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ABSTRACT

Air pollution is one of the important challengirgsues these days
that researchers have been trying to maintainatmormal range.
The emissions of vehicle engine exhausts are reggerfor fifty
percent of air pollution. There is a tendency toalep of engine
control which works in a simple wain this paper a simple fuzzy
logic (FL) control has been developed which is useddefining
engine system faults and control and maintain them normal
range without use any complicated mathematicabigu and
any fault sensor .
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NOMENCLATURE

IC Internal combustion
R Rule base

D Data base

FL Fuzzy logic

1.0 INTRODUCTION

Exhausts caused by vehicle engines contains high ¢ carbon
dioxides (€0,), nitrogen oxides NO,), sulphur dioxide £0,),

and other of particles due to the heavy fuel oiedusfor
combustion. For example in Europe, It was estimatedhave
been 2.3 million tonnes of sulphur dioxide and 1&ilion tonnes
of nitrogen oxides a year in 2000 [4]

Environment in forms of air pollution due ¥0,, andSO,,
global warming due t€0,, and water pollution become an
essential issue on societies’ point of view . Tlogaggnments in
industrialized and developing countries considert ramly
economical issue, but also environmental issue. Kyeto
Protocol (1997) has been a turning point for theurk
economical and environmental policies for both stdalized and
developing countries [4].

High ratio emissions that consequences from misfire
incomplete combustion causes air pollution, lowehne t
performance of the engine and raise fuel consump@auer,
1996; Bishop & Stedman, 1996; Heywood, 1989). Exlsmu
caused by engines contains high level of carboridiés (CO 2),
nitrogen oxides (NOy), sulfur dioxide (SOyx), and other of
particles due to the heavy fuel oil used for contibus For these
reasons, a method will be developed for modelingdy @ntrol ic
engines by fuzzy logic to avoid of air pollutiondaraise engines
performance [5,10]

20FUZZY LOGIC

The main significant reasons to utilized fuzzy togéchnology
have the ability to give approximate recommendddtiem for

unclear and complicated systems to easy undersignand
flexible. Fuzzy logic provides a technique whichshéhe
capability to model a control for nonlinear planithwa couple of
IF-THEN rules, or it could identify the control &ms and
describe them by utilizing fuzzy rules. It mustinentioned that
application of fuzzy logic is no limited by a systeéhat's hard for
modeling, however it can be utilized in clear sgsevhich have
complicated mathematics models due to most ofithe it could
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be shortened in design but there’s no good qualésign just
sometimes we could find design with high qualityl{y]

Fuzzy logic supplies a practicable way to know amshually
influence the mapping behavior. Generally speakingzy logic
uses simple rules to explain the device of inteassbpposed to
analytical equations, which makes it an easy tasknplement.
Given its advantages such as for example robusaresspeed,
the fuzzy logic method is one of the finest sologidor system
modeling and control. An FIS contains three primalgments,
the fuzzification stage, the rule base, and theuzification
stage. The fuzzification stage is employed to fians the so-
called crisp values of the input variables intozZigembership
values. Then, these membership values are procested the
rule-base using conditional ‘if-then’ statementieToutputs of
principles are summed and are defuzzified righo iat crisp
analogue output value. The results of variationthénparameters
of a FIS could be readily understood and this it@atéds
calibration of the model.[3]

The device inputs, for instance: ‘most suitableugabf CO,
HC, NOX, CO2 are called linguistic variables, wtarehigh’
and high’ are linguistic values which are charaztet by the
membership function. After the evaluation of thdesy the
defuzzification transforms the fuzzy membershiprealright into
a crisp output value, for instance, the penetradigpth.[4]

The complexity of a fuzzy logic system with a fix@gput-
output structure is set by the how many of membjprkinctions
employed for the fuzzification and defuzzificatiamd by the
number of inference levels. The block diagram of caer-all
fuzzy logic system is shown in Figure 1, where: x4, . . . ,xn
are a symbol of n crisp inputs and y could bectfisp output.[3]
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Figure 1: Block diagram of a general fuzzy logisteyn.[7]

2.1 Fuzzification

Fuzzification alludes to the process of taking iapcinput value
and transforming it into the degree needed by #ieng. The
fuzzification subsystem; measures the values ofitivariables,
performs a scale mapping that transfers the scépaloes of
input variables into corresponding universes dfstaberforms the
function of fuzzification that converts input datdao appropriate
linguistic values which might be viewed as labelduzzy sets

(Lee, 1990. Such a function is called the membership fumctio
and it was determined by the experts. Also, thagetfons were
determined by preprocessing of the raw data in anlmeeship
function module[6]. The two mainly used membershipctions
are triangular and trapezoidal functions. in additigeneralized
bell function, Gaussian function, two-sided composf two
different Gaussian functions, sigmoidal functioniffelence
between two sigmoidal functions, product of two nsigdal
functions and polynomial (Z, S and Pi curves) fiond are as
well used as membership functions in fuzzy logiplations
(The MathWorks, Inc., 1999

2.2 Inference Mechanism

In the inference mechanism fuzzy consequencesnteeead from
the memberships of fuzzy sets with the assist ofWtedge base
(Frantti &Ma’ho'nen, 2001). The knowledge base wissof
data(D) base and rule(R) base. D base has infamédir a good
functioning of the fuzzification, rule base and wfification
phases. Its information includes fuzzy membershipfions and
bodily domains with their scaled counterparts, tygefuzzy
relations, kind of interaction and union operatansl number of
hierarchical levels in reasoning. The D base wasstrocted
through the expert system development by the expert
knowledge engineer). The set of rules in a fuzzyeexsystem is
known as the rule (R) base and it uses the inféomatf D base
and represents at the linguistic level the fundtignof the
modeled system in the form of linguistic equatiofike R base
was collected of by expert together with experirabnt
consequences and theoretical information.

There are two main forms of fuzzy rules: the Manidd®
form (Mamdani & Assilian, 1975) and the Takagi—Sume<ang
(TSK) form (Sugeno & Kang, 1986; Tagaki & Sugen®81).
Amongst the two, the Mamdani-like rules are bedtéted for the
detection of human understandable knowledge fraahwedata.
Both forms have been used in fuzzy control. A dtassle in a
fuzzy expert system typically takes the form

If x is low and y is high then z = medium

where x and y are input variables, z is outputaldd, and low,
high and medium are membership functions defimitef y and
z; respectively.

2.3 Defuzzification

Defuzzification is the method of taking the fuzzytmuts and
converting them to a single or crisp output vaRieThis process
may perhaps performed via one of several defuztifin
methods. Some general methods of defuzzificatiamado the
max or mean—max membership principles, the centmwthod,
and the weighted average method (The MathWorks, 11999).

3.0FUZZY LOGIC ANALYSIS

In this section, fuzzy expert system for the optition of fuel
consumption and the level of emission will be dssmd. This
system at first, defines the fuel consumption ofl@rengine as
fuzzy by measuring emission values. for this puepmaist used
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one measurement device for example : Bosch ETT580BU.
after that, if the fuel consumption is excess, tystem take a
decision whether there is fuel system fault, igmtsystem fault,
any fault caused by engine wearing, exhaust arakénvalves
fault or not by using the emission values and gives
recommendation to repair these faults. Structure fuofzy

diagr\}osfs and advice system (FDAS) is shown in Eig.
ehicle

Computer

Bosch ETT 008 .55EU
Exhaust Emmission

Figure 2: Structure of FDAS.

This system could be design for any of internal bostion
engines. Measurements of engine emissions (CO,3#;,C0O2
and 1) will be made between 3000-3500 rpm and 60-8thaC
engine provides the maximum moment in these inke(Ve9]

In this system, a computer must be used which héd P4

L]
(Vehicle Specification |
Manufacturer Models Year  Engine Capacity (cc)
1400

Renault

Ford

"Engine Rpm |Oil Temp.for CO Test (°C) Vol. XCO | Vol. 2C0p | Vol. 20 | ppmHC | Lambda

3000 789 45 103 05 520 0.89

PROBABLE FAILURE(S)

3 New Measurement
About
Ll Close

Figure 4: FDAS interface.
System will be run by operating of FDAS interfacétware. At

FAILURE: Rich Misture SOLUTION: Adjust Air/Fuel Ratio

microprocessor and at least 256 MB ram memory. Data first, user must select brand, model, productioaryend engine

communication between computer and emission measute
device will be realized by a special interface card

System software include of two computer progranat thust
be prepared in Matlab and Delphi. Block diagramsoftware
shown inFig. 3

volume of the car and click the new measurement.

Thus, the membership function information of thedfic cars
will be taken from the knowledge base. Most of mership
function information has been generated via comatd® of
expert views and catalog values for most of diffeterand cars
(Technical Data Cars and LCVs, 199Blembership functions of
a sample car are shownhig. 5.
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Figure 3: Block diagram of software.[6]

The communication between user and system wilebézed
via an interface. This interface’s screen out mvahinFig. 4.

05 06 07 08 09 1 11 12 13 14 15
input variable “LAMBDA"

Figure 5: Input membership functions of 1993 Tenjffa

Membership  function information and the emission
measurement values of specific car which are obthifrom
interface card will send from FDAS interface softeato
Matlab.In Matlab at first, input crisp values wile change into
fuzzy values. Fuzzified values will be enteredfiest inference
mechanism. fuzzified inputs will be realized vieftfirst rule
base in the first inference mechanism. Some ofetheles in the

n Published by International Society of Ocean, Meat&lrand Aerospace Scientists and Engineers



Jour nal of Ocean, M echanical and Aerospace
-Science and Engineering-, Vol.20

June 20, 2015

rule base are shownirable 1

Table 1: Rules of fuel consumption based particles.
Some rules in the first rule base

(0 HC (0, 0, A Fuel con-
sumption
Normal ~ Normal ~ Normal ~ Normal ~ Normal ~ Normal
Normal ~ Normal ~ Normal  High Normal  High
Normal ~ Normal  Low Normal ~ Normal  High
Normal ~ Normal  Low High Normal  High

The fuzzy termination obtained via first inferenmechanism
will entered defuzzification subsystem. In this sygiem, the fuel
consumption of car will be calculated from fuzzynctusion by
centroid method.

Linguistic fuel consumption and emission valued bé sent to
the Delphi and then this program uses of second balse to
comparison between values. this software decigeetare fuel or
ignition system fault, any fault caused by engirearing, exhaust
and intake valves fault or not by using fuzzifie®,CHC, CO2,
02 andi values and will advice to repair them
Decisions and advice according to some differessiiilities are
shown inTable 2

Table 2: Decision and advice to be taken basedeworl lof
particles.

Possible faults and solution advice according to some of linguistic emission values and fuel consumption

(0 HC (0, 0, i Fuelcon- Possibl faul Advice

sumption
Normal Nomal Nomal Nomal Nomal Normal
Normal High Low High Nomal High

No fault -

Check ignition
system or valves
Adjust fuel system
Check valves
Adjust fuel system

Ignition system fault
or valve faut

High High Low Low Low High Rich mixture
High High Low High Nomal High
Normal Normal Low High High High

High Nomal Nomal High Nomal High

Valve fault
Very lean mixture

Engine fault Tune up engine

4.0 CONCLUSION

In this paper a fuzzy logic control system has beeweloped.
This system calculates fuel consumption by usingsion values
in IC engines. After than the system identify fauttaused by
engine wearing, exhaust valve fault and intakeev&wlt without
any fault sensor .in the end this system coulegiadvice for
repairing the faults if there is any. this systesmvery easy to
design without any complicated mathematical equatio
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