00 and 20:00-22:00.

Obvious spatial and temporal patterns of fuel consumption and emissions are recognized with the
big data analysis, as Figure 11 shows. First, the volume of fuel consumption is far more than CO and
NOx emissions, and NOx emissions are the least. During 2:00-4:00, the volumes of fuel consumption,
CO and NOx emissions are relatively low because of low traffic volume. Fuel consumption and CO
emissions concentrate on sub-arterial roads such as SPL Road (Shipailing Road), branch roads in the
residential area in the southwest of the study area and east segment of XC Road (Xiongchu Road),
while elevated levels of NOx emissions are identified in expressways and arterial roads, such as LY
Road (Luoyu Road), a west segment of XC Road (near the gas station), LS south Road (Luoshi South
Road) and ZS Road (Zhongshan Road).

During morning rush hours 8:00-10:00, fuel consumption and emissions increase across the study
area. Elevated levels of fuel consumption and CO emissions shift from sub-arterial roads and branch
roads to arterial roads and expressways such as LY Road, WL Road (Wuluo Road) and ZS Road.
Besides, the high traffic volumes in morning rush hours and congestions in arterial roads lead to
concentrations of CO and NOx emissions at the intersection of LY Road and LS South Road, and the
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intersection of ZN Road (Zhongnan Road) and WL Road. Elevated levels of NOx emissions remain on
the same roads while the ranges have expanded.
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Figure 11. Space-time visualization of fuel consumption/emissions estimation. (a) Fuel Consumption,
(b) is CO emission and (c) is NOx emission.

During 14:00-16:00, CO emissions and fuel consumption increase in roads of low grade compared
with that in 8:00-10:00. During evening hours 20:00-22:00, sub-arterial roads and branch roads in
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residential areas in the southwest of the study area further decrease compared with that in daytime.
Because the number of taxis increase after evening rush hours, elevated levels of fuel consumption
and emissions are identified in arterial roads such as WL Road, LY Road, intersection of LY Road and
LS South Road, intersection of ZN Road and WL Road, ZS Road, Wuchang Railway Station and east
segment of XC Road.

3.3. Analyzing Activity Types Producing Fuel Consumption and Emissions in the Study Area

The visualization results in Figure 11 demonstrate that the proposed approach can discover the
space-time distributions of fuel consumption and emissions intuitively and effectively. Furthermore,
Figure 11 shows that not only arterial roads but also some of the small roads in residential areas such
as southwest of the study area present high volume of fuel consumption and emissions, which is
against our experience. From the analysis above, we know that both MAs and SAs with engine-on
contribute to the fuel consumption and emissions. Therefore, we analyze and distinguish the types
of fuel consumption and emissions of each road, and explore the patterns and mechanisms of fuel
consumption/emissions in the study area. Figure 12 shows the percentages of fuel consumption/
emissions produced by SAs with engine-on in the study area.
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Figure 12. Percentages of fuel consumption/emissions of SAs with engine-on.

In Figure 12, the percentages of fuel consumption and emissions from SAs with engine-on in the
12 periods present a bimodal distribution. The first peak value appears during 4:00-6:00, in which
fuel consumption, CO and NOx emissions of SAs with engine-on constitute for 42%, 25% and 5% of
the whole fuel consumption and emissions in the study area. The other peak values are in evening
peak hours (16:00-18:00), in which fuel consumption, CO and NOx emissions of SAs with engine-on
constitute for 35%, 25% and 6% of the whole fuel consumption and emissions. The second peak value
of fuel consumption is lower than the first peak values, and are nearly equal to the percentages in
morning peak hours (8:00-10:00). Figure 12 also illustrates that SAs with engine-on have the strongest
influence on fuel consumption compared with CO and NOx emissions. A large percentage of fuel
consumption produced by SAs with engine-on on a road shows that speeds of taxis on the road
approach to zero, implying there are traffic congestions or other stop behaviors with engine-on of
taxis. In order to uncover the spatial-temporal distribution of fuel consumption produced by SAs
with engine-on, we identify the roads where more than 70% of fuel consumption are produced by
SAs with engine-on in the study area. Because the fuel consumption from the identified roads are
mostly produced by vehicles under idling conditions, we name these identified roads as idle roads.



Int. |. Environ. Res. Public Health 2018, 15, 566

18 of 23

Space-time distributions of fuel consumption and idle roads in the study area shown in Figure 13,
where the grey-shaded roads are idle roads.

(a) 0:00-2:00
’%l“l@"“% i

‘!L—- -
Ve
KR
@%%

9 i

/ b7 e
Lo f

=1

A

(c) 4:00-6.00

=y,

(d) 6:00- 8 00

{ a:‘ﬂ

\n

okt /'

Idle roads

FC (g/km)

020 ==100-200
==20-50 == 200-300
==50-100 === 300-400

400-600 1000-1500 === 3000-4000
600-800 1500-2000 «==4000-5000
800-1000 wws 2000-3000 wmm5000-7000

- >7000

Figure 13. Space-time distribution of fuel consumption and idle roads in the study area in different
period. (a) is 0:00-2:00, (b) is 2:00—4:00, (c) is 4:00-6:00, (d) is 6:00-8:00, (e) is 8:00-10:00, (f) is 10:00-12:00,
(g) is 12:00-14:00, (h) is 14:00-16:00, (i) is 16:00-18:00, (j) is 18:00-20:00, (k) is 20:00-22:00, (1) is

22:00-24:00.

Figure 13 uncovers the space-time distribution patterns of idle roads and fuel consumption in the
study area. In general, hot spots of idle roads tend to appear in arterial roads in the daytime while tend
to appear in branch roads and residential areas at night and early-morning. In addition, the middle of
ZS5 Road is identified as a hotspot of idle segments across a day because railway station locates in ZS
Road. Taxis could stop or hover idly around railway station for waiting or picking-up/dropping-off
passengers around the railway station, producing high idle fuel consumptions.

More specifically, during periods 0:00-6:00, there are fuel consumptions in non-idle arterial roads
such as LY road, LS roads, indicating that the fuel consumptions in these arterial roads are produced
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from taxis” normal running. Clusters of idle roads are identified in branches of arterial roads such as
branches of LY Road, branch roads in the residential area in the southwest of the study area, and gas
station in the west of XC Road. These branch roads have relatively higher fuel consumption than
other roads in the period, indicating the fuel consumption in the periods are mainly caused by taxis’
hovering and refueling activities.

During morning rush hours (period 4, 6:00-8:00), idle roads distribute more balanced compared
with last periods. Fuel consumptions in arterial roads such as LN Road, ZS Road increase significantly,
and idle roads in branch roads and gas stations decrease. During 6 a.m.—4 p.m., idle roads in branch
roads in residential area decrease, while idle roads appear in arterial roads and intersections, such as LY
Road, XC Road, LS Road, intersection of ZDQ Road (Zhuodaoquan Road) and XC Road, intersection
of LS Road and LY Road, and intersection of LY Road and ZN Road. The characteristics of idle roads
in daytime reflect that increasing traffic volumes in daytime lead to traffic congestions in arterial roads
and intersections, bringing high idle fuel consumptions.

During evening rush hours (16:00-18:00), idle roads in branch roads and gas stations further
decrease. In comparison, idle roads in arterial roads and sub-arterial roads increase, such as LY Road,
WL Road, BY Road (Bayi Road) and MZ Road (Minzhu Road). Besides, idle range in XC Road expand.
After 18:00, clusters of idle segments in arterial roads spread to sub-arterial roads, branch roads and
gas stations.

4. Discussion

In this case study, we illustrate the effectiveness of the proposed methodology, which may be
replicated in other cities throughout the world. Useful insights about fuel consumption/emissions
estimation are uncovered through activity analysis with big data. First, we recorded the fuel
consumption of an experimental vehicle (3.0 L) for verifying the estimating accuracy of the proposed
approach. Estimation accuracy is significantly improved by considering activity types when compared
with previous studies. Second, spatial-temporal distribution of fuel consumption/ emissions of taxis
(1.4-2.0 L) in a network area shows that elevated levels of fuel consumption and emissions are identified
on arterial roads with high traffic volume during the day and evening hours but on small roads in
the early morning. We then explore the patterns and mechanisms of fuel consumption/emissions in
the study area by analyzing the types of fuel consumption and emissions of each road. Our results
indicate that the spatial-temporal patterns of fuel consumption of taxis are highly related to their
activities, especially idling stops, which have a notable impact on fuel consumption. A major crisis
is the “congestion” due to the number of vehicles on road, which is more severe during the rush
hours. Besides, taxis” idling stops (SAs with engine-on) that lead to high volumes of fuel consumption
include not only traffic congestions but also non-service stop activities such as refueling or waiting for
passengers. Hence, encouraging taxis to turn their engines off during their non-service stop activities
in the elevated areas of idle roads can help to reduce the fuel consumption. Therefore, studying
the patterns of taxis” activities provide an understanding of the volumes and constitution of fuel
consumption/emissions in urban traffic, and may bring solutions to the problem of fuel consumption.

In the case study, we validate the estimation methods with an experimental vehicle of 3.0 L
capacity, while the accuracy of fuel consumption estimation in the experiment of a large area
is unavailable because the real value of fuel consumption and emissions of the taxis (1.4-2.0 L)
can hardly be obtained. For the same reason, many existing studies that estimate emissions/fuel
consumption using GPS data only present the estimation results without quantitatively assessing their
validity [2,10-17]. Although this study only validates the accuracy of fuel consumption estimation of
3.0 L gasoline vehicle, the estimations for the 3.0 L gasoline vehicle and 1.4-2.0 L gasoline vehicles are
both based on the COPERT model using the same estimation principle and processing. Furthermore,
the purpose of this study is to improve the estimations of fuel consumption and emissions by
considering different types of activities. In both cases the fuel consumption and emissions are estimated
in the same way, as a result, the validity of the 3.0 L vehicle is considered representative in this study.
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While previous studies have not identified MAs and SAs in vehicles’ traces, the analysis in
this study illustrates that in addition to different types of activities, modes of SAs also have a great
impact on the fuel consumption/emissions produced during and after SAs. First, during SAs with
engine-off, vehicles do not consume fuel or release emissions, but during SAs with engine-on, vehicles
need to consume fuel and thus release emissions to keep the engines running. Second, because cold
start emissions are produced when a vehicle restarts, they are closely related to the modes of SA.
After an SA with engine-on, no cold start emissions are released, but after an SA with engine-off
during which the temperature of the vehicle’s engine has decreased, cold start emissions are produced
until the temperature of the engine has reached the stable temperature. Without analyzing the
modes of SAs, cold start emissions in a vehicle’s trajectory cannot be estimated, which would lead to
underestimations of fuel consumption/emissions since cold start emissions are many times higher
than hot emissions. By comparison, this study identified MAs, SAs with engine-on and SAs with
engine-off. Fuel consumption, hot emissions and cold start emissions are estimated according to
different activity types, thus producing a more fine-grained and more precise estimation.

Lastly, besides bringing about deep insights about mechanisms of traffic fuel consumption/
emissions, activity analysis with GPS big data also improves the accuracy of fuel consumption/
emissions estimation. Compared with previous studies such as researches [14] and [17], we improved
the accuracy and detailed level of fuel consumption/emissions estimation in two aspects. First,
researches [14] and [17] divide the study areas into grids for analyzing the spatial distributions of
emissions. In that way, moving parameters of vehicles are calculated based on Euclidean distances
between GPS records, which leads to bias in the estimation of fuel consumption/emissions because
vehicles actually move on the road network and run network distances rather than Euclidean distances.
Moreover, emissions and fuel consumption are also visualized in units of planar spatial grids. Since a
grid may contain several roads in the study area, patterns of fuel consumption/emissions in different
roads cannot be distinguished. In contrast, we estimate and visualize fuel consumption/emissions
based on road segments. With GPS trace matched to the road, we can restore the routes of vehicles and
obtain more accurate moving parameters of vehicles from network distance, which is a critical factor
in fuel consumption/emissions estimation.

5. Conclusions

The widespread spatial big data such as GPS data has brought fuel consumption/emissions
estimation to a new perspective. While many researchers focus on the possibilities to understand the
spatial-temporal distribution of fuel consumption/emissions with such big data, inadequate attention
is paid to the estimation accuracy, which is the basis for uncovering the fuel consumption/emissions
patterns. Emissions and fuel consumption are complex processes, related to factors including
fuel parameters, vehicle model, and weather. In addition, fuel consumption/emissions are
significantly affected by vehicles” activities. Existing studies do not take the activity types of vehicles
into consideration in estimation. Therefore, this study proposes approaches for estimating fuel
consumption/emissions based on analysis of different types of activities in vehicles’” space-time
paths. In our approach, we firstly build space-time paths of individual vehicles and extract moving
parameters of each STPS. Then we present an N-dimensional representation approach for estimating
and visualizing fuel consumption/emissions of both individual vehicle and a network area. In the
case study, fuel consumption and emissions of a single vehicle and a road network area are estimated
and visualized with GPS trace data. The estimating result illustrates that the estimating accuracy is
significantly improved (88.6%) compared with the other two estimating approaches (71.02% and 78.2%)
that do not distinguish activity types in estimation. The results indicate that the STPS based approach
this study developed can estimate fuel consumption more accurately. In conclusion, the contributions
of this article are mainly in the following aspects.
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First, we present an N-dimensional representation framework for estimating and visualizing fuel
consumption/emissions. Quantities and distribution patterns of fuel consumption/emissions can be
explored under the framework.

Second, we determine different types of activities from space-time paths and identify mobile
activities (MAs), stationary activities (5As) with engine-on and with engine-off. Fuel consumption,
hot emissions, and cold start emissions are estimated according to different activity types,
thus producing a more fine-grained and more precise estimation.

Finally, based on the determination of different types of activities, we further analyzed the
constituents of fuel consumption of each road, that is, what percentage of the whole fuel consumption
do MAs and SAs with engine-on contribute. As a result, patterns and mechanisms of fuel consumption
in the study area can be uncovered.

The limitations of this study include: (1) this study provides a methodology that estimates
fuel consumption/emissions based on activity types. The study area is considered sufficient for
evaluating the effectiveness of the proposed method, while citywide distribution patterns of fuel
consumption/emissions are not reflected in this study. (2) The spatiotemporal patterns of fuel
consumption/emissions during a day are uncovered in this study, while the differences between
workdays and weekends are not included. (3) This study mainly puts effort on analyzing SAs in taxis’
GPS traces, but patterns of vehicles” MAs are not analyzed in-depth. Future studies include estimating
fuel consumption/emissions in a larger scale and a larger time span and studying approaches to
reduce fuel consumption/emissions of taxis by adjusting their activity patterns, including SA patterns
and MA patterns.

Acknowledgments: This work was supported by the grants from National Key Research and Development
Plan of China (2017YFB0503604, 2016YFE0200400), the grants from the National Natural Science Foundation
of China (41671442, 41571430, 41529101, 41271442), and the Joint Foundation of Ministry of Education of
China (6141A02022341). In addition, Mei-Po Kwan was supported by a John Simon Guggenheim Memorial
Foundation Fellowship.

Author Contributions: ZK., L.T. and X.Z. conceived and designed the experiments; Z.K. performed the
experiments and analyzed the data; Z.K. wrote the paper with M.-P.K., who also contributed to revising and
refining the paper.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  Intergovernmental Panel on Climate Change (IPCC). The Fifth Assessment Report of IPCC. 2013. Available
online: http:/ /www.ipcc.ch/pdf/assessment-report/ar5/wg3/ipcc_wg3_ar5_chapter8.pdf (accessed on
1 March 2017).

2. Nyhan, M.; Sobolevsky, S.; Kang, C.; Robinson, P.; Corti, A.; Szell, M.; Streets, D.; Lu, Z.; Britter, R.
Predicting vehicular emissions in high spatial resolution using pervasively measured transportation data
and microscopic emissions model. Atmos. Environ. 2016, 140, 352-363. [CrossRef]

3.  Cai, H.; Xie, S.D. Estimation of vehicular emission inventories in China from 1980 to 2005. Atmos. Environ.
2007, 41, 8963-8979. [CrossRef]

4. Ntziachristos, L.; Samaras, Z.; Eggleston, S.; Samaras, Z. COPERT III. In Computer Programme to Calculate
Emissions from Road Transport, Methodology and Emission Factors (Version 2.1); European Energy Agency (EEA):
Copenhagen, Denmark, 2000.

5. Sharma, P,; Khare, M. Modeling of vehicular exhausts—A review. Transp. Res. D Transp. Environ. 2001, 6,
179-198. [CrossRef]

6. Rakha, H.; Ahn, K.; Trani, A. Comparison of MOBILE5a, MOBILE6, VI-MICRO, and CMEM models for
estimating hot-stabilized light-duty gasoline vehicle emissions. Can. J. Civ. Eng. 2003, 30, 1010-1021.
[CrossRef]

7. Abo-Qudais, S.; Abuqdais, H. Performance evaluation of vehicles emissions prediction models. Clean Technol.
Environ. Policy. 2005, 7, 279-284. [CrossRef]


http://www.ipcc.ch/pdf/assessment-report/ar5/wg3/ipcc_wg3_ar5_chapter8.pdf
http://dx.doi.org/10.1016/j.atmosenv.2016.06.018
http://dx.doi.org/10.1016/j.atmosenv.2007.08.019
http://dx.doi.org/10.1016/S1361-9209(00)00022-5
http://dx.doi.org/10.1139/l03-017
http://dx.doi.org/10.1007/s10098-005-0279-x

Int. J. Environ. Res. Public Health 2018, 15, 566 22 of 23

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

U.S. Environmental Protection Agency. Motor Vehicle Emission Simulator (MOVES) 2010: User Guide;
Report No. EPA-420-B-09-041; Environmental Protection Agency: Ann Arbor, MI, USA, 2010.

Chang, X.; Chen, B.; Li, Q.; Cui, X,; Tang, L.; Liu, C. Estimating real-time traffic carbon dioxide emissions
based on intelligent transportation system technologies. IEEE Trans. Intell. Transp. Syst. 2013, 14, 469—479.
[CrossRef]

Yang, Q.; Boriboonsomsin, K.; Barth, M. Arterial roadway energy/emissions estimation using modal-based
trajectory reconstruction. In Proceedings of the 2011 14th International IEEE Conference on Intelligent
Transportation System (ITSC 2011), Piscataway, NJ, USA, 5-7 October 2011; pp. 809-814.

Giithnemann, A.; Schifer, R.; Thiessenhusen, K.; Wagner, P. Monitoring Traffic and Emissions by Floating Car
Data; DLR—German Aerospace Centre Institute of Transport Research Rutherfordstr: Berlin, German, 2004.
Kouridis, C.; Gkatzoflias, D.; Kioutsioukis, I.; Ntziachristos, L.; Pastorello, C.; Dilara, P. Uncertainty estimates
and guidance for road transport emission calculations. Publ. Off. Eur. Un. EUR 2010. [CrossRef]

Sun, Z.; Hao, P,; Ban, X.J.; Yang, D. Trajectory-based vehicle energy/emissions estimation for signalized
arterials using mobile sensing data. Transp. Res. Part. D Transp. Environ. 2015, 34, 27-40. [CrossRef]

Shang, J.; Zheng, Y.; Tong, W.; Chang, E.; Yu, Y. Inferring gas consumption and pollution emission of
vehicles throughout a city. In Proceedings of the 20th ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining, New York, NY, USA, 24-27 August 2014; pp. 1027-1036. [CrossRef]

Zhao, P; Kwan, M.P; Qin, K. Uncovering the spatiotemporal patterns of CO, emissions by taxis based on
individuals’ daily travel. J. Transp. Geogr. 2017, 62, 122-135. [CrossRef]

Cagri, K.; Bektas, T.; Jabali, O.; Laporte, G. The fleet size and mix pollution-routing problem. Transp. Res.
B Meth. 2014, 70, 239-254. [CrossRef]

Luo, X.; Dong, L.; Dou, Y.; Zhang, N.; Ren, J.; Li, Y,; Sun, L.; Yao, S. Analysis on spatial-temporal features of
taxis’ emissions from big data informed travel patterns: A case of Shanghai, China. J. Clean. Prod. 2017, 142,
926-935. [CrossRef]

Nikoleris, T.; Gupta, G.; Kistler, M. Detailed estimation of fuel consumption and emissions during aircraft
taxi operations at Dallas/Fort Worth International Airport. Transp. Res. Part D Transp. Environ. 2011, 16,
302-308. [CrossRef]

Osorio, C.; Nanduri, K. Urban transportation emissions mitigation: Coupling high-resolution vehicular
emissions and traffic models for traffic signal optimization. Transp. Res. Part B Meth. 2015, 81, 520-538.
[CrossRef]

Wang, H.; Chen, C.; Huang, C.; Fu, L. On-road vehicle emission inventory and its uncertainty analysis for
Shanghai, China. Sci. Total Environ. 2008, 398, 60-67. [CrossRef] [PubMed]

Hégerstrand, T. What about people in regional science? In Papers of the Regional Science Association; Springer:
Berlin, Germany, 1970; Volume 24, pp. 6-21. [CrossRef]

Kwan, M.-P. Gender, the home-work link, and space-time patterns of non-employment activities. Econ. Geogr.
1999, 75, 370-394. [CrossRef]

Kwan, M.-P. Interactive geovisualization of activity-travel patterns using three-dimensional geographical
information systems: A methodological exploration with a large data set. Transp. Res. Part C Emerg. Technol.
2000, 8, 185-203. [CrossRef]

Buliung, R.N.; Kanaroglou, P.S. A GIS toolkit for exploring geographies of household activity/travel behavior.
J. Transp. Geogr. 2006, 14, 35-51. [CrossRef]

Shaw, S.L.; Yu, H; Bombom, L.S. A space-time GIS approach to exploring large individual-based
spatiotemporal datasets. Trans. GIS 2008, 12, 425-441. [CrossRef]

Yin, L.; Shaw, S.-L. Exploring space-time paths in physical and social closeness spaces: A space-time GIS
approach. Int. |. Geogr. Inf. Sci. 2015, 29, 742-761. [CrossRef]

Miller, H.J. Modelling accessibility using space-time prism concepts within geographical information systems.
Int. . Geogr. Inf. Syst. 1991, 5, 287-301. [CrossRef]

Neutens, T.; Van de Weghe, N.; Witlox, E; De Maeyer, P. A three-dimensional network-based space—Time
prism. J. Geogr. Syst. 2008, 10, 89-107. [CrossRef]

Downs, J.A.; Horner, M.W. Probabilistic potential path trees for visualizing and analyzing vehicle tracking
data. J. Transp. Geogr. 2012, 23, 72-80. [CrossRef]

Chai, Y. Space-Time Structure of Chinese Cities; Peking University Press: Beijing, China, 2002; pp. 10-11.


http://dx.doi.org/10.1109/TITS.2012.2219529
http://dx.doi.org/10.2788/78236
http://dx.doi.org/10.1016/j.trd.2014.10.005
http://dx.doi.org/10.1145/2623330.2623653
http://dx.doi.org/10.1016/j.jtrangeo.2017.05.001
http://dx.doi.org/10.1016/j.trb.2014.09.008
http://dx.doi.org/10.1016/j.jclepro.2016.05.161
http://dx.doi.org/10.1016/j.trd.2011.01.007
http://dx.doi.org/10.1016/j.trb.2014.12.007
http://dx.doi.org/10.1016/j.scitotenv.2008.01.038
http://www.ncbi.nlm.nih.gov/pubmed/18448148
http://dx.doi.org/10.1111/j.1435-5597.1970.tb01464.x
http://dx.doi.org/10.2307/144477
http://dx.doi.org/10.1016/S0968-090X(00)00017-6
http://dx.doi.org/10.1016/j.jtrangeo.2004.10.008
http://dx.doi.org/10.1111/j.1467-9671.2008.01114.x
http://dx.doi.org/10.1080/13658816.2014.978869
http://dx.doi.org/10.1080/02693799108927856
http://dx.doi.org/10.1007/s10109-007-0057-x
http://dx.doi.org/10.1016/j.jtrangeo.2012.03.017

Int. J. Environ. Res. Public Health 2018, 15, 566 23 of 23

31.

32.

33.
34.

35.

36.

Kwan, M.-P. GIS Methods in Time-Geographic Research: Geocomputation and Geovisualization of Human
Activity Patterns. Geogr. Ann. Ser. B 2004, 86, 267-280. [CrossRef]

Yu, H. Visualizing and analyzing activities in an integrated space-time environment: Temporal geographic
information system design and implementation. Transp. Res. Rec. 2008, 2024, 54—62. [CrossRef]

Miller, H.J. A Measurement Theory for Time Geography. Geogr. Anal. 2005, 37, 17-45. [CrossRef]

Demir, E.; Bektas, T.; Laporte, G. A comparative analysis of several vehicle emission models for road freight
transportation. Transp. Res. D Transp. Environ. 2011, 16, 347-357. [CrossRef]

Akgelk, R;; Smit, R.; Besley, M. Calibrating Fuel Consumption and Emission Models for Modern Vehicles.
In Proceedings of the IPENZ Transportation Group Conference, New Zealand, Oceania, 18-21 March 2012.
Available online: http://www.sidrasolutions.com/cms_data/contents/sidra/folders/resources/articles/
articles/~contents/8kr2vybbfm8vpnls/akcelik_fuel-emissionmodels-ipenz2012-.pdf (accessed on 2 March 2017).
Andre, ] M.; Joumard, R. Modeling of cold start excess emissions for passenger cars. In INRETS Report
LTE0509; Laboratoire Transports et Environment; INRETS: Bron cedex, France, 2005.

® © 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
@ article distributed under the terms and conditions of the Creative Commons Attribution

(CC BY) license (http:/ /creativecommons.org/licenses/by/4.0/).


http://dx.doi.org/10.1111/j.0435-3684.2004.00167.x
http://dx.doi.org/10.3141/2024-07
http://dx.doi.org/10.1111/j.1538-4632.2005.00575.x
http://dx.doi.org/10.1016/j.trd.2011.01.011
http://www.sidrasolutions.com/cms_data/contents/sidra/folders/resources/articles/articles/~contents/8kr2vybbfm8vpnls/akcelik_fuel-emissionmodels-ipenz2012-.pdf
http://www.sidrasolutions.com/cms_data/contents/sidra/folders/resources/articles/articles/~contents/8kr2vybbfm8vpnls/akcelik_fuel-emissionmodels-ipenz2012-.pdf
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Data 
	A Single Trajectory with Real Fuel Consumption 
	The Experimental Network Area and Taxi GPS Dataset 

	Methods 
	Building Space-Time Path and Extracting Moving Parameters 
	An N-Dimensional Representation for Fuel Consumption/Emissions Based on Space-Time Path 
	Estimating Fuel Consumption/Emissions Based on Individual Space-Time Path 
	Estimating Fuel Consumption/Emissions for Road Network 


	Results 
	Estimating Fuel Consumption and Emissions for a Single Trace 
	Estimating and Analyzing Fuel Consumption/Emissions for a Network Area 
	Analyzing Activity Types Producing Fuel Consumption and Emissions in the Study Area 

	Discussion 
	Conclusions 
	References

