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ABSTRACT

Graphic user interface belongs to those tools, Wwhiakes using of computers
easier. For user it enables easy and effectiveirgplef various difficult mathematical
problems. Then it is no more necessary to swingseifimamong many commands and
preferences, which solve this problems. Thereskat description of global optimization
solving method, which is used in this work and sarnenmon basic information about
designing a graphic user interfacgUl). Next part of work is addressed toGI itself

and running it. At the end there are few exampddgesl.

Keywords: Graphical User Interface, Global Optimization, ninizer, Global

Minimum



ABSTRAKT

Grafické uzZivateské rozhranie je jednym z néstrojov, ktoryakiuje pouZzitie
vypoctovej techniky. Umoituje Fahko a efektivne rieSzlozité matematické problémy bez
toho, aby sa uzivatemusel vyzna v sieti rozléenych prikazov a nastaveni, ktoré tieto
problémy rieSia. V préci je sttne vysvetlena metdda, ktorou sa rieSi optimafiya
problém.Dalej st v nej zakladné informacie o navrhu grafickéZivatéského rozhrania
(GUI). Na zaver je vyrieSenych nigike prikladov.

Kracové slova: Grafické Uzivateské Rozhranie, Globalna Optimalizacia,

Minimizer, Globalne Minimum
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INTRODUCTION

How to obtain an optimum? This is the question th&it of people are trying to
answer. Finding the optimum is very important innpavays of today’s modern world,
where everyone is trying to decrease his costsirmrdase his profits. According to that
there are lots of problems, which are waiting tersolution.

There exists one special branch of optimal problefos which is characteristic
presence of the nonconvexity in one or more ofsitbfunctions. Nonlinear theory of
optimization is trying to eliminate these nonconties via performing the global optimum
search and develop effective global optimizatiothods (Adjiman, 1998a).

In first part of this work we will discuss globaptimization and its characteristic
features. We will describe the main problem withat@ng globally optimal solutions — the
nonconvexity. It causes the presence of many loptima and we have to differentiate
them and find the global optimum. Therefore there developed various methods for
obtaining it. We know two basic approaches of gladyatimization- deterministic and
stochastic. We use one method from each to findohafj optimum. First one is the
deterministic spatiaBranch and Boundmethod. Second one is the stochastic method
calledMultistart.

In next part we will simply describ®ATLAB’s Graphic User Interface5UI). It is
helpful tool in solving problems without knowing eey detail of calculation, enables
acquiring of result to bigger group of people. hare two basic ways of designing the
GUIL. First is throughthe GUI Development Environmenivhich is interactive in many
ways and it is simple to creat&Ul through it. Second way is creatinGUI
programmatically, which is considered harder, mdldes us to see into tl@UI itself,
understand processes in it and achieve some fumadit)y which are not supported in
GUIDE.

We are designin@ Ul programmatically in very simple way, and this is third part
of our work. Here we will describe composition afr&UlI, its functionality and types of
problems, which we are solving. We have two badasses of solving problems-
deterministic and stochastic approach. Each on&svon a totally different principle,
because deterministic algorithm works systematicatid stochastic method works on the
principle of probabilistic search.
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At the end we will solve few one-dimensional andltirdimensional optimization
problems by using both approaches. Results will displayed in final figures in
appropriate text boxes. Some function can be drawplots, where we can see proof of

our right calculation.
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1 GLOBAL OPTIMIZATION

In recent years global optimization becomes an oo part of searching for global
optimum. Its sphere of action is from process eagiimg, continues with economics and
to the other industry and applied science. Thegmes of nonconvexity in many solved
function causes that there are a lot of local optithmeans that we have to find just one
optimum from the locals and we will call it globgptimum. Global optimization computes
this global optimum, which can be a global minimomglobal maximum in a feasible
region where constraints have to be fulfilled. @byee function is minimized regarding to
the constraint function in equality or inequalioyh (Regikova, 2009; Adjiman, 1998a).

The base division of global optimization methodssischastic and deterministic
methods. Stochastic methods such Bhiltistart, clustering methods variable
neighbourhoodsearch and others cannot guarantee finding ofagjloptimum since they
are based on random search techniques (Paulen).2008ur case we usklultistart
method, where the searching for global minimumeaggmed via random generation of
starting points of local optimization.

On the other hand deterministic methods for exantench and Boundr Interval
analysismethod provides finite-convergence and a global optimality of the obtdine
solution (Paulen, 2008).

Deterministic global optimization solves these imant tasks (Floudas, 2005):

* lIdentify a global minimum of the objective functigthe lowest value of
objective function) subject to the set of constimin

* I|dentify lower and upper bounds of global minimurh abjective function
which are valid for the whole feasible region.

* lIdentify a set of good quality local solutions inetvicinity of the global
solution

» All solutions satisfy the set of equality and inatity constraints.

» Prove that a constrained nonlinear problem is Ibagir infeasible.

In recent few years there are discussed theseeslass mathematical problems
(Floudas, 2005):

» Twice continuously differentiable nonlinear optimion, NLPS,
* Mixed-integer nonlinear optimization, MINLPs,

 Differential-algebraic systems, DAEs,
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» Grey-box and non-factorable problems,
» Bilevel nonlinear and mixed integer optimization.

One of the most used deterministic global optimdramethods is th&ranch and
Bound(BB) method with its extension, spatBB. Algorithm of aBB, which is one of the
spatial BB methods, guarantees for convergence to a point theaglobal minimum
subject to chosen accuracy criterion (Adjiman, )98

1.1 BRANCHAND BOUND METHOD

1.1.1 Problem statement

Formulation of NLP problem of BB method:

min J(x) (11)
h(x) = 0 (12)
g(x)<0 (13)

where xOR" is defined in n-dimensional Euklid’s space. Thadhlion J(x) represents
optimization criterionh(x) is vector equality constrains amx) is vector of inequality
constraints. All these functions belong@d, therefore they are twice differentiable. The

x- andx” are bound constraints for variatdle

1.1.2 Algorithm of BB

The algorithm of BB minimizes the objective functid(x), which represents
optimization criterion with set of equality and quality constraints. Problem solution
begins with relaxation of nonconvex problem. Heee aequire a lower bound of solution
using NLP algorithms designed for local extremesard@ng. Nonconvex objective
function is underestimated by relaxed problem’sotiye function at the certain interval.
Every local minimum of this problem is a global mium as well. The upper bound is
acquired as a solution of original nonconvex prob{€erna, 2010).

The relative distance between these two boundschwis defined as ratio of
difference between values in upper and lower baamdllower bound at a given intervals
in numerical value, is compared with the chosenuaay . When the distance is bigger
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than accuracy, algorithm continues in calculatigrdlviding the original interval into two
new subintervals. The problem is now solved on eadfinterval separately. In case, when
the lower bound on the certain subinterval is bighan upper on the other, then there is
no global minimum on this subinterval and it ismehated from the calculation. This
operation is calledathoming The whole process of branching and eliminating th
subintervals will continue until distance betwegper and lower bound equals or is less
than chosen accuraey Fig. 1 represents scheme «a8B algorithm for calculation the

global optimization problems.

START

Original Relaxation of
function problem

Lower

bound
LB(i)> UB(j) I
i, j=1: count(R) 2 Y Remove
i=j region R(i)

UB-LBY LBz 7 N\ 4 O
Branching
regionR

END

Select
- subregion
R(i)

Fig. 1: Scheme aiBB algorithm
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1.1.3 Convex relaxation

It is applied that the objective function and ineljly constraint functions can be
separated into the sum of special nonconvex te8A®NT) and general nhonconvex terms

(ATNT). Equality constraint functions are transfauninto two inequality constraints.

h(x)=0 =h(x)<0

-h(x)<0 (14)
The objective function can be written in form:
J(x) = STNT(x) + ATNT(x) (15)
where
gt Lins
STN-I(X) =LT (X) + CT(X) + z B Xgri 1 Xsri2 * z b X g Xrri 2 Xz F
i=1 i=1
+ ni fi Xetia + rf fti Xerti 1 XeTi 2 + EUT. (XUT )
izt Xerip = XerTi3 = ' (1.6)

NNt

ATNT(x) = Z NT, (x)

Here we assumé(x) as linear;

C(x) as convex;

ng; as count of bilinear terms;

Xgri2 and Xgr, represents two variables ihi-bilinear term;
b, is its coefficient;

n,; as count of trilinear terms;

Xrri1» %rrio @Nd X 5 represents three variabledith trilinear term;
t, is its coefficient;

n; as count of fractional terms:

Xer2 and Xep; , represents two variablesiuth fractional term;
f, is its coefficient;

ner as count of fractional trilinear terms;

Xerria» Xerriz @Nd X1 3 represents three variablesith fractional trilinear term;

ft; is its coefficient;
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N,y as count of one-dimensional concave terms;
UT, (x,r,) as one-dimensional concave term;

X, represents its variable;

ft, is its coefficient;

Ny as count of general nonconvex terms and
NT (x) as ith nonconvex term (Adjiman, 1998a).

It is not necessary to underestimate the linear andvex terms. During
underestimation we introduce new variables,; , w,;, W, , W, for nonconvex (bilinear,

trilinear, fractional, fractional trilinear) termswhere they have to satisfy certain
constraints. Underestimation of one-dimensionakawa terms does not need introducing
of new variables, neither new constraints. It my carried out by linearization of them

at the vicinity of a lower bound of each varialffag@len, 2008, Re&jkova, 2009).

Bilinear terms in form ofxy are underestimated on regifxt, x" |x |x", x| by
introducing new variablav,, . This variable replaces all the termsxy form in our
problem. It is necessary to input four new lingeaguality constraints ( Réfkova, 2009).

Wer 2XLy"'XyL _XLyL

WBTZXl:Y"'Xy:J _X:Jy (1.8)

Wgr S XTYy+Xy" — X7y

Wer X7y +xyt = x"y*

Similarly, for trilinear termsxyz is introduced new variablesr with eight linear
inequality constraints. For the fraction bilinearnsx/y we introduce variablesr with
constraints depending on the signxpfor fractional trilinear termsy/zwe introduce new
variablewgrt with constraints, where our lower bounds are higgesqual to zero.

General nonconvex terms are underestimated at wigien [xL, xU] by function

L, (x) defined as:
L, (9= 300+ a0 - )b ~x,) (19)

where for | =1nitis assumedr; 20. Every nonconvexity in original function

J(x) can be relaxed by convex quadratic term subjedhéosufficiently big values of

17



parametersy; . It is guaranteed thdt, (x) is an underestimator af(x), because there is a
proof that the sum in (1.8) is negative at the whrelgionC (Adjiman, 1998a)
The final underestimatot(x) to the original functionJ(x) subject to (1.5, 1.9)

acquires following form:

Ngr Lins NeT Nery

L(X)= LT( )+CT( )+ WBTl +Zt|WTT| +z fWFTl +Z ft WFTT|

i= i=1

3 umlo )+ ) T(X““)(x—xsﬂ)} (110)

XUT| XUTl
+§; NTi(X)”LZn;aij (XLJJ _Xj)(XjL_Xj)}
i=1| j=

where a; represents th general nonconvex term and itthjvariable and there have

to be satisfied particular constraints for variable,,, w;,, W, w., (Paulen 2008,

Reptikova, 2009).

1.2 SPATIAL BRANCH AND BOUND METHOD

The algorithm oixBB method underestimates only general nonconvex tefn:iéx)
in (1.5). Anyway by our approach we declare alingrof J(x) as general nonconvex. The
final underestimatoi(x) for general nonconvex terms is a convex functidth wositive
semi-definite Hessian matrid  (x) (Regikova, 2009).

The final underestimator acquires form:

L(x):i NT, (x)+JZ:ai]. (¥ =x, Jx- - x )} (111)

The dependence of final underestimator's Hessiatrixmad  (x) from original
function’s Hessian matrit (X) is described by following formula:

H, () =H; (x)+2a (112)

where A is diagonal shift matrix whose diagonal elements thea;’s (Adjiman,

1998a).
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For the identification ofA it is necessary to transform underestimator toftnm

with only one value ofa, . It is proved that functionL(x) has correct convex

underestimator of objective functiaf(x) while:

az ma{o,— 1 min A (x)j (114)

Ei X<X
where A, are eigenvalues of Hessian mathil (X) ( Regikova, 2009).

In BB algorithms rate of convergence often depends enwdhy of branching of
original interval. InaBB algorithms it is even more important, because ghality of
underestimator is directly proportional to variablbounds. Now there are classified four
main strategies of branching the intervals for isp&B:

1-st strategy: Using k-section for all or someld variables.

2-nd strategy: Using quality criterion measurem@ninderestimator for every term
regarding to the maximal distance between conteete and its underestimator.

3-rd strategy: Using quality criterion measurementinderestimator for every term
regarding to the maximal distance in optimizer.

4-th strategy: Using the total influence measurdnoémrvery variable to the quality
of relaxed problem (Rejfkova, 2009).

In our work we use branching on least reduced axigch is part of first strategy

group.
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2 GRAPHICAL USER INTERFACE

Powerful computing equipment brings new options solving complicated
mathematical problems. On the other side solvehg;iwwere designed for calculation, are
not often very user-friendly and their applicatisnnot so easy for everybody. In recent
few yearsMATLAB becomes an important tool for solving various dift problems.
However, it offers option of creating a graphicakuinterface GUI), which graphically
displays one or more windows with control composefithis allows user to perform
interactive tasks without typing commands at them@and line and obtain solution. There
is no need for user to code program and understatails of the tasks. This is performed
by usingGUI components as menus, push buttons, radio buttbdsrssand few others.
We can select size and position of these componéntgeded. User can make the
components do what he needs by clicking or maniimglavith them via keystroke&UI
can also provide any type of computation, write aead files containing needed data,
communicate with otherGUIs or display results by plotting tables or plots
(www.mathworks.com, 2012).

We recognize two types of building th@Ul in MATLABs environment. First
approach is calledGUIDE, what meansGUI Development Environment, and it is
interactive GUI construction editor. It works simply by populatitige generated figure
with components from within a graphic layout editdhere are created associated code
files, which contain callbacks for th@Ul and its components. The figure, either the code
file, are both saved and using one means using fithéhe purpose of running ti@Ul.

SecondGUI-building approach is programmatic. We create aedid, where have
to be defined all the necessary component progeofiehe figure and controls, as well as
the callbacks. This causes that the codes in the &ire generally longer than through
GUIDE. Anyway, the figure does not have to be savedali®® code creates a new one
each time when user runs it.

There is option of combining them into one hybatthough they look differently.
We can creaté5UIl with a GUIDE and then modify it programmatically to the some

degree, but this does not stand in reverse (wwwvhwaks.com, 2012).
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2.1 CREATING GUI WITH GUIDE

GUIDE, the Graphical User Interface Development Envirentnrepresents kit of
tools for creatingGUIs in MATLAB Using these tools we can simplify the process of
designing and programming th@Ul. GUIDE starts simply just by typingsUIDE in
command line. The context menu will be displayed am can choose between creating
new figure or editing already existing figure. ligF2 is displayed figure ihayout Editor
which enables us to populateGdJl with GUI components. We can add sliders, text fields,
buttons, axes and some other components via ajckid dragging them into the layout
area. Afterwards they could be resized to userssrélé size. Other tools from editor enable
us to:

* Create menus and context menus

* Create toolbars

* Modify the appearance of components

» Settab order

« View a hierarchical list of the component objects

EEX

wf untitled?.fig
File Edit View Layout Tools Help

Ddd $22@m9 > 25864 5% >

2

(=]=]

tl!ll

i 0] =]e]

Push Button

O Radio Button

Static Text

[[] Check Box

Pop-up Menu

v

Edit Text

A|
Toggle Button
v |

axesl

Current Point: [S14, 202] Position: [350, 69, 201, 151]

Fig. 2. MATLAB'’s GUI Development environmemith examples of its components
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When the designing oGUl components is finished, then we can save GUAM
layout. Except our figure’s file, there is autonsatly generated file witt MATLAB code
for controlling the way th&UI works. TheGUI is initialized and organizes itallbackby
this code Callbacksare functions that execute in response to usertgcisuch as mouse
click. We can edit these files and add code tcctibacksto perform function we want or

add any new functions, too.

2.2 CREATING GUI PROGRAMMATICALLY

CreatingGUlI is realized programmatically iMATLAB editor by writing code into
the file. GUIs support almost all oMATLAB functions. We can use them to add
components t@&UIs, modify its behavior, change layout or managa eathin theGUI.

In MATLAB aGUlI is a figure, so we have to create the figure airsd obtain a handle for
it. We set some of the figure properties apasition of the figure on the screen, its
visibility, name color etc. Then we start writing the statements that@adponents of the
GUI with specific functions. Using theicontrol function and setting the specific property
value we can add these components:

* Check boxes

» Editable text fields

* Frames

» List boxes

* Pop-up menus

* Push buttons

* Radio buttons

» Sliders

» Static text labels

e Toggle buttons

Often used function isimenufunction, which specifies the menu of the figuten
uipanel function or uibuttongroup which groups componentaxe function and many
others.

Adding thecallbackfunction to each component enabMATLABto execute it and
associate it with particular event through its #jpett name. If it is everything set correctly,

the GUI can run a saved code MMATLAB's m-file.
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We use programmatic approach of creatingGh# in our work. Creating the figure
window is realized via running commafidure(); in Fig. 3. We set its color and position
via commandgolor and position. Propertynameenables us to define name of the figure.
If we set value of propertiggsizeandnumbertitleto “off”, user cannot change size of the
figure respectively number of the figure is notpdliyed in its title. As we can see in Fig. 5,
via propertynamewe can display textGLobal OPtimization start’in figure’s title GUI
As we can see in Fig. 4. is an example of creatiegpushbutton, because it hasmeth
as style option. Size and weight of the font is set foatsizeand fontweightproperties.
Propertystring represents, which text we want to displayishbuttonBackgroundcolor
property sets color of background afategroundcolorsets color of the textQuit”.
Callback function executes commandkse allandclear, so this pushbutton is assigned
for closing the whol&UI.

£ 1 = figure('Colox',[0.2 0.6 0.8],...
VRasizal Lofth is
'Numbertitle','off',...
'name','GLobal OPtimization start',

'position', [s_width/4 s_heigth/4 s_width/2 s_heigth/2]):

% Scr

1]

enjize is a four-element vector: [left, bottom, width, height]

Fig. 3: Code for creating figure and setting itsgerties

push 3 = uicontrolgct,...
'Style','push',...
'Position', [3*f_width/7 £ heigth/8 f width/7 £ heigth/13],...
iString','"Quit', ...
'Fontsize',f heigth/(13-2)/4,...
'Fontweight','bold',...
'BackgroundColor',[(1 0 0],...
'ForegroundColor', 'black',...

'CallBack','close all,clear');

Fig. 4: Code for creating pushbuttQUIT and setting its properties
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3 GLOP — GRAPHICAL USER INTERFACE FOR
GLOBAL OPTIMIZATION

Graphical user interface for solving problems adbgll optimization GLOP), this

work deals with, was designed for using determmistBB method algorithm and

stochastidMultistart method. We use programmatic approach of creatia@GtJl files. Its

main purpose is to decrease complexity of obtaittregglobal minimum and to open it for

new users not so familiar with its calculation. Tgreblem input is comfortable, and after

few clicks on the control tools, problem calculatican start. Solution of problem is

displayed with parameters such as:

Global minimum
Minimizer
Number of iterations (for deterministic method)

Runtime in seconds

7 Global OPtimization start
File Edit Yiew Insert Tools Desktop Window Help

Fig. 5: Starting window oGLOP
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Running theGLOP begins by entering thglopstart command in theMATLAB
command line. As the code in figgopstart.mbegins to execute, sets of commands draws
the figure ofGUI's opening window in Fig. 5. We can see three puttbhs with different
functionality and text describing name of tG&JI. In this part we will discuss about how
we obtained this output.

In Fig. 6 we use commarstrsz()to detect screen size and store igliobal variables
s_widthands_height We need these variables to draw figure propaatigrio the screen
size. Other parameters of figure are set suchwastsaid in part 2.2. After that we detect
size of the figure with help of thget() function, because we need to use it later. Weestor
its values in variablek widthandf_height

global s_width s_heigth
scrsz=get (0, 'screensize');
s_width=scrsz(3):
s_heigth=scrsz(4):

£ 1 = figure('Colox',[0.2 0.6 0.8],...
'Resize','off',...
'Nubertitcle','off', ...
'name','GLobal OPtimization start',

'position', [s_width/4 s_heigth/4 s_width/2 s_heigth/2]);

fsz=get (f_1, 'position');
£ width=£fsz(3):
f_heigth=fsz(4);

% ScreenSize is a four-element vector: [left, bottom, width, height]

Fig. 6: Code for creating new figure with settirfgte position

text_1 = uicontrol(gct,...
'Style','text!',...
'Position', [f_width/4 4*f heigth/6 £ width/2 f heigth/8],...
'String', 'Global optimization',...
'Fontsize',f_heigth/(8-2)/3,...
'Fontweight', 'bold',...
'BackgroundColor', [0.2 0.6 0.8],...

'ForegroundColor', 'black');

Fig. 7: Code for creating static text with settofgts position
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The static text is drawn byicontrol function with style optiontext (Fig. 7). Code
draws text “Global optimization”, sets its propesgtisuch as position, color, size and
weight of the font. As we can see, it uses vargblevidth andf_heightfrom Fig. 6 to
proportional setting of font and position. The pusitons, which are representing
deterministic or stochastic method of solving tihelglem, also usaicontrol function but
with style option push(Fig. 8). We set similarly thepositionand fontweightparameters
such as in previous Fig. 7. At the top of codeispldyed value of propertstring, which
informs user about intended actionpofshbuttonThe difference between them is executed
via their callback function, where each one opens different corregimgn submenu

window.

push_1 = uicontrol (gcf, ...
'Style','push',...
'Position', [£_width/7 2*f heigth/6 2*f width/?7 £ heigth/8],...
'String', 'Deterministic method',...
'Fontsize',f heigth/(8-2)/5,...
'Fontweight', 'bold',...
'Fontweight', 'bold',...
'BackgroundColoxr',[1 0.7 0],...
'ForegroundColor', 'black',...

'CallBack','close all,glop deterministic');

push_2 = uicontrol (gcf, ...
'Style','push',...
'Position', [4*f width/7 2*f heigth/6 2*f width/?7 £ _heigth/8],...
'String', 'Stochastic method',...
'Fontsize',f heigth/(8-2)/5,...
'Fontweight', 'bold',...
'BackgroundColoxr',[1 0.7 0],...
'ForegroundColor', 'black',...

'CallBack','close all,glop multistart'):;

Fig. 8: Code for creating static the two pushbugton

3.1 DETERMINISTIC GLOBAL OPTIMIZATION

While designing theGLOP, we decided to distinguish between one and multi-
dimensional problems (Fig. 9). It is because we p#ot simply the figure of one-

dimensional problem with the marked solution asficoration of correct calculation,
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while by multi-dimensional problems it could not be easy. As NLP’s problems solver

we useMATLABs fminconfunction.

3.1.1 Deterministic one-dimensional global optimizatia

Clicking on the push butto@ne-dimensionaih Fig.9, we activate dialog window in
Fig. 10, where problems of one-dimensional globalinsization are solved. Into the
editable text fields we enter the correspondingorimiation as problem’s objective
function; the lower bound" and upper bound” ; if exist, then a number of equality and
inequality constraints and value of accuracy doterif it is different from the default
value. Depending on the number of correspondingtcaimts there will be drawn dialog
windows with the same number of editable text 8el&/e can see window for entering
inequality constraints in Fig. 11. There are thedé@able text fields, where constraints. If
we enter four as a number of inequality constraiioigr editable text fields will be drawn.
Window for entering equality constraints is genedagimilarly as Fig. 11.

J Deterministic GLobal OPtimization start E]

File Edit View Insert Tools Desktop Window Help ~

Multi-dimensional

.

Fig. 9: Starting window with selection of deternsitic global optimization’s style
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7 One-Dimensional GLobal OPtimization start

File Edit Yiew Insert Tools Desktop Window Help ~

enter the objective function

enter the lower bound

enter the upper bound

NonLinear Inequality constraints
File Edit View Insert Tools Desktop Window Help

enter the inequality constraint function
enter the inequality constraint function
enter the inequality constraint function

S e [

Fig. 11: Window for entering inequality constraints

The objective and constraint functions are savestrasys of characters in a variable
of that name. For the purposeso#B method we need to transform these variables into
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symbolic form. Symbolic toolbox enables us to abtdunctions’ first and second
derivative. There is a simple example of obtairtimgse derivatives in Fig. 12. We declare
x as a symbolic variable and then dechaigs symbolic variable, too. In two-dimensional
case,v would be declared as vector of two symbolic vdeabThis allows us to obtain
derivative for each variable.

X =
X

syns x f =

V=X; ‘ cos(x)

f=cos(x): df =

df=jacobian(f,v)’ -sin(x)

dzf=jacobian(df,v): d2f =

Fig. 12: Example of obtaining the derivatives

f =
X1°3+x2"3
f=char (f) ; af = .
‘ o mmonn
df=char (df) ; — ‘;‘::“X(IH x1°2,3%x2°2]])

d2f=char (d2f) ;
matrix([[6*x1,0],[0,6%*x2]])

f =
x(1)"3+x(2)"3
d§*= ) r a1 f=parsing(f):;
~ A — .
ézrxu) ,3%x(2)"2) df=parsing(df)

d2f=parsing(d2f):

[6*x(1),0:0,6%*x(2)]

Fig. 13: Example of transformation of variableshe desired output
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After that we declare variables of functions argl dterivatives as a strings again.
Next example in Fig. 13 describes transformationtwb-variable objective function

through oumparsing.mfile in Fig. 14.

function string=parsing(string)

string=regexprep(string, 'matrix','"');
string=regexprepistring,'],[',"';"'):
string=regexprep(string, ' ([','"')’
string=regexprep(string,'])',"'"'):
string=regexprep(string, 'x(Vd+) "', 'x($1)"');

Fig. 14: Functiorparsing.m which transforms our strings

When we get requested output, we can create olgeatid constraint functions’ files
dynamically by usindopen fprintf andfclosecommands in Fig. 15. Function as in Fig. 16,
which fminconis used in calculation, is generated automatic&e consider this option
more effective than slow evaluation of symbolic ighales in functions, and thus the

runtime of calculation is shorter.

global £

delete objfun.mnm

df=diff (f):
fid=fopen('objfun.m','wt');

fprintf(fid, 'function [v,dy] = objfunix)in'):
fprintf(fid, '‘'n'):;
f=char (f)

df=char (df) ;

fprintf(fid, 'y=%s;\n',parsing(f)):
fprintf (fid, 'dy=%s; \n',parsing(df)):
fclose(fid) ;

Fig. 15: File generating objective function’s fabjfun.m
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function [y,dy] = objfun(x)

y=Ccos (X);
dy=-sinix):

Fig. 16: Dynamically generated file of objectivention

Calculation starts by clicking the pushbuttBaon There is generated figure, as in
Fig. 17, with two subplots, which are generatedrdueach iteration. First one represents
dependence of accuracy according to the numbeterdtions, the other dependence of
bounds size according to the number of iteratidhshanges during the calculation and
user can see the progress, which is made. Algoriémminates when relative error equals
or is less than chosen accuracy or the number ofimmuan iterations in achieved.
Accuracy is defined as a ratio of difference betwealues in upper and lower bound and
lower bound in numerical value. Function with glbb@nimum is drawn and the final

results — global minimum, minimize, number of iteva and runtime are displayed in new

figures (Fig. 25).

File Edit View Insert Tools Desktop Window Help
DESde |k RAO9VLL- @ 0H ad
Accuracy in iterations Upper vs lower bound in iterations
15 500

.

1 .

Accuracy
Bounds

05 aof

0

- - - - - -1000 . . . - .
0 05 1 15 2 25 3 0 05 1 15 2 25 3
terations Iterations

Fig. 17: Figure of dependence of accuracy andmistdetween the bounds

3.1.2 Deterministic multi-dimensional global optimizaion
Problems of multi-dimensional global optimizatiore anore complex according to

the matrix form of function derivatives. The mor@iables we have, the bigger derivative

matrices are. Our functigmarsing.mtransforms variables from symbolic variable tanggr
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as it was in Fig. 13. The problem’s input in Fi@.i% similar as in one-dimensional case,
only upper and lower bounds have to be entere@dtoy form.

Before the algorithm starts searching for minimume can choose from various
ways ofa calculation (Szakélova, 2012) as in Fig. 19 an#ig 20.GLOP automatically
computes first values af for each method and displays the one with the Iestalalue of
maximum separation distance measurement tgrras a recommended. Fer, holds

(Adjiman, 1998b):
1
to= a8 -x (39

After submitting the chosen method, calculationrtstaTwo subplots in figure
display dependence of accuracy and bounds from auwibiterations during calculation.
At the end of calculation the final results arepthyed such as global minimum,
minimizer, number of iterations and the runtime &econds. According to the
dimensionality of the problem, every dimension led tninimizer is displayed separately.

We achieved this by using the same principle asemgimg objective and constraint
functions’ files (Fig. 15).

J Multi-Dimensional GLobal OPtimization start
File Edit VYiew Insert Tools Desktop Window Help

enter the objective function

[xL(1);...xL(n))

[xU(1);....xU(n))

—

Fig. 18: Dialog window for entering multi-dimensedrproblem
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J Methods E]
File Edit View Insert Tools Desktop Window Help ~

Fig. 19: Dialog window for choosing method of caétion o parameter

J Methods Q
File Edit VYiew Insert Tools Deskiop Window Help <~

gersch
hertz

kharitonov

lower bounding hessian
mori-kokame

E-matrix E=0

E-matrix E=diag(dettad)

Fig. 20: Dialog window for choosing method of cdétion a parameter, all methods

3.2 STOCHASTIC GLOBAL OPTIMIZATION

As stochastic algorithm, which is searching forbglominimum, we chosklultistart
method. Its main principle is, that it obtains @ence of randomly generated starting
points for NLP algorithm. In our case we have tdagba sequence of random starting

points from inputted interval constrair{beL,x”] . An example how we do it is in Fig. 21,

where variablenul_countrepresents user-defined number of starting pa@intsis input to

the rand() function generating random numbers from inte|[ml]. Then we modify it to
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random numbers from OL[KL,XU] interval. For each starting point this methoddéna
local minimum in its vicinity. Therefore, it is amdom-based method, sometimes it cannot

find a global minimum.

x0=[]:

for i=1:length(xL)
x0_help=rand(rmul_count, 1) *{xU{i)-xL (1)) +xL{i):
x0=[x0,x0_help]:;

end

Fig. 21: Source code for generating starting points

) Stochastic GLobal OPtimization start =]

File Edit VYiew Insert Tools Desktop Window Help ~

enter the objective function

(XL, xL(n)]

[xU(1);....xU(n))

—

Fig. 22: Dialog window for stochastic global optaation

Menu designed for searching a global minimumNbyitistart method in Fig. 22
displays after the selectirfgtochastic methogushbutton at the start menu. Principle of
inputting the problem, bounds and constraints & ghme as in deterministic methods,
even more the way of creating the objective andsttaimt functions’ files and displaying

the final results is same. The only differencethsit we have to input number of starting
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points instead of accuracy. The final results aspldyed in figure with parameters: global
minimum, minimizer in each variable and runtimesetonds (Fig. 30). In addition to that

we can see percentage representation of foundnaicaina in histogram (Fig. 26).
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4 EXAMPLES

For the testing of functionality @&&LOP, there were solved three examples.

4.1 EXAMPLE 1

First example represents minimization of one-dimmred test function without
constraints:

minJ(x) = 005(x - X' | +sin® [(x ~x f+(x-x )]+ sin?(x - x ]

x 0 (-2030) (4.1)

wherex is chosen as 1. If tt@LOP works right, then obtained minimizer should be

in x=1. Both methods, determinist@B (Fig. 23) and stochastMultistart (Fig. 24) were
used.

/ One-Dimensional GLobal OPtimization start
File Edit VYiew Insert Tools Desktop Window Help

0.05%(x-1)"2+(SIN((x-1)"2+(x-1)))"2+(siN(x-1))"2

Fig. 23: One-dimensional problem without constigimaipproach deterministic

36



/ Stochastic GLobal OPtimization start

0.05*(x-1)"2+(sin((x-1)"2+(x-1)))"2+(sin(x-1))"2

=

Final values
File Edit View Insert Tools Desktop Window Help

1.0854e-023

243

194175

Fig. 25: Results of one-dimensional problem, stetithapproach
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Because of large intervak" = -20 and x” =30and function’s nonconvexity;BB

method provides great values of calculation time ié@rations as seen in Fig. 25. We are

sure, that we acquired right solution, becausenoimimizer is reallyx=1. This result is

also supported by Fig.26, where we can see wholetifin in chosen bounds with marked

global minimum.

One-dimensional function

J'(X)

O global minimum

Fig. 26: Process diagram of test function, exariple

Multistart method acquired good results, too. We tested it wérious values of

starting points. Method provided good results, ebenwenty starting points we obtained

our global minimum in ratio 35% to all found logainims as seen in Fig. 26. The results

are displayed in Table 1. We can say, that theeasing number of starting points causes

increasing of calculation time and probability miding the global minimum.

Number of starting Global minima
. J(Xmin) Xmin CPU [S]
points [%0]
20 0 1 0,4106 35
50 0 1 0,8312 30
100 0 1 2,073 42
200 0 1 3,9457 42

Table 1: Results for the stochastic method, exarhple
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Fig. 27: Percentage of found local minims, exaniple

4.2 EXAMPLE 2

As a second example, we were trying to find a mimimof Rosenbrock’s two-
dimensional function

minJ(x 10((x2 ) (1-x)?

X,, O~ 2,2> 4.2)

Fig. 28: Rosenbrock’s function, example 2
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We tested here two-dimensional optimization problgithout constrainiFig. 28),
where we chose different methods wfparameter calculation. Fig. 29 shows, how we
inputted data, which means entering the objecttfancowith two variables and interval

constraints.

J Multi-Dimensional GLobal OPtimization start Q

File Edit View Insert Tools Desktop Window Help ~

100%(x2-x12)"2+(1-x1)"2

Fig. 29: Entering of two-dimensional problem with@onstraints, example 2

After submitting the correct data and choosing meétbf a calculation, we acquired
results, which are presented in following TableAnost all methods excegerschogin
were able to converge to the global optimum, wisdin J(x) = O forx = [1, 1].

Method J(Xmin) Ximin || Xemin || CPU[S] || Iterations
Gerschgorin - - - - -
Hertz 0 1 1 66,5657 192
Kharitonov 0 1 1 292,700“ 153
Lower bounding Hessian 0 1 1 65,794“6 196
Mori- Kokame 0 1 1 143,556“ 419
E-matrix, E=0 0 1 1 283,908“2 153
E-matrix, E=diagfA) 0 1 1 286,4219" 153

Table2: Results for the deterministic method, eplan
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We tested this function via stochastic approach, fss we can see in Fig. 30, it
obtained the same results as deterministic apprdaehchose fifty starting points and the
results were displayed in a very short time. Acecagdo the calculation time, we can say

that this method is very effective and may be wesgful in special cases.

7 Final values
File Edit View Insert Tools Deskiop Window Help

Fig. 30: Results for the stochastic approach, exap

4.3 EXAMPLE 3

We tested in third example solving of two-dimensioproblem with equality and

inequality constraints.

minJ(x) = x° +x,°

h(x): x, +x,-2=0 (4.3)
h(x) :10x, - x, +12< 0

X2 0{-12)
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Entering of the problem was similar to the two poeg examples. We added two

constraint functions to the corresponding windowkich were generated. In Table 3 are

displayed results for the deterministic approadire€ of the deterministic methods found

global minimum in one second. In Fig. 31 is displhyunction diagram for this example,

where is marked global minimud(x nin). =2,0741. Results are correct, because marked

point lays on the equality constraint and satiequality constraint, too.

Method J(Xmin) X1 min || Xo,min CPU [s] || Iterations
Gerschgorin 2,0741 | 1,11110,88889 0,43062" 3
Hertz 2,0741 | 1,111] 0,88889 0,48069“ 3
Kharitonov 2,0741 | 1,111)0,88889| 3,9557 || 2
Lower bounding Hessian 2,0741 1,11“[!),88889 0,46066) 3
Mori- Kokame 2,0741 1,111“ 0,88889 4,6523 4
E-matrix, E=0 2,0741 1,111".0,88889 3,7354 2
E-matrix, E=diagfA) 2,0741 1,1111" 0,88889| 3,7654 2

Table 3: Results for the deterministic method, eplan3d

20~

AR

@D -

a1 x@); 10Ky @513 .

Fig. 31: Graph of test function, example 3
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We tested this example by stochastic method, t@ondmber of starting points, we
set fifty. Multistart algorithm found global minimum in two seconds, tlesults of this
searching are displayed in Fig. 32 and they condieterministic results.

2 Final values

File Edit Wiew Insert Tools Desktop window Help

Fig. 32: Results for the stochastic approach, exa®p
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CONCLUSION

The main goal of this work was to create a graphisar interface inrMATLAB'S
environment for solving global optimization problemWe designedsUl which uses
deterministicaBB method of global optimization for solving one-dimseonal and multi-
dimensional problems with constraints in certaberival.

We can easily enter the problem, constraints anmhd® into the editable text fields.
Then the calculation may begin. By the multivargaptoblems, we could select ways of
computation of the parameter We had totally six available methods of its comagion.
For everya computation, we solved the problems and the reswdre written in tables.
During calculation we could see figure, on whichrevegwo subplots. One draws
dependence of accuracy from number of iteratiomstha other dependence of lower and
upper bound from iterations, too. After the terniiimg of calculation,GUI displayed its
final results in dynamically generated dialog wingo which size depended on number of
variables. Than we could compare every single ntethubject to the acquired value of
minimized objective function- global minimum, valugf its minimizer, number of
iterations needed for calculation and total comjanal time in seconds. By one-
dimensional problems, there was generated a figuieh displayed function with marked
global minimum, so user could confirm it by sight.

As stochastic method of searching for global mimmig theMultistart method. It
can beat deterministic method by computational tiwigch is its main advantage. On the
other side it does not guarantee that the obtami@dnum is global. The used examples
are for providing information about functionality @ach approach.

For confirmation of right functionality o&UI, we tested it on three examples. First
example was one-dimensional function without caists with a lot of local minims.
Second one was two dimensional Rosenbrock’s fumott@hout constraints, where we
used few methods of calculatimgparameter for deterministic optimization. Last aves
two-dimensional function with two constraints. Atle examples were tested by stochastic
Multistart method, which gave same results as determini&® method and by that the

functionality of GUI was confirmed.
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RESUME

Praca je venovana navrhu grafického uzitekého rozhrania pre rieSenie problémov
globalnej optimalizacie. V prvejasti opisujeme globalnu optimalizaciu, charaktgeme
jednu z jej metdd a spbsoby ziskavania rieSeniaopom tejto metddy. \dalSej casti
uvadzame zakladny predd spésobov navrhu grafického uzivateho rozhranigGuUl)

v MATLABe. V tretej¢asti prace sa venujeme samotnému nawhl, opisujeme jeho
vlastnosti a zakladné funkcie. V posledrtesti rieSime prostrednictvor@Ul niekd’ko
vzorovych prikladov.

Globélna optimalizaciallad4 extrémy funkcii v dovolenom priestore Kerlom na
ohrantenia v tvare rovnosti alebo nerovnosti. Najdendhtty extrémowasto komplikuje
pritomnos$ nekonvexnosti, ktoré sa globalna optimalizaciazsmdiminova’. Zakladné
delenie metdd globalnej optimalizacie je na met&thychastické a deterministické. Zo
stochastickych metéd sa v praci venujeme metbtidtistart, z deterministickych si
podrobnejSie rozoberame metddu vetiev a hrdBi}. (

Pri BB sa snazime minimalizovaunkciu (1.1) vzliadom na obmedzenia v tvare
rovnosti (1.2) a nerovnosti (1.3), gom plati, Ze vSetky tieto funkcie musia timgpojité
druhé derivacie. Platia tam intervalové ohéania pre premenny. Na danom intervale
zostrojime podhodnocujucu funkciu pdévodnejeldvej funkcie. CezNLP algoritmy
ziskame hornu a dolnd hranicu rieSenia tychto fiirkporovname vzajomnu vzdialerios
medzi nimi. V pripade toho, Ze je tato vzdialehescSia ako je potrebna, rozdelime
povodny interval na dva podintervaly. Na kazdom iptedvale opakujeme postup
s podhodnocovanim d&ddame hornd a dolnu hranicu. Ak nastane situaded,j& horna
hranica na jednom intervale menSia ako dolna hsan@ inom intervale, tak interval
s dolnou hranicou zvygtov vynechame. Intervaly delime dovtedy, az kym sa
vzdialenog medzi hranicami nepriblizi na Ziadanu hodnotu. dytesa dopracujeme k
rieSeniu v podobe globalneho minima.

Ucelova funkciu a funkcie obmedzeni v tvare nerovinasdbzeme rozdeli pod’a
vztahu (1.5) na sumu Specialnych nekonvexnytemov a vSeobecnych nekonvexnych
¢lenov. Obmedzenie v tvare rovnosti padvz’ahu (1.4) prevedieme na obmedzenia v
tvare nerovnosti. V3etky tietatleny funkcie podhodnocujeme, ¢@om vysledny
podhodnotité pévodnej funkcie nadobuda tvar (1.10). Pre poresti metdédu vetiev
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a hranic plati, Ze podhodnocujeme len vSeobecnénneknécleny, prcom vsetkycleny
sa povazuju za vSeobecné nekonvexné. Podhodhptitem nadobuda tvar (1.11).

ZAavislog’ Hessovej matice vysledného podhodnééte opisana v (1.12) a zavisi od
situ Hessovej matice povodnej funkcie a dvojnasobktiae diagonalneho posunutia. Na
identifikaciu matice diagonalneho posunutia potjelme pozné hodnotu parametra, pre
ktora plati vZah (1.14).

Grafické uzivatkské rozhranie sa v prostreMATLABuU moZe vytvara dvomi
spbsobmi. Prvym je vytvorenie prostrednictvom aulik GUIDE, ktora nam umatuje
umiestiova’ jednotlivé prvkyGUI cez interaktivny editor. Kliknutim alebo potiahimt
prvkov ich umiestnime na poZadovanu poziciu, prigadpravime ich rozmery (Fig. 2).
Vysledkom uloZenia su dva subory, ktoré sa privakii GUI spustia. Druhym sp6sobom
tvorby GUI je programovacia tvorba. To znamenda, Ze v edidATLABuU manuéalne
vytvorime pre kazdé okno (Fig. 3) a kazdy ovladawiok (Fig. 4) kdd, ktory obsahuje
Udaje ako pozicia, farba, pisnédcallbackfunkcia niektorého z nich.

V naSej préci tvorimeGUI pre rieSenie problémov globalnej optimalizacie
deterministickouxBB metddou a stochastickou metoddultistart (GLOP). Po vyrieSeni
problému su zobrazené vysledky v podobe globalmeimima funkcie, bodov, v ktorych
toto globalne minimum dosahujéas vyp@tu a pri deterministickej metdde aj q&b
iterdcii (Fig. 25, Fig. 30 a Fig. 32). VyuZivameit@m programovaci sposob tvorby
rozhrania.

Po zadani prikazglopstart sa spusti Uvodné okno unioitice si vybrd spdsob
rieSenia problému. Tvori ho nielk® réznych prvkov. Prvym je uZz samotné okno grafu
(Fig. 5), ktorého vEkos® vykredujeme pomerovo k V&osti naSej obrazovky. VYkos’
obrazovky sa ztaije cez funkciuscrz() ziskané udaje potom priradime do premennych
s_width as_heigtha pouzijeme ich vo funkciposition() upravujicej umiestnenie okna
(Fig. 6). Takisto zistime cez funkciget() rozmery okna, pretoZe ich potrebujeme pri
umiestneni jednotlivych prvkov zobrazovanychiom. Prvok so statickym textom —
»Global optimizatiot (Fig. 7), informuje o dele GLOP. Tri tlacidla (Fig. 4 a Fig. 8) zas
predstavuju moznosti, ktoré si mdézeme zvath stla&enim. VSetky maju nastavenu
poziciu a pismo v pomere k rozmerom okna. Rozdedzannimi je v ichcallbackfunkcii,
ktord obsahuje rozdielne prikazy vykonavajlce selpatiaeni.

Menu GLOP umo#uje vybra medzi dvoma pristupmi rieSenia. Pri
deterministickom pristupe si eSte vyberame v subnpad’a typu problémugi sa jedna

o jednorozmerny alebo viacrozmerny problém. Doévod@n Zze pri jednorozmernom
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pripade dokazeme bez &s&ch problémov vykresli priebeh delovej funkcie
s vyzn&enym globalnym minimom (Fig. 26). Zvolenim moZnd3tie-dimensionahlebo
Multi-dimensional si vyberieme typ problému (Fig. 9). Aktivuje sanok (Fig. 10
alebo Fig. 18), v ktorom zadavame optimalipa problém, teda delova funkciu,
intervalové obmedzenia, pripadne moéZzeme zthemesnos. Taktiez zadame et
prislusnych obmedzeni, ich potvrdenim sa vygenerof@mo s rovnakym pgom
editovacich okien pre dany typ (Fig. 11).

Pre potreby algoritmu potrebujemecidr prvé a druhé derivaciecélovej funkcie
a funkcii obmedzeni s vyuzitim symbolického toolboRriklad toho je na Fig. 12, kde si
zadefinujeme symbolickll premenmy nasledne si vytvorime premenmfpod’a ktorej
budeme funkcie derivova Pri dvojrozmernom probléme by sme mali dve syrickél
premennéxl ax2, ateda premenndby bola vektor.Dalej potrebujeme funkciu a jej
derivacie zmeni zo symbolickej premennej natezce. Zmenou typu premennej sa vsak
do re&’azcov dostanu aj neZelané znaky, ktoré odstraniyoeitim funkcie parsuj() na
Fig.14, ktoru sme vytvorili za tymtocalom. Priklad takejto transformécie je na Fig. 13.
Ked ziskame réazce v pozadovanom tvare, mdzZeme pristupitvorbe suborov
prostrednictvom prikazovopen fprintf afclose (Fig. 15). Fig. 16 zobrazuje vloZzenu
Gcelovu funkciu alebo funkciu obmedzeni zapisanu Zegovanom tvare. Toto vSetko
vykonavame kvoli tomu, aby sme znizili vigpovd nar@nog’ tym, Ze minimalizujeme
vyuzitie symbolického toolboxu.

Po spusteni programu sa v priebehu ¥fpa@obrazuje graf zavislosti presnosti od
poctu iterdcii a graf zavislosti Vkosti hornej a dolnej hranice rieSenia (Fig. 1fedRnos
si definujeme ako rozdiel hornej a dolnej hranieSenia vydeleny dolnou hranicou. Pri
viacrozmernych ulohach sa nam zobrazi okno, v ktorpvolime metdédu vypibu
parametraa (Fig. 19 aFig. 20). Na zaklade kritéria zotatau (3.1) sa zobrazuje
najvhodnejSia metdda ako odpéafda. Po uko¥eni vypa@tu sa zobrazia vysledky ako v
Fig. 25 a ukazuju globalne minimum, body v ktoryuahkcia dosahuje globalne minimum,
pocet iteracii aas vypa@tu.

Pri stochastickej metodeMultistart vyuzivame rovnaké zadanie udajov ako
v deterministickom pripade. Rozdiel je len v tore, lamiesto presnosti zadavamegio
Startovacich bodov, v okoli ktorycitdddme lokalne minimum (Fig. 22). Na generovanie
Startovacich bodov vyuzivame funkaiand(), pricom premennamul_countpredstavuje
ich patet. Matematickymi operaciami upravime nahodista tak, aby boli zo zvoleného

intervalu (Fig. 21). Vysledky rieSenia sa taktiedbmzuju vo vytvorenom okne (Fig. 30
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a Fig. 32). Tiez sa zobrazi histogram vyjadrujuercentualne zastupenie jednotlivych
lok&lnych minim k ich celkovému ptu (Fig. 27).

V zavere rieSime tri vzorové priklady, kde demamgme funknos’™ GLOP.
V prvom pripade rieSime nekonvexnu jednorozmerrahuil(4.1). Obe metody dokazali
najs’ globalne minimum. Vysledok pre deterministicku aut je zobrazeny na Fig. 25
resp. Fig. 26., ptbm je zrejmé, Ze vypet nie je jednoduchy viadom na zloZitas
problému a vEké rozmedzie intervalového ohraania. Pri stochastickom spdsobe rieSenia
je dizka vypd@tu priamo ovplyvnena @tom Startovacich bodovp vsak na druhej strane
zvySuje pravdepodobntsnajdenia globalneho minima (Table 1). Druhy pukla
predstavuje rieSenie dvojrozmernej Ulohy (4.2) bbmedzeni. Tu ukazujeme pouzitie
jednotlivych metdd ziskania parametraa ich vplyv na celkovy vysledok (Table 2). Pre
porovnanie uvadzame aj zhodny vysledok rieSeniahaitickou metodou (Fig. 30§0
potvrdzuje funkcionalitu. Tretim prikladom je dvagmerny problém s obmedzeniami
oboch typov (4.3). RieSili sme ho rovnakym postupako predchadzajici priklad. Table 3
zobrazuje rieSenie deterministickymi metddami, poeovnanie takisto uvadzame rieSenie
stochastickou metddou (Fig. 32). Vo vSetkych prgeddvysledky potvrdzuja spravnu
funkcionalituGLOP-u.
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