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Abstract
The present study is performed to identify the blending proportion of cetane improver for partial substitution of ethanol 
with diesel to achieve fuel economy and emission control. This is case of multiple attribute decision making problem 
which is solved using Taguchi GRA. Taguchi method is used to decide the proportion of blend in fuel sample to achieve 
maximum improvement with minimum number of fuel sample and grey relation analysis is done to identify the signifi-
cant factor along with optimize fuel proportion. Using Taguchi method, nine different fuel samples containing mixture 
of ethanol, 2 ethyl hexyl-nitrates and diesel were prepared. Each sample was tested on computerized single cylinder 
CI engine test rig at constant speed and variable compression ratio at 16, 17 and 18 and variable load conditions. After 
Grey relation analysis of performance and emission results of experimentation, it is observed that D80E20EH3 by rank-
ing method and D80E10EH3 by mean method are optimum fuel sample sequence. Confirmatory experimentation also 
shows that experimental GRG is close to predicted GRG of 0.8387 hence optimum sequences is acceptable. The optimum 
sequence shows improvement in fuel economy and lesser NOx emission with little increases in smoke.
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Abbreviations
CR  Compression ration
BSFC  Brake specific fuel consumption
NOx  Nitrogen oxide
PM  Particulate matter
CR  Compression ration
kW  Kilo watt
CO  Carbon monoxide
HC  Hydro carbon
ANNOVA  Analysis of variance
2EHN  2 Ethyl hexyl nitrate
DF  Degree of freedom

1 Introduction

Ethanol is getting widespread acknowledgement as 
renewable alternative fuel for diesel and as oxygenate 
providing potential to reduce particulate emissions [1, 
2]. With ethanol blend of up to 5–10% in diesel, smoke 
density greatly reduces with higher percentage while NOx 
show little or no reduction compared to neat diesel [3]. 
The better atomization and vaporization of fuel is achieved 
with use of 15% ethanol due to its lower density and NO 
emission of the engine run on the is also found to be lower 
than that of diesel due to the higher value of latent heat 
of vaporization [4]. The work on ethanol-methyl soyate 
blend with diesel (5:20:75) for heavy duty engine shows 
significant reduction in PM emission while 2–14% rise 
in NOx emission without changes in CO emission as it is 
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more dependent on operating conditions [5]. This work 
on blending of n-butanol with diesel shows that, smoke 
formation is lower, CO formation is lower at all load condi-
tion except at higher load while HC formation is high at all 
load condition except at low load condition [6, 7].

With the increased in ethanol results in Uses of etha-
nol lower the cetane value of Diesel which lend result in 
increase in ignition delay and decrease in total combustion 
duration [8]. Study on use of bio-ethanol at 5%, 10% and 
15% with diesel shows longer ignition delay by 4.4% at 
full load condition than that for pure diesel. 5% Ethanol 
emulsion gives better performance and lower emission 
than 10% and 15%. NOx and smoke were reduced by 4% 
and 20% [9].

Uses of ethanol lower the cetane value of Diesel fuel 
which has undesirable effect on combustion properties. 
Low cetane number value generally has a tendency to 
exhibit longer ignition delay due to their ignition quality. 
This can be improved by adding small amount of igni-
tion improvers or cetane number improvers. Examples 
of cetane improvers are organic peroxides, nitrates, 
nitrites and various sulphur compounds. Earlier, alkyl 
nitrates isopropyl nitrate, primary amyl nitrates, primary 
hexyl nitrates, octyl nitrate were commercially used [10, 

11]. THC and CO slightly increases for ethanol–diesel 
blend but addition of cetane improver increases Total 
Hydrocarbon (THC) conversion efficiency up to 40–60% 
[12–14]. An ignition improver of up to 7% by volume 
would normally be required to enable the ignition of 
alcohol fuels in CI engines [15]. Due to high their cost, 
cetane improver application is limited and it also makes 
the fuel expensive in the present study possibility of use 
of DoE and its application in identify the optimize per-
centage of 2EHN and Ethanol is investigated with load 
conditions.

2  Design of experiment

Taguchi method is scientifically disciplined mechanism for 
evaluating and implementing the improvement in prod-
uct, process, material, equipment. The aim of this method 
is improving the desired characteristics and reducing the 
number of defects by studying the key variables (Fig. 1).

In present work Compression ratio, load, ethanol 
and 2EHN have been chosen as the design factors to 
identify their effects on the desired response variables 
of NOx, Smoke and BSFC. Each factor is assigned into 

Fig. 1  Flow chart of Taguchi 
method [16]

Y

DEFINE 
GOAL

SELECT 
PARAMETER

SELECT 
ORTHOGONAL 

ARRAY

CONDUCT 
EXPERIMENTS

RESPONSE 
CURVE 

ANALYSIS

DETERMINE 
OPTIMUM 
SETTING

PREDICT 
PERFORMANCE

CONFIRMATION 
EXPERIMENTS

SATISFY 
OBJECTIVE

STOP

SELECT NEW 
SETTING

N



Vol.:(0123456789)

SN Applied Sciences (2019) 1:166 | https://doi.org/10.1007/s42452-019-0163-7 Research Article

Table 1  Design factors and their levels

Design factors Level 1 Level 2 Level 3

C.R 16 17 18
Load (kg) 0 4.5 9
Ethanol (%) 10 15 20
2EHN (%) 3 5 7

three levels. To get optimal solution in minimum num-
ber of experiments, we chose three levels of each factor, 
because if we increase the number of levels, number of 
conducting experiment goes on increasing and it takes 
time for calculation. These design factors are important 
for understanding the effect on response variables. The 
Selection of Factor and level are tabulated in Table 1 [17, 
18].

2.1  Selection of orthogonal array

Before selecting the orthogonal array the minimum no. 
of experiment to be conducted shall be fixed based on 
the total no. of degree of freedom. In counting the total 
degree of freedom the investigator commits 1 degree 
of freedom to the overall mean of the response under 
study. So in our experiment, we have selected L9 array, 
because we have 3 levels and 4 factors i.e. compression 
ratio (C.R.), load, ethanol, 2EHN. That’s why we selected 
L9 array and hence selected orthogonal array shall have 
9 run.

From the Table 2, it is cleared that for four number of 
parameter and three level, L9 is best orthogonal array 
without considering interrelation among factors as it 
limits the number of run to 9. Hence L9 orthogonal array 
has been used for my work. Also in present work, we are 
interested to analyze the effect of individual parameter on 
response and not on their interrelation hence for this case 
L = 2N + 1 where N is number of parameter and L is number 
of trail so L9 array will be selected [20] (Table 3). 

For selected L9 orthogonal array, BSFC which deter-
mines fuel economy of engine is selected as Response. 
Similarly for emission characteristics, Smoke and NOx 

were selected as response they are dominating emissions 
in case of CI engine (Table 4).

2.2  Sample preparation

Using L9 Orthogonal array Fuel Samples were prepared 
using 2EHN and Ethanol based on their level assigned. 
Table 5 shows details composition of fuel Sample [21].

3  Experimentation

3.1  Fuel sample preparation

There are multiple additives available for diesel fuel. Oxy-
genate additives is used to improve the oxygen content 
of diesel fuel during combustion while cetane improver 
improves cetane number hence burning capacity of fuel. 
During literature survey it is found that ethanol is get-
ting popularity as alternate fuel/additive for diesel while 
2EHN is most commonly used cetane improver [22–24].

3.2  Experimental setup

A typical computerized single cylinder 4-stroke die-
sel engine is used for experimentation work. Table 6 
presents the specification of engine test rig. An AVL 
444Di gas analyzer was used for measuring the CO, HC, 
 NOX emission and smoke density was measured using 
AVL 437 smoke meter. Samples are prepared as per 

Table 2  Array selector table [19]

Table 3  Allocation of variable factor in L9 array

Run no. A B C D Code

1 1 1 1 1 D80E10EH3
2 1 2 2 2 D80E15EH5
3 1 3 3 3 D80E20EH7
4 2 1 2 3 D80E15EH7
5 2 2 3 1 D80E20EH3
6 2 3 1 2 D80E10EH5
7 3 1 3 2 D80E20EH5
8 3 2 1 3 D80E10EH7
9 3 3 2 1 D80E15EH3
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specification in Table 5. Then each sample is tested for 
given test condition as per Factor level allocation shown 
in Table 4 (Tables 7, 8; Fig. 2).

4  Multiple attribute decision making 
(MADM)

There are many multiple attribute decision making 
(MADM] problems we face in our day to day life. MADM 
aims to select the best from the existing ‘‘alternatives’’ by 
considering multiple ‘‘attributes’’ which are frequently in 

conflict with each other. There are several common tech-
niques for solving MADM problems, such as simple addi-
tive weighting (SAW), Technique for order preference by 
similarity to ideal solution (TOPSIS), analytical hierarchy 
process (AHP), data envelopment analysis (DEA) and 
Grey Relation Analysis.

Grey relational analysis (GRA) is part of grey sys-
tem theory, which is useful for solving problems with 

Table 4  L9 orthogonal design 
matrix for experimental data

Run no. Factor Response

CR Load (Kg) Ethanol (ml) 2EHN (ml) NOx (ppm) Smoke (%) BSFC (kg/
kW-h)

1 16 0 80 24 – – –
2 16 4.5 120 40 – – –
3 16 9 160 56 – – –
4 17 0 120 56 – – –
5 17 4.5 160 24 – – –
6 17 9 80 40 – – –
7 18 0 160 40 – – –
8 18 4.5 80 56 – – –
9 18 9 120 24 – – –

Table 5  Details composition of fuel sample (ml)

Run no. Samples Diesel Ethanol 2EHN

1 D80E10EH3 800 80 24
2 D80E15EH5 800 1200 40
3 D80E20EH7 800 160 56
4 D80E15EH7 800 120 56
5 D80E20EH3 800 160 24
6 D80E10EH5 800 80 40
7 D80E20EH5 800 160 40
8 D80E10EH7 800 80 56
9 D80E15EH3 800 120 24

Table 6  Physio-chemical key properties of additives

Property Diesel Ethanol 2EHN

Density at 150 °C (Kg/m3) 832 778.87 963
Kinematic viscosity @ 40 °C (cst) 4.70 1.08 1.78
Calorific value (MJ/kg) 42.49 29.02 29.86
Flash point (°C) 53 12.78 27
Fire point (°C) 58 16.60 76
Cloud point (°C) − 2 5 4.44
Pour point (°C) − 5 5 4.44

Table 7  Engine test rig specification

Parameter Specification

Engine type Single cylinder DI, 
water cooled

No. of cylinder 01
Rated power 5.20 kW, 1500 rpm
Displacement 661.45 cc
Bore*stroke length 87.50 mm*110 mm
Compression ratio 18:1
Orifice diameter 20 mm
Orifice coefficient of discharge 0.60
No. of cycle 10
Dynamometer arm length (mm), hydraulic 185 mm

Table 8  Results of Experimentation

Run no. BSFC (kg/kWhr) NOx (ppm) Smoke (%)

1 1.71 360 0.1
2 0.58 263 0.5
3 0.39 288 2.4
4 1.3 660 0.2
5 0.53 184 0.5
6 0.39 256 3.1
7 1.1 570 0.6
8 0.54 173 1.6
9 0.38 295 4.7
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complicated interrelationships between multiple factors 
and variables. GRA has been successfully used in solving 
a variety of MADM problems in past.

GRA solves MADM problems by combining the entire 
range of performance attribute values while being con-
sidered for every alternative into one, single value. This 
reduces it to a single attribute decision making problem. 
Therefore, alternatives with multiple attributes can be 
compared easily after the GRA process [25].

4.1  Normalizing/grey relation generation

In GRA method, raw data of response parameter were nor-
malized between 0 and 1 with smaller the better charac-
teristic equation no 2. This is called grey relational genera-
tion. Here ‘1’ being most deserved parameter [22, 26–29].

For lower the better, following formula is used to con-
vert raw data into normalized data.

where i is trial number for that particular response 
(Table 9).

(1)Yi(p] = ([max(R)(i)−(R)(i)
]
∕
[
max(R)(i) −min(R)(i)])

4.2  Deviation sequence

In this normalized data is subtracted from reference opti-
mized value that is ‘1’ to identify its deviation from most 
preferred response (Table 10).

where y0 = most derired normalized response.

4.3  Grey relational coefficient

that the experimental result is closer to the optimal (best) 
normalized value for the single response.The higher GRC 
means

ξ = Distinguishing coefficient (0 < ξ < 1)
(0.5 is value used in most situations)
Δ min = Smallest value of |y0(k) − yi(k)|
Δ max = Largest value of |y0(k) − yi(k)|

(2)�p = ||y0 − yi
||

(3)��(�) =
Δ(�)��� + �Δ(�)���]

Δoi(k) + �Δ(k)max

Fig. 2  Block diagram of experimental test rig setup [15]

Table 9  Grey relation generation of each response variance

Run no. BSFC NOx Smoke

1 0.000 0.616 1.000
2 0.850 0.815 0.913
3 0.992 0.764 0.500
4 0.308 0.000 0.978
5 0.887 0.977 0.913
6 0.992 0.830 0.348
7 0.459 0.185 0.891
8 0.880 1.000 0.674
9 1.000 0.749 0.000

Table 10  Deviation sequence of each response variance

Run no. BSFC Δ1 NOx Δ2 Smoke Δ3

1 1.000 0.384 0.000
2 0.150 0.185 0.087
3 0.008 0.236 0.500
4 0.692 1.000 0.022
5 0.113 0.023 0.087
6 0.008 0.170 0.652
7 0.541 0.815 0.109
8 0.120 0.000 0.326
9 0.000 0.251 1.000
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Result of grey relation coefficient using above formula 
is tabulates in Table 11.

4.4  Grey relational grade

Grey relation grade is calculated using Grey Relation Coef-
ficient. The higher the value of GRG is the greater is the 
desirability.

A GRG obtains from the grey relational analysis was 
used to optimize the process parameters of performance 
characteristic. The experimental result shows that param-
eter compression ratio has the most significant effect on 
the performance characteristic. Therefore, the integration 
of grey relational analysis and the Taguchi method can be 
applicable for the optimization of process parameter and 
help to improve process efficiency.

where n = 1–3, number of output response
Wp = weighting value for each grey relation coefficient 

ranging from 0 to 1 and sum of  Wp is always 1. In present 
study since we want to control each response equally 
important so are assign weighting factor as 0.33 [30, 31].

Grey Relation grade calculated by above formula is tab-
ulated as below. The higher grade correspond to a better 
S/N ration respectively as it’s is closer to computed ideal 
S/N Ration.

4.5  Estimation of mean grey relational grade

It is observed from the Table 12 that the experimental run 
No. 3 scored the first rank hence can be considered as the 
best optimum experimental sequence to provide the best 
strategy to obtain the optimal solution for satisfying the 
set multiple objectives simultaneously. Due to orthogo-
nal experimental design, it is then possible to separate 
out the effect of each operating parameter on the grey 

(4)�i =
�

n

n∑

k=�

Wp �i(k)

relational grade at different levels, for e.g., design Factor 
CR is at Level 1 for experimental run no. 1–3 so Response 
grade for CR at level 1 is average of Grade from Table 11 for 
these runs which is equal to 0.7127. Similarly for all other 
design factor at respective level grades are calculated and 
tabulated in Table 12. Total mean GRG is average of all GRG 
obtained in Table 11 and is calculated as 0.7040 [27, 28, 
31].

It is observed from Table 13. That Ethanol is most signifi-
cant and desirable factor as it shows highest S/N and least 
mean effect on GRG which control the entire response 
variable. It shows least deviation from the most desirable 
value which represented by Delta value from mean i.e. 
0.0460 hence ranked as ‘1’.Then factor CR is having highest 
S/N ration which represent least value of response hence 
ranked as ‘2’, hence next desirable factor to control.

4.6  Confirmatory experiment for grey relational 
analysis

After the estimation of optimal parameter setting, pre-
diction and confirmation for the improvement of quality 
characteristic using the optimal setting is performed. The 
estimated grey relational grade ‘γ’ using the optimal level 
of the design parameters is calculated as shown in Eq. (5) 
[31].

Table 11  Grey relation coefficient of each output parameter

Run no. NOX Smoke BSFC

1 0.333 0.566 1.000
2 0.769 0.730 0.852
3 0.985 0.679 0.500
4 0.420 0.333 0.958
5 0.816 0.957 0.852
6 0.985 0.746 0.434
7 0.480 0.380 0.821
8 0.806 1.000 0.605
9 1.000 0.666 0.333

Table 12  Grey relational grades with rank

Run no. Grey relational coefficient Grey rela-
tion grade 
G = 1/3(a + b + c)

Rank

NOx (a) Smoke (b) BSFC (c)

1 0.333 0.566 1.000 0.633 7
2 0.769 0.730 0.852 0.784 3
3 0.985 0.679 0.500 0.721 5
4 0.420 0.333 0.958 0.570 8
5 0.816 0.957 0.852 0.875 1
6 0.985 0.746 0.434 0.722 4
7 0.480 0.380 0.821 0.561 9
8 0.806 1.000 0.605 0.804 2
9 1.000 0.666 0.333 0.667 6

Table 13  Response table for grey relational grade

Factor/level CR Load Ethanol 2EHN

1 0.7127 0.5880 0.7195 0.7248
2 0.7223 0.8207 0.6735 0.6886
3 0.6770 0.7032 0.7190 0.6986
Max effect (Max–Min] 0.0453 0.2328 0.0460 0.0362
Rank 3 1 2 4
Total mean GRG = γ mean = 0.7040
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The confirmatory experiments were carried out at opti-
mum level predicated from result. Table 13 present an 
assessment between input parameter with the estimated 
parameter under optimal conditions which show good 
agreement (Table 14).

5  ANNOVA for GRG of responses

The general linear model procedure is used to conduct 
an ANOVA tests the hypothesis that the means of sev-
eral populations are equal. During ANNOVA for GRG of 
response, it is observed that, F factor and p value results 
are not possible due to limitation of degree of freedom as 
denominator of F is zero, Hence we need to skip one of 
factor during ANNOVA. It is observed that factor ‘Load’ is 
continuous variable and can’t be kept constant for opti-
mum operation of engine. Hence it was skipped during 
ANNOVA analysis [32].

The result of ANNOVA of GRG for remaining factor is 
tabulated in Table 15. It is observed that F value is highest 
for CR and least for 2EHN.The p value for the interaction 
term (0.959 for CR, 0.953 for ethanol and 0.976 for 2EHN) 
is greater than 0.05. Thus, the interaction of the subject 
and degree factors is not significant, and you are free to 
consider the effects of the individual factors separately.

(5)
γ = γmean + Sum of

(
γopt − γmean

]
for each factor

γ = 0.8387

6  Interaction analysis for factor

6.1  Effect of factor interaction on GRG 

As seen from Fig. 3, value of GRG is least for ethanol per-
centage of 15% for load condition. Hence Ethanol must 
operate at level ‘2’ that is 15% as this is most desirable con-
dition for optimized emission control.

As seen from Fig. 4, value of GRG is highest for CR of 15 
and least for CR value of ‘17’ except at load condition of 
25%. Hence most desirable level of CR is ‘3’ that is 17.

As seen from Fig. 5, 2EHN gives highest value of GRG 
when used at 3% and least when used with 5% proportion. 
Hence for optimize emission control 2EHN must be main-
tain at level of ‘2’ i.e. 5%. It is also observed that effect of 
2EHN at level ‘2’ and ‘3’ are quite close hence can possible 
to use interchangeably without much difference.

This Fig. 6 help us in understanding the behavior of dif-
ferent factor on GRG when interact with each other. It is 
observed from fig. that CR at 16 gives minimum value of 
Emission when used with 15% ethanol and 7% of 2EHN 
and at ideal condition. So we can say CR 16 is most desir-
able when considered interaction with other factor also. 
When we study effect of ethanol, it is observed that to 
get minimum emission, ethanol at 15% with CR of 16 and 
2EHN of 7% need to be maintained and we get best result 
idle load condition. Its observed that CR interact highly 
with ethanol and 2eHN which shows CR affect the engine 
performance of engine fueled with additive in sensitive 
manner, While variation of load has no significant effect 
with variation of other factors.

7  Normality analysis of response

We generate a normal probability plot and perform a 
hypothesis test to examine whether or not the observa-
tions follow a normal distribution.

For the normality test, the hypotheses are,

H0: data follow a normal distribution vs.
H1: data do not follow a normal distribution.

Table 14  Results of confirmatory experiment

Initial factor setting Optimal condition

Predicted Experimental

Level CR1 L1 Eth1 EH1 CR2 L2 Eth1 EH1 CR2 L2 Eth1 EH1
CR 16 17
Load 0 4.5
Ethanol 10 10
2EHN 3 3
BSFC 1.71 1.67
NOx 360.00 350.00
Smoke 0.10 0.11
GRG 0.6330 0.8387 0.8155

Table 15  Results of ANNOVA Source DF Seq SS Adj SS Adj MS F p

CR 2 0.5343 0.5343 0.2671 0.04 0.959
Ethanol 2 0.6257 0.6257 0.3128 0.05 0.953
2EHN 2 0.3100 0.3100 0.1550 0.02 0.976
Residual error 2 12.6364 12.6364 6.3182
Total 8 14.1064
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The vertical scale on the graph resembles the vertical 
scale found on normal probability paper. The horizontal 
axis is a linear scale. The line forms an estimate of the cumu-
lative distribution function for the population from which 
data are drawn. A one-sample hypothesis test to determine 
whether the population from which you draw your sample 
is non-normal. Many statistical procedures rely on popu-
lation normality, and using a normality test to determine 
whether to reject this assumption can be an important 
step in your analysis. The null hypothesis for a normality 
test states that the population in normal. The alternative 
hypothesis states that the population is non-normal. To 
determine whether your sample data come from a non-
normal population, you can choose from four tests. We 
have performed Normality test using Anderson–Darling 
test. This test compares the empirical cumulative distri-
bution function of your sample data with the distribution 
expected if the data were normal. If this observed differ-
ence is sufficiently large, the test will reject the null hypoth-
esis of population normality. We can test normality by two 

way, one if the p value of these test is less than your chosen 
a-level, you can reject your null hypothesis and conclude 
that the population is non-normal. And secondly using 
graph. If the observation follows straight line it indicate it 
follow normal distribution and population is non-normal.

7.1  Normality test for BSFC

It is observed from Fig. 7 that distribution BSFC observa-
tion is non-normal since p value is less than 0.05 hence it 
reject the null hypothesis. The reason for this uneven fuel 
distribution and different combustion process character-
istics at various load conditions which result in uneven 
consumption of fuel. Hence BSFC observation follows non 
normal distribution.

7.2  Normality test for NOx

In case of NOx formation it is observed that the NOx forma-
tion follow a somewhat normal distribution since p value 
is higher than 0.05. still there population is not a exact 
straight line showing some non-normality in the observa-
tion as visible in Fig. 8.

The reason for this may be uneven temperature distri-
bution during the combustion process and also considera-
tion of combustion at various load conditions.

7.3  Normality test for smoke

Normality test for Smoke satisfy the null hypothesis as 
seen from Fig. 9 where we get p value greater than 0.05 
with less distortion of population from normality line. The 
reason for this may be is that Smoke formation value is 
less and very much close to each other representing little 
variation.
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7.4  Normality test for GRG 

Here multiple response objectives are converted into sin-
gle objective using Grey Relation analysis in the form of 
Grey relation grade. When we perform the normality test 
for GRG it satisfies the null hypothesis showing normal 
distribution of response. The p values are much higher 
than 0.05 and also GRG observation quite closely follow 
normality line. The reason for this may be is that whatever 
distortion of individual response is nullified when we first 
normalized the data and during the Grey Relation coef-
ficient formation (Fig. 10).

8  Regression analysis

Regression analysis is used to investigate and model the 
relationship between a response variable and one or 
more predictors (factors).There are different methods of 
regression analysis and selection is dependent on type 
of response. Both generalized linear models and least 
squares regression investigate the relationship between 
a response variable and one or more predictors. A practical 
difference between them is that generalized linear model 
techniques are used with categorical response variables, 
and linear regression techniques are used with continuous 
response variables. Both generalized linear model tech-
niques and least squares regression techniques estimate 
parameters in the model so that the fit of the model is 
optimized. Least squares minimizes the sum of squared 
errors to obtain maximum likelihood estimates of the 
parameters, whereas generalized linear models obtain 

maximum likelihood estimates of the parameters using an 
iterative-reweighted least squares algorithm [33]. In many 
cases, the differences between the LS and MLE results are 
minor, and the methods can be used interchangeably [31].

As observed in normality test, response not following 
exact normal distribution, hence Box-Cox transformation 
is used to make our data approximately normal so that we 
can complete analysis. After regression analysis, we get fol-
lowing equations using optimal λ Box–Cox transformation.

Regression Equations:

(a)
- GRG

∧ − 2 = 0.33 − 0.156 CR + 0.0985 Load

− 0.0149 Ethanol − 0.041(2EHN)

(b)
ln (Smoke) = −11.88 + 0.605 CR + 0.296 Load

+ 0.013 Ethanol + 0.0987(2EHN)

Fig. 6  Full interaction plot for 
GRG 

201510 9.04.50.0

0.8

0.7

0.6

0.8

0.7

0.6

0.8

0.7

0.6

171615

0.8

0.7

0.6

753

CR

Ethanol

2EHN

Load

15
16
17

CR

10
15
20

Ethanol

3
5
7

2EHN

0.0
4.5
9.0

Load

Full Interaction Graph  on GRG 

2.01.51.00.50.0

99

95
90

80
70
60
50
40
30
20

10
5

1

Mean 0.7689
StDev 0.4823
N 9
AD 0.807
P-Value 0.022

BSFC

Pe
rc

en
t

Probability Plot of BSFC
Normal 

Fig. 7  Normality plot of BSFC



Vol:.(1234567890)

Research Article SN Applied Sciences (2019) 1:166 | https://doi.org/10.1007/s42452-019-0163-7

9  Conclusion

The higher the GRG is the closer will be output value to 
the ideal value. Thus, higher GRG is desired for optimum 
performance. Therefore, the optimal parameters setting 
for better BSFC and lesser NOx and Smoke are (A2B2C3D1) 
for run no 5 as presented in Table 11 highest grey rela-
tional grade.

GRA can also be used to separate the effect of each fac-
tor and identify the significance of individual factor and 
its optimum level using mean GRG. As seen in Table 12, 
we get optimum response when CR is 17, Load at 4.5 kg, 
Ethanol with 10%.

As per confirmatory experimentation as shown in 
Table  13, It is observed that our predicated optimum 
sequence GRG is 0.8155 which quite close to predicated 
GRG i.e. 0.8387. Compared with initial setting of sequence 
at level 1, our optimum sequence gives better Fuel econ-
omy and lesser NOx emission with little increases in smoke.
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