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Abstract

This paper focuses on using the Bees Algorithnute tthe parameters of a fuzzy logic controller tlgyed to
stabilise and balance an under-actuated two-limgkatic robot (ACROBOT) in the upright position. likear
guadratic regulator (LQR) was first developed ttagbthe scaling gains needed to design the fuagig tontroller.
Simulation results confirmed that using the Beegofithm to optimise the membership functions aregtaling
gains of the fuzzy system improved the controllerfgrmance.
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1. Introduction Many intelligent optimisation techniques such as
the Genetic Algorithm [4], Simulated Annealing [5]
The nonlinear characteristics of ill-defined and and Particle Swarm Optimisation [6] have been
complex modern plants make classical controllers proposed to tune fuzzy controllers.
inadequate for such systems. However, using fuetgy s A new optimisation technique called the Bees
and fuzzy logic principles [1] has enabled researsh  Algorithm [7] provides an alternative means for
to understand better, and hence control, complex controller tuning. The Bees Algorithm is a swarm-
systems that are difficult to model. These newly based optimisation algorithm that mimics the food
developed fuzzy logic controllers [2, 3] have given foraging behaviour of honey bees.
control systems a certain degree of intelligence. This paper discusses the use of the Bees Algorithm
A fuzzy logic controller or fuzzy controller caeb  to tune a fuzzy controller for an under-actuatetdd®o
considered a fuzzy rule-based controller whichist®is ~ Gymnast known as ACROBOT (ACRObatic roBOT)
of input and output variables with membership [8].
functions, a set of (IF ... THEN) rules and antiafee Controlling under-actuated robots is one of the
system. most challenging problems in robotics because ®f th
Designing fuzzy controllers involves deciding complex nonlinear dynamics of these robots and the
appropriate values for the parameters of the fuzzy lack of actuating torque in one or more of theings.
membership functions and constructing the rule lmase The ACROBOT simulated in this study is a planar
order to achieve the required performance. robot consisting of two links with two joints. The
This problem can be solved by tuning the structure of the robot is modelled on the body of a
controller parameters using an optimisation tealmmiq  human gymnast balancing on a high bar where tbe fir
to obtain the best possible solution accordinggiven joint of the robot represents the gymnast's fisfsping
criterion or fitness function. the bar, the first link his arms, head and torbe, t



second joint his hips, and the last link his legd feet.
One actuator is connected directly to the secomd jo
while the first joint is left unpowered.

Controllers for the ACROBOT can be divided into
two types: (i) up-swing controllers (ii) balancing
controllers.

The function of an up-swing controller is to move
the ACROBOT from its stable state (in which it hang
vertically below the bar) to the inverted posit{aiere
the robot stands vertically upright, on its firein,
above the bar) by pumping energy from the second
joint to the first joint. Methods such as using rau
oscillators to eliminate the phase shift betweerfitist
and second joints [9], fuzzy control [10] and perti
feed-back [8] have been adopted to achieve up-
swinging. The main task of the up-swing controiter
to force the ACROBOT to enter the attraction bagin
the inverted state with minimum velocity so as to
enable the balancing controller to catch it andaén
it stably in the upright position [8, 10].

This paper focuses on tuning a balancing fuzzy
logic controller for an ACROBOT using the Bees
Algorithm. Section 2 presents the mathematical rhode
of the robot. Section 3 gives the parameters feat
guadratic regulator (LQR) developed for balanciveg t
ACROBOT. The LQR gains were used to create the
fuzzy logic controller discussed in section 4. The
tuning of the fuzzy controller is detailed in secti5.
Section 6 presents the simulation results obtaioed
the control system before and after tuning. Secfion
concludes the paper.

2. Dynamics model of ACROBOT

Figure 1 is a schematic diagram of the ACROBOT
to be controlled. The second joint of the robot is
actuated by a DC motd8, 10]. The description and
values of the parameters shown in Fig. 1 are given
[10].

A state-space model of the ACROBOT was
obtained by linearising its dynamics around the
inverted position(q1 =ml2 a, = 0, q1 = q2= 0) as
X = Ax+Br1 (1)
y=Cx+Dr (2)
wherex , the state vector, is defined as:
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Fig. 1. ACROBOT representation.

In equations (1) and (2], is theinput torque
applied to the actuator located at the second @oidt
Yy = X is the output vector. With the robot parameters
chosen as defined in [10], the matricg<B, C, andD
are [10] :
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3. LOR controller

The linearised ACROBOT model in equations (1)
and (2) has been used to develop a linear quadratic
regulator (LQR) to maintain the robot balanced in a
stable inverted position [8, 10]. Similar to the
procedure followed in [10], the controller gainsreve
reproduced using a MATLAB standard LQR solution
with the weight matrices Q and R chosen as [10]:
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The obtained LQR is:
KLQR=[—3106372 —263246 -475231 5316%

Rule 1: If (1 is NB) and (g2 is NB) and (dqgl is

NB) and (dg2 is NB) then (action is MF1)

Rule 31: If (g1 is PB) and (g2 is Zero) and (dg|1 i

The LQR was employed to give the scaling gains NB) and (dq2 is NB) then (action is MF4)

of the fuzzy input and output variables needed for

designing the alternative fuzzy logic controlleatttvas
subsequently tuned using the Bees Algorithm.

4. Fuzzy logic controller

The fuzzy controller consists of 4 input variables

and 1 output variable. Each of the input variahkes3

membership functions defined in the universe of

discourse [-1, 1] (see Fig. 2).

The output variable is composed of 9 triangular
membership functions with universe of discourse [-1

1] (see Fig. 3.).

The LQR feedback gains were used to evaluate the

scaling gains for the fuzzy logic controller.

As in [10], if the scaling gains for the input

variables are denoted é@o 0 0O 93] and the
scaling gain for the output variablehisthen
Kior =[9h gih g,h gsh]

Thus, a possible set of gains is:

g0 = 5.5555, g1 = 0.4708, g2 = 0.8500, g3 = 0.0951,

and h = 55.9147. These are the same gains as those

chosen for the controller reported in [10].

The Mamdani model [2] was used as the basis of
the proposed controller with the Max-Min method of

inferencing and the Centroid method of defuzzifarat

The rule base consists of 81 (IF ... THEN) rules.
As in [1], the following equation was used to

derive rules of the form :
If (ql isi) and (g2 ig) and (dgl ik) and (dg2 id)
then (action isn)

2 ®3)

m:(i+j+k+|)><W

wheremis the index of the membership function of the
output actioni, j, k, andl are the indices of the input
membership functionsi(j, k, | =1, 2 or 3), N is the
number of input membership functions and n is the

number of inputs.

Note that indices were subsequently converted into
linguistic variables (for example, NB, ZERO, PB)etc

for ease of reading the rules.

The following are two examples of rules from the
rule base. The first rule is forj=k=l=1. The second

rule is fori=3, j=2, k=1 andl=1.
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Fig. 2. Input membership functions.
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Fig. 3. Output membership functions.
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Fig. 4. SIMULINK representation of ACROBOT.



MATLAB and SIMULINK were used to
implement the fuzzy controller and model the
ACROBOT (see Fig. 4).

5. Tuning of fuzzy controller
5.1 The Bees Algorithm

The algorithm requires a number of parameters
be set, namely: number of scout bees (n), number of
elite bees (e), number of patches selected out of n
visited points (m), number of bees recruited facpas
visited by “elite bees” (nep), number of bees riedl
for the other (m-e) selected patches (nsp), arelfiz
patches (ngh).

The pseudo code of the Bees Algorithm [74ds
follows.

1. Initialise population with random solutions.
2. Evaluate fitness of the population.
3. While (stopping criterion not met)
/I Forming new population.
4. Select elite bees and elite sites for neighbmaah
search.
5. Select other sites for neighbourhood search.
6. Recruit bees around selected sites and evahgite
fitness.
7. Select the fittest bee from each site.
8. Assign the remaining bees to search randomly and
evaluate their fitness.
9. End while.

5.2 Applying the Bees algorithm

With the rule base fixed, the Bees Algorithm was
used to tune the parameters of the input and output
membership functions and the scaling gains for the
input and output variables.

In theory, each bee was a vector comprising 60
real numbers. Five of those numbers were resenred f
scaling gains, 11 for the parameters of each input
variable membership function (3 to represent a
triangular function and 4 to represent a trapezoida
function) and 27 numbers to represent the triamgula
membership functions of the output variable.

However, due to symmetry and by appropriate
design of the membership functions, a bee onlyeged
to represent 12 numbers, one for each of the fquuti
variables (X1, X2, X3, X4), 3 for the three output
variables (X5, X6, X7), and 5 for the scaling gains
(X8, X9, X10, X11, X12).

The search space was different for the numbers

mentioned above.

The search space for X1, X2, X3 and X4 to
represent the membership functions of the input
variables was [0, 1], and the spaces for the output
variable membership functions X5, X6 and X7 were as
follows:

X5: [0, 1]
X6: [X5, 1]
X7: [X6, 1]

The values of X1, X2 ... X7 were used to
construct the fuzzy controller. For example, the le
most input variable trapezoidal membership function
forq,, [-1-1-X1 0], can be seen in Figure 5 which also

shows the triangular function [-X1 0 X1] and thght-
most (trapezoidal) function [0 X1 1 1].
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Fig. 5. Construction of membership function

Table 1
The Bees Algorithm parameters

The Bees
Algorithm
parameters

Symbol Value

Population size 20

Number of

selected sites 10

Number of elite
sites

Number of bees
around other
selected points

nsp

Number bees

around elite 10

nep

Patch size ngh 0.025




The first input variable gain X8 was in the range 6. Results
[0.2, 0.8], the second input gain X9 belonged td [0
2.5], the third input gain X10 was in the rangel][O0. The simulation of the fuzzy controller was carried
2.0] and the fourth input gain X11 belonged to §0.0  out under the MATLAB and SIMULINK environment
2.0]. The range of the output gain X12 was [4.00R9 with a fuzzy logic toolbox and the Runge-Kutta
The ranges for the X8, X9, X10, X11, X12 scaling (ODEA45) solver. The time step for the simulatiorswa
gains were the same as those used in [10]. 0.01 s. The state vect{yr + 004,-005,- 0.2,0.04] was
The fuzzy controller derived from the LQR used as the initial condition of the ACROBOT.
parameters given in section 3 was employed asch see Table 2 shows the new values for the parameters
for the Bees Algorithm. The values of the paranseter of the fuzzy logic controller for a typical run tie

of the Bees Algorithm are shown in Table 1. Bees Algorithm.
Results before and after tuning are illustrated in
5.3 Fitness function Figs 6, 7, 8 and 9 respectively. Figure 6 and FKotv

the behaviour of the ACROBOT with the controllet no
The fitness function was the same as that proposedtuned, whereas Fig 6 illustrates the variationshi
in [10]. It is based on a weighted sum of paranseter values of angles}, andqg, .
chosen to minimise the input torque angular Figure 7 shows the required control input to keep
displac:emen(ql - %) of the first link away fromthe ~ the ACROBOT balanced.

vertical inverted position and angular displacenggnt Table 2

away from the first link. Tuned parameters
Let w be the vector of Weight[;NlWZ...Wg]T Before tuning | After tuning
and S the vector of paramete}S; S, ... Sy |" . The X1 05 0.5214
fitness function is given by: X2 0.5 0.4832
1 X3 0.5 0.5007
== X4 0.5 0.5051
w'S X5 0.25 0.2676

fwas calculated over a simulated control run of 10

) ) X6 0.5 0.5451
seco_nds with the_ ACROBOT starting from an almost [~ 0.75 07174
fully inverted position. - X8 55555 55691
The elementsS, to S, are defined as follows: X9 0.4708 0.4494
S..S, and S, = mean value o(ql - %) q, and 7, X10 0.8500 0.8737
X11 0.0951 0.1038
respectivelyover the time period 5-10 s, assuming the [ x12 559147 55.0472
simulated control experiment started at tim@ s.
S,,S; and S; = normalised sum of squares 2 j j j N p
2 . . | | | I —02
(ql —%) , g5 and 2, respectively, over the time B — e — bee e
| | | |
period 0-5 s. l l l 1
S;,S; and S; = standard deviation c(th - %) a, g 4 i ***** *: ***** :f ***** i ******
Tn’ | | | |
and 7, respectivelyover the time period 5-10 s. E sl L L
The weight vector used in [10)=[11 1100805 < l l l l
100 80 0.5], was also adopted as it had been faund l l l l
reduce variations irg; and g, and to minimise the of\ - e i
| | | |
required input torque . ! ! ! !
The Bees Algorithm was run for 10 iterations and 05, 2 4 5 s 10
the parameters obtained at the end of the temtitidga Time (Sec)

were taken as the tuned parameters of the control Fig. 6. g1, g2 angles of balanced ACROBOT with the
system. controller before tuning
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Fig. 7. Control signal from the controller befouaing

The

behaviour of the ACROBOT as

regards

anglesy;,q, and control torquer with a tuned
controller is shown in Fig 8 and Fig 9.
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Fig. 8. g1, g2 angles of balanced ACROBOT with tuned
controller
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Fig. 9. Tuned control signal

7. Conclusion and further work

From the simulation results, it is evident that the
controller tuned using the Bees Algorithm gave a
smooth performance with fewer variations in theigal
of ¢;,0, and smaller input control signalsthan in

the case of the untuned controller. Hence, the Bees
Algorithm is a useful tool for tuning fuzzy logic
controllers to achieve better performance.

Further work includes employing the Bees
Algorithm for the swinging up phase with a view to
developing a combined controller for both the s\vigg
up and balancing of the ACROBOT.
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