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Abstract: Several studies have been conducted on alternatives to fossil fuels in internal combustion
engines. In this work, we present an analysis of the optimization of a spark ignition engine (SIE),
which operates with a mix of gasoline and hydrogen. Thus, this study tries to enrich the literature
about the effect of using hydrogen in SIEs taking into account their performance and environmental
issues. The experiments were conducted considering three independent variables: revolutions, the
load produced by a dynamometer, and an electrolyte concentration (EC) to produce hydrogen. The
effect of these factors was investigated on three response variables that are related to the performance
of the engine: torque, hydrocarbon emissions (HC), and power. To achieve this optimization, we
employed the design of experiments, the seemingly unrelated regression (SUR), and the desirability
function. Once the models were fitted by SUR, the individual desirabilities were calculated and later
aggregated into an overall desirability (D), which was optimized using the generalized reduced gradi-
ent (GRG) method. The results showed that, with a revolution of 2400 revolutions per minute (RPM),
a load of 10 liters per minute (LPM), and an EC of 80 mL/gal, a reduction of approximately 51% of
HC emissions was achieved, while the other two response variables demonstrated good performance.

Keywords: hydrogen; emissions; optimization; desirability function; design of experiments

1. Introduction

In recent decades, several studies have been conducted on alternatives to fossil fuels
and their best use, especially in internal combustion engines (ICEs). These motors are used
in different means of transport, as well as other equipment, and, due to this, the dependence
on these fuels has increased without neglecting the decrease in the production of energy
based on petroleum [1,2]. The primary energy consumption growth slowed to 1.3% last
year to less than half the growth rate it had in 2018 (2.8%). Considering the increase in
energy generation alternatives, the increase in consumption was driven by renewable
energies and natural gas, which together contributed three-quarters of the expansion,
growing at a slower rate than their 10-year averages, except for nuclear power [3]. These
numbers show an overall trend to look for alternatives that allow reducing the pollution
footprint. The transition to a more advanced form of propulsion (such as hybrid cars,
electric vehicles, fuel cells, etc.) developed for fuel economy improvement and reduction
in exhaust emissions is very far to be complete. As a result, stringent emission legislation
and higher oil prices push world Original Equipment Manufacturers (OEMs) to investigate
more efficient engines [4].
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Climate change has now become an important point of discussion among most coun-
tries, and one of the main topics is the emission of particles into the atmosphere, which
promotes various effects on the environment and has impacts on human health [5]. Not
only have traffic conditions deteriorated due to the increase in the urban population and
the shortage of available spaces, but innovations in business models and supply chain
management strategies have imposed additional restrictions on transport companies. Si-
multaneously, the rise of e-commerce linked to fast home delivery has also contributed to
more and more packages being shipped to dispersed destinations in a race against time [6].

All of this happens in urban settings where vehicles are frequently caught in traffic
and where regulation aimed at making cities more livable often imposes restrictions on
transport operators [7]. One of the main elements that are aimed to be reduced from
gasoline engines is hydrocarbons (HC) emissions, given their effect on human health.
Energy is an essential and vital input for social and economic development of all country
and to improve the quality of life. Since exploration, the fossil fuels continued as the major
conventional energy source. Increased consumption of fossil fuels and growing concern for
environmental pollution caused by fossil fuels has led researchers all over the world to look
for alternative renewable fuels [8]. Due to its use at a large scale, the internal combustion
engines as a source of energy depletion and pollutant emissions must further improved.
In this sense, the adoption of alternative combustion concepts using cleaner fuels than
diesel [9]. Achieving a reduction in part of these emissions is one of the objectives that
many engine developers and researchers are attempting to reach. In the short term, no
definitive effective solution is in sight; however, proposals are slowly emerging, such as
the application of additives other than the conventional ones.

In the literature, there are several studies that analyze environmental impact from
various aspects of human activity, such as the development of alternative sources for
fuel, such as natural gas, hydrogen, and biodiesel. In this sense, presented results in this
study showed a significant reduction in CO emission, sulfur, unburned-hydrocarbon, and
particulate matter levels in exhaust gases in comparison with conventional diesel fuels [10].
The automotive industry is a strategic branch in the international framework that is facing
the ongoing challenges of requirements concerning the efficient exploitation of fuel energy,
emission reduction, and the application of the new technologies [11]. An alternative for
facing these challenges consists in the addition of different complementary sources for
gasoline fuel, such as hydrogen.

The technology for the production of hydrogen has been in constant evolution, since
its energy potential is recognized; however, there are issues that have to be considered
before this element is fully added in engine development. First, all high-efficiency engines
are inclined toward destructive tendencies resulting from detonation combustion. Most
often, engine producers solve this problem with limiting maximal output performance, but
this comes with an efficiency decrease in fuel utilization. However, detonation combustion
can also be useful because, if it is kept at a certain level, it leads to a considerable increase
in output performance [12].

The distinct properties of hydrogen as a fuel are wide flammability limit, small ignition
energy, high flame-propagation speed, small quenching distance, and combustion products
without carbon, which make it an ideal fuel for internal combustion engines [13]. These
properties make hydrogen very peculiar for use in internal combustion engines. Owing to
these characteristics, hydrogen-fueled engines can be operated with relatively low cycle
variation, but abnormal combustion like flashback and pre-ignition can also easily occur,
and high gas temperature produces large amounts of Nitrogen Oxide (NO) emissions [14].
Therefore, different mixture-formation methods are required for hydrogen-fueled engines.
Two fuel-supply methods are widely used, external mixing (e.g., intake port injection),
which can be suitable for spark-ignition (SI) and compression ignition (CI) engines, with the
advantage that this method does not require significant modifications and the other is the
internal mixing method (e.g., in-cylinder injection), which may be preferable for SI engines
that require an additional injector to mix the fuel and air components with hydrogen in
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the cylinders, and internal mixing. Each method has its advantages and disadvantages.
The external-mixing method suffers from low power due to low volumetric efficiency and
abnormal combustion at fuel-rich conditions [6]. Therefore, much research on hydrogen-
fueled engines is focused on the internal-mixing method. However, internal mixing shows
unstable engine operation at low fuel–air equivalence ratios due to insufficient mixing
between hydrogen and air. Hydrogen engines can also be operated without throttling
because of the wide flammability. However, such combustion is unstable, and its thermal
efficiency is diminished at low-load conditions [15].

To observe the influence of the introduction of hydrogen in a gasoline engine, it is
necessary to know the effects on the different elements of performance, such as the torque
and power, along with emissions, like hydrocarbons, turning this analysis into a multi-
response problem, which involves data processing from this perspective to generate an
optimal result involving all the variables simultaneously.

For the production of hydrogen, there are currently several alternatives, among the
primary ones based on the decomposition of water into its elements, e.g., thermolysis
and electrolysis. Thermolysis consists of heating the water to separate the molecules into
hydrogen and oxygen. To achieve this reaction, the temperature of the water rises to
2500 ◦C, which is where the hydrogen and oxygen bond is broken, and water separates
into hydrogen gas and oxygen [16]. Hydrogen in high purity can be produced through the
electrolysis of water. The required electrical power can be supplied by renewable energy
resources, such as solar, wind, wave tide, or hydraulics [17]. For this, a continuous electric
current is applied through a pair of electrodes that are connected to a direct current source;
the negative electrode is known as the cathode, and the electrode connected to the positive
pole is called the anode. Each electrode maintains the ions of opposite charge attract, so the
ions of opposite charge are attracted to the anode and the cathode; that is, the positive ions
are attracted to the cathode and the negative ions to the anode [18].

In industry and research in general, most of the problems that arise are multidimen-
sional; that is, solutions are required for several critical characteristics of the products,
processes, or systems under study, which, within the field of designed experiments, are
known as response variables. In turn, to achieve better results, it is necessary to specify
which are the optimal operating conditions or the best levels of the input variables or
controllable factors so that the aforementioned response variables perform as required.
Thus, when seeking to achieve the best result from the response, the design of experiments
emerges as an excellent option for planning and executing such studies.

In this sense, performing a separate analysis can lead to different recommendations
regarding the levels of the important factors; even more, when the correlations between the
responses are ignored, the opportunity to find levels of the factors that simultaneously im-
prove the quality of all responses are significantly lower [19]. Searching for a methodology
to achieve an effective method to simultaneously optimize a problem that requires many
response variables has always been a great challenge. The main objective of this work
was to improve an engine performance by modifying two basic operating conditions and
with the incorporation of hydrogen as a third variable. Thus, to prove the impact of these
three variables, but mainly the incorporation of hydrogen, three response variables com-
monly related to engine performance were chosen with their respective goals of decreasing
HC emissions, and maintaining the maximal torque and power. This experiment was
conducted considering HC emissions as an output variable, given their aforementioned
impact on human health in developing countries and their current technology attempting
to diminish their negative impact on inhabitants.

In general, there is a certain degree of difficulty to obtain such a combination, as the
optimal values of a response variable can lead to non-optimal values for the remaining
response variables [20]. The desirability function remains a widely used resource today,
as the ease of performing calculations allow researchers to quickly explore the different
conditions under which they can operate by converting individual responses into a single
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response involving all these conditions. The application of this technique is used in fields
as diverse as medicine [21], agriculture [22], and industry [23].

The possibility of being able to measure the effect of the introduction of hydrogen in
a system can lay the foundation for studies covering a greater number of variables that
benefit the development of future engines. Likewise, the results of the study could help
promote the safe use of hydrogen in internal combustion engines, particularly in cities with
large concentrations of population [24]. This article deals with the analysis of variations
that occur when introducing a new agent to the commonly used mixture, and being able to
observe a reduction in polluting emissions, using multi-response optimization techniques.

2. Methods

Previously, to start the experiment, a series of test runs were conducted with highly
specialized personnel in the operation of the engine to set the initial values for the experi-
ment. Once the data was analyzed, the factors and their levels were defined, including the
response variables. The data analyzed was taken with an engine at the optimum operating
temperature (OOT) within a period of 15 min. The experimental runs consisted in an
un-replicated full factorial design with three factors at three levels, which were performed
randomly. Once the results were obtained, regression models were fitted employing ordi-
nary least squares (OLS) first, and then, from these estimations, a new set of parameters
were calculated using seemingly unrelated regression (SUR). The corresponding individual
desirabilities for each response variable and the overall desirability (D) in each treatment
combination were estimated. At this last step, two different scenarios were considered
through weight assignments defining different levels of importance in the response vari-
ables to make comparisons. Finally, the optimization was completed by applying the
solver included in the Microsoft Excel® package based on the generalized reduced gradient
method to find the optimal combination of factors and to maximize the overall desirability
(D). In the following sub-sections, more detail will be given for each of the steps conducted.

2.1. Experimental Design

Regarding factors to be studied and their respective levels, the first two, RPM and
load, were selected because they are basic input variables related to the performance of
the engine without the need for further modifications in the test bench, and they can be
fixed at different levels. For engine revolutions (X1), the tested levels were 1200, 1800, and
2400 RPM. To measure the power, a dynamometer is used coupled to the engine by an axis,
with a 1:1 coupling, the dynamometer uses water as the working fluid (WF), the amount of
WF is sensed with a flow meter and is regulated with a fine pitch valve, with which the
user can modify the amount of WF that passes through the brake to increase or decrease
the effort demanded to the engine. For this load (X2), the studied levels were 0, 5, and
10 LPM. As the third factor, a variable was selected that could affect the performance of
the engine, which consisted in electrolyte concentration (EC) (X3) and was analyzed at
three levels: 0, 40, and 80 mL/gal using a wet cell with a continuous voltage of 12 V to
induce the chemical reaction to produce hydrogen. These levels were coded according to
the nomenclature used in the factorial designs in which the levels are defined as low (−1),
medium (0), and high (1) [25]. This information can be seen in Table 1.

Table 1. Natural and coded levels for the control factors in the experiment.

Factors
Levels

−1 0 1

X1: RPM 1200 1800 2400
X2: LPM 0 5 10

X3: mL/gal 0 40 80
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The response variables considered for optimization in the present study were torque
(Y1), emissions (HC) (Y2), and the power (Y3) generated by the engine. Certain considera-
tions were taken into account during the experimentation to control the levels of factors.
Concerning the revolutions, the motor had a manual acceleration control that allowed for
modifying the revolutions, while, to control the water flow, the motor also had a fine-pitch
valve with a flowmeter to measure the amount of water per minute. Finally, to measure
the electrolyte concentration (EC) to produce hydrogen, a graduated test tube was used to
measure the amounts to dissolve in a gallon of water.

Concerning the measurement of the response variables, there are two methods to
check polluting emissions, the dynamic method, and the static method [26]. Given that
the engine was fixed on a test bench, the measurements were performed using the static
method. For this purpose, we used the specialized equipment to measure the emissions
with the technical specifications shown in Table 2. For the measurement of torque and
power, a dynamometer that used water at room temperature and 30 pounds per square
inch (psi) as the working fluid was used. For this work, the measuring instruments were
previously tested and calibrated.

Table 2. Emissions analyzer specifications.

Measured Parameter Range Resolution Accuracy Sensor Type

Ambient Temperature 0–66 ◦C 1 degree F or C ±0.1 ◦C M Type RTD

Stack Temperature (net) 0–1, 100 ◦C 1 degree F or C ±0.1 ◦C M
Type K

Thermocouple
Oxygen (O2) 0–25% 0.1% ±0.2% M Electrochemical

Nitrogen Oxide (NO(x)) 0–5000 PPM 1 PPM ±2% M Dual range SEM
Stack Velocity/Flow 0–200 ft/s (0–6500 cfm) 1 ft/s Meets EPA Method 2 Type S pitot pipe
Hydrocarbons (CH) 0–30,000 PPM 1 PPM ±3% M (EPA Method 25B) NDIR

Carbon Monoxide (CO) 0–15% 0.01% ±3% M NDIR
Carbon Dioxide (CO2) 0–20% 0.1% ±3% M NDIR

M: Measured.

2.2. Experimental Procedure

As previously mentioned, for this work, we utilized an un-replicated three-factor full
factorial design with three levels at each factor. This design is commonly known as 3k full
factorial design, where the base value refers to the number of levels in each factor and k
refers to the number of control factors considered in the study. Solving this expression
results in the number of different factorial combinations to analyze in a complete factorial
design. In this case, the number of factorial combinations or experimental runs will be
33 = 27, which are shown in the Table 3.

Column 1 shows the label corresponding to the standard order of the runs in a
non-randomized design; however, after randomization, the order in which the treatment
combinations appear in Table 3 is the actual order in which they were tested during the
experimentation. Similarly, column 2 shows the levels of the factor associated with the
revolutions per minute (X1), while column 3 displays the levels of the factor associated
with the load (X2), and column 4 shows the levels of the factor associated with the EC
(X3). Likewise, columns 5, 6, and 7 show the results obtained in the response variables
analyzed in each treatment combination, which, as was previously indicated, correspond
to Y1: torque, Y2: emissions (HC) and Y3: power.

For this experiment, we used a two-cylinder stationary gasoline-based engine with
SI fed through a manifold and a carburetor with an efficiency between 25% and 30% [27].
This engine was mounted onto a test bench as is shown in Figure 1.
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Table 3. Randomized experimental matrix corresponding to a full 33 factorial design.

Standard
Order X1 (RPM) X2 (LPM) X3 (mL/gal) Y1 (lb-ft) Y2 (PPM) Y3 (HP)

17 0 1 0 25.5 268 9.1
27 1 1 1 26.6 191 12
7 −1 1 −1 17 493 9
1 −1 −1 −1 3.4 312 0.8

18 0 1 1 25 294 8.7
22 1 0 −1 16.7 217 7.8
16 0 1 −1 27 314 9
2 −1 −1 0 9.5 443 2.5

21 1 −1 1 3 105 1.4
4 −1 0 −1 42.8 476 8.3
9 −1 1 1 39.3 354 9

14 0 0 0 14.5 231 5
5 −1 0 0 33 452 7

10 0 −1 −1 3.4 174 1.2
26 1 1 0 24.5 174 11
8 −1 1 0 38 418 7.9

11 0 −1 0 7.9 182 2.8
19 1 −1 −1 3.4 127 2.8
23 1 0 0 10 174 4.5
3 −1 −1 1 6.5 330 1.6

20 1 −1 0 3 94 1.5
6 −1 0 1 24.2 408 5.5

25 1 1 −1 26.5 346 12.1
12 0 −1 1 3.9 237 1.3
24 1 0 1 9 249 4.5
15 0 0 1 18.5 225 6.1
13 0 0 −1 20 274 6.5

Figure 1. Engine connected to the hydraulic brake.

This test bench included a hydraulic brake connected to the engine through a dy-
namometer; this brake was fed with a flow of water supplied by a water pump and a
fine-pitch valve to regulate the amount of water in the system. This bench also included a
water tank to feed the water pump and a fuel tank that provides gasoline to the engine.
For the purpose of the experiment, a cell that produced hydrogen using electrolysis was
incorporated. Both gasoline tank and hydrogen cell were connected to the carburetor and
manifold with a thin hose for each fuel supply. This allowed for the gasoline and hydrogen
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to enter to the engine combustion system using absorption and regulation characteristics
from the carburetor in this specific engine. The technical specifications are shown in Table 4.

Table 4. Engine technical specifications.

Brand Vanguard

Model 3057
HP (gross) 16

Engine displacement (cc) 479
Engine Configuration Vertical

Bore (in) 2.68
Stroke (in) 2.6

Weight (lbs.) 72
Oil capacity (oz.) 48

Compression ratio 18.2:1

Figure 2 displays a basic representation of the stationary engine with its listed components.

Figure 2. Basic scheme of stationary engine.

2.3. Seemingly Unrelated Regression

Usually, when referring to simultaneous equation models, those systems in which
endogenous variables are specified in some equations are immediately thought of as prede-
termined in other equations of the same model. Under this specification then there is an
identifiable correlation of the error terms between the system equations. For simultaneous
equations, applying the ordinary least squares (OLS) method results in biased estimators
with mean square errors that can be quite high, especially in small samples [20].

The Seemingly unrelated regressions (SUR), were introduced by Zellner [28], who
proposed a generalized least squares estimator (GLS) to estimate the coefficients of a set of
SUR and established that it allows, at least asymptotically, more efficient estimators than
those obtained by individual least squares [29]. To calculate this system of equations, the
matrix operations is used including the Kronecker product. The SUR model parameters
are then obtained by solving Equation (1).

β =
[
X′( ∑−1 ⊗Im)X]−1X′(∑−1 ⊗Im)Y, (1)

where:
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• β is the matrix of the new regression coefficients;
• X is the diagonal block matrix made up of the m-many matrices with n runs obtained

in the model settings plus a column of 1 for the new interceptor;
• ∑ is the matrix of variance and covariance of the response variables;
• ⊗ denotes the Kronecker product;
• Im is the identity matrix of size m ×m;
• Y is the response matrix;
• m is the number of response variables; and
• n is the number of experimental runs tested.

2.4. Desirability Function

The desirability function is a technique used for optimizing multi-responses in the
analysis of experiments and must be simultaneously optimized. According to G. Derringer
and R. Suich [30], the desirability optimization methodology is based on the idea that
the quality of a product or process that has multiple characteristics, when one of them is
outside of certain “desired” limits, is completely unacceptable. The method attempts to
find operational conditions of the process that provide the “most desirable” response. The
optimal values of the factors are determined from the maximization of the function. A
high value of overall desirability (D), which falls in the interval [0, 1], indicates the best
combination of factors to optimize the studied system. G. Derringer and R. Suich propose
to use the desirability function to convert a multi-response problem into a single response
problem; that is, the final analyzed response is D, which is calculated with the expression
shown in Equation (2).

D = (d 1× d2 × . . ..× dm)1/m, (2)

where d1, . . . , dm are the individual desirabilities associated to the m responses Y1, . . . , Ym.
To convert the responses Yi to di, they suggested to perform the following transformation:
in the case in which it is desired to maximize the response Ŷi(x), a target value (Ti) must
be chosen such that di(x) = 1 for any Ŷi(x)> Ti. It is further assumed that any Ŷi(x) < LSLi,
where LSLi refers to the lower specification limit, is an unacceptable value; that is to say,
di(x) = 0. Then, the transformation is given by Equation (1).

For the case in which it is desired to minimize the response Ŷi(x), a target value Ti must
be chosen such that di(x) = 1 for any Ŷi(x) < Ti. It is further assumed that any Ŷi(x) > USLi,
where USLi refers to the upper specification limit, is an unacceptable value; that is to say,
di(x) = 0; hence, this transformation is given by Equation (2). On the other hand, if the
objective is to obtain a specific value, a combination of both previous equations will be
required and the transformation must be performed by Equation (3). In these equations,
Ŷi(x) refers to a predicted value using a previously fitted regression model in a specific
treatment combination x.

di(x) =

 0 if Ŷi(x) < LSLi(
Ŷi(x)−LSLi

Ti−LSLi

)s
if LSLi ≤ Ŷi(x) ≤ Ti

1 if Ŷi(x) > Ti

, (3)

di(x) =

 1 if Ŷi(x) < Ti(
Ŷ(x)−USLi

Ti−USLi

)t
if Ti ≤ Ŷi(x) ≤ USLi

0 if Ŷi(x) > USLi

, (4)

di(x) =



0 if Ŷi(x) < LSLi(
Ŷi(x)−LSLi

Ti−LSLi

)s
if LSLi ≤ Ŷi(x) ≤ Ti

1 if Ŷi(x) = Ti(
Ŷ(x)−USLi

Ti−USLi

)t
if Ti ≤ Ŷi(x) ≤ USLi

0 if Ŷi(x) > USLi


. (5)
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The exponents s and t in these equations are used to choose the desired form of the
transformation and, therefore, to reflect the experimenter’s wishes: large values (s, t ≥ 10)
indicate that the desirability di(x) only takes large values when it falls close to its target
value; small values for s and t (s, t ≤ 0.1) indicate that any value within the range {LSLi,
USLi} is equally desirable, and this can be seen in Figure 3.

Figure 3. Desirability function according to different values of s and t.

The assignment of weights is a resource widely used in optimization methodolo-
gies [31] since it allows assigning specific importance to each of the response variables as
required, with which the optimal conditions will seek to favor the better performance of
the variables with the highest weights [32]. For the purposes of this work, two scenarios
were considered; in the first, the same weights were assigned to each of the response
variables, while, in the second, greater weight was assigned to the variable corresponding
to emissions.

Once the individual m desirabilities have been calculated for each of treatment com-
bination (x) in the design matrix, the overall desirability D for this specific treatment
combination is defined by the weighted geometric mean of the individual desirabilities
using Equation (4), which is similar to Equation (6), but now incorporating weights.

D =
(
dw1

1 × dw2
2 × . . . × dwm

m
) 1

∑wi . (6)

Here, the weights wi are constants such that they allow balancing the relative impor-
tance of each response variable; the greater the weight given to one variable compared to
the other response variables, the greater the requirement for the overall optimum to benefit
that response. If the weights are equal for each one of the desirabilities, then the results
would be the same as that of Equation (2).

Optimizing multiple responses using the desirability function has two disadvantages:
first, the overall desirability (D) can be difficult to model as it is a complex function of the
m responses; second, it is difficult to say what the difference between expected values of
D means, except that the largest is the best [33]. Another disadvantage of this approach,
according to Ko et al. [34], is that it does not consider the variance–covariance structure of
the responses and ignoring this information can lead to a non-real solution if the responses
have significantly different variances or if they are highly correlated. To compensate
this, we incorporated the SUR technique, since the parameters estimation process of this
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technique contemplates these correlations. In fact, the SUR method should always be
preferred to estimate regression equations when the correlations among response variables
are high [35].

3. Results
3.1. Engine Multi-Response Optimization

The correlations between the response variables were analyzed before performing the
optimization to verify that the use of the SUR method was adequate for this problem. The
resulting correlation matrix can be seen in Table 5.

Table 5. Spearman pairwise correlation for response variables.

Sample 1 Sample 2 Correlation 95% CI for ρ p-Value

Y2 Y1 0.599 (0.251, 0.810) 0.001
Y3 Y1 0.850 (0.659, 0.938) 0.000
Y3 Y2 0.345 (−0.052, 0.648) 0.078

Based on the estimated confidence intervals (CI) and p-Values, significant correlations
between Y1-Y2, Y1-Y3, and Y2-Y3 with at least 90% confidence were detected; therefore, as
there was at least a significant correlation between the two responses, the SUR method
appeared to be indicated to perform the multiple regression. For this project, interactions
between the independent variables were used to add a better fit in the models fitted by
OLS used as a first stage of the SUR technique. Later, once the SUR parameters were
obtained, the optimization was performed using the generalized reduced gradient (GRG)
method to maximize the overall desirability and taking the regression equations to find the
combination of control factors with the highest overall desirability.

Regarding the reference values required to calculate the corresponding individual
desirabilities, namely the upper and lower specifications limits, as well as the targets asso-
ciated to each response variable, after careful considerations, these values were established
as described in Table 6.

Table 6. Reference values to calculate individual desirabilities.

Response Variable LSL USL Target Goal

Y1: Torque (lbf-ft) 10 - 20 Maximize
Y2: Emissions HC (PPM) - 400 200 Minimize

Y3: Power (HP) 8 - 14 Maximize

The target and lower limits for the calculation of desirabilities for torque and power
were established according to the characteristics and capacities of the motor described in
Table 4, seeking to preserve its functionality and operability, while the target and upper
limit for emissions were based on the Mexican Official Standard (NOM by its acronym in
Spanish) NOM-041-SEMARNAT-2015 [36] for model 93 or older engines, which allows a
maximum emission of 400 parts per million (PPM) of HC, given the type of supplied fuel.

3.2. Regression Equations Estimated by OLS and SUR

Given the characteristics of the calculations involved in the SUR technique in which
the Kronecker product is performed, the operations may become extremely complex. For
that reason, an open source software of RStudio was used to performed these calculations,
in such a way that the number of response variables to obtain a new matrix of regressors
based on this technique was not limited [37]. It is important to mention that all three inde-
pendent variables were analyzed in every model trying to define second order regression
models, but some parameters were not statistically significant and had to be eliminated
from the final models. The differences in the parameter values estimated by these two
aforementioned regression techniques are shown in Table 7.
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Table 7. Parameters from the ordinary least squares (OLS) and seemingly unrelated regression (SUR)
regression methods.

Response Variable

Parameter
Y1: Torque Y2: Emissions Y3: Power

OLS SUR OLS SUR OLS SUR

β0 20.08 20.97 264.9 265.48 5.89 5.89
β1 (X1) −5.06 −5.05 −111.6 −111.61 0.33 0.33
β2 (X2) 11.53 11.41 47.1 47.11 3.99 3.99
β3 (X3) * * −18.9 −15.34 * *
β11 (X1

2) * * 53.6 50.26 * *
β22 (X2

2) −4.54 −3.33 −30.9 −28.36 * *
β12 (X1 × 2) * * * * 0.70 0.69
β23 (X2 × 3) * * −31.1 −30.27 * *

* Parameters not statistically significant.

The coefficient of determination, R-squared (R2), indicates the level of explanation
that the regression model contributes to variability. Values of R2 close to 1 imply that most
of the dependent variable (Y) is explained by the regression model [38]. However, when
there are many terms in a model, it is recommended to use the adjusted R-squared (R2

Adj)
statistic, instead of R2 given that this last could be artificially increased with every term
added to the model even if this added term does not contribute to the level of explanation.
Instead, the R2

Adj decreases its value if a term that does not contribute to the level of
explanation is added. In general, for prediction purposes, values of R2

Adj greater than 0.7
are recommended [39]. In this experiment, all three fitted models had a greater R2

Adj than
the minimum recommended value as shown in Table 8.

Table 8. Coefficients of determination R-squared and adjusted R-squared for fitted models.

Response Coefficient of Determination

R2 R2
Adj

Y1: Torque 76.30% 73.21%
Y2: Emissions 89.15% 85.89%

Y3: Power 90.36% 89.10%

The regression equations fitted using SUR were finally as follows: for the torque,
Equation (5) was defined, and the emissions are represented in Equation (6), while the
power is represented in Equation (7). With these equations, the individual response surface
plots were obtained, which are shown in Figure 4a–e.

Y1 = 20.97 − 5.05x1 + 11.41x2 − 3.33x2
2, (7)

Y2 = 265.48 − 111.61x1 + 47.11x2 − 15.34x3 + 50.26x2
1 − 28.36x2

2 − 30.27x2x3, (8)

Y3 = 5.89 + 0.33x1 + 3.99x2 + 0.69x1x2. (9)

Through Figure 4a–e, an approximation of the individual performance for each depen-
dent variable according to their corresponding goals is shown; in the first response variable
depicted in Figure 4a, the optimal solution in the maximization of torque was around X1:
RPM = −1 and X2: LPM = 1. In the same manner, the second response variable seeks to
minimize the emissions, with, according to Figure 4b, built keeping X1 = 0, and the best
result is around X2: LPM = −1 and X3: mL/gal = 1. In a similar way, Figure 4c related also
to emissions and built keeping X2 = 0, shows that the best result was in X1: RPM = 1 and
X3: mL/gal = 1, while continuing with emissions, but this time keeping X3 = 0, according
to Figure 4d, the best result was in X1: RPM = 1 and X2: LPM = −1. In relation to the
third response variable, power, in Figure 4e, the goal was its maximization; thus, the best
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result was in X1: RPM = 1 and X2: LPM = 1. Each individual response generated a different
combination of the independent variables as the optimum point, and, in such a situation,
the best solution to this optimization problem should yield the best compromise solution
attempting to find a combination of control factors where the three response variables
perform well simultaneously, that is to say, fulfilling at least the values specified in Table 6.

Figure 4. Response surfaces for the SUR regression models: (a) torque, (b) emissions with x1 = 0, (c) emissions with x2 = 0,
(d) emissions with x3 = 0, (e) power.
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3.3. Individual and Overall Desirability

Once the SUR regression models were fitted, we calculated the individual desirabilities
using the predicted values by substituting each run that was tested in these regression
equations. Later, the geometric mean calculations were made using the weights that
were considered convenient according to the relevance of each of the response variables
analyzed. In this case, two different scenarios were considered using the geometric means
calculated by the weights indicated in Table 9. For the first scenario (D1), all the responses
were considered as equally important, while, for the second scenario (D2), a higher weight
was given to emissions.

Table 9. Weights for the analyzed scenarios.

Response Weights

D1 D2

Y1 1/3 1/4
Y2 1/3 1/2
Y3 1/3 1/4

Table 10 shows all the factorial runs from the design matrix previously discussed, as
well as the predicted response variables converted into individual desirabilities and also
the overall desirabilities D1 and D2.

Table 10. Individual and overall desirabilities.

Std.
Order RPM (X1) LPM (X2) mL/gal (X3) d1 d2 d3 D1 D2

17 0 1 0 1.000 0.578 0.313 0.181 0.569
27 1 1 1 1.000 1.000 0.483 0.483 0.833
7 −1 1 −1 1.000 0.000 0.143 0.000 0.000
1 −1 −1 −1 0.128 0.315 0.000 0.000 0.000

18 0 1 1 1.000 0.806 0.313 0.252 0.672
22 1 0 −1 0.592 0.902 0.000 0.000 0.000
16 0 1 −1 1.000 0.350 0.313 0.109 0.443
2 −1 −1 0 0.128 0.240 0.000 0.000 0.000

21 1 −1 1 0.000 1.000 0.000 0.000 0.000
4 −1 0 −1 1.000 0.000 0.000 0.000 0.000
9 −1 1 1 1.000 0.000 0.143 0.000 0.000

14 0 0 0 1.000 0.672 0.000 0.000 0.000
5 −1 0 0 1.000 0.000 0.000 0.000 0.000

10 0 −1 −1 0.000 1.000 0.000 0.000 0.000
26 1 1 0 1.000 0.885 0.483 0.428 0.784
8 −1 1 0 1.000 0.000 0.143 0.000 0.000

11 0 −1 0 0.000 1.000 0.000 0.000 0.000
19 1 −1 −1 0.000 1.000 0.000 0.000 0.000
23 1 0 0 0.592 0.979 0.000 0.000 0.000
3 −1 −1 1 0.128 0.165 0.000 0.000 0.000

20 1 −1 0 0.000 1.000 0.000 0.000 0.000
6 −1 0 1 1.000 0.000 0.000 0.000 0.000

25 1 1 −1 1.000 0.657 0.483 0.317 0.676
12 0 −1 1 0.000 0.975 0.000 0.000 0.000
24 1 0 1 0.592 1.000 0.000 0.000 0.000
15 0 0 1 1.000 0.749 0.000 0.000 0.000
13 0 0 −1 1.000 0.595 0.000 0.000 0.000

3.4. Overall Desirability Optimization

The GRG method optimization algorithm used here to maximize the overall desir-
ability allows for the incorporation of restrictions in the search area, which provides an
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advantage since, in this way, it is possible to ensure that the proposed solution will be
within the region in which the experiment was designed. To perform this optimization
through the solver included in the Microsoft Excel® package, it is recommended to start
the algorithm from different initial points covering the entire experimental area to evaluate
if a convergence towards a single optimal point is presented. In this case, 10 different
initial values related to treatment combinations were used, and the results showed that,
regardless of the initial values, for both overall desirabilities, D1 and D2, there was always
convergence towards the same result, which can be seen in Table 11.

Table 11. Optimal overall desirability (D) with different initial points.

Initial Values Optimal Desirability

X1 X2 X3 D1 D2

−1 −1 −1 0.483 0.833
0 1 1 0.483 0.833
1 0 −1 0.483 0.833
0 1 −1 0.483 0.833
−1 −1 0 0.483 0.833
1 −1 1 0.483 0.833
−1 0 −1 0.483 0.833
−1 1 1 0.483 0.833
0 0 0 0.483 0.833
−1 0 0 0.483 0.833

In both scenarios, D1 and D2, the optimum treatment combination in coded levels for
the operation of the engine was X1 = 1, X2 = 1, and X3 = 1; that is,

• revolutions (X1), 2400 RPM;
• load (X2), 10 LPM; and
• EC (X3), 80 mL/gal.

Predicted responses with the regression models presented in Equations (7)–(9) using
the optimal condition are shown in Table 12. It is important to highlight that these results
are slightly different to those shown in run 27 in Table 3, which can be explained by the
accuracy of prediction of the fitted models.

Table 12. Optimization results.

RPM (X1) LPM (X2) mL/gal (X3) Torque
(lbs-ft) (Y1)

Emissions HC
(PPM) (Y2)

Power (HP)
(Y3)

2400 10 80 24 177.27 10.9

Once the optimal levels are known, a comparison can be made between the response
variables considering the different EC and keeping the other factors fixed at their proposed
optimal levels. This comparison can be seen in Table 13.

Table 13. Comparison of emissions when changing the electrolyte concentration (EC).

RPM LPM mL/gal Emissions HC (PPM) % of Reduction

2400 10 0 268.49 —–
2400 10 40 222.88 25.72
2400 10 80 177.27 51.45

Both the torque (24 lbs/ft or 32.53 n-m in SI) and power (10.9 horse power (HP) or
8.12 kW in SI) remained at the same result as expected in the three conditions analyzed in
Table 13, since the factor associated with the electrolyte concentration was not statistically
significant for these response variables in the regression equations calculated above.
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4. Discussion

In the experiment, there was initially the idea that the incorporation of hydrogen into
the system could affect engine performance, measured by the response variables under
analysis shown in Table 12. The possible influence of the incorporation of hydrogen into
the system was observed in some runs corresponding to the ones involving low revolution
levels; however, this effect was only statistically significant on emissions according to
regression models. There have been studies where rotational speed was set low, in which
some of the experiments were conducted at 1400 RPM, and minimum spark advance for
best torque (MBT) [40] and to reduce the fuel consumption and emissions of spark-ignited
(SI) engines, hydrogen enrichment was used to improve the performance with the engine
operating at 800 RPM and low load conditions [41], where there was a certain advantage
for the better utilization of the amount of hydrogen introduced to the engine system for
all responses, given that hydrogen introduced into the system was kept constant at each
of the three levels during the experiment, and lower revolutions used a higher amount;
thus, it was easier to observe this performance change of the engine in relation with higher
RPM. In the same way, the loads introduced through the hydraulic brake also impacted
engine performance at lowest RPM level. However, in analysis involving higher rotational
speed, changes in performance were not that clear concerning torque and power, at least
with the current EC in this experiment, allowing for only proving its significant influence
on emissions. During the experiment, there were three different runs, shown in Table 3,
which met the requirements for each response variable, as established in Table 6. Those
requirements were: for torque, a minimum of 10 lb-ft; for emissions a maximum of 400 PPM;
and for power, a minimum of 8 HP. The obtained results for Run 25 were 26.5 lb-ft, 346 PPM,
and 12.1 HP; for Run 26, these results were 24.5 lb-ft, 174 PPM, and 11 HP; while, for Run 27,
the corresponding results were 26.6 lb-ft, 191 PPM, and 12 HP. Thus, the multiresponse
optimization methodology in this project allowed for defining the best combination of
independent variables. For this particular case, the optimal combination of these variables
in the setup of the stationary gasoline-based engine matched with Run 27.

Once the optimal operating condition was defined, to test the effect of the use of
hydrogen on the emission of HCs, while the control variables of revolutions and load were
the same, the ratio related with hydrogen was changed at the three considered levels for
this work, and the predicted results in all three response variables are shown in Table 13.
We found that the reduction in HC emissions partially coincided with another study, in
which a reduction of 58% was achieved [42]. In this project, a decrease in emissions of
up to 51.45% was demonstrated with the presence of hydrogen in the engine system.
This difference may have been because of the way that fuel and hydrogen were mixed or
incorporated.

For a long time, attention to polluting emissions by ICEs was notably lacking. The
high global proliferation of vehicles in cities widely contributed to the increase in these
emissions in the environment. Just in 2017, 1,734,061 motor vehicles were registered in
circulation in the state of Baja California (México) [43], representing 12.129 Gg of CO2eq of
HC. By implementing a system, such as the one analyzed in this work, emissions of this
HC type could be significantly reduced.

5. Conclusions

The incorporation of additional elements into fuel to seek better engine performance
currently used in the industry has had different results over time. Hydrogen has become
one of the most used elements for this purpose, especially in countries with low technologi-
cal development, mainly due to the ease in producing and incorporating it into combustion.
The reduction in HC emissions obtained during the present experiment demonstrates the
benefits of this type of incorporation into fuel mixtures. The expected impact on the two
other analyzed response variables (torque and power) could be the expected using the
incorporation of a larger volume of hydrogen into the system according to other studies
published in the literature. In accordance with the aforementioned, the results obtained in
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this experiment demonstrated that, due to the incorporation of hydrogen into the engine,
there was a reduction in emissions of up to 51%, allowing easily to accomplish the environ-
mental normativity described before and with a positive effect on the engine torque and
power. By obtaining the best result with the high level of the EC (80 mL/gal) in the system,
the benefits were confirmed by the reduction of HC emissions into the environment. There-
fore, this type of system can become a short-term solution as an element of improvement
for current and upcoming SIEs.

Additionally, derived from the results, we would like to remark that an alternative,
such as hydrogen, provides an important route toward a sustainable energy future for
the transport sector in general as it can be produced from wind, photovoltaic, solar, hy-
droelectric, biomass, or solid waste without the consumption of non-renewable resources
and without contamination of any kind. The current accessibility for the creation of cells
that produce hydrogen further opens the possibilities for massive implementation of
these technologies.

In relation to the experimental data shown in Table 3, although it could be seen in a
preliminary way that the best results in the response variables tended towards the highest
levels of the control variables, it was necessary to follow a well-defined methodology for
optimization, with which this idea could be verified; however, in doing so, no possible
combination among the control variables within the search space was ruled out beforehand,
which is recommended since some interactions and second-order terms were statistically
significant in the fitted models, and, for this reason, the optimum point could not be defined
by simple inspection of the original data.

The optimization methodology implemented, firstly with the use of design of experi-
ments as a very good statistical alternative to previously define the test to be performed
and then with the combination of SUR technique and the desirability function, is particu-
larly important for this type of study given the ability to jointly analyze several responses
simultaneously, so that other aspects that may be relevant are not neglected. The ease
provided by the desirability function in converting multi-response problems into a single
response is widely used today, becoming the most used methodology for this purpose.

At the end, the following outcomes were obtained by performing this optimization:

- An optimal combination of control variables in which the motor can operate easily
and with a good performance.

- A torque (Y1) that meets the specification and even exceeds its specified target value.
- A significant reduction in the emission of polluting particles (Y2).
- A power (Y3) that meets the specified requirements.

Additionally, another output that should be highlighted is the demonstration that
an optimization methodology that uses the design of experiments, the SUR technique,
and the desirability function can produce the desired results when trying to optimize
complex systems.

6. Future Research

Considering that this study presented the optimization of a stationary gasoline-based
engine to find the optimum operating conditions considering the number of revolutions,
the torque generated by the motor, and the ratio of electrolytes in a hydrogen wet cell
as the control factors and evaluated their effect on three response variables that were
incorporated to evaluate the performance of this motor, including the torque, hydrocarbon
emissions, and power, the following analyses could be addressed as future research. First,
new response variables could be incorporated, for instance, the gasoline consumption and
additional polluting emissions, such as carbon monoxide (CO), carbon dioxide (CO2), and
nitrogen oxides (NOx). Secondly, the independent variables or control factors could be
studied at different levels to evaluate the influence that this may have on the potential
new response variables that would be incorporated and also to explore a new region
of operating conditions considering, of course, the technical specifications of the motor
under study.
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