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Abstract

n this work, a prediction model is developed to illustrate the relationship Keywords
between the internal parameters of a vehicle and its emissions. Vehicles emit  41A05,
various hazardous pollutants and understanding the influence of in-vehicle 41A10

parameters is key to reducing their environmental impact. The values of the '

internal parameters were collected through the On-Board Diagnostics port, while ~ 65D05,

the values of the emissions were measured from the exhaust pipe using Arduino 65D17,

sensors. The observed values were then matched based on the timestamps

received from both sources and fit with both linear and polynomial regressions to ~ Artificial Intelligent,

accurately model the relationship between the internal parameters and pollutants.  pregiction model,

These models can then be used to estimate vehicle emissions based on the in-

vehicle parameters, including vehicle speed, relative throttle position, and engine ~ S€nsors,

revolutions per minute. A wide majority of the relationships between various in-  OBD

vehicle parameters and emissions show no observable correlation. There are

observable correlations between carbon dioxide emissions and vehicle speed, as

well as carbon dioxide emissions and engine revolutions per minute. These

relationships were modelled using linear and polynomial regression with a

resulting adjusted R-squared value of approximately 0.1.

1. Introduction

The concentration of car emissions is a crucial factor for manufacturers to consider when designing
and manufacturing vehicles. The burning of fossil fuels to power these automobiles creates various

’ Corresponding author
Bryce Maldonado

Email: maldonado@mail.usf.edu

49


mailto:maldonado@mail.usf.edu
mailto:malik.bennabi@ogr.sakarya.edu.tr
mailto:garciavicente@uniovi.es
mailto:gonzalezcristian@uniovi.es
mailto:nunezedward@uniovi.es

International Journal of Machine Learning and Networked Collaborative Engineering, ISSN: 2581-3242

emissions, some of which are toxic and hazardous to human health [1,2]. Standards and regulations have
been developed and refined over the past two decades to address various health and environmental concerns,
leading to the creation of institutions and agencies such as the Environmental Protection Agency (EPA) in
the United States and the European Environment Agency (EEA) in Europe, to ensure that manufacturers
adhere to certain protocols.

Reducing emissions goes beyond the manufacturer and the composition of the fuel used [3], as
consumers can participate in eco-driving to further reduce emissions. Various eco-driving programs provide
tips and guidelines on methods and techniques to further reduce vehicle emissions by 10% on average [4].
These eco-driving programs emphasize the importance of anticipating traffic, removing unneeded heavy
loads from the vehicle, and other small behavioral changes that can reduce emissions [5].

There are many driving factors that influence the fuel consumption of a vehicle, and therefore the
emissions, but the plausibility and viability of these eco-driving options may vary between individuals. Eco-
driving strategies are being tested and implemented to assist drivers in reducing their fuel consumption,
especially in poor driving conditions including severely congested roadways [6]. To aid consumers desiring
to participate in eco-driving, it is important to understand the correlations between various in-vehicle
parameters and the emissions of a vehicle. Some internal parameters are affected by driving patterns and
characteristics, and thus understanding the influence these parameters have on emissions can lead to new
eco-driving strategies to be developed. The accessibility and ease of eco-driving can always be improved
upon and attract and encourage drivers to reduce their fuel consumption in the long-run [5].

In this paper, various in-vehicle parameters of a car are observed and plotted against the outputted
emissions from the exhaust pipe to determine the effect these parameters have on vehicle emissions. Any
possible correlations between in-vehicle parameters and the concentrations of outputted emissions are
analyzed through simple regressions [7]. This results in prediction models that can be used to determine the
influential strength of various in-vehicle parameters on vehicle emissions.

The rest of this work is structured as follows: Section Il examines the common pollutants in vehicle
emissions and explores previous studies that have examined the significance of various vehicle and driving
characteristics on emissions and fuel consumption. Section Il describes the method and the reasoning
behind the method for collecting the data. The implementation of the methodology is described afterwards.
Section 1V details the results and the analysis conducted on the recorded data. Section V presents the
conclusions drawn from the study and Section VI explores ways and directions to further this work.

2. Background

Driving styles can be classified and deconstructed into identifiable characteristics to establish
relationships between driving patterns and fuel consumption [8]. Internal car factors, such as acceleration,
deceleration, average speed, RPM, and throttle position have been correlated directly to fuel consumption
[8,9]. Managing steady non-volatile speeds and adhering to certain velocity ranges has yielded up to a 20%
decrease in vehicle emissions in simulation, with significant reduction still observed in experimental cases
10. Sixty-two observable driving pattern parameters have been narrowed down to nine that have a significant
effect on emissions 8. The parameters that have significant influence on emissions can be summarized by
five key components: acceleration with high power demand, speed oscillation, extreme acceleration,
deceleration, and stop 8. These components were used, in part, for determining which internal vehicle
parameters to observe and plot with the emission concentrations when searching for relationships in the data
because previous studies examine the effects of driving patterns on fuel consumption instead of emission
concentrations directly.

There's been a demonstrated linear positive correlation between RPM and fuel consumption, and a
polynomial positive correlation between relative throttle position and fuel consumption using statistical data
analysis 9. This indirectly implies a relationship between these internal factors and emission concentrations
through fuel consumption. The goal of this study is to expand upon this work to examine more than these
two internal vehicle parameters, and to note their direct impact and emission concentrations. Past studies
have examined the accuracy of On-Board Diagnostic systems using the observable concentrations of
emissions from the exhaust pipe 11. Rather than comparing the observed concentrations of emissions to
specific internal vehicle parameters, these outputted concentrations were classified by driving states
(accelerating, cruise, idle) 11. This paper further seeks to examine the direct relationship between chosen
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internal vehicle factors and emission concentrations, modeling any observed correlations between these
factors and emission concentrations to accurately estimate emission levels when driving.

Vehicle emissions mainly consist of nitrogen, carbon-dioxide, and water vapor 12; hazardous
emissions such as carbon monoxide, nitrogen-oxide compounds, hydrocarbons, and particulate matter
constitute less than 1% of the total emissions from motor vehicles 12. Most of the sensors for this study will
examine the hazardous emissions, but a carbon dioxide sensor will also be utilized to examine a larger
portion of emissions. A tool has been developed for simulating the concentrations of these emissions given
various other internal parameters 13. The simulator uses a verified database of emissions concentrations to
simulate emissions, instead of using real-time observed data to correlate the internal parameters to emission
concentrations 13. A statistical model for vehicle emissions has been created previously 14, but not using
only internal vehicle parameters and real-time observed data.

3. Experiment Description

The On-Board Diagnostics system was used to record the values of various internal car factors while
driving. It provides data for many of the current conditions and parameters of a vehicle 15. The On-Board
Diagnostics PIDs (OBD-11 PIDs) were read using an OBD-port scanner while the vehicle was in use; Table 2
displays the recorded in-vehicle parameters obtained through the OBD-II port. Not all parameters are
relevant, while the bolded parameters significantly related to fuel consumption and as such were the chosen
to be analyzed. These parameters were chosen according to the key components of strong fuel consumption
influence 8. To measure the emission concentrations, a set of MQ gas sensors were connected to an Arduino
board, as seen in Figure 1; Table 2 provides the names of the sensors employed in the experiment and the
gases they detected and measured. Automobiles produce a variety of emissions including carbon dioxide
(C0O2), hydrocarbons (HC), nitrogen-oxide compounds (NOx), and other particulate matter 12. Some MQ
sensors used in the experiment detected gases that were not present or strongly represented, in standard
vehicle emissions, such as alcohol; hydrocarbons and carbon monoxide make up less than 1% of the total
emissions of a motor vehicle, while carbon dioxide constitutes a more observable 12% 12. Because of its
observability, the MG811 sensor is the most significant sensor to monitor; the other hydrocarbon and carbon
monoxide sensors were included to note any significant relationships between driving parameters and the
more toxic vehicular emissions.

Fig.1. Arduino MQ2-9,135 & MG811 Sensors

Fig.2. Citroen C4 during data collection
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4. Implementation

Three different automobiles were driven during the experiment to examine the influence in-vehicle
parameters have on emissions regardless of the manufacturer and model of car; the chosen automobiles
included a Citroen C4, a Citroen Xsara, and a Honda Accord. The vehicles tested in this experiment ran on
diesel and gasoline. During the trial run with each vehicle, an Arduino wired with the set of MQ gas sensors
was secured into a cardboard holding device and fastened to the end of the exhaust pipe, as seen in Figure 2.
The automobile was driven in a nondiscriminatory manner around the city of Oviedo, Spain for an
undetermined and variable length of time. Data recorded from both the OBD-II port and the MQ-sensors was
collected from each vehicle and then synchronized through the timestamps included in the data. There is no
fixing of Arduino values to account for possible delay between a change in an internal parameter and a
change in the emissions out of the exhaust pipe. To justify this, a second pass between each full reading of
the MQ sensors on the Arduino.

Table 1. Observed vehicle parameters

Internal Parameter Units
Accelerometer(X) m/sz
Accelerometer(Y) m/s”
Accelerometer(Z) m/s2
Accelerometer(Total) m/s2
GPS Speed m/s
OBD Speed m/s
Intake Pressure(MAP) Pa
RPM rpm
Throttle Position %
Relative Throttle Position %

Table 2. Tested Sensors

Sensor Gas(es) detected
mq2 Combustible gas, smoke
mq3 Alcohol
mq4 Methane, Propane, Butane
mqS Butane, Propane, Methane
mq6 | Liquefied petroleum, Butane, Propane, LPG
mq7 Carbon monoxide
mq8 Hydrogen
mq9 Carbon Monoxide, Methane
mq135 Ammonia sulfide, Benzene vapor
mg811 Carbon dioxide

5. Results

An overwhelming majority of the graphs displayed no significant observable relationship or
correlation between an internal parameter and any of the MQ gas sensors. Some examples of these graphs
are shown in Figures 3 and 4. All the parameters from Table 2 were examined, but only a few relationships
produced graphs that demonstrated a perceivable correlation. These correlations can be seen in Figure 5 and
6 which clearly demonstrate a positive correlation between the independent and dependent variables, but the
large variance of the data, especially at higher values, lessens the feasibility of an accurate estimation model.
Regardless, a simple linear (shown in red) and polynomial regression (shown in blue) are run on each graph
to model the general trend of the data. The resulting prediction model equations are given in Table 3, along
with the adjusted R-squared value (ARV) and the residual standard error (RSE). The wide variance noted
above in the plots has resulted in none of the adjusted R-squared values reaching over 0.2, meaning that the
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prediction models have an approximate accuracy of 17-20%. For the other emissions that the remaining
sensors tested for, including CO, HC, and combustible smoke, there appeared to be no significant correlation
between internal vehicle parameters and those emissions in this experiment.
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6. Discussion

The lack of significant and accurate estimation results may stem from the method by which the data
was collected. Having MQ gas sensors attached to the exhaust pipe of the vehicle may have led to volatile
data collection since, as the vehicle moves, the emissions may move past the sensors before the MQ sensors
have time to detect them. A total of 10 Arduino gas sensors were used during the experiment, and each
sensor took 0.1 seconds to produce a new piece of data, meaning each sensor only took a reading from the
exhaust pipe every second. This means that a vehicle moving at just 10 km/h would travel 2.77 meters before
each sensor would read from the exhaust pipe. Additionally, while the Arduino sensors were secured on the
opening of the exhaust pipe, it is possible for emissions to miss the sensors due to the nature of gases and the
wind at high velocities. Gases expand to fit the size of their container, emissions may have expanded into the
atmosphere once outside of the exhaust pipe and missed the MQ sensors.

Table 3. Regression Analysis

Regression type | Equation ARV* | RSE*
Linear Regres- | 490.9+0.01484x | 0.1762 | 18.11
sion RPM vs

co2

Polynomial 490.3+0.01574x- | 0.1756 | 18.12
Regression 2.663e-07x>

RPM vs CO2

Linear Regres- | 502.788+0.47524x| 0.1854 | 18.01
sion GPS Speed

vs CO2

Polynomial 504+0.2182x 0.1942 | 17.92
Regression +0.00501x>

GPS Speed vs

co2

*ARV-Adjusted R-squared Value
#RSE-False Residual Standard Error

7. Conclusions and Future work

Understanding the relationship between driving patterns and vehicle emissions is important when
furthering eco-driving efforts. An estimation model for predicting and illustrating the relationships between
internal vehicle parameters and emissions was sought in this experiment, to observe the significance of these
parameters€™ influence on emissions. The data collected from the OBD-II port and the MQ sensors yielded
significant relationships only between a couple internal parameters and the carbon dioxide emissions.
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Hydrocarbons, carbon monoxide, and combustible smoke emissions were not significantly affected by
variations in the recorded internal vehicle parameters.

There is a general positive correlation between engine RPM and carbon dioxide emissions, as well as
vehicle speed and carbon dioxide emissions. This positive correlation has been fitted with estimation models
from both linear and polynomial regressions. The resulting estimation models have adjusted R-squared
values that are less than 0.2. While these estimation models do not accurately predict emission values, they
do illustrate the positive relationship between the two variables, which is significant enough to be observed
when plotted.

There exist multiple possible directions to continue the work of this experiment. Nitrogen oxide
emissions constitute the largest proportion of vehicle emissions, this experiment could be repeated with
nitrogen oxide and other hydrocarbon sensors to continue to search for significant relationships. Increasing
the read time of the sensors and trapping emissions to collect data before releasing them into the air could
provide more desirable results.

More tests can be run including a wider variety of vehicle makes and models. The vehicle selection
can also be expanded by including hybrid vehicle, such as diesel-electric, and analyzing emissions with
respect to in-vehicle parameters and fuel type.
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