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Abstract: The spark ignition engine is a complex multi-domain system that contains many variables
to be controlled and managed with the aim of attending to performance requirements. The traditional
method and workflow of the engine calibration comprise measure and calibration through the design
of an experimental process that demands high time and costs on bench testing. For the growing
use of virtualization through artificial neural networks for physical systems at the component and
system level, we came up with a likely efficiency adoption of the same approach for the case of engine
calibration that could bring much better cost reduction and efficiency. Therefore, we developed a
workflow integrated into the development cycle that allows us to model an engine black-box model
based on an auto-generated feedfoward Artificial Neural Network without needing the human
expertise required by a hand-crafted process. The model’s structure and parameters are determined
and optimized by a genetic algorithm. The proposed method was used to create an ANN model for
injection parameters calibration purposes. The experimental results indicated that the method could
reduce the time and costs of bench testing.

Keywords: spark ignition engine; modeling; artificial neural network; genetic algorithm and opti-
mization

1. Introduction

To meet climatic and performance requirements, the engine mechanisms become more
complex each year (Dual Variable Valve Timing, variable valve lift, and direct injection
with multiple pulses). Consequently, more development time and more accurate engine
calibration are necessary. However, this is against the automotive market demand that
requires more new technologies in less time.

The engine calibration process consists of adjusting Engine Control Unit (ECU) pa-
rameters to improve the efficiency and performance of the engine to achieve goals such
as reducing fuel consumption, reducing emissions of exhaust gas into the environment to
meet local emissions regulations, and improving engine power, durability and drivability.
Controlling an engine is one of the most complex tasks for systems control engineers and
researchers around the world because of the large number of variables to control, such
as engine speed, engine torque, spark ignition timing, fuel injection timing, air intake,
air–fuel ratio (AFR) [1], and also because these variables are dependent on each other.
Moreover, besides the increase in engine calibration effort, engineers in the automotive
sector constantly face a decrease in the development process time.

To overcome these problems, several types of research have been conducted in recent
years to optimize the tuning development process using a model-based method [2]. The
main advantage of using model-based methods in the tuning development process is that
it enables the calibration engineer to evaluate parameters in a multi-dimensional space
without additional testing.

Figure 1 shows the workflow for experimental engine modeling with test benches that
consist, basically, of acquiring and preparing engine data, modeling the engine by using a
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model-based method, and finally, analyzing and validating the engine model. Among the
type of model-based methods, the Artificial Neural Networks (ANN) have demonstrated
their effectiveness in several works [3–6] thanks to their power to approximate and the
capacity of their ability to adapt to a wide variety of non-linearities. However, the accuracy
of an ANN model lies, in part, on the ANN architecture parameters or hyperparameters,
and finding the ideal ANN architecture for a given problem remains empirical. Therefore,
some researchers [7–9] propose an approach based on a meta-heuristic algorithm in order
to create optimized ANN architecture.

Figure 1. Workflow for experimental engine modeling with test benches.

Meta-heuristic algorithms aim to provide an excellent solution to an optimization
problem with less computational effort than calculus-based methods or simple heuristics
can [10]. Although meta-heuristics algorithms can be used to solve almost all optimization
problems, there is a wide variety of them. An algorithm can perform better on one type of
problem and worse on another.

Absalom et al. [11] have analyzed, based on the same set of benchmark problems, the
performance of twelve meta-heuristics algorithms, which are genetic algorithms (GA) [12],
particle swarm optimization (PSO) [13], ant colony optimization [14], symbiotic organisms
search [15], cuckoo search [16], firefly algorithms [17], artificial bee colony [18], bat algo-
rithms [19], differential evolution (DE) [20], flower pollination algorithms [21], invasive
weed optimization [22], and BeeA [23]. Among these algorithms, those which performed
better across all the test problems were DE, PSO, and GA.

In the current paper, we propose a practical and versatile method of modeling engines
using a feedforward artificial neural network whose architecture is optimized by GA.

The contribution of this study is the development of a versatile method for modeling an
engine black-box model based on an auto-generated feedfoward Artificial Neural Network
for tuning development purposes, without needing the human expertise required by a
hand-crafted process. Therefore, we propose an improved ANN to build a spark-ignition
engine model. The model’s structure and parameters are determined and optimized by a
genetic algorithm. A specific project experiment verifies the effectiveness of the method.
The experimental results indicates that the technique could reduce the time and costs of
bench testing. The results have specific guiding significance for the design of the internal
combustion engine.

The rest of the paper is structured as follows: Section 2 covers the related work.
Section 3 covers the proposed method in detail, and system evaluation is covered in
Section 5. Finally, the conclusion and future directions are presented in Section 6.

2. Related Work
2.1. Model-Based Engine Design

Engine modeling type can be divided into two main categories, which are the theoreti-
cal and experimental modeling, also called white-box and black-box models, respectively.

White-box models are suitable when physical laws and parameters are known [24].
Thermodynamic, chemical, heat transfer, and fluid dynamic models based on the numerical
calculation can predict the engine dynamics as intake mass flow, combustion efficiency,
engine heat release, torque generation, fuel consumption, and emission of pollutants
through multiple dimensions equations.

Black-box models are based on measurement to establish, through an identification
model, the relationship between input and output signal measured. However, in many
practical applications [25–27], the combination of white-box and black-box models are used,
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resulting in two other engine modeling sub-categories, which are light-gray-box models
and dark-gray-box models, as shown in Table 1.

Table 1. Different kinds of mathematical process models.

White-Box Models Light-Gray-Box Models Dark-Gray-Box Models Black-Box Models

Black-box models Physical laws known Physical laws known Input and output signals are measurable
Parameters known Parameters unknown Parameters Unknown Assumption of a model structure

Signals measurable Model structure unknown
Signals measurable

In 2015, Shamekhi et al. [28] introduced a new method to improve a well-known
white-box model, the mean value model (MVM). Those models provide an approximate
mathematical relation of an engine by describing the time development of its physical
variable dynamically over periods [29]. To improve the MVM accuracy, they proposed a
gray-box model named the Neuro-MVM, a combination of Neural Networks with MVM.
Their model was designed to predict the torque, CO, and NOx, by receiving the ambient
pressure and temperature, throttle angle, air/fuel ratio, the crank angle of spark advance,
the external load, and the initial speed. The study showed that not only does the Neuro-
MVM achieve great precision in predicting their model outputs, which are speed, but the
model also has more reliability than a Neural Network.

In other works conducted by Nazoktabar et al. [30] to develop a multi-zone model for
a Homogeneous Charge Compression Ignition Engine, they used a gray-box model which
was able to predict the indicated mean effective pressure, the crank angle for 50 percent
burned, carbon monoxide, and the total hydrocarbon, with average errors of 1.2 CAD,
0.4 bar, 10 PPM, and 394 PPM, respectively. As shown in Figure 2, this model consists of
two physical models and two black-box models, where the white-box model’s outputs are
used as the mean input to the ANN models.

Figure 2. Combination of physical and black box model.

Black-Box Model

Black-box models are used for SI Engine calibration purposes, either because it is im-
possible to model some engine parts theoretically due to the lack of knowledge about some
parameters, or when the construction time of a non-linear physical model is incompatible
with engine development time, making the white-box modeling impracticable [31]. So,
given the importance of Black-box models, building accurate models attracted the research
community’s interest in recent years.

In 1996, a study conducted by Nicolao et al. [32] investigated the effectiveness of using
the black-box model to model the volumetric efficiency of an Internal Combustion Engine.
For this purpose, they compared the additive, polynomial, and two Neural Network
models, the radial basis function, and the multi-layer perceptrons. The study showed that
these black-box models could be successfully used to describe the volumetric efficiency.
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However, the radial basis function (RBF) neural network and the multi-layer perceptrons
(MLP) method performed better than the additive and polynomial models.

Another study conducted by Francesco et al. in 2019 [33] was proposed, as shown in
Figure 3, an ANN-based method for improving the calibration methodology by reducing
bench test activity, acquiring few data. The main advantage of this method is that with these
few data, more detailed virtual engine data can be generated for calibration by using an
RBF Neural Network. The proposed methodology was tested by estimating the volumetric
efficiency and showing that acceptable calibration performance was reached, even after
reducing by 60% experimental data commonly acquired for calibration.

Figure 3. Scheme of the improved calibration methodology.

In addition to the ANN engine modeling method, the Support Vector Machine (SVM)
has been investigated for modeling an Internal Combustion Engine used to predict engine
performance and emissions [34,35]. The SVM algorithm is a machine learning method,
which was introduced in 1963 by Vladimir N. Vapnik and Alexey Ya. Chervonenkis. SVMs
are used as supervised learning methods for regression, classification, and outlier detection.
For this reason, they can be used for complex modeling relationships between input and
output without a direct physical understanding of the system. In 2020, Norouzi et al. [36]
used the SVM to develop a Model Oder Reduction algorithm to predict the steady-state of
brake mean effective pressure and NOx emission of a medium-duty diesel. They compared
their approach with a two-layer (three neurons in the hidden layer) feed-forward back-
propagation neural network trained with the Levenberg–Marquardt training method. This
comparison shows that the SVM approach is more accurate and faster than the ANN
approach. However, it is essential to note that the ANN architecture (the number of layers
and neurons) used for this comparison was chosen based on another similar study [37,38].

2.2. Artificial Neural Network Architecture Optimization

ANNs are generally defined by their kind of neuron, architecture, learning algorithm,
and recall algorithm [39]. The ANN architecture comprises an input layer, one or more
hidden layers, and an output layer, which describes how neurons are connected and can be
classified into two major categories: feedforward and feedback architecture. Depending on
the problem to be solved, a suitable number of hidden layers and neurons in each layer has
to be set, since it affects the ANN performance. However, there is no theory-based method



Energies 2022, 15, 6587 5 of 23

to find this value, and therefore, meta-heuristics algorithms have been successfully used to
find an optimal ANN architecture configuration.

In 2010, Carvalho et al. [8] investigated four optimization algorithms (the Generalized
Extremal Optimization, the Variable Neighborhood Search, Simulated Annealing, and
canonical genetic algorithm) to propose a new adaptable method for optimizing a feedfor-
ward neural network architecture. The ANN’s architecture parameters that were optimized
were: the function activation (Tanh, sigmoid, log, Gaussian), the hidden layers (from 1 to
3), and the neurons in each hidden layer (from 1 to 32). Their study was conducted based
on standard benchmark data sets from the machine learning repository of the University of
California Irvine. It showed that the Variable Neighborhood Search and the Genetic Algo-
rithm performed better than the others. Despite the computational cost, this methodology
was more efficient than the trial and error method for designing an ANN architecture.

The following section presents our proposed methodology for modeling an Internal
Combustion Engine using a Feedforward ANN and the Genetic Algorithm.

3. The Proposed Methodology

The proposed methodology in this paper is described in Figure 4. It aims to present an
adaptable method to enhance, using the genetic algorithm, the accuracy of a feedfoward
ANN engine black-box model for tuning development purposes. Therefore, we begin by
defining the ANN architecture’s parameters to be optimized. In this paper, we will consider
the findings shown in Table 2. The following parameters are the transfer function, the layer
number, the number of nodes in each layer, and the epoch number.

Figure 4. The process of virtual modeling for a spark ignition engine through ANN + GA.

Table 2. ANN architecture properties optimized.

Architecture’s Parameter Values

Hidden layers {1, 2, 3, 4, 5}
Neurones in the first layer {1, 2, 3, . . . , 40}
Neurones in the second layer {1, 2, 3, . . . , 40}
Neurones in the third layer {1, 2, 3, . . . , 40}
Neurones in the fourth layer {1, 2, 3, . . . , 40}
Neurones in the fifth layer {1, 2, 3, . . . , 40}
Epoch {1, 2, 3, . . . , 1000}
Transfer Function in each layer {elliotsig, logsig, radbas, tansig}

Then, the meta-heuristic algorithm generates an initial possible solution set (popula-
tion) with a quasi-random number generator (QRNG). The use of QRNGs was motivated by
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the property that these generators have to minimize the discrepancy between the distribu-
tion of the generated points, enabling them to present better results in solving optimization
problems using GA compared to pseudo-randomly generated sequences [40].

Next, each ANN architecture of the initial population is evaluated using the test bench
data. These data are represented by a matrix X[i, j]. Since the signals can have different
orders of magnitude, the matrix X[i, j] is standardized in an interval [a, b] to minimize the
error during ANN training using Equation (1).

Xi,j =
(a− b) ∗ Xi,j −min(Xj)

max(Xj)−min(Xj) + b
(1)

Once the data are standardized, the ANNs are fed with the input signals to be trained
with a supervised learning algorithm, and their performances are evaluated. The perfor-
mance of ANNs is usually assessed using error metrics. The most common metrics are
the Mean Absolute Error (MAE), the Mean Square Error (MSE), the Root Mean Square
Error (RMSE), and the Mean Absolute Percent Error (MAPE) given by the Equations (2)–(5),
respectively, where n represents the number of data, y the effective value, and t the value
estimated by the ANN [41].

MAE =
1
n

n

∑
i=1
| yi − ti | (2)

MSE =
1
n

n

∑
i=1

(yi − ti)
2 (3)

RMSE =

√
1
n

n

∑
i=1

(yi − ti)2 (4)

MAPE =
100
n

n

∑
i=1

| yi − ti |
yi

(5)

After evaluating all architectures, the next generation of architectures is generated by
the meta-heuristic algorithm, and so on, until the optimum architecture is found.

3.1. Feedforward Artificial Neural Network

The Multilayer feedforward network, most commonly called Multilayer Perceptron
(MLP), is a class of neural networks that are characterized, as represented in Figure 5, by an
input layer, one or more hidden layers, and an output layer. In the MLP, the input signal
in the input layer passes through the network, neurons by neurons from left to right, in a
forward direction. Neurons are a non-linear function given by (6), where f, xi and wi are
the activation function, the variables, and synaptic weights, respectively. Table 3 shows the
equations of the activation function investigated in this paper.

yi = f (w0 + Σn−1
i=1 wixi) (6)
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Figure 5. MLP Feedfoward Neural Network Architecture.

Table 3. Activation Functions.

Activation Function Equation

Elliot symmetric sigmoid f (u) = u
1+|u|

Log-Sigmoid f (u) = u
1+e−u

Radial basis f (u) = e−u2

Tan-Sigmoid f (u) = 2
1+e−2u − 1

Several complex problems have been solved by training MLPs in a supervised manner
with an error back-propagation learning algorithm that occurs in two steps. The first step
consists of applying, in the input layer, a set of input data that propagate, layer by coating
from left to right, through the network to produce a set of outputs. During this step (the
forward pass), all synaptic weights of the network are fixed. In the second step, an error
signal calculated by the Equation (7) propagates backward from right to left to adjust
synaptic weights to make the network response move closer to the desired response.

ei(n) = ti(n)− yi(n) (7)

In this study, to train the MLP, two supervised algorithms have been investigated: the
Levenberg–Marquardt backpropagation and the Bayesian regularization backpropagation.

3.1.1. Levenberg–Marquardt Backpropagation

The Levenberg–Marquardt algorithm is a well-known method used in non-linear least-
squares problems [42], in which, given a set of m empirical pairs (xi, yi) of independent
and dependent variables, the parameters β of the model curve f (x, β) can be found, so that
the sum of the squares of the deviations S(β) is minimized:

β̂ ∈ argminβ S(β) ≡ argminβ

m

∑
i=1

[yi − f (xi, β)]2, (8)

which is assumed to be non-empty.
The Levenberg–Marquardt method is the combination of the gradient descent method

and the Gauss–Newton method. In the first one, the sum of the squared errors is reduced
by updating the parameters in the steepest-descent direction. In the last one, the sum of the
squared errors is reduced by assuming the least-squares function is locally quadratic in the
parameters and finding the minimum of this quadratic [43].

Therefore, the Levenberg–Marquardt algorithm refers to a variation of quasi-Newton’s
method designed for minimizing functions to approach second-order training speed with-
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out needing to compute the Hessian matrix. When the cost function is a sum of squares,
which is a cost widely used in training feedforward networks, the Hessian matrix can be
approximated as H = JT J, and the gradient can be computed as g = JTe. Note that J
is the Jacobian matrix that contains the first derivatives of the network errors related to
the weights and biases, and e is a vector of network errors. The Levenberg–Marquardt
algorithm uses these approximation to the Hessian matrix in the following Newton-like
update: xk+1 = xk − [JT J + µI]−1 JT . Note that when the scalar µ is equal to zero, xk+1 is
just Newton’s method, using the approximate Hessian matrix.

This is very well suited to neural network training, where the performance index is
the mean squared error. If each target occurs with equal probability, the mean squared
error, given by F(x), is proportional to the sum of squared errors over the Q targets in the
training set.

The basic algorithm for the numerical optimization of a performance index is

xk+1 = xk − A−1
k gk (9)

where Ak ≡ 52F(x) |x=xk is the weight matrix and gk ≡ 5F(x) |x=xk is the negative of
the gradient.

Let us assume that F(x) is a sum of squares function:

F(x) =
N

∑
i=1

v2
i (x) = vT(x)v(x) (10)

then, the jth element of the gradient would be

[5F(x)]j =
∂F(x)

∂xj
= 2

N

∑
i=1

vi(x)
∂vi(x)

∂xj
(11)

The key step in the Levenberg–Marquardt algorithm is the computation of the Jaco-
bian matrix

∆F(x) = 2JT(x)v(x) (12)

where the Jacobian matrix is given by

J =


δv1(x)

δx1

δv1(x)
δx2

· · · δv1(x)
δxn

δv2(x)
δx1

δv2(x)
δx2

· · · δv2(x)
δxn

...
...

...
δvN(x)

δx1

δvN(x)
δx2

· · · δvN(x)
δxn

 (13)

The next step consists of figuring out the Hessian matrix, in which the k, j the element
of the Hessian matrix would be

[52F(x)]k,j =
∂2F(x)
∂xk∂xj

(14)

[52F(x)]k,j = 2
N

∑
i=1
{∂vi(x)

∂xk

∂vi(x)
∂xj

+ vi(x)
∂2vi(x)
∂xk∂xj

} (15)

Then, the Hessian matrix can be approximated as

∆2F(x) ≈ 2JT(x)J(x) (16)
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The Levenberg–Marquardt algorithm given by Equation (17) is then obtained by
replacing Equations (12) and (16) in Equation (9)

∆xk = −[JT(xk)J(xk) + µI]−1 JT(xk)v(xk) (17)

3.1.2. Bayesian Regularization Backpropagation

First of all, Bayesian inference is a method of statistical inference in which Bayes’
theorem is used to update the probability of a hypothesis as more evidence or information
becomes available. It allows the posterior probability to be derived as a consequence of
two antecedents: a prior probability and a “likelihood function” derived from a statistical
model for the observed data.

P(H | E) =
P(E | H) · P(H)

P(E)
(18)

where H stands for any hypothesis, P(H) is the prior probability, E is the evidence, P(H | E)
is the posterior probability, P(E | H) is the probability of observing E given H, and P(E) is
sometimes termed the marginal likelihood or “model evidence”.

Bayesian regularization minimizes squared errors and weight and then determines
the correct combination to produce a network that generalizes well.

When applying Bayes’ theorem to ANN, the probability function is defined as:

P(x | D, α, β, A) =
P(D | x, β, A)P(x | α, A)

P(D | α, β, A)
(19)

where:
D represents the set of data used during training,
x is a vector that contains all weights,
A represents the architecture class of the network, and
α, β are parameters associated with the density probabilities P(D | x, β, A) P(x | α, A).
The performance index used by the algorithm to train the ANN is given by the square

sum of the weights of the EW network and the average sum of the ED network errors.

F(x) = βED + αEW (20)

where,

ED = Σn
i=1ei(n)2 (21)

and

EW = Σn
i=1w2

i (22)

This index is then minimized using the Levenberg–Marquardt algorithm and the
parameters α and β, estimated by the density probability P(α, β | D, A) to achieve con-
vergence. This procedure makes the Bayesian regularization backpropagation slower
compared to Levenberg–Marquardt backpropagation, but more robust and less susceptible
to suffering from overfitting [44].

3.2. ANN Architecture Optimization by Genetic Algorithm

Several engine black-box models have to be built during a tuning development process.
Then, it os necessary to find a suitable ANN architecture to ensure acceptable accuracy.

The optimization process using GA, as shown in Algorithm 1, begins by randomly
generating the initial individual with the Halton Quasi-Random Point Set. An individual
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is represented by a set of genes that are the information that defines him, as shown in
Figure 6. For the representation of the genes, decimal coding was used, where the numbers
of layers, neurons, and epochs receive their corresponding values. Each of the activation
functions of the set {elliosig, logsig, radbas, tansig} were associated, respectively, with the
natural numbers in the set {1, 2, 3, 4}.

Algorithm 1 Genetic Algorithm Pseudo-Code
1: S←− Population size
2: Define the percentage of the population that remains for the next generation
3: Define the mutation rate
4: Generate an initial individuals through Halton quasi-random set
5: while individual <S do
6: Evaluate the fitness of each individual
7: end while
8: Best_Ind←− The best individual
9: Best_Fit←− The best fitness
10: while stopping criteria are not met
11: Rank selection
12: Crossover
13: Individuals←− offspring
14: Mutation
15: Best←− Best Individual
16: if Best ≥ Best_Ind
17: Best_Ind←− Best
18: end if
19: end while
20: Return←− Best_Ind

Each individual, an ANN architecture, represents a possible solution for the engine
modeling problem and has obtained its fitness. Since we analyze the ANNs performance
using the Mean Squared Error (MSE) and MSE ≥ 0, the fitness of each individual can be
defined by:

Fitness =
1

1 + MSE
(23)

The next step consists of selecting the individuals who will perform the crossover. The
selection method implemented in this study is the rank selection, where, after sorting the
individuals based on their fitness, they receive a rank n, n ∈ {1, 2, . . . , N}, where N is the
population size. The individual with the best fitness receives N, the worst receives 1, and
then the likelihood of an individual i to be selected is given by:

p(i) =
rank(i)

N ∗ (N − 1)
(24)

This selection method is robust, maintaining constant pressure in the evolutionary
search, but leads to a slow convergence [45].

Once the parents are selected, the offspring are generated using the crossover and mu-
tation operator. The new individuals’ fitness is evaluated, and the best unique individuals
replace the worst individuals in the population.
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Figure 6. Example of genes of two mates and their offspring.

4. Experimental Setup

The engine calibration is performed based on data generated from engine bench tests.
Some of these tests take weeks to complete. Therefore, given a calibration task, modeling
the engine bench test parameters effectively from reduced data could help reduce the
project time, eliminating the need to generate more data. To perform the experiment, we
chose the engine’s model in Figure 7. This model’s parameters were used to calibrate the
injection parameters, in which the bench test took around five weeks.

At the engine test bench, we performed a data acquisition of a 1.0 L three-cylinder
engine with the following operation points: Engine speed from 1000 rpm to 5800 rpm,
intake and exhaust Variable Valve Timing (VVT) from minimum to maximum angles. A
slow dynamic ramp of intake manifold pressure was performed at each condition from
200 hPa to 1000 hPa to measure all engine fields. The test bench automation system
controlled the ignition spark angle to give CA50 = 8° (Best Consumption) or the minimum
value that respect knock and cylinder pressure engine limits. The bench automation system
controlled the fuel injection that gives lambda one or minimum fuel enrichment to respect
the exhaust temperature engine limit. This dynamic acquisition allows the test time to
be considerable.

The Figure A1 below shows the acquisition points overview, where each “x” point
represents about 43 acquisition points of manifold pressure from 200 hPa to 1000 hPa in
steps of 20 hPa. Some points, in yellow, were not recorded due to engine combustion insta-
bility, in the form of low engine speed and extreme VVT positions. A total of 16,627 points
was recorded, quantifying the entire engine field as a function of engine speed, manifold
pressure, and VVT angles.
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Figure 7. ANN architecture.

To evaluate the artificial neural network learning precision and its accuracy in model-
ing the engine’s dynamic, two input files were created with 65% and 43% of total acquisition
data. To build the ANNs models, each of these data sets (65% and 43% of total acquisition
data) was split into 75% for training, 10% for validation to avoid overfitting, and 15% for
testing when using the Levenberg–Marquardt backpropagation algorithm. However, when
using the Bayesian regularization backpropagation algorithm, the data split was 85% for
training, 0% for validation because of the lack of need for validation data, since it is difficult
to overtrain and overfit using this algorithm [46], and 15% for testing. The objective was to
calculate the percentage of points with error within the criterion of acceptance of estimation
errors for engine calibration purposes, according to Table 4.

Table 4. Model validation criteria.

Variable Max. Desired Absolute Error Max. Relative Absolute Error

FIM NA <5%
Torque <3 Nm NA

Advance <1.25° NA
Lambda <0.015 NA

Since the tests performed on the test bench are always in standard conditions of intake
air temperature [25 °C] and coolant temperature [90 °C], it was not considered input. The
following parameters were used, as shown in Figure 7, as input for the ANN model: Engine
Speed, Intake Manifold Pressure, Intake VVT Angle, and Exhaust VVT Angle.

One of the challenges when performing optimization with GA is setting the parameters.
The population size, for example, affects the quality of the solution and the computation
time [47]. In other words, a large population leads to more computation time, while a
too-small population leads to a poor solution. Due to the time constraints in the engine
turning development process, the search for an optimal ANNs architecture by GA must be
performed in a tolerable time. To meet this performance and computational cost tradeoff,
the genetic algorithm was configured for 50 individuals per generation to optimize the ANN
architecture. The percentage of individuals remaining for the next generation was 50%, and
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the mutation rate was set to 8%. All the simulations and results below were performed on
a notebook with 32 GB of ram and an intel i5-6446HD processor that clocked at 3.08 GHz.
Due to the processing time, the optimization of the architectures using the Levenberg–
Marquardt backpropagation training algorithm was performed over 16 generations and
five generations for optimization of the architectures using the Bayesian regularization
backpropagation as a training algorithm.

5. Experimental Results

Firstly, we can see the performance of fitness evolution training of integrated ANN
and GA. This shows us the best method in terms of the best configuration and performance
in the training process. Since we have a vast amount of architecture which are used in
training, the best statistical tool for analysis is the box plot or boxplot (also known as a box
and whisker plot). This is a chart often used in descriptive data analysis, which visually
shows the distribution of numerical data and skewness by displaying the data quarterlies
(or percentiles) and averages. Figure 8a,b present, respectively, the fitness evolution training
of two ANN, Levenberg–Marquardt and Bayesian regularization backpropagation, and
using GA ranking selection method for both cases.

(a) (b)

Figure 8. Box plot of the fitness evolution training ANN with: (a) Levenberg–Marquardt backpropa-
gation, (b) Bayesian regularization backpropagation.

Figure 8a is a boxplot graph that shows the fitness evolution of trained architectures
using the Levenberg–Marquardt backpropagation algorithm. It might be observed that
there was stabilization in the dispersion of the fitness of individuals from the fifth generation
onwards, with the greatest fitness within those generations being obtained in the ninth
generation, with fitness equal to 0.849. The greatest dispersion of fitness was observed in
the initial generation, where the worst configuration found had a fitness equal of 0.004. In
contrast, the best configuration within that generation had fitness equal to 0.74.

Figure 8b is a boxplot graph that shows the fitness evolution of the architectures trained
using the Bayesian regularization backpropagation algorithm. There is a convergence trend
from the fifth generation, where the best individual had fitness equal to 0.98. The greatest
dispersion of fitness using this algorithm was observed in the initial generation, where the
worst individual had fitness equal to 4.65−7. In contrast, the best individual had fitness
equal to 0.96.

Table 5 shows the best ANN configuration found for each training algorithm, the
fitness, and the MSE (Mean Square Error) of the ANNs in these configurations. Throughout
the text, the first algorithm refers to Levenberg–Marquardt, and the second is referred to as
Bayesian-Regularization. The numbers of layers equal to five, and the number of neurons
are, respectively, {33− 32− 39− 17− 33} for the first algorithm and {33− 32− 39− 38−
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30} for the second algorithm. The first algorithm takes 25 h and 12 min to complete the
16 generations, whereas the second algorithm takes 203 h and 43 min to complete the
5 generations. In terms of the run time execution, the first algorithm is shown to have a
better performance. However, the results show, according to the MSE, that the Bayesian
regularization is the one that that fits the data better.

Table 5. The best configuration found for each training algorithm.

Algorithm
Best Configuration Performance

Number of
Layers Number of Neurons Epoch Activation Function in

Each Layer MSE Fitness

Levenberg–Marquardt 5 33− 32− 39− 17− 33 49 tansig in the first four layer and
radial basis in the fifth layer 0.18 0.85

Bayesian regularization 5 33− 32− 39− 38− 30 758 Elliot symmetric in all layers 0.02 0.98

Figure 9a,b present the histogram of errors and the regression of the best ANN config-
uration during the training phase, respectively, using the Levenberg–Marquardt backprop-
agation. These graphs show that the neural network correlated the input variables of the
network very well with the output variables, since the general regression was 0.99842. It
is also observed by the histogram of errors that the vast majority of errors were close to 0,
showing that the algorithm was effective at minimizing the performance index based on
the adjustment of the ANN weights; that is, learning.

(a) (b)

Figure 9. (a) Histogram of errors and (b) regression during ANN training using the Levenberg–
Marquardt backpropagation.

During the training phase using the Bayesian regularization backpropagation, as
shown in Figure 10, the general regression was equal to 0.99901, which shows that the
neural network also correlated the network input variables with the output variables very
well. It is also observed, via the histogram of errors, that the vast majority of errors were
close to 0, showing that the algorithm was effective at minimizing the performance index
based on the adjustment of the ANN weights; that is, learning.
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(a) (b)

Figure 10. (a) Histogram of errors and (b) regression during ANN training using the Bayesian
regularization backpropagation.

Then, using the best configuration found from each learning algorithm, we created
four ANNs. Two ANNs were created with the Levenberg–Marquardt backpropagation
using 43% and 65% of data, and two ANNs were created with the Bayesian regularization
backpropagation using 43% and 65 % of data. Those ANNs were used to simulate the
output parameters of total acquisition points obtained in the bench test to evaluate the
capacity for predicting the points that were not used for ANN training. The results precision
are summarized in Tables 6 and 7.

Table 6. Precision of ANN trained with 43% of points.

Error Estimation

Variables Metrics Levenberg–Marquardt Backpropagation Bayesian Regularization Backpropagation

FIM
Relative error <1% <2% <3% <4% 5% 1% 2% 3% 4% 5%

% of points 36.94 53.77 63.88 71.06 76.73 67.81 83.77 89.75 92.60 94.47

Ignition advance
Absolute error 0.25° 0.5° 0.75° 1° 1.25° 0.25° 0.5° 0.75° 1° 1.25°

% of points 26.17 43.23 53.50 60.14 64.80 49.87 68.73 76.40 81.33 84.75

Lambda
Absolute error 0.005 0.0075 0.01 0.0125 0.015 0.005 0.0075 0.01 0.0125 0.015

% of points 82.29 89.80 92.85 94.77 95.80 82.87 88.96 91.58 92.97 94.05

Lambda
Absolute error 1 Nm 1.5 Nm 2 Nm 2.5 Nm 3 Nm 1 Nm 1.5 Nm 2 Nm 2.5 Nm 3 Nm

% of points 55.30 65.42 72.08 77.00 80.66 84.34 90.58 93.61 95.47 96.49
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Table 7. Precision of ANN trained with 65% of points.

Error Estimation

Variables Metrics Levenberg–Marquardt Backpropagation Bayesian Regularization Backpropagation

FIM
Relative error <1% <2% <3% <4% 5% 1% 2% 3% 4% 5%

% of points 53.41 73.00 81.14 86.41 90.10 85.32 95.05 97.79 98.86 99.31

Ignition advance
Absolute error 0.25° 0.5° 0.75° 1° 1.25° 0.25° 0.5° 0.75° 1° 1.25°

% of points 32.60 55.65 68.89 76.67 81.30 60.59 83.41 91.19 94.59 96.17

Lambda
Absolute error 0.005 0.0075 0.01 0.0125 0.015 0.005 0.0075 0.01 0.0125 0.015

% of points 89.23 94.13 95.96 97.05 97.62 92.99 95.69 96.87 97.44 97.94

Lambda
Absolute error 1 Nm 1.5 Nm 2 Nm 2.5 Nm 3 Nm 1 Nm 1.5 Nm 2 Nm 2.5 Nm 3 Nm

% of points 72.45 82.55 87.95 91.11 93.07 95.75 98.11 98.93 99.24 99.41

These results show that, by using 43% of data, the percentage of points that were within
the acceptance criteria for the fuel injection mass, applied ignition advance, lambda, and
torque, by training the ANN with the algorithm Levenberg–Marquardt backpropagation,
were 76.73%, 64.80%, 95.80%, and 80.66%, respectively. However, with the same amount
of data, the percentage of points was 94.47%, 84.75%, 94.05%, and 96.49% when training
the ANN with the Bayesian regularization backpropagation algorithm. Moreover, by
using 65% of data, the percentage raised for 90.10%, 81.30%, 97.62%, and 93.07% when
training the ANN with the Levenberg–Marquardt backpropagation algorithm, and for
99.31%, 96.17%, 97.94%, and 99.41% when training the ANN with the algorithm Bayesian
regularization backpropagation.

These results show that even using only 43% of data, the SI Engine can be effectively
modeled with high accuracy by training the ANN with the Bayesian regularization back-
propagation. Moreover, the Figure A2 shows the distribution of points where the fuel
injection mass prediction error was higher than 3% when we simulated all Engine fields
using the ANN model created with 65% of data. It is possible to confirm that simulation
error was not concentrated in the region where data were not used to train the ANN, which
gives them confidence that good modeling was achieved. Furthermore, high errors were
observed at low engine speed, likely because of the high instability at this operation point.

To make a more profound investigation of the results, some results were plotted with
ANN generated by Bayesian Regularization backpropagation with 65% of data as input to
check the coherence of modeling and the physical behavior. Figure 11 shows the acquired
data versus ANN simulation of VVT’s parabolic fuel injection in the function of the VVT
Exhaust at engine speed and VVT Intake, where the data were not used to create the
ANN model in 540 mbar. It is possible to confirm that the learning profile is according the
physical behavior.

Moreover, to check the capacity of the ANN for predicting the points that were not
used to train the model, Figure 12 shows the acquired data versus ANN simulation versus
the data used to create ANN in function of engine speed at 540 mbar. It is possible to
confirm that the learning profile is according to the physical behavior, and the ANN can
correctly predict the points that were not used to train. The relative errors between acquired
data and ANN simulation are shown in Figure 13.

To check the capacity of ANN prediction, the physical behavior and the extrapolation
capacity was simulated the fuel injection as a function of exhaust VVT angle in steps of 1°.
It was possible to check, as shown in Figure 14, that all points in the range of measured data
respect the parabolic profile, giving us confidence that accurate modeling was performed.
The extrapolation worked well: only 10° higher than the maximum measured exhaust
VVT angle. Values higher than that diverged from the parabolic profile. It is impossible to
confirm if the model correctly predicted the overlap effect in intake mass flow or if it was
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a measurement error because the engine presented high combustion instability at these
points. It was not possible to measure it.

(a) (b)

(c) (d)

(e) (f)

Figure 11. Fuel Injection Mass vs. VVT Exaust in 540 mbar and (a) Engine Speed =
1000 rpm/VVT_Intake = 10, (b) Engine Speed = 1000 rpm/VVT_Intake = 30, (c) Engine Speed
= 3100 rpm/VVT_Intake = 20, (d) Engine Speed = 3100 rpm/VVT_Intake = 40, (e) Engine Speed =
5800 rpm/VVT_Intake = 10, (f) Engine Speed = 5800 rpm/VVT_Intake = 30.
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(a) (b)

(c) (d)

(e) (f)

Figure 12. Fuel Injection Mass vs. Engine Speed in 540 mbar and (a) VVT_Exaust = 0/VVT_Intake = 10,
(b) VVT_Exaust = 20/VVT_Intake = 10, (c) VVT_Exaust = 40/VVT_Intake = 10, (d) VVT_Exaust =
0/VVT_Intake = 40, (e) VVT_Exaust = 10/VVT_Intake = 40, (f) VVT_Exaust = 20/VVT_Intake = 40.
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Figure 13. Fuel Injection Mass’ Relative Error Graph.

(a) (b)

Figure 14. ANN’s extrapolation capacity of the fuel injection as function of exhaust VVT angle
in steps of 1° (a) using Levenberg–Marquardt backpropagation and (b) using Bayesian regulariza-
tion backpropagation.

6. Conclusions

Spark Ignition Engine is a complex thermal machine. The virtualization might help
us to better figure out its behavior and enable development of control algorithms and
management systems in terms of accuracy and precision. The artificial neural network is a
powerful tool that models the physical system.

The present work had the objective of proposing a versatile method for auto-modeling
an Engine Black-Box model based on a feedforward Artificial Neural Network for tuning
development purposes. We evaluated and compared the performance in terms of accuracy
and computational cost; two neural network training functions: Levenberg–Marquardt
backpropagation and Bayesian regularization backpropagation, made available by the Mat-
lab Neural Network Toolbox, were investigated. The genetic algorithm was implemented
for optimization purposes to find an ANN architecture that provides a virtual model of the
engine with an acceptable estimation rate of the variables to be modeled.

To assess our proposed methodology, the following parameters were used as input for
the ANN model: Engine Speed, Intake Manifold Pressure, Intake VVT Angle, and Exhaust
VVT Angle. The model’s outputs were: fuel injection mass, lambda, torque, and applied
ignition advance. The results obtained show that our method has excellent potential for
the development of virtual models of internal combustion engines since, using only 43%
of the data from the entire engine field to train the ANN, the best model found when
simulating the entire field of the engine, our model met 94.47%, 84.75%, 94.05%, and 96.49%
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of the acceptance criteria for the fuel injection mass, applied ignition advance, lambda, and
torque, respectively, by training the ANN with Bayesian regularization backpropagation.
Experimental outcomes were presented in this paper, demonstrating the efficiency of our
approach and showing that the genetic algorithm, in an acceptable time, can effectively
optimize the ANN engine model. The ANN trained using the Bayesian regularization
backpropagation is more accurate and reliable than the ones trained using the Levenberg–
Marquardt backpropagation.

For future work, one can first implement other selection methods within GA to
assess the method that performs best. Different types of meta-heuristic algorithms, such
as PSO and DE, can also be implemented to optimize the neural network architecture
to determine the algorithm that presents the best result and compare their respective
computational costs.
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AFR Air–fuel ratio.
ANN Artificial Neural Network.
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DE Differential Evolution.
ECU Engine Control Unit.
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MAE Mean Absolute Error.
MAPE Mean Absolute Percent Error.
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Appendix A

Figure A1. Acquisition points.

(a)

Figure A2. Cont.
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(b)

Figure A2. Distribution of points where the fuel injection mass prediction erro was higher than 3%
(a) Levenberg–Marquardt backpropagation, (b) Bayesian regularization backpropagation
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