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Abstract –In this study, the effect of using a mixture of butanol and diesel fuel in a small diesel engine on engine performance 

and exhaust emissions is modeled. A comparison has been made with artificial neural networks, which is an up-to-date method, 

and multiple linear regression methods. Motor performance parameters, torque, effective power and brake specific fuel 

consumption are used as dependent variables. In addition, the exhaust gas temperature, which is an important parameter in the 

engines, is taken as another dependent variable. In this study, independent variables are selected as butanol-diesel fuel mixture 

ratio and engine speed. In order to compare two different modeling techniques, the mean squared error and mean absolute percent 

error are calculated. As a result of this study, artificial neural networks give better results than multiple linear regression 

techniques for four different dependent variables. 
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I. INTRODUCTION 

Diesel engines are widely used for reliability, durability and 

high fuel efficiency. However, diesel engines have high levels 

of smoke and nitrogen oxides emissions. In addition, prices of 

limited oil resources are increasing day by day. Therefore, 

alternative fuel studies have become popular research issue. 

Butanol is considered a potential substitute to diesel fuel [1, 2]. 

Butanol having four different isomers, including n-butanol 

(normal butanol), 2-butanol (secondary butanol), i-butanol 

(iso-butanol) and t-butanol (tert-butanol), has the same 

formulas and the same amount of heat energy. However, they 

have different molecular structures that affect their properties 

[1, 3]. 

Butanol cannot be directly used in diesel engines since it has 

a low cetane number. In general, it is used as an additive to 

diesel fuel. There are various way for using butanol in diesel 

engine, such as fumigation [4, 5], dual injection systems [6, 7], 

and fuel blends [8, 9]. 

In recent years, ANN applications for many purposes have 

been developed in internal combustion engines. For example; 

prediction of engine performance and exhaust emissions [10-

12], prediction of cyclic variability [13], prediction of fuel 

properties such as viscosity, cetane number [14-17] etc. 

In the present study, the effect of using a various blend of 

butanol and diesel fuel in a diesel engine on engine 

performance and exhaust gas temperature is modeled with 

artificial neural network and multiple linear regression 

method. Engine torque (T), effective power (EP) and brake 

specific fuel consumption (BSFC) and exhaust gas 

temperature (EGT) are used output parameters, while butanol-

diesel fuel mixture ratio and engine speed are selected as input 

parameters.  

The remainder of this study is designed as follows. The 

second section presents the materials and method, which 

include experimental study and two modelling, approach. 

Section 3 discusses the modeling performance of two different 

techniques. A systematic comparison is conducted in terms of 

performance analysis. Finally, the results of this study are 

summarized in Section 4. 

II. MATERIALS AND METHOD 

A. Experimental study 

Experimental study was carried out on a naturally aspirated, 

four-stroke, air-cooled, single-cylinder, direct injection Hatz 

1B40 diesel engine in Internal Combustion Engines 

Laboratory, Karadeniz Technical University. Table 1 gives the 

technical information about the test engine and a picture of the 

test system used in the experiments was shown in Fig. 1. 

 
Table 1.Specifications of the Hatz 1B40 diesel engine 

 

Motor type Air cooled, 4-stroke diesel engine 

Cylinder number 1 

Bore 88 mm 

Stroke 76 mm 

Connecting Rod Length 124 mm 

Engine Capacity 462 cm3 

Compression Ratio 20.5 

Absolute Maximum Power 7.3 kW @ 3600 rpm 
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Figure 1. Diesel engine test setup 

 

The engine was analyzed for 10 different engine speeds 

(1000, 1200, 1400, 1600, 1800, 2000, 2200, 2400, 2600, and 

2800 rpm) and full load conditions. Diesel fuel and five 

different n-butanol–diesel blends were utilized for modelling 

of engine performance and exhaust gas temperature. Blended 

fuels were prepared as B3 [i.e., n-butanol (3 vol %) + diesel 

fuel (97 vol %)], B6, B9, B12, and B15. These fuel blends do 

not contain additives because no phase separation has taken 

place. In this study, butanol supplied by Merck with a purity 

of 99.9% was used. The main properties of diesel fuel and n-

butanol were given in Table 2. 

 
Table 2. The main properties of diesel fuel and n-butanol 

 Properties Diesel Fuel n-Butanol 

Chemical formula C14H24 C4H9OH 

Molecular mass 

[kg/kmol] 

192.346c 74.123c 

Density [kg/m3] 834.5a 813.6a 

Lower heating 

value [kJ/kg] 

42,600b 33,600b 

Cetane number 59.8 a 8.7 a 

Kinematic 

viscosity, at 40 °C, 

[mm2/s] 

2.938 a 2.268 a 

Flashpoint [°C] 60.5 a 37.5 a 

Composition, 

mass [%] 

c'=0.874 

h'=0.126 

  

c'=0.648 

h'=0.136 

o'=0.216 

a Measured in laboratory, b Calculated from Mendeleyev formula,  
c Calculated from chemical formula 

 

B. Artificial neural network 

Artificial neural network (ANN) is a computing model that 

simulate biological neural networks and provide skills such as 

learning, remembering, decision-making and inference [18]. 

The ANN consists of many neurons and each connection 

between the two neurons has a weight representing the 

memory of an ANN model [19]. 

The simple ANN consists of five main components: inputs, 

weights, summation function, activation function, and output 

as shown in Figure 2. 

 

Figure 2. The simple structure of an ANN 

 

 

The output is dependent variable for ANN model and is 

calculated as follows, 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝑓(∑ 𝑥𝑖 ∗ 𝑤𝑖 + 𝑤𝑏

𝑛

𝑖=1

) 

where f is the activation function, wi is the weight value, x is 

the input vector, and wb is the bias value. 

In general, the Levenberg-Marquardt (LM) algorithm is 

preferred for most engineering problems. The LM algorithm 

offers faster solutions because it takes into account the second 

derivative of real errors [20]. That’s why, LM was selected as 

learning algorithm for training stage with various hidden 

neuron numbers. The ANN model topology was summarized 

in Table 3. 

 
Table 3. Model topology 

Parameters Value 

Training algorithm Levenberg–Marquardt 

Performance function Mean square error 

Hidden layer activation 

function 

Logistic sigmoid 

Output layer activation 

function 

Linear transfer function 

Number of hidden layer 1 

Input layer node 2 

Hidden layer nodes 5:15 

Output layer node 1 

Maximum validation 

error epoch 

50 

 

It is necessary to arrange the data after the determination of 

the ANN topology. Existing data were divided into three parts: 

training, validation and test data. The division process was 

performed randomly at a rate of 70%, 15% and 15%. Since the 

numerical values of the input and output parameters are quite 

different from each other, the data were normalized between 

zero and one. 

The ANN architecture consisting of two inputs and one 

output was given in Figure 3. 
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Figure 3. The architecture of the ANN models 

 

C. Multiple Linear Regression 

In regression analysis, one dependent variable and one or 

more independent variables are used to obtain a mathematical 

model. The simple linear regression contain an independent 

variable, while multiple linear regression (MLR) contains 

more than one independent variables.  

In this study, MLR model has been established since there 

are two independent variables. Independent variables are ratio 

of butanol-diesel fuel blend and engine speed. 

The MLR model is proposed as 

 

𝑦 = 𝑎𝑥1 + 𝑏𝑥2 + 𝑐        

            

Where, the left hand side of equation implies the predicted 

value of engine performance parameter or exhaust 

temperature. At the right hand side, 𝑥1 and 𝑥2 mean ratio of 

butanol-diesel fuel blend and engine speed, respectively. The 

constants a, b, and c are the regression parameters computed 

by the method of least squares. 

The statistical methods of mean squared error (MSE) and 

mean absolute percentage error (MAPE) values were used for 

comparisons. These values were determined by the following 

equations; 

 

𝑀𝑆𝐸 =  
1

𝑛
∑(𝑡𝑖 − 𝑜𝑖)2

𝑛

𝑖=1

 

 

𝑀𝐴𝑃𝐸 =
1

𝑛
 ∑ |

𝑡𝑖 − 𝑜𝑖

𝑜𝑖

| ∗ 100                               (6) 

 

where 𝑡 is the target value, 𝑜 is the output, and 𝑛 is the 

number of samples. 

 

III. RESULTS AND DISCUSSION 

In this study, T, EP, BSFC and EGT were modelled by two 

different methods and performance of these models were 

compared. Firstly, four different models were obtained for T, 

EP, BSFC and EGT using ANN. To obtain the most 

appropriate network structure, a different number of hidden 

neurons were tested. As a result, number of neurons in the 

hidden layer was obtained as 12, 14, 14 and 13 nodes for T, 

EP, BSFC and EGT respectively. 

 

 

 

MAPE and MSE values for each output were presented in 

detail in Table 4. This table shows that the MAPE value of the 

training and validation dataset was less than 1% for four 

outputs. When the test data sets were examined, it was seen 

that the largest MAPE value was 1.57% for EGT. These error 

values show that ANN models produce very close to 

experimental results. 

 
Table 4. MAPE and MSE values for ANN models 

Output Data MAPE MSE 

T 

Training 0.007755 9.52E-06 

Validation 0.847154 0.056429 

Test 1.401915 0.135642 

 

EP 

Training 0.042328 3.762141 

Validation 0.623643 1560.369 

Test 1.505274 3084.399 

 

BSFC 

Training 0.007211 7.95E-10 

Validation 0.205754 3.41E-07 

Test 0.355996 1.02E-06 

 

EGT 

Training 0.100528 0.217256 

Validation 0.660958 11.98191 

Test 1.575828 54.43854 

 

Later, four different models were obtained by MLR technique 

for the same outputs. The regression constants calculated for 

T, EP, BSFC and EGT were given in Table 5. 

 
Table 5. Constant value for regression models 

Dependent 

variable 

Constant 

a b c 

T -0.1512 0.00029 21.5280 

EP -25.656 2.17317 203.594 

BSFC 0.000189 7.62E-07 0.225566 

EGT -3.2325 0.07726 249.638 

 

Finally, the models obtained by two different methods were 

compared with each other. Table 6 shows the performance of 

ANN and MLR models.  

 
Table 6. Performance comparison of ANN and MLR models  

Output 
MLR ANN 

MAPE MSE MAPE MSE 

T 2.925548 0.507695 0.342789 0.0288173 

BP 3.111784 21723.17 0.348967 699.34864 

BSFC 1.209956 1.29E-05 0.08931 2.039E-07 

EGT 3.182483 185.0661 0.405887 10.115146 

 

It was observed that the MAPEs were observed to be in the 

range of 1.2–3.18% for MLR models while 0.089–0.405% for 

ANN models. In the modelling performed with both 

techniques, it was determined that the output with the highest 

MAPE value was EGT. However, the lowest MAPE value was 

obtained for BSFC in two techniques. Evaluation of MSE 

values alone can be misleading. If the numerical values of the 

output value are large, the MSE values will appear large in 

parallel. When the models obtained with two techniques were 

examined, the MSE values are parallel with each other. 
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Modeling with MLR is easier and shorter while modeling with 

ANN has a more demanding and time-consuming process. 

However, it was clearly seen that ANN models were superior 

to MLR models. 

IV. CONCLUSION 

In this study, the modelling and generalization capabilities 

of ANN and MLR models were compared for engine 

performance and exhaust gas temperature using butanol-diesel 

fuel blends. The engine performance and exhaust gas 

temperature were selected as input variables.  As dependent 

outlet variables, engine speed and ratio of butanol-diesel fuel 

were selected. The MAPE varied between 1.2–3.18% for MLR 

models while 0.089–0.405% for ANN models. In the 

modelling using experimental data, prediction of the ANN 

models were superior to those of MLR models for all outputs. 
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