


For fixed T this is equivalent to sampling a Markov chain
using the Metropolis Monte Carlo method [17], which at
equilibrium will visit state S with probability proportional
to E(S)/T. While a solution with lower energy state than
the current solution will always be accepted, solutions with
higher energy states may also occasionally be accepted. In
optimisation, this has the effect of allowing the algorithm
to escape from a local minimum whereas rejecting all steps
to higher energy (lower “fitness”) states leads only to local
minima. The key difference between SA and Metropolis
sampling is that, over successive Markov chains, 7' is slowly
decreased toward zero. At high temperature most transitions
are accepted. As T decreases, so does the probability of
transitioning to a worse solution. Essentially, the algorithm
behaves as a randomisation procedure in the initial phase,
and turns smoothly into a purely greedy algorithm in the
final phase.

The initial temperature, the rate of cooling, and the choice
of proposal distribution are up to the user, and may strongly
affect performance. A common choice for the proposal
distribution is to generate the new solution by simply adding
a small real random number [-b,b] to each particle in the new
solution. The stopping criteria of the algorithm is usually
when AF is consistently less than some threshold, or when
a minimum temperature is reached, or when the algorithm
reaches the maximum number of iterations.

The SA algorithm has been successfully applied to NP
hard problems such as traveling salesman problem [16],
graph partitioning [18] and VLSI design [19]. It has also
been used for training neural networks [20], [21].

B. Genetic Algorithms Overview

Over the past years, the original genetic algorithm(GA)
introduced by Holland [22] has evolved significantly in
order to suit the real-world optimisation challenges faced
by engineers and scientists. One major alteration is in the
development of real coded genetic algorithms (RCGA),
which use real numbers in their chromosomes rather than
bits. The major advantages of these over standard binary-
coded GAs are that they maintain precision usually lost
in the binary representation of a real number, and require
smaller chromosomes, reducing the computation time. Real-
valued encoding is also a more natural presentation to use
for many real world applications. The computational and
optimisation power of RCGA has also been demonstrated
in several theoretical studies [23], [24], [25].

In other respects RCGA optimisation is the same as in
Holland’s original scheme: a number of possible random
solutions (chromosomes) make up a population. Over time,
each chromosome is evaluated according to its “fitness” and
employs ‘“‘genetic” operators like selection, crossover and
mutation for producing new solutions. These new solutions
or “offspring” are added into the population while its least
fit members are removed, and the process is repeated. In
the standard procedure, two or more parents are selected
using the selection operator from a population to make some
number of children.
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The choice of the appropriate genetic operator is important
as it directly influences the convergence of the GA. In
practice, different forms of the main genetic operators are
needed according to the type of the GA and the nature of
the optimisation problem.

C. Hybrid Meta-heuristic Techniques

Hyper-heuristic [26], [27], Hybrid meta-heuristic [28], and
Memetic algorithms [29], [30] refer to algorithms where two
or more heuristic search techniques are combined to solve
difficult problems. This is done to provide intensification
and diversification, respectively, at different points during
the search process. An example of this approach is the
CoSearch method proposed by Talbi and Bachelet [31] which
uses a combination of genetic algorithms, Tabu search and
local search, together with an adaptive memory that contains
history of the search already done.

Hybrid meta-heuristic algorithms are grouped into two
major categories. In the first category, two or three heuristic
search algorithms are combined into a hybrid parallel search
paradigm to provide intensification and diversification in
search. Examples include the combination of GAs with
Tabu search [32] and with simulated annealing [33]. In
the second category, one algorithm is used to provide seed
points for subsequent search by another algorithm [34], [35].
Both hybrid methodologies are discussed in the following
subsections.

The Hybrid GA-SA approach combines both algorithms in
parallel where the GA uses the SA for a predefined number
of iterations during the GA search process. In the past,
the development of hybrid genetic algorithm and simulated
annealing has been implemented using parallel process-
ing machine where simulated annealing is employed with
lower temperatures after the use of genetic recombination
operators such as crossover and mutation over the whole
population[36].

This work uses the hybrid approach where the GA uses
the SA after the crossover operation (hybrid GA-SA). In this
approach, the SA replaces the mutation operator. The hybrid
paradigm given in Algorithm(1). Note that the number of
iterations (N) done during simulated annealing depends on
the nature of the problem.

The inner loop of the above algorithm begins by calcu-
lating the fitness of each solution in the population. Further-
more, the selection operator chooses two parents depending
on the selection criteria. In this implementation, roulette
wheel selection is used. The crossover operator combines
both parents and produces a single child. The child is
presented as a starting point for the simulated annealing
algorithm, which is run for N iterations over which T is
reduced from Tj. The resulting solution from SA is then
copied back to the new population.

The simulated annealing process is dependent on a prede-
fined probability which is similar of crossover or mutation
probability, and therefore there will be cases where the
procedure will not be applied to some members of the
population. This implies that weaker solutions are sometimes



Alg. 1 Hybrid GA-SA
Initialize Population (P) of P solutions
while !termination do
while i < P.size() do
1) Evaluate fitness
2) Selection of Parent 1 and Parent 2
3) Employ Crossover and produce a single Child
4) Present the Child to SA for N Iter.
5) Copy the updated Child given by SA into popu-
lation
6) Lower the initial temperature T
7) increment i
end while
Update population
end while
Get the best solution

retained in the future populations as they may contain useful
properties for future convergence. This follows the same
motivation as in the use of crossover and mutation probability
for a standard genetic algorithm.

We used Wright’s heuristic crossover operator, as it
has shown superior performance in comparison with other
crossover operators for a set of optimisation problems [37],
[38]. This produces a single offspring given two parents.
For a pair of parents x = (z1,x2,73,...7,) and a’
(x}, 25, x4, ...x}) , an offspring yis produced as shown in
Equation(1):

(D

where r is a real random number in [0,1] and x; is the parent
with the higher fitness. Usually the process is repeated (with
independent 7) until a chromosome with a better fitness is
created.

The Pivot Mutation operator introduced in [13] selects
a pivot point in the chromosome and all the genes after
the selected pivot are mutated by adding different small
real-random numbers, respectively. For instance, given a
chromosome x = (z1,%2,Ts,...Ty), the resulting pivoted
chromosome becomes y = (x1,x2,ys, ...yn), Where ,y;
x; +7, where r is a small real random number in the interval
[a,b], where a and b are small negative and positive real
numbers chosen by the user, respectively.

yi = (@ — ) + 2

III. THE FORWARD KINEMATICS PROBLEM
FORMULATION

A. The kinematics of parallel manipulators

Any manipulator is characterised by its mechanical config-
uration parameters and the posture variables. The configura-
tion parameters are therefore; OA‘ =.» the base attachment
point coordinates in Ry (the base reference frame), and
CBj,, - the mobile platform attachment point coordinates in
R,, (the mobile platform reference frame). The kinematics
model variables are the joint coordinates and end-effector
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generalised coordinates. The joint variables are described
as [l;, the prismatic joint or linear actuator positions. The
generalised coordinates are expressed as ; the end-effector
position and orientation.

The kinematics model is an implicit relation between
the configuration parameters and the posture variables,
F(?,ﬁ, OA|Rf,CB|Rm) =0 where L = {ly,...,lg}.

This article shall only concentrate on the forward kinemat-
ics problem (FKP) of 6-6 leg parallel manipulator as shown
in Fig. 1. Usually the inverse kinematics problem is required
to model the FKP and is defined as: given the generalised
coordinates of the manipulator end-effector, find the joint
positions.

Accordingly, the FKP is defined as: given the joint po-
sitions, find the generalised coordinates of the manipulator
end-effector.

In the majority of parallel manipulator cases, the FKP is
a difficult problem, [39].

Fig. 1.

The 6 leg parallel manipulator [40]

B. Vectorial Formulation of the Basic Kinematics Model

Containing as many equations as variables, vectorial for-
mulation constructs an equation system, [41], as a closed
vector cycle between the following points: A; and B;, kine-
matics chain attachment points; O, the fixed base reference
frame and C, the mobile platform refereng frame. For each
kinematics chain, an implicit function A;B; = U;(X) can
bl written between joint positions A; and B;. Eﬁl vector
A; B; is expressed knowing the joint coordinates L; and X
giving function Us(X, f) The following equality has to
be solved: U1 (X) = Us(X, 7) The distance between A;
and B; is set to L;. Therefore, the end-effector pos@n X

or C' can be derived by one platform displacement OC' and
then one platform general rotation expressed by the rotation
matrix R. Vectorial formulation given in Equation(3) evolves
as a displacement based equation system using the following
relation :

A;B; = OC + RCB; — OA; 2



For each distinct platform point OB;|, with i =1,...,6,
each kinematics chain can be expressed using the distance

norm constraint, [42]:

L7 = [|4;Bi|? 3)

C. The Inverse Kinematics Problem

Any rigid body can be positioned by 3 distinct points
where variables have the same units and ranges and they
include the rotation impact, [43]. The mobile platform
distinct points are usually selected as th_e) 3 joint centres
By, By, Bs. The 9 variables are set as : OB;|, = [2i,Yi, 2i]
for i = 1...3. To simplify calculations, one reference frame
by is precisely located on B;. The unit vectors uq,us and
ug represent the new non-Cartesian frame axes, defined by:

CBlOBQlO OBch3|o
U= ———= ", Ug = ———=——, Uz = Uy N Uz
|CB1C By, || [|CB1C B3y, ||

“)
Any platform point M can be expressed as B1 M = apju; +
byrus + cprug where ang, bar, cps are constants in terms of
these 3 points. Hence, in the case of the Inverse kinematics
problem (IKP), the constants are noted ap,,bn,,cB, , ¢ =
i...6 and can explicitly be deduced from C' B¢ by solving
the following linear system of equations :

—

BlBi\Rbl =apg,u1 + bBiUQ +cpus, i=1...6.

o)

where ap,,bp, and cp, are parameters only depending of
platform geometry. Using the relations in Eguatlon(S) the

distance constraint equations [7 = ||A Bioll ,i=1...6
can be expressed. Therefore, for 1 = 1...6, the IKP is
obtained by isolating the L; actuator Variables in the six
following equations:

17 |Bry,, — OAp, |12 i=4...6

.3 (6)
(7

D. The Forward Kinematics Problem

The IKP expression gives an algebraic system comprising
the first six equations in terms of three point variables :
T1,Y1, 21, %2, Y2, 22, T3, Y3, 23, given in Equation (7). This
system contains trigonometric functions.

Being only applicable to optimization problems, the meta-
heuristic techniques handle the objective function to be mini-
mized. Therefore, we need to effectively convert the problem
which solves a system of equations into an optimization
problem. The inverse kinematic model is implemented from
one single objective function, also called fitness function
which is calculated on each FKP estimation representing the
total error on each leg lengths. Let [g; be the leg length of
kinematics chain ¢ which is given as input of the problem.
If we set H; = l2 from Equation (7), the fitness function
is set to : Z? 1(5qrt( ;) — lg;)%. This fitness function
includes the combination of six individual objectives being
the kinematics chain lengths. Preliminary tests led to several
solutions which were NOT in correspondence with the exact
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TABLE I
PARALLEL MANIPULATOR CONFIGURATION TABLE

Joint Coordinates Respective Values
OAi(xz) OA1(y) OA1(z) | 464.141 389.512 -178.804
OAz(xz) OAz(y) OAa(z) | 569.471 207.131 -178.791
OAz(z) OA3(y) OAsz(z) | 529.050 -597.151 -178.741
CBi(xz) CB1(y) CBi(z) 68.410 393.588 236.459
CBa(z) CB2(y) CBa(z) | 375.094 -137.623 236.456
CBs(z) CB3(y) CB3s(z) | 306.664 -256.012 236.461

proven ones. Hence, this function needed to be augmented
by one constraint set : the platform fixed distances between
the 3 selected joint points : By, B and Bj distinct points
provide for 3 functions.

G = ||BzBlc|| — (o — 1)+ (g2 — 1)’ + (22 — 21)°
Gy = ||B3Blc|| — (23 —21)? + (y3 — 1) + (23 — 21)°
Gs = ||BsBzc|| — (23— x2)” + (y3 — y2)° + (23 — 22)°

)]

Three distances can be calculated using 3 characteristic

platform vector norms between the Bj, By and Bs distinct

points.

. 2 . 2 . 2

di = [|B2Bi¢l| .d2 = ||BsBic|| ,ds = [|BsBacl|
Hence, the fitness function becomes :

3 3
> (sort(Hy) — kgr)® + > (G —dy)?

I=1 k=1

(10)

This function includes the 9 single objectives obtained
from the kinematical chain length norm and platform dis-
tance constraints.

IV. RESULTS AND ANALYSIS

A. Configuration for the FKP of 6-6 Leg Parallel Manipu-
lator

We shall examine one FKP example on a typical 6-6
parallel manipulator configuration, Table 1 shows the fixed
base and mobile platform joint coordinates, PA,,,CB|...

The prismatic actuator variables are set respectively to L =
[1250, 1250, 1250, 1250, 1250, 1250]. We have deliberately
chosen one difficult case with 16 exact real solutions.

B. Experimental Set-up

In this section, the performance of simulated annealing,
genetic algorithms and hybrid GA-SA is evaluated. The
fitness function derived from the inverse kinematics of tripod
6-6 leg parallel manipulator given in Equation(10) is used.
In all experiments, for GA and the hybrid GA-SA, roulette
wheel selection is used in conjunction with the elitist strategy.
A fixed population size of 40 individuals was used. Note that
if the population size is P, then 2P selections are done in
order to make P offsprings for the new population. In all SA
set-ups, the cooling rate of 0.01 was used which indicated
that the temperature was lowered by T /100 per chain, until
it reached zero. The GA based algorithms aim in achieving



the best error of the system, therefore, the inverse of the
fitness is maximised. The following meta-heuristic strategies
with the given configurations were used in order to find the
best method for the problem:

1) SA: The simulated annealing algorithm used Tj
1000. The Markov chain length of 100 was used. These
setting were determined by the optimal results given
in trial experimental runs for the FKP problem.
RCGA: The real-coded genetic algorithm with
Wright’s heuristic crossover operator and Pivot mu-
tation was used. The Pivot mutation operator proposed
by the authors[13] have shown better performance
when compared to non-uniform mutation for the for-
ward kinematics problem. The crossover operator was
employed at a rate of 0.9, and the mutation rate was
0.1.

Hybrid GA-SA: The genetic algorithm uses the
Wright’s heuristic crossover operator to build a single
child from two parents. The simulated annealing and
crossover parameter settings were the same as in SA
and RCGA. The GA employs SA as a genetic operator
with a probability of 0.9. The SA uses an initial
temperature of 10 and N = 1000 iterations as shown in
Step 4 of Algorithm(1). The value for N used in the SA
process of the Hybrid GA-SA was determined in trial
experimental runs with 100, 200, 500, and 1000 as the
value for N. The best results was given when N was
1000, therefore this value was used in all experiments.
Note that there is no mutation operator in the Hybrid
GA-SA.

All experiments initialise solutions with real numbers in
the range of [—1000,1000]. The solutions contain 9 real
variables which represent the positions z;, y; and z;, where
1 = 1,2 and 3. For each algorithm, a total of 100 experiments
with different initial positions were done. The search termi-
nated when the given search algorithms reached maximum
training time given by iterations and generations, or when
the fitness value gets lower than 0.01. An experimental run
was considered successful when the algorithm terminated
by obtaining an error (inverse-fitness) of 0.01 before the
maximum training time is reached. Note that the given
forward kinematics problem has 16 unique solutions.

The experiments were performed on an IBM compatible
personal computer with 1.74 GHz dual core processors
running Linux. The computation times are given in seconds.
They were calculated using the standard C++ built in func-
tions.

2)

3)

C. Results

Table II shows the mean and 95 percent confidence interval
for 100 experimental runs for simulated annealing (SA),
real-coded genetic algorithm (RCGA) and Hybrid GA-SA
(Hybrid). The optimisation time is given by the number
of iterations (No. Itera.) and CPU Time in seconds taken
by the respective paradigm in converging to the required
solution accuracy. The success rate shows how well the given
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paradigm can guarantee a solution when given any initial
random solution within the search space.

TABLE II
META-HEURISTIC PARADIGMS FOR THE FKP
Algorithm No. Itera. Error CPU Time(S)  Success
SA 7093+ 1499  0.004 £0.0006 3.19 + 0.66 52
RCGA 5000+0 51.14422.50 556.95+7.28 0
Hybrid 5+1 0.006+0.0003 56.3944.66 100

D. Discussion

The genetic algorithm has failed to provide the solutions
according to the required error, as is evident in the accuracy
and success rates shown in Table(Il) of the algorithms tested
here. Simulated annealing has shown the best performance
in terms of CPU computation time. However, the SA has
a lower success rate when compared to the hybrid meta-
heuristic approach. Note that all meta-heuristic approaches
were able to report multiple unique solutions given multiple
experimental runs with different initial search positions.

Therefore, the best paradigm in terms of solution accuracy
and success rate for this particular problem is Hybrid GA-
SA. Note that 14 out of 16 distinct solutions were reported
from 100 experimental runs.

The unique solutions are obtained by running multiple ex-
periments with different initial positions in the search space.
In this way, the heuristic algorithm converges towards the
solution nearest to the initial search position. For this reason,
meta-heuristic techniques have their importance in solving
the forward kinematics of parallel manipulators. Standard
techniques such as gradient descent and Newton’s Method
fail to provide multiple solutions and are also prone to
premature convergence when given an initial search position
that is distant from the solution.

V. CONCLUSION

Although the simulated annealing algorithm is single so-
lution based, it has performed the same task in a fraction of
time taken by the genetic algorithm. The Hybrid SA-GA has
given better solutions in terms of success rate.

This work has also shown that meta-heuristic algorithms,
either single solution or population based, are able to provide
different distinct solutions given multiple trial runs with
different initial search positions. This is an advantage for
optimisation problems where obtaining more than one dis-
tinct solution is important.

Meta-heuristic paradigms are easier to implement when
compared to Newton’s method and are independent of the
problem domain. Therefore, the use of hybrid meta-heuristic
paradigms is promising for optimisation problems in areas of
robotics in general. In future work, it may be useful to use
hybrid meta-heuristic paradigms in solving other problems
such calibration and manipulator design.
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