
Abstract 

The changes in the performance, emission and

combustion characteristics of bioethanol-safflower

biodiesel and diesel fuel blends used in a common

rail diesel engine were investigated in this experi-

mental study. E20B20D60 (20% bioethanol, 20%

biodiesel, 60% diesel fuel by volume), E30B20D50,

E50B20D30 and diesel fuel (D) were used as fuel.

Engine power, torque, brake specific fuel consump-

tion, NOx and cylinder inner pressure values were

measured during the experiment. With the help of

the obtained experimental data, an artificial neural

network was created in MATLAB 2013a software

by using back-propagation algorithm. Using the

experimental data, predictions were made in the

created artificial neural network. As a result of the

study, the correlation coefficient was found as 0.98.

In conclusion, it was seen that artificial neural net-

works approach could be used for predicting per-

formance and emission values in internal combus-

tion engines.

Keywords: artificial neural networks, diesel engine,

biodiesel fuel, bioethanol

1. Introduction

Today, diesel engines are widely used in transporta-
tion, industry and agricultural areas because of their
high fuel efficiency and ease of operation
(Demirbas, 2008). The demand for diesel engines
has been continuing to increase worldwide as a
result of expanding industrialization (Ma et al.,
2013). This is because diesel engines have certain
advantages compared to spark ignition engines
such as low fuel consumption, high engine torque
and longevity (Park and Lee 2013).

The limited nature of oil resources has made the
studies on alternative energy sources much more
important in diesel engines, in which oil products
are used as an energy source (Canakci et al., 2006;
Hazar, 2010; Hulwan and Joshi, 2011; Breda,

2011; Kannan et al., 2011; Fahd et al., 2013). The
use of renewable energy sources in internal com-
bustion engines may also contribute to decreasing
the increase in air pollution (Ghobadian et al.,
2009). Bioethanol and biodiesel are renewable
energy sources (Mrad et al., 2012).

Bioethanol is obtained through the fermentation
of agricultural products containing sugar and starch
such as sugar beet, sugar cane, corn, wheat and
wood-like plants (Park et al., 2012; Guido et al.,
2013). The use of bioethanol in diesel engines pro-
vides a decrease in the amount of particulate mat-
ter (PM) in exhaust emissions (Zhou et al., 2013;
Hadi et al., 2009; Yilmaz and Sanchez, 2012). The
decrease in PM (smoke) is related to the amount of
oxygen contained in fuel blends (Shi et al., 2005). 

Biodiesel is a product which comes from the
reaction of oils obtained from oilseed plants like
canola, sunflower, soybean and safflower or from
animal fats with a short-chain alcohol (methanol or
ethanol) in the presence of a catalyst and can be
used as fuel (Brunschwig et al., 2012; Acaroglu and
Aydogan 2012). The biggest advantage of the use
of biodiesel fuel is that it can be used without per-
forming any modifications on the engine (Torrisi
and Sabino, 2013; Aydogan et al., 2011, Adeyemo
et al., 2011).

Conducting performance experiments on
engines using different operating conditions and dif-
ferent fuels requires cost and time. At this point, arti-
ficial neural networks (ANN) can be used in order to
decrease costs and save time (Ghazikhani and
Mirzaii, 2011). Different variables can be predicted
by using the data obtained in previously conducted
experiments. In recent years, the applicability of an
artificial neural network method for internal com-
bustion engines has gained considerable success
(Sharkey et al., 2000; Yilmaz and Bilgin 2013).

There are several studies conducted through the
ANN approach. In a study, Uzun (2014) used the
ANN approach to predict air mass flow in a diesel
engine. Çay (2013) showed that ANN approach
could be used for predicting performance values in
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a gasoline engine. In their study, Ghazikhani and
Mirzaii (2011) stated that correct predictions at a
rate of 99% could be made in predicting the soot
emissions of a diesel engine by using the ANN
approach. Ghobadian et al. (2009) used ANN for
predicting engine performance and exhaust emis-
sions with the use of biodiesel obtained from waste
oils.

In the present study, biodiesel and bioethanol
obtained from safflower oil and diesel fuel blends
were used in an engine with a common rail fuel sys-
tem. The use of the ANN approach was examined
using the measured values.

2. Experimental setup and procedure

Low-sulphur diesel fuel (Euro diesel) was purchased
for the tests. Bioethanol produced from sugar beet
was obtained from Konya Seker Inc. Safflower oil
was used for producing biodiesel. Safflower oil was
processed into biodiesel through transesterification.
Three different fuel blends were prepared by using
these fuels. The ratios of the fuel blends used in the
experiments were determined based on the sugges-
tions provided in previous studies. Density, kine-
matic viscosity and lower heating value (LHV) of
the prepared fuel blends were measured. Fuel
blends and their properties are presented in Table 1.
The fuel blends were prepared right before the
experiments in order to ensure homogeneity.
Furthermore, the fuel in the tank was mixed using a
mixer in order to prevent phase separation.

A water-cooled, turbocharged diesel engine with
an intercooler and a common rail fuel system was
used in the study. The schematic diagram of the
experimental setup used in the study is presented in
Figure 1. All the experiments were conducted with-
out performing any modifications on the engine.
The technical specifications of the test engine are
presented in Table 2. An AVL GH13P/AG04 cylin-
der pressure sensor and AVL 365C Crank angle
encoder were installed on the test engine.
Afterwards, the test engine was connected to a
hydraulic dynamometer. Fuel consumption was
measured by using a Dikomsan™ JS-B model elec-
tronic scale. A digital chronometer was used in
order to determine the fuel consumption per unit
time. An Orifice™ plate and differential pressure
manometer was used to measure the air consump-
tion of the engine. Exhaust temperatures were
measured using a K-type thermocouple. A Bosch
BEA 350 gas analyser and Bosch RTM 430 smoke
meter were used to measure the exhaust emissions.
The specifications of the exhaust measuring devices
and the calculated uncertainty values are presented
in Table 3. All the tests were conducted at full-throt-
tle opening. Before starting the tests, the engine was
operated until it reached a stable condition.
Afterwards, the experiments were started. Engine
speed, engine power, engine torque, fuel consump-
tion and exhaust emission values were recorded
during the experiment. During the measurement of
the in-cylinder gas pressure, the pressure values
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Table 1: Some properties of the test fuels

Fuel property D E20B20D60 E30B20D50 E50B20D30 Measurement 

method

Bioethanol content (%) 0 20 30 50

Biodiesel content (%) 0 20 20 20

Diesel Fuel content (%) 100 60 50 30

Density (kg/m3) at 15 oC 826.7 839.2 835.1 825.1 ASTM D4052

Kinematic Viscosity (mm2/s) at 40 oC 2.8221 2.4645 2.4853 2.0139 ASTM D445

Lower heating value (Mj/kg) 47.521 39.322 38.966 34.131 ASTM D240

Figure 1: The schematic diagram of the experimental setup



were recorded at each 0.5 degree of the crankshaft
through 120 cycles and the mean values were cal-
culated. The relative humidity, ambient temperature
and pressure of the test room were measured using
a hygrometer, a thermometer and a barometer,
respectively. The fuel pump, fuel pipes and the fuel
filter were emptied at each fuel change. All the
experiments were repeated three times and the
means of the obtained values were calculated. 

Table 2: Specifications of the test engine

Engine type Water-cooled, four stroke, 

turbo  charged, intercooler, 

common rail fuel system

Number of cylinders 4

Cylinder volume 1910 cm3

Bore and stroke 82 x 90.4 (mm)

Compression ratio 18.5/1

Maximum torque 200 Nm@1750 rpm

Maximum power 77 kW@4000 rpm

Number of holes in nozzle 4

Size of nozzle 0.132 mm

3. Experimental results

The variation of engine power depending on
engine speed is presented in Figure 2. As it can be
seen in Figure 2, the power curves are similar in
shape. As a result of the tests, it was seen that the
highest engine power was obtained at 3000 rpm
with all types of fuels. At this engine speed, engine
power was measured as 46.3 kW with the use of D
fuel, 44 kW with the use of E20B20D60 and
E30B20D50 fuels and 39.75 kW with the use of
E50B20D30 fuel. Engine power showed a decrease
as the percentage of the bioethanol in the fuel
blends increased. The engine power obtained
through the use of fuel blends was found to be
approximately 15% lower compared to diesel fuel.
The major reason for the decrease in engine power
is the difference between the heating values of the
fuels. As it can be seen in Table 1, LHV values of the
fuels decreased as the ratio of bioethanol in the
blend increased.

When we examine the engine torque values
given in Figure 3, we can see that a similar curve

was formed with all types of fuels. The highest
torque values were observed at 2000 rpm. Engine
torque values showed a decrease as the ratio of the
bioethanol in the fuel blend increased. At 2000
rpm, engine torque was measured as 185.59 Nm
with D fuel, 175 Nm with E20B20D60 fuel, 170
Nm with E30B20D50 fuel and 153 Nm with
E50B20D30 fuel. When we look at the lowest
value, it is seen that there was an approximately
18% decrease compared to D fuel.

The brake specific fuel consumption (BSFC) val-
ues presented in Figure 4 shows that the lowest
value was obtained within the range of 2000-3000
rpm. Engine torque and engine power also reached
the highest values at this speed range. As shown in
Figure 4, BSFC values increased as the ratio of
bioethanol in the fuel blend increased. At 2500
rpm, the lowest BSFC value was 225 g/kWh with
the use of D fuel, while the highest BSFC value was
267 g/kWh with the use of E50B20D30 fuel. This
value is 18% higher compared to the BSFC value
obtained with the use of D fuel. The amount of fuel
used by the engine shows an increase as the heat-
ing value of the fuel decreases (Stone 1999; Zhu et
al., 2010; Armas et al., 2011, Soloiu et al., 2013).

The most important problem in diesel engines
is the NOx emissions (Morisugi and Ohno 1996,
Hsieh et al. 2002, Armas et al. 2011, Agarwal and
Dhar 2013). The high temperatures reached during
the combustion in the cylinder combines the oxy-
gen with the nitrogen in the air to form NOx (SAE
2001). Humidity has a large in�uence on NOx
emissions (Pilusa et al. 2013). Therefore, in this
study, humidity in the air was continuously meas-
ured. The humidity correction factor for NOx was
calculated as stated by the Society of Automotive
Engineers (Qi et al., 2011). The variation of NOx
emissions at different engine speeds is presented in
Figurer 5. NOx concentration first showed an
increase depending on engine speed. However, it
started to decrease after reaching the maximum
torque speed. Maximum NOx values were meas-
ured as 1488 ppm with the use of E50B20D30 fuel
at 2500 rpm. This value was approximately 32%
higher compared to the value obtained with D fuel.
Bioethanol contains 34% oxygen 14. Furthermore,
its low cetane number compared to that of diesel
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Table 3: Technical details of the emissions measuring equipment

Equipment Method Measurement Upper limit Accuracy Uncertainty

Bosch BEA 350 Non-dispersive infrared CO 10.00 vol.% 0.001 vol.% 0.002 vol.%

Non-dispersive infrared CO2 18.00 vol.% 0.001 vol.% 0.150 vol.%

Non-dispersive infrared HC 9999 ppm vol. 1 ppm vol. 2 ppm vol.

Electro-chemical transmitter NO 5000 ppm vol. 1 ppm vol. 21 ppm vol.

Bosch RTM 430 Photodiode receiver Smoke opacity 100% 0.1% 0.8%
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Figure 2: Variation of engine power depending on engine speed

Figure 3: Variation of engine torque depending on engine speed

Figure 4: Variation of BSFC values depending on engine speed



fuel increases the peak temperature in the cylinder
(Amiri et al., 2011). For this reason, the concentra-
tion of NOx emissions increased with the use of all
types of test fuels containing bioethanol. 

4. Artificial neural networks

The concept of ANN is a calculation model which
emerged as an inspiration of the working principle
of the biological neural system. ANN is a method
which has appeared as the result of the studies on
modelling the learning ability of the neurons in the
human brain and which has effective abilities for
numerical optimization applications (Sefriti et al.,
2002). ANN structure is generally composed of fac-
tors such as processing components, structural dis-
tribution of the neural network and learning rules.
ANN is composed through the organization of pro-
cessing components in totally or partly connected
ordered layers (Ioanaş, 2002; Balti et al., 2013).
These layers are composed of input, hidden and
output layers and a desired number of processing
components is used in each one (Figure 6). The
processing components in the input layer receive
the information from the outside world and deliver
it to the middle layer (Hafaifa et al., 2013; Singh et
al., 2013). In some networks, no information pro-
cessing occurs in this layer. The middle layer, i.e. the
hidden layer processes the information received
from the input layer and transfers it to the output
layer. There may be more than one middle layer in
a network. The processing components in the out-
put layer process the information received from the
middle layer for the input set submitted from the
input layer of the network (Uzun, 2014). 

In the present study, an ANN model was devel-
oped by using the data obtained from the conduct-
ed experimental studies. Training sets were created
by randomly selecting the 70% of the data obtained
in the experimental study. The remaining 30% data
was used for testing purposes. Firstly, a normalizing

process was conducted in order to enable the use of
the data within the ANN structure. Thus, all the data
obtained a value between 0-1. The formula used
for the normalizing process is presented below
(Aydogan et al., 2011, Ismaila et al., 2012): 

(1)

XN = normalized data

XR = data to be normalized

Xmin = data with the smallest value

Xmax = data with the biggest value

MATLAB 2013a software was used for the ANN
study. Back propagation (BP) algorithm, Leven-
berg-Marquardt Back propagation (TRAINLM),
Gradient descent with momentum and adaptive
learning rate back propagation (TRAINGDX) train-
ing functions were used for the ANN structure.
Logsig was preferred as the transfer function. The
ANN structure used in the study is presented in
Figure 7. One input layer, one hidden layer and one

78 Journal of Energy in Southern Africa  •  Vol 26 No 2 • May 2015

Figure 5: Variation of NOx values depending on engine speed

Figure 6: Artificial neural networks



output layer were used in the ANN. While the
engine speed and the fuel type of the test engine
constituted the input values, torque, power, SFC,
NOx and maximum cylinder inner pressure (Pmax)
values constituted the output values. The perform-
ance of the ANN is directly affected by variables
such as the number of the neurons in the hidden
layer and the number of hidden layers. The config-
uration that yielded the best correlation coefficients
were tried to be created by forming different ANN
configurations. The number of the neurons in the
hidden layer was selected as 6, 7, 8, 9, 10, 15, 20
and 50 and the ANN application was repeated. As
the result of the study, it was found that the best cor-
relation values were obtained through using
TRAINLM training function, logsig transfer function
and 20 neurons in the hidden layer (Table 1). The
formula of the logsig transfer function is presented
below. Mean squared error (MSE) was used for the
performance index of the TrainLM algorithm and its
formula is given below (Aydogan et al., 2011): 

(2)

(3)

where, yi is predicted value of ith pattern, yk is the
target value of the ith pattern and n is the number of
patterns. R values of training, validation and test
data of the ANN created in the study are presented
in Figure 8.

Engine power, engine torque, BSFC, NOx and
Pmax values, both experimental and predicted
through ANN, are graphically presented in Figure 9.
When the Figure. is examined, it can be seen that
the predicted values and experimental values are
close to one another. The closeness of the values
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Figure 7: Architecture of the NN model

Figure 8: R values of training, validation and test data
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Figure 9: Comparisons of experimental results and the ANN predictions for (a) engine power, (b)

Engine Torque, (c) BSFC (d) NOx (e) Pmax for various test patterns

(a) (b)

(c)

(e)

(d)



shows that the created ANN structure was success-
ful. The correlation coefficient found around 0.98
also supports this claim.

5. Conclusions

The changes in performance, emission and ignition
characteristics that occurred through the use of
bioethanol-safflower biodiesel and diesel fuel
blends in a diesel engine with a common rail fuel
system were investigated in the present study. An
ANN approach was applied by using the data
obtained in the experimental studies. Torque,
power, SFC, Pmax and NOx values in a diesel
engine were tried to be predicted though ANN.
ANN training was performed by randomly selecting
the 70% of the data obtained in the experimental
study. The remaining 30% was used for testing pur-
poses. Values that were substantially close to the
experimental values were predicted through the
ANN application. In conclusion, it was seen that
ANNs could be used for predicting performance
and emission values in internal combustion
engines. In this way, it would be possible to conduct
time and cost efficient studies instead of long exper-
imental ones.
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