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ABSTRACT

The application of hybrid Neuro-Fuzzy principles of clutch actuation control in enhancing the
performance of electro-pneumatic clutch actuation system for heavy duty vehicles is the aim of this
presentation. Neuro-Fuzzy is a hybrid design that accommodates the principles of fuzzy Logic and
Neural Network in a manner that take advantage of their positive sides. The inability of some heavy-
duty vehicles to operate optimally on hilly terrains and which often results in road mishaps are
traceable to the inadequacies in conventional clutch actuation control mechanisms. These
conventional actuation control techniques provide for routine calibration of clutch actuators after
maintenance. Often times, this important requirement of calibration is neglected with attendant ugly
consequences. To stem this tide of manual calibration and its obvious defects, an intelligent method
of clutch actuation modelled in a hybrid Neuro-Fuzzy control is implemented. Conventional data
obtained for errors, speed, torque and power from Mercedes Benz Actros Truck model MP 2, 2031
provided the reference points. These data were embedded into a Simulink block and cascaded into
a designed Neuro-Fuzzy Simulink model. Both conventional and Neuro-Fuzzy Simulink model
controllers were also simulated. Different percentages of improvements were recorded for piston
error, angular speed, engine torque and power respectively. The level and percentage of
improvements stood at 0.4821mm or 33.04% decrease for error, increases of 334.1 RPM or 33%

for angular speed, 0.0594NM or 33.26% for torque and 2.79W or 16.53% for power respectively.

Keywords: Artificial neural network; actuation; control; calibration; transmission.

1. INTRODUCTION

The need of heavy-duty vehicles in our
environments for transportation purposes cannot
be over emphasized. The ability of the vehicles
to initiate movements and hence accomplish a
given assignment is by virtue of the ability of the
motor vehicle to achieve rotary motions or
torque. The requirements for engine torque differ
for different work needs. The different work
needs provided the justification for mechanical
amplifications. Gearing mechanisms are used to
achieve this purpose. Smooth mechanical
amplifications or transitions between several
gearing positions would have been impossible
without a clutch actuation system. A clutch
actuation mechanism acts as an isolator
between the drive shaft linked to the engine and
the driven shaft connected to the load or wheels
of motor vehicles. The clutch safeguards the
gear system from teeth grinding during the
transition periods. The effectiveness and
smoothness of the coupling of the drive and
driven shafts during the gearing transition or
amplification is an indication of perfect match in
clutch mechanism and power transmission
between the engine and the load. The gear shift
quality of a vehicle is a measure for accessing
how good a clutch system is [1]. The processes
in clutching mechanism cannot be smooth
without control system mechanisms. It is through
control process that the clutch activates
instruction to the automobile or machine to move
or stop. A clutch is a device applied to engage

and disengage transmission of power particularly
from a driving shaft to a driven shaft. It can also
be said that a clutch ensures that the
transmission link between the engine and the
driven parts establishes a releasable torque [2].
Clutches like brakes are ideally control elements
for proper control and smooth transmission of
drive torque, power and speed in many rotating
drive systems. The position of the piston in the
actuator chamber is indicative of the amount of
torque that a clutch system can transmit [3].

Any physical process that requires mechanical
movement, linear or rotary must be subjected to
a transformation or actuation process. Actuation
process is thus a mechanical transformation
system that uses its outputs to achieve a control
action on a machine or device, with the ultimate
aim of converting a linear motion to rotary motion
or vice versa. A device or element deployed for
this purpose is an actuator [4]. Enhancement in
clutch actuation controls is critical for automobile
developments. The present conventional control
methods in the electrical control unit, appear
inadequate owing to observed failures of heavy-
duty vehicles on the roads especially on hilly
terrains [5]. Some of the problems associated
with clutch system in heavy-duty vehicles
include; clutch wearing/burnt, torsional spring
weakening, clutch vibrations, fibre rebating, and
leakage in seals [6]. Friction forces, weakening
piston springs and weakening of clutch release
bearing are also included. There are also
problems related to clutch diaphragm weakening
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and clutch sticking. Samson [7] disclosed that
wears are often seen in gear-based travel
sensors. Clutch defects manifest in clutch
actuation positional errors in actuation chambers
with resultant effects on poor clutch engagement
and disengagement.

Conventional control designs are in the forms of;
offfon control, proportional control, servo
mechanism control, integral control, and a
combination of Proportional and Integral (PI)
control. These designs accommodate in its
clutch actuation control, the provision for
frequent calibration of clutch load as a means of
correcting inherent actuation problems to ensure
better operation. Calibrations of clutch actuations
are provided for during installations and routine
maintenance operations [8]. Calibration also
ensures quicker responsiveness of the actuator
control as well as manoeuvring driving situations
in slick roads and launching on hilly terrain with
heavy loads among others [9]. Workshop Tips
on Clutch from ZF Aftermarket on the topic
Overview of all Workshop Tips on Clutches and
repair Tips for Clutch System [10] observed that
inability to effect routine calibration manifests in
problems within the clutch actuation. Clutch
calibration adjustments can be achieved in
several ways. Firstly, calibration can be realised
by disengaging the output or load shaft for a
reference engine or input shaft speed is met.
Secondly, it can be approached by increasing
the pressures on the actuator piston while
monitoring the engine speed for a low torque
transmission to the load shaft or wheals. The
essence of calibration is for variation in the fill
time for clutch engagement and disengagement
routines. Calibration can also result from the
narrowing of the clutch travel distance in the
actuator or by increasing pressure on the piston
through the variation of the energizing current in
the electrical control module of the clutch system
[1]. The practices of calibration are often
neglected by the heavy-duty vehicle operators; a
neglect that leads to tales of woes.

A dynamic process for self-adjustment of
calibration is the way out of this malady. The
process will checkmate the weakening piston
springs and weakening of clutch release
bearings and similar prominent calibration faults
responsible for piston positional error in clutch
actuation. An Artificial Neural Network (ANN)
system of intelligent controller technique is
advocated as a substitute for conventional
controller for the dynamic process to handle this
calibration problem and hence improve efficiency
in heavy-duty vehicles.

2. THE CONCEPT OF NEURO-FUZZY
SYSTEM

A hybrid model of fuzzy logic and neural network
models is named neuro-fuzzy system. It is an
artificial intelligent technique modelled as an
infusion or a combination of a normal fuzzy logic
and neural network. Discussions on fuzzy logic
and neural network respectively indicates that if
available knowledge can be expressed in
linguistic rules, a fuzzy logic system or fuzzy
inference system (FIS) can be built, and if data is
available, or learning from a simulation or
training is possible, then the use of artificial
neural network is practicable. In order to
construct a fussy inference (FIS), the fuzzy sets,
the fuzzy operators and the knowledge base
must be well defined. In a similarly way, the
building of an artificial neural network for any
given application requires that the structural set
up and learning algorithm are needed to be
specified too. Further observations and analysis
by engineers’ reveal that the limitations of the
fuzzy logic and neural network approaches
complement one another. It is therefore natural
to speculate the idea of bringing them together in
an integrated system to harness their combined
advantages. Hence the learning capability
advantage of the ANN and formation of linguistic
rule base advantage of the fuzzy system can be
fused together. The neuro-fuzzy hybrid model
has ever remained efficient. Figs. 1 and 2 show
two arrangements of the neuro-fuzzy intelligent
agent system.

The swapping of fuzzy inference and neural
network blocks in both models of neuro-fuzzy of
Figs. 1 and 2 are significant. The term neuro-
fuzzy is described generally as a type of artificial
intelligent  system with  features and
characteristics reminiscent of fuzzy logic and
neural network models.

In a neuro-fuzzy model, neural network weights
are adjusted by the fuzzy logic sets and rules.
This weight adjustment is described as turning
technigue of the neural network. In the turning
process, both the input and output data vector
act on each other interactively while the weight
adjustment or turning progresses until optimum
output of zero error in between the network
output and the desired output is realised. The
neuro-fuzzy systems exhibit two unique and
clear characteristic phases. They are the
learning and the execution characteristic phases.
The learning phase shows a behaviour that is
characteristic of neural networks and assimilates
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Fig. 1. First model of fuzzy neural system [11]
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Fig. 2. Second model of fuzzy neural system [11]

or learns its own variables within and un-aided,
while the execution phase of behaviour exhibits
the fuzzy logic system character. Independently,
either of the learning and the execution phases
have merits and demerits. Therefore,
combination of the two provides better results
compared with the results recorded with the
application of either of the isolated methods.

In control systems design, there is a greater
need to tackle successfully the challenges
brought about by increasing global competition
in technology, environmental considerations,
energy requirements, economy of materials and
the demand for stable, robust and fault tolerant
systems. A number of control system problems
cannot be approached from the established
conventional modelling techniques. The reason
for this stems from the fact that conventional
modelling techniques require precise, good
knowledge of the system including the nonlinear
response patterns. A complex control system

problem is characterised with high degree of
uncertainty including time varying response
characteristics. Systems that show evidence of
these features cannot be adequately addressed
with conventional modelling solutions. Hybrid
neuro-fuzzy modelling solution approach has
been discovered as a willing tool. It is a powerful
model that ensures that information from
empirical data sources and error-prone unclear
model sources are effectively combined to solve
problems. The neuro-fuzzy solution model
utilises the fuzzy ‘IF-THEN’ rules described in a
network structure and the neural network
learning algorithms approach to provide
solutions to a complex system [12]. The merging
together of neural network and fuzzy logic are
geared towards enhancing decision-making
process in the provision of solutions to control
systems. Neural network offers the tool for
tuning the membership functions of a fuzzy logic
system. The use of fuzzy logic rules expressed
in linguistic terms can be applied in encoding
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expert knowledge. This task consumes time in
the design of fuzzy logic systems. In particular,
defining the membership functions quantitatively
from the linguistic expressions possess some
challenges. The  challenges can be
mitigated by the introduction of the learning
techniques of neural network model. This model
can also be automated and thereby
reduces to some extent; time and cost wasted in
an effort to improve performance of a fuzzy
system.

2.1 Interplay of Roles in Neuro-Fuzzy
Applications

In theory generally, fuzzy logic and neural
networks systems share some similarities.

These similarities explain  why both are
convertible. However, there are some
differences that exist between them and

accounts for the advantages and disadvantages
in their applications for practical purposes.
Specifically, while making decisions using
imprecise data analysis and fuzzy logic, ANN is
used to integrate human thinking processes in
solving problems without modelling them
mathematically. Thus, in contrast with Fuzzy
logic, ANN applies the model of thinking found
only in the human brain to solve a given

problem. In neural network systems, back
propagation algorithm technique enables
knowledge acquisition automation to be
possible. The only impediment is the

comparative slow learning process and the
difficulty in the analysis of the trained neural
network or the black box system. Extraction of
the rules or the structural knowledge frame work
of the neural network black box from the trained
neural network system is indeed challenging. It
is a challenge too to integrate special information
into the task being solved in a neural network in
a way to upgrade the learning process. In these
circumstances, fuzzy logic systems are the
favourable option. Fuzzy logic system behaviour
can be easily explained from the fuzzy rules and
hence performance can be adjusted to meet
target by effecting some changes in
the fuzzy rules. The major interest in fuzzy logic
design is the number of input variables and
process of establishing its membership
functions.

2.2 Advantages and disadvantages of
Fuzzy Logic

These few challenges of fuzzy logic system put a
limit in its application to only areas with small

number of input variable requirements and
where availability of expert knowledge is
feasible.

Neural network systems provide solutions to
knowledge acquisition challenges of fuzzy logic.
They are capable of eliciting fuzzy rules
automatically from numerical data. This explains
the importance of cooperative approaches in the
application of neural networks as a tool in the
optimization of fuzzy system parameters. Neural
network can also be applied in pre-processing
data or information from which fuzzy control
rules can be deduced [11]. Neuro-fuzzy
modelling technigue can be likened to a grey box
or mask that lacks clarity but is imbedded within
the boundary of neural networks and qualitative
fuzzy models. The building blocks of neuro-fuzzy
models are based on merging of algorithms used
in the fields of neural networks, pattern
recognition and regression analysis. The
fundamental theory in artificial intelligence to
which fuzzy logic and neural network systems
are included arose from the thought of a possible
imitation of man’s ability to reason. The
reasoning in fuzzy system expression indicates a
seeming natural symbolic occurrence in an if-
then rules. Similarly, in neural networks, the rule
or network parameters are not stated explicitly.
The working method is subsumed in a coded
black box form. The neural network application
model contrasts with a knowledge-based
principle. Thus, no clear knowledge pattern is
needed in neural network application. A hybrid
neuro—fuzzy systems provide solutions to a task
by the successful combination of the symbolic
natural expression of ‘IF THEN’ rule of fuzzy
systems and the learning ability of neural
networks [12]. In the computation involving fuzzy
system with multiple inputs, fuzzy logic structure
can be presented as network structure displayed
in like manner as to a neural network of the
radial basis function (RBF) model. Similarly,
fuzzy logic system’s optimization of parameter
process can take the form of gradient descent
training algorithms that are usually applied in the
area of neural networks computation. The
gradient descent training algorithms approach is
in most circumstances nicknamed neuro-fuzzy
model [12]. The Author gave an illustration as
shown in Fig. 3.

The Fig. 3 is a typical example of a zero-order
Takagi-Sugeno (TS) fuzzy model. The resulting
‘IF THEN’ rules are presented here.
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If X1 is A1z and Xz is Az then y = ba and If x1
is A1z and Xz is A2z theny = b2

It shows a TS fuzzy model with two rules
indicated as in a neuro-fuzzy model. The nodes
A11, A1z, A1 and Az are the result of the first
layer membership functions of the input signals
x1  and xz of the fuzzy sets. The second node
B1and Bz indicates the product of the fuzzy sets
with an ‘and’ linkage as shown in the rules. The
third node is a normalizer node ‘N’ with b1 and b2

respectively. The output ‘y’ is the summation
accomplished by the fuzzy mean operator. This
system model can be referred to as Adaptive
Neuro-Fuzzy Inference System (ANFIS). The
first-order TS fuzzy model can also be
represented in a similar fashion. Again, consider
the example with two rules: If x1 is A11 and xz is
Az1 then y1 = aiixa + aiaxz + by,

If X1 is A1z and xz is A2z then y2 = azix1 + azxz +
b2 for which the corresponding network is given

and represents the normalised outputs inFig. 4.
List 1. Advantages and disadvantages of Fuzzy Logic
S/N  Advantages Disadvantages
1. Fuzzy logic is easy to code and understand It is hard to use it to decide value
judgement.
2. It has wide industrial and practical applications Knowledge acquisition in fuzzy logic
system is somehow difficult.
3. It can be used to determine or estimate uncertainty Fuzzy logic success is dependent on
in data analysis and design. the logical system used.
4. It is easily explained with the use of fuzzy rules. Etc.
A,
A
Xy .:-:,5 - B Bl r/ _h\'-. b'
A, /\\ ! N .
_. \ .
‘4:|/_\/ -/—]:I_\-. \/1:4-\“'. /\
P "/I B'J r\‘\—‘/f b
X5 — ] =

A,

et s
functions

normalized
degree of
Fu il liment

consequent

weighied
prameierns um

Fig. 3. Zero-order Takagi-Sugeno fuzzy model [12]

f‘_‘ I'rl

"‘ a,x, ta.,x,+b,
~ B )

{ N ——
AN

+anx, + b,

Fig. 4. Neuro-fuzzy network (ANFIS) [12]
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3. MATERIALS AND METHODS

This section is devoted to the materials used in
the study, the apparatus deployed and the
procedure adopted in the study. It is both an
experimental and analytical method. It is a
continuous report from the previous works on
Valve  Actuation using electro-pneumatic
actuation technique powered by Al.

3.1 Materials

The study materials for this work includes the
actuation chamber, clutch plate, static and
dynamic gearing parameters of a Mercedes
Benz Actros Truck model MP 2, 2031 from which
conventional actuation control parameters were
sourced empirically [13]. Artificial Neural
Network module was selected in a MATLAB
environment.

3.2 Methods
3.2.1 Conventional controller design

Empirical research method was used to obtain
the initial data prevalent in the actuator chamber
of an Actros Truck model MP 2, 2031. This
formed the characterised conventional control
data. The details of the characterisation are
contained in another work by this Author entitled

Pneumatic Clutch Actuation Control System for
Heavy-Duty Vehicles”, [14]. Simulink models for
conventional controller was designed in a
MATLAB 7.5 system. The characterised data for
error, speed, torque and power were inserted
into the conventional modelled Simulink shown
in Fig. 5.

3.2.2 Fuzzy logic control design

Mandani Technique of Fuzzy inference editor in
a MATLAB environment was explored in the
development of a rule base for the actuation
control of the electro-pneumatic clutch system.
Seven input membership functions of fuzzy rules
for positional error and change in positional error
as inputs were designed. They are negative high
(NH), negative medium (NM), negative low (NL),
zero (Z), positive low (PL), positive medium
(PM), and positive high (PH) respectively. Three
output membership functions for sensor monitor
as output gain were also designed. They are low
(L), medium (M) and high (H) respectively. The
rule base for the control mechanism, the
actuator control sequence and the rules for the
sequence were generated. The Mandani
Technique of Fuzzy inference editor is shown in
Fig. 6 while the fort-nine rules generated is
shown in Table 1. The fussy rules are
incorporated in a Simulink model as a block unit.

“ . . . . : H : :
Physiological ~Characterization of Electro- Details is contained in [14].
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Fig. 5. Model for Conventional Controller
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Fig. 6. Fuzzy inference editor for the design of fuzzy rule for an improved control system

Table 1. Summary of the fuzzy rule

S/IN Error Change In Error Gain

1 NB NB low

2 NB NM low

3 NB NS low

4 NB Z low

5 NB PS low

6 NB PM low

7 NB PB low

8 NM NB low

9 NM NM average
10 NM NS average
11 NM 4 average
12 NM PS average
13 NM PM average
14 NM PB low

15 NS NS high

16 NS z high

17 NS PS high

18 NS PM high

19 NS PB low
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SIN Error Change In Error Gain
20 4 NB low

21 z NM high

22 z NS high

23 z z high

24 4 PB high

25 PS NM average
26 PS NS high

27 PS z high

28 PS PS high

29 PS PM high

30 PS PB low

31 PM NB low

32 PM NM average
33 PM NS average
34 PM Z average
35 PM PS average
36 PM PM average
37 PM PB average
38 PB NB low

39 PB NM low

40 PB NS low

41 PB Z low

42 PB PS low

43 PB PS low

44 NB NM low

45 PB NS low

46 PB Z low

47 PB PS low

48 PB PM low

49 PB PB low
3.2.3 ANN controller design fed into an ANN block unit. See the details also

in [15].
ANN module was selected in a MATLAB ol

environment. Seven neurons were used as the
input neurons into which the two input signals of
error and change in error were fed. The back-
propagation algorithm technique for weight
variations was adopted for its obvious
advantage. Similarly, seven neurons
formed the output neuron through which the
output signal was derived. The hidden
neurons were thirty-five. The total number of
neurons in the system resulted to forty-nine

neurons. This is synonymous to seven
neurons trained seven times. The training
sessions corresponds with the forty-nine

rules of the fuzzy logic system. The Sigmund
activation function ( " L ) was adopted.

+e™X

Simulink models for ANN Controller was also
designed in a MATLAB 7.5 system and

3.2.4 Hybrid neuro-fuzzy controller design

Neuro-fuzzy is an amalgamation of both fuzzy
logic and ANN blocks through a suitable
combiner in a MATLAB 7.5 system. The Neuro-
Fuzzy Simulink model controller design was
cascaded with the conventional control block in
series to the Fuzzy logic block on the upper end
and in series also with the ANN block on the
lower end. Accordingly, the longitudinal vehicle
dynamics building blocks were connected in the
design. Subsystem building blocks for error,
power, torque, speed and clutch travel
parameters were connected. A data input/output
subsystem where relevant analytical data for
error, speed, torque, power and clutch travel
parameters were read, were also connected.
The design is shown in Fig. 8.
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Fig. 8. Designed Neuro-Fuzzy Controller Simulink model for improved clutching

4. RESULTS AND DISCUSSION

The results obtained from designs of the neuro-
fuzzy controller is presented and discussed in
terms of improved performances of the neuro-

fuzzy controller
controllers.

4.1 Conventional

Conventional

over

controller

that

of conventional

and Hybrid Neuro-
Fuzzy Simulink Data Presentation

and

Neuro-Fuzzy

controller data for proportional error, engine

speed, torque and

power obtained

from

simulation of designed Simulink are presented in
Tables 2 and 3 respectively.

4.2 Conventional and Neuro-Fuzzy Error
Signals comparisons

Conventional  controller and  Neuro-Fuzzy
controller data for proportional error is tabulated
in Fig 4. furthermore, the graph (a) and bar chart
(b) respectively are ploted in Fig 9 for
comparison. Conventional data is identified with
red plot while green plot represents neuro-fuzzy
data.

Table 2. Conventional Controller Simulink model data

Clutch travel (M) Error signal (mm) Speed (RPM) Torque (NM) Power (kw)
0 0 0 0.0000 0.00

0.01 0.25 1300 0.0595 08.10

0.02 0.50 1140 0.1190 14.21

0.03 0.75 990 0.1792 18.58

0.04 1.00 860 0.2380 21.43

0.05 1.10 735 0.2975 22.90

Table 3. Neuro-Fuzzy Controller Simulink model Data

Clutch travel (M) Error signal (mm) Speed (RPM) Torque (NM) Power (kw)
0 0 oo 0.0000 0.00

0.01 0.0085 3032 0.1388 12.37

0.02 0.0169 2659 0.2775 21.70

0.03 0.0254 2309 0.4180 28.38

0.04 0.0338 2006 0.5550 32.73

0.05 0.0372 1714 0.6938 34.97
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Table 4. Comparing error signals in electro-pneumatic clutch actuation control system

Clutch travel (M)/Analysis

Conventional error signal(mm)

Neuro-Fuzzy error signal(mm)

0

0.01

0.02

0.03

0.04

0.05

Average

Using 100 as datum
% Difference

0
0.25
0.50
0.75
1.00
1.10
0.72
100
-28.0

0
0.0085
0.0169
0.0254
0.0338
0.0372
0.0244
100
-97.56
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Fig. 9. Conventional and Artificial Neural Network controller compared for error signal
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Table 5. Comparing engine angular speed in electro-pneumatic clutch actuation control

Clutch travel (M)/Analysis Conventional Speed (RPM) Neuro-Fuzzy speed (RPM)
0.00 0 -
0.01 1300 3032
0.02 1140 2659
0.03 990 2309
0.04 860 2006
0.05 735 1714
Average 1005 2344
% Difference 0 133.23
Using 100 as datum 100 233.23
3500 T T T 14
—&— CONVENTIONAL SPEED (RV/M) B CONVENTIONAL SPEED
——4— NURO-FUZZY SPEED (RV/M) 250 [ NUROFUZZY SPEED
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(a) Graph (b) Bar Chart

Fig. 10. Conventional and Neuro-Fuzzy Compared for Angular Speed
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Table 6. Comparing engine torque in electro-pneumatic clutch actuation control

Clutch travel (M)/Analysis Conventional torque (NM) Neuro-Fuzzy torque (NM)
0.00 0.0000 0.0000
0.01 0.0595 0.1388
0.02 0.1190 0.2775
0.03 0.1792 0.4180
0.04 0.2380 0.5550
0.05 0.2975 0.6938
Average 0.1786 0.4166
% Difference 0 133.26
Using 100 as datum. 100 233.26
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Fig. 11. Conventional and Neuro-Fuzzy Controller compared for Engine Torque
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Table 7. Comparing engine power in electro-pneumatic clutch actuation control

Clutch travel (M)/Analysis Conventional power (kw) Neuro-Fuzzy power(kw)
0.00 0.00 0.00
0.01 08.10 12.37
0.02 14.21 21.70
0.03 18.58 28.38
0.04 21.43 32.73
0.05 22.09 34.97
Average 16.88 26.03
% Difference 0 54.21
Using 100 as datum. 100 154.21
35 4 13 F F F -
—— CONVENTIONAL power (kw) // 160
30| —*— NURO-FUZZY power (kw) I CONVENTIONAL POWER
— 140 [ NUROFUZZY POWER
25 120 —
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Fig. 12. Conventional and Neuro-Fuzzy Controller compared for Engine Power
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4.3 Conventional and Neuro-Fuzzy
Angular Speed Comparisons

Table 5 presents the data for angular speed in a
conventional controller in comparison with that
obtained from a neuro-fuzzy controller. The
gragh and bar chart of Figs. 10 (a) and (b)
respectively are used to illustrate the trend.
Conventional data is identified with red
plot while green plot represents neuro-fuzzy
data.

4.4 Conventional and Neuro-Fuzzy
Engine Torque Comparisons

The data for engine torque in a conventional
controller in comparison with that obtained from
a neuro-fuzzy controller is presented in Table 6.
The gragh and bar chart of Figs. 11 (a) and (b)
respectively are used to illustrate the trend.
Conventional data is identified with red plot while
green plot represents neuro-fuzzy data.

45 Conventional and Neuro-Fuzzy
Engine Power Comparisons

The data for engine power in a conventional
controller is compared with that obtained from a
neuro-fuzzy controller in the presentation of
Table 6. The gragh and bar chart of Figs. 12 (a)
and (b) respectively are used to illustrate the
trend. Conventional data is identified with red
plot while green plot represents neuro-fuzzy data
as is usual throughout this presentation [16-19].

5. CONCLUSION

The different improvement recorded in the
various parameters of error, angular speed,
engine torque and power respectively with the
Hybrid Neuro-Fuzzy controllers show clear
improvements over the conventional controller.
The mean improvement on conventional
controllers were remarkable. The Hybrid Neuro-
Fuzzy improved controllers stood at an error
reduction in clutch travel from 0.720mm to
0.0244mm given a decrease of 96.6% or error
reduction to a level of only 3.39 %. The angular
speed increased from 1005 RPM to 2344 RPM
or an increase of 133.23%. The torque was
increased from 0.1786 NM to 0.4166 NM or
133.26%. Similarly, power increased from 16.88
kilowatts to 26.03 kw or 54.21% increase. These
results depicts conclusively that Hybrid Neuro-
Fuzzy controller application in intelligent clutch
actuation control of an electro-pneumatic clutch

system for heavy-duty vehicle will have over the
use of a single mode of either fuzzy logic or
Artificial Neural Network.
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