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Near-Optimal Tuning of Linear Controllers
Based on Genetic Algorithm and Swarm
Intelligence: A Flight Control Example

Ali Reza Mehrabian', Jafar Roshanian?, Caro Lucas®

This paper presents a method for the tuning of PID-type controllers for systems
with time-varying dynamics based on optimization by genetic algorithms (GA)
and swarm intelligence, i.e. a modified version of particle swarm optimization.
The power ful abilities of biv-inspired computing in locating the optimal (or near-
optimal) solutions to a given optimization problem are utilized for determining
the parameters of the controller in order to meet specified per formance objectives
for a given problem in terms of weighted integral of different signals. The
presented study recommends a new modification n PSO algorithm where o
novel approach for tuning of the learning factors is employed to improve the
speed of convergence and the accuracy of the search in the multi-dimensional
space. The proposed technique has the flexibility to be applicable to a wide range
of control problems. In order to illustrate the performance of the technique,
development and application of this algorithm for an aerospace launch vehicle
during atmospheric flight in an experimental setting is presented.
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M, Angul r m mentum 1 ngtheY xis
M, Angul r m mentum 1 ng the Z xis

M4 Dyn mic coeflicients f the 1 ngitudinal
m mentum

m System’s mass
N Number of gents
n; The ith (¢ = 1,2) n n-linear inflection index

Phest P rticle’s best 1 cal p sition vector in
multi-dimension 1 sp ce

Il ngler te fch nge
Pitch ngle r te of change
Y w angle rate of ch nge

ty Flight time

U Linear velocity 1 ng the X xis

V Linear velocity 1 ngthe Y xis

v P rticle velocity vector in multi-dimension 1
sp ce

Vi P rticle velocity vector in multi-dimension 1

sp ce tthe th step

Vmax Maximum 11 wable p rticle elocity in
multi-dimensi n 1sp ce

Vmin Minimum 11 wable p rticle velocity in
multi-dimensi n 1sp ce

W Linear velocity long the Z xis

w M mentum f ctor ( Is called inertia weight)

Wnax P rticle’s maximum allow ble m mentum
fact r

Wrnin P rticle’s minimum allow ble momentum
fact r

X P rticle p sition vector in multi-dimension 1
sp ce

X P rticle p sition vector in multi-dimension 1

sp ce tthe th step

Tmax Maximum 11 wable p rticle positi n in
multi-dimensi n 1sp ce

Tmin Minimum 11 wable p rticle p sition in
multi-dimensi n 1sp ce

Zlv.4.0.6 Dyn mic coefficients of the longitudin 1 force

O C mmanded thrust vect r deflecti n in the
pitch channel (also ¢ lled ¢ ntr 1 effort)

b Thrust vector deflecti n in the pitch ch nnel

% Pitch ngle

[TF] Tr nsfer functi n

H Newt n’s n tationf r deri tive with respect
to time (= d[.] /dt)

INTRODUCTION
M thematic 1 optimiz ti n methods ¢ n be classified
into two different sets: direct nd gradient-based se rch
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methods ! In direct search methods, only bjecti e
(1s called “ tness” r “performance”) functi n nd
¢ nstr int  lues re used to guide the search str t-
egy, where s gr dient-b sed meth ds use the rst
nd/or second- rder deriv ti es of the bhjecti e fune-
ti n nd/or constrains t guide the se rch process
ince deriv tive information is not used, the direct
search meth ds re usu lly sl w, requiring m ny func-
tin evIu ti ns fr convergence th t increases the
¢ mput ti nall ad F rthes mereas n, theyc n lIso
be pplied to many problems with ut m j r ch nge
of the alg rithm  n the ther hand, gr dient-b sed
methods quic ly ¢ nverge to n ptimal solution th t
needs n tto be the global ptimum, and cann t be used
in the ¢ se of non-differentiable or discontinues objec-
ti es In addition, there re some comm n difficulties
with most f the traditi nal direct nd gr dient-b sed
techniques:

1 M st lg rithms tend t get stuck to a suboptim 1
soluti n

2 An alg rithm efficient in s 1 ing ne ptimization
pr blem m y n t be efficient in s lving different
optimization pr blem

3 Alg rithms re not efficient in handling pr blems
h ving discrete ari bles

ec use nonlinearities nd ¢ mplex inter ctions
m ng variables often exist in engineering design prob-
lems, the se rchsp cem y h ve more than ne optim 1
solutions, of which most re nndesired loc lly optim 1
solutions h ving inferior objective functi n  alues
When s lving these problems, if traditi nal methods
get attracted to any f these 1 cally ptimal s luti ns,
there is no solution To overc me these problems, re-
searchersh e pr posed ev luti nary-b sed alg rithms
for se rching near- ptimum s luti ns to problems 2
Ev lutionary lgorithms (EA) re st ch stic
search lg rithms that imit te the met phor of n t-
ural biological ev luti n  nd/or the soci 1 beh vior
of species Ex mples include h w birds find their
destin tion during migration and D rwin’s the ry f
e luti n, which basic lly stresses on the fact that the
existence f all living things is b sed on the Il w f
“sur ival of the ttest” V riousrese rchersh e devel-
oped ¢ mput tion 1systems th t see f st and robust
solutions t complex ptimization pr blems mimick-
ing the beh vior of biologic 1 systems The le ding
e luti nary-b sed ptimization rese rch introduced
in the liter ture was the genetic alg rithms (GA)?
sically, GA is a meth d fr nding s luti ns ¢
optimiz ti n orse rch problems by means fsimul ted
e lutin (ie c ncepts fr m genetics) GA is  set
of daptive (search, learning) methods b sed n the
genetic pr cesses f biologic 1 rg nisms sed on its
demonstr ted ability to re ch ne r-optimum solutions
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to large pr blems, the GA method h s been used to
solve sever 1 pr blems in science nd engineering *~"
Though GA techniques h ve heen empl yed success-
fully to solve ¢ mplex optimiz t1 n pr blems, recent
studies have ckn wledged s me difficulties in GA
perf rm nce This degrad ti n in efliciency of GA
is n ticeable in pplic tions when the bjecti e func-
ti n sh uld be optimized by highly c rrel ted p -
r meters  Furthermore, the premature convergence
of GA degr des its perf rm nce nd decre ses its
search ¢ pability th t directs t a higher pr b bility in
the direction of obt ining 1 cal ptimum 5° eside
v ri us improvements in GA, recent devel pments
in EA include other techniques inspired by different
bi logic 1 pr cesses, e g . memetic algorithms (MA ),
p rticle sw rm  ptimization (P ),!! inv sive weed
optimiz ti n (IWO0),"? nd nt-c lony system (AC ) '3
P has recently de el ped as 1n import nt
br nch of combin tori 1 meta-heuristic techniques
which operate n  popul tion of p tenti 1 s luti ns
to expl re the search sp ce f r optimiz ti n '* PSO is
m tiv ted by the simul ti n fsocial beha i r instead
of survi 1 f the ttest While e ch member f the
sw rm be rs minim | intelligence, the swarm s
whole sh ws a go d m unt of intelligence s if the
intelligence f each member is dded up Ass ciated
with  elocity, each ¢ ndidate (also ¢ lled “p rticle”)
“flies” through the search sp ce  The vel city is
¢ nst ntly adjusted ccording t the ¢ rresp nding
p rticle’s experience and the p rticle’s ¢ mpani ns’
experiences It is expected th t the particles will move
tow rds better s Inti n re s1°
eg rdless of v st dvances in the eld fcontr 1
systems engineering, PID scheme still remains the
m st ¢ mm n ¢ ntr 1 algorithm used tod y in the
industry It is widely used bec use f its flexibility,
high reliability nde se f per tion nd tuning (see for
ex mple ef 16) PID controller design methods differ
with respect to the knowledge f the pr cess dynamics
they require 18-17 These techniques were developed
empirically thr ugh the simul tion of 1 rge number of
pr cess systems t provide simple rule The methods
operate p rticularly well f r simple systems and th se
which exhibit  clearly d min nt p le-p ir, but for
m re complex systems the PID g ins m y be str ngly
¢ upled in less predictable w y In m ny pr ctical
sitnations the system is p r meter arying nd/or non-
line r with p werful disturb nces; thus design methods
b sed n classic 1 PID tuning methods re not reli-
ble An ther p ssibility f r bt ining ¢ mpr mise
between sever 1 different criteri ist use ptimiz ti n
meth ds Optimiz tionis p werful t ol f r controller
design The meth d is simple in ¢ nception A contr 1
scheme with few p r meters is speci ed Next, system
speci ¢ ti ns are expressed s inequ lities f functi ns
of p r meters Then, the import nt speci ¢ ti ns

re ch sen s functi n (perf rm nce index) t be
optimized The meth d can be pplied to design PID
p r meters e sily Different performance criteria for
PID contr llers re ddressed in ef 16 Indeed
care must be exercised when de ning performance
index, since it may h ve m ny loc I minim  Another
difficulty is the computati ns required may easily be
excessive H wever, ptimiz ti n b sed n EA can
overcome these difficulties
In the current study it is s ught t employ two
e luti nary lgorithms,ie GA nd PSO,for ptimiz-
ing g ins { n Aerospace L unch Vehicle (ALV) PID-
li e ut pil t during atm spheric flight The pr blem
of designing intelligent ad pti e ut pilot for the ALV
w s conducted in a per i usstudy ( ef 18) H wever,
the study of ptimal const nt g in controller f v the
system is n t addressed before The design procedure
nd ¢ ntroller performance e alu ti n is addressed to
¢ mpare GA nd PS for nding near-optim 1 g ins
for control

GA AND PSO BASED OPTIMIZATION

In gener 1, EAs share common appr ch f r their
pplication to  given pr blem The pr blem rst
requires some represent ti n t suit each method
Then, the ev lution ry search Igorithm is pplied
iter tively t arrive t ne r-optimum s luti n A
brief descripti n of the tw lg rithms, GA and PSO
is presented in the following subsecti ns

Genetic algorithms
GA is  se rch/ ptimiz ti n technique th t uses ge-
netics nd n tural selection s model for pr blem
solving In the GA, population of r ndomly cre ted
individu 1s (chr mosomes) g es thr ugh  simul ted
pr cess of ev lution, which is a digit 1 version f the
survival of the ttest, law in which individu ls in the
current popul t1i n re bred to produce new individu s
h pefully hetter suited to the environment E ch indi-
vidual represents p tential solution t the problem,
¢ ndidate set of p r meter v lues GA wor s n
the ¢ ding of the parameters nd n t n the ex ct
par meters so th tit does not depend n the ¢ ntinuity
of the p r meters r the existence f deri atives fthe
functi ns required in some ¢ nventi nal ptimiz ti n
lgorithms  The coding meth d 11 ws the GA to
handle multi-m d 1 (ie many-pe ed) and multi-
par meter type optimiz ti n pr blems e sily, which
re rather difficult or impossible t be treated with
classic 1 ptimiz ti n meth ds The sequenti 1 steps
for se rching optimal solution using GA re sh wn
in Figure 1 eference 2 gives a general verview of
heuristic search meth ds inclnding GA
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Particle swarm optimization

The p rticle swarm optimiz ti n (PS ) technique w s
developed by Kennedy and Eberhart 1! The P O is
inspired by the soci 1 behavior of floc  f migrating
birds (or fishes) trying to reach an un n wn desti-
nation A p rticle is an 1 gous ¢ chr mosome
(p pulation member) in GA Nevertheless, the e -
luti nary process in the PS does n t create new
particles fr m the parents To certain extent,
the birds in the p pul ti n only ch nge their s ci 1
beh ir nd ccordingly their movement t wards
destin ti n Physic lly, this mimics fl ¢ of birds
that ¢ mmunicate t gether s they fly Each birdlo s
in speci ¢ directi n, nd then when ¢ mmunicating
t gether, they identify the bird th t is in the best
I cation Consequently, each bird speeds t wards the
best bird using a vel city th t depends on its current
p sition E ch bird, then, investig tes the se rch sp ce
fr m its new 1 cal p sition, nd the process repe ts
until the floc re ches  desired destination It is
imp rt ntt n teth t the pr cess involves both s ci 1
interacti n nd intelligence so th t birds le rn fr m
their wn experience (I cal se rch) and Is fr m the
experience of thers round them (gl b 1search)?

To formulate this s cial beh vi r, Each “particle”
is represented by  vector in multi-dimensi nal sp ce
t ch r cterize its p sition. x, and n ther vect r ¢
ch r cterize its velocity v T update vel city in e ch
time step vie1 is functi n fthreem j rc¢ mp nents:
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the current vel city f the p rticle (vg), the difference

{ the best p siti n p rticle ever re ched (best loc 1
p sition, ppest) nd the current p sition (xz), and
the difference f the best p sition f und s far in the
sw rm (glob 1 best p sition, gpest) and the current
p sition (xz) The second and third ¢ mponents are
st ch stic lly weighted nd added to rst ¢ mp nent
The b sic PSO alg rithm ¢ n be described in vector
n tation s f llows:

Visl =W X Vi +1 nd X1 X (Phest — Xk

cognitive component

+  ndxez X (Shest — X&) (1)

social component

Vel city cl mping :

it ka1 > Umar  then  vei1 = Vmax (1b)
if vpe1 < Vimin  then  vpe1 = vimin
Displacement clamping :
if Te+1 > Tmaz then Tk+1 = Tmax (1(‘)
if Tr+1 < Tmin then Tk+1 = Tmin
Xp41 = Xg + Vi1 (1d)

At iter tion k the elocity ect r vi is upd ted
based mn its current v lue flected by a m mentum
f ctor, 1 inertia weight (w),!® and on  term which

ttr cts the particle t wards previously f und best
p sitions The strength f attr cti nt the best loc 1
p sition is given by the ¢ efficient , nd to the gl b 1
best positi n by the ¢ efficient ¢o (¢1 and ¢y are s
called “ ccelerati n coefficients” t “le rningf ctors”)
The p rticle positi n, x, is updated (xx+1) using its
current  lue nd the newly computed velocity vi41

nd mness necess ry for go d sp ce expl r ti n is
intr duced via the vect rsofrand m numbersr nd and

nd, usu lly selected s unif rm rand m numbers in
the r nge [0, 1]

Since the «rst public tion f PS algorithm,
large body f rese rch has heen d ne t study either
the perf rm nce of P, r to impr ve PS perf 1-
m nce Showing very fast con ergence, much effort
has been in ested to Dbt in  better underst nding

f the convergence properties of PS  These studies
concentr ted m stly on the influence of the b sic PSO
contr 1 p r meters (the le rning f ctors, m mentum
f ctor, velocity and displacement clamping, and swarm
size) From these empirical studies it can be ¢ nclnded
that the PS is sensitive t ¢ ntr 1p rameter choices,
speci cally the momentum fact r,le rning f ct rs and
velocity /displacement ¢l mping Wr ng initialization

f these p r meters m y le d t divergent r cyclic
beh i r2%2! In a well tuned PS the p rticles sh w

logical behavior as foll ws:
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1 The el city of particles incre ses; thus, the p rti-
cles are spread ver the search space

2 The p rticles ¢ n loc te ptimal (gl bal nd/ r
loc 1) s luti ns to the optimization problem while
m ving r ndomly er the se rch sp ce

3 The p rticles try to m e tow rds gl bal ptimal
s luti n while sl wing down; but some fthem re
being trapped in 1 ¢ lly optim 1 solutions

4 The p rticles being tr pped in f unded loc 1 or
gl b1lsluti n sl wdwn and se rch for better
s luti ns in their loc 1 se rch space, until they can
find the best possible answer

Nevertheless, se rch lgorithm that suffers from bad
tuning may show any one f the foll wing beh viors:2

1 The vel city f p rticles incre ses v pidly, nd
p rticles go out of the search sp ce

2 The vel city of p rticles decreases r pidly, nd
p rticles ne rly stop

3 P rticles are trapped in 1 cally optim 1 s luti ns
and cann t get ut

In rder to a id these undesir ble ¢ nditi us an
n lysis between the rel tion of the p r meters and the
beh vior of particles can be carried ut 2122 H wever,
there is n t any rigid formulation/pr cedure reported
in the literatures for determining PS  p r meter; thus,
the parameters re often selected by tri 1 and err r
It is suggested to cho se le rning f ct rs within 0 2
to 2 nd select a m mentum factor th t decre ses
line rly fr m 14 (Wmax) t 05 (Wmax) 2% In this
f shi n, gl bal se rch st rts with 1 rge weight nd
then decre ses with time t favor loc 1 se rch over
glob 1search %23

Particle swarm optimization with dynamic
learning factor (MPSQ)
Introducing the concept of m mentum f ct r (inerti
weight), Shi nd Eberh rt!¥ suggested that  better
perf rm nce would be bt ined if the momentum
f ct rwere chosen as line r-time- rying dynamically
decre sing quantity, r ther th n being ¢ nst ot
v Ine 2® This idea was f llowed by Chatterjee nd
Siarry,!? where they suggested a n n-linear dynamic
decre sein the momentum f ctor A higher value fthe
m mentum fact r implies larger increment 1 ch nges
in vel city per time step which mean explor ti n of
the new se rch are s in pursuit of  better s luti n
H wever, smaller v Ine of the m mentum { ctor
implies less variation in el city to provide slower
upd ting for ne tuning f 1 cal se rch It is
supposed th t the PSO g rithm should st rt with
high momentum factor f r crude gl bal se rch nd
the momentum f ct r should decre se (linearly/n n-
line rly) t facilit te ner 1 cal explor ti ns in 1 ter
iterations 1419

o

The le rning f ctors, ¢; nd cs, are p r meters
that characterize rdency of the p rticles in m ing
tow rds best 1 cal/glob 1 positi ns It is clear that at
the beginning of the se rch, when particles re being
spre d ver the se rch sp ce by n initially | rge m -
mentum factor, the swarm is n t intended to converge
to ptim 1s luti ns; but in return, it is desired th t the
swift sw rm eeps on loc ting the p ssible s Intions for
the problem This idea can be chieved by selecting
relatively sm ller values f r le rning factors in the
beginning of the search th t me nsthesw rmh slesser
tendency in g thering round loc 1s luti ns, which re
found in the heginning of the search As a ¢ nsequence,
the sw rm eeps n exploring new sp ces f r p ssible
potential solutions t the pr blem th t m y ¢ nt in
even better nswers for the ptimiz ti n pr blem The
v lue of the learning factors, theref re, ¢ n beincre sed
when the exploration of the se rch space is perf rmed
successfully, in order t absorb the p rticles t w rds
loc lly/gl bally optim 1 s lutions f r ner tuning in
1 ter iterations The idea is determination of the
learning f ctors as 1 n-linear functi n f the present
iteration number (iter) at each time step The proposed
formul ti nf rle rning fact rsis given as:

(iterpax — iter)™

(itermax )nl

where =12 (2)

iter _

A (Cr_nin _ Ct_nax) 4 cmax

2 2 2

where ™ is the ith (4 = 1,2) minimum (initial)
learning factor t the ¢ mmence fa given search, nd
cmx ig the ith (¢ = 1,2) maximum ( n 1) le rning
fetr ttheend f given se rch, when itery,.x is the
maximum number fiter ti ns in a given search, iter
is the iter ti n number at the present time step, ci**
is the ith (¢ = 1,2) le rning factor at the present time
step, nd n; is the ith (4 = 1,2) non-line r inflecti n
index Figure 2 sh ws typic 1 learning f ctor with
iterations for different values of n; (i = 1,2) n either
side of unity With n; = 0 (i = 1,2), the system
becomes special ¢ se of constant le rning f ¢t r with
time, s pr p sed by Shi and Eberh rt
The search lgorithm st rts with 1 w initial learn-
ing fact rs, which should 11 witt expl re new search
re s ggressively without much interest in ssembling
round 1 cal/gl b 1s Iuti ns f the problem, and then
increases it sl wly cc rding to equation (2) foll wing
different p ths for different v lues fn; t re ch ¢
t itermax The bjecti e is to arrive at n  ttractive
solution for any gi en pr blem by decre sing the ch nce
of being trapped in potential loc 1 answers th t re
found in ¢ mmerce by the imm ture sw rm for a given
se rch problem
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Cmax
Citer
C.... i 1 i i i 1
min .
0 —_— ltermax
Iterations
Fi ure . o o o o 1 v o o - lco

A DESIGN EXAMPLE
The model used in this analysis is b sed n the
er sp ce launch vehicle model employed sab seline
in previ us studies for n n-linear/ad pti e contr 1 (see
ef 18)

ALV model

The equation of motion f r n ALV ¢ n be derived
fr m Newton’s secondl w fm tion Considering rigid
irfr me for an ALV, six degree f freed m (6-D F)
equ tions of m ti nsc n be bt ined s follows:??

E, =m(U +qW —rV)
Fy=m(V + qU — W)
F,. =m(W +qV —rU)
M, =Ip

M, =1L+ (I, —I,)pr
M. =17+ (I, - L)pq

The ¢ ntrol design for  line r ALV is being
considered in this p per, due to the f ¢t th t the ALV

ttitude contr 1 systems re usu lly designed using
linearized equations of m tion This m inly is bec use
the n minal tr ject ry of the system is pl nned t
m intain the ALV t near-zer angle f tt ¢ Thisis
n rm lly ttempted by programming the pitch ttitude
rpitchr tet yield zero-g trajectory ?* Theref re,
the ssumpti n of near-zero angle f tt ¢ f r the
equilibrium conditi n is quite v lid, nd any ch ngesin
ngle f tt ck ¢ n be considered perturb ti ns fr m
the equilibrium ¢ nditions Thus, considering small
perturb tions nd rigid irfr me, line rized longitudi-
nalequ ti ns fm tion of n ALV ¢ n be bt ined s
1 ws:

U = ZUU+qu+ZQG+Z5§ (4)
¢ = MyU+ Mg+ Méb (5)
where Z, M represent dyn mic coefficients, nd the

contr 1forceis pr ided by the deflection of thrust ec-
t rshown by 6 V ri ti ns of longitudin 1 dynamic ¢ -
efficients nd ALV p r meters during the atmospheric
part of p wered flight nusing 6-DOF implementation are

btained s sh wn in Figure 3 ( For con dentiality
reas ns, given flight time nd p r meters re unit-less )
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The serv dyn mics describing the thrust vector
deflecti n is:

O 1

TFsetvo:_:i
[TF] O 01ls+1

(6)
with r te limit of i%éei < 25deg/sec  eference signal
of the ¢ ntrol system is pitch rate, so th t a r te gyr

is used for me suring bt ined pitch r te which h s
dynamics described s f llows:

(807)?

TF ro — .
[TFe 82 + 407s + (807)2

(M)

ALV control circuit

Pitch pr gr m f n ALV is provided by guid nce
systems Some gnid nce systems provide only a pitch
pr gr m whereas some thers Is require th t the
¢ ntrol system be capable of ccepting comm nded
pitch r te Considering the sec nd ¢ se, bl ¢ di gr m
of a typical ALV ttitude control system is shown in
Figure 4 It is illustr ted in the menti ned gure that
the ¢ ntr ller is provided by the pitch r te pr gr m
nd measured pitch r te sign 1 Constructing pitch

10

cco [l

r te nd pitch ngle err v (by integr ting pitch r te
err 1) the ¢ ntroller 1l ¢ tes ¢ nst nt gains Ky, nd
I, t each sign 1 respectively There is Is K;
g in ssociated with the integral of the pitch ngle
err v Thus, the control comm nd, 6., is generated
by multiplication of the pitch rate, the pitch angle,
nd the integr 1 of pitch angle err r signals with
ssigned ¢ nst nt g ins The ¢ ntroller is similar to
the ¢ nventi n 1 PID contr ller where the differential
signal is av il ble by measurement G ins { the
¢ ntrol law are generally selected by automatic contr 1
theory techniques, such s pole-zero pl cement method
of the closed-1 op tr nsfer functi n  Soluti n t this
pr blem in pplic ti n t the 1 unch vehicle ttitude
¢ ntrol system has the f llowing p rticul r features:
1) Vehicle dynamic ¢ efficients re time-v riant 1 ng
the tr ject ry Theref re, t s tisfy the response nd
ccur cy requirements, the feedb ¢ 1 op gains can
be ch sen as  time ari ble These gains ¢ n be
selected s pr gr mmed versus time r the ehicle
net acceler tion 1 ng the nomin 1 p th, or ¢ n be
calcnlated during  flight by some d ptive ptimal
or robust algorithms ¢ nsidering external disturbances
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cting 1 the wvehicle 2) Attitude ¢ ntrol system
is influenced by different disturb nces, such s stage
motor thrust devi ti ns from n minal, st ge separ -
ti n disturbances, tmospheric density deviations fr m
reference, wind in atm sphere, vehicle er dynamic
coeflicient uncert inties, etc

Tota einto cc unt the bove menti nedfe tures
nd t s tisfy design requirements of modern aut pilots
m ny meth d 1 gies h e heen devel ped during the
last few years 2° =29 The procedure for tuning ¢ ntroller
g ins based on n n-linear ptimiz ti n technique is
speci ed in the f llowing secti n

ALV AUTOPILOT DEVELOPMENT BASED
ON EA

To reach an adequ te controller with good performance
nd low sensitivity t wind disturb nces it is proposed
t  tune the p r meters of the ¢ ntr ller through ut

tmospheric flight It is cle r that cl ssic 1 dyn mics

nd ste dy-state me sures f perf rm nce, eg er
sh t, rise time, and settling time re inc nveniencing
in multi-step reference trajectory evalu ti n  This
is p rticul rly true when the n 1 scalar bjecti e
function is to be  weighted sum f the different perf r-
m nce me sures The problem here risesin tt ching
weighting coeflicients to each of these measures s th ¢
they corresp nd directly to the rel ti e imp rtance f
the objectives r 1l wtr de-offs between the bjecti es
t be expressed Theref re, use of integr 1 criteri s

me sure of perf rm nce f r contr 1 systems was con-
sidered in this w r The ¢ mprehensi e performance
index { tness function) employed in this study is given

in equ ti n (8):

! !
Min: J=10In {/ |:10|F,pr(t)| +10 / lepe ()] dt
Jo Jo

Ki 0, K g
+0 1]8.(t)| + 100]e..()]] dt} + 1

=101In { /f [10|€pr(t>| + 10|€pa(t)‘ (8)
70

+0 1]6:()] 4 100|eac(t)]] dt} + 1

where e, (t) indicates pitch rate error, ep,(t) st nds
f r pitch angle err 1, and e,c(t) for ctuator realizati n
error as illustr ted in Figure 4 The mentioned tness
function minimized errors in trac ing nomin 1 pitch
r te nd pitch ngle (shown in Figure 5) s well s
the contr 1 eff vt, [6.(¢)] nd the err r ¢ used by the
difference between ctu t r input nd output signals
The latter term is included t pre ent difficulties

Pitch angle

20

Mag [deg]

time
Pitch rate
0.5

Mag [deg/sec]




Ne 1- ptim 1 Tuning f Line r C ntrollers Based n Genetic Algorithm

caused by improper control sign 1, eg noise nd
$ tur ti n in the ¢ mmand sign 16, Cle rly, there
is no an lytical s lution t minimizing the menti ned
perf rm nce index; thus, the perform nce index is min-
imized using GA and PSQO by tuning the p r meters of
the controller

ALV autopilot development based on GA
G ins of the ¢ ntroller were tuned by GA in rder to
minimize performance criteria given in equation (8)
P r meters fthe GA lgorithm used in this research
re given in T ble 1 In order t re ch near- ptimal
solution, in every iteration the best p pul ti nis{ und
by m turing best individuals of the previous step The
size f the population must be related to the size of the
search sp ce, ensuring sufficient number of points for

“p rticles”) rer ndomly spre d over the design space
There is only one difference in the way they converge
to the ptimal positi n as ddressed in ection2 P O
p r meters in this study, btained by tri 1 nd err r,

re given in T ble 2 for both origin 1PSO andm di ed
PS (MPSO)

esults ddressed in ef 14 indicate th t

higher choice fwmax consumes more iter ti nst give
the required s luti n; hence, experiment with different
v lues of wyax and number { iter tions is v ided
here The values for the le rning factors in PSO are set
equal to a er ge v lues of the respective parameters in
MPS .ie (P +cnin)/2 (where i = 1,2) The best

Table . O M O

the e luti nary alg rithm prospect In the present PSO MPSO
case, popul tion of size N = 10 w s selected in Popul ti n fp rticles 10 10
order to reduce the computation 1time, with the search Initi 1+ nge f r particle positi n [-15, 15] [-15, 15]
sp ce limited t Kl;pq € [-1818] The m ximum Initi 1 ¢ tide ol citv L1 1 L1
popul ti n iter ti n w s used s a stop criteri n; ie niti Irange £ rparticle el city  [1.1]  [1. 1]
the search algorithm stops after 100 iteration The Iterations 100 100
¢ ntrollerp r metere alu ti n process by GAissh wn Winax 9 9
in Figure 6 The best tness functi n reached fter 100
. . L . Wmin 03 03
iterations is given in Table 3
Vmax 5 5
ALV autopilot development based on PSO Vinsin -5 -5
The ¢ ntroller design pr cedure by PS  is very similar ) 15 15
to the design by GA meth d Li e GA, agents (in P Tmax J J
Tmin -15 -15
Table 1. GA c1 11 —
Popul ti n size 10 Cy 06 -
Initi 1t nge f r particle positi n [-15, 15 enax - 14
Tter tions 100 ciriv - 08
Mut ti n Gaussi n cyPex - 1
Cr ss erpr b hility 08 cipiv 02
Selecti n strategy stochastic unif rm ni - 2
C ding scheme d uble ect r Ny - 2
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