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Abstract: Precise velocity control in internal combustion engines (ICEs) is essential for optimizing performance, improving
fuel efficiency, and minimizing emissions. However, the nonlinear dynamics and inherent uncertainties within ICE systems
present substantial challenges for traditional control methods. In this paper, we propose an adaptive control strategy
that integrates a Proportional-Integral-Derivative (PID) controller with Back Propagation Neural Networks (BPNNs) to
effectively address these complexities. The proposed controller architecture consists of two key components: a BPNN to
estimate modelling uncertainties, such as unknown friction and external disturbances affecting the ICE, and a primary
PID controller responsible for velocity regulation. The BPNN functions as a dynamic estimator, continuously learning
and adapting to changes in system dynamics, thereby enhancing the robustness and adaptability of the control system.
By accurately capturing the nonlinearities and uncertainties inherent in ICEs, the BPNN contributes to improved control
performance and system stability. To validate the effectiveness of the proposed approach, extensive numerical simulations
are performed using MATLAB Simulink. These simulations encompass a range of operating conditions and scenarios to
thoroughly evaluate the controller’s performance. Additionally, the proposed method is compared to conventional PID
control techniques found in the literature, with a focus on robustness, tracking accuracy, and disturbance rejection. The
results indicate that the adaptive PID controller, incorporating BPNNSs, outperforms traditional PID methods, delivering
superior velocity regulation and disturbance rejection. Furthermore, the proposed approach demonstrates significant
potential for real-world applications in ICE systems, providing enhanced control performance and efficiency. This study
advances the field of control engineering by introducing an innovative adaptive control strategy tailored specifically
for velocity control in internal combustion engines. Leveraging the capabilities of BPNNs to address uncertainties, this
approach contributes to improved system performance and offers a promising direction for future advancements in engine
control technologies.

Keywords: internal combustion engines (ICEs), proportional-integral-derivative (PID) controller, back propagation
neural networks (BPNN5), adaptive control, Matlab-Simulink

1. Introduction

The internal combustion engine (ICE) has long been a cornerstone of modern engineering, playing a pivotal role in
revolutionizing transportation and power generation since its development [1, 2, 3]. As a testament to human ingenuity, the

Copyright ©2024 Quang Truc Dam

DOI: https://doi.org/10.37256/jeee.3220245581

This is an open-access article distributed under a CC BY license
(Creative Commons Attribution 4.0 International License)
https://creativecommons.org/licenses/by/4.0/

Volume 3 Issue 2|2024| 613 Journal of Electronics and Electrical Engineering


https://ojs.wiserpub.com/index.php/JEEE
https://ojs.wiserpub.com/index.php/JEEE
https://www.wiserpub.com/
https://orcid.org/0000-0002-9301-1782
https://doi.org/10.37256/jeee.3220245581
https://creativecommons.org/licenses/by/4.0/

ICE efficiently converts the chemical energy stored in fossil fuels into mechanical energy through controlled combustion
within a confined space. Among the various types of internal combustion engines, the four-stroke ICE stands out as a key
player in both automotive and industrial applications, renowned for its efficiency, reliability, and versatility.

The operation of four-stroke internal combustion engines is based on a systematic cycle consisting of intake,
compression, power, and exhaust strokes, each carefully orchestrated to maximize energy extraction from the fuel
while propelling machinery forward. This cyclic process not only ensures optimal power output but also reduces waste
and minimizes environmental impact compared to alternative engine designs. The dominance of four-stroke engines
in conventional and hybrid vehicles can be attributed to their superior energy efficiency when compared to two-stroke
engines [1, 2, 3]. This efficiency advantage arises from the fact that a four-stroke engine generates power once every two
revolutions, leading to lower fuel consumption compared to two-stroke engines, which complete a power stroke with every
revolution. This fundamental difference in power generation has significant implications for fuel economy and emissions
reduction.

In addition to better fuel efficiency, four-stroke engines offer the advantage of producing fewer emissions and
delivering more consistent torque than their two-stroke counterparts. This performance benefit is due to the more complex
design of four-stroke engines, which allows for optimized combustion processes and reduced energy losses. Spark ignition
(SI) engines, a common type of four-stroke engine, primarily run on gasoline but can also utilize ethanol as an alternative
fuel, demonstrating their energy versatility. The main components of SI engines, including the intake and exhaust manifolds,
intake and exhaust valves, spark plug, piston, coolant, cylinder, crankcase, connecting rod, and crankshaft, all play critical
roles in ensuring the engine’s overall performance and efficiency.

Given the extensive deployment of internal combustion engines (ICEs) across a multitude of applications, the study
of speed control for these engines has garnered considerable attention within the automation and control engineering
communities. Speed control is a critical factor in enhancing the performance, efficiency, and reliability of ICEs, making the
design of effective speed controllers a key area of research. Recent efforts have particularly focused on the implementation of
Proportional-Integral-Derivative (PID) controllers that are specifically tailored to meet the unique demands of ICE systems
[4, 5]. These controllers are known for their robustness and adaptability, providing a reliable solution for maintaining desired
engine speeds across a wide range of operating conditions. By effectively managing speed variations, PID controllers
contribute significantly to optimizing engine operation and improving fuel efficiency, which are essential for reducing
emissions and extending engine life.

Beyond the use of PID controllers, a variety of advanced control techniques have been explored to further enhance the
performance of ICEs. For instance, a sophisticated control system utilizing a linear quadratic regulator (LQR) approach
has been developed for precise control of engine speed and torque. This method leverages first-order transfer functions
with delay to manage the dynamic response of ICEs [6, 7, 8]. The LQR approach has been successfully implemented and
validated across a broad spectrum of operating conditions, including both diesel and spark ignition engine dynamometer sets.
This validation underscores the critical role that advanced control strategies play in ensuring smooth and efficient engine
operation under varying load conditions, which is essential for both industrial applications and automotive engineering.

Moreover, the application of Model Predictive Control (MPC) has emerged as a highly promising direction for
improving the accuracy and flexibility of ICE speed control systems [9, 10, 11, 12, 13]. MPC is particularly valued for its
ability to predict future engine behaviour and adjust control inputs accordingly, making it highly effective in handling the
complex and nonlinear dynamics of ICEs. Recent research has also introduced adaptive sliding mode controllers aimed at
regulating the air-fuel ratio in ICEs [14], which is crucial for optimizing combustion efficiency and reducing emissions.
Additionally, the integration of deep learning methodologies into MPC controller design [15] has demonstrated the potential
of these innovative techniques to further optimize engine performance. By leveraging the predictive capabilities of MPC
alongside the adaptive learning features of neural networks, these controllers can continuously improve their performance
in real-time, leading to more efficient and reliable engine operation.

Furthermore, the exploration of Secure Deep Reinforcement Learning (SDRL) [16] represents a cutting-edge approach
in the development of control strategies for ICEs. SDRL focuses on ensuring both optimal performance and operational
safety, which are increasingly important as engines become more complex and integrated with other systems. This approach
aims to create robust and reliable control strategies that can adapt to the evolving needs of modern ICEs, offering enhanced
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performance while mitigating risks associated with operational uncertainties. Data-Driven Event-Triggered Adaptive
Dynamic Programming Control is proposed in [17]

Collectively, these diverse approaches reflect the ongoing advancements in control engineering aimed at improving
the efficiency, reliability, and environmental impact of internal combustion engines. By integrating traditional methods like
PID and LQR with modern techniques such as MPC, deep learning, and reinforcement learning, researchers are pushing the
boundaries of what is possible in ICE control, paving the way for more sophisticated and sustainable engine technologies
in the future.

One of the primary challenges in controlling internal combustion engines lies in addressing uncertainties and unknown
factors, in addition to the conventional control methods. An alternative approach to mitigate these issues involves utilizing
observers to estimate the unmeasured signals and subsequently compensating for them within the controller. Similar
methodologies have been explored in the literature, as seen in [18, 19, 20, 21, 22, 23]. This approach offers a robust
solution to improve control performance by accounting for unknown dynamics, thus enhancing the system’s reliability and
stability under varying operational conditions.

Building on these advancements, this paper introduces a novel approach that harnesses the capabilities of back-
propagation neural networks (BPNNs) to design an adaptive PID controller for speed control in internal combustion
engines (ICEs). The framework of Backpropagation Neural Networks (BPNNs) utilized in this study adopts the structure
of BPNNS introduced in [24, 25]. However, our approach introduces a state-of-the-art control design, facilitating adaptive
gain tuning for the neural network as well as for the controller gains, details of which are elaborated in the control design
section. By integrating the strengths of BPNNs with the proven effectiveness of PID control, this approach seeks to
significantly improve the performance and adaptability of ICE speed control systems. The proposed method is intended
to address the complexities and uncertainties inherent in ICE operation, offering a more robust and responsive control
solution. Ultimately, this contribution is poised to advance the field of engine control technologies, driving the continued
evolution and refinement of ICE management systems.

The structure of this paper is organized as follows: Section 2 introduces the dynamic model of an ICE and outlines
the control problem associated with this system. Section 3 is dedicated to the primary contribution of the paper, which is
the design of the proposed control strategy. In this section, we provide a detailed explanation of how the back-propagation
neural network (BPNN) is utilized to develop the adaptive controller. Section 4 focuses on validating the efficiency of the
proposed controller through simulation experiments on speed control for an ICE. To further demonstrate the effectiveness
of our approach, we compare its performance with that of a conventional PID controller. The paper concludes with a
discussion in Section 5 and final remarks in Section 6.

2. Dynamic model of an ICE

In this section, one shall introduce the dynamic model of an internal combustion engine (ICE) and briefly outline
the primary control challenges associated with it. This overview sets the groundwork for developing effective control
strategies aimed at improving engine efficiency and performance.

To facilitate a more streamlined and effective control design process, the dynamic model of an ICE is segmented
into two primary sub-models. The first sub-model, known as combustion dynamics, encompasses a comprehensive set of
equations that capture the entire sequence from air intake and fuel injection to the combustion phase. During combustion,
the chemical energy in the fuel is converted into mechanical energy, generating torque that drives the crankshaft. This
phase is crucial as it directly influences the engine’s power output and efficiency. In [3, 18], the authors provide a thorough
summary and detailed mathematical analysis of combustion dynamics in general.

The second sub-model, crankshaft dynamics, focuses on the mechanical behaviour of the crankshaft, which is driven
by the torque generated during combustion. This sub-model provides insight into the rotational movement of the crankshaft,
which is a direct reflection of the engine speed. The engine speed, therefore, is defined by the rotational velocity of the
crankshaft and is a key parameter in assessing engine performance. By dividing the ICE dynamic model into these two
sub-models, the control design process becomes more manageable, allowing for a targeted approach to optimizing each
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component’s performance and achieving more precise control over the engine’s operation. This division not only aids
in understanding the fundamental processes but also supports the development of more effective control strategies for
enhancing engine efficiency and performance.

2.1 Combustion dynamic model

The combustion model starts by taking the air from the environment to send to the chamber, this controls the amount
of air flowing into the engine in response to the driver’s accelerator pedal action.
The mass flow rate (rizg;,) is determined as following (1) [26]:

Aeffpupstr
vV RTupstr

Pratio 1s the ratio of the downstream pressure (Pyoys:-) and upstream pressure (P,s) and is given in (2), R is the ideal

¥ (Pratio) (1)

Mair =

gas constant, 7, is the upstream temperature:

Py
B, ratio — Poiwstr (2)
upstr

Y (Prario) is a function of P, and calculated based on different flow conditions as given in the following:
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Piin, 1s the limitation of pressure ratio, ¥ is the ratio of specific heats.
A.ry is the effect area, and calculated as following:

T
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90

ethr = ®ct,hrm (5)

0, is the opening angle of the throttle vale (in degrees), ©;,, is the percentage of the throttle body that opens, Dy,
is the diameter of the throttle at the opening, Cyy,- (6;;,) is the discharge coefficient.

To calculate fuel flow rate, one uses the fuel injector characteristics and the fuel injector pulse width. The fuel flow
rate model is given as follows [3]:

NSinjPun;Nest ©
¢ps1000 x 60

mfuel

where N is engine speed in rpm, S, ; is the Fuel injector slope, N, is the number of engine cylinders, ¢, is the crankshaft
revolutions per power stroke.
Let us now define the air-fuel ration (AFR) as following:
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AFR = dir (7)
M fyel
The air-fuel ratio represents the ratio between the intake air into the chamber and the fuel injected into the chamber,
this value will determine the performance of combustion reaction in the chamber, for the different kind of fuels used for
the ICE, there exists a ideal value of AFR, in which, since the AFR converge to this value, the fuel in the chamber will be
burn 100%. Therefore, one of the objectives of controlling ICE is to control the AFR always remains in its ideal value.
In the SI engine the indicated torque means that the torque or power of the engine is evaluated in the scope of
thermodynamics (pressure and volume of cylinder), not including any mechanical losses in the whole power development
and transmission process conceptually illustrates pressure variation in a cylinder along with crankshaft rotation angle. This
torque is calculated as follows [3]:

Pind icated * 60

Tindi = 8
indicated 2N ( )
where P, gicateq 1 the indicated power and can be calculated as:

PBidicatea = mfuel * LHVnindicated (9)

Nindicatea 18 the charging efficiency indicated by the engine and is a function of engine speed and indicated torque as
depicted in Figure 1, LHV is the fuel lower heating value.
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Figure 1. Indicated torque efficiency

2.2 Crankshaft model

The Crankshaft model demonstrates how the indicated torque generated by the combustion reaction inside the chamber
acts on the crankshaft, which then cause the movement of crankshaft, hence generate the rotation movement of ICE. This
relation is described as in the following equation:

(D(I) = _Jils(w)Jw + Jil (Tcontrol + Tuncertainties) (10)
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where @ is the rotation rate of the ICE, J is the crankshaft’s moment of initial, T, 1S the indicated torque, Ty,cerrainties 18 the
unknown factor such as friction, engine load. Because the crankshaft rotates in single axe, then we have —J -1g (w)Jo =0,
now set I' = J ™' T cerrainsies, then we have the new dynamic equation of ICE is as:

Q)(f) :Jilrconlr()l"'r (11)

Based on (6) and (8), (9) the (11) can be rewritten in a function of fuel flow rate as follows:

(D(t) _ JﬁlLHVnindicated Siancyl
Hence, the objective of the control design in the following section is to regulate the fuel mass flow rate riz s, by

controlling P, to ensure that the engine’s rotational speed converges to its desired value, and to control the throttle valve
opening angle to ensure complete combustion, maintaining 100% fuel burn efficiency after the combustion reaction. The

P, . +T 12
2% ¢ps1000 ving (12)

method to determine the throttle valve opening angle will be detailed in the Appendix A.

3. Control design

The primary objective of this paper is to develop an adaptive controller for the system (12). To achieve this, the
base controller will be designed using the Proportional-Integral-Derivative (PID) technique. Additionally, the unknown
nonlinear external disturbances will be estimated using an adaptive neural network based on the back-propagation technique,
as depicted in Figure 2. As previously discussed, the controller is structured into two primary components: speed control
and air control. The air control component is designed to ensure complete combustion of the fuel, enhancing efficiency, and
will be detailed in Appendix A. The core of the controller, however, lies in the speed control module, which is responsible
for regulating fuel input to achieve the target trajectory. The subsequent sections will be dedicated to the development and
formulation of this speed control module, outlining its design principles and operational mechanisms.
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Figure 2. Control structure for controlling the ICE

Let us now reformulate the dynamic equation of Crankshaft from (12) as follows:
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o(t) =GPy, +T (13)
J'LHY indicate Sin 'NC,V
where G = pdicated s > 0.
Now define the controller tracking error as following:
€ = Wgesired — @ (14)
From (13, 14) and set U = P,,,,; one gets:
G le=—U-G"T+G ' Guesirea (15)

Let’s define now 8 = —G T+ G~ @y,sireq then (15) can be rewritten as follow:

Glée=-U+6 (16)

Remark 1. Given that the function 8 is unknown, the control input U cannot be directly derived from Equation (16). To
address this limitation, an artificial neural network utilizing the back-propagation (BPNN) technique will be employed to
estimate the unknown function 6.

3.1 Neural network framework

In this subsection, an artificial neural network using back-propagation technique will be exploited to estimate the
unknown function § as depicted in Figure 3. The neural network architecture consists of three primary layers: the input
layer, followed by a hidden layer, and concluding with an output layer. The input layer serves as the entry point for data,
where these data are received and passed on for processing, the data will be used in this study is the control error (e). The
hidden layer, located between the input and output layers, performs the crucial task of transforming the input data by
applying learned weights and activation functions. Finally, the output layer generates the final predictions based on the
processed data from the hidden layer.

=
5

\
\
\
X
=
~
7
-

)

1)
A
A‘__________
\

/
=

4

Input Hidden Output
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Figure 3. Neural network structure using in this paper

Indeed, as shown in many studies [24, 25], for @ restricted to a compact set and a neural network having a sufficiently
number of hidden layers, § can then be expressed as:
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0 = Wu(oe) +exn (17)

where W is the ideal weigh matrix and eyy is the approximation error, ¢ is the idea weight matrix of hidden layer, the
hidden layer contains n node, the activation function of the hidden neurons and given as:

2
ui(oe) T exp(—20%) i n (18)

u(oe) = |m(oe) -+ py(oe) (19)

Note that from (18) one can obtain:

lui(oe)|l <1 (20)

Based on the neural network theory, since the number of nodes is chosen suitable, this approximation error will be
bounded. However, the ideal weigh matric (W) is unknown, therefore, for calculating the estimation of § one needs to
estimate the value of W and o, this estimation is given as W and &. Hence the estimation of & is given as:

5 =W (Ge) Q1)

Based on this estimation, we propose the Robust controller using the Lyapunov theorem as follows:

-~

U = Kie+ K, / edt + Kssign(e) + 8 (22)

To obtain the optimal estimation of 8, we must train the neural network together with the sliding mode controller
while guaranteeing the convergence of W and 6 to W and o respectively. Therefore, in the following part, the details of
designing W and & will be given.

3.2 Neural network design based on back-propagation technique

In this section, a learning rule will be studied to train the defined network. Using the back-propagation technique, the
basic update rules of weight matrices estimate can be given as follow:

W = 15— py | W & = —pre] & 23)
where S = 0.5 ¢? is the objective cost function that should be minimized. 7,,, pw and p are the training gains which will
be design in next section.

Based on (23), the estimation of weight matrices can be deduced once the partial derivatives of cost function are
solved.

By using the expression of the cost function and according to (21), we obtain:

~

as d ~
e =e; ET = (oe) (24)

Based on (16), (21) and (22), one gets:
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G~ le¢ _ de

25 95

The Equation (25) presents a set of so-called back-propagation nonlinear dynamical systems, which will be solved

I (25)

to obtain the solutions of %. According to [4] and since the network converges relatively fast if the training gains are
9G ¢
)

designed properly, then we can assume that the gradients have a static dynamic i.e., = 0. Hence, one gets:

d -1
A — (26)
s K
Now, let consider the decoupling of the partial derivatives g—% as following:
a—f = @ X a—i X a—é 27N
oW de 95 oW
Therefore, based on (24), (26) and (27), the rules of weight matrices (23) can be updated as:
W= en” (6¢) —p |l W: & = —po |6 8)

The design of the control law (22) and the updating rules of the weight matrices (28) requires determining the controller
gains Kj, K> and K3 as well as the training parameters 1),,, pw and ps. In the next section, sufficient conditions involving
the choice of these parameters to guaranty the stability of the overall control structure will be presented.

3.3 Adaptive controller design

The design of the control law (22) and the updating rules of the weight matrices (28) requires determining the controller
gains K|, K> and K3 as well as the training parameters 1),,, pw and ps. In the next section, sufficient conditions involving
the choice of these parameters to guaranty the stability of the overall control structure will be presented.

Before, stating our main results, we shall consider the following assumptions:

Assumption 1. The disturbances 6 is assumed to be unknown but bounded with known bounds i.e.,:

Jes € RY max [|5]| < &5 (29)

Assumption 2 ([25]). The ideal weight matrices W and & are bounded i.e.,:

Jew, €6 € R max ||W|| < &y, max||o| < & (30)
>0 >0
Assumption 3 ([25]). The ideal neural network estimation error eyy is assumed small, unknown but bounded with known
bounds:
Je, € R+,m>ag(\|eNN|| <eg, (31)
>

Under the above assumptions, the next theorem will give sufficient conditions on the control gains K| and K to
ensure the stability of the ICE system (13) under the control law (22)
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Theorem 1. Consider the system (13) under the assumptions 1, 2, 3. If the controller (22) and the weight matrices gains
N are chosen such that:

Ki,K> > 0; n, =K, (32)

K3 > max (pwew?; poes’) + € + 26w (33)

then, the stability of the closed-loop system will be globally ensured.

3.4 Stability analyses

Let define the estimation errors of weight matrices as W=w-— W, 0 = 0 — 0. Therefore, using the Equations (28),
(32), the first derivative of these estimation errors w.r.t times can be expressed as:

W = —eu” (G¢)+pw llel (W= W) & = po|lel (o~ &) (34)

Hence, from (17), (21) and (22), one can rewrite (16) as following:

Gle= —Kle—Kg/edt—K3sign(e)+5—g: —Kle—Kg/edt—K3sign(e)+V~Vu(8'e)+A (35)

where A = eyy + W (1(oe) — p(Ge)). From (20), (30) and (31) one can derive:

Al < & +2¢&w (36)

Let consider now the following Lyapunov function:

1 1 SN W Sy
V=364 oK (/edt) +5tr (WIW) 4517 (57) (37)

Based on (34), (35) one gets:

1% :e(—Kle—Kzfedt—IQsign( )+ W (Ge )—i—A) + Kse [ edt

TT 0T (G0) — WT (38)
—1r (WTeuT (Ge) = Wpy el (W = W) ) +1r (57 po llell (0 — &))
Using the fact that:

W (Ge) — tr (VT/Te,uT((AFe)) =0 (39)

_ _ 2 _
o (Wow llell (W=W) ) < —pw llell [ W]+ pwew lell || (40)
tr (67 po le]| (6 = 6)) < —po el 161> + pots el 51l (41)
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One gets the following:

2
. ~ ~ 2 ~ ~
v <1 el (pu [+ o 1517 )+ pwen el [ + poco el 151 - (53~ 4) ] @)

From (33) and (36) one gets: K3 —A > max (pwew?; Ps€s>). Hence one obtains

1 12 - - ~
3 lel (PW [w| +pa||c||2) +pwew llell [ W]| +poco el 15 — (K — a) | <0 )

Based on (43), we can derive the following Equation from (42)

. 1 ~ |12 ~
v <=k~ L el (pu 7]+ o151 <0 @)
This ends the proof of Theorem 1

Remark 2. As demonstrated in Equation (44), the stability of the proposed controller is ensured if the controller is designed
according to Equations (32) and (33). However, it is important to note that the values of pw and ps are not explicitly
determined in the design process. These values directly influence the convergence speed, as indicated by the Lyapunov
theorem and Equation (44). While higher values of pw and ps can enhance convergence speed, they also tend to increase
the chattering effect due to the use of the sign function. Therefore, the selection of pw and ps should be tailored to the
developer s requirements, balancing the need for fast convergence against the desire for smooth operation.

Remark 3. This approach is particularly advantageous as it effectively isolates all unidentified factors and model
parameters from the control signal, allowing for the independent development of the controller. By decoupling these
unknown elements from the control design process, we can focus on crafting a more precise and tailored control strategy
without the direct influence of these uncertainties. It's worth noting that, in addition to employing Neural Networks (NN)
to manage these unknown factors, there is another widely adopted method that involves the use of observers. Observers
are specialized algorithms or systems designed to estimate unknown or unmeasured variables in dynamic systems. These
observers, as detailed in [18, 19, 20, 21], provide an alternative or complementary approach to Neural Networks by
offering real-time estimates of the unmeasured parameters, which can then be incorporated into the control strategy.

Remark 4. The controller proposed in this study, as demonstrated in Equation (22), operates independently of the specific
model parameters. This characteristic makes the controller versatile, allowing it to be applied to a wide range of systems
beyond just Internal Combustion Engine (ICE) systems. Its ability to function effectively without relying on predefined
model parameters enhances its applicability across different types of dynamic systems, offering a robust solution for diverse
control challenges.

4. Simulation results

In this section, we will conduct a simulation validation of the proposed controller using MATLAB Simulink. The
primary objective of these simulations is to showcase the controller’s effectiveness in managing external unknown
disturbances and parametric uncertainties that may influence the model. By simulating the system under various unknown
disturbances, we aim to illustrate how well the proposed controller can maintain performance and stability despite these
challenges. Additionally, we will compare the results with those obtained from a conventional PID controller. This
comparison will highlight the advantages and improvements offered by our proposed approach, particularly in handling
disturbances and uncertainties that are typically encountered in real-world applications. The parameter of ICE using in this
simulation is given in Table 1.
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Table 1. Parameter of ICE

Parameters Values Units
Tupar 300 K
Pupstr 101,325 Pa

R 287 J/(kg-K)
b4 1.4 -
Dy, 50 mm
Sinj 6.4516 mg/ms
LHV 47,300,000 J/kg
N, eyl 4 -
Cps 2 rev/stroke
J 0.6667 Kg-m?

The simulation schema used for validating the proposed controller is illustrated in Figure 4 below, created within the
MATLAB-Simulink platform. This model comprises several key components: ICE Model Block: This block simulates the
dynamic behaviour of the internal combustion engine (ICE) based on the mathematical equations outlined in Section 2. It
captures the engine’s response to control inputs and external factors. ICE Controller Block: This block implements the
controller designed in Section 3. It processes the input from the references block and adjusts the control signals to regulate
the engine speed, compensating for disturbances and uncertainties. References Block: This block provides the desired
reference values for the system, such as the target engine speed, which the controller aims to maintain. Environment Block:
This block simulates external disturbances, friction, and environmental parameters such as temperature and pressure, which
can impact the engine’s performance. These factors are critical for testing the controller’s ability to maintain stability and
performance under varying conditions. This simulation setup provides a comprehensive platform to validate the proposed
control strategy, ensuring that the controller can effectively manage the ICE’s dynamic response under realistic operating
conditions.

# ICE information
L Control P Control
References | References
ICE information
Roforences ICE Controller »! EnviroRment
ICE Model
Environment

Environment

Figure 4. Simulation diagram in Matlab-Simulink

The objective of this study is to analyse the speed tracking performance of the proposed controller in comparison
to a conventional PID controller, particularly under the influence of disturbances. To achieve this, the desired velocity
tracking reference is illustrated in Figure 5. The engine’s performance is evaluated under conditions of friction and
external disturbances. Specifically, the friction effects impacting the engine are depicted in Figure 6A, while the external
disturbances, including factors such as environmental variations and load changes, are shown in Figure 6B. These figures
represent the challenges the controllers must overcome to maintain accurate speed tracking. The study aims to demonstrate
the effectiveness of the proposed controller in managing these disturbances, ensuring superior speed tracking performance
when compared to the traditional PID controller.
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To ensure that the comparison remains fair, the controller in Equation (22) will be constructed with proportional-integral
(PI) gains, denoted as K| and K;, matching those used in the PI controller intended for the comparison. This alignment
ensures consistency in the PI components across both controllers, facilitating a balanced evaluation of performance. The
remaining components of the controller in Equation (22) will be configured according to the adaptive control law as
outlined in Theorem 1. For comparison purposes, the controller used will be a PI controller, and its design parameters and
specifications are detailed in the Appendix B. From this method we obtained K| = Kp = 5.33 and K, = 1.267.
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Figure 5. Desired value for conroller design
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Figure 6. The friction torque (A) and external disturbance torque (B) affected to the system (10) during the simulation

The tracking control performances of both the PID controller and the BPNN-PID controller proposed in this study are
illustrated in Figures 7 and 8. These figures demonstrate that all proposed controllers effectively accomplish the trajectory
tracking task. However, a clear distinction emerges in the efficiency of the two approaches. The results from the PID
controller reveal lower efficiency compared to the proposed BPNN-PID method. Notably, the controller introduced in this
study maintains the internal combustion engine (ICE) at the desired speed with significantly reduced tracking error. This
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finding highlights the superior performance of the proposed method in achieving precise speed control, emphasizing its
potential to enhance operational stability and efficiency within the ICE system.
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Figure 7. Simulation results for velocity tracking using BPNN PID controller
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Figure 8. Simulation results for velocity tracking using PID controller

Figures 9 and 10 illustrate the output signals generated by the proposed controller and the traditional PID controller,
respectively. In Figure 9, it is evident that the control signal produced by the proposed controller exhibits noticeable
chattering effects. This chattering is a consequence of incorporating the sign function into the control strategy, as detailed
in Remark 2. The use of the sign function, while beneficial for certain aspects of the control process, introduces rapid
oscillations in the control signal, which manifest as chattering. These chattering effects are not only visible in the control
signal but also have a direct impact on the tracking performance of the system. This is evident from the tracking error
presented in Figure 7. The chattering in the control signal contributes to variations in the tracking error, highlighting a
significant interplay between the control signal dynamics and the system’s ability to follow the desired trajectory. The
correlation between the chattering observed in the control signal and the tracking error underscores the broader implications
of the sign function on the controller’s performance.
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Figure 9. Control signal P,,,,; and throttle valve opening angle using BPNN PID
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Figure 10. Control signal P,,,; and throttle valve opening angle using PID

5. Discussion

The simulation results confirm the validity of the theoretical proposal presented in this work, demonstrating that the
performance of the proposed controller surpasses that of the traditional PID controller. The data shows that the proposed
controller effectively manages several aspects of the control process, delivering superior performance in comparison to the
PID controller. However, a notable issue arises from the observed chattering effects in both the control signal and tracking
performance. Specifically, the proposed controller exhibits significant chattering effects, which can adversely affect the
smoothness of the control signal and, consequently, the precision of the tracking performance. These chattering effects are
evident in the simulation results and suggest that while the proposed controller improves certain aspects of the control
process, it introduces a trade-off in terms of signal smoothness and accuracy. These findings highlight the necessity for
further investigation and refinement of the proposed control strategy to address and mitigate the chattering effects. Future
research could focus on developing techniques to reduce or eliminate these oscillations, thereby enhancing the overall
smoothness of the control signal and improving the tracking accuracy. By tackling these issues, the proposed controller
could be optimized to deliver even better performance and stability, making it a more robust solution for speed control in
internal combustion engines.
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6. Conclusions

This paper introduces a novel adaptive controller designed to enhance speed control in ICE, effectively addressing
the challenges posed by bounded disturbances, model uncertainties, and unknown parameters. The proposed controller,
which integrates a traditional PID approach with an adaptive neural network employing back-propagation, demonstrates
a significant advancement in control strategy by effectively estimating and compensating for unknown factors. The
simulation results validate the efficacy of the proposed adaptive controller, revealing its superior performance in managing
disturbances and uncertainties compared to a conventional PID controller. While the proposed controller shows notable
improvements in handling complex dynamics and achieving desired speed control, the presence of chattering effects
indicates areas for future refinement. These chattering effects, observed in both the control signal and tracking performance,
highlight the need for further investigation to enhance the smoothness and precision of the control strategy. Overall, the
proposed adaptive control method offers a robust and flexible solution for ICE speed control, demonstrating its potential to
advance engine control technologies. Future work will focus on mitigating the chattering effects and further optimizing the
controller to achieve even greater performance and stability. By addressing these challenges, the adaptive controller can be
refined to provide more effective and reliable speed control in various practical applications, contributing to the continued
evolution of engine management systems.
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Appendix A

Based on the Equation (6) we can derive the desired fuel mass flow rate from the calculated control signal as follows:

NSinjUNcyl
7 = Al
Mfuel = 1000 60 (A
Based on (7), we can then determine the desired air mass flow rate as follows:
Hgir = mfuelAFR (AZ)

Then the desired effect area is determined based on (2) as follows:

Mgir vV RTupstr (A3)

Appp = — N __HPTL
eff PupstrT(Pratw)

Hence, based on (6), the desired open angle of throttle vale is given as:

1 Aess
Onr = C,; ! (ﬂ&i@) (A4)

Appendix B

For controller design, let us recall the dynamic equation of the crankshaft as follows:
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w(t) = J_l Teontrol 1 (AS)

The PI controller can be given as follows:

Teontrol = Kpe + K / edt (A6)

From (AS), (A6) we can determine the denominator of the transfer function of the close loop as follows:

D(s) = s*+J 'Kps+J7'K; (A7)

Hence, we can determine 2€ @, = J —1Kp and w,2 = J~'K;. Given the settling time 7 and the peak time 7}, as follows:

4 T
= 77 T = —-—-—--———
éw" g wn\/|1_§2|
Now set the settling time 7; = 1s, and the peak time 7, = 0.7s, and consider the system is overdamped (§ > 1) one
gets: Kp =5.33, K; = 1.267

T; (A8)
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