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In the present study, the performance parameters of a single-cylinder, air-cooled 
spark ignition (SI) engine using fusel oil-gasoline fuel blends were predicted by 

artificial neural network (ANN). The SI engine was operated with gasoline/fusel 

oil (10% and 20%) blends at different engine load (1000, 2000, 3000, 4000, 5000, 
6000, 7000 and 8000 Watt) and compression ratios (8.00, 9.12 and 10.07) to obtain 

data essential to create the ANN model. In the constructed ANN model, brake 

thermal efficiency (BTE) and brake specific fuel consumption (BSFC) are chosen 
as output parameters, while engine load, compression ratio (CR) and fusel oil ratio 

are chosen as input factors. 75% of the test results were employed to train the 

ANN. The performance of ANN model was determined by comparing it with the 

data produced from the part not used for training. According to the found data, 
ANN model estimated engine performance parameters such as BTE and BSFC by 

an overall regression coefficient (R) at 0.99384. Simultaneously, mean absolute 

percentage error (MAPE) were found as 5.027% and 7.847% for BTE and BSFC, 
respectively. When ANN results and experimental results are compared for BTE 

and BSFC responses, it is determined that ANN results are close to experimental 

results with an error rate of less than 5%. 
Keywords: Fusel oil, artificial neural network, performance, spark ignition engine 

 

1. Introduction 

The fact that fossil fuels are constantly and 

rapidly decreasing with the increasing 

population, together with increasing fuel costs 

and environmental pollution, have made it 

essential to find environmentally friendly, cheap 

and renewable fuels for spark ignition engines 

[1-3]. Recently, biofuels with higher thermal 

efficiency and lower emissions compared to 

fossil fuels have been remarkable in the search 

for alternative fuels [4]. Among the biofuels, 

alcohols such as heptanol, ethanol, butanol and 

methanol are widely used in SI engines due to 

both the higher-octane number and higher 

oxygen contain in their structure [5, 6]. 

Although almost most alcohols can be used in 

SI engines, long chain alcohols with high carbon 

can be more efficient in SI engines due to their 

better combustion properties and 

higher-octane numbers [7, 8]. Fusel oil, which 

can be obtained by fermentation during the 

distillation process in ethyl alcohol production, 

also falls into the category of long chain alcohol 

[9]. Fusel oil includes alcohol types such as i-

amyl alcohol, i-butyl alcohol and ethyl alcohol 
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[10-13]. The oxygen content and octane number 

of fusel oil is higher than fossil fuels, just like 

alcohol fuels, thanks to the high percentage of 

alcohols it contains [14]. The utilization of an 

unused material as an alternative fuel has been 

very important in recent years. Since it is 

dangerous to the ecosystem, waste materials 

must be disposed of and the budgets allocated 

for the disposal of these unused materials can be 

quite high. Hence, it would be more efficient 

and beneficial to spend it for use as fuel in 

internal combustion engines (ICEs), rather than 

spending money on disposal of such unused or 

waste materials. From this point on, it is thought 

that using fusel oil in SI engines by mixing with 

gasoline in certain proportions will be more 

beneficial than disposal. Based on this idea, the 

effects of using fusel oil in BA engines have 

been studied for years [9, 12, 13, 15]. 

Since the experiments to measure and determine 

the performance responses of ICEs are both long 

and costly, applications and programs that can 

predict these performance responses are 

preferred with developing technology and 

software knowledge [16, 17]. Therefore, instead 

of running all the experiments, researchers 

apply predictive applications to achieve near 

efficiency with fewer experiments. ANN 

technique is an application that can be used to 

obtain similar results with fewer experiments 

[18]. The ANN method can be used to overcome 

the deficiencies in cases where traditional 

methods used for years in the field of 

engineering are inadequate and cannot produce 

high accuracy results. The predictive skill of 

ANN is provided by training with test data and 

subsequent confirmation. If another data is 

accessible, ANN can relearn to enhance 

performance [19]. In latest times, significant 

success has been achieved in the applicability of 

ANN technique for SI engines and a significant 

number of studies have been conducted. 

Taghavi et al. [20] aimed to predict the 

combustion start of a homogeneous charge 

compression ignition engine with a multi-input 

single output ANN model, which they trained 

using experimental data from a single cylinder 

Ricardo engine. Based on the low error rates 

they obtained by comparing the results of ANN 

with experimental data, they stated that ANN is 

a powerful approach to predict the combustion 

start of an engine with homogeneous charge 

compression ignition. Mehra et al. [21] in their 

study using ANN, aimed to predict the 

performance and emission characteristics of a 

turbocharged BA engine fed with various 

hydrogen-enriched compressed natural gas 

mixtures. They stated that they obtained high R2 

values and low error rates and that the study 

sheds light on the fact that ANN can be used to 

minimize the performance and emission 

characteristics of hydrogen added engines. 

Kiani et al. [22] established an ANN model to 

predict some performance and emission 

parameters of a four-cylinder spark ignition 

engine. They stated that according to the results 

obtained, generally high R2 values were 

obtained and thus ANN provided results with 

high accuracy. In addition, they stated that their 

work would shed light on the next studies to 

reduce the number of experiments. 

In the above-mentioned studies, the effects of 

fusel oil / gasoline fuel mixtures on the 

performance of SI engines were investigated 

and predicted. On the other hand, sufficient 

research has not been done on the capability of 

ANN to predict input-output parameters in spark 

ignition engines using fusel oil / gasoline fuel 

mixtures. Present research has been conducted 

to contribute to the literature in this sense. In this 

study, while BTE and BSFC were chosen as 

output parameters, engine load, CR and fusel oil 

ratio were chosen as input parameters. The ANN 

method was used as a suitable step to estimate 

the performance of fusel oil / gasoline blends in 

order to reduce the number of tests of a spark 

ignition engine. 

2. Material and Method 

Experiments in this study were carried out on an 

air cooled, single-cylinder and four-stroke SI 

engine whose characteristics are displayed in 

Table 1. The experimental apparatus shown in 

Figure 1 contains of engine, generator, digital 

scales, and engine load components. In this 

study, a Honda GX390 single cylinder four-

stroke gasoline engine was used and a loading 

unit consisting of halogen bulbs was used to 

load the engine. Ender brand SWOCK YP20002 

model electronic digital scale was used to 

measure the fuel consumption of the 

experimental engine, and a Delta SW 305 brand 

stopwatch was used for the measurement of fuel 

consumption duration. 
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1. SI engine 

2. Shaft connection 
3. Generator 

4. Load cell 

5. Load unit 

6. Load control unit 
7. Fuel consumption measurement 

Figure 1. Experimental setup

In present research, experiments were carried 

out with different fusel oil ratios (10% and 

20%), different CR values (8.00, 9.12 and 

10.07), and the generator and engine were 

loaded at different resistance values (1000, 

2000, 3000, 4000, 5000, 6000, 7000 and 8000 

W) at constant engine speed as 1700 rpm. 

Table 1. Properties of engine 

Engine Properties 

Trademark Honda GX390 

Type Four times, single 

cylinder 

Compression ratio 8.0:1 

Maximum horsepower 11.8 hp 

Overall volume 389 cm3 

Maximum engine 

speed 

3600 rpm 

Cooling system Air cooled 

Generator Properties 

Brand Honda HK 550 M/MS 

Max. power 5.5 kW 

For the CR to be variable in an engine, either the 

engine must be constructed with the adjustable 

CR while it is being manufactured, or several 

modifications must be made in the current 

engine. In this study, the CR is changed by 

changing the cylinder top cover. With the 

original CR of 8, two separate covers identical 

to the original cylinder top cover of the engine 

were grinded 0.80 mm and 1.00 mm, 

respectively. Thus, CR values were increased by 

reducing the engine cylinder volume and CRs of 

9.12 and 10.07 were obtained, respectively. The 

cylinder top covers mounted on the engine 

before the experiment. 

The major assets of the test fuels are presented 

in Table 2. The values (torque and fuel 

consumption) required to calculate the 

performance values BTE and BSFC were 

measured after the steady operating conditions. 

In order to minimize measurement errors, each 

of the experiments performed at least three 

times and the results obtained were averaged. 

Table 2. Fuel properties 

Properties Gasoline F10 F20 

Density (kg/m3) 721.79 726.03 735.13 

Lower heating 
value (kJ/kg) 

44000 42449 41319 

Research 

Octane Number 
95.60 97.80 97.84 

Motor Octane 

Number 
85.8 87.08 87.12 

Since the experimental study results include 

irregularities and uncertainties arising from 

environmental conditions, regulations and test 

device sensitivities, uncertainty analysis is 

required to ensure and prove the accuracy of the 

results. In this study, the square root technique 

proposed by Holman for the calculation of 

uncertainties was preferred and the equation 

used is given below with Eq. 1 [23]; 



103           International Journal of Automotive Engineering and Technologies, IJAET 10 (2) 100-110 

 

𝑤𝑅 = [(
𝜕𝑅

𝜕𝑥1
𝑤1)

2

+  (
𝜕𝑅

𝜕𝑥2
𝑤2)

2

+ ⋯

+  (
𝜕𝑅

𝜕𝑥𝑛
𝑤𝑛)

2

]

1 2⁄

 

(1) 

Where, 

 𝑅: related component and a function of 

independent factors, 

 𝑥1, 𝑥2,…, 𝑥𝑛: independent factors, 

 𝑤𝑅: uncertainty value of the responses, 

 𝑤1, 𝑤2,…, 𝑤𝑛: uncertainties of the 

independent factors. 

The outcomes achieved from the uncertainty 

analysis of various factors are shown in Table 3. 

The total uncertainty analysis was determined as 

below; 
𝑂𝑣𝑒𝑟𝑎𝑙𝑙 𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦
= 𝑠𝑞𝑢𝑎𝑟𝑒 𝑟𝑜𝑜𝑡 𝑜𝑓 [(𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑜𝑓 𝑙𝑜𝑎𝑑)2

+ (𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑜𝑓 𝐵𝑇𝐸)2

+  (𝑢𝑛𝑐𝑒𝑟𝑡𝑎𝑖𝑛𝑡𝑦 𝑜𝑓 𝐵𝑆𝐹𝐶)2] 
= 𝑠𝑞𝑢𝑎𝑟𝑒 𝑟𝑜𝑜𝑡 𝑜𝑓 [(0.88)2 + (1.21)2 +  (0.73)2]

=  ±1.665 % 

Table 3. The uncertainties of the measured and 

calculated parameters 

Parameter 
Engine 

Load 

Brake 

thermal 

efficiency 

Mass of fuel 

consumption 

Measurement 

range 
0-8 kW - 0-20 kg 

Accuracy 1 Watt - 0.01 g 

Uncertainty 

(%) 
±0.88 ±1.21 ±0.73 

In this ANN study, engine load, fusel oil ratio 

and CR were selected as input parameters, while 

BTE and BSFC output parameters were chosen 

as parameters to be estimated. The 

representation of the established ANN is shown 

in Figure 2. In this ANN model, the feed forward 

back propagation network type, which is widely 

used to explain the complex problems in system 

modeling and description, was chosen [24]. In 

addition, the Levenberg-Marquardt (Trainlm) 

training function, which is used in estimations, 

was preferred because it generally exhibits high 

performance rates [25]. As the transfer function, 

the logistic sigmoid (logsig) function was 

preferred because it provides better results 

compared to other functions in formulating the 

suitable model [26] - [29]. In order to measure 

the prediction success of the ANN models, R, 

MAPE and mean squares error (MSE) were 

used. The next equations are utilized for 

assessment [17]: 

𝑅 = √1 − (
∑ (𝑡𝑖 − 𝑜𝑖)2𝑛

𝑖=1

∑ (𝑜𝑖)2𝑛
𝑖=1

) (2) 

𝑀𝑆𝐸 = √1 − (
∑ (𝑡𝑖 − 𝑜𝑖)

2𝑛
𝑖=1

∑ (𝑜𝑖)
2𝑛

𝑖=1

) (3) 

𝑀𝐴𝑃𝐸 =
1

𝑛
 ∑ |100 

𝑡𝑖 −  𝑜𝑖

𝑡𝑖

|

𝑛

𝑖=1

 (4) 

Where, 

 𝑛: number of points  

 𝑜: estimated output data independent 

factors, 

 𝑡: actual output 

 
Figure 2. Schematic view of the developed ANN 
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Prediction using ANN generally involves three 

sequential steps: the modeling, learning, or 

training phase, and the testing phase [30]. 

During the training phase, the network is trained 

to create an output estimation based on input 

data. During the test phase, experimental data 

are compared with the estimated data. Network 

training is interrupted when the test error 

achieves the desired tolerance. The flow 

diagram of ANN is presented in Figure 3. In first 

step, CR, fusel oil percentage and engine load 

are entered as input data to ANN. About 75% of 

the total experimental data were chosen for 

training and 25% for testing. In second step, 

ANN has been trained many times to reach the 

best trained ANN by analyzing verification, 

training and test graphs. Finally, in third step, 

the final control of ANN has been done. 

 
Figure 3. Flow chart of ANN 

3. Result and Discussion 

3.1. Experimental results 

In this section, results obtained from the 

experiments conducted to examine the effects of 

selected factors on BTE and BSFC are given. 

BTE and BSFC results for all test fuels at 

different compression ratio under various 

engine load are shown in Figure 4 and Figure 4, 

respectively. It can be observed from the BTE 

graphs that for all test fuels, BTE increases with 

the compression ratio increasing from 8 to 9.12 

and decreases again at the compression ratio of 

10.07. CR is one of the most important 

parameters affecting engine efficiency. 

However, the risk of knocking in SI engines is a 

problem that limits CR. The higher the CR, the 

higher the efficiency until knock occurs. In this 

study, the maximum BTE values were obtained 

at 9.12 CR value. Further increasing the 

compression ratio caused knock and thus the 

BTE tended to decrease. In addition, it was 

concluded that BTE increased with the 

increasing rate of fusel oil in general. The high-

octane number of fusel oil compared to gasoline 

and its oxygen content are the main reasons for 

the increase of BTE. There are some studies in 

which similar results have been obtained 

showing that BTE increases with increasing 

fusel oil ratio [31,32]. The energy content of a 

fuel has a direct effect on the BSFC, which 

expresses the ratio between fuel mass 

consumption and brake power [33]. BSFC is one 

of the important parameters that show the 

performance of fuels when the engine is running 

on different fuels. It is an indicator of how 

efficiently the engine produces work with 

different fuels. When examined in terms of 

BSFC, as the ratio of fusel oil increased, the 

BSFC also increased. In order to reach the 

power provided by gasoline fuel, more fuel 

should be consumed with fuels containing fusel 

oil. The low calorific value of fusel oil has led 

to an increase in BSFC. Similar results are found 

in studies conducted with fusel oil in the 

literature [34,35]. Since CR increases 

efficiency, BSFC decreases with the increase of 

CR. Since CR increases efficiency, BSFC 

decreases with the increase of CR. With the 

increase of CR from 8.00 to 9.12, the BSFC 

decreased and with the increase of CR to 10.07, 

it started to increase again. This was due to the 

decrease in BTE due to the knock that occurred 

with the CR coming to 10.07. 

3.2. ANN modeling 

In this study, an ANN is designed using the data 

obtained from experiments to estimate the 

performance parameters of a spark ignition 

engine. Engine load, fusel oil ratio and CR are 

selected as input parameters, while BTE and 

BSFC are selected as output parameters. 
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Figure 4. BTE results for all test fuels at different compression ratio under various engine load 

 
Figure5. BSFC results for all test fuels at different compression ratio under various engine load 

The TRAINLM with one hidden layer is tested 

by differing number of neurons from two to 

fifteen for logsig transfer function. The 

outcomes achieved from several number of 

neurons are tabulated in Table 4. The maximum 

R and minimum MSE and MAPE are obtained 

with a network that is a hidden layer with 10 

neurons. Therefore, (3-10-2) topology is 

observed to be the ideal for predicting the input-

output parameters wherein three neurons for 

input layer, ten neurons for hidden layer and two 

neurons for output layer. 

he general regression plot taken from ANN in 

this study is shown in Figure 6. R values for 

training, validation and testing were 0.99644, 

0.99888 and 0.98462, respectively. The total R 

value was determined as 0.99384. The fact that 

R values are near to 1 is a sign of its high 

precision. It was noticed that the R values 

obtained from this study were so close to 1. 

Therefore, it showed good accuracy in modeling 

ANN performance parameters. 

For the performance parameters of the spark 

ignition engine tested, the predictions made by 

ANN showed great statistical performance. The 

charts found by comparing the experimental 

findings and the results obtained from the ANN 

estimations indicate that a single cylinder spark 
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ignition engine using fusel oil/gasoline fuel 

mixtures can be simulated precisely with ANN. 

The comparison table is shown in Table 6 where 

the test and ANN results for the 12 trials for 

BTE and BSFC are given together with the error 

rates. It can be seen from the table that the error 

rates found are generally acceptable. The 

graphics comparing the ANN outcomes and the 

experimental outcomes for BTE and BSFC are 

displayed in Figure 7. While the R value found 

for BTE was found to be 0.9929, it was 

determined as 0.9953 for BSFC. In addition, 

MAPE and MSE values were found to be 

5.027% and 0.325% for BTE, respectively. 

These values were found to be 7.847% and 

14.845 g/kWh for the BSFC, respectively. 

By looking at the R values and error amounts, it 

can be said that the estimates made for engine 

performance parameters are within acceptable 

limits. 

Table 4. Results of various number of neurons 

Number of 

neurons 

Regression coefficient (R) 
MSE MAPE (%) 

Training Validation Testing Overall 

2 0.98887 0.99417 0.98791 0.98992 0.001118 4.027 

3 0.98711 0.99606 0.99556 0.98987 0.001323 4.467 
4 0.98338 0.99719 0.99862 0.98977 0.001842 4.704 

5 0.98280 0.99723 0.97788 0.98774 0.001922 4.983 

6 0.96387 0.99448 0.99962 0.97669 0.002912 7.682 

7 0.97694 0.99938 0.98919 0.97896 0.002521 6.865 

8 0.97883 0.99328 0.98565 0.98592 0.00242 5.400 

9 0.97123 0.99488 0.99978 0.97249 0.003778 7.307 

10 0.99644 0.99888 0.98462 0.99384 0.000196 2.054 

11 0.99667 0.93736 0.94877 0.96703 0.004322 8.958 

12 0.95337 0.99575 0.99031 0.96718 0.004104 8.923 

13 0.93121 0.97417 0.91461 0.93431 0.004749 10.801 

14 0.99044 0.92105 0.98744 0.97452 0.002969 7.520 

15 0.99519 0.99779 0.98118 0.99256 0.000403 2.362 

Table 5. Weight and bias values of the ANN model 

𝑖 
 

𝑤1  𝑤2 𝑤3 𝑏 
1 -0.38736 3.9194 0.30925 3.8744 

2 -0.29561 -3.4537 -3.9668 6.6427 

3 -3.0656 -1.0412 -2.5822 4.719 

4 0.17617 1.1947 -5.9878 -1.0337 

5 -3.733 2.4845 -4.0876 2.062 

6 -3.6584 -0.39508 -5.4706 -1.1524 

7 -3.8923 0.051568 4.5397 0.56994 

8 3.3347 -1.2623 -4.1423 4.4296 

9 2.5085 -3.2776 -5.1698 6.8069 

10 -1.217 -0.87815 -7.6061 -2.0707 

Table 6. Comparison of test and ANN results for BTE and BSFC 

Trial 

No. 

Input 
Responses 

BTE (%) BSFC (g/kWh) 

Engine 

Load 

Fusel Oil 

Ratio 
CR Test ANN 

Error 

(%) 
Test ANN 

Error 

(%) 

1 3000 10 8 20.624 19.511 5.703 415.486 446.409 6.927 

2 7000 10 8 23.280 23.170 0.476 365.460 376.787 3.006 

3 2000 20 8 14.940 16.082 7.100 494.302 541.771 8.762 

4 5000 20 8 22.864 22.294 2.553 364.775 390.800 6.659 

5 1000 10 9.12 10.643 11.777 9.626 714.455 720.118 0.786 

6 4000 10 9.12 22.608 24.191 6.545 387.520 350.563 10.542 

7 1000 20 9.12 11.831 12.122 2.406 759.861 718.732 5.722 

8 6000 20 9.12 24.323 24.536 0.869 337.834 355.101 4.862 

9 2000 10 10.07 14.952 16.607 9.967 580.179 510.660 13.614 

10 5000 10 10.07 24.208 23.753 1.916 356.899 357.031 0.037 

11 3000 20 10.07 19.108 20.580 7.153 398.934 423.360 5.770 

12 7000 20 10.07 22.655 24.186 6.330 371.194 360.236 3.042 
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Figure 6. Overal R values of ANN model 

  

  
Figure 7. Comparison of experimental results and ANN results for BTE and BSFC 
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Table 7. Confirmation of experimental and predicted results 

Fusel Oil  

Ratio (%) 

Load 

(W) 

CR 

 
 

BTE  

(%) 

BSFC 

(g/kWh) 

20 3000 8 Predicted 19.957 436.575 

   Experimental 19.919 439.042 

   Error (%) 0.189 0.565 

10 6000 9.12 Predicted 25.121 337.588 

   Experimental 24.486 339.225 

   Error (%) 2.527 0.485 

10 4000 10.07 Predicted 23.375 362.812 

   Experimental 22.656 345.550 

   Error (%) 3.077 4.758 

In order to verify the results obtained with the 

input parameter values estimated by using 

ANN, engine tests were performed with the 

same values and the results obtained are shown 

in Table 7 together with the ANN results and 

error rates. It is clearly understood from the table 

that there is an error of less than 5% between the 

estimation results and the test results. Thus, it is 

revealed that the estimation ability of ANN is 

within acceptable limits. 

4. Conclusion 

In present research, an ANN model has been 

established to estimate the performance 

parameters such as BTE and BSFC of a single-

cylinder spark ignition engine using fusel 

oil/gasoline fuel mixtures. The test data required 

for the establish of the ANN model are two 

different fusel oil rates (10% and 20%) of the 

single-cylinder spark ignition engine, three 

different CR values (8.00, 9.12 and 10.07), and 

eight different engine load values. It has been 

obtained from the data obtained by running 

(1000, 2000, 3000, 4000, 5000, 6000, 7000 and 

8000 W). 75% of the experimental data were 

used for training of ANN and 25% for testing 

ANN. For the created ANN model, fusel oil 

ratio, CR and engine load were chosen as the 

input parameter, while BTE and BSFC were 

determined as output responses. The optimum 

number of neurons was determined by choosing 

different numbers of neurons and the maximum 

R and minimum MSE and MAPE are obtained 

with a network that is a hidden layer with 10 

neurons. Therefore, (3-10-2) topology is 

observed to be the ideal for predicting the input-

output parameters wherein three neurons for 

input layer, ten neurons for hidden layer and two 

neurons for output layer. The main results 

obtained from this study are summarized below; 

 For all test fuels, BTE increased as the 

compression ratio increased from 8 to 9.12 

and decreased again at the compression ratio 

of 10.07. In addition, it was observed that 

BTE increased with increasing fusel oil ratio. 

On the other hand, it is clearly seen that low 

lower calorific value of fusel oil causes 

BSFC to increase. 

 R values, which are an indicator of the 

estimation performance of ANN, were found 

as 0.9929 and 0.9953 for the estimation of 

BTE and BSFC values, respectively. 

 Results obtained by comparing ANN 

estimation results with experimental data for 

verification showed that there is less than 5% 

error between ANN estimates and test data. 

The results show that ANN can be utilized 

successfully to estimate the performance 

responses of a spark ignition engine filled by 

fusel oil / gasoline fuel mixtures. Based on the 

current study results, this research has shown to 

engine manufacturers and researchers that they 

can reach many experimental data with a 

smaller number of experiments, both saving 

time and reducing engineering efforts. 
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