
* Corresponding author: Mahnaz Zameni 

Copyright © 2024 Author(s) retain the copyright of this article. This article is published under the terms of the Creative Commons Attribution Liscense 4.0. 

Estimation of the mean effective pressure of a spark ignition internal combustion 
engine using a neural network, considering the wall-wetting dynamics 

Mahnaz Zameni 1, *, Mahdi Ahmadi 2 and Arash Talebi 3 

1 Department of Computer Science, Azad University of Sari, Mazandaran, Iran. 
2 Department of Mechanical Engineering, University of Gilan, Rasht, Gilan, Iran. 
3 Department of Mechanical Engineering, Shomal University, Amol, Mazandaran, Iran. 

Global Journal of Engineering and Technology Advances, 2024, 19(02), 010–018 

Publication history: Received on 22 March 2024; revised on 28 April 2024; accepted on 01 May 2024 

Article DOI: https://doi.org/10.30574/gjeta.2024.19.2.0073 

Abstract 

The management and development of internal combustion engines stand as critical pursuits within the automotive and 
related industries. Utilizing cylinder pressure as feedback, engine controllers rely on intricate systems to regulate 
performance. However, due to the inherent complexity and nonlinearity of engines, direct measurement of cylinder 
pressure through pressure sensors is costly and computationally demanding. Consequently, the need for accurate and 
detailed engine models becomes paramount. Neural networks offer a promising avenue for simulating internal 
combustion engines, combining speed and precision. By treating the engine as an enigmatic entity, neural networks can 
construct detailed models. This study aims to employ two types of neural networks—multilayer perceptron and radial 
basis functions—to train and build a model of an internal combustion engine. These networks will simulate and estimate 
the engine's mean suitable pressure, allowing for a comparison of their effectiveness. Prior to implementing the neural 
network architecture, an engine model was constructed in MATLAB to gather necessary training data. This preliminary 
step ensured a robust foundation for subsequent network design and implementation. In summary, this research 
focuses on leveraging neural networks to model internal combustion engines, utilizing both multilayer perceptron and 
radial basis functions to simulate engine behavior and estimate mean suitable pressure. 
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1. Introduction

In recent years, excessive consumption of fossil fuels and greenhouse gas emissions has been a significant global 
challenge. Consequently, renewable sources of energy are widely used [1-5]. A large percentage of fuel consumption 
and pollutant generation are related to internal combustion engines. This has led to efforts to achieve cleaner and more 
intrusive internal combustion engines. Before the oil crisis of the 1970s, significant people were only mindful of the easy 
use of cars and convenience, and no one thought about pollution and fuel consumption [2, 3, 6-9]. In recent years, air 
pollution has become one of the significant problems in the world, causing the pollution of cars to be limited and making 
its control a significant issue in the policy of car manufacturers [10-13]. 

Applying a suitable control method, improvements, and tuning to the vehicle engine can control pollution and reduce 
fuel consumption [14-18]. This makes it much easier and less costly if you have a precise model of that engine. In fact, 
instead of testing the engine and obtaining experimental data in the laboratory, which is very time-consuming and 
expensive, the obtained model can be used as a virtual engine and a platform for collecting the required experimental 
data. You can also apply the designed controller or the desired improvements and tunings to the model and see the 
result [19-22]. 
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An accurate model with an acceptable response time is desirable and, of course, complex and challenging. First, the 
engine dynamics are nonlinear and complex [15, 23-28]. Second, engine dynamics consist of extensive operating 
conditions. Linearization methods should often use multi-dimensional correction coefficients. On the other hand, there 
are two different aspects of each software model: the accuracy of the model and the speed of simulation and calculation, 
so each one must be ignored slightly to reach the other one. Considering all of the mentioned issues, neural networks 
are an attractive option for modeling internal combustion engines [15, 23, 29-34]. 

In this investigation, a model of the internal combustion engine is developed using the MLP (Multilayer perceptron) 
neural network to estimate the mean adequate pressure of the engine. Before training the neural network, a discrete 
engine model has been developed and validated to use as a platform and obtain the data needed to train the neural 
network. The reason is that for training the neural network, a large amount of data is often needed, which can push the 
engine under too much pressure or cause it to enter a dangerous running area. Using a model of the engine with the 
same function makes it possible to prevent excessive pressure on the engine. 

2. Collecting the Experimental Data 

A large number of experimental data from the system is usually needed to train a neural network, which is derived from 
a discrete-time model in this investigation. This model is developed based on experimental data obtained from the 
Ricardo Engine in the thermodynamic lab of the Faculty of Mechanical Engineering, Amir Kabir University of 
Technology. 

3. Model Equations 

The engine can be considered a chamber where the mass flows into it and another stream flows out. Using the balance 
of mass and energy, the first law of thermodynamics, and the assumption of an ideal gas, we can write system differential 
equations for measurable variables P and V. 

{
𝑑𝑝(𝑡)

𝑑𝑡
=

𝑅.𝑣

𝑉
[𝑚̇𝑖𝑛(𝑡) − 𝑚̇𝑜𝑢𝑡(𝑡)]

𝑣(𝑡) = 𝑣𝑖𝑛(𝑡)         
…………(1) 

In which p is the pressure, t is the time, 𝑅 is the universal gas constant, 𝑣 is the temperature, 𝑣𝑖𝑛 is the inlet temperature, 
𝑉 is the volume, 𝑚̇𝑜𝑢𝑡  is the mass flow of the output and 𝑚̇𝑖𝑛  is the mass flow of the input. Usually, the flow passes 
through a valve or an orifice. It is assumed that there is no friction, and the system is completely isolated. The engine 
can also be considered as a pump, and an equation for this model is as follows, in which the total flow of mass sucked 
by the engine is determined. 

𝑚̇(𝑡) = 𝜌𝑖𝑛(𝑡). 𝑉̇(𝑡) 

   = 𝜌𝑖𝑛(𝑡). 𝜆𝑙(𝑝𝑚 , 𝜔𝑒).
𝑉𝑑

𝑁
.

𝜔𝑒(𝑡)

2𝜋
………………………(2) 

In which 𝜌𝑖𝑛 is density, 𝜆𝑙  is the air-to-fuel ratio, 𝑉𝑑 is the displacement volume, 𝑉𝑑 is engine speed, and 𝑁 is 2 for a four-
stroke engine. This equation determines the total mass sucked by the engine. For fuel-injected engines, a part of m dot 
is the fuel, because of which m dot sub beta, which determines the manifold air flow, will be less than 𝑚̇. By combining 
all the equations, the following equation obtains 𝑚̇𝛽: 

𝑚̇𝛽 =
𝑝𝑚

𝑣𝛽𝑅𝛽
𝜆𝑙(𝑝𝑚, 𝜔𝑒)

𝑉𝑑

𝑁
∙

𝜔𝑒

2𝜋
− 𝑚̇𝜑………………….(3) 

In which β is refers to the ambient condition. Mixture properties are approximated by air properties. With this 
approximation, the error of the calculation for the gasoline is 5%. It is assumed that EGR (Exhaust Gas Recirculation) is 
received directly from the exhaust valve, and there is no delay or dynamic gas mixing. In Figure 1, mass flow rates of the 
engine and EGR are shown in which a, m, γ, eg, β, and ε are stands for air, manifold, engine outlet, exhaust gas, engine 
inlet, and EGR respectively. Mass flow of the exhaust gas is equivalent to the sum of EGR mass flow and manifold inlet 
air mass flow, and the mass flow of fuel. In the outlet, there is little air that is not burned. 
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Figure 1 Engine mass flow [5] 

The total inlet mass of the engine is obtained by assuming the complete mixing of gases in the inlet manifold. By writing 
a mass equilibrium for the manifold, equation (4) is derived: 

𝑑

𝑑𝑡
𝑚𝑚,𝑎(𝑡) = 𝑚̇𝛼(𝑡) − 𝑚̇𝛽,𝑎(𝑡) + 𝑚̇𝜀,𝑎(𝑡) 

𝑑

𝑑𝑡
𝑚𝑚,𝑒𝑔(𝑡) = 𝑚̇𝜀,𝑒𝑔(𝑡) − 𝑚̇𝛽,𝑒𝑔(𝑡)…………………………..(4) 

The manifold pressure is determined by the use of ideal gas law. In equation (4), 𝑚̇𝜀(𝑡) is found by the use of the orifice 
equation and knowing the pressure and temperature of the inlet and outlet manifolds (15). 

3.1. Wall Wetting Dynamics 

By injecting the fuel into the manifold, only a part of it enters the combustion chamber. Part of this injected fuel 
condenses on the manifold walls, the other part is located behind the intake valve, and part of the fuel sticking to the 
wall also evaporates [15]. The following mass equilibrium can be written: 

𝑚̇𝜑(𝑡) = (1 − 𝑘)𝑚̇𝜓(𝑡) +
𝑚𝑓(𝑡)

𝜏
………………….(5) 

𝑑

𝑑𝑡
𝑚𝑓(𝑡) = 𝑘𝑚̇𝜓(𝑡) −

𝑚𝑓(𝑡)

𝜏
……………………..(6) 

In which 𝑚̇𝜓(𝑡) is the mass flow of the injected fuel, 𝑚𝑓(𝑡) is the mass flow rate of the condensed fuel on the walls and 

𝑚̇𝜑(𝑡) is the mass flow rate of the mixture enters the combustion chamber during the intake stroke. In these equations 

parameters 𝑘 and 𝜏 are not constant and depend on temperature and pressure. One of the methods for determining 
these parameters is to assume that they are constant at a given point, which by changing the working point, must be 
defined for new values. The next approach, that is used in this model, is to use the MIT rule to estimate these values at 
any point. The proposed model is invertible, which means that if the fuel level on the wall, 𝑚𝑓 is known, the desired 𝑚̇𝜓 

which has to be injected can be obtained. The wall wetting dynamics is due to the three parts, the evaporation of droplets 
during transportation by air, the decrease in the number of droplets due to joining together and the evaporation of 
liquid fuel on the walls. Total mass flow of the fuel is shown in the following equation. 

𝑚̇𝑓 = (𝑚̇𝜓 − 𝑚̇𝐸𝑉𝐷) − 𝑚̇𝐸𝑉𝐹……………..(7) 

In which 𝑚̇𝜓 is mass flow of the injected fuel, 𝑚̇𝐸𝑉𝐷 is mass flow rate of evaporated fuel to the air from the jet and 𝑚̇𝐸𝑉𝐹  

is mass flow rate of evaporated fuel from the wall. An important point to note is that it is possible to assume fuel injection 
as a continuous action and independent of the time of injection. 

The mass rate of the injected fuel into the combustion chamber is determined by pushing the driver's pedal, as a result 
𝑚𝜓̇ is considered as the input of the system. With these values, there is complete information on the engine's variables. 

Using the thermokinetics relationships, it is possible to calculate the engine's operating characteristics, including its 
mean adequate pressure. 
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4. Discrete Model 

MATLAB has been used to develop the discrete-time model. The diagram of this model is shown in Figure 2. This model 
is used as a virtual engine to collect the data for training the neural network. 

 

Figure 2 Discrete Model Diagram 

Since the neural network can only be used for interpolation and not for extrapolation, the collected data should cover 
all the working areas of the system [15, 23]. The discrete model discussed above is developed considering this. To ensure 
the accuracy of this model, the outputs of about 50 cycles with experimental outputs are compared with the same input 
conditions, the results of which are shown in Figure 3. 

 

Figure 3 Validation of model 

Ensuring the model simulates the engine fairly accurately, its output can train the desired neural networks. It is worth 
noting that although the software model does not have a precision of 100% accuracy in the simulation of the engine. In 
the best case, the neural network will have the same precision in its output estimation. However, this study aims to 
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demonstrate the neural network capabilities in system modeling. Using a model of the engine with the same function 
makes it possible to prevent excessive pressure on the engine. 

The model's inputs are engine speed, inlet temperature, inlet pressure, air-to-fuel ratio, octane number, and EGR. The 
mean adequate pressure of the engine is considered the model's output. 

5. Training the Model 

5.1. Multilayer Perceptron Neural Network 

The multilayer perceptron neural network is the first neural network designed to simulate this engine. This network is 
a powerful tool for simulating various dynamic and static systems. In Figure 4, the architecture of the network 
considered for this model is shown. 

 

Figure 4 The network architecture used to model the Ricardo engine 

Because the system is dynamic, the inputs and outputs of the system will affect the next cycle. Also, system inputs are 
not specific to their corresponding cycle, and their effects are visible in the next cycle or cycles. For this purpose, two 
delays for inputs and outputs are used. This means that in each cycle, the inputs corresponding to that cycle and the 
previous two cycles and the outputs of the previous two cycles are considered as inputs [4, 23, 35, 36]. 

 

Figure 5 Validation the outputs of the multilayer perceptron neural network and the actual outputs for the test data 
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Figure 6 Validation the outputs of the multilayer perceptron neural network and the actual outputs for the train data 

Data was divided into three parts to train the neural network: training, validation, and testing. The test data was not 
used in any training process solely for testing the network trained. The train and test data results are shown in Figures 
5 and 6. In these Figures, the parameter R is the linear regression coefficient between the outputs of the network and 
targets of the network, which are also the outputs of the discrete model for the same input. If the network has 100% 
accuracy, all these points should be placed on the line with the unit gradient that passes from the origin. As shown in 
Figure 5, the linear regression coefficient for the test data, in this case, is equal to 0.98257, which is very close to one, 
which indicates the high accuracy of the result of the designed network for the test data. This coefficient for all data and 
education is 0.99345 and 0.99937, respectively, indicating an excellent network performance. These values are 
displayed in Table 1. Average errors and standard deviations are also shown in these Figures. 

Table 1 Results of modeling with multilayer perceptron neural network 

𝝈 𝝁 RMSE MSE R Data type 

0.138 -0.010 0.138 0.0190 0.983 Test 

0.130 0.000 0.029 0.000 0.999 Education 

0.095 0.000 0.095 0.009 0.993 All Data 

5.2. Radial Basis Function Neural Network 

Radial basis function neural network architecture is different from Multilayer Perceptron. These networks have several 
kernels with linear and nonlinear functions. These networks can approximate any nonlinear function by considering 
the appropriate coefficients for the kernels. These functions and coefficients are determined in the process of training 
the network. In order to evaluate the network performance, minimization of the mean squared error is considered the 
target. The results of training this network are specified in Figure 7. 
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Figure 7 The result of modeling using the radial basis function neural network 

As shown in Figure 7, the error of this network after 500 epochs is similar to that of the multilayer perceptron neural 
network and even works somewhat better than that. However, the time required to train this network is far greater 
than that required to train the multilayer perceptron neural network, suggesting that the multilayer perceptron neural 
network is a better choice. 

6. Conclusion 

For modeling the mean adequate pressure of the Ricardo engine, two types of neural networks, multilayer perceptron, 
and radial basis function, are used, and their results were compared; it was determined that both networks could be 
used to estimate the outputs very well. 

Considering the modeling results, we can well model the mean adequate pressure of internal combustion engines using 
neural networks. However, the time it takes to train the multilayer perceptron neural network is much less, which 
makes it much more desirable to use this network. Such a model can be used to design controllers that use a mean 
adequate pressure as feedback. 

With such a capability, it is possible to estimate other engine operating variables, such as the temperature of the exhaust 
gases or its pressure, to obtain more precise models than the engine and use them to design a turbocharger or exhaust 
catalytic converter. 

Compliance with ethical standards 

Disclosure of conflict of interest 

No conflict of interest to be disclosed. 

References 

[1] Taghavi M, Gharehghani A, Nejad FB, Mirsalim M. Developing a model to predict the start of combustion in HCCI 
engine using ANN-GA approach. Energy Conversion and Management. 2019;195:57-69. 



Global Journal of Engineering and Technology Advances, 2024, 19(02), 010–018 

17 

[2] Taghavi M, Perera LP, editors. Data Driven Digital Twin Applications Towards Green Ship Operations. 
International Conference on Offshore Mechanics and Arctic Engineering; 2022: American Society of Mechanical 
Engineers. 

[3] Taghavi M, Perera LP, editors. Multiple Model Adaptive Estimation Coupled With Nonlinear Function 
Approximation and Gaussian Mixture Models for Predicting Fuel Consumption in Marine Engines. International 
Conference on Offshore Mechanics and Arctic Engineering; 2023: American Society of Mechanical Engineers. 

[4] Taghavi H, El Shafei A, Nasiri A, editors. Liquid Cooling System for a High Power, Medium Frequency, and Medium 
Voltage Isolated Power Converter. 2023 12th International Conference on Renewable Energy Research and 
Applications (ICRERA); 2023: IEEE. 

[5] Taghavi H. Liquid Cooling System for a High Power, Medium Frequency, and Medium Voltage Isolated Power 
Converter [M.S.]. United States -- South Carolina: University of South Carolina; 2023. 

[6] Yildiz Y, Annaswamy A, Yanakiev D, Kolmanovsky I, editors. Adaptive air fuel ratio control for internal 
combustion engines. 2008 American Control Conference; 2008: IEEE. 

[7] Alvandifar N, Saffar-Avval M, Amani E, Mehdizadeh A, Ebrahimipour M, Entezari S, et al. Experimental study of 
partially metal foam wrapped tube bundles. International Journal of Thermal Sciences. 2021;162:106798. 

[8] Aminnia N. CFD-XDEM coupling approach towards melt pool simulations of selective laser melting. 2023. 

[9] Aminnia N, Adhav P, Darlik F, Mashhood M, Saraei SH, Besseron X, et al. Three-dimensional CFD-DEM simulation 
of raceway transport phenomena in a blast furnace. Fuel. 2023;334:126574. 

[10] Aminnia N, Estupinan Donoso AA, Peters B. Developing a DEM-Coupled OpenFOAM solver for multiphysics 
simulation of additive manufacturing process. Scipedia com. 2022. 

[11] Aminnia N, Estupinan Donoso AA, Peters B. CFD-DEM simulation of melt pool formation and evolution in powder 
bed fusion process. 2022. 

[12] Aminnia N, Peters B, ESTUPINAN AA. Multi-Scale Modeling of Melt Pool Formation and Solidification in Powder 
Bed Fusion: A Fully Coupled Computational Fluid Dynamics-Extended Discrete Element Method Approach. 
Available at SSRN 4502227. 

[13] Aminnia N, Shateri M, Gheibi S, Torabi F. Modeling of Two-Phase flow in the Cathode Gas Diffusion Layer to 
Investigate Its Effects on a PEM Fuel Cell. 

[14] Alonso JM, Alvarruiz F, Desantes JM, Hernández L, Hernández V, Molto G. Combining neural networks and genetic 
algorithms to predict and reduce diesel engine emissions. IEEE transactions on evolutionary computation. 
2007;11(1):46-55. 

[15] Desantes JM, Lopez JJ, Garcia JM, Hernández L. Application of neural networks for prediction and optimization of 
exhaust emissions in a HD diesel engine. SAE Transactions. 2002:1993-2002. 

[16] Babazadeh Dizaj R. DEVELOPMENT OF LSF-BASED DUAL-PHASE CATHODES FOR INTERMEDIATE 
TEMPERATURE SOLID OXIDE FUEL CELLS: Middle East Technical University; 2022. 

[17] Bhuvela P, Taghavi H, Nasiri A, editors. Design Methodology for a Medium Voltage Single Stage LLC Resonant 
Solar PV Inverter. 2023 12th International Conference on Renewable Energy Research and Applications 
(ICRERA); 2023: IEEE. 

[18] Chalaki HR, Babaei A, Ataie A, Seyed-Vakili S-V, editors. The Effect of Impregnation of Ceramic Nano-particles on 
the Performance of LSCM/YSZ Anode Electrode of Solid Oxide Fuel Cell. 5th International Conference on 
Materials Engineering and Metallurgy; 2016. 

[19] Dizaj RB, Sabahi N. Optimizing LSM-LSF composite cathodes for enhanced solid oxide fuel cell performance: 
Material engineering and electrochemical insights. 2023. 

[20] Dizaj RB, Sabahi N. Laboratory preparation of LSM and LSF sputtering targets using PTFE rings for deposition of 
SOFC thin film electrodes. World Journal of Advanced Engineering Technology and Sciences. 2023;10(2):203-12. 

[21] Mahamud R, Mobli M, Farouk TI, editors. Modes of oscillation in a high pressure microplasma discharges. 2014 
IEEE 41st International Conference on Plasma Sciences (ICOPS) held with 2014 IEEE International Conference 
on High-Power Particle Beams (BEAMS); 2014: IEEE. 

[22] mahmoodreza Hashemi S, Aminnia N, Derakhshan S. Optimization Design of Pumps as Turbines (PATs) Arrays 
in a Water Distribution Network Aiming Energy Recovery. 



Global Journal of Engineering and Technology Advances, 2024, 19(02), 010–018 

18 

[23] Cay Y. Prediction of a gasoline engine performance with artificial neural network. Fuel. 2013; 111:324-31. 

[24] Mobli M. Thermal analysis of high pressure micro plasma discharge. 2014. 

[25] Nakhi A, Ganjali M, Shirinzadeh H, Sedaghat Ahangari Hossein Zadeh A, Mozafari M. Laser Cladding of 
Fluorapatite Nanopowders on Ti6Al4V. Advanced Materials Letters. 2020;11(1):1-5. 

[26] Namazi H, Perera LP, editors. Trustworthiness Evaluation Framework for Digital Ship Navigators in Bridge 
Simulator Environments. International Conference on Offshore Mechanics and Arctic Engineering; 2023: 
American Society of Mechanical Engineers. 

[27] Nakhi A, Mostafa S, Karimi A, Mobli M. Unveiling the Promoted LSTM/YSZ Composite Anode for Direct Utilization 
of Hydrocarbon Fuels. International Journal of Science and Engineering Applications. 2023;12(12):18 - 24. 

[28] Namazi H, Taghavipour A. Traffic flow and emissions improvement via vehicle‐to‐vehicle and vehicle‐to‐
infrastructure communication for an intelligent intersection. Asian Journal of Control. 2021;23(5):2328-42. 

[29] Mobli M. Characterization Of Evaporation/Condensation During Pool Boiling And Flow Boiling: University of 
South Carolina; 2018. 

[30] Mobli M, Bayat M, Li C. Estimating bubble interfacial heat transfer coefficient in pool boiling. Journal of Molecular 
Liquids. 2022;350:118541. 

[31] Mobli M, Farouk T, editors. High pressure micro glow discharge: Detailed approach to gas temperature modeling. 
APS Annual Gaseous Electronics Meeting Abstracts; 2014. 

[32] Mobli M, Li C, editors. On the heat transfer characteristics of a single bubble growth and departure during pool 
boiling. International Conference on Nanochannels, Microchannels, and Minichannels; 2016: American Society of 
Mechanical Engineers. 

[33] Mobli M, Mahamud R, Farouk T, editors. High pressure micro plasma discharge: Effect of conjugate heat transfer. 
2013 19th IEEE Pulsed Power Conference (PPC); 2013: IEEE. 

[34] Rostaghi Chalaki H, Babaei A, Ataie A, Seyed-Vakili SV. LaFe 0.6 Co 0.4 O 3 promoted LSCM/YSZ anode for direct 
utilization of methanol in solid oxide fuel cells. Ionics. 2020; 26:1011-8. 

[35] Salmasi F, Sabahi N, Abraham J. Discharge coefficients for rectangular broad-crested gabion weirs: experimental 
study. Journal of Irrigation and Drainage Engineering. 2021;147(3):04021001. 

[36] Shirvani SMN, Nakhi A, Karimi A, Mobli M. Optimizing methane direct utilization: The advanced Sr2CoMoO6-δ 
anode. 2023. 

 


