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ABSTRACT

Vehicle automation for rear end collision avoidance during vehicle following is an area of research for
the past few decade. For Adaptive cruising of vehicles, various controllers have been developed like PI,
PID, Model predictive, Sliding mode control, which depend upon the system mathematical model.
Designing such a mathematical model for nonlinear system with multiple parameters may not be easy. A
controller which can emulate the behaviour of the human, and mimics their reaction which does not require
the mathematical modeling of the system may be of high repute. One such controller is Fuzzy Logic
controller (FLC). FLC does not need an exact mathematical representation of the system which is to be
controlled. The performance of the FLC depends upon how well the fuzzy rule base is framed. The problem
with FLC-based system is that, the number of rules used. The rule increases exponentially with the increase
of the number of membership values that involve in the rules. This increase, leads to the rise in the
computation time of the controller. However the performance of the FLC system highly relies upon the
number of membership values and the rules. The crisp output of the FLC does not depend upon the best
rule rather it depends upon the entire rule which gets qualified. In-order to have the best rule fired, Genetic
Algorithm (GA) is used to optimise the rule base of FLC. Whenever Genetic Algorithm (GA) is used in
real time optimisation of fuzzy rule base, the time for reaching the optimised value, depends upon the
population size (number of rules in the fuzzy rule base). Hence for a time crucial application like Adaptive
cruise control (ACC), offline tuning of fuzzy rule base is performed. In this paper new approach of
segmented / divided fuzzy logic based controller is proposed where all the FLC used in ACC is tuned
offline using GA and the performance comparison is made.
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1. INTRODUCTION

As the growth of technology in
transportation, vehicle industry is moving towards
manufacturing of vehicles which are completely /

mathematical model for a nonlinear system with
multiple parameters may not be easy [3]. A
controller which can emulate the behaviour of the
human, and mimics their reaction which does not
require the mathematical modelling of the system,

partially automated. The motive of such automation
is to improve the safety of the car user by relieving
the human drivers of tedious tasks that could
distract their attention while driving. Adaptive
Cruise control (ACC) is an automated vehicle
control system, which is used for assisting the
driver in maintaining a desired speed (Velocity
control mode-VCM) or following a preceding / lead
vehicle at a desired distance (Distance control
mode-DCM), avoiding rear end collision [1], [2].
Safe car following is a fundamental requirement
when developing an ACC Algorithm. Various
control techniques like Proportional, Derivative [2],
Sliding mode control [4], explicit model predictive
control [5], Quadratic optimal theory [6], Reference
model based [7] needs the mathematical modelling
of the complete system (vehicle). Designing such a

may be of high repute. Fuzzy controller is suitable
for multi-parameter and nonlinear  control
problems. It allows control without extensive
knowledge of the equations of the process and it
represents in a very effective way the human
reasoning methods. Several papers were published
with Fuzzy logic controller (FLC) based ACC [3],
[8], [9]. The performance of the FLC depends upon
how well the fuzzy rule base is framed [10].
Nassaree Benalie et. al [9], proposed a FLC based
ACC. The work was considered for a speed range
between 0-59Km/hr. The controller was designed
with two inputs and one output with 49 rules. The
controller proposed in [9] cannot guarantee for
vehicle following if the vehicle travels above
60Km/hr of speed till its maximum speed, unless a



http://www.jatit.org/
mailto:sathiyanme@yahoo.co.in

Journal of Theoretical and Applied Information Technology

10" November 2013. Vol. 57 No.1 =

S

© 2005 - 2013 JATIT & LLS. All rights reserved-

" A m—
A iil

ISSN: 1992-8645

www.jatit.org

E-ISSN: 1817-3195

large change in the rule base of the controller is
made. The hitch with the FLC-based system is that,
the performance of the controller highly relies upon
the number of membership values and the rules
[11]. The rule increases exponentially with the
increase of the number of membership values that
involve in the rules. This increase, leads to the rise
in the computation time to determine the crisp
output by the controller. The crisp output of the
FLC does not depend upon the best rule rather it
depends upon the entire rule which gets qualified.
In-order to have the best rule fired; Genetic
Algorithm (GA) is used to optimise the rule base of
FLC. GA is a numerical optimisation technique
based upon the mechanics of natural selection.
Whenever Genetic Algorithm (GA) is used in real
time optimisation of fuzzy rule base, the time for
reaching the optimised value, depends upon the
population size i.e., humber of rules in the fuzzy
rule base [12]. Hence for a time crucial application
like ACC, offline tuning of fuzzy rule base will
help in gaining the advantage of both fuzzy logic
and GA. The rules are optimised with a common
objective function. In this paper a new approach of
Segmented / divided FLC is proposed for a time
crucial application like ACC, where the advantage
of Fuzzy controller which does not require the
mathematical modelling of the system, is used.
Also the performance of the controller is improved
by optimising the rule base of the controller with
GA. Since the time taken by the controller to
update its crisp output (in order to make the host
vehicle to follow the lead vehicle during Distance
Control Mode (DCM)), depends on the number of
rules in the rule base of the FLC, the single FLC is
divided into several FLCs for reducing the time for
determining the crisp value without any
performance  sacrifice. ~ The crisp  value
computational time is understood by observing how
fast the host vehicle tries to adapt to the speed
change of the lead vehicle. The work carried out in
[14] and [15] had a single FLC, whose rules are
optimised considering a common objective
function. For ACC application at low speed,
comfort can be given highest priority with a little
room for distance error and at higher speeds
maintaining safer distance has the highest priority
than comfort level of the passenger in the vehicle.
In the proposed method, each segmented FLC can
have their individual objective function, which adds
to the performance improvement of the controller.
For validating the proposed control technique, a
vehicle model proposed by Khairuddin Osman et.
al, is adopted. The rest of the paper is organised as
follows: Adaptive Cruise control, Vehicle dynamic

modelling, Controller for ACC, Simulation results
and Conclusion.

2. ADAPTIVE CRISE CONTROL

Driver assistance system for helping the
drivers has opened the way for vehicle automation.
In particular, drivers must constantly assess the
distance and relative speed of vehicles in front and
adjust their vehicle speed accordingly.

Velocity
Cruise .

I
Controlle Plant (Vehicle)

Velocily Set. (/2_. ) T _|_)
i} ¥

Figure 1 : Block diagram of Cruise Control Mode /
Velocity Control Mode

A Cruise Control (CC) system has been developed
(Figure 1) to assist the driver for maintaining a set
speed and where by reducing the effort of applying
constant pressure on the accelerator by the driver
during long and continuous travel. This mode of
operation is called Velocity control mode (VCM).
The system fails when a vehicle is present in the
same lane of the vehicle.
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Figure2: Block diagram of Adaptive Cruise Control
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Figure 3: Inter vehicle distance

Adaptive Cruise Control (ACC) supports the driver
in following the lead vehicle at a safer distance
avoiding rear end collision (Figure 2). ACC
automatically adjusts the host vehicle velocity in
order to maintain a safe distance between the two
vehicles. This mode of operation is called as
Distance Control mode (DCM). Figure 3 shows the
inter vehicle distance between the lead and the host
vehicle. Speed error, distance error, relative
velocity and rate of change of error are primarily
considered as the input variables over which the
control variables throttle or brake is decided.

Xerror = Xactual — Xdesired @
Xdesired = Xsafe + THW x Vhost (2)
Serror = Slead — Shost 3)
Slead = Shost + Xerror x 3.6 (@)

Xerror — Distance error
Shost — Speed Error
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Serror — Speed of the Host vehicle in (km/hr)

Slead — Speed of the Lead vehicle in (km/hr)

Xsafe — minimum distance of safety in meters
Xactual — Actual distance between the vehicles in
meters

THW — Time headway

3. VEHICLE DYNAMIC MODELLING

For the purpose of comparing the proposed
methodology with the conventional single FLC, a
vehicle model (plant) has been created whose basic
block diagram is shown in Figure 4. The cruise
controller regulates the velocity v, of the vehicle as
per the drivers’ requirement by adjusting the
throttle valve angle u and the brake torque.

ol ) g | -|
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Converter
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Figure 4: Basic drive train system

The moment of inertia or the motion of the car is
given by

dv

mE = F — Fisturbance (5)

Where F is the force generated by the engine and
F gisturbance 1S the total disturbing force due to gravity,
friction and aerodynamic drag. The force generated
by the engine F, whose torque is proportional to
throttle position which is determined by the control
signal u (0< u< 1) as well as the engine speed .
The torque at full throttle is given by

T(w) = Tm(l - p(=- 1)2) (6)

Where, the maximum torque T, is obtained at
engine speed wy,. Let n be the gear ratio and r be
the wheel radius. The relation between the engine
speed and the velocity is given by

n

0 ==V ©)
Therefore
F=2T(0) ®)

The disturbance force is the summation of the force
due to gravity Fq, the rolling friction F, and

aerodynamic drag F.
F, = mgsin(0) 9)

Where g is the gravitational force (9.81m/s?) and
is the slope of the road.

9

E. =mgC,sin(v) (10)

where  C, is the coefficient of rolling friction.
F, = %pCdsz (11)
Therefore
Faisturbance = mgsin(0) +
mgC,sin(v) + %pCdsz (12)

The above equations are modelled in Matlab
simulink with the following parameters (Annexure
1)

T, = 190N, @y, = 4000rpm 4= 0.4, C, = 0.01, p
= air density (1.3k/m%), C4= 0.32, A=2.4m?

4. CONTROLLER

FOLLOWING

FOR VEHICLE

4.1 Fuzzy Logic Controller

Fuzzy controller is suitable for multi-
parameters and non linear control problems. Fuzzy
theory is a powerful tool in the exploration of
complex problems because of its ability to
determine outputs for a given set of inputs without
using conventional mathematical model. It is
developed with the human expertise and
knowledge. Fuzziness describes event ambiguity.
Fuzzy controller maps the input (as,a,,....,a,) € ||A"
to outputs(yi,yz,....ym) € [[A™. FLC consists of
fuzzification method, rule base, inference engine
and defuzzification method. Centre of gravity
method is used for defuzzification process. The

output is given by the formula
Ziwiaj

Your =

o (13)
Where w; represents the value of the
weight of each rule i and a; is the crisp value of
each rule i condition, understanding weight as the
degree in which the crisp current values of the
inputs satisfy the set of rule condition. The decision
of the FLC depends upon the rule base formed
using “IF-THEN” rules. The strength of the FLC
depends upon how efficiently the rule base is
defined, the number of linguistic variables, type of
the membership functions and the range of the
fuzzy membership functions. If the number of fuzzy
rules and the number of fuzzy linguistic variables
are excessive then it will lead to increase in the
search time and hence the computational time [13].

4.2 Design of Fuzzy Logic Controller for Vehicle
Following
A two input (distance error and relative
velocity is taken as input linguistic variables) and a



http://www.jatit.org/

Journal of Theoretical and Applied Information Technology

10" November 2013. Vol. 57 No.1

N

© 2005 - 2013 JATIT & LLS. All rights reserved-

" A m—
A iil

ISSN: 1992-8645

www.jatit.org

two sided single output (negative side for brake and
positive side for acceleration) fuzzy controller with
a triangular membership function is selected.
Mamdani’s fuzzy inference method is applied. The
inputs are defined in equations (1) and (3). Each
linguistic variable contain seven membership
values as follows.

NL : Negative large
NM : Negative medium
NS : Negative small

Z : Zero

PS : Positive small
PM : Positive medium
PL : Positive large

Nine membership values are selected for
the output, which includes NVL (negative very
large) and PVL (positive very large) apart from the
above seven.

The ranges of the linguistic values are as follows
Input linguistic variable
1. Distance Error (m):-8< Xerror < 8
2. Relative speed (km/hr):-15<Serror< 15
Output linguistic variable
Throttle / brake command (T/B)
The final output of the FLC will be the average of
all the outputs. 42 rules proposed by Worrawut et.
al [2], for distance control mode, is taken for
performance comparison.

Table 1. Fuzzy rule base table

objective function and respective genetic operators
which influence the seeking process. Because of the
advantage of better searching, coding, decoding,
easier implementation of crossover, mutation etc.,
binary code is adopted. The values {NVL, NL, NM,
NS, Z, PS, PM, PL, PVL} of the variable is coded
using 4 bit binary as 0000, 0001,0010, 0011, 0100,
0101, 0110, 0111, 1000, 1001. If distance error is
NL and relative velocity is Z then the output is NM,
the same is encoded as 0001 0100 0010. Thus the
binary coded fuzzy rule set is formed. The quality
and the number of seed of the original population
have a greater influence in the complexity of GA
and its convergence status. For tuning the rule base
of ACC, the population is taken as 25. Each
individual in the initial population consists of a
rule. A compact rule base from the initial
population is developed from the parent individual.
The selection is made with the help of the objective
function. Based upon the objective function, GA
determines the survival of the individuals in the
population. The prime goal of the ACC is to follow
the preceding vehicle without collision (minimum
distance error and relative velocity) (14). Hence if
an individual has to survive, then the resultant has
to be minimum.

Xerror(k) = 0, Serror(k)=> 0 (14)

The crossing over operation and the
mutation are very important in producing the new
individuals. They determine the global and local
convergence ability of GA. The crossover
probability is taken as 0.7 and the mutation rate is
taken as 0.001. Optimised fuzzy rule base is given
in table 2, The number of rules is reduced from 49
to 27.

Table 2. Optimised Fuzzy rule base table

Distance Error

NL | NM | NS Z |PS| PM | PL
NV

5 NM | 7 | NL | NM | NM | NS | NS z
I NS | NL [NM [ NS [ NS [NS| Z z
"z [NM | Ns | Z [NS|Z ]| Ps | Ps
Z[ PS [NM [ Z z Z | Zz | P™M | PVL

= P
S| PM | NS | Z Z | PS | | PLojPVL
PL [ NS | Z Z | Ps | PL]PVL |PVL
4.3 Optimised Fuzzy Rule Base Using Genetic

Algorithm

Optimising fuzzy rule base have been a
bottle neck problem in designing fuzzy controller
[11]. Neural Network based rule base optimisation
has good ability to learn and obtain expected result
through training; it takes longer time to learn
because of its distributed knowledge and difficulty
in understanding the control rules. GA is a
combinatorial optimiser that is domain independent
and requires a means of representing possible
solutions and an objective function evaluator which
maps the domain of possible solutions to a scalar
value [14], [15]. Also it does not require derivative
and other calculations and only depends on

E-ISSN: 1817-3195

Distance Error

NL [NM | NS ]| Z | PS | PM | PL

NM | X | X | NS | NS|NM| NS | NS

NS | X |[NM| NS | z | z Z | X

° 2 X | NS | X | NS | PS | PS | PS
£g PS [NM [ PM [ PS | Z [ PS [PM | X
<8PV | X | PS |PM | PS| Zz | PL | X
COPL | X | PM | X | X | X | X | X

10

4.4 Segmented FLC with optimised rule base

Feedback Signal

Firing
signa

Referencg
Signal

FLC Plant

Figure 5: Fuzzy Controlled System
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Figure 6: Block diagram of Segménted FLC

Instead of having a conventional single FLC
(Figure 5) with maximum rule base size, the single
FLC can be divided into several FLCs (Figure 6)
based upon the error range, i.e., Error range 1<
Error range 2 < Error range 3<. .. <Error range n.
Hence FLC1 will deal with the set of rules that
operates for the Error range 1, FLC2 will deal with
the set of rules that operates for the Error range 2
and FLC3 will deal with the set of rules that
operates for the Error range 3. For example, if there
are 100 rules in the fuzzy rule base, then the search
time will be more when compared to the controller
with less than 100 rules. To reduce the search time,
the 100 rules available can be divided into a group
of rules depending upon the range of error which
they are going to respond. These divided rules are
loaded into separate FLCs (FLC1, FLC2, ...FLCn).
These FLCs are given the error input through the
Error Range Segmentation, which has an upper and
lower limit. The Segmented FLCs (Figure 6) are
designed in such a way that FLCldeals with the
lowest possible error and FLC3 deals with the
maximum possible error. If the error between the
reference signal and the feedback signal lies in the
range of Error range 2, then FLC2 alone will
respond, giving out the necessary firing signal,
whereas the other FLC, do not respond. As the error
minimizes and comes in the range of Error range 1,
FLC1 will start to respond. Hence the search time is
reduced, which in turn quickens the response of the
controller (host vehicle tries to quickly adapt the
changes made by the lead vehicle with more
accuracy). Also when the single FLC is divided /
segmented into several FLCs, it gives the flexibility
to have different objective functions with different
minisation and maximisation values for each FLC
rule base which may not be the case with the single
FLC. At low speed the priority can be given for
comfort of the passenger (jerk minimisation). At
higher speeds maintaining safer distance is given
higher priority than the comfort of the passenger.

5. SIMULATION

The simulation is performed with the vehicle
model described in section 3. The performance of
conventional FLC, FLC with optimised rule base
and the segmented FLC with optimised rule base
for the following scenarios are considered.
e Vehicle Following
o Different inter-vehicle distance
o Different rate of acceleration and
deceleration.
e Mode Switching period
o Cutin scenario (VCM to DCM)
0 Cut out scenario (DCM to VCM)

5 of
4
Figure 7: Inter-vehicle Distance
Figure 7 shows the inter-vehicle distance

maintained between the lead and the host vehicle.
The distance varied from 0 to 13 meters. The
acceleration and the deceleration rate were
changed. The speed graph was plotted between the
Lead vehicle speed (expected speed) and the host
vehicle speed. The rule base mentioned in table no.
1 is loaded in the FLC for controlling the vehicle.
Figure 8 show the response of the vehicle
controlled using FLC with 42 rules.

o AL ]
" PR !

Tntvmae] |

Figure 8: Speed Time Curve (FLC)

Figure 9: Speed Time Curve (FLC with optimised rule
base)
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The FLC is loaded with the optimised rule base
mentioned in table 2. The speed response of the
vehicle is shown in Figure 9. The vehicle adapts
more closely to the speed variation of the lead
vehicle particularly during the time of deceleration
period. The performance of the system is improved
by segmenting / dividing the error range into 3
different range and simulation is performed. The
speed response of the vehicle with the Segmented
FLC with optimised rule base is shown in Figure
10.

Figurel0: Speed Time Curve (Segmented FLC with
optimised rule base)

The host vehicle updates itself little earlier than the
previous and more accurately follows the lead
vehicle.

Figure 11: Inter-vehicle distance

When the inter-vehicle distance range was changed
from (0-13) meters to (0-25) meters as the speed
range of travel of the vehicle changed from (0-30)
Km/hr to (0-80) Km/hr, the FLC explained in
section 4.3, was able to control the vehicle in the
speed range from (0-25) km/hr and was not able to
control the host vehicle to follow the lead vehicle
above the range. The speed response of the vehicle
is shown in Figure 12 for the inter-vehicle distance
shown in Figure 11.

Figurel2: Speed Time Curve (FLC with optimised rule
base)

In order to make the controller work for extended
range of operation without increase in the
computational time and to achieve the advantage of
GA optimisation, the optimised Segmented FLC is
proposed, where the error is divided into three
different ranges and the rule base was first formed
by the knowledge base and then optimised using
GA. The error range was segmented / divided based
upon the comfort, ability to follow the lead vehicle
and safety (maintaining safer distance) of the
occupant in the vehicle. The speed response of the
Segmented FLC with optimised rule base is shown
in Figure 13. The host vehicle was able to follow
the lead vehicle.

Figure 13: Speed Time Curve (Segmented FLC with
optimised rule base)

The behaviour of the vehicle with the proposed
controller is also validated for the mode switching
period (cut-in scenario and cut out scenario). Cut-in
scenario happens when the lead vehicle speed is
less than the driver’s set speed on the host vehicle.
The ACC goes into vehicle following mode and
adaptively adjust the speed of the host vehicle to
follow the lead vehicle with a desired distance
(DCM). Cut-out scenario is when the lead vehicle
speed is greater than driver’s set speed on the host
vehicle. The host vehicle travels at the speed set by
the driver. The ACC goes into VCM. The driver’s
set speed is taken as a) 25km/hr, b) 50km/hr, c)
60km/hr for observing the behaviour of the vehicle
with the proposed controller. The speed response of
the host vehicle is plotted Figure 14 (a), 14 (b) and
14 (c), with respect to the lead vehicle speed for the
three different set speeds 25km/hr, 50km/hr,
60km/hr respectively.

Figure 14 (a): Speed Time Curve (for cruise speed
25Km/hr)
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Figure 14 (b): Speed Time Curve (for cruise speed
50Km/hr)

V )

1 T
sof Vehicle Following  #~Z>.7 \

# Cut gut point

Figure 14 (c): Speed Time Curve (for cruise speed
60Km/hr)

6. CONCLUSION

The performance of the proposed methodology is
validated with the conventional fuzzy logic
controller and with the rule base optimised single
fuzzy logic controller. The proposed methodology
shows an improved performance while vehicle
following and during switching of ACC between
VCM and DCM. Also the speed range of the
vehicle is extended with the proposed method
without sacrificing the advantage of fuzzy, genetic
algorithm optimization and with the reduction in
the computational time of the controller whereby
closely following the changes made by the lead
vehicle. The rule base optimization using GA was
greatly influenced by the quality and the humber of
seed of the original population, iteration and how
well the rules are framed. The rules framed can also
be optimised with the help of other optimisation
algorithms and further there is a possibility in
getting a better result. The segmentation is carried
based upon the error range which may also be done
based upon the level of comfort and safety of the
passenger. The proposed methodology is under the
process of hardware realisation using dSPACE
controller. Multiple parameters like jerks, fuel
minimisation, ete., is considered for future work.
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ANNEXURE - 1
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