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Abstract- An intelligent and anticipatory speed controller for
internal combustion engines was designed theoretically and
examined experimentally. This design was based on the
addition of a torque loop to the main speed loop. The model
can sense the external load with the help of a load cell and
send this signal to a soft computing unit for analysis and
processing. This scheme will improve the ability of
anticipation of controller since it treats the factors that affect
the speed, not the speed itself. The experimental design was
implemented using two types of actuating techniques; an
intelligent throttling actuator and an intelligent injection
actuator. The signal was analyzed by using intelligent
techniques such as fuzzy logic, neural network and genetic
algorithm. The experimental data were used to train the
neural and the Adaptive Neuro–Fuzzy Inference System. The
comparison of the results obtained in this work with other
available models proved the efficiency and the robustness of
the present model.
KEY WORDS: Speed controller, SI Engines, Direct torque,
Fuzzy logic, neural network, Genetic algorithm, ANFIS.

1. Introduction
The speed control system is a very important subject in the
fields of rotary motors and engines such as electrical drives
and internal combustion engines. In the internal combustion
engines which represent the case study of the present work,
the optimal design of speed control system is a very
sensitive issue because it relates strongly with the fuel
consumption and emission. In the past, speed control
systems in these engines were established by using
conventional and classical methods such as simple
Proportional (P) controller or normal Proportional –
Integral (PI) controller. By an addition of derivative action
to the (PI) controller, a controller of three actions named
Proportional – Integral – Derivative (PID) controller can be
obtained. These controllers can be used to control the speed
of simple applications but their weakness is clearly
appearing in controlling complex and nonlinear systems. In
order to control the systems which have uncertainty and
nonlinearity, the demand for intelligent techniques is
extremely appearing. These intelligent techniques such as
fuzzy logic, neural network and genetic algorithm can
improve the performance of speed controllers and they are
very useful in the modeling of systems that do not have a
certain mathematical model. Therefore, this work focuses
on improving the speed controller of spark ignition engines
by the use of intelligent techniques.
The speed control problem for the internal combustion
engines is not a new topic in the engine control community,
since regulation of the idle speed is one of fundamental
control specifications for engine management.
In 1996, Anna [1] studied the control design issues for two
advanced technology engines: (i) a spark ignition (SI)

engine with secondary throttles placed in the intake ports of
the cylinders, and (ii) an SI engine equipped with a variable
cam timing (VCT) mechanism. Both engine configurations
are multivariable and nonlinear. The results demonstrated
the advantages of a systematic approach to develop
advanced technology power train control system.
Per Andersson [2] in 2005 presented a Ph.D. thesis which
was devoted to the systematic improvement of the cylinder
air charge (CAC) estimation on the turbocharged (TC)
spark – ignited (SI) engines. A second objective of this
work was to provide the design engineer with a flexible
framework for CAC estimation that can be easily adapted
to various engines. The developed model and observer were
used for model – based air – fuel ratio control. A TC SI
engine was controlled by the proposed controller in real
time with very rapid throttle transients.
In 2005, Pushkaraj [3] studied the dynamic modeling and
control of gasoline powered, four stroke, spark ignited, port
fuel injection engines. In this study, an automotive engine
was equipped with a control system architecture that
comprised of a microcontroller, several sensors and
actuators. This microcontroller can select the engine control
inputs such as air flow rate, fuel flow rate, and spark
timing.
In 2006, Sitthichok et al. [4] presented a research with the
objective of developing a mathematical model of spark
ignition engine using a cylinder–by–cylinder model
approach in order to predict the performances, torque and
power. Due to the nonlinear time – varying nature of the SI
engine, an adaptive multi – input single – output (MISO)
controller based on self – tuning regulator (STR) was
proposed by Feng – Chi et al. [5] in 2007 for the idle
speed control. Thomas et al. [6] in 2008 addressed the
control of the airpath of a turbocharged SI engine equipped
with Variable Value Timing (VVT) actuators. Also in
2008, Ahmad et al. [7] presented a control scheme which
utilized the Adaptive Neuro Fuzzy Inference System
(ANFIS) controller to track the rotational speed of a
reference engine and disturbance rejection during engine
idling. To evaluate the performance of the controller a
model of the system was developed and simulation results
were presented. It was shown in this study that the ANFIS
controller is suitable to control the systems with large time
delays.
In 2011, Osama et al. [8] investigated the effect of varying
the inlet throat diameter at different degrees of Inlet Value
Close (IVC) and Inlet Value Open (IVO) and different
overlap angles on the engine performance at the design
engine speed. Power, Torque, BMEP, BSFC and volumetric
efficiency were calculated and presented to show the effect
of varying value timing on these parameters for all the inlet
throat diameters considered. In 2011, Ting et al. [9]
presented a new approach for the calibration and control of
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SI engines using a combination of neural networks and
sliding mode control technique. From the simulation
studies, the feasibility and efficiency of the proposed
approach were illustrated. For both control problems of this
study, excellent tracking performance has been achieved.
Mohd et al. [10] in 2011 presented the design of a PID
controller for a constant speed engine. The PID controller
regulated the engine speed by manipulating the throttle
opening and thus determining the air–fuel intake for
combustion. It comprised of a proportional (P) , an integral
(I) , and a derivative (D) controller. The Ziegler Nicholas
method was used to determine and tune the PID controller
parameters. Simulation was implemented on the engine
timing model with a closed loop available in Simulink –
MATLAB software. The system’s output response was
analyzed based on the rise time, settling time, percentage
overshoot and offset.
In 2012, Aris et al. [11] introduced a method for controlling
the SI engine torque using fuzzy gain scheduling. By using
this method, the throttle opening commanded by the driver
will be corrected by the throttle correction signal that
guarantees the engine torque output will follow the desired
engine torque input. In this case, a spark ignition engine
with automatic transmission is used to meet a good
performance under this controller design.
In 2012, the fuzzy logic engine torque regulation was used
by Aris and Sumardi [12] to control the throttle position
entered by the driver to achieve an optimal engine torque.
From the simulation results, it can be concluded that this
control strategy is very effective to reduce the fuel
consumption and simultaneously to optimize the engine
performance.
In 2012, Mohammad and Majid [13] designed a robust
controller based on the quantitive feedback theory (QFT)
on vehicles to control an engine at idle speed. This
controlling approach, proposed a transparent and practical
controller design methodology for uncertain single – input
single – output and multivariable plants. In the engine,
throttle valve dynamics has multivariable nonlinear transfer
functions. For this reason, in this work, a QFT technique
was used for designing the proposed controller.
2. Objectives of the Present Study
In this work, a design of speed controller system for the
internal combustion engines by using intelligent techniques
is presented . Also, an intelligent electronic actuator has
been desgined experimentally by two methods: (i) Extra
intelligent injection unit and (ii) Soft computerized
controlled air – fuel ratio (AFR). A Simulink model for SI
engines and their speed control systems is proposed in this
study as well as a new technique for estimating the rotor
shaft speed without the use of a speed sensor or encoder,
i.e.,a sensorless (encoder–less) speed estimation.

Fig.1 The first model of fuzzy neural system.

2. A multi – layered neural network drives the fuzzy
inference mechanism, Fig.(2).

Fig.2 The second model of fuzzy neural system.

Networks are used to tune membership functions of the
fuzzy systems that are employed as decision – making
systems for controlling the equipment.
4. The Adaptive Network Based Fuzzy Inference System
(ANFIS)
The ANFIS neurofuzzy controller was implemented by
Jang (1993) and employs a Takagi – Sugeno – Kang (TSK)
fuzzy inference system. The basic ANFIS architecture is
shown in Fig.(3).
Square nodes in the ANFIS structure denote parameter sets
of the membership functions of the TSK fuzzy system.
Circular nodes are static / non – modifiable and perform
operations such as product or max/min calculations. A
hybrid learning rule is used to accelerate the parameter
adaption. This uses sequential least squares in the forward
pass to identify consequent parameters, and back –
propagation in the backyard pass to establish the premise
parameters.

3. Expert Systems
This hybrid technique is known as a neuro fuzzy technique.
Two possible models of fuzzy neural systems are [14] :
1. In response to linguistic statements, the fuzzy interface
block provides an input vector to a multi – layer neural
network. The neural network can be adapted (trained) to
yield desired command outputs or decisions, Fig.(1).

Fig.3 The Adaptive Network Based Fuzzy Inference System (ANFIS).

There are many strategies which treat the combination of
fuzzy logic with neural network. In this study, the Adaptive
Neuro – Fuzzy Inference System (ANFIS) will be used
which was implemented by Jang (1993) and it was
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functionally equivalent to Sugeno’s Inference Mechanism
[14]. Sugeno and Takagi use the following rules:
R1: if x is A1 and y is B1 then z1 = a1x + b1y
R2: if x is A2 and y is B2 then z2 = a2x + b2y
(1)
The firing levels of the rules are computed by:
α1 = A1 (x0) × B1 (y0)
α2 = A2 (x0) × B2 (y0)
(2)
Where the logical AND can be modeled by any continuous
t – norm, e.g.,
α1 = A1 (x0) B1 (y0)
α2 = A2 (x0) B2 (y
(3)
Then the individual rule outputs are derived from the
relationships:
z1 = a1 x0+ b1 y0
z2= a2 x0 + b2 y0
(4)
And the crisp control action is expressed as:
z0=

=β1z1+β2z2

(5)

Where β1 and β2 are the normalized values of α1 and α2 with
respect to the sum (α1 + α2) , i.e. :
β1 =
β2=

(6)

For simplicity, only two rules and two linguistic values
have been assumed for each input variable. The layers of
(ANFIS) can be described as follows:
A. Layer (1) :The output of the node is the degree to which
the given input satisfies the linguistic label associated to
this node. Usually, bell–shaped membership functions are
chosen to represent the linguistic terms as shown in the
following equation :
Ai (u) = exp [
Bi(v) =exp [

]
]

(7)

Where {ai1 , ai2 , bi1 , bi2} is the parameter set. As the values
of these parameters change, the bell – shaped functions
vary accordingly, thus exhibiting various forms of
membership functions on the linguistic labels Ai and Bi. In
fact, any continuous function, such as trapezoidal and
triangular – shaped membership functions, are also
quantified candidates for node functions in this layer.
Parameters in this layer are referred to as premise
parameters.
B. Layer (2): Each node computes the firing strength of
the associated rule. The output of top neuron is:
α1 = A1 (x0) × B1 (y0) = A1 (x0) B1 (y0)
(8)
And the output of the bottom neuron is:
α2 = A2 (x0) × B2 (y0) = A2 (x0) B2 (y0)
(9)
Both nodes in this layer are labeled by T, because other t–
norms can be chosen for modeling the logical AND
operator. The nodes of this layer are called rule nodes.
C. Layer (3) : Every node in this layer is labeled by (N) to
indicate the normalization of the firing levels. The output of
top neuron is the normalized (with respect to the sum of
firing levels) firing level of the first rule:
𝜆1=

(10)
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And the output of the bottom neuron is the normalized
firing level of the second rule :
𝜆 2=

(11)

D. Layer (4): The output of top neuron is the product of the
normalized firing level and the individual rule output of the
first rule:
𝜆 1z1= 𝜆 1(a1x0+b1y0)
(12)
the output of the bottom neuron is the product of the
normalized firing level and the individual rule output of the
second rule :
𝜆 2z2= 𝜆 2(a2x0+b2y0)

(13)

E. Layer (5) :The single node in this layer computes the
overall system output as the sum of all incoming signals,
i.e.,
z0= 𝜆 1z1+ 𝜆 2z2
(14)
If a crisp training set {(xk, yk) , k = 1, …. , K}is given, then
the parameters of the hybrid neural net (which determine
the shape of the membership functions of the premises) can
be learned by descent – type methods. This architecture and
learning procedure is called ANFIS (adaptive – network –
based fuzzy inference system) by Jang [14].
The error function for pattern k can be given by:
Ek = (yk–Ok)2

(15)

Where yk is the desired output and Ok is the computed
output by the hybrid neural net.
5. Modeling of SI Engine and its Intelligent Speed
Control system
5.1 Intake Manifold
Assuming isothermal conditions, the intake manifold
pressure dynamics can be modeled as:
ai−

ao)

(16)

Where pm ,Tm , and Vm are the manifold pressure,
temperature and volume respectively, and
ai is the air
mass flow rate through the throttle. The air mass flow rate
exiting the intake manifold and entering the engine is
denoted in the above equation by ao . The air gas constant,
R , is equal to (287 J/kg.k). The schematic representation of
SI engine is shown in the Fig.(4).
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ai =

ρm Am um = ρm Am

(24)

With the relation (h=cpT) ,where cp is the specific heat of air
at constant pressure, the last equation can be written as:
ai =

Which can be rearranged as:
ai =

Fig.4 Schematic of gasoline engine with piston and cylinder geometry.

The air mass flow rate ,
ai , will be derived in this
section. The continuity equation between the positions (a)
and (m) in Fig.(4) can be written as:
ai =

ρaAaua = ρmAmum

The flow is isentropic(reversible adiabatic) ,so the
following relations may be considered:
(26)
Where

is the ratio of the specific heats (

). In another

form, the above equation becomes:
(27)

(17)

Where ρa and ua are the density and velocity of air at the
section (a) respectively, while ρm and um are the same
previous parameters at the section (m). the areas at sections
(a) and (m) are named as Aa and Am respectively. The
cross−sectional area at throttling position may be
approximated as :
A(θ) =

(25)

(1−cos2(θ))

2

(18)

Also, the gas constant, R, is written as :
(28)
Rearranging the last equation results in:
(29)
Substituting equation (27) in the equation (29) yields:

Equation (17) can be rewritten for ua as follows:
ua= um

(30)
(19)

The steady state energy equation between sections (a) and
(m) can be defined as:
g za +

+pa Va +Ea +Q = g zm +

+pm Vm +Em +W

(20)

The terms (g za) and (g zm) may be neglected when taking a
horizontal flow condition. Also, at the case of no heat
transfer,Q, and no external work,W, done on the system
,the terms Q and W can be cancelled from the last equation.
The flow energy (PV) and internal energy (E) can be
expressed in terms of the enthalpy (h) as follows:
ha = pa Va +Ea
hm = pm Vm +Em

Now, substituting this last equation in the equation (25)
gives:

ai=

(31)

Noting that
cp =
Then :

(21)

Substituting equation (21) in equation (20) yields :

ai=

(22)
Then, Substituting equation (19) in equation(22) gives :

um =
Substituting equation (23) in equation (17) yields:

(32)
The term

(23)

is approximately equal to

(1).Thus, by multiplying and dividing the right side of
equation (32) by the term

,it becomes:
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=

ai=

(33)

From the ideal gas properties, it is well

Simplifying the last equation by putting

nown that:

RTa=paVa=

(34)

and then using the relation :

(35)

Gives:

=

,

Substituting equation (34) in the equation (33) yields:

ai =

ai=

Knowing that:

Then, it can be found that:
ai=

Finally, for real flow , the discharge coefficient ,c d , for the
flow should be taken into account. Then, the air mass flow
rate is given by:
ai=

(36)

Equation (36) is used for the compressible flow and
depending on the pressure ratio, pr ,which equal to (

) ,

this equation can be rearranged in the following expression,
as it was given by [15]:
(37)
ai = cdAm
Where the flow function ,

, is defined by [15].

Where prc is the critical pressure ratio and it is calculated
from the relation:
Prc=

(38)

For incompressible flow, the air mass flow rate can be
derived starting from equation (36).The last term which has
the pressure ratio in this equation can be rewritten as:
=

=

(39)

Where,
∆p=
Using the binomial theorem, equation (39) can be written
as:
)

(

) ((

)

]

Which may be reduced to:
1 (

)

Substituting equation(40) in equation (35) provides:
ai=

=

(41)

m

For an incompressible flow, it is clearly noted that ρa = ρm.
Hence, the last equation can be simplified to :
(42)
ai= cdAm

,

=1 (

cdAm

The air mass flow rate can be found experimentally as in
the following formula, which was presented by Fathi and
Ammar [16] in 1996:
2
(43)
ai = (1+0.907 θ +0.0998 θ ) g(p)
Where θ is the the throttling angle and g(p) is the pressure
function ,which was given by:
g(p)=
p 50.6625
The air mass flow rate entering the engine can be expressed
as:
ao=

(44)

Where Vd is the displaced cylinder volume, ω, is the engine
speed in rad/sec ,and ηv is the volumetric efficiency. The
displaced volume can be obtained as:
Vd= BO2L

(45)

Where BO is the cylinder bore and L is the piston stroke as
shown in the Fig.(4). Equation (44) was given by many
references with different forms such as Zhang et al.[17] in
2008 and Thomas et al.[18] in 2009. An experimental
formula was given by DaeEun and Jaehong [19] in 2007 in
order to calculate ( ao) by formulating it as a function of
the manifold pressure and engine speed as shown in the
equation:
0.0005968 N
0.1336p + 0.0005341Np +
ao =
0.000001757 Np2
(46)
Where N is the engine speed in (RPM). In some SI engine
models , the air mass flow rate exiting the manifold and
entering the engine may be expressed as[15]:
\

ao=

47)

(40)
Where AFs is the stoichiometric Air Fuel ratio and ϕ is
the equivalence ratio which is defined as:
ϕ=

=

(48)
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Where FAact and FAstoich are the actual and stoichiometric
Fuel
ratio respectively, and AFact is the actual

Where n is the number of crank revolutions for each power
stroke per cylinder. For four stroke cycles, n equals (2) ;

Air Fuel ratio. The AF and FA are given by:

for two stroke cycles it equals (1).

AF =

(49)

and,
FA =

(50)

The fuel mass flow rate , f ,can be modeled by using
equation (41). Assuming incompressible flow [20], it can
be obtained that :
(51)
f = cfAj
Where Aj is the cross sectional flow area of the capillary
tube, cf ,is the discharge coefficient of the capillary tube
and f is the fuel density. The mean value of the Fuel Air
mixture flow rate entering the engine cylinders (
be approximated to be [15]:
mix=

mix)

can
(52)

Solving the last equation for

gives:
(62)

Substituting this last equation in the equation (60), the
result is:
(63)
Now, with the use of this last result, the torque can be
found from equation (59) as shown in the following
relation:
(64)
The above equation can be presented with another form by
using the relation:
(65)
Then , in this case, the engine torque can be written as:
(66)

5.2 Engine Torque
The power delivered (Pb) by the engine and absorbed by
the dynamometer is the product of torque (τ) and angular
speed (ω) :
Pb = 2 Nτ
(53)
For one engine cycle in one cylinder , the rate of heat added
( in) is:
(54)
in=
f QHV ηc
Where QHV is the heating value of the fuel and ηc is the
combustion efficiency.The brake thermal efficiency (ηtb ) is
defined by:
ηtb=

=

(55)

The fuel conversion efficiency (ηf ) can be obtained as
follows:
ηf =

(56)

Solving equations (55) and (56) for the brake power (Pb)
yields:
Pb = ηtb
(57)
and,
Pb = ηf
(58)
Substituting equation (57) in equation(53), the torque
developed by the engine (τ) can be written as:
τ=
Using equation (50), (

This last equation is used for four stroke cycles because
(n) is set here at (2).
5.3 Engine Rotational Dynamics
The equation of engine rotational dynamics is as follows:
(67)
Where J is the engine inertia ;B is the viscous damping
coefficient ;and τl is the external load. Taking Laplace
transform of both sides of the above equation, then the
following equation can be determined:
J s ω(s) + B ω(s) = τe(s) τl(s)
Knowing that zero initial conditions were
assumed
(
, hence, solving this last
equation for ω(s) gives:
)
(68)
5.4 The Main Parts of the Proposed Model
The general model of this study is shown in the Fig.(5) as a
Matlab Simulink representation.

(59)
) may be expressed as:

(60)
The volumetric efficiency (ηv) is only used with
four stroke cycle engines which have a distinct induction
process [21]. It is defined as the volume flow rate of air into
the intake system divided by the rate at which volume is
displaced by the piston, therefore :
(61)
Fig.5 Simulink model of SI engine with its intelligent speed controller.
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Fig.6 Simulink model of SI engine.

occurred because the presented strategies have treated the
reduction of the engine speed before its happening. These
new schemes are based on the factors that affect the speed;
not the speed itself. This anticipatory and lead prediction of
the decrease in speed has been produced with the help of
the speed sensorless technique which uses the applied load
as an input to the (ANFIS) and then, it will anticipate the
associated reduction in the engine speed.
A comparison between the theoretical and experimental
results has been carried out with respect to the percentage
of the reduction in the time that the engine needed to reach
its reference speed after the application of a sudden load on
the system as shown in the Fig.(12). From this figure, it can
be noticed that the difference between the experimental and
theoretical results was of small values at lower loading and
it increased with a maximum percent when the load had
increased.

6. Results and discussion

7. Conclusions

The simulink model of this case study is tested as shown in
the Fig.(7) . The test of the model was done by making a
comparison with the modified PID controller which is
tuned by Zeigler method. It was noticed clearly, that use
the intelligent direct torque loop is very effective in
reducing the sudden drop in the engine speed when it is
subjected to a sudden load. For proving the high efficiency
and robustness of the presented model, the applied load was
of an excessive type and as shown in Fig.(7) it can be
easily concluded that the proposed model has the ability to
reduce the reduction in speed by more than seven times
greater than that of the modified PID.
Several comparisons have been done between the proposed
scheme and some other strategies of speed control. These
strategies have used fuzzy – neural, neural – fuzzy, fuzzy
logic and other classical methods such as PID control and
its modified types. Although these techniques have been
considered by many researchers such as [22, 23, 24, and
25], the proposed model has proved its robustness and
efficiency through the high accuracy and flexibility of the
results at different cases of loading. The presented
strategies have given fast and lead action since it treats the
factors that affect the speed, while the other models were
based on the change in the speed itself, therefore, there was
such a delay in these models and methods. Figures (8), (9)
and (10) show how the presented model, which is based on
the addition of intelligent and sensing torque loop to the
main speed loop, uses its ability on anticipation to return
the speed to its desired value within a very short time. The
loading was applied at three different times and with
magnitudes of (400W), (500W), and (600W).
After modeling of all input –output relations either by
ANFIS or by ANN , the model was subjected to different
steps of loading from (100W) to (300W) and the time
required by the engine to reach the desired speed was
recorded. Fig.(11) shows that the proposed scheme gives a
short time and for small loads the two methods of actuating
have given the same lead action approximately. However,
at the medium loads the Intelligent injection actuating has
given less time than the throttling type of actuating. For
high loads, it can be stated that the amount of injected fuel
depends on the design properties of the engine. The
robustness and effectiveness of the proposed models had

Based on the previous theoretical results and discussion
many important features were obtained. These experimental
and theoretical conclusions are given below:
1- The experimental results (Fig.(11) showed that there are
major differences between the throttling and fuel injection
controls with respect to the time and the applied loads.
2- After training and testing the proposed intelligent
techniques, it can be concluded that the types of (9- node,
single-hidden layer) and (3-6 node, two hidden layers) of
neural network can give the best performance in this study.
Also, the 7- triangle memberships of the input will give
better prediction in the ANFIS of genfis1. The optimum
center of the range of influence in the ANFIS of type
genfis2 has the range (0.2 – 0.447). The optimum cluster of
ANFIS (genfis3) was (11-13) in our model.
3- The result showed that ANFIS is better than either neural
network or fuzzy logic in the prediction as shown in
Figs.(8, 9 and 10).
4- The addition of the torque loop to the main loop of the
speed controller improved the ability of anticipating in the
controller which will make it fast and having a lead action
and consequently decrease the rise time and the overshoot
as shown in Fig.(7).
5- The proposed models, either the experimental or the
theoretical ,were compared with other available theoretical
and experimental models and showed an acceptable
agreement.

The SI engine model consists of
units as shown in the Fig.(6).

and

calculation
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Fig.7 Comparison between ANFIS and Modified PID controller.

Fig.8 Comparison at three excessive loads of magnitude (400W).

Fig.9 Comparison at three excessive loads of magnitude (500W).
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Fig.10 Comparison at three excessive loads of magnitude (600W).

Fig.11 Testing of the two proposed experimental techniques.

Fig.12 Comparison between theoretical and experimental results.

