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Abstrac t

Thi s pape r  present s a  methodolog y fo r  th e synthesi s o f  pat h generatin g
mechanism s usin g Geneti c Algorithm s (GAs) .  GAs ar e a  nove l  searc h an d
optimisatio n techniqu e inspire d b y th e principle s o f  natura l  evolutio n an d
'surviva l  o f  th e fittest' .  Th e proble m use d t o illustrat e th e us e o f  GAs i n thi s
way i s th e synthesi s o f  a  fou r  ba r  mechanis m t o provid e a  desire d outpu t  path .

1. 0 Introductio n

A mechanis m i s a  devic e whic h transform s a  give n inpu t  motio n t o provid e a
desirabl e outpu t  motion .  Th e stud y o f  mechanism s i s use d t o understan d th e
relationship s betwee n geometry ,  motion s an d th e force s tha t  provid e thos e
motion s an d provide s th e theoretica l  foundatio n fo r  machin e design .

Mechanism s ca n b e divide d int o distinc t  group s dependin g upo n th e
purpos e fo r  whic h the y hav e bee n designed .  Functio n generatin g mechanism s
ar e designe d s o tha t  a  give n outpu t  member  rotates ,  oscillate s o r  reciprocate s
accordin g t o a  specifie d functio n o f  time .  Pat h generatin g mechanism s ar e
designe d s o tha t  a  give n couple r  poin t  trace s ou t  th e pat h o f  a  desire d
trajectory .  Motio n generating ,  o r  bod y guidance ,  mechanism s ar e designe d t o
transfe r  a  rigi d objec t  fro m plac e t o plac e whils t  maintainin g a  give n orientation .

The desig n o f  mechanisms ,  o f  al l  types ,  involve s tw o distinc t  phases .
Kinemati c synthesi s i s concerne d wit h th e actio n o f  th e mechanis m withou t
consideratio n o f  th e force s involved .  Forces ,  torque s an d othe r  kinetostati c
propertie s ar e calculate d i n th e dynami c analysi s o f  th e mechanism .  Kinemati c
synthesi s i s th e proces s o f  designin g a  mechanis m o f  th e correc t  configuratio n
and geometr y t o provid e th e desire d outpu t  motion .  I n general ,  synthesi s ca n b e
divide d int o tw o stages .  Typ e synthesi s i s th e selectio n o f  th e mechanis m
configuration ,  whic h i s  usuall y base d o n th e experienc e o f  th e machin e designer .
A selectio n i s mad e b y considerin g th e inpu t  motio n an d th e desire d outpu t
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motio n an d ho w i t  i s  bes t  t o transfor m on e int o th e other .
Dimensiona l  synthesi s i s  essentiall y th e proces s o f  choosin g th e geometr y

and lin k length s o f  th e mechanis m s o tha t  th e outpu t  motio n exactl y matche s
th e specifie d motion .  Traditionally ,  dimensiona l  synthesi s wa s carrie d ou t  usin g
graphica l  technique s wher e th e motio n coul d b e specifie d a t  u p t o fiv e precisio n
points .  However ,  dimensiona l  synthesi s ca n b e achieve d usin g numerica l
optimisatio n methods ,  whic h hav e n o limi t  o n th e numbe r  o f  precisio n points .
Despit e this ,  machin e designer s ar e reluctan t  t o us e thes e method s a s the y ofte n
requir e comple x definition s o f  synthesi s requirement s an d lac k th e robustnes s
neede d fo r  a n efficien t  synthesi s technique .

The metho d [1 ]  presente d i n thi s pape r  utilise s a  GA t o synthesis e a
mechanis m t o generat e a  desire d trajector y specifie d b y twelv e precisio n points .
GAs hav e severa l  advantage s ove r  gradien t  base d o r  'poin t  t o point '  searc h
methods .  Gradien t  method s ar e ver y effectiv e o n smooth ,  uni-moda l  functions ,
but  o n multi-moda l  o r  nois y function s the y becom e trappe d i n loca l  sub-optima l
solutions .  GAs avoi d thi s b y usin g a  populatio n o f  solutions .  Fo r  eac h iteration ,
individual s fro m th e populatio n reproduc e wit h eac h othe r  t o ensur e tha t
desirabl e characteristic s ar e passe d o n t o th e chil d solutions .  B y modellin g rea l
geneti c operators ,  an d usin g a  'surviva l  o f  th e fittest '  approach ,  th e metho d wil l
ten d t o converg e toward s globall y optimu m solution s withou t  th e us e o f  penalt y
functions ,  o r  othe r  techniques ,  require d t o ensur e tha t  'poin t  t o point '  method s
remai n i n th e desire d solutio n space .

2. 0 Geneti c Algorithm s

GAs diffe r  fro m mos t  othe r  searc h method s i n man y ways ,  an d thes e difference s
ar e wha t  mak e the m a s robus t  an d a s widel y applicabl e a s the y are .  Severa l
difference s may b e identified ;

•  GAs wor k wit h a  codin g o f  th e paramete r  set ,  no t  th e parameter s themselves .
•  GAs searc h fro m a  populatio n o f  points ,  no t  a  singl e point .
•  GAs us e objectiv e functio n informatio n directly ,  no t  secondar y informatio n

suc h a s gradients .
•  GAs utilis e probabilisti c  transitio n rules ,  no t  deterministi c rules .

The ai m o f  thi s sectio n i s t o giv e a  brie f  introductio n t o GAs an d tr y t o
answer  th e question s 'how '  an d 'why '  the y work .  I n a  GA th e paramete r  se t  o f
th e proble m i s represente d a s a  binar y string ,  calle d chromosomes ,  wher e sub -
section s o f  th e strin g represen t  eac h parameter .  Thes e subsection s ar e know n a s
genes .  Eac h gen e may tak e a  variet y o f  value s o r  allelcs .

I n natura l  genetics ,  gene s fro m th e chromosome s o f  tw o parent s ar e
recombine d throug h a  variet y o f  geneti c operator s t o for m th e chromosome s o f
th e children .  Thes e operator s ar e crossove r  an d mutation .  However ,  ther e i s
als o a n implici t  operato r  o f  selection ,  o r  choic e o f  mate .  Th e simpl e GA use d i n
thi s stud y model s al l  thre e o f  thes e operators .
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2. 1 Reproductio n (Selection )
Reproductio n i s th e selectio n o f  parent s fro m a  generatio n fo r  th e creatio n o f
childre n fo r  th e nex t  generatio n o f  solutions .  I n th e GA use d i n thi s work ,
selectio n wa s carrie d ou t  usin g a  'roulett e wheel '  metho d [2] .  Thi s i s a
randomise d approach ,  wher e th e probabilit y o f  selectio n i s weighte d b y th e
objectiv e functio n valu e o f  eac h solution .  Th e effec t  o f  thi s i s  tha t  th e mos t  fi t
solution s ar e mor e likel y t o propagate d int o th e successiv e generation .  Thi s
embodie s th e 'surviva l  o f  th e fittest '  concept .

2. 2 Crossove r
Crossove r  occur s betwee n tw o parenta l  chromosome s t o for m tw o children .  I n
accordanc e wit h th e randomise d natur e o f  GAs,  ther e i s a  probabilit y o f
crossove r  occurrin g betwee n tw o parents .  I f  crossove r  doe s no t  occur ,  th e tw o
paren t  string s ar e resubstitute d int o th e ne w population .  I f  crossove r  doe s
occur ,  a  rando m crossin g sit e i s chose n an d dat a i s transferre d betwee n string s
aroun d thi s point .  A s a n example ,  conside r  th e tw o paren t  string s below ;

1234567 8 Positio n
1 1 1 1 1 1 1 1 Paren t  1
0000000 0 Paren t  2

I f  crossove r  occur s betwee n position s 4&5 ,  th e tw o chil d string s produce d are ;

1234567 8 Positio n
1 1 1 1 0 0 0 0 Chil d 1
0 0 0 0 1 1 1 1 Chil d 2

2. 3 Mutatio n
Crossove r  i s th e mai n proces s b y whic h dat a i s transferre d betwee n successiv e
generations .  However ,  mutatio n als o play s a n importan t  rol e i n th e convergenc e
of  a  populatio n t o a  globall y optimu m solution .  A  GA utilisin g crossove r  alon e
can onl y converg e t o a  solutio n represente d b y th e schemat a (se e sectio n 2.4 )  o f
th e initia l  population .  Th e effec t  o f  mutatio n i s t o broade n th e searc h spac e b y
creatin g ne w schemata ,  thu s forcin g th e searc h t o explor e ne w hyperplanes .  Th e
mutatio n operato r  i s ver y simple .  Eac h bi t  o f  a  chil d strin g i s teste d agains t  th e
probabilit y o f  mutation .  I n a  binar y alphabet ,  i f  mutatio n occurs ,  th e bi t
undergoe s Boolea n inversion .  Tha t  is ,  a  on e become s a  zer o an d vice-versa .
Becaus e th e effec t  o f  mutatio n i n natura l  system s i s les s tha n tha t  o f  crossover ,
th e probabilit y o f  mutatio n occurrin g i s normall y quit e low .

2. 4 Th e Schem a Theore m
The previou s section s hav e outline d th e mechanic s o f  ho w a  GA works ,  bu t  d o
not  answe r  th e questio n o f  'why '  a  GA works .  Th e answe r  t o thi s i s foun d i n
Holland' s schem a theore m [2,3 ]  an d th e principl e o f  implici t  parallelism .

One o f  th e majo r  reason s fo r  usin g a  binar y representatio n fo r  th e GA
codin g o f  th e paramete r  se t  i s  tha t  similaritie s betwee n highl y fi t  solution s
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become mor e apparent .  A  schem a (pi.schemata )  o r  similarit y templat e describe s
a subse t  o f  solution s a t  certai n positions .  Fo r  example ,  i n fiv e bi t  binar y codin g
a typica l  schem a coul d be ;

1 0## #

wher e th e #  symbo l  represent s a n irrelevan t  value .  Th e orde r  o f  a  schema ,
denote d b y o(H )  i s  simpl y th e numbe r  o f  fixe d positions .  Th e definin g length ,
denote d b y 5(H )  i s th e distanc e betwee n th e firs t  an d las t  fixe d positions .  Th e
schema theore m i s ofte n describe d i n term s o f  a  growt h equation ;

m(H, t  +1) > m(H,t) x

wher e P C an d ?„ ,  ar e th e crossove r  an d mutatio n probabilities ,  f(H )  i s th e
'fitness '  o f  schem a H  an d f  i s th e averag e schem a fitness .  Th e ter m m(H,t )
represent s th e numbe r  o f  example s o f  schem a H  a t  tim e t .

The growt h equatio n show s tha t  highl y  fit ,  lo w orde r  schem a wit h shor t
definin g length s ar e rapidl y propagate d throug h th e population .  I n rea l  terms ,
thi s implie s tha t  th e populatio n wil l  ten d t o progres s o r  'evolve '  toward s highl y
fi t  solutions .

Whils t  th e schem a theore m explain s wh y a  GA works ,  th e principl e o f
implici t  parallelis m explain s wh y the y wor k s o effectively .  Thi s effectivenes s
derive s fro m th e simultaneou s allocatio n o f  searc h effor t  t o differen t  region s o f
th e solutio n space .  Essentially ,  a  schem a may b e viewe d a s a  representatio n o f  a
hyperplan e o f  th e solutio n space .  B y testin g a  singl e schem a th e GA i s
effectivel y testin g al l  solution s o n tha t  hyperplane .

3. 0 Mechanis m Synthesi s an d Four-Ba r  Mechanism s

Figur e 1  i s a  schemati c diagra m o f  a  fou r  ba r  mechanism .  Eac h 'stick '
represent s a  lin k betwee n revolut e joints .  Thi s stud y wa s limite d t o a n importan t
clas s o f  mechanis m wher e th e inpu t  lin k rotate s wit h constan t  velocity ,  an d
throughou t  th e cycl e th e pat h generatin g poin t  trace s ou t  a  close d curv e an d th e
outpu t  lin k oscillate s throug h a  fixe d angle .  Thi s typ e o f  mechanis m i s know n a s
a crank-rocker ,  an d occur s whe n th e shortes t  lin k i s  th e cran k an d lie s adjacen t
t o th e fixe d frame .  Thi s i s know n a s th e Grasho f  mobilit y  criterio n an d i s
expresse d b y th e inequalit y 1  +  s  <  p  +  q ,  wher e 1  &  s  ar e th e longes t  an d
shortes t  length s an d p  &  q  ar e th e intermediat e lengths .

The fou r  ba r  mechanis m i s a  singl e degre e o f  freedo m mechanis m an d a s
suc h require s onl y a  singl e inpu t  t o completel y specif y th e motio n o f  th e
mechanism .  I t  i s  a  ver y usefu l  mechanis m a s th e constan t  velocit y inpu t  provide s
desirabl e motio n transmissio n characteristics .

The couple r  curv e i s th e locu s o f  poin t  P  a s th e inpu t  lin k rotate s throug h
one complet e revolution .  I n mechanis m design ,  th e shapin g o f  th e couple r  curv e
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t o satisf y desig n need s i s regularl y enountere d an d therefor e a n automati c
metho d whic h deterimine s th e mechanis m proportion s fo r  a  specifie d couple r
curv e i s o f  grea t  use .

Figur e 1  :  Fou r  Ba r  Mechanis m

3. 1 Th e Objectiv e Functio n
The objectiv e functio n i s evaluate d b y calculatin g th e erro r  a t  th e pat h
generatin g poin t  betwee n th e actua l  positio n an d th e desire d position ,  fo r  a
give n inpu t  angle .  Thi s i s  illustrate d i n Figur e 2 ,  wher e (Xj,Yj )  ar e th e co -
ordinate s o f  th e desire d positio n an d (X,,Y, )  ar e th e co-ordinate s o f  th e actua l
position .

(Xd.Yd )

Erro r

(Xa,Ya )

Origi n

Figur e 2  :  Calculatio n o f  Erro r

The tota l  erro r  aroun d th e cycl e o f  th e mechanis m i s calculate d an d use d a s
th e 'fitness '  scor e fo r  th e mechanism .  Th e objectiv e functio n include s a  heuristi c
filte r  a s a  penalt y functio n fo r  solution s tha t  fai l  th e Grasho f  mobilit y  criterion .
Any solution s whic h fai l  thi s criterio n ar e automaticall y assigne d th e wors t
possibl e objectiv e functio n value .  Th e GA i s use d t o fin d a  mechanis m whic h
has th e smalles t  possibl e erro r  betwee n th e actua l  curv e i t  generate s an d th e
desire d desig n curve .
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4. 0 Result s

The GA wa s teste d o n tw o couple r  curv e problem s whic h wer e generate d b y
known mechanisms .  Figur e 3  an d Figur e 4  ar e graph s whic h sho w typica l
performance s o f  th e GA o n eac h problem .  Th e graph s plo t  bes t  o f  generatio n
fitnes s agains t  generatio n number .  Th e GA wa s ru n fo r  a  tota l  o f  on e hundre d
generations .

Curv e 1

Figur e 3  :  Grap h o f  Convergenc e fo r  Tes t  Curv e 1

Figur e 4  :  Grap h o f  Convergenc e fo r  Tes t  Curv e 2

For  th e firs t  tes t  couple r  curv e th e erro r  betwee n th e curv e generate d b y th e
fina l  tria l  mechanis m an d th e desire d curv e i s 15.9 6 units .  When th e parameter s
of  thi s mechanis m wer e passe d int o a  simpl e hil l  climbin g search ,  th e erro r
droppe d t o a  valu e o f  0.4 0 units ,  indicatin g tha t  th e GA ha d locate d th e optima l
peak o n th e objectiv e functio n surfac e an d th e couple r  curv e generate d b y th e
tria l  mechanis m i s identica l  t o th e desire d curve .

The secon d couple r  curv e i s mor e comple x a s i t  contain s a  'doubl e point' .
The shap e o f  th e curv e resemble d a  'figur e o f  eight' .  Afte r  10 0 generation s th e
erro r  o f  th e tria l  mechanism s i s 113.7 9 units .  Afte r  th e hil l  climbin g searc h wa s
performed ,  th e erro r  i s  stil l  109.7 9 units .  Th e GA ha s locate d a  sub-optima l
peak .  Th e couple r  curv e generate d b y thi s  tria l  mechanis m i s show n i n Figur e 5
alon g wit h a  diagra m o f  th e mechanism .  I t  ca n b e see n tha t  thi s curv e doe s no t
resembl e th e desire d curv e a s i t  doe s no t  contai n a  'doubl e point' .
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Figur e 5  :  Tria l  Mechanis m an d Generate d Couple r  Curv e

5. 0 Discussio n

For  al l  o f  th e synthesi s problem s th e controllin g parameter s o f  th e GA wer e se t
at  th e followin g values ;

Probabilit y o f  crossove r  =  0.7 5
Probabilit y o f  mutatio n =0.0 4
Populatio n siz e =  8 0

Whils t  Goldber g [2 ]  an d DeJon g [4 ]  hav e suggeste d a  crossove r  rat e o f  0. 6
and a  mutatio n rat e tha t  i s inversel y proportiona l  t o th e populatio n size ,
Grefenstett e [5 ]  ha s show n tha t  a  highe r  crossove r  rat e i s  beneficia l  fo r
improve d performance .  Th e relativel y hig h mutatio n rat e wa s chose n t o offse t
any biase s brough t  int o th e GA b y th e rejectio n o f  solution s tha t  fai l  t o mee t  th e
Grasho f  mobilit y  criterion .

The simpl e GA ha s performe d quit e wel l  o n th e firs t  couple r  curv e an d ha s
locate d th e globa l  optimu m solution .  A n examinatio n o f  th e populatio n
distributio n a t  th e en d o f  th e ru n showe d tha t  th e entir e populatio n o f  vali d
solution s ha d starte d t o converg e t o a  solutio n i n th e regio n o f  th e globa l
optimum .  However ,  fo r  th e mor e comple x secon d curv e th e GA coul d onl y
locat e a  sub-optima l  solution .  Thi s differenc e i n performanc e may b e attribute d
t o th e fac t  tha t  th e objectiv e functio n i s  actuall y define d b y th e specificatio n o f
th e desire d couple r  curve .  Eac h o f  th e problems ,  therefore ,  ha s a  differen t
objectiv e function .  B y examinin g th e curv e show n i n Figur e 5 ,  i t  i s  possibl e t o
see tha t  th e us e o f  onl y twelv e precisio n point s i s makin g i t  difficul t  fo r  th e GA
t o differentiat e betwee n curve s wit h doubl e point s an d norma l  close d curves .

For  th e secon d curve ,  th e GA i s experiencin g prematur e convergence .  Thi s
may b e du e t o th e poo r  definitio n o f  th e couple r  curv e o r  may b e du e t o biase s
i n th e GA T o ensur e tha t  th e GA perform s wel l  o n a  variet y o f  synthesi s
problems ,  th e natur e o f  th e GA mus t  b e change d t o preven t  this .  Ther e ar e a
variet y o f  method s whic h ca n b e introduce d t o thi s end .  Thi s includ e sharin g
[2] ,  crowdin g [4 ]  an d a  variet y o f  othe r  breedin g schemes .

Ther e ar e severa l  othe r  method s whic h ca n als o b e used .  Thes e includ e
deflatio n an d identica l  strin g eliminatio n [6 ]  an d inces t  preventio n [7] .  Furthe r
work  wil l  investigat e th e us e o f  thes e method s an d illustrat e an y improvement s
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i n effectiveness .  I t  i s  als o importan t  t o investigat e th e possibilit y o f  biase s i n th e
GA fro m eithe r  th e selectio n metho d o r  th e 'heuristi c  filter' .  On e alternativ e t o
thi s filte r  i s  t o us e a  mobilit y penalt y function ,  whic h penalise s th e objectiv e
functio n b y a  varyin g amoun t  dependin g o n ho w fa r  'away '  th e tria l  mechanis m
i s fro m th e Grasho f  criterion .

6. 0 Conclusion s

The result s o f  thi s stud y hav e show n tha t  GAs may b e successfull y  applie d t o
th e proble m o f  mechanis m synthesis ,  bu t  furthe r  wor k i s require d t o ensur e tha t
th e GA i s effectiv e acros s a  wid e rang e o f  synthesi s problems .  Th e result s hav e
als o show n tha t  th e GA i s no t  a  particularl y quic k optimisatio n metho d an d tha t
difficultie s wher e encountere d du e t o poo r  proble m definitio n an d constrain t
violations .  However ,  adequat e performanc e ca n b e achieve d b y combinin g th e
GA wit h a  loca l  searc h method .  I t  may b e possibl e t o us e th e GA,  i n
conjunctio n wit h loca l  searc h methods ,  t o develo p a  robus t  'doubl e pass '
synthesi s technique .

Once a n effectiv e GA i s develope d fo r  us e i n th e synthesi s o f  fou r  ba r
mechanisms ,  i t  ca n als o b e applie d t o a  variet y o f  othe r  mechanis m synthesi s
problems .  Thes e includ e th e synthesi s o f  multi-degre e o f  freedo m mechanism s
wit h bot h constan t  velocit y input s an d programmabl e serv o moto r  inputs .

Futur e paper s wil l  dea l  wit h th e refinemen t  o f  th e GA,  th e synthesi s o f
multi-degre e o f  freedo m mechanism s usin g a n objectiv e functio n base d o n
structura l  erro r  onl y an d th e developmen t  o f  mor e comple x 'multipl e objective '
functions .
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