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Prediction of Engine Emissions using Linear
Regression Algorithm in Machine Learning
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Abstract: A large set of data are being generated in engine
testing which is used for the evaluation of performance and
prediction of emission characteristics. For any engine
modifications or required improvements in the results, the whole
testing procedure to be repeated again for further evaluation. To
overcome this repetition, we need some data handling and
analysis techniques such as machine learning and prediction
models. The datasets which were collected by testing procedures
help in building a prediction model by which the expected results
of the test can be predicted without conducting repeated trials.
This study mainly focusses on predicting the emissions of a diesel
engine using a prediction model built by Linear Regression
Algorithm in Machine Learning using Regression Learner
Application in MATLAB. Linear Regression prediction model was
built from the emission data collected from the single-cylinder
diesel engine testing. The prediction model is validated and
compared with the actual testing data obtained. Errors such as
RMSE, MSE, MAE, R-squared errors are evaluated and found to
be minimum. Using a validated prediction model, the emissions
values can be predicted for any range of data set. Thiswill reduce
the time and cost involved by the repetition of testing procedures.

Keywords. Data Pre-processing, Engine Emissions, Linear
Regression, Machine Learning.

. INTRODUCTION

Emissions are the pollutants which are emitting out of the
vehicleswhenever any technical inabilities occurred. CO, HC
and NO, are the principle engine emissions from the Sl and
CO, HC, NO, and PM from the CI engines.

A. Causesof emissions

The constituents of NO, are NO and NO,. When the fuel
burns in the engine it reaches to high temperatures. Nitrogen
and oxygen available in the air will combine at this high
temperatures and forms nitrogen oxide. When coming out of
the tail pipe it will mix with oxygen and forms nitrogen
dioxide. When fuel isinjected into the combustion chamber,
all the fuel may not be burned. Some of the regions where the
combustion flame can’t reach are filled with fuel very rich
mixtures.
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These pockets of unburned fuel will cause (HC) hydrocarbon
emissions. Fuel contains carbon compounds which need to be
oxidized when burned with sufficient air. After burning
Carbon dioxide will forms. But when there is no enough
oxygen and due to incomplete combustion of carbon
containing compounds, Carbon monoxide (CO) is released.
Unburned fuel and lubricating oil will be having a large
number of heavy hydrocarbons. These particleswill condense
or adsorb on to the carbon particles and these particles will
lead to the formation of particulate metter (PM). This is
reason for formation of black smoke in the exhaust of the
vehicle.

B. Parameters Affecting Emissionsin Vehicles

The parameters which are going to affect the emission
behavior in the engine are classified as design parameters and
operating variables. Design parameters like compression
ratio, surface to volume ratio, ignition timing, motion of air
into the chamber, charge stratification, etc., and some of the
parameters like air fuel ratio, charge dilution and exhaust gas
recirculation, speed, load, coolant temperature and engine
operating conditions like acceleration, deceleration and
cruising are classified as operating variables will affect the
emission behavior in engines.

The process of using the patterns hidden in the data sets
collected, in order to predict the forthcomings or any behavior
of the parameterswhichiscrucial in any operationiscalled as
Prediction analysis. For this process to be happening, the data
sets play akey role in the whole prediction analysis. The raw
data sets which are collected during any testing procedure, is
going to use so that the patterns hidden in them will uncover
and helps to predict the forthcomings. This whole pattern
unveiling process is called as training. This prediction
analysis is possible through the Machine Learning and its
algorithms.

C. Application of Machine Learning in Predictive
Analysis

In the past two decades the Machine Learning became crucial
in data analysis and prediction. In daily life it plays an
important role in organizing the things needed such as email
classification, internet browsing, weather forecasting, facial
recognition and speech recognition, etc.,

Machine Learning helps in developing some intelligent
systems which are going to work in autonomous way. These
intelligent systemswill work with the help of algorithms such
as Linear Regression, Support Vector Regression and much
more which will be selected appropriately according to the
application and data types. These agorithms will learn with
the help of previously obtained or historical data. This
historical data will be gone through statistical analysis and
pattern recognition.
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The completion of analysiswill lead to the predicted results.
The linear regression prediction model takes the predictor
variables such as temperature and load on engine and checks
for the relativity between the inputs and the outputs in the
data. It will learn the pattern containing in the data imported
and used in predicting the response variables such asNOx and
smoke emissions of the engine.

The agorithm will use the previous learning experience
whenever a prediction is required from a new data set. The
optimization is required based upon the predictions or results
in order to increase the accuracy of the prediction model.

I1. LITERATURE SURVEY

Ayon Dey [1] mentioned about various machine learning
algorithms and their applications such as Decision Trees,
Naive Bayes, Support Vector Machines, K-Means, K-Nearest
Neighbor, etc., and their applications in data mining, image
processing, voice recognition, forecasting and prediction of
events. The classification of Machine Learning and their
sub-classification with an overview was presented. Jiang
Zheng, Aldo Dagnino [2] mentioned about the present data
analytics situations and their limitations in industrial growth.
The forecasting of substations fault systems and power load
with the help of R and Rapid miner tools and a variety of the
machine learning algorithms like Neural Networks, Support
Vector Machines, Naive Bayes were used as prediction
models. Linear regression with stochastic gradient descent
algorithm was used as a prediction model in predicting the
power loads. The subsystem faults were predicted with the
0.5994 accuracy and f-measure of 0.5963. Gulden Kaya
Uyanik ", Nese Guler " [3] mainly focused on the Linear
Regression analysis and its type, Multi-Variate Linear
Regression. Prediction analysis were carried out on the
Education Faculty student’s lessons score and their score
using Multi-Variate Linear Regression technique. It was
found that the score prediction from the input variables was
accurate with the model’s degree of prediction, R=0.932 and
the model’s degree of explaining the variance in the response
variable is R?*=0.87. Yashavant S. Ingle', Prof. Anil
M okhade’ [4] focused on using Linear Regression and its
importance in prediction analysis. A prediction model was
built using Linear Regression in order to find the ranking for
the students based on the CGPA as an independent variable. It
was mentioned that the other learning to rank methods will
bring good results in prediction analysis and also exploring
the other methods will brings out the predicted results nearer
to target values. Nelson Fumo, M.A.Rafe Biswas [5]
focused on acomparative study on available machine learning
algorithms such asLinear Regression, K-means, Naive Bayes,
Support Vector Machines for the predictive analysis process.
A model was built to predict the residential energy
consumption in terms of outdoor temperature, solar radiation,
hourly consumption. It was shown that the Linear Regression
algorithm among the all mentioned machine learning
algorithms showed better accuracy of R®=0.89, in other
words, the model’s degree of explaining the variance is 89%

Linear Regresson model. It was mentioned that these
propertieswill affect the choice of feedstock for the standards
of Bio-diesel to reach. It was found that the prediction model
built showed the high accuracy for parameters like density
and higher heating value with prediction errors < 5%, < 10%
for viscosity and < 15% for flash point and oxidative stability.
Ki-Young Lee', Kyu-Ho Kim", Jeong-Jin Kang’
Sung-Jai Choi®, Yong-Soon Im4, Young-Dae Lee®,
Yun-Sik Lim® [7] focused on comparison between Linear
Regression and Artificial Neural Networks with the help of
training the models with survey data about status of school
firmsinterms of type of establishment, class of school, etc., It
was found after the training and analysis of survey data,
Linear Regression was found to show the R-Square value to
be 0.6111 i.e, variance is about 60%. This explains that the
regression analysis of data sets is the best way in predicting
the responses as the data sets deals with the numbers. It was
found that Linear Regression is best to use and simple of all
the regression It will best fit a line with the minimum errors
and high efficiency. It is the least complex agorithm of all
which is easier to modify to get better outputs. However, it is
having some disadvantages like overfitting which can be
avoided with preprocessing of the data.

1. PROPOSED METHODOLOGY

A. Experiment

In this study, prediction of emissions from a single
cylinder diesel engine was performed. Thetest was performed
on GL-400 diesel engine which is coupled with 50 KW Eddy
current dynamometer. Five-gas analyzer is used to measure
and collect the emission levels and a computer setup is
connected to monitor the performance parameters such as
load on the engine, temperature and emissions such as smoke
and NOy.
B. Engine Specification

The Greaves GL-400 is a single cylinder, diesel fueled
engine. The technical specifications of the diesel engine used
in the experiment are shown in below Tablel.

Table- |: Technical Specifications of the Engine

S. No Par ameter Specification
1 Make Greaves Cotton Limited
2 Con'fi”é’l::‘;i on | SingleCylinder, Four Stroke
3 Type of Injection Direct Injection
4 Type of Cooling Air Cooled
5 Compression Ratio 18:1
6 Rated speed 3600 RPM
7 Maximum torque 20 Nm
8 Maximum power 8.5 Hp

C. Dynamometer Specifications

The dynamometer used in performing the test on engineis
Eddy Current Dynamometer and its technical specifications
are given in the below Tablell.

Table- I1: Technical Specifications of Dynamometer

in predicting the residential energy consumption. Aulia S.No | Parameter Specification
Qisthi Mairizal * b Sary Awad 2" Cindy Rianti Priadi bec 1 Type Sg%’n%‘r:{g‘é
Djoko M. Hartono °, Setyo S. Moersidik °, Mohand 2 Capacity 50 KW
Tazerout ® Yves Andres ? [6] focused on predicting the
properties of Bio-Diesel such asaviscosity, density, etc., with
the help of a prediction model built by using Multivariate
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D. Testing and Acquiring Data

The GL400 diesel engine was coupled with the Eddy current
dynamometer to maintain the loads for the testing. The
five-gas analyzer and smoke meter was placed at the exhaust
manifold of the engine to measure the NO, emissions and
smoke respectively. A temperature sensor was mounted onto
the engine which measures the engine temperature. Thewhole
setup was integrated with the data acquisition system and a
monitor to collect and store the data.

The tests were performed on Engine in different
conditions of load, i.e, 0 Nm and 7 Nm with the speed
maintained as constant. At each load NO, (ppm), smoke and
the temperature (°c) values were taken from the data
acquisition system. Load should be slowly increased in order
to avoid any failure of the setup. The experimental setup for
engine emission testing is shown below in Fig. 1.

T Air in Air Smoke
Filter Meter
Fuel
Tank Inlet
Manifold Emission Gas
Analyser
Exhaust '
Manifold
Temperature
7 — Sensor Data
:[ Diesel Acquisition
Engine System
Dynamometer

I |
Fig. 1. Experimental Setup for Engine Emission Testing

IV. DATA ANALYSISAND TRAINING

A. Data Pre-processing Techniques

Data preprocessing or Data Mining is the process of
extracting the useful information from raw data. It will
eliminate the data rich information poor situation and will
uncover the pattern between the datasets and gives us some
useful information and knowledge. These preprocessing
techniques are of two ways which are used in order to
eliminate the errors and achieve better prediction results. The
common technique in handling the missing data values is by
either deleting the entire row or sometimes by the entire
column only if 75% of column values are found to be missing
or null. It is important to make sure that after deleting there
should be no bias added. The other method is by replacing all
the missing with median, mean or most frequent values. This
method will give better results compared to deleting rows and
columns.

B. Linear Regression Algorithm

Linear Regression is classified under supervised learning
followed by the regression type and is the most used and less
complex algorithm. It is a method of modelling a target value
based on independent variables by fitting a straight linein the
data with minimum errors. This algorithm consists of
independent variables or predictor variables and response
variables. This algorithm will fit a straight line into the data
for the process of predictions using both the variables. The
straight-line equation is shown in the below eguation (1).

y=mx+c (1)

As the algorithms are not fully accurate in nature, some
amount of error will beinvolved in the predictions. Therefore,
above equation can be rewritten in the following terms as
shown in the equation (2).
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v=mx+c+E 2
Error E should be minimized in order to make effective
predictions and get the accurate results. The workflow of the
Linear Regression algorithm is represented in the below Fig.
2.

Dependent
Variable

Independent
Variable

Fig. 2. Flowchart of Working of Linear Regression
Algorithm

The hypothesis function will map the inputs variables to
the output which will gives the predicted values. It is
represented as follows in the equation (3).

Hg(x) =6, + 6, (x) (3

The accuracy of the algorithm which was built lies in
choosing the 8, 8, valuesand it should bein such away that
they should reduce the error in the agorithm. For that to be
possible the values of 8,, 8, should be as minimum as
possible. They will decide the straight line going to fit in the
datafor the prediction.

C. Cost Function or Squared Function

The minimization function which will reduce the values of
8,. 8, isknown as Cost function or Squared Error function.
Itisdenoted asJ (£, £,). This cost function isformulated as
followsin equation (4).

Minimization (&;. &, )

1068,,8,) = — ¥ ., (hg(x') -y @
Here
J1(8,.8,) = cost function
8.8, = parametres
m = number of training examples
i = count of the current training example
hg (x') = hypothesis function

D. Gradient Descent Algorithm

The algorithm which is used for minimizing the cost
function J is Gradient Descent algorithm. It will be doing the
iteration for a number of times until we get the optimized
valuesfor &, &,. The objective of thisalgorithmisto reduce
the 8,8, values. The initial assumptions for the values
8,5, 8, will be taken as 0, O respectively. Then the algorithm
will perform the iterations and simultaneously updates the
values. After replacing them with new valuesit will check the
compatibility and again replaces with new values until it
reaches the minimization point of &, &, . Thisis formulated
as below.
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Repeat until convergence {
L 3
6 1= 6 —ag,J(6.8.)
}
(forj=0andj=1)
Here
o = learning rate of algorithm

]
ﬁj_f{en- g,) =dope

The simultaneous updating of values of & after finding each
value will be as follows given below.

temp 0 =68, — a— ] (6,.6, )
28,
templ=8, — n:le(e[,.aL]
&, =temp O
g =temp1
The term%j J(8;.8,) in the mentioned formula above

will determine the dlope of the tangent line to the point 8. This

term will decide how the 6 value should update in order to
reach the minimal point. Thisis shown in the below Fig. 3.

=, F 1
Tangent \ ,-"‘
to T.he «— ] {B),"
point Al /
| J W f
= - % f
| ——R /
Imitial ‘ /
point ! /
e }\\h A
- —-:-— = >
Y

| local minima J

Fig. 3. Local Optima Point

The slope will determine the point 8 whether to move right
or left on the curve to minimize and to obtain local optimal
point. Some of conditions of slope are given below.

1) If the slope is positive, %f@n-ﬁl] = 0, the point 6
]

will move towards left to reach local optimal point.

2) If the lopeis negative, %f{ﬂn. g,) = 0, the point 0
)

will move towards right to reach local optimal point.
3) If dopeis, %f{e[,.el] = 0, this point is called local
]

optimal point.

As we approach the local optimum point, the gradient
descent algorithm itself will take smaller steps in such a way
to reach the minimum point exactly. So, there is no need to
reduce the learning rate a.

E. Data Collected

The data sets collected from the engine testing which was
maintained at load 0 and 7 N and temperature limits obtained
were ranging between 154-345°C are shown below. From the
graph, we can say that the NO, and smoke emissions which
were collected, increased with the increase in load and
temperature. The graphs are shown in below Fig.4 and Fig.5.
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Fig. 4. NO, Emission Data Collected
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F. Training

The prediction analysis was performed in MATLAB,
Regression Learners Application which is a part of Statistics
and Machine Learning Toolbox. The data sets collected were
imported into the Regression Learners Application and the
features such as predictor and response variables were
selected. It allows the user to select the mode of prediction
analysis like validation and without validation processes
which depends upon the results which are going to predict.
This toolbox provides all types of regression algorithms
available in the machine learning and gives the freedom to
select among those.

G. Typesof Errors

The prediction results are evaluated on the basis of error
between the predicted values and the target values. The
regression learner application provides four different types of
errors with the errors are calculated and the results are
validated. Root Mean Square Error is the standard deviation
of residuals (predicted errors). Hence, this error will show
how far the data points are from the regression line. R-
Squared Error is a statistical measure that represents the
proportion of the variance for a dependent variable that's
explained by an independent variable or variables in a
regression model. Mean Squared Error tells the deviation of
the residuals. Mean Absolute Error measures the average
vertical distance between the continuous points and identity
line. All these errors are formulated as below and their limits
areshown inthe Tablelll.

Residual = actual point — predicted point
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. B.
RMSE = \Jllz‘;‘r: ((actual; ; predicted; )
Here N = number of data points
Mean Squared Error = %E{ﬂﬂt‘lﬂlﬂ — predicted )
Absolute Error = |actual — predicted |
Mean Absolute Error = n—tﬂucnm.[ — pradicted |
Table- I11: Typesof Errors
S.No Error Limits
1 Sl?q?grgﬂe??gr Smaller Values
2 R'SE??';" ed Closeto 1
3 MearérrSgEared Smaller Values C.
4 Mea”Ef‘rngI ute Smaller Values

V. RESULTSAND COMPARISION

A. NO, Predictions
The observations are drawn between NO, on vertical axis

and load, exhaust temperature on horizontal axis. The results
are shown in following figures Fig.6, Fig.7, Fig.8.

450 -

400 [~

@ W
o @
& o

Response (Noxppm)
8

Predicted response

Residuals (Noxppm)

~

NO, Statistical Results

The statistical resultsfor NO, predictions are shown inthe
below Table V.

Table- 1V: NO, Statistical Results

S. No Error Value
L | S 2o
2 R-3quared 0.98
3 | Mean Squared 18542
4 M eanEﬁ g?ol ute 3.6477
5 Training Time 7.4389 sec

Smoke Predictions
The observations are drawn between smoke values on

vertical axisand load, exhaust temperature on horizontal axis.

The results are shown in following figures Fig.9, Fig.10,
Fig.11.
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Fig. 7. NOy Predicted vs Actual Plot
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Fig. 6. NO, Response plot
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D. Smoke Statistical Results

The statistical resultsfor NO, predictions are shown inthe
below Table V.

Table- V: Smoke Statistical Results

S. No Error Value
Root Mean
1 Square error 0.1638
R-Squared
2 Error 0.92
Mean
3 Squared 0.026831
Error
Mean
4 Absolute 0.13901
Error
Training
5 Time 5.2489 sec

E. Comparision plots

The predicted dataare compared with the actual valuesfor
further more accuracy of the prediction model. The
comparison plots of NOx and Smoke are shown in
following figures Fig.12, Fig.13.

NOx
254
N 252
(o]
X
250 W Actual
P .
M Predicted
r 248 -
m
246
1 z 3 4 5
exam ple observations
Fig. 12. NO, Comparison Plot
Smoke
1.14
5
m 1.13
o
k 112
e
111 W Actual
n
u 11 M Predicted
m
1.09
b
e 108 +
1 2 3 4 5
example observations

Fig. 13. Smoke Comparison Plot

F. Validation

The resultsin performing the prediction of theemissionsin an
engine are appropriate with an accuracy of 98 % and 92 % in
NOx and smoke respectively. Therefore, thismodel isgoodin
performing prediction analysis of emissions of NOx and
Smoke from the analysis of graphs and the error results
obtained. It is explained as below.

1) Response Plot: The predicted data points should be as
much as near to the actua values. We can see that the
predicted pointsin the above-mentioned graph are pretty near
to the observations or real values.

2) Predicted vs Actual Plot: In this plot, the predicted points
should be as near asto the fitted regression line. Thiswill say

that the predicted pointsare with less error asameasurein the
vertical distance.

3) Residual Plot: This plot tells us about how appropriate the
model is for the data. If there is no pattern seen in the graph
but a random distribution of points it says that linear
regression is good for the data. Otherwise non-linear
regression should be used. So, it is observed that linear
regression model is good for the data.

The model prediction accuracy could also be said by the
statistical analysis presented above in the tabular forms.

1) RMSE error should be aslow as possible for more accuracy
and goodness of fit. It is observed that very less RMSE error
in the smoke prediction and little bit more in NO, predictions.
2) R-Squared error isallowed to bein the limits between 0 and
1 and it should be close to 1. Therefore, good results in both
smoke and NO, predictions are obtained.

3) MSE and MAE should also be aslow as possiblein order to
increase the accuracy of the model. In both the predictions,
low values for MSE and MAE are observed.

VI. CONCLUSION

Linear Regression agorithm is appropriate and better in
performing the predictions of engine emissions. The data
transformation and optimization techniques will help more
the prediction model to be accurate. The errors shown are
acceptable with lesstraining time and with R-Squared error as
0.98 and 0.92 for NO, and Smoke predictions respectively.
Linear regression, fitting straight line may not be efficient in
al the types of data like data sets in which the observations
trend may not be linear, but by fitting nonlinear curve in the
data may reduce the consistency with other data sets which
use the same prediction models in future. This will show less
bias but more variance with other data sets. Linear Regression
ismore bias and less variance with the other data sets. It will
maintain consistency in performing the predictions. This
consistency indeed needed by any good prediction model for
achieving better results.
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