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INTRODUCTION

Growing environmental awareness among 
drivers and increasingly restrictive legal regula-
tions make it necessary to continue the research 
on reducing vehicle emissions into the atmo-
sphere [1, 2].

Diesel particulate filter (DPF) is installed in 
the exhaust systems of diesel engines. Its task is 
to purify flue gases from particulate matter [3, 4].  
Since 2005, with the introduction of the Euro 4 
standard, their use in diesel vehicles has been 
mandatory. Since 2014, filters have also been 

installed in petrol cars equipped with direct fuel 
injection [5, 6]. The particulate filter is the part 
of the exhaust system behind the catalytic con-
verter. It is housed in a stainless steel housing.  
A ceramic filter body, inside which there are par-
allel channels, is placed in its centre. They form  
a grid and each of them is closed on one side 
(inlet or outlet). Therefore, the exhaust gas must 
pass through the porous walls of the inlet ducts in 
order to reach the exhaust pipes [7, 8].

The purpose of the DPF filter is to trap the par-
ticulate matter produced by the car engine. Par-
ticulate matter is a mixture of organic fractions, 
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soot from fuel combustion and unburned hy-
drocarbons. Particulate matter is considered to 
be exhaust components which leave the exhaust 
system in a non-gaseous state. Soot particles are 
most often emitted, having a carbon core that ab-
sorbs other small particles, e. g. nitrates, metals 
or sulphates [9, 10]. Along with the installation 
of the particulate filter, other components such as  
a broadband lambda sensor, temperature sensors, 
pressure sensor must also be installed.

The operation of the DPF is monitored by 
several independent sensors. Their placement de-
pends on the make of the car. The most important 
sensors in the exhaust aftertreatment system are 
pressure sensors. Two types of them can be distin-
guished. Some are responsible for measuring the 
pressure only in front of the filter. The latter check 
them before and after the DPF [11].

The device that is used in high spring motors 
is DPF, which is a dry filter. It is also possible 
to use a FAP filter (Filtre A Particules). This is 
the so-called wet particulate filter. Its structure 
and principle of operation is similar to DPF, but 
it also has a catalytic fluid tank, pump, injection, 
which allow reducing the firing temperature to 
about 400 degrees Celsius. Both types of devices 
have the same task, i.e. removing contaminants 
[12, 13]. From the point of view of the principles 
of operation, there are no differences [14,15]. 

The DPF filter and catalytic converter are 
designed to capture harmful substances from 
exhaust gases, but they work differently. The 
differences between the catalytic converter and 
the filter are visible in the structure of these ele-
ments, failure rate and operating principles. The 
catalyst has a cartridge with precious metals and 
undergoes chemical reactions with the exhaust 
gases to remove harmful substances from them. 
The particulate filter captures impurities and 
burns them off.

There are several ways of regenerating the 
particulate filter: passive regeneration (in which 
soot is neutralised automatically during a longer 
drive), active regeneration (it is triggered by a 
controller that increases the fuel dose and increas-
es the engine speed), forced regeneration (the car 
plugs into a computer and drastically increases 
the exhaust gas temperature. This type of regen-
eration damages the engine, so it is done as a last 
resort). A cheap and effective way to regenerate 
DPF is the hydrodynamic method. Its advantages 
include, for example, that the parameters of the 
filters are restored to values almost the same as 

the factory ones. Washing effectively removes 
soot and ash [16, 17].

It is possible to remove the filter, but this is il-
legal. For driving a car with a DPF filter removed, 
one can be punished with a criminal fine and loss 
of a registration card. In Poland, this is punishable 
by a fine of PLN 5 thousand. If such a modifica-
tion comes to light, e.g. at a diagnostic station, the 
car will not pass the registration check.

The manuscript presents the results of studies 
aimed at analysing the possibility of using neu-
ral networks to determine the parameters of the 
chemical composition of exhaust gases as a func-
tion of engine performance parameters obtained 
from the on-board diagnostics system, such as 
crankshaft speed and engine load index.

MATERIALS AND METHOD

The aim of the paper and the extent 
of research

Tests of operating parameters and chemical 
composition of exhaust gases were carried out 
on the 1.3 Multijet diesel engine. The exhaust 
gas was collected by means of a probe, which 
was inserted into the exhaust system and fed to 
the exhaust gas analyser mounted in the trunk of 
the vehicle.

Assumptions of research methodology:
	• The extra-urban tests were carried out at differ-

ent pre-set vehicle speeds (80 km/h, 90 km/h,  
100 km/h, 110 km/h, 120 km/h) and at differ-
ent engine load rates for the prevailing driving 
conditions;

	• Urban traffic tests were carried out according 
to road conditions for high dynamics of vehi-
cle speed and engine load. Each attempt lasted 
300 seconds;

	• The data on engine crankshaft speed, engine 
load index were obtained from the OBD II 
system, while exhaust gas composition was 
obtained from the exhaust gas analyser. This 
information was saved every 1 second;

	• The engine temperature during the tests oscil-
lated within the range of 90–95 °C.

Exhaust gas components were tested:
	• CO2 [%] – carbon dioxide;
	• O2 [%] – oxygen;
	• NOx [ppm] – oxides of nitrogen;
	• PM [mg/m3] – solid particles.
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Test setup

Table 1 presents the basic technical character-
istics of the Fiat 1.3 Multijet engine used in the 
tests. Apparatus used in the tests:
	• Emission probe;
	• Emission Software Program;
	• Maha Met 6.3 exhaust gas analyser;
	• OBD II (On Board Diagnostic).

The computer program that was included in 
the basic set of the exhaust gas analyser was con-
nected to the analyser via wi-fi. The probe was 
connected to the analyser, while the OBD II was 
inserted into a special connector in the centre of 
the vehicle [20]. Table 2 shows the technical pa-
rameters of the Maha Met 6.3 exhaust gas analyser.

Maha Emission Software, which is the soft-
ware included in the basic set of the MAHA Met 
6.3 exhaust analyser, has the ability to measure 

vehicle exhaust emissions in vehicles with spark 
ignition and compression ignition engines. The 
software determines the measured values from 
the OBD device, which is connected to the Wifi 
network program. An important stage of the test 
is the leak test. At this level, the program checks 
that all connectors that are connected are tight and 
have no gaps or gaps. OBD II must be connected 
at the appropriate location on the vehicle. For the 
tests and used Fiat Panda, the space for the con-
nector was on the left side of the steering wheel. 
If the device has been installed correctly, the light 
should turn blue. When everything is connected 
correctly, the program generates values such as 
NO, O2, NOx, PM, CO, CO2 and HC. It also dis-
plays rotational speed, making it easier to mea-
sure and test parameters at different speeds.

The studies used Scilab version 2023. 1.0 free 
and open source software for engineers and sci-
entists together with the Neural Network Module 
version 3.0.

For the construction of the neural model, neu-
ral network structures “Multilayer Feedforware 
Backpropagation Network” with approximating 
properties were used. 

A characteristic feature of these networks, the 
general scheme of which is shown in Figure 1, is 
the presence of at least one hidden layer of neu-
rons, which mediates the transmission of signals 
between the input nodes and the output layer. The 
input signals are fed to the first hidden layer of 
neurons, and these in turn are the source signals 
for the next layer. There are full connections be-
tween the layers.

In the structure of the neural network, the 
nonlinear activating functions f1(x) and f2(x) are 
applied in the hidden layers and the linear activat-
ing function f3(x) in the form of:
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where: bi – polarity values of neurons in individual 
layers; 					      
xi – input signals for the neuron;	  
wi, ui, vi – weight values of neurons in 
individual layers.

Table 1. Basic technical data of the engine 1.3 Multijet II  
[18, 19]

Parameter Description Unit

Vehicle (MY, make, model) Fiat Panda 1.3 
Multijet II 16V 75 -

Equivalent test mass 1170 kg

Rated power (declared) 55 kW

Rated engine speed (declared) 4000 min-1

Idling engine speed (declared) 800 min-1

Max vehicle speed(declared) 168 km/h

Number of gears 5 -

Table 2. Basic technical data of the Maha Met 6.3 [21]
Power supply, input to Maha Met 6.3

Supply voltage 10 - 30 V DC

Power consumption 60 W

AC adapter (included)

Voltage 90 - 265 V DC

Load 60 W

Other information Maha Met 6.3

Warm-up time About 2 min.

Calibration gas 
connection

min. 0.5 bar to max. 1.0 bar; 
0.5 to 1.5 l/min

Probe tube connector Nominal flow rate: 5.5 l/min; 
minimum 4 l/min

Operating temperature +5 to +45 °C

Storage temperature −10 to +60 °C

Relative humidity No condensation

Dimensions 406 × 220 × 160 mm

Weight 406 × 220 × 160 mm

Interfaces LAN, optional WiFi
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During the network learning process, the Lev-
enberg–Marquardt algorithm was used, which is 
based on the optimisation process by finding the 
minimum value of the target function defined as 
the mean value of the sum of squares of the dif-
ferences between the current values of the net-
work output signals and the values set in the form 
of equation 4. An analysis of the source code of 
Neural Network Module version 3.0 revealed that 
the learning functions contained therein only cal-
culate the Mean square error rate during the learn-
ing process. Only this indicator can be obtained 
directly after the completion of the learning pro-
cess for further study stages. If other indicators 
(RMSE, MAE) are used, it would be necessary to 
modify the source code and recompile the library 
by the user. Additional modifications to the Neu-
ral Network Module were not performed within 
the scope of the study.
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where: yi – given learning values; 	  
di – values of network responses in the 
learning process.

Before the processes of learning and testing 
neural network structures, all input data were sub-
jected to a normalisation process, so that the cal-
culated values met the criteria of the <0-1> range. 
The presented results of neural network learning 
processes in the form of the Mean square error 
indicator refer to normalised data.

The learning and testing of neural networks 
used data from real-world extra-urban driving 
tests, including 5 cases of vehicle behaviour for 
different vehicle speeds (80 km/h, 90 km/h, 100 
km/h, 110 km/h, 120 km/h). Two cases of inde-
pendent tests were used to compare the obtained 
neural models and real city traffic tests for the 
content of selected exhaust gas components.

In the process of learning the described neu-
ral network to obtain a model of carbon dioxide 
content in exhaust gases, training data from mo-
bile tests were used containing a selected set of 
400 measuring points. Subsequently, in order to 
obtain the most accurate neural model for real 
data, studies were carried out with the size of 2 
hidden layer networks ranging from 1 to 6 neu-
rons. The learning process for each network size 
was repeated 100 times and a maximum iteration 
value of 10000 was set. Then, on the basis of the 
obtained Mean square error (correlation coeffi-
cients R2) for individual learned neural networks 
to the test data (400 measurement points), the 
neural networks with the best fit but not yet hav-
ing the characteristics of overlearning (data inter-
polation) were selected. The same procedure was 
carried out for the other parameters analysed. In 
order to automate the learning processes of net-
works of different sizes, verify learned networks, 
write networks to disk, generate results in the form 
of graphs and tests, the necessary programs have 
been developed in the Scilab environment. In the 
analysed case, 400 points were tested/validated.

Table 3 shows the sizes of neural networks 
and their results of matching the Mean square er-
ror and correlation coefficients R2 to the data that 

Fig. 1. Schematic of the one-way, multilayer neural network with approximate features, which was used to 
build neural models: xi – input signals for the neuron; wi, ui, vi – weight values of neurons in individual layers;  
bi – polarity values of neurons in individual layers; yi – given learning values
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were used to try to simulate the content of anal-
ysed components for urban traffic tests. Figure 2 
shows the diagrams of how the tests are carried 
out: simulation system for the content of analysed 
components in exhaust gas using neural network 
models and diagram of the measuring system al-
lowing the collection of the vehicle performance 
parameters and the contents of the exhaust com-
ponents during the vehicle operation.

RESEARCH RESULTS

The tests were carried out on a Fiat Panda 
1.3 Multijet equipped with a diesel engine. The 
results of the tests are presented in graphs and 
tables. Tests were carried out for different engine 
speeds and emissions were tested behind the par-
ticulate filter.

Engine operating parameters

Figure 3 shows the waveforms of the instan-
taneous engine speed values obtained from the 
OBD system when the vehicle is driving on an 
urban road. Figure 4 shows the waveforms of the 

instantaneous load engine values obtained from 
the OBD system when the vehicle is driving on 
a city road.

CO2 content of exhaust gases

In the work undertaken, using a neural model, 
on the basis of instantaneous values of the engine 
load index and engine speed, instantaneous val-
ues of the share of CO2 in exhaust gases are ob-
tained according to the relationship:

f�(x) =
2

1 + exp(−2 ∑ w�
�
��� x� + b�)

 

 

f�(x) =
2

1 + exp(−2 ∑ u�
�
��� x� + b�)

 

 

f�(x) = � v�

�

���

x� + b� 

 

∆e�� =
1
m

�(d�

�

���

− y�)� 

 

𝐶𝐶𝐶𝐶� = f��� �
𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅������,

 Load������
� [%V/V)] (5)

In the same way, models based on neural net-
work structures for the content of O2, NOx and 
PM in exhaust gases were built. Figure 5 shows 
the model of the carbon dioxide content in the ex-
haust gas as a function of engine speed and load 
obtained using neural networks with approximat-
ing properties. In order to verify the functioning 
of the neural model of the carbon dioxide content 
in the exhaust gas (Figures 6 and 7) as a function 
of rotational speed and engine load index, the ve-
hicle was driven twice (two runs) in urban traffic 
(designated in the graphs as Test 1 and Test 2).

Fig. 2. General scheme of the test method: a – computer simulation; b – laboratory measurement

Table 3. Results of the selection process of optimal neural network sizes
Neural network model Neural network size (layer 1/layer 2) Mean square error Correlation coefficient R2

CO2 [%] 2 / 4 1.066e-5 0.971

O2 [%] 2 / 4 1.064e-5 0.968

NOX [ppm] 2 / 2 2.549e-5 0.955

PM [mg/m3] 2 / 3 1.401e-4 0.947
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Fig. 3. Waveforms of the instantaneous engine speed values obtained from 
the OBD system: red colour – test 1, blue colour – test 2

Fig. 4. Waveforms of the instantaneous load engine values obtained 
from the OBD system: red– test 1, blue– test 2

Fig. 5. Surface showing the developed model using the neural network of changes in CO2 content in the exhaust gas 
as a function of engine speed and load engine (red points engine performance parameters obtained during tests 1, 2)
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Fig 6. Test 1 – waveforms of instantaneous carbon dioxide CO2 content in exhaust 
gases: red – readings from exhaust gas analyser, blue –neuronal model

Fig. 7. Test 2 – waveforms of the instantaneous CO2 content in the exhaust gas: 
red – values read from the exhaust gas analyser, blue – neuronal model

Fig. 8. Surface showing the model developed using the neural network of changes in O2 in the exhaust gas as a 
function of rotational speed and Load Engine (red points engine performance parameters obtained during tests 1, 2)
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O2 content in exhaust gas

Figure 8 shows the model of the oxygen content 
of the exhaust gas as a function of engine speed and 
load obtained using neural networks with approxi-
mating properties. The results of the comparison of 
the values obtained from the measurements and from 
the neural model are shown in Figures 9 and 10.

NOx content in exhaust gas

Figure 11 shows the model of nitrogen oxides 
in the exhaust gas as a function of engine speed 
and load using neural networks with approxi-
mating properties. The results of the comparison 
of the values obtained from the measurements 

and from the neural model are shown in Figures 
12 and 13.

PM content in exhaust gas

Figure 14 shows a model of the particulate con-
tent of the exhaust gas as a function of engine speed 
and load using neural networks with approximating 
properties. The results of the comparison of the val-
ues obtained from the measurements and from the 
neural model are shown in Figures 15 and 16.

Summary of test results

Table 4 summarises the mean values of 
the analysed parameters obtained during the 

Fig. 9. Test 1 – waveforms of instantaneous O2 content in exhaust gas:  
red – values read from exhaust gas analyser, blue – neural model

Fig. 10. Test 2 – waveforms of instantaneous O2 content in exhaust gas:  
red – values read from exhaust gas analyser, blue – neural model
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Fig. 11. Surface showing the model developed using the neural network of changes in NOx in the exhaust gas 
as a function of speed and load engine (red points engine performance parameters obtained during tests 1, 2)

Fig. 12. Test 1 – waveforms of instantaneous nitrogen oxides NOx in exhaust gas: 
red – values read from exhaust gas analyser, blue – neuronal model

Fig. 13. Test 2 – waveforms of instantaneous nitrogen oxides NOx in exhaust gas: 
red – values read from exhaust gas analyser, blue – neuronal model
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Fig. 14. Surface showing the model developed using the neural network of changes in particulate content in the 
exhaust gas as a function of rotational speed and load engine (red points engine performance parameters obtained 
during tests 1, 2)

Fig. 15. Test 1 – waveforms of instantaneous particulate content in exhaust gas [mg/m3]:  
red – values read from exhaust gas analyser, blue – neuronal model

Fig. 16. Test 2 – waveforms of instantaneous particulate content in exhaust gas [mg/m3]:  
red – values read from exhaust gas analyser, blue – neuronal model
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measurement and obtained on the basis of the 
prepared neural models. The mean values shown 
in Table 3 show that for CO2, O2, NOx, the relative 
error of the values obtained using neural networks 
in relation to the measurements did not exceed 10 
percent. For PM, the error was twice as large. 

DISCUSSION

The studies presented in the manuscript were 
carried out using standard diesel fuel. The stud-
ies used a network-based neural model with 
backward propagation of errors and the results of 
mobile tests carried out using the Maha 6.3 ex-
haust gas analyser in urban traffic. As a result of 
the analysis of the obtained parameters and their 
verification, the relative errors of the percentage 
content of the analysed exhaust gas components 
were found at a level not exceeding several per-
cent. This approach allows pre-tests to be carried 
out using fuels with different bio-additive con-
tent [22, 23]. It will also be possible to use neural 
models to determine the chemical composition of 
exhaust gases based on measurement data. Neural 
models are used to reproduce the tests that take 
into account technical parameters of vehicles, 
compositions of fuel mixtures.

From the point of view of CO2 emissions, 
it is important to consider the use of biofuels. 
Nevertheless, the modern diesel engine has been 
designed and refined for the combustion of min-
eral diesel, which has different physicochemi-
cal properties. The use of crude rapeseed oil 
requires special adaptation of injection systems 
and combustion chambers [24, 25]. Under Pol-
ish climatic conditions, the main source of plant 
esters was rapeseed oil. Rapeseed oil methyl es-
ters are the fuel with physical properties closest 
to diesel. 

Frying oils are known as UCO (used cook-
ing oil) [26]. They are a mixture of animal and 
vegetable fats formed mainly as a result of the so-
called deep-fat frying [27, 28]. In Europe, rape-
seed, palm, soy and sunflower oils are used for 

frying, in addition to all kinds of butter, margarine 
and lard. After the initial thermal treatment and 
filtration process, this oil is mainly used as a heat-
ing fuel, and more recently as a raw material for 
the production of methyl esters [29, 30]. Frying 
oils as well as animal oils are currently the largest 
alternative to other raw materials for the produc-
tion of methyl esters such as rapeseed, palm or 
soybean oils [31-33].

Higher Fatty Acid Methyl Esters (FAME) are 
also used to power compression ignition engines 
and can be blended in appropriate proportions with 
petroleum diesel [34, 35]. Such fuel is used as a 
few percent blends with conventional fuel or as a 
stand-alone B100 fuel [36]. FAME, like conven-
tional fuels, has a tendency to solidify (crystallise) 
at low temperatures [37]. This process causes loss 
of fluidity and solidification of the fuel [38, 39].

Due to its promising environmental proper-
ties, the use of the butyl alcohol derived from 
biomass (biobutanol) as a substitute for conven-
tional diesel is subject to increasing verification 
[40, 41]. The raw materials are energy crops such 
as sugar beets, sugar cane, corn grains, wheat 
and cassava, as well as agricultural and forestry 
by-products such as straw, corn stalks and wood 
waste [42]. Biobutanol is obtained by fermenta-
tion under anaerobic conditions similar to etha-
nol, but with the use of other microorganisms in 
the process [43-45]. In ethanol production, these 
are primarily yeasts – single-celled fungi that pro-
duce enzymes to break down carbohydrates, and 
in the case of butanol – bacterial strains [46, 47]. 
Butanol is more energy efficient than ethanol, be-
cause it contains more carbon.

Commonly used biocomponents, such as bio-
ethanol and fatty acid methyl esters (FAME), are 
called first generation biofuels [48]. In line with 
EU policy in recent years, emphasis has been 
placed on the development of new technologies 
for converting inedible raw materials, waste ma-
terials into second-generation biofuels (e.g. from 
lignocellulosic waste) and third-generation biofu-
els from dedicated bio-processes [49, 50].

Table 4. Summary of average values
Test number Type of test CO2 [%] O2 [%] NOX [ppm] PM [mg/m3]

Test 1 Obtained from measurements 6.76 14.2 222 31.4

Test 1 Obtained from model 6.30 14.7 202 25.4

Test 2 Obtained from measurements 5.38 15.6 210 36.6

Test 2 Obtained from model 4.93 16.1 191 30.4



12

Advances in Science and Technology Research Journal 2023, 17(6), 1–15

Application of dedicated neural models in ve-
hicle embedded systems may be the basis for de-
veloping systems for rapid diagnostics of selected 
vehicle components. Computer tools are also an 
excellent basis for conducting preliminary tests 
on the effect of the fuel mixture composition on 
the engine and exhaust system of a vehicle.

The authors of the manuscript have been us-
ing neural networks and genetic algorithms in their 
research for many years. They used the support 
of artificial intelligence methods, for example, to 
model numerical flows in turbine stages [51, 52], to 
model vehicle driving tests [53, 54]. The authors of 
the manuscript in published scientific papers have 
analysed a wide range of different approval pro-
cedures carried out on vehicles with compression 
ignition and spark ignition engines, taking into ac-
count different fuel mixtures and equipment with 
assistance systems, e.g. start-stop system [55, 56]. 
For the purpose of achieving the set research goals, 
proprietary computational tools created in Open-
Modelica, Scilab, Matlab packages using artificial 
intelligence methods were used. Previous research 
results have shown that neural networks can sup-
port the modelling of exhaust emissions from mo-
tor vehicles. Given the dynamics of developments 
in the development of new fuel mixes, retrofitting 
of motor vehicles and changes in legislation on 
exhaust emission limits, further research into new 
computer tools using neural networks for exhaust 
emission modelling is urgently needed.

For many years, attempts have been made in 
science to use artificial neural networks wherever 
the complex nature of the problems prevents or 
significantly prolongs the analysis of the prob-
lem presented in a classical, mathematical way. 
Moreover, the literature review notes gaps in the 
issues related to strength analysis, thermodynam-
ics, heat exchange and technical operation.

In the process of operation of modern inter-
nal combustion engines, a number of different 
methods and techniques are used to detect early 
stages of failures and increase their efficiency and 
reliability, e.g. modal analysis of mechanical ob-
jects, simultaneous analysis of time and frequen-
cy properties of signals using a wave transform, 
satellite monitoring systems, OBD systems (On-
Board Diagnostics).

The effectiveness of OBD systems capable of 
detecting mechanical engine failures masked by 
electronic controls of modern motor vehicles can 
be enhanced by the development of systems using 
artificial neural networks.

CONCLUSIONS

On the basis of the conducted research, it can 
be concluded that:
1.	The neural network models used to determine 

the content of selected components of exhaust 
gases due to the accuracy obtained in relation 
to the measured values allow using them in ap-
plications to determine the technical condition 
of the vehicle engine.

2.	The use of mobile exhaust gas analysers allows 
carrying out measurements in actual urban and 
non-urban traffic conditions. It is the only way in 
the absence of access to chassis dynamometers.

3.	The obtained relative errors of the neural mod-
els in relation to the real values indicate the need 
for more detailed studies and to take into ac-
count more operational parameters of the engine 
and the vehicle structure (temperature of the air 
sucked into the engine, charge pressure, etc.).
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