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Formularea problemei

Sa se gaseasca n parametri independenti, notati x;, x3, ...

pentru care expresia E este minima, unde

E =1f(x1,X2,...,Xn),
sif:Q —R,QCR", este data.
Pe scurt:
(X§,%5,...,X,) = argmin f(X1, X2, . . ., Xn).
Notatii

X =[x1,X,...,xn]T € Q.
Xmin = X5, X3,...,x]T € Q
Xmin = arg min f(X), X € Q

Enin = f(Xmin)-
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Formularea problemei

Xmin = arg min f(X), X € Q (5)
Emnin = f(Xmin)- (6)
Observatii:
@ Min/Max - limitare ?

max { f(X)|x € Q} = —min{—f(x)|x € Q}

@ Optimizarea "scalara" - un singur numar inglobeaza criterii
@ de proiectare (|| performanta cerutd — cea obfiinuta ||);
@ de economie (pretul).
= f este numita functie obiectiv, functie de cost, functie de
merit, criteriu de performanta.
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Minime globale/locale
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Minime globale/locale

Xmin = arg min f(X), X € Q
Enin = min{ f(x)|x € Q}

Xmin €ste minim global daca

Emin < f(X),

@ daca Eq, < f(x) doar intr-o vecinatate a lui Xmi, atunci

minimul este /local.

Vxe

@ in practica este dificil de stabilit daca un minim gasit este

local sau global;

@ minimul global s-ar putea sa nu fie unic.

Gabriela Ciuprina

Algoritmi de optimizare. Introducere.



Formularea problemei optimizarii scalare Formularea problemei

Formularea problemei optimizarii vectoriale Minime globale/locale
Exemple Restrictii
Clasificarea metodelor Clasificarea problemelor
Restrictii
Xmin = argmin f(X), X € Q (10)
Enmin = min { f(x)| x € Q} (11)

Q = domeniu de cautare

@ Daca Q = r" atunci optimizarea este fara restrictii de
domeniu
@ problemele reale sunt in foarte rare cazuri fara restrictii;
@ analiza metodelor de optimizare fara restrictii este
importanta pentru
@ aintelege principiile de baza ale optimizarii cu restricii;
© areformula (daca este posibil) problemele cu restrictii ca
probleme fara restrictii.
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Tipuri de restrictii
@ de domeniu
XLi <X < Xy (12)
unde x; ; si xy ; sunt limite fixate, i = 1,...,n;
@ de tip inegalitate
gi(Xy,X2,...,Xp) <0 (13)

unde gi: Q — R, i =1,..., msunt mfunctii date.
@ de tip egalitate
hi(xy,X2,...,xp) =0 (14)
unde h;: Q — R, j=1,...,psunt p functii date.
Obs: restrictiile de domeniu pot fi reformulate ca restrictii de tip
inegalitate.
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Forma generala a problemei minimizarii cu restrictii

x=? min{f(x) :xcQ,gi(x)<0,icZ h(x)=0,j€T} =7,
(15)
unde Q C rR”, Z si J sunt multimi de indici.
@ Domeniul de cautare in care restrictiile sunt satisfacute =
domeniu admisibil,

@ Optimizarea cu restrictii este mult mai dificila decat
optimizarea fara restrictii.
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Clasificarea problemelor de optimizare scalara

min{f(x) : x € Q C rR", gi(x) < 0,i=1,m; hj(x) =0,/ =1,p}

@ Probleme fara restrictii: Q = r”, m=0, p = 0;

© Probleme doar cu restrictii de domeniu: m =0, p = 0;

© Probleme de programare' neliniar: f, g;, h; neliniare;

© Probleme de programare liniara: f, g;, hj liniare;

© Probleme de programare pétratica: f pitratici; g;, h; liniare;

© Probleme de optimizare a retelelor (f, g;, h; provin din analiza de

grafuri);

@ Programare intreaga (x € Z");

© Programare mixta (unii parametri sunt intregi, iar altii sunt reali);
"brogramare" = optimizare
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Formularea problemei optimizarii vectoriale

Urmaresc satisfacerea simultana a mai multor obiective (e.g.:
cost minim, randament maxim, solicitari minime, etc.).
min{F(x) :,gi(x) < 0,i=1,m; hj(x) =0,j =1,p} (16)

undeF: Q - rRI.QCRrR",g: Q=R H: Q=R

F(x) = (fi(x), 22(x), . .., fy(x)), (17)

unde fy : Q - R, k=1,q.

De obicei obiectivele intra in conflict, solutiile care ar minimiza
fiecare obiectiv in parte sunt diferite

= nu exista solutie acolo unde toate obiectivele isi ating
minimul.
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Solutii in sens Pareto

Se cauté o solutie optimala in sens Pareto?.
f

1

: \ O problema de optimizare
L\ i opmade in care Tmbunatatirea unui

in sens Pareto

| - obiectiv cauzeaza degrada-

B \ R L rea a cel putin unui alt
\ courrois | obiectiv nu are solutie decét
‘ ': ‘ n sens optimal Pareto.

SOLUTIE PERFECTA
Interpretarea geometrica a solutiilor optimale in sens

Pareto.

2concept introdus in 1896 pentru probleme din economie
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Reformularea ca problema de optimizare scalara

De multe ori se reduc la o problema de optimizare scalara
@ Ponderarea obiectivelor

q
f(X) = wi(x) (18)
pa

wi sunt ponderi care se stabilesc printr-un proces iterativ
@ Ponderarea distantelor
q

() = wi(fi — fi(x))? (19)

k=1
f¢ sunt cerintele de atins (minimele functiilor obiectiv);
@ Folosirea unui criteriu de tip "minimax”

min max |wk fx(X)| (20)

@ Reformularea problemei - numai unul din obiective se minimizeaza,
celelalte devin restrictii suplimentare.
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Exemplul 1

proiectare = optimizare
Ex.1. Optimizarea unui sistem de stocare a energiei (problema
TEAM®

(0,10)

linja a

2

w
2

g 8

q enu]

Y

s

Densitatea de curent J |A/mm?|

°

1 2 3 4 5 6

Inductia magnetica B [T]

—Tpg_

1 Restrictia impusa pentru supraconductor.

Dispozitiv SMES cu doi solenoizi.

3TEAM (Testing Electromagnetic Analysis Methods) = grup de lucru international care isi propune sa compare
programele pentru calculul cdmpului electromagnetic, detalii si formulari detaliate se gasesc la
http://www.compumag.org/jsite/team.html nr.22)
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Exemplul 1
Sa se gasesca (Ry, Ro, h1/2,ho /2, dy, db, Jy, Jo) avand restrictiile:
KRR | i |
m | (m | [m m | [m] | [m [MA/m21 [wwm21
[mn 10 18] 01 [ 01 [ 0101 100 | -30.0
[max || 40 | 50 | 18 | 18 | 08 | 08 | 300 | -10.0 |

@ Energia magnetica stocata sa fie E. = 180 MJ;

@ Sa fie garantata supraconductibilitatea;
| < (—6.4|B| +54.0) A/mm®.

@ Campul de dispersie (masurat la 10 m de dispozitiv) sa fie cat
mai mic posibil.

stra; E— Ere'
f(Ry, Ro, /2, h5/2, 0y, Ob, Js, Jo) = 521 y 4| - d (21)
Evr = 180 MJ, Byopm = 2.0 10T i B2, = =i /Beol”
(B;?Lray foloseste campul in puncte pe liniile a si b).
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Exemplul 2

Ex.2. Optimizarea unei matrite cu electromagnet folosita pentru
orientarea pulberilor magnetice (problema TEAM nr.25)

Matrite
Y 163 Pol |
113 50 I
4 .
.58
Cavitafe 7.5 °
E S
Pol I
&
2 X
ittt per

£ ect r omagnet

a-b-c-d: Frontiera Dirichlet
d-a’ Frontiera Neurann 20
(a) Vedere de ansanbl u

(b) Detaliu
Matrita cu electromagnet.

Detaliu in zona de interes.
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Exemplul 2

Sa se gasesca (Ry, Lo, L3, L4) avand restrictiile

Ry Ly L3 Ly

[mm] [mm] [mm] [mm]
[min ] 5 T 126 [ 14 [ 4 ]
[max ][ 94 [ 18 [ 45 | 19 |

@ a.i. pentru o solenatie de 4253 A-spira, campul magnetic in
cavitate sa fie orientat radial:
By =0.35c0s60[T] B, =0.35sin6[T]

Matrita si electromagnetul au curba de magnetizare data (otel).

B[T] 0.0 0.11 0.18 0.28 0.35 0.74 0.82 0.91
H [A/m] 0.0 140 178 215 253 391 452 529
B[T] 0.98 1.02 1.08 1.15 1.27 1.32 1.36 1.39
H [A/m] 596 677 774 902 1164 1299 1462 1640
B[T] 1.42 1.47 1.51 1.54 1.56 1.60 1.64 1.72
H [A/m] 1851 2262 2685 3038 3395 4094 4756 7079

n
f(R1. Lo, Ls, Ls) = > [(By; — Buoi)® + (Byp; — Byo))’]  (22)
=1
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Exemplul 3

Ex.3. Optimizarea unei configuratii de solenoizi (problema Loney*)

Sectiune transversala.

Sa se gasesca parametrii geometrici (S,L) astfel incat campul magnetic in
mijlocul solenoidului sa fie uniform.

Bmux - Bmin (23)

f(S.1)= =5

4F’. di Barba, A. Gottvald, A. Savini, Global optimization of Loneys solenoid: a benchmark problem.
International Journal of Applied Electromagnetics and Mechanics. Vol 4 (1995), pages 273-276. ISSN 0925-2096.
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W COMSOL Products Video Gallery. Webinars Support Contact (@
Optimization Module Improving Your COMSOL Multiphysics Models

Optimize and Improve Your Engineering Designs o o i s st 3

Last, i
Improve your design by changing the design variables, while

Interface for defining objective functions, specifying design
varisbles, and setting up these constraints. Any model Input.
whether it be geometric dimensions, part shapes, materil
properties, or material distribution, can be treated 35 3 design
variable, and any model output can be used to define the
Gbjective function. It can be used throughout the COMSOL
Multiphysics product family and can be combined with the
LiveLink™ sdd-on products to optimize 3 geometric dimension In
2 third-party CAD program.

Thists
optinized withtespect o thefar-fied sound pressure evel.

http://www.comsol.com/models/optimization-module

[m] = = =
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W COMSOL

Products  Video Gallery ~Webinars

APPLICATION GALLERY

Shape Optimization of a Tuning Fork

Application ID: 8499

This model simulates a tuning fork for tuning musical instruments which, if
correctly designed, should sound the note of A, 440 Hz. It computes the
i and ei for the tuning fork. Although
the example seems to be somewhat academic in nature, the
i ies and of mi
in quartz watches and other electronic devices.

ic tuning forks are also used

https://www.comsol.com/model/shape-optimization-of-a-tuning-fork-8499 5 = =
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CST - Computer Simulation Technology ﬁ g

PRODUCTS  APPLICATIONS  ACADEMIA EVENTS SUPPORT _COMPANY.

Exemple pentru testarea algoritmilor

ssact. B

» csT sTUDIO SUITE Optimization
[r—— ptimizaton alows engineers to gt the most ot ofther evices. Small changes to the dimersions of &
componen can have are involved, the
cd  finding the opi impossile.
+ opmisation
ImporExport minimize a
S given effect o fulfil 3 certan goal. These can aptimize any property of he made! tha. can be
e . posicn of a the values
o
cst uws oo
csros
03 local minimum rather the pcaly
oSt Eus require more calculations, but they search the entire problem space.
i, These tols can be used with any saver, both withn the module iselfand n CST DESIGN STUDIO™ which
cstmrs problems
it large numbers of vaisbez,
hidisind smulation and optimizaton.
esres the use of distributed computing.
- Classic Powell
ot eme stuoio Interpolated Quasi Newton
el Trust Region Framework
r—— Nelder-Mead Simplex Algorithm
other ParticleSwarm Optimization
pubications Genetic Algorithm
Intormation Request CMA-ES
local global

https://www.cst.com/Products/CSTS2/Optimization -
o
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Mobile Phone Antenna

Goal: Best impedance matching in bands 890-960 MHz and 1710-1880 MHz.

o
https://www.cst.com/content/events/downloads/eugm2011/talk_6-1-4_cst_ugm_2011.pdf -

DA 21/34


https://www.cst.com/content/events/downloads/eugm2011/talk_6-1-4_cst_ugm_2011.pdf

Exemple in inginerie
Exemple pentru testarea algoritmilor

Alte exem

i 0 ==
7 comoration

PRODUCTSv ~ APPLICATIONSv  SUPPORTv  COMPANYv  NEWSv  CONTACTUS D fv o>

OptiNet
AUTOUATED DESIGN OPTMZATION
OptiNet is an automated design optimization option to MagNet, .
ElecNet and MagNet-ThermNet coupled together. Using advanced
and efficient algorithms, OptiNet can find optimal values for different
design variables within the constraints specified
OptiNet's useful features include:
+ Continuous-value and discrete-value variables and optimization
« Evolutionary-based Stochastic search is very efficient, even for
a large number of parameters
« Built-in and customizable scripts for objective functions and
constraints
« Evaluate the impact of vaniations in the design parameters
OptiNet offers an integrated Automated Optimal Design

process by
meeing the following requirements.

Robust | Independent of the number of design variables,

problem type and objective
o2 Identifies the global minimum of an objective
el function

Oriented

Derivative-  OptiNet avoids errors by using proper functions and
Free not their derivatives

- Highest possible efficiency with freedom 1o choose

accuracy and computing tme

http://www.infolytica.com/en/products/optinet/ o = = =
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§) intolytica [a]

PRODUCTS v APPLICATIONS v SUPPORT v/ COMPANY v/ NEWS v CONTACT US f v o>

i® CATEGORIES > Advanced Optimization of an IPM
* recatppamees > Machine

MOTORS AND GENERATORS WITH MAGNET

& DOWHLGHO MELNET This example ook st the opinizalon of s 3 phase, & poe singe-
MODEL barrier IPM (interior permanent magnet) using the combined
of MagNet (as the core solution engine) and OptiNet (as the
optimizer). The goal is to optimize the motor's performance with
respect to a reasonably realistic and complex objective function by
changing a few simple geometric parameters (the size and position
and the advance angl
the d-axis and the stator field).

@ VIDEOS

The purpose is to reduice the torque ripple while ensuring adequate
running torque, and simutaneously ensuring that the back EMF at
1800 RPM does not exceed the peak supply voltage of 41.5 V.

Although this is a relatively complex task from the viewpoint of
optimization, OptiNet and Magnet allow for the simple setup of such
amodel using it rich library of buitin constraints and objective
functions, full parameterization of models and close coupling

tween both packages.

http://www.infolytica.com/en/applications/ex0123/
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% infolytica B

PRODUCTSv ~ APPLICATIONSv  SUPPORTv  COMPANYv  NEWSv  CONTACTUS D fv o>
£ CATEGORIES > Design Optimization of an NDT 7\ -
* reateppampes > O€NSOr Probe [

SENSORS & NDT WITH MAGNET LG AN
& DOWNLOAD MAGNET One of the most citcal design decisions in any Non-Destruciive > | V4

MODEL TeslmglNoMJestmchvs Evaluation (NDT/NDE) problem is the
ign of the probe and is suitabilty for detecting partcular types of
defects. Starting from a model based on the WFNDEC Eddy Current L‘\ L\‘

Benchmark Problem 2, OptiNet was used to determine the optimal
coil geometry and frequency at which the inspection should be
performed.

Given an approimation of the shape and size of laws that a sensor
is designed to detect, a combination of MagNet and OptiNet can be
used to generate an optimal design for the probe.

http://www.infolytica.com/en/applications/ex0116/
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PRODUCTS v APPLICATIONS v

i8 CATEGORIES >
% RELATED EXAMPLES >

& DOWNLOAD MAGNET
MODEL

'SUPPORT v/ (COMPANY v NEWS v CONTACT US

Coil Size Optimization - Induction
Heating

INDUCTION HEATING WITH MAGNET

In the multple-coil configuration shown in this figure, the work piece
s surounded by si cols clls are shown prtly o ha he
workpiece can be seen). The objective of this optimization is to find
e fner i of the cods i order o cbtan & uforn tempersture in
the upper portion of

The caupled slectomagnelthermal simulaton s 8 lruns«snl
hefmal sokiton hal, a bach ime sicp duing e ocess,
performs a time-harmonic electromagnetic Couon o upda(e the
eddy current losses. The workpiece is made of stainless steel and its
‘material properties are non-linear and vary with temperature.

m]
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//// infolytica
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0 o= e

PRODUCTS v

iS CATEGORIES >
% RELATED EXAMPLES >

& DOWNLOAD OPTINET
MODEL

APPLICATIONS v

SUPPORT v COMPANY v NEWS v CONTACT US. D fv oA
Optimization of a Loudspeaker: Iron
Minimal Mass
LOUDSPEAKERS WITH HAGNET

This example demonsiels the use of OptNetvih Maghet r the
‘aloudspeaker

Characterivies, Meghiot e e o compae e e»eammag

fields, and OptiNet s used to find the optimum design as speclﬁed by

the user's requirements.

Magnet
The loudspeaker model shown here is made of two iron pieces and a
“The permanent magnet drives the flux through
the iron and the air gap. The goal of the optimization is to find a
loudspeaker designer that has the minimal mass necessary to
produce a flux density of 1.8 Tesla in the air gap.

http://www.infolytica.com/en/applications/ex0086/
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% infalytica ]

PRODUCTS v ‘APPLICATIONS v SUPPORT v CCOMPANY v NEWS v (CONTACT US f v o

£5 CATEGORIES > SRM Design Optimization
MOTORS & GENERATORS WITH HAGNET

% RELATED EXAMPLES >
The design of Switched Reluctance Motors (SRM) is a complex
optimization problem involving a large number of geometrical and
electrical parameters. In practice, this can be a challenging task
involving a large number of iterations and a long design cycle.

The example presented here demonstrates how OptiNet searches

for the improved design of a 8/6 SRM to maximize the torque:
nerated to i

constraints.

http://www.infolytica.com/en/applications/ex0132/
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Exemple simple pentru testarea algoritmilor

Functia "six-hump camel back" (camila cu sase cocoase)

4
C(x,y) = (4 —2.1x% + %) X2 4+ xy + (—4 + 4y2) y2  (24)

&_\ﬂ .
5
0s | - —2<y<2
034 Un minim glo-
022 bal = —1.03163

in doua puncte
diferite:  (x,y) =
(—0.0898,—-0.7126)
si

(0.0898,—-0.7126).

010

076

12 14 16 18 20
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Exemple simple pentru testarea algoritmilor

Functia lui Rosenbrock (“functia banana")

20

12

08

04

00

04

08

B(x,y) =100(y — x?)2 + (1 — x)? (25)
—2.048 < x <
2.048 si
—2048 < y <
2.048

Un minim global
egal cu 0 in punctul
(x.y) = (1,1).

Minime locale nu
exista, dar functia
are un relief com-
plicat pentru algo-

Gabriela Ciuprina

o 1 a0 ritmii de optimizare
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Exemple simple pentru testarea algoritmilor

Alte exemple de acest t|p https://en.wikipedia.org/wiki/Test_functions_for_optimization

Cross-in- 01
ray f(z,y) = 00001 ( ) + 1)
function:

&

Rosenbrock Eggholder \4 . x
osenro B — T
Sty .lv | o f(@.y) =~ (y+47)sin (\/‘“ ST

Holder
table @St' flzy)=-
function: v

1]

-

sin (z) sin (y) exp (’ 100 —

)

NoaEsT

3

)

sin () cos (y) exp (‘1 -
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Clasificarea metodelor

in general, metodele de optimizare sunt iterative.
Eo,Eq,... Eg,...

E este valoarea minima obtinuta la iteratia k.

@ Daca Ex nu scade un numar de iteratii, este posibil sa se fi
atins un minim, dar este imposibil sa se precizeze daca
acesta este global sau nu.

@ Nicio tehnica de optimizare nu garanteaza atingerea unui
minim global.

Viteza relativa de convergenta = se estimeaza de obicei prin
numarul de evaluari ale functiei obiectiv necesare pentru a
reduce valoarea Ex de un anumit numar de ori.

Gabriela Ciuprina Algoritmi de optimizare. Introducere.
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Metode deterministe

I. Deterministe - conduc la aceeasi solutie pentru rulari diferite

aceeasi parametri.

@ Dezavantaj: gasesc intotdeauna un minim local,
dependent de initializare;

@ Avantaj: efort de calcul mic.
In problemele de optimizare din efortul de calcul se
exprima in numar de evaluari de functii obiectiv.

Pot fi
@ de ordin zero - necesita doar evaluari de functii obiectiv;

Ex: metoda cautarii simultane; metoda cautarii dihotomice; metoda Fibonacci; metoda sectiunii de aur;

metoda simplexului descendent (Nelder-Mead); metoda Powell, etc.

@ de ordin superior (1,2) - necesita si evaluari ale derivatelor
functiei obiectiv.

Gabriela Ciuprina Algoritmi de optimizare. Introducere.
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Metode stocastice

Il. Stocastice - au un caracter aleator, nu conduc la aceeasi

aceeasi parametri;

@ Dezavantaj: necesita un efort de calcul foarte mare.

@ Avantaj: au o probabilitate foarte mare de a gasi un minim
global.

Ex: metoda cautdrii aleatoare; algoritmi evolutionisti; algoritmi genetici, optimizare bazata pe roiuri de particule
(particle swarm), colonii de furnici (ant colony), célirea simulata (simulated annealing), cautare tabu (tabu search),
etc.

RanOIIl S| https://en.wikipedia.org/wiki/Mathematical_optimization
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@ [Ciuprina02] G.Ciuprina, D.loan, |.Munteanu, M.Rebican, R.Popa,
Optimizarea numerica a dispozitivelor electromagnetice, Editura
Printech, 2002.

disponibild la http://www.Imn.pub.ro/~gabriela/books/opt2002.pdf

@ [Cheney08] Ward Cheney and David Kincaid, Numerical Mathematics
and Computing, Brooks/Cole publishing Company,2008. (Capitolul 16 -
Minimization of functions)
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