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1. Introduction and Objectives
Real-world driving conditions may have a significant impact on pollutant emissions. So far, real
driving emissions knowledge involves installing Portable Emissions Measurement Systems
(PEMS), which are too expensive for large-scale measurement campaigns. Pollutant emissions
estimation at the fleet level are usually based on the use of Emissions Factors (EFs). EFs were
first developed in the 1990s to achieve national inventories. They are suitable for macroscopic
estimations but tend to be limited for a microscopic evaluation. The knowledge of microscopic
exhaust emissions, i.e. at the level of small road segments, is a key challenge. It will allow cities
to understand the impact of the road infrastructure and regulations and it will help to improve
microscopic estimation of the air quality which is now based on the EFs. This paper describes
an innovative coupling of information and communication technology and physical modelling to
estimate real-world exhaust emissions at a microscopic scale, without adding any sensor to the
vehicle. It consists in:


A smartphone application to measure GNSS (Global Navigation Satellite System) speed
and altitude profiles of the vehicle during a trip,



A cloud-based simulation software, coupled to the driver’s smartphone, used to estimate the
pollutant emissions, taking into account characteristics of each vehicle.
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Real-world Driving emissions sensitivity to the driver behaviour may be significant, both for NO x
emissions of Diesel engines (Fonseca, Casanova, & Valdes, 2011) due to the cut of the
Exhaust gas recirculation at high load and for CO emissions of gasoline engines due to power
enrichment (Samuel, Austin, & Morrey, 2002). This trend is especially true with Euro 5 Diesel
engines widely used in Europe without any NO x after-treatment. This is illustrated in Figure 1
which shows the NOx exhaust emissions for several repetitions of the same trip, with the same
vehicle, and different drivers (each bar corresponding to a driver). It clearly shows that the
sensitivity to the driver behaviour can be huge, and therefore that there is a potential to improve
the air quality by helping the driver to understand and reduce the impact of their driving style.

Figure 1:

Illustration of the driving style impact

Smartphone applications have a high potential for affordable deployment in large-scale
monitoring studies. Thus, they represent a promising solution to aggregate data of real usages
and associated emissions into a large database respecting privacy: data are recorded
anonymously and only the pollutant level are collected. Smartphone applications offer new
opportunities to develop citizen science project in which non-scientists can meaningfully
contribute to scientific research. The application benefits both to the driver, by giving a direct
feedback of his/her pollutants footprint and personalized advices, and to the regulator, by
providing a dynamic monitoring of real-world pollutants emissions. The application is free and
interesting people download it to participate to a citizen science project.
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Interested readers can download the application, named Geco air, for free on the usual application stores

1

The two main objectives are:
 Encouraging drivers to improve their driving behaviour by offering simple, practical, and
personalized advice.


Raising awareness of the highly polluting nature of some types of journey. For example, on
a short journey, there is not enough time for the after-treatment system warm-up phase. In
these instances, drivers are encouraged to use other transportation modes.

Once the application is installed, it automatically records the speed and slope profiles of the
vehicle using the smartphone GNSS. It is important to recall that these recordings are totally
anonymous. The simulation software used for pollutant estimation, with a physical modelling of
the vehicle, its engine and its after-treatment, is too complex for a proper and simple integration
on a smartphone. That is the reason why cloud computing is used instead. To keep a small
amount of data exchanged between the smartphone and the server, pollutant calculation is
made at the end of each trip. To be realistic, the pollutant models are tuned to the specifications
of each vehicle, which are retrieved solely based on the license plate number, allowing an
automatic tuning of the corresponding models. Indeed with the license plate number it is
possible to know the vehicle identification number and then its major technical specifications.
After each trip, the driver can see on a personal dashboard his/her emissions and associated
driving tips.
The driver is not the only beneficiary of the project. For now, decision-makers use statistical
approaches based on global averages of vehicles speeds to monitor and forecast pollutant
emissions. As will be explained in part II, this approach greatly miscalculate local reality. Using
smartphones as local sensors, it is possible to go a step further by allowing a representation of
the fleet and its real use on a much finer mesh both spatially and temporally. The resulting
database could help the stakeholders to understand what the most critical sources of pollutant
emissions are on their territory, by allowing a wide variety of multi-scale studies, such as:
- Examining the suitability of infrastructure and understand the reasons for local pollutant
peaks by a very local analysis.
- Improving the forecast of local phenomena (concentration of particles and nitrogen
oxides) thanks to the replacement of average user scenario on a territory by feedback
of in situ data.

2. State-of-the-Art
For a long time, the environmental impact of vehicles has only been evaluated by the means of
dynamometer emission tests. The data derived from such testing is not representative of “realworld” driving conditions (Pelkmans & Debal, 2006). To deal with this issue, Portable Emissions
Measurement System have been developed since the 1990s (Breton, 2000). These systems
are suitable for measurements on a specific vehicle, but not for a large scale diffusion due to
their cost and installation time. A way to measure indirectly real traffic emissions of vehicles is to
use air quality sensors but large scale diffusion is limited as well and it is then difficult to relate
the pollution to its cause.
The state of the art in terms of vehicle emissions models is made up of two large families,
macroscopic and microscopic. It is important to precise that the models suitable for a large scale
emissions estimation must not present prohibitive computing time or a too large number of
required parameters. Among the macroscopic models, the most widespread approach consider
Emission Factors (EF). Emission factors are average values that relate the quantities of a
pollutant released to the atmosphere to their sources, car driving in our case. These factors are
usually expressed as the mass of pollutant per kilometer. Such factors facilitate estimation of
emissions from various sources of air pollution. In most cases, these factors are simply
averages of all available data of acceptable quality, and are generally assumed to be
representative of long-term averages for all facilities in the source category. The EF can be
coupled with real Global Positioning System (GPS) data to estimate vehicle emissions (Liu,
Chen, Y., & Han, 2013). The EF approach only considers average vehicles and average driving
style. They are suitable for average emissions on long trips but not for real traffic emissions
which needs to take into account the local impact of the infrastructure and of the driving style.
Their major cause of error comes from the impact of the driving style and slope (Sentoff,
Aultman-Hall, & Holmén, 2015). To take into account these phenomena, it is necessary to use a
finer level of model, a microscopic model, whose input is generally a 1-Hz vehicle speed profile.
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Several microscopic models already exist and the most widespread ones are the
Comprehensive Modal Emission Model (CMEM) from University of California (Scora & Barth,
2006), the Passenger car and Heavy duty Emission Model (PHEM) from Graz University of
Technology (Hausberger, Rodler, Sturm, & Rexeis, 2003) and the Virginia Tech Microscopic
energy and emissions model (VT-Micro) from Virginia Tech (Rakha, Ahn, & Trani, 2004). CMEM
is microscopic in the sense that it predicts second-by-second tailpipe emissions and fuel
consumption based on different modal operations from in-use vehicle fleet. One of the most
important features of CMEM is that it uses a physical, power-demand approach based on a
parameterized physical approach that breaks down the entire emission process into
components that correspond to the physical events associated with vehicle operation and
emission production. The model consists of six modules that predict engine power, engine
speed, air-to-fuel ratio, fuel use, engine-out emissions, and catalyst pass fraction. Vehicle and
operation variables (e.g., speed, acceleration, and road grade) and model calibrated
parameters (e.g., cold start coefficients and an engine friction factor) are model inputs. While
the CMEM model was developed as a power-demand model, the VT-Micro model was
developed as a regression model from experimentation with numerous polynomial combinations
of speed and acceleration levels. A validation of CMEM and PHEM can be found in the
literature (Rakha, Ahn, & Trani, 2003 and Nam, Gierczak, & Butler, 2003), showing a good
consistency with experimental results. These microscopic models are designed for offline
studies. They are often coupled with a traffic simulator such as SUMO or AIMSUN which
provide the 1 Hertz speed profile. Unfortunately there is an important gap between simulated
and measured speed profiles and therefore pollutant emissions (Nam, Gierczak, & Butler,
2003).
The contribution of this paper consists in coupling a microscopic model with real-world speed
profile to estimate on-road pollutant emissions. However it is not possible to use the existing
microscopic models for an automated large scale deployment because the input parameters of
these models are not available for all vehicles. The modelling approach should be chosen
according to the vehicle data available for each car. This is the major reason why it was
necessary to develop new microscopic models, suited for the real-world emissions estimation of
a large vehicle fleet.

3. Pollutant Emissions Modelling
A model-based approach has been chosen to estimate instantaneous pollutant emissions,
namely Nitrogen Oxides (NOx), Particulate Matter (PM), Carbon Monoxide (CO) and Carbon
Dioxide (CO2.) from the 1Hz GNSS signal of the user smartphone. It relies on mathematical
equations describing physical phenomena involved in pollutants formation. A model
representative of the vehicle specificities is built using a library of 0D/1D sub-system models.
Each sub-model takes into account the impact of calibrations (control-unit strategies), which are
essential for real-world emissions modelling. This approach is described in Figure 2.
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Figure 2: Global Approach Scheme
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The choice of the most suitable modelling level is a trade-off between precision, number of input
parameters, and computation time. The desired models should be able to catch the impact of
real-world driving conditions and allow to identify situations where pollutant emissions are
particularly high or low. Moreover, the model has to be well suited to deal with inputs sampled at
low rates, typically 1Hz, as provided by GNSS on most smartphones. This critical point has to
be related to physics of pollutant formation which occurs during an engine cycle of only a few
milliseconds typically.
An important remark is that the models are not based on the results of a standard driving cycle
(such as the NEDC) which often fails to represent real on-road conditions. The models integrate
realistic engine and aftertreatment calibrations, which is essential for real-world emissions
modelling. The result is that on-road and on-cycle emissions can be widely different for some
pollutants depending on engine and aftertreatment technologies used.
A. Vehicle Model
This model relies only on two inputs from the GNSS sensor: vehicle speed and altitude which
are used to compute engine speed and torque. The core of the model is based on the
longitudinal dynamics equations, which can be written as: m dv  FT  Fres  Fslope  Fbrk , where 𝑚
dt
is the total weight of the vehicle,𝑣 the vehicle speed, 𝐹𝑇 the traction force of the engine, 𝐹𝑟𝑒𝑠 the
resistive force comprising the frictions,𝐹𝑠𝑙𝑜𝑝𝑒 the gravity force and 𝐹𝑏𝑟𝑘 the braking force. 𝐹𝑟𝑒𝑠 can
be expressed as a function of the vehicle speed: 𝐹𝑟𝑒𝑠 = 𝑎 + 𝑏𝑣 + 𝑐𝑣², where 𝑎 𝑏 and 𝑐 are the
coast down coefficients depending on the vehicle. 𝐹𝑠𝑙𝑜𝑝𝑒 is a function of the vehicle mass and
the elevation angle 𝛼 of the road: 𝐹𝑠𝑙𝑜𝑝𝑒 = 𝑚𝑔 sin(𝛼). These equations allow to compute the
engine traction force and then the engine power 𝑃𝑒 :
𝐹𝑇 ∗ 𝑣
𝑑𝑣
𝑣
𝑃𝑒 =
= (𝑚 ∗
+ 𝐹𝑟𝑒𝑠 + 𝐹𝑠𝑙𝑜𝑝𝑒 + 𝐹𝑏𝑟𝑘 ) ∗
𝜌𝑡𝑟𝑎𝑛𝑠
𝑑𝑡
𝜌𝑡𝑟𝑎𝑛𝑠
where 𝜌𝑡𝑟𝑎𝑛𝑠 is the transmission efficiency. At every time step the model calculates the reduction
ratio between the wheel and the engine crankshaft 𝑅𝑒−𝑤 depending of 𝑣 and 𝑃𝑒 : 𝑅𝑒−𝑤 = 𝑓(𝑣, 𝑃𝑒 ).
It allows to convert the speed and power from the wheel to the engine torque 𝑇𝑒 and speed 𝑁𝑒 at
30
the crankshaft: 𝑁𝑒 = 𝑅𝑒−𝑤 ∗ 𝑣 𝑎𝑛𝑑 𝑇𝑒 = 𝑃𝑒 ∗
.
𝑁𝑒 ∗𝜋

B. Hybrid electric powertrain model
In the case of a hybrid vehicle, the engine power is not directly proportional to the actual power
required to move the vehicle. The power split between the engine and the electric motor is
chosen by a control strategy called the energy management strategy (EMS). This strategy is
modelled in our application to take into account the effects of hybridization functionalities,
namely: pure electric drive, regenerative braking, and engine operations optimizations.
C. Engine Model
1) Internal physical quantities model
The first step of this model is to evaluate the internal physical quantities for the current engine
operating point such as flows, temperatures or concentrations. In a second step, these
quantities will then be used to estimate the pollutant emissions, as well as fuel consumption.
These quantities are estimated, based on the following basic assumptions:
- Maximum torque curve and air-path architecture are known for the engine;
- Friction Mean Effective Pressure (FMEP) generic law (function of engine speed);
- Constant gross indicated efficiency;
- Fuel air equivalence ratio equal to 1 in SI engine (except at high load where it increases
linearly with load), and varying between two values for CI engine;
- EGR (Exhaust gas rate) fraction is known for each point of the engine map.
These assumptions are combined in an iterative algorithm and applied for each point of the
engine map to determine the Pumping Mean Effective Pressure (PMEP), to deduce gross
Indicated Mean Effective Pressure (IMEP) and fuel consumption, considering the gross
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indicated efficiency assumption. Thus, the iterative process is mainly aimed at computing
engine fuel consumption and PMEP, which requires to compute for each engine operating point,
the air mass flow rate (with equivalence ratio assumption), the exhaust temperatures (an input
for the pollutant models), as well as the different pressures and temperatures in the air path.
The equations used to determine fuel consumption, total intake mass flow rate, and pressure
and temperature conditions in the air path are detailed in (Alix, Dabadie, & Font) for engines
without EGR. These equations have been adapted for engines with EGR to improve the
exhaust mass flow rate estimation given to the emission model. Basically, this adaptation
ensures that: 𝑄𝑒𝑥ℎ = 𝑄𝑒𝑥ℎ,𝑡𝑜𝑡 ∗ (1 − 𝐸𝐺𝑅) with 𝑄𝑒𝑥ℎ the exhaust mass flow rate, 𝑄𝑒𝑥ℎ,𝑡𝑜𝑡 the total
exhaust mass flow rate coming from the cylinders and 𝐸𝐺𝑅 the EGR fraction given for the
engine operating point.
2) Engine-out emission models
The estimation of engine-out emissions is made using a physical modelling of the engine using
mostly equations from the literature with some adjustments to the available data. This modelling
is based on steady state assumptions (i.e. assuming stationary operations) for most parameters
but transient phenomena such as the air path settling time, thermal behaviours are included
using dynamic models. As stated before, the detail of these models is not the topic of the paper.
However, to give an idea of the modelling level used, an example is given for the NO x emissions
of a Diesel engine. It is based on a simplification of a semi-empirical modelling coming from the
literature (Gärtner, Hohenberg, Daudel, & Oelschlegel, 2004). The original model was:
log(𝑁𝑂𝑥 ) = 𝑎0 + 𝑎1 ∗ 𝐶𝑂𝐶 + 𝑎2 ∗ 𝑚𝑐𝑦𝑙 + 𝑎3 ∗ 𝑚𝑂2
With 𝑁𝑂𝑥 the mass of NOx per mass of fuel, 𝐶𝑂𝐶 the centre of combustion (50% energy
conversion, from TDC) and 𝑚𝑐𝑦𝑙 and 𝑚𝑂2 the in-cylinder air and oxygen mass per stroke and
displaced volume and 𝑎0 , 𝑎1 , 𝑎2 , 𝑎3 model coefficients. This model was reduced in
log(𝑁𝑂𝑥) = 𝑎4 + 𝑎5 ∗ 𝑅𝐵𝐺𝑅
where 𝑅𝐵𝐺𝑅 is the in-cylinder burnt gas ratio, estimated with the airpath model taking into
account engine calibration and the dynamics of the EGR loop. Once engine out emissions
estimated, it is necessary to model the aftertreatment impact.
D. Aftertreatment Model
The developed aftertreatment model library is composed of several submodels, each of which
representing a physical aftertreatment element of the exhaust line: Diesel Oxidation Catalyst
(DOC), Diesel Particulate Filter (DPF), Selective Catalyst Reduction (SCR), Lean NO x Trap
(LNT), Three-Way-Catalyst (TWC) and PIPE (referring to a thermal model of a simple pipe
between two elements). These elements can be arranged to describe most existing exhaust line
architectures. All the submodels take the physical quantities of gas flow rate, temperature, gas
composition) at the element inlet as an input and compute the same quantities at the element
outlet as an output. Each variable represent the cross-section-averaged quantity at a given axial
location. It is then possible to describe precisely the evolution of the gas temperature and
composition through the different elements, and to estimate the tail-pipe pollutants. Going
further into details, each element is in fact discretized spatially into several “slices” to account
for the non-uniform axial distribution of the properties inside the element itself. This approach is
fully consistent with classical models of packed-bed catalysts developed since the 1970s
(Depcik & Assanis, 2005). Indeed, the elongated structure of the gas channels is such that it is
fairly imprecise to represent such elements by simple CSTRs. In particular, several benefits of
this approach make it necessary for our application: it leads to realistic dynamics of pollutants
conversion efficiencies during heat-up phases (such as start-up and sudden accelerations) and
during transient cool down phases as well (pedal release, slow driving), which would not be
captured by a simple map-based model.
Other noteworthy model features included are capturing DOC light-off phenomenon, taking into
account SCR and LNT control laws to compute pollutant conversion, handling of the engine
shut-off for conventional vehicles and HEV.
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MODEL PARAMETERS TUNING
B. Input data description
A key issue to build a representative model of a specific vehicle is to know its technical
specifications. It is not possible to ask the driver to fill in all these complex and numerous
specifications on a smartphone application. To solve this issue, the models are automatically
tuned based on the license plate number of the vehicle. From this unique number, it is possible
to get macroscopic specifications of the vehicle such as engine displacement, maximal power,
vehicle mass, gearbox type, fuel type, aspiration and type of aftertreatment. The availability and
the accuracy of these services vary depending on the driver location, but such databases exist
in most countries.
C. Vehicle fleet segmentation
It is not possible to model the emission of a specific pollutant for every vehicle with the same
equations. Therefore it has been necessary to divide the cars in circulation into several
categories. Each category corresponds to a given vehicle type modelled with specific equations.
A vehicle type is the combination of an engine type and a powertrain type. The engine types are
obviously different for Diesel and spark-ignition engines. Engine types depend mainly on:
 Air path systems;
 Fuel path technologies;
 Aftertreatment technologies.
In addition to its engine type, each vehicle is described by a powertrain type which corresponds
to the level of hybridization of the vehicle, from a conventional vehicle (ICE only) to a plug in
hybrid. It allows to take into account the impact of regenerative braking, electric assistance and
pure electric drive.
Inside each category, the parameters of the models are tuned specifically depending on the
vehicle specifications obtained with the license plate number. When one of these physical
specifications is missing, it is computed from the available ones, using physical approaches and
heuristic rules inspired from engine calibration methodologies. This allows to take into account
the specificity of each vehicle.

Experimental validation
Models were validated experimentally using PEMS, engine and roller test beds, on a
representative sample of 28 vehicles from different technologies and emission standards.
Table 1: Experimental data used for models validation

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15

Segment

Mass
[kg]

Fuel type

AFT Device

Power
[cv]

Certif.

Capacity

A
A
C
B
C
B
C
D
D
C
C
A
B
C
C

850
1020
1204
1050
1296
1150
1250
1430
1472
1250
1300
1080
1200
1300
1130

Gasoline
Gasoline
Gasoline
Gasoline
Gasoline
Gasoline
Gasoline
Gasoline
Gasoline
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel

EGR
EGR
EGR
EGR
EGR
EGR

68
85
125
82
140
157
155
170
204
85
110
90
90
114
92

€4
€5
€5
€5
€5
€5
€5
€6
€6
€4
€4
€5
€5
€5
€5

1.0L
0.9L
1.0L
1.2L
1.4L
1.6L
1.6L
1.8L
2.0L
1.5L
1.6L
1.4L
1.5L
1.6L
1.6L

Engine
maps

Engine
test
bed

X
X
X

X
X
X
X
X

X

Roller
test
bed
X
X
X
X
X
X
X
X
X
X
X

PEMS

X

X
X
X
X
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16
17
18
19
20
21
22
23
24
25
26
27
28

E
SUV
Van
SUV
C
C
E
D
C
C
C
C
E

1506
1445
1776
1660
1350
1328
1522
1415
1430
1417
1300
1410
1525

Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel
Diesel

EGR
EGR
EGR
EGR
EGR
EGR + LNT
EGR + LNT
EGR + SCR
EGR + SCR
EGR + SCR
EGR + LNT
EGR
EGR

150
140
140
163
115
120
160
150
150
150
184
140
175

€5
€5
€5
€5
€6
€6
€6
€6
€6
€6
€6
€6
€6

2.0L
2.0L
2.0L
2.0L
1.5L
1.5L
1.6L
2.0L
2.0L
2.0L
2.0L
2.2L
2.2L

X
X
X
X
X
X
X
X

X

X

X

X
X
X
X
X

Laboratory test data (here engine and roller test bed) allow to evaluate the accuracy of each
submodel thanks to detailed and precise measurements given by extra sensors. In particular, it
allows to evaluate separatly the accuracy of vehicle, engine, and after-treatment models. PEMS
data, which only contain tail-tipe pollutants, speed and slope profiles are a good complement
because they are more representative of real world conditions. As a consequence, PEMS data
are used to evaluate only the global accuracy of the full model. This validation is essential to
demonstrate that models take correctly into account real-world operations of the vehicle, and
specific behaviours due to different control strategies between laboratory and real-world testing.

This experimental campaign of RDE tests on eight Euro 5 and 6 Diesel vehicles showed a
mean precision of the models on the cumulative values of 92% for CO2 and 82% for NOx. The
details per vehicle are given in Figure 3. It is interesting to focus on the case of the vehicle 24
and 25 which have equivalent technical main specifications (Table 2) and are compared on the
same itinerary (87 km RDE test). By considering different levels of efficiency of the
aftertreament systems due to specific strategies, models successfully catch the specific
behaviour of each vehicle and the associated exhaust emissions, varying from 60 mg/km to
around 400mg/km for NOx emissions. It shows that the models are able to represent the wide
range of behaviours of recent Diesel vehicles in real-world situation.

Figure 3: Estimated vs. PEMS measured NOx and CO2 emissions on 8 Euro 5-6 Diesel
vehicles
In addition to being able to estimate cumulative emissions over the entire trip, the models are
used to determine the instantaneous emissions at 1 Hz.

Comparison with Emission factors on real-world driving profiles
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For now the estimation of exhaust emissions of large scale fleet is mainly made using emission
factors. Air quality models are based on emission factors for the contribution of traffic
(Vardoulakis, Fisher, Pericleous, & Gonzalez-Flesca, 2003). This can be limited to achieve
modelling at a microscopic scale. Today a lot of dispersion models claim resolution below ten
meters but still use emission factors as inputs. If emission factors are quite precise at a
macroscopic scale, they lead to significant errors at the scale of a road link. This is illustrated in
Figure 4 which compares the contribution of this paper, microscopic modelling with
measurements made with PEMS and COPERT Emissions Factors (EFs) for a Euro 6 Diesel
vehicle with a SCR after-treatment. The comparison was made on road testing, in terms of
instantaneous NOx and CO2 emissions. On the two last figures, the exhaust emissions have
been aggregated on road segment of 400 meters length. EFs have been computed using the
measured average speed on each segment.
The first interesting fact is that NO x emissions can increase significantly during specific driving
events such as strong acceleration or slope. The model, contribution of this paper, is able to
catch this sensitivity whereas emissions factors, which are only based on the average speed
are not. The estimation of CO2 and NOx emissions demonstrates a good precision level and
reproduces the significant events responsible for pollutant emissions, while EF only give a
single mean value throughout the trip. In addition to the microscopic resolution, the microscopic
models allows to take into account the impact of real-world driving behaviour, accelerations and
slopes. It is interesting to note that even in extra-urban conditions where the vehicle speed is
quite constant, EFs can lead to significant errors due to the impact of the slope.
Furthermore, the contribution allows to take into account more precisely the impact of the
vehicle and its control strategy. This is a key issue for modern Diesel vehicles because of the
great variability of their pollutant emissions (Franco, Sánchez, German, & Mock, 2014). Both
tested vehicles are Diesel, Euro 6 2.0L with an SCR (details given in Table 2) and have
therefore the same emissions factors. However their NOx emissions are significantly different,
due to different control strategies. Those strategies are taken into account by the model.

a. Urban on-road test with vehicle A

b. Urban on-road test with vehicle B

c. Extra-urban on-road test with vehicle A

d. Extra-urban on-road test with vehicle B
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Figure 4: Comparison of the microscopic emission model (“Contribution”) with measurements
(“PEMS”), and emission factors (“EF”) for on-road tests
Table 2:

Vehicle specifications
Vehicle A

Vehicle B

Engine Type

Diesel

Diesel

Classification

Euro 6

Euro 6

Engine Displacement

2000cc

2000cc

Engine Power

150cv

150cv

Vehicle Mass

1430kg

1417kg

Aftertreatment

DOC+DPF+SCR

DOC+DPF+SCR

A new tool to give a feedback on real-world emissions
The application has been launched in the beginning of 2017 and there are 15000 active users
and more than 22 million kilometers traveled. The recorded 1Hz real-world driving profiles offer
new opportunities to study real-world emissions. The purpose of this section is to show the
potential of what can be achieved with this database with two examples.

Identifying real-world driver best practices
As mentioned in introduction and illustrated by Figure 1, the level of emissions is highly
dependent of the driver behaviour. The objective of the smartphone application is to collect data
from real-world about this different behaviour, in order to analyse good and bad practices,
quantify the part of the pollutant emissions that could by avoid by a better driving style and
finally give personalized advices to reach this “green” driving style.
What is a “green” driving style?
Thanks to the database of real-world driving profiles, it is possible to analyse the drivers
behaviour and identify the best practices. One of the major criterion of a “green” driving style is
to limit the power demand, which is generally achieved by a good anticipation and soft
accelerations. Some drivers demonstrated very low emissions levels by a very contained power
demand, i.e. a quite low Vehicle Specific Power (VSP) during all their trips. Figure 5 presents an
example of two drivers using the same car, respectively mainly on city and extra-urban areas. It
represents 1Hz operating points of the engine during their 45 last trips. Both of them are on the
best driver list, and these figures show how they limit the high power demands (more than 20
kW/t) that are mainly causing emissions. Further analyses are on-going on the real-world driving
database to identify specific good and bad practices associated to specific situations or
locations.
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a. 45 trips, mainly city conditions

b. 45 trips, mainly extra-urban area

Figure 5: 1Hz operating points (Engine speed, torque and VSP) and NOx sensitivity

Identifying critical areas in terms of pollutant emissions
By aggregating pollutant acquisitions, a real-world emissions database is created to identify
high pollutant emissions zones. Since the release of the application, 20M kilometers of realworld driving have already been recorded and it is already possible to give the first dynamic
emissions maps as illustrated in Figure 6 for the city of Lyon in France.

Figure 6: Map of Lyon (France) with aggregated exhaust emissions (NOx).
This valuable database allows to analyse finely the infrastructure impact on local pollution.
Indeed, one can extract high emission roads and find a logical explanation such as important
slopes, highway entrance, change in speed limitations in order to give feedback to urban
planning actors.
A methodology was designed in order to process the large amount of data already available on
the database:
1) The area and time window of interest are selected (multi-scale capabilities: street, city,
region, country, world).
2) All trips of this area have to be fed to the vehicle model in order to process 1Hz pollutant
emissions. This step is the corner stone of the micro-pollutant-estimation framework.
Depending on the expected outcome, the modelled vehicle can be either, the actual vehicle
used for each of the recordings, a different one or a mix of several vehicle representative of
a given car fleet.
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3) A map matching algorithm is applied in order to aggregate all measurements on road
segments. The length of a road segment is selected according to the expected input of the
study with a minimal value of ten meters.
4) Once each measurement is attached to a single road segment, a statistical analysis is
performed to estimate the average emission profile on this segment for each vehicle
studied. Depending on the objective of the study, if the number of measurements is not
sufficient, a model can be used to estimate speed profiles from existing Geographic
Information Systems (GIS) data.
5) Once again, depending on the expected outcome of the study, the average emissions of
each vehicle of the study on each road segment can be multiplied by the corresponding
vehicle flow to represent actual traffic and diminish spatial sampling related issues (small
road segment with numerous measurements vs. large road with fewer recordings).
6) The result is a map of exhaust emissions of a given fleet with a microscopic resolution. This
map takes into account all the factors influencing real world emissions, namely congestion,
road slopes, driving style, traffic signs…
Two examples are given below that correspond to an acceleration zone on the highway for the
first one and a positive slope area on an highway with constant speed for the latter.

Figure 7:

Velocity and NOx profiles of all trips recorded on a road segment (lat/long
45.7197/4.936) corresponding to a highway acceleration area.

One can see that drivers already on the highway (green and red curves at 90km/h) do not
generate NOx emission peak while driving at constant speed meanwhile all other drivers
entering the highway and accelerating from 40 to 100 km/h generate a very high NO x peak with
high repeatability.
Assessment of the real-world efficiency of driving restrictions
As presented in the last section, the large scale recording of real-world driving profiles gives a
feedback on the impact of the infrastructure on exhaust emissions. With the same approach, it
is also possible to assess the real-world impact of driving restrictions, such as speed limits
reduction, partial driving restriction and alternate-day travel. Real-world impact of such
restrictions on driving conditions (measuring congestion) and exhaust emissions can thus be
studied. By simulating the exhaust emissions of different car fleets, it is also possible to assess
the impact of the fleet renewal.

Conclusion
Coupling real-world velocity profiles with microscopic exhaust models offers new tools to
improve the knowledge of on-road pollutant emissions for a large vehicle fleet. A device, as
common as a smartphone, can be turned into a virtual remote sensor of exhaust emissions. On
one hand, it gives drivers the opportunity of a direct feedback on the pollutant footprint of their
own mobility and personalized tips to reduce it. On the other hand, it allows a large citizen
science campaign to assess and reduce real-world exhaust emissions. Indeed, each trip
recorded with the application is anonymously aggregated to build a large database of real-world
driving conditions with instantaneous emissions. Since the beginning of the study, 22 million
kilometers of 1Hz driving profiles have been recorded with the associated GNSS coordinates.
This database allows cities to identify and explain the most critical areas in terms of exhaust
emissions. It is important to highlight the fact that most approaches presented in this paper can
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be used independently from the smartphone application and its database. A first interesting
example consists in coupling the exhaust emissions models with data provided by Geographic
Information Systems (GIS), which are available all around the world. Another ongoing extension
of this work consists in using the microscopic emissions models to feed an atmospheric
dispersion model in order to enhance Emissions Factors and achieve microscopic air quality
modelling.
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