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Abstract: A method besed on the union of an Evalutionary Algarithm (EA) and a
local seach algarithm for obtaining coardinated motion pans of two manipuator
robots is presented. A Decoupled Planning Approach hes been wsed. For this
pupose, the problem has been decomposed into two subgroblems: path ganning,
where acolli son-freepath is found for each robot independently of the cther, only
considering fixed obstades; and trgectory planning, where the paths are timed and
synchronized in order to avoid calli sion with the other robot. This paper focuses on
the second problem. A method is presented to minimize the total mation time of two
manipuators along their paths, avoiding colli sion regardiess of the aauracy of the
dynamic model used. A hybrid technique with EA and locd seach methods has
been implemented.

1 Introduction

The protdem is to plan a calli son-freemation (obstacles and other robas), from an initia
configuration to a goal configuration. The most extended approach to this prodem is to
dempose it into two subprobems path planning and trgedory planning. Many
algorithms to solve this problem can befound in the literature[1], [2], [3], [4], [5].

The solution ohtained by most of these algorithms is a robd trgedory. These
trgedories are very difficult to implement in most industrial robds, becuse they require
theinterna contraller of each articulation to befully avail able to the user.

Different methods are presented in [6], [7] and [8] to minimize the total motion
time of the robads along their paths, avoiding colli sion regardiess of the acauracy of the
dynamic mode used. These methods are based on Evolutionary Algorithm (EA) to find a
callison-free mation plan for two robds. Better results were achieved with integer and
variable-length chromosome @dification. EA, as numeric optimizers, are able to make
fast search in broad spaces. However, their capability to redlize local search is limited. In
this paper, we propose an dgorithm composed of an EA and alocal search.

2 Problem Statement



The protdem can be tated as. Given two robds R; and R, a s&t of known fixed obstacles
and the initial and fina configurations of R, and R,; find a coardinated mation plan for
the robds from ther initial configuration to their fina configuration avoiding calli Sons
with environments olstacles and themselves. The use of a Demupled Planning approach
needs a fixed obstacle @lli sion-freepath to ke previoudy oltained for each of the robds.
The paths which the robds are epeded to follow are assumed to ke given as a
parameterized curve in the joint space where ). parameter is the distance along the path.
The Coordination Spae (CS) is defined asthe R? region:

CS={21,22)/ 0< 2} < Al with1< j <2} 1)

2 . . .
Any path from (0,0) to (A%, 4 2.,) determines a coardinated exeadtion of the

two paths, and it is cdled a Coardination Path (CP). The Callison Region (CR) is
defined as the st of points in CS where a callison between the two manipuators is
produced. In order to reducethe search spacein CS, adiscretization of each path hasto be
made, so the path isdivided into several equal intervals. Let's number the intervals of each
path j from 1 to max; and the ordered set of intervalsis called €3; . A cdl is defined as the
subspaceformed by oneinterval of the paths of each of the robds and is represented asthe
pair (ny,ny). With these discretized peths, CS is transformed into an array of cdls, the
Coordination Diagram (CD). A cdl (ny,n,) is considered collison FREE if every point
insdethe cdl doesnot belong to the @lli Son region.

Robds can be synchronized using Synchronization Points (SP), that is, a point in
CD, which any CP will necessarily passthrough. When the roba arrives at that placeon
its path, it will stop until the other roba arrives at its respedive point. To avoid a colli sion
it is possble to ater the CP defining the number and position of the SP. This congtraint
moation isvery easy toimplement using any robd programming language [6].

Let's consder aredangle formed by free cé#sin CD and let's consider the motion
of the robds from the lower |eft corner cel to the upper right corner cdl. Any trajedory
defined for each roba between these two pointsin CD will aways be a colli son-free CP.
Thisdassof redanglesisgoing to be cled FreeRedandes.

Let'sconsder aset of FreeRedangles, conneded in such away that the upper right
corner of one redangle is the lower left corner of the next. Furthermore, the lower I€ft
corner of the first oneisthe lower left corner of the whole CD, and the upper right corner
of the lagt redangle is the upper right corner of CD. This st of redangles is a Free
Redande Sequence, and the intersedion points betweean two redangles will be the SP.
The probdem can be stated as that of finding a Free Redangle Sequence that minimizes
the total exeaution time necessary for the robds to complete their whole path. The main
variables used to find this sgquence are the number of SPand the position of these points
in CD. A complete description of the method can befound in [6] and [7].

3 TheEvolutionary Algorithm



As it was mentioned abowe, the optimization agorithm is decmposed in two parts. an
evolutionary algorithm, that it is explained in this sdion, and alocal search agorithm,
that it will be study in the next sedion.

3.1 Chromosomic representation of individuals

Each individud is represented by an increasing SP sequence with an integer codification
[9]. Chromaosomes representing each solution have variable length as it is proposed in
[10]. If nisthe length of a chromosome, then a SP sequence will be determined by n+2
synchronization points, where (Xo,Y0)=(0,0) and (Xn:1,Yn+1)=(Maxs,max,) and with {P, =
04,y / for al i x<x.; and yi<y..} O<i<n where x;, y; are intervas corresponding to the
paths of the first and second roba respedively.

3.2 Generation of theinitial population

Obvioudy, the initial popuation is sleded randomly. Since the number of SP of
individualsis variable and to oltain ainitial popuation with awide diversity of solutions,
the falowing procedure was proposed: a maximum number of points NMAX is
established (only for theinitial popuation), and the number of SPof the individuals of the
initial popuation is digtributed in a random increasing probebility digtribution from 1
(minimum) to NMAX (maximum way). Once the number of points n of an individual is
seleded, its coardinates are oltained as follows: two sats of n random valuesin [0,1] are
generated, then they are ordered in a increasing way and projeded on [0,max,] and
[0,max,] intervals respedively.

3.3 Fitnessmeasure

For valid individuals, the fitness function gives the total exeattion time neaded by the
robds to complete their paths, when the SP are placed in the postions defined by the
individual spedfications (See[6€] ). The fithess function for non-valid individuals must
measure how far it is from a valid individual. The function consdered is f(N)=K+nco,
whereK isahigh valuein resped to the value asociated to the valid individuals, and nco
isthe number of olstacle cdl sinside the redangle sequence

3.4 Genetic operators

Crossover Operator. Given two individuels S and S formed by sequences of n and m
SPrespedivdy, the idea is to oldain another SP sequence through genetic information
exchange from parents S' and &. The foll owing method is proposed (Figure 1):

A SPof S called P is randomly sdeded. Then, Q another synchronization point of
S is "eded. Q is the first randomly obtained SPwith the values of bath coardinates x
andy, greater than the respedive mardinates of P, so the resulting child will be always an
increasing SPsequence It is possble that no point of S verifies this limitation, then the



child is returned as a copy of S. If any point Q exists, a new individudl is formed by the
first pointsof S (P inclusive), foll owed by the points of § from Q (indusive) to the end of
S. After, al the synchronization points of the resulting individual with the same
coardinate values are reduced to asingle SP. That is, the sameindividual but with a more
smplified structure.

Mutation Operator. Given an individua S formed by a sequence of n SP, ancther
individua is formed by atering the genetic information of S Two groups of mutation
operators are proposed in this paper: Sight Operators, and Strong Operators, which
modify the individual in amore substantia way, even the structure of the solution.
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Figure 1.- Crossover Operator

Experimenta results $iow that the most important improvements are oltained with the
dight mutation. Nevertheless the strong mutation plays a very important role in the
process avoiding the algorithm to remain trapped in local minima.

Sight mutations. A SP(X,,y) of individual Sis randomly sdeded and also an integer m
between MUTMAX and -MUTMAX is chosen too, where MUTMAX is the maximum
permitted mutation. The mutation consists of substituting the point (X, Yi) by (Xt myictm).
Thismutation hastwo variants. In the first one, different mvalues for each coardinate are
seleded, whilein the second one, only one of the @ardinates is modified.

Srong mutations. Several strong mutations have been implemented and tested with
satisfactory results. The fall owing mutations are onsidered in this paper:

Synchronization Point Modification. A SP (X,,Vi) from sequence S is randomly sdeded.
The mutation conssts of subgtituting that point by another one dosen in the redangle
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Figure 2.- Synchronization Point Modification

defined by the previous SP as the lower left corner and the following one as the upper
right corner (if any of them does not exis, (0,0) or (max;,max,) are onsdered
respedively). That is, a pair of integers (x,y) is randomly chosen S0 that Xe[X1,%1] and
Ve[VienYie] . Finally (XY is subdtituted by (x,y), apoint inddethe gray areain Figure 2.

Synchronization Point Eli mination. This mutation eliminates a randomly seleded SPof S
that is, the new individual isidentical to S but with one SPless

Sgment Mutation. This mutation chooses two conseattive SP point P=(xy,) and
P'=(X«1,Yk+1), @nd adight mutation is applied to them with a probehility. Theregfter, this
mutation adds a new SPbetween bah of them. For this purpose, the differences d =X 1-X«
and d,=Yi1-Y« are obtained. Then, another two integers are dosen randomly ( vy between
1and d,-1 and vy, between 1 and d-1). The new point isloceted in Safter P with
coardinates (Xt Vi, Yit V). (SeeFigure 3).

- - - Before mutation —— After mutation

Figure 3.- Segment Mutation



Refledion: A sat of synchronization points of the sequence is ®leded with a given
probsbility. Every sdeded point is substituted by its ymmetrical point in relation to the
diagonal, that is, a point P=(xYi) is substituted by (YioXq).

3.5 Sdection Mechanism

An ditist evolutionary agorithm has been used, where the best individua of each
generation is replicated in the falowing one. A percentage of the offoring is obtained
through parents mutations sleded with a probability proportiona to its fithess The rest
of the offspring is obtained through parents crosover (also sdeded as a function of its
fitnesg, and after, one of abowe defined mutation operators is applied with a random
probsbility.

4 Local Search Algorithm

Theredli zation of fagt search in wide spaceis the main quality of Genetics Algorithms as
function optimizers. However, their capahility of complete local search islimited. Holland
[11] sugoested that genetic agorithms dhould be used as a preprocessor to perform the
initial search, before tuning the search with local methods. Likewise, Grefengtette [12)]
point out that genetic algorithms are qualified to identify high performance regions of the
search space and he reommend: "it may be useful to invoke a local search routine to
optimize the members of the fina popuation”. A local search using a hill -climbing
srategy isproposed in [13]. If thelocal search do not oktain a optimum vaue, the authors
apply a backtracking processto exealte a new genetic smulation.

In our work, the evolutionary algorithm gives an approximate solution, and starting
from this lution, a heurigtic search agorithm will find for the optimum. The proposed
local search procedure mnsist of a monotonous random walk search with the following
structure:

Procedur e Random Wl k
Cener at e( Qurrent Sol uti on)
Best Sol ution = CQurrent Sol ution
REPEAT
Current Sol uti one
Cener at eNei ghbour ( Qurrent Sol uti on)
| F Qbjective(Qurrent Sol ution) <
oj ect i ve(Best Sol uti on)
THEN Best Sol ution e Current Sol uti on
UNTIL StopCriterium

We have used the previoudy defined mutation operatorsin order to implement the
GenerateNeighbour subroutine.  Notice that these operators, even the strong mutations,
perform alocal search, exploring for minima d the nearnessof the previous slution. The



strong operators al ow finding optimal solutions even starting with solutions with a non-
optimum number of SP.

Mogt of the @ses, the proposed hybrid technique oltain a computationd time
reduction, in reation to a pure EA, becuse the local search is performed on a more
restricted space However, the method would fail i f the local search starting solution were
not in the proximity of the optimum. The dedion between dight and strong mutations is
made with arandom procedure as the foll owing:

Procedur e Gener at enei ghbour (Sol uti on)
Cener at e( Pr obChange)
| F ProbChange < ProbChangelocal
THEN RETURN Local Mut ati on( Sol uti on)
ELSE RETURN Structural Mut ati on(Sol uti on)

The ProbChangel.ocal value has been chosen after several tests. Thetests sow that
the mgjor improvement in the solution is due to dight mutation, but strong mutations are
indispensable, becuse they avoid the solution to be trapped in local minima dter few
iterations. Therefore, the ProbChangel.ocal must be relatively low (~ 0.1) to get a larger
presence of strong mutations. All the probahiliti es of sdeding a certain strong mutation
have been made ajual.

5 Application Examples

The proposed agorithm has been implemented and applied to severa examplesin order
to udy its efficiency. The firg example @rresponds to the @ardination motion of two
PUMA-type articulated manipuators (Figure 4-3). The @ardination diagram is 105<80
cdls and the allison region is formed by a single mnneded region. This dass of
coardination diagram is very typica in multiroba applications. The example shown in
Figure 4-b correspondsto the mardinated motions of two SCARA-type manipuators. Any
path mugt verify the mnstraint consigting of passng through anarrow corridor.

Q
a) b)

Figure4.- Coardination Diagrams corresponding to
examplesland 2
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Figure 5.- Example 3 coardination diagram
The lagt example @rresponds to the motion of two SCORBOT and 16 collision

regions and 180«180cdls (Figure 5). It is an iterative motion represented in Figure 6.
The mation from Figure 6-1 to Figure 6-2 and again to theinitial configuration Figure 6-

3, isrepeated twice
a? DB
1 | &R

Figure 6.- Example 3initial postion (1),
intermediate(2) and goa position (3)

The ohtained reaults confirm the dficiency of the proposed approach. The found solutions
reached for examples 1 and 2 can be observed in Table 1. The tests compare the results of
the evalutionary algorithm without local search for 300 generations of 100individuals, for
100 ¢enerations aso without local search, and finaly, the achieves values for a local
search processhbeginning with the best individual of the generation 100 The stop criteria
for random-walk were 5000 iterations. That is, 5000 calls to the evaluation function,
equivaent to an additional computational cost of 50 generations of 100individuals.



Table 1.- Example 1 and 2 Results

Ex. Method Avg. . Min.

GA300g 373 | 006 | 370

1 GA100g 384 | 012 | 370

GA100+rw | 375 | 010 | 370

GA300g 771 | 009 | 758

2 GA 1009 827 | 062 | 7.83

GA100+rw | 762 | 013 | 751

The reaults are smilar in example 1 and dightly better in example 2. Natice that
GA 100+ rw processhas a computational cost of the order of 50% of GA 300

Table 2.- Example 3 results

Method Avg. . Min.

GA 100 4498 134 4235

GA 100+ rw 3841 1.99 3598

GA 200 4295 171 39.78

GA 200+ rw 37.10 142 3598

GA 300 4119 116 3863

GA 300+ rw 36.84 1.05 36.02

GA 500 40.82 1.03 39.26

The results for example 3 can be seen in Table 2. These values have been ohtained for
100 200 300and 500 gnerations of 100individuals. After each evolutionary process a
loca search has been exeauted with 5000 iterations garting with the provided best
individual. These values dearly confirm the dfediveness of the proposed minimization



method. Noticethat solution of GA 200+ rw is 10% better than GA 500 in spite of the
fact that the computational cost are reduced in 50%%6

6 Conclusons

This paper describes a method to generate @llison free oardinated mation plans in
multirobds gstems. The method tries to find a synchronization point sequence that
minimizesthetota exeaition motion time. This hybrid technique gets better results than a
pue evolutionary agorithm with a lower computational cost. Tests sow that these
benefits increase with the mmplexity of the prodem
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