-

View metadata, citation and similar papers at core.ac.uk brought to you byfz CORE

provided by Apollo

ICRS-Filter: A Randomized Direct Search Algorithm for

Constrained Nonconvex Optimization Problems

Biyu Li*, Viet H. Nguyen', Chieh. L. Ng', E. A. del Rio-Chanona'

Vassilios S. Vassiliadis'* Harvey Arellano-Garcia®

1Department of Chemical Engineering and Biotechnology, University of
Cambridge, Pembroke Street, Cambridge CB2 3RA, UK

2Depawtment of Chemical and Process Engineering, University of Surrey,

Guildford GU2 7XH, UK

Abstract

This work presents a novel algorithm and its implementation for the stochastic optimization of
generally constrained Nonlinear Programming Problems (NLP). The basic algorithm adopted
is the Iterated Control Random Search (ICRS) method of Casares and Banga (1987) with
modifications such that random points are generated strictly within a bounding box defined by
bounds on all variables. The ICRS algorithm serves as an initial point determination method
for launching gradient-based methods that converge to the nearest local minimum. The issue
of constraint handling is addressed in our work via the use of a filter based methodology, thus
obviating the need for use of the penalty functions as in the basic ICRS method presented
in Banga and Seider (1996),which handles only bound constrained problems. The proposed
algorithm, termed ICRS-Filter, is shown to be very robust and reliable in producing very good

or global solutions for most of the several case studies examined in this contribution.
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1 Introduction

Optimization of nonconvex programming problems has an important role in Applied
Mathematics, Computer Science as well as scientific and engineering practices. The sig-
nificance of the global solution in some cases is 'non-negotiable’, as it could signify “profit
or loss” for chemical manufacturers; or “make-or-break” functional properties of proteins
in drugs research by predicting their conformational structure.

There are two main approaches to addressing global optimization problems: determin-
istic and stochastic methods. Reviews of the deterministic global optimization methods
are given in Floudas (1999) and Floudas and Misener (2009). For a given problem,
deterministic methods are able to provide a certificate of global optimality of the final
solution. Deterministic methods generally tend to be computationally expensive with
computational times growing very quickly with problem sizes.

The other approach, which is based on stochastic algorithms, improves an initial point
using stochastic perturbations. In the stochastic approach, the objective function is eval-
uated at randomly generated points and the process terminates when there is no further
improvement in the objective function value as well as satisfaction of convergence criteria.
Stochastic methods can only guarantee solutions which are local optima, without being
able to certify global optimality. However, the methods’ ability in efficiently and reli-
ably locating local optima has been proven in various practical applications, especially for
very large problems when “good enough” solutions are acceptable. Stochastic methods
frequently employ multiple starting points to increase the chance of finding the global
optimum (Hickernell and Yuan (1997),Torn (1978), Fouskakis and Draper (2002)).

Our work falls into the latter category of optimization methods and a new method,

termed ICRS-Filter Method, will be presented which is the combination between the
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Integrated Controlled Random Search (ICRS) algorithm originally developed by Casares
and Banga (1987) and the Filter approach (Fletcher and Leyffer (2000)) to deal with

generally constrained NLP problems.

2 The generic ICRS method

The ICRS method was first developed by Casares and Banga (1987). Banga proposed
the ICRS method as a stochastic search method for global optimization of problems
with bounds on variables. The method operates by generating random points obeying
a normal distribution within the bounds. As the iterations progress, and as acceptances
of improving points become fewer, the standard deviation of the normal distribution is
suitably reduced thus inducing a more localized search around a current point desired to
be improved.

The original ICRS Algorithm applies to an unconstrained problem, which is assumed
to have the following formulation (P1):

Problem P1

mxin f(x) (2.1a)

subject to

u (2.1b)

8
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where x € R"

The Algorithm is presented as Algorithm 1. The ICRS Algorithm is a search method,
which instead of employing a set of search directions, it uses randomly generated points.
As the Algorithm generates points closer to a local minimum, the standard deviation o

is reduced, hence the “contracting spheres” picture as shown in Figure 2.1.

It is important to note that the ICRS Algorithm is a randomized direct search method

and this is to be constrasted with other well-known methods in which the search directions
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Algorithm 1 ICRS Algorithm

. Initial Guess < xg

Initial Deviation Factor < k;

Reduction Deviation Factor < ko

Expansion Deviation Factor < k3

Maximum Number of Samples < Ngample

Maximum Number of Failures <— Nraiiure

Variable Convergence Tolerance <— ¢

Evaluate Best Objective Function Value fpes; < f(20)
Compute Initial Deviation Factor o < k; - (2V — 21)
Set Current Solution Vector Tgest <+ o

Set i failure < 0

fori<+1to NSample do

Generate a new point Zyew Which is Normally distributed between ¥ and x”, given
the Mean zpe; and Standard Deviation o

14: INew < f(l'New)

15:  if fxew < fBest then

[ =
P2

16: Variable Tolerance < ¢(ZNew, TBest)
17: Update Objective Value fgest < fNew
18: Update Current Solution Zpest ¢ TNew
19: Expand Deviation Factor o < k3 - o
20: if Variable Tolerance < ¢ then

21: Exit Sampling Loop

22: end if

23:  else

24: if fNeW Z fBest then

25: tfatlure < i failure + 1

26: if i failure > Npajuwe then

27: Reduce Deviation Factor o < kg - o
28: Reset Counter i failure < 0

29: end if

30: end if

31:  end if

32: end for

33: return Best Solution e and Best Objective Value fgegt
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Fig. 2.1: Tllustration of the ICRS Algorithm

are generated deterministically, such as the Nelder-Mead Simplex Algorithm (Correia
et al. (2010) and Nelder and Mead (1965)). Their algorithm is evidently unable to handle
any other constraints on the variables’ domain, which can be easily induced by adding
equalities or inequalities to the original (P1) problem. Consequently, the ICRS approach
is only effective at solving unconstrained optimization problems.

The most important step in the ICRS algorithm is the generation of normally dis-
tributed points within given bounds. The following methods have been attempted in this
work:

1. Projection to bounds method

The principle behind the method is very simple: given xy and o, generate a random
point  which is normally distributed with mean zy and with a standard deviation o. The
method used to generate the points = is adapted from Box and Muller (1958). Further-
more, if any elements in x are falling below the lower bound or exceeding the upper bound,
they will be replaced by the correspoding lower or upper bound values, i.e. “clipped to
the bounds”.

The “Projection to bounds method” often causes the sampling points to “stick” onto
the bounds too often and leads to an uneven distribution in the interior of the sam-
pling region. Furthermore, in problems containing functions, which are undefined at the

bounds, the method could lead to numerical instabilities. Therefore, the method is not
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strongly recommended, but it is still included in the discussion as a legacy of the original
implementation.
2. Rejection method

The approach is the same as before. However, this method would reject a point if
any element in x lies outside its bounds. Consequently, generated points are verified
whether they are within the bounds. If they are not, the corresponding variable values
are rejected until a point is found to satisfy the bounds. The method possibly requires
more iterations in the normal random number generator so the CPU time would be
slightly more intensive. However, the method tends to sample more evenly in the variable
domains, and the overall behaviour is 'smoother’ in comparison to that of the original
“Projection to bounds method” .
3. Truncated normal distribution method

This method guarantees to generate points precisely within the bounds. To illustrate

the key idea, the problem is first restated below

Given the mean xy and standard deviation o and bounds x* and 2V, generate

a random point x such that x €N(xg,0) and z* < x < 2V

Given a random variable x, the cumulative distribution function I(z) is defined as the

area under the Normal Distribution curve between —oo and x:

I(z) = CDF(xg,0,) (2.2)

where CDF is the Cumulative Distribution Function.
Conversely, given I(z), the inverse of the cumulative distribution function is defined

as the random variable z which satisfies the above relation:

v = CDF (z9,0,1(1)) (2.3)

Since I(x) is a monotonic increasing function of = , there is a one-to-one correspondence
between I(x) and z. Based on this idea, the “Truncated normal distribution method” is

presented in Algorithm 2:
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Algorithm 2 Truncated Normal Distribution Method

1: Calculate It = I(z%) and 1Y = I(2Y)

2: Generate a random number u which is uniformly distributed between 0 and 1
3: Compute the cumulative distribution function I < I'* + (IV — It) - u

4: Invert I to obtain the corresponding random variable x using equation (2.2)

Since I* < I < 1Y, and the function is monotically increasing, this leads to z* < z <
2Y. Furthermore, to generate a randon number which is uniformly distributed between 0
and 1, the work by Park and Miller (1988) has been adapted in our implementation.

The “Truncated normal distribution method” method is considered to be the most
preferred among the three approaches mentioned above because it neither tends to fa-
vor sampling on the bounds nor rejects any points as the other two methods would do,
respectively. Therefore, it has been used for all the case studies in this work.

In addition to the modifications made to generate points within bounds, another
improvement of the original ICRS method corresponds to the application of the filter
concept to handle additional constraints. To be specific, it is a modification of the ICRS
method acceptance criterion from strict improvement of an unconstrained function to
that of a filter method for constraint handling, and thus, taking into account directly
the values of the objective and the constraints in deciding whether a candidate point is
acceptable as an improving point for generally constrained optimization problems. The

next section will show how the filter method is adapted to deal with constraints.

3 Filter methods for constraint handling

For a generally constrained optimization problem, the following formulation (P2) is
assumed:

Problem P2

mxin f(z) (3.1a)

subject to

h(z) =0 (3.1b)
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g(xz) <0 (3.1¢)

and

<z <V (3.1d)

where z € R", h € R™and g € R™. A well-known approach is to convert the constrained
problem into an unconstrained one. Popular methods are the penalty functions, barrier
methods, and the augmented Lagrangian method (Edgar et al., 2001; Powell, 1969). All
of these methods in essence absorb the equalities, inequalities and objective function into
a single function. Such an approach is not always successful since the resulting function
is often highly nonlinear and nonconvex. Thus, the determination of local and global
optima can be very challenging.

The original ICRS algorithm is effective at solving problem (P1 ), but is expected to
perform poorly for the (P2 ) type problem. To handle the extra issue of having constraints
the concept of a filter is applied, which leads to the ICRS-Filter method, the key original
contribution in this work.

A brief review of the filter concept is given by Fletcher et al. (2006). Similar discussions
can also be found in Correia et al. (2010) and Karas et al. (2006). The following definitions

are central to the construction of a filter:

Definition 1. Let F(z) and G(z) be two real-valued scalar functions. A point z is said
to dominate point y if and only if F(z) < F(y) and G(z) < G(y). Or equivalently, the

entry (F(x), G(z), z) is said to dominate the entry (F(y), G(y), y).

Definition 2. A filter F is a list of entries (F(z), G(x), x) such that no entry dominates

the others.

The ICRS-Filter method separates the objective function from the equalities and in-
equalities. The method essentially attempts to solve a bi-objective problem: minimizing
the objective value of f(x) while keeping the constraints satisfied by reducing their vio-

lation norm.
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The second objective (i.e. constraint satisfaction) is formulated by aggregating the
equalities and inequalities into a single function. This single function effectively measures

the overall deviation of the constraints from zero. Some possible functions are:

Norm-1 Oy (x) = Z |hi(z)| + Z | max{0, g;(z)}| (3.2a)

e

Norm-2  ®,(z) = Z(hi(x))Q+2(max{0,gj($)})2 (3.2b)

=1

Norm-oo  ®oo(z) = o hax }{|hi(w)l}+j€g1§?<n_}{ma><{0,gj(x)}} (3.2¢)

which are respectively the sums of the norm-1, norm-2, and the infinity norm of A(z) and
the violations of g(z).

In this work, the norm-1 in equation (3.2a) is chosen for the implementation of the
ICRS-Filter method due to its equal weighting of the constraint values.

The final formulation of problem (P2 ) becomes problem (P2’):

Problem P2’

min (f(z), ®(z)) (3.3a)

subject to

ot <ax<a¥ (3.3b)

It is noted that in equations (3.3a-3.3b) and in the rest of this work, the subscript
1 in ®(x) is dropped to simplify notation and allow for generality. To apply the filter
concept to the above problem, from Definition 1, let f(x) be the objective function and
the aggregated constraint norm be ®(z). Thus, each point in the filter is represented by
the pair (f(z),®(x)) or entry (f(z), ®(z),x). Additionally, during the construction of a
filter, two steps are required. The first step is to decide whether or not to accept a new

point to the current filter list:
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Acceptance Criterion 1:

A new point z is accepted to the filter if and only if it is not dominated by any present
entry in the list. Therefore, for a newly generated point, the above criterion is equivalent
to checking Definition 1 for the point against all other points in the current filter. This is
perhaps the simplest and most straightforward criterion. Another simple criterion regards
the magnitude of the constraint norm ®(x).

Acceptance Criterion 2:

A new point x is accepted to the filter if and only if ®(x) < Py, where .y is

a user-defined upper bound on the norm. Hence, if ®(x) is too large then the point is

rejected, which is useful when the filter already has many entries.

The second step in the filter construction is to update the filter. It essentially consists
of two basic steps:
Filter Updating Step 1:

Given that a new point x is accepted to the filter, check and eliminate all the current
entries, which are dominated by z.
Filter Updating Step 2:

Reorganize the filter points according to the ascending order of the constraint norms

®(z) (for convenience in our implementation).

Thus, after the filter updating steps, the points are organized based on their constraint
satisfaction (i.e. feasibility) with the left-most entries being the most feasible and the
right-most entries being the least feasible. The construction of the filter in this work
follows the above description. Fletcher and Leyffer (2000) and Fletcher et al. (2006) add
the extra following steps to their algorithm:

1. Removal of the blocking entries from the filter.

2. Addition of an ’envelope’ to the current filter.

3. For a new point with a reduction in constraint norm, check that there is also a

“sufficient reduction” in the objective value.
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Point 1 and 2 prevent their algorithm from converging to infeasible local minima and
hence are not considered in this work as the ICRS method is stochastic and not locating
local minima precisely. Furthermore, since it is possible that the filter points form a
monotonic decreasing sequence of constraint norms ®(x), but the objective value f(x)
may form an increasing sequence at the same time, Point 3 guards against such an issue
by accepting only points which show some degree of reduction in the value of f(x). The
work in this contribution does not use these criteria, but it could be easily adapted in a
future implementation.

By repetitively applying the acceptance and updating steps, a filter with decreasing
constraint norm values (i.e. more feasible points) is constructed. It is also worth men-
tioning that due to the updating steps, the filter is a dynamic object which changes size
frequently.

An illustration of the working mechanisms of a dynamic filter is given in Figure 3.1.

With reference to this figure, the following steps illustrate the operation of the filter:
1. Suppose that the filter currently has four points 1, 2, 3 and 4

2. If a point such as A is generated, it will be rejected because it is dominated by other

points in the current filter based on Acceptance Criterion 1

3. If a point such as B is generated, it will be accepted because it is not dominated by

any other point in the current filter based on Acceptance Criterion 1

4. If a point such as C is generated:

(a) It will be accepted because it is not dominated by any other point in the current

filter

(b) The Filter Updating Steps will remove Points 2, 3 and B because they are

dominated by C

(¢) The current Filter now has Points 1, C and 4
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Fig. 3.1: Filter method illustration

Having introduced the ICRS algorithm and shown the complete construction of a filter,
the next section will discuss the implementation of the ICRS-Filter method and show how

it is used to solve constrained optimization problems.

4 The ICRS-Filter method Algorithm and Implementation

4.1 ICRS-Filter Method

Assuming the formulation (P2’) above, the ICRS-Filter Method is presented in Algo-

rithm 3. In this algorithm FilterSize is the number of points in the filter.
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Algorithm 3 ICRS-Filter Method

I N R S T o T e T . T T O =

22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:
43:
44:
45:
46:
47:

. Initial Guess + zg

Initial Deviation Factor < k;

Deviation Reduction Factor < ko

Deviation Expansion Factor < k3

Maximum Number of Samples < Ngample

Maximum Number of Failures <— Neajiure

Maximum Number of Elements in Filter <— Npyax filter
Maximum Constraint Norm < ®,,.

Variable Convergence Tolerance <— vaiable
Objective Convergence Tolerance <— €opjective

: Constraint Norm Convergence Tolerance <— exorm
: Evaluate the Objective Function Value fo < f(x0)
: Evaluate the Constraint Norm Value ®q < ®(z)

. Compute Initial Deviation o + ki - (z¥ — zF)

. Initialize the Filter with the first entry fo, ®o, o

. Set the Current Centre = < xg

: for i+ 1to N do

Apply Algorithm 2 to generate a new point Tneyw
fNew — f('rNew)
q)New < q)<~rNew)
Decide whether the entry (fnew, Pnew, Tnew) 18 accepted to the current filter using
the acceptance criteria
if the point is accepted then
Updade the filter using the updating steps
if FilterSize > Nyjax Filter then
Remove right-most filter entries to restore Nyiax Filter
end if
Update Centre x < x; where x is the left-most entry in the current filter
Compute Variable Tolerance <— ¢1(Znew, 1)
Compute Objective Tolerance +— ¢o( fyew, f(21))
Compute Constraint Norm Tolerance < ¢3(®P yew, Pr1)
if 1] < evariable and |@2] < Eopjective and |P3] < Enorm then
Exit Sampling Loop
end if
Reset Counter i failure < 0
Expand Deviation o < k3 - o
else
if the point is not accepted then
ifailure < ifailure + 1
if i failure > Npajue then
Reduce Deviation o < ky - o
Reset Counter i failure <— 0
end if
end if
end if
end for
Filter points are used to initialize a local optimization solver
The smallest objective value obtained is the final solution
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4.2 Implementation of the ICRS-Filter Method

The ICRS-Filter method was implemented in Mathematica™ (Version 8.0). The ICRS-
Filter method has 9 parameters which are to be initialized before any computations. The

parameter values used are listed in Table 1:

Tab. 1: ICRS-Filter Method Parameters’ Values

’ Parameter ‘ Value ‘
Initial Deviation Factor k; 1/6
Deviation Reduction Factor ko 1/2
Deviation Expansion Factor k3 1
Maximum Number of Samples Nsamples 10°
Maximum Number of Failures Nraiiure 25+ Nvariable

Maximum Constraint Norm @, 1030
Variable Convergence Tolerance evariable 1073
Objective Convergence Tolerance €opjective 10%°
Constraint Norm Convergence Tolerance enorm 1030

Maximum Filter Size Nyjaxfiter Nsample

Nvariable 18 the number of variables in a specific problem. The values for ks and Nvariabie
are adapted from Banga and Seider (1996). It is noted that in their paper, k; = 1/3 and
Evariable = 1074, 4.e. their algorithm allows a wider search region as well as a more stringent
convergence condition.

It is evident that setting tight values to evariable;s Eobjective a0d Exorm (€.9. 107%) would
demand a great deal of computation, so it has been decided to set a tight tolerance only on
the variables and set the other tolerances to relaxed values. Consequently, since €opjective
and enorm are very large, the functional forms of ¢ and ¢3 would not be factors in deciding
the convergence of the method. By contrast, the functional form of the variable tolerance

is the most important factor and the following has been used (Banga and Seider (1996)):

|'I‘N6W - x1| )
ot = a7

¢1 = max( (4.1)

Due to Acceptance Criterion 2, ., has been set to a high value to increase the chance
of a point being accepted to the filter . In addition, the expression of ®,,.x (3.2a) implies
that it is more difficult to satisfy equality than inequality constraints, hence in problems

with many equalities and/or large variable bounds, ®,,,, could become and remain large
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during the sampling loop. Therefore, a stringent acceptance condition (i.e. low ®pax )
would lead to a filter with very few elements.

It is likely that many samples would be required before the variable tolerance is satis-
fied, hence a large number of samples Ngample Was also chosen. A large number is also set
for Npaxsiter because it is intended to keep as many points in the final filter as possible.
Additionally, it is worth noting that the step of checking (and possibly trimming) the
filter size is entirely optional and can be omitted without affecting the overall behaviour
of the algorithm. (may require more storage if left large)

The local optimization solver used in this study is the FindMinimum provided in Math-
ematica™ (Version 8.0). The solver could handle both constrained and unconstrained
problems but occasionally requires good starting points for successful convergence. Thus,
in the last two steps in Algorithm 3, the symbolic problem model with objective function,
constraints and variable bounds is passed to FindMinimum along with the initial value
for variables taken from the filter points. Multiple local minima are to be expected and
the smallest value is taken as the final solution.

Furthermore, the initial vector x is chosen to be the bounds’ midpoint. This is by no

means the only option, but seems to be the simplest one:

rg= ——(—— (4.2)

Like other stochastic algorithms, the ICRS-Filter Method cannot guarantee the global
optimum. In addition, the most feasible points in the filter may not always lead to
the global solution. As a consequence, a balance needs to be kept between pushing for
more feasible points (i.e. reductions of constraint norm) and accepting points from wider
regions to the filter. The second objective may lead to more infeasible points in the final
filter, but also increases the chance of starting the local solver into the attraction region of
the global optimum. This justifies the reason for setting a high ®,,,, and large Nyax fiter-
Obviously, such objective can be assisted by having k3 > 1. In some sense, this could be
viewed as being equivalent to taking extra sampling loops at k3 = 1.

Having completed the presentation of the implementation, the next section will il-
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lustrate the performance of the method in solving a number of standard constrained

optimization problems.

5 Numerical Results

The ICRS-Filter method has been tested using 104 cases studies taken from Hock and
Schittkowski (1981a), Floudas et al. (1999), Rumarsson and Yao (2000) and Al et al.
(2012). All case studies were modelled in Mathematica™ (Version 8.0) and ran on a
standard desktop PC with AMD Athlon™ II X2 250 Processor at 3.00 GHz. The method
was initially tested with simple models from Hock and Schittkowski (1981a). Case stud-
ies from Floudas et al. (1999) have been selectively chosen to represent diverse classes of
problems in Optimization. They are Quadratic Programming Problems, Quadratically
Constrained Problems, Bilinear Problems, Biconvex and Difference of Convex Functions
Problems, Generalized Geometric Programming Problems, Parameter Estimation and
Equations of State Problems. Additional problems are supplied from literature (Rumars-
son and Yao (2000) and Al et al. (2012)).

A summary of the problems’ characteristics is given in Tables 2, 3, 4, 5, and 6. Each
case study has been run 10 times. The information regarding the CPU Time, Number of
Samples (i.e. Sample Size), and Filter Points is given in Tables 7 and 8 (“Sub” means the
suboptional result and “Fail” indicates that the local solver fails to converge). Summary
of average values of the objective and constraint norm for the most and least feasible
points are shown in Tables 9 and 10. Furthermore, for each problem, the best and the
worst solution are identified for each run and the number of times in which they are
found are highlighted in the corresponding columns in Tables 7 and 8. Vector solutions
for cases that show improved solutions are summarized in Table 11. In addition, the
original “maximization problems” 2.1.9, 5.2.2 Case 1, 5.2.2 Case 2, 5.2.2 Case 3, 5.2.4
and 5.2.5 have been reformulated as the “minimization problems” by reversing the signs
of the corresponding objective functions. Thus, to keep the consistency, the signs of the
best known solutions in literature were also reversed (Table 7).

Out of 104 case studies, global or best known solutions for 96 of them have been
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confirmed. Our solutions match those reported in literature by at least 3 significant
figures in all cases. This represents a 92% successs rate for our proposed method. In
addition, 7 out of 96 cases are found to yield slightly better solutions. For the cases with
better solutions, tests have been carried out to ensure that the objective values obtained
from our models are consistent with the given vector solutions in literature.

In Tables 7 and 8, it is seen that 60 out of 104 cases require less than 5 seconds of CPU
time. For other case studies CPU times are higher. It is possible that by implementing
the algorithm in C++ or another language, the computational times can be significantly
reduced as Mathematica™ is slow. The average amount of time in which the best solution
was found is 5.7 seconds and 50 cases have obtained the best solutions for every run.

FindMinimum has failed to converge in 4 case studies, namely HS_101, HS_103, 5.3.3
and 8.6.3 (Tables 7 and 8). In the first three case studies, it is noted that the issue happens
frequently when the solver is initialized with the left-most (i.e. most feasible) points in
the filter. By constrast, FindMinimum converges very well given the right-most (i.e. least
feasible) points. However, the situation is reversed in case 8.6.3 in which FindMinimum
was able to converge without difficulties when it was initialized with the left-most points.

In addition, from Table 3, case 5.3.3 was the largest problem that was attempted.
FindMinimum was found to fail consistently given any point in the filter in any run.
Some details of the running of the problem are given in Table 12. In runs 3, 4, 5, and 6,
the most feasible points in the filter already approximate the known solution (i.e. 3.324
Floudas et al. (1999)). The fact that FindMinimum fails to converge implies either 7)
the starting points are not good enough or i) the local solver’s algorithm has difficulties
in locating the local minimum. Regarding the first implication, it is possible that even
though the objective values are similar, the starting variable vectors could be still very
far away from the neighbourhood of the desired local optimum.

In case 7.2.5, it was found that by putting the vector solutions published in the liter-
ature into the objective function, the objective value computed did not match the given
value in the literature. Hence, it is suspected that there might be a typing error in the

literature. This explaines why the solutions yielded by our tests are different from the
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known solutions.

Tab. 2: Problem description for cases from Hock and Schittkowski (1981b)

Problem | Number of | Number of | Number of | Solution | Remark

Name Variables Equalities | Inequalities | Type

HS 018 |2 0 2 Global Matched

HS_019 | 2 0 2 Global Matched

HS_021 | 2 0 1 Global Matched

HS_023 | 2 0 5 Global Matched

HS_030 |3 0 1 Global Matched

HS_038 | 4 0 2 Global Matched

HS_ 041 | 4 1 0 Global Matched

HS_059 | 2 0 3 Global Matched

HS_ 062 | 3 1 0 Global Matched

HS_ 071 | 4 1 1 Global | Matched

HS_ 080 |5 3 0 Global Matched

HS_ 083 |5 0 6 Global Matched

HS_ 085 |5 0 38 Global Matched

HS_ 093 |6 0 2 Global Matched

HS 095 |6 0 4 Global Matched

HS_098 |6 0 4 Global | Matched

HS_101 |7 0 6 Global | Local solver did not converge
HS 103 |7 0 6 Global | Local solver did not converge
HS_104 |8 0 6 Global Matched

HS 109 |9 6 4 Global | Improved solution
HS_114 | 10 3 8 Global Matched

HS 118 | 15 0 17 Global | Improved solution
HS_119 | 16 8 0 Global | Matched
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Tab. 3: Problem description for cases from Floudas et al. (1999)

Problem Number of | Number of | Number of | Solution Remark

Name Variables Equalities Inequalities | Type

2.1.1 5 0 1 Global Matched

2.1.2 6 0 2 Global Matched

2.1.3 13 0 9 Global Matched

2.1.4 6 0 5 Global Matched

2.1.5 10 0 11 Global Matched

2.1.6 10 0 5 Global Matched

2.1.7_Case 1 | 20 0 10 Global Matched

2.1.7 Case 2 | 20 0 10 Global Matched (Bounds provided)
2.1.7 Case 3 | 20 0 10 Global Matched (Bounds provided)
2.1.7Case 4 | 20 0 10 Global Matched (Bounds provided)
2.1.7_Case 5 | 20 0 10 Global Matched (Bounds provided)
2.1.8 24 10 0 Global Matched (Bounds provided)
2.1.9 10 1 0 Global Matched

2.1.10 20 0 10 Global Matched

3.1.1 8 0 6 Global Matched

3.1.2 5 0 6 Global Matched

3.1.3 6 0 6 Global Matched

3.1.4 3 0 3 Global Matched (Bounds provided)
522 Case 1|9 4 2 Global Matched (Bounds provided)
5.2.2 Case2 | 9 4 2 Global Matched

5.2.2.Case 3 | 9 4 2 Global Matched

5.2.4 7 1 5 Global Matched

5.2.5 32 3 16 Global Matched

5.3.2 22 16 0 Global Matched

5.3.3 62 53 0 Best Known | Local solver did not converge
5.4.2 8 0 6 Best Known | Matched

5.4.3 16 13 0 Global Matched

5.4.4 27 19 0 Global Matched
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Tab. 4: Problem description for cases from Floudas et al. (1999)

Problem | Number of | Number of | Number of | Solution Remark

Name Variables Equalities Inequalities | Type

6.3.1 8 6 0 Global Matched

6.3.2 4 3 0 Global Matched

6.3.3 12 9 0 Global Matched

6.3.4 6 4 0 Global Matched

6.4.2 9 3 0 Global Matched

6.4.3 3 1 0 Global Matched

6.4.4 9 3 0 Global Matched

6.4.5 3 1 0 Global Matched

6.4.7 4 2 0 Global Matched

6.4.8 9 3 0 Global Matched

6.4.9 3 1 0 Global Matched

6.4.11 4 2 0 Global Matched

6.4.12 6 3 0 Global Inferior point
6.4.14 4 2 0 Global Improved soluton
7.2.1 7 0 14 Global Matched

7.2.2 6 4 1 Global Matched

7.2.3 8 0 6 Global Matched

7.2.4 8 0 4 Global Improved solution
7.2.5 5 0 5 Global Error in reported solution
7.2.6 3 0 1 Global Matched

7.2.7 4 0 2 Global Matched

7.2.8 8 0 4 Global Matched

7.2.9 10 0 7 Best Known | Matched

7.2.10 11 0 9 Global Matched

8.5.1 24 10 0 Global Matched

8.5.2 24 10 0 Global Matched

8.5.3 52 25 0 Global Matched

8.5.4 17 12 0 Global Matched

8.5.5 15 11 0 Global Matched

8.5.6 14 8 0 Global Inferior point
8.5.7 52 20 0 Global Improved solution
8.5.8 22 10 0 Global Matched

8.6.1 4 2 0 Global Inferior point
8.6.2 4 2 0 Global Inferior point
8.6.3 3 2 0 Global Local solver did not converge
8.6.4 3 2 0 Global Inferior point
8.6.5 3 2 0 Global Inferior point
8.6.6 4 2 0 Global Matched
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Tab. 5: Problem description for cases from Rumarsson and Yao (2000)

Problem | Number of | Number of | Number of | Solution Remark
Name Variables Equalities Inequalities | Type
A 01 13 0 9 Global Matched
B_g02 20 0 2 Best Known | Inferior point
C_g03 10 1 0 Best Known | Matched
D_g04 5 0 6 Best Known | Matched
E_g05 4 3 2 Best Known | Matched
F_g06 2 0 2 Best Known | Matched
G_g07 10 0 8 Best Known | Matched
H_g08 2 0 2 Best Known | Improved solution
1.g09 7 0 4 Best Known | Matched
J_gl0 8 0 6 Best Known | Improved solution
K gll 2 1 0 Best Known | Matched
M_gl3 ) 3 0 Best Known | Matched
Tab. 6: Problem description for cases from Al et al. (2012)
Problem | Number of | Number of | Number of | Solution Remark
Name Variables Equalities Inequalities | Type
P1 6 0 6 Best Known | Matched
P2 10 3 0 Best Known | Improved solution
P3 2 0 2 Best Known | Matched
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Tab. 7: Solution summary

Problem Known Best No. of | Worst No. of | Mean Mean | Mean
Name Solution Solution Times | Solution Times | Samples | Filter | CPU

Found Found | Size Points | Time
HS_018 5 5 10 5 10 1852 91 0.450
HS_019 -6961.81 -6961.81 10 -6961.81 10 607 7 0.120
HS_021 -99.96 -99.96 10 -99.96 10 461 1 0.094
HS_023 2 2 10 2 10 851 18 0.180
HS_030 1 1 10 1 10 1268 10 0.310
HS_038 0 0 10 0 10 1108 1 0.320
HS_041 1.92593 1.92593 10 1.92593 10 1887 25 0.570
HS_059 -7.80423 -7.80279 5 -6.74951 10 2465 161 0.860
HS_062 -26272.5 -26272.5 10 -26272.5 10 1217 20 0.300
HS_071 17.014 17.014 10 32.944 1 2076 19 0.610
HS_080 0.05395 0.05395 8 1.00000 3171 33 1.070
HS_083 30665.5 -30665.5 10 -30665.5 10 10848 100 3.970
HS_085 -1.90513 -1.90516 10 -1.90516 10 4338 11 1.520
HS_093 135.076 135.076 10 242.710 1 4048 15 1.540
HS_095 0.0156195 0.0156195 10 0.0156195 | 10 2426 1 0.920
HS_098 3.1358 3.1358 10 4.0712 8 8240 29 3.270
HS_101 1809.76476 | 4.34370/Fail | 1 1809.7648 | 10 11007 110 5.110
HS_103 543.668 16.324 /Fail 1 543.668 10 9590 84 4.410
HS_104 3.951163 3.951163 8 4.218/Sub | 4 17042 153 8.800
HS_109 5362.069 711.454/Fail | 1 5326.8500 | 8 14292 100 7.700
HS_114 -1768.81 -1768.81 10 -1768.81 10 11368 82 6.830
HS_118 664.82045 662.52000 10 662.52000 | 10 31000 36 28.01
HS_119 244.899698 | 244.90000 10 244.90000 | 10 16311 31 14.04
2.1.1 -17 -17 1 -2.5 1 2095 2 0.680
2.1.2 -213 -213 10 -213 10 32397 435 15.36
2.1.3 -195 -195 10 -195 10 5526 1 3.690
2.1.4 -11 -11 10 -11 10 26861 346 15.07
2.1.5 -268.015 -268.015 10 -268.015 10 14870 18 8.280
2.1.6 -39.000 -39.000 3 -18.222 1 6093 2 3.310
2.1.7_Case 1 | -394.7506 -394.751 10 -135.970 1 39992 87 39.19
2.1.7_Case 2 | -884.75058 | -884.751 10 -631.617 1 68468 152 68.98
2.1.7_Case 3 | -8695.01193 | -8695.01 10 -3683.77 1 48621 97 49.80
2.1.7_Case 4 | -754.75062 | -754.75100 10 -514.10200 | 1 26616 51 26.58
2.1.7_Case 5 | -4150.4101 -4150.4100 10 -904.69500 | 1 10.472 70 40.20
2.1.8 15639 15639 10 27168 2 29980 56 34.08
2.1.9 -0.375 -0.375 10 -0.333 10 8394 85 4.770
2.1.10 49318 49318 10 133719 2 43835 30 42.55
3.1.1 7049.24 7049.25 10 7049.25 10 10588 10 5.040
3.1.2 -30665.53 -30665.50 10 -30665.50 10 11217 97 4.070
3.1.3 -310 -310 8 -168 1 15807 278 7.050
3.1.4 -4 -4 10 -3.28179 1 1726 17 0.420
5.2.2_Case 1 | -400 -400 10 -100 6 7816 22 3.950
5.2.2_Case 2 | -600 -600 5 1901.37 1 6635 24 3.320
5.2.2_Case 3 | -750 -750 10 782.87 1 6836 22 3.460
5.2.4 -450 -450 8 420.395 1 3769 26 1.570
5.2.5 -3500 -3500 10 2415.34 1 41279 80 61.55
5.3.2 1.86416 1.86416 10 2.21220 1 29566 50 31.83
5.3.3 3.234 1.737/Fail 1 9.621/Fai1 1 146809 41 289.8
5.4.2 7512.23 7512.23 10 7512.23 10 12487 9 5.970
5.4.3 4845.00 4845.46 8 5937.44 9 14783 40 12.17
5.4.4 10077.8 10077.8 3 22168.5 1 25454 39 32.64
6.3.1 -0.0202 -0.0202 2 -0.0175 10 6827 28 3.150
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Tab. 8: Solution summary
Problem | Known Best No. of | Worst No. of | Mean Mean | Mean
Name Solution Solution Times | Solution Times | Samples | Filter | CPU
Found Found | Size Points | Time

6.3.2 -0.03247 -0.03246 3 3.0000E-6 1 2900 33 0.850
6.3.3 -0.3574 -0.3524 10 -0.3242 1 10951 19 7.020
6.3.4 -0.29454 -0.294541 10 8.0E"-7 1 4369 22 1.640
6.4.2 -70.75208 -70.75210 3 -70.5581 10 7183 49 3.670
6.4.3 0 7.0E"-7 10 7.0E"-7 1 1183 10 0.280
6.4.4 -0.16085 -0.16085 10 -0.13839 3 6753 38 3.480
6.4.5 -0.027 -0.027 10 6.0E"-7 1 1281 12 0.310
6.4.7 -0.03407 -0.03406 10 0.15652 10 3749 75 1.150
6.4.8 -3.02954 -3.05198 10 -2.66062 10 9842 133 4.040
6.4.9 0 -2.7E"-6 1 1.6E"-6 10 1127 13 0.280
6.4.11 0.28919 0.28919 10 0.39359 10 7379 159 2.380
6.4.12 -0.25457 -0.21621 4 -0.21620 6 5137 51 1.950
6.4.14 -0.07439 -0.69536 8 0.09867 10 3448 76 1.120
7.2.1 1227.23 1227.23 10 1227.23 10 9965 31 4.330
7.2.2 -0.388000 -0.388811 10 -0.388811 10 4587 38 1.720
7.2.3 7049.25 7049.25 10 7049.25 10 12086 11 5.580
7.2.4 3.95110 3.91801 10 4.20285 6 19872 120 9.210
7.2.5 1.1436 10122.5000 10 10122.5 10 9696 98 3.900
7.2.6 -83.2540 -83.2497 10 -83.2497 10 4261 103 1.140
7.2.7 -5.73980 -5.74376 10 -5.74376 10 6545 101 2.080
7.2.8 -6.04820 -6.04823 10 -5.72294 1 20289 98 10.16
7.2.9 1.14360 1.14362 10 1.14362 10 18054 29 10.93
7.2.10 0.140600 0.140607 10 3.78137 1 16628 45 10.46
8.5.1 0.618570 0.618573 10 0.618573 10 32462 43 38.37
8.5.2 0.485150 0.485152 10 0.485152 10 18855 24 22.37
8.5.3 0.00464972 | 0.00464971 6 0.005777 1 76456 43 181.7
8.5.4 0.21246 0.21246 10 0.21246 10 15833 38 13.76
8.5.5 0.0003075 0.0003075 2 0.001225 1 18204 34 14.26
8.5.6 0.0011400 0.0016085 1 28434.3 1 15473 49 11.37
8.5.7 29.0473 23.6129 10 23.6129 10 72406 56 172.35
8.5.8 3.32000 3.32185 10 3.32185 10 22804 35 24.74
8.6.1 -0.00988 -5.8E°-7 0.0063610 1 7119 23 2.200
8.6.2 0 -9.8E°-9 1.9E°-7 1 12282 29 3.860
8.6.3 -0.00400 0.15284 1.966 /Fail 1 1694 29 0.440
8.6.4 -0.000330 0.134798 10 0.38771 1 1615 28 0.410
8.6.5 -0.00700000 | -0.00116737 | 1 9.9E"-7 1 2615 47 0.690
8.6.6 -0.00120000 | -0.00116737 | 8 1.0E"-7 8 2163 22 0.610
A _g01 -15 -15 10 -12.6562 0 44280 367 35.86
B_g02 -0.803619 -0.740749 0 -0.363375 10 44921 71 31.43
C_g03 -1 -1 10 -1 0 5313 29 2.840
D_g04 -30665.539 -30665.500 10 -30665.5 0 11429 101 3.920
E_g05 5126.4981 5126.5000 10 5126.5 0 3827 60 0.980
F_g06 -6961.81388 | -6961.81000 | 10 -6961.81 0 747 8 0.120
G_g07 24.3062091 24.3062000 10 24.3062 0 17804 34 10.48
H_g08 0.095825 -0.105460 10 1.2E°-8 10 613 9 0.120
1209 680.6300573 | 680.6300000 | 10 680.6300000 | O 22881 247 11.79
J_gl0 7049.3307 7049.2480 10 7049.2480 0 10639 10 5.550
K gll 0.75 0.75 10 1 10 1852 116 0.440
M_gl3 0.0539498 0.0539498 10 0.0539498 0 3358 32 1.230
P1 -310 -310 4 -168 6 9640 69 3.780
P2 -47.764888 -47.761100 10 -47.761100 10 25627 299 16.56
P3 -5.508 -5.508 10 -5.508 10 1247 35 0.270
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Tab. 9: ICRS-Filter information

Problem Most Feasible Point Least Feasible Point
Name Mean Objective ‘ Mean Constraint Norm | Mean Objective | Mean Constraint Norm
HS_018 5.04 0.00 0.40 35.26
HS_019 -4939 0.340 -7766 20.89
HS_021 -99.95 0.000 -99.95 0.000
HS_023 3.42 0.00 0.00 11.00
HS_030 20.9300 0.0008 2.2300 1.0300
HS_038 0.15 0.00 0.15 0.000
HS_041 1.9900 0.0002 1.7400 1.9800
HS_059 -7.27 0.00 -15.65 374.20
HS_062 -22540 0.0006 -27901 0.5100
HS_ 071 70.50 0.0002 21.64 21.2000
HS_080 0.80 0.03 0.00 41.54
HS_083 -30659 0 -31851 2.060
HS_085 -1.81 0.00 -2.03 101.00
HS_093 1605.00 0.030 981.88 2.180
HS_095 0.04 0.00 0.04 0.004
HS_098 3.65 0.00 2.56 12.96
HS_101 2538.40 0.34 11.34 166.10
HS_103 1238.29 0.00 10369.00 158.30
HS_104 4.16 0.007 -4.44 10.56
HS_109 5649 5603.65 178 110769
HS_114 -590.71 10.83 -19233.00 7310
HS_118 734.71 0.00 659.88 78.16
HS_119 2724.820 0.3 1377.5 8.780
2.1.1 -12.01 0.00 -12.12 0.070
2.1.2 -208.36 0.00 -862.3 70.85
2.1.3 -187.63 0.00 -187.63 0.000
2.1.4 -8.54 0.00 -180.64 814.62
2.1.5 -257.62 0.00 -269.30 8.970
2.1.6 -26.34 0.00 -26.71 0.160
2.1.7_Case 1 | -187.74 0.00 -31457.00 1156
2.1.7_Case 2 | -684.70 0.00 -38367.00 1192
2.1.7_Case 3 | -5586 0.00 -691699 1136
2.1.7_Case 4 | -616.80 0.00 -25409.00 1224
2.1.7_Case 5 | -2884 0.00 -357597 1118
2.1.8 42772 0.00 33328 50.36
2.1.9 0 0.00 -6 4.000
2.1.10 168840 0.00 -800637 26562
3.1.1 9173 0.00 7216 226944
3.1.2 -30657 0.00 -31868 2.000
3.1.3 -253.58 0.00 -129101 115.26
3.1.4 -3.56 0.00 -4.36 2.350
5.2.2_Case 1 | 157.96 59.14 1806.41 28181.00
5.2.2_Case 2 | 646.07 31.27 -3978.5 33985.00
5.2.2_Case 3 | -4.12 141.45 -4140.80 72824.00
5.2.4 112.83 0.00 -1699.3 31.60
5.2.5 -2030.74 0.02 -8114.8 322.70
5.3.2 4.44 7.86 1.79 950.40
5.3.3 3.283585 218.0682 2.108546 5659
5.4.2 9506.44 0.00 7816.00 241203.00
5.4.3 5692.9 76.4 1774.8 2286.0
5.4.4 4875.6 259.39 2410.98 7608.00
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Tab. 10: ICRS-Filter information

Problem | Most Feasible Point Least Feasible Point
Name Mean Objective ‘ Mean Constraint Norm | Mean Objective | Mean Constraint Norm
6.3.1 0.01 54846.000 -0.20 0.870
6.3.2 -0.03 0.340 -0.44 1.240
6.3.3 0.25 0.830 0.12 0.990
6.3.4 0.04 0.540 -0.42 1.040
6.4.2 -61.93 0.01 -115.04 66.44
6.4.3 0.27 0.000 0.03 0.310
6.4.4 -0.09 0.000 -0.21 0.530
6.4.5 0.04 0.000 -0.02 0.190
6.4.7 0.16 0.000 -0.01 0.480
6.4.8 -2.66 0.000 -3.97 0.480
6.4.9 0.34 0.000 0.04 0.320
6.4.11 0.39 0.000 0.01 0.510
6.4.12 0.22 0.000 -0.48 0.420
6.4.14 0.099 0.000 -0.67 0.420
7.2.1 1286.29 0.000 598.84 0.410
7.2.2 -0.30 0.000 -0.94 1.530
7.2.3 7873.88 0.000 6632.34 5.350
7.2.4 4.13 0.000 -3.37 5.730
7.2.5 10133 0.000 8958.2 0.500
7.2.6 -83.21 0.000 -98.69 0.910
7.2.7 -5.73 0.000 -9.07 2.330
7.2.8 -5.82 0.000 -14.10 6.960
7.2.9 3.42 0.00 2.31 49.04
7.2.10 4.03 0.04 0.11 978.7
8.5.1 1.49 0.13 0 15.60
8.5.2 1.08 2.71 0 15.60
8.5.3 2.17 0.03 0 86.97
8.5.4 0.55 0.016 0 1.880
8.5.5 0.0008 0.004 0 1.030
8.5.6 153466 0.04 1.28 7.020
8.5.7 104.77 0.003 0 0.960
8.5.8 41.32 0.009 0 0.720
8.6.1 0.77 0.0001 -0.52 0.2300
8.6.2 0.35 0.0006 -1.02 0.3200
8.6.3 1.59 0.008 -0.13 1.040
8.6.4 0.69 0.020 -0.16 1.080
8.6.5 0.019 0.0002 -0.5 0.3750
8.6.6 0.24 0.0005 -0.24 0.6000
A _g01 -5.38 0.00 -170.07 644.10
B_g02 -0.50 0.000 -0.51 0.450
C_g03 -0.02 0.000 -203.00 2.220
D_g04 -30659 0.000 -25578 2.170
E_g05 5354.93 1.350 1607.87 1120.800
F_g06 -4961.55 0.00 -7806.89 12.64
G_g07 26.15 0.00 7.85 63.08
H_g08 -0.105 0.000 -87.150 4.390
I_g09 680.98 0.000 299.860 7974.400
J_gl0 7788.80 0.00 7140.52 1470812.00
K_gll 1 0.000 0.019 0.900
M_gl3 0.84 0.02 0.00 42.73
P1 -263.710 0.000 -421.110 2.610
P2 -42.48 0.006 -1156.46 94.720
P3 -5.49 0.000 -6.83 3.740
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Tab. 11: Improved solutions

2( 9FP88960°0 LEFTIELED'0 8TLVELIO0 TE66ELE0°0  9TLIE69000°0
GO9VEe8Y'0  0GTFIFI000 €ESTESL0  VOSLLFTO  L90FO0 )

2( 9FP88960°0  98T8IZELED'D  9960S6LT0°0 &SOVLO'0  8ETE69000°0
€9€6CS8Y°0  6EEFIFI000 LS0TESL0 CITLLFT0  990%0°0)

Apnjs o1} WOIJ PAUTEICO UOTIN[OS

9INYeIN U uornos pajrodoy]

(2102) ‘T8 9 [V WOy gd Wqunu wo[qold

2( 2109°¢6e  S9TF'98C €T86°LIG C109°G6T
LLTOT8T  L0L6°60TG  LOL6'6SET  L90E'6LS )

2( 6L6G°G6E  TITF'98C 66L6'LIC G86GC6C
PLI0C8T TLOOTISC €F6°6SET L9TE6LS )

Apnjs oy} WOIJ paurejqo UOIIN[OG

9INYRISYI[ UI UOIIN[0S pajiodey]

(0007) orx pue uossIRWNY WOIJ (TS [ IoqUINU Wo[qOI]

L ( 68L06FPL°€  TLVOISLTCT )

L eeLeqvey  €1L6L8TT )

Apnjs oY) WOIJ POUIRI(O UOTIN[OG

QINjeINI[ Ul uornjos pajrodey

(0007) orx pue mossIRWNY WOI YOS H IOQUINT WO[OI]

¢I'vGL  L9€°90€ 9GLLVP'0 CLLESGO  €9TO0'T

L9G°G¥L  €6E°0VE  PLIGOP'0 €9¢965°0 T¥I00°T

¢8G°GEL 8IP'GLE €9T09E°0 8T06€9°0 8166670

P1'9¢L  66°L07  GISTE0 GCLL89'0  L8SO0'T

9E6°VIL TVEV'REY €099L2°0 67494¢L0 S0200°T — LGV19°6 -9
Ge8'€0L GEGTIY 6C6ECO  G08CIL0  TCO0'T 9960.60°0
8LG'G69 ¢8L06V G6¥P0C'0 <CGLI8L'0 8¥C166°0

696789 T190°CIG L68CLT'0 TG¢8e8'0  STT00'T

180°9L9 6CL'TES CSEPVI'0 V.LVGP8'0 98868670

C8E'€99 899G LYG GTIBSTT'0  €76088°0 LG2966°0

96'74L 99°90€ T8YF'0 L89S0 TLOO'T

Gg'avL 6£0vE ¢S0v'0 ¢969°0 €TI00°T

¢E'GEL GE'GLE 009€°0 LLE90 L666°0

v6'veL 990V €LTE0 ¢C89'0 G666°0

COVIL V98EY €9LC°0 ¢yl 0 S000°T | _ . [ cEE¥el |\ _ 0
¢970L 08797V 86€C°0 099L°0 8500°T 89100

P7'669 ¥8'06¥ 9¥0¢'0 ¥.L8L'0 02660

G6'789 90°¢IS 6¢LT°0 ¢8¢8°0 TIOO'T

€9°GL9 6V'1€S T¥PT'0 LEVS0 8L860

8L°€99 ¥8LYS 6STT'0 9¢88°0 G866°0

Apnjs o} WOIJ paure}qo UOIIN[0G

9INYRISYI] UI UOIIN[0S pajiodey

(6661) 'Te 3 Sepnol] WoIj J 'G'] IoquInu WIqoI]

&A 980070 66€V0'T PITE'G 6L8G6°G IPLVESO 6980L9°0 TOTVEC wmmwm.wv

L(700P'0 80TO'T TLEG'G T€6'G L96G0 1990 FETT LPLV'Y )

Apnjs o1} WOIJ PAUTRICO I01I9A UOTIN[OG

9INYRISYI[ UI UOIIN[0S pajiodoy]

(666T) ‘Te 1@ sepnofj wolj 'z’ IquInu Wayqold

(8T 4L G T 0L € 9 €9 T 0 95 0 € 67 8)

(8T L4 G T 0L € 9 €9 T 0 95 1 € 67 8)

Apnjs oY) WOIJ pauTre)o I0jo0A UOIN[O0S

9IN9RISI[ Ul UOIIN[0s pajiodoy

(TS6T) I{SMONIIUDS PUe YOOF] WOY STT~SH IOGUINT WO ]

2( 67066°L88  9FEFI 98¢  LVEIG60C ST GST
cr09€'0—  6S6CET°0  STE99TEIT  9L601°699 )

L T67'89€  199°0ZF GOV'T0C TST TST
9ZGTTLE0— T69SEET0 OLT'FETT T888FL9 )

Apnjs o1} WOIJ PAUTEICO I01I9A UOTIN[OG

9INYRISY[ UI UOIIN[0S pajioday]

(AT86T) DISMONIYDS pUe FPOH WOIy GOT SH WGUINT WoI]




6 Conclusions and future work 27

Tab. 12: Problem 5.3.3 ICRS-Filter information for multiple runs

’ Run ‘ Filter Most Feasible Point ‘ Filter Least Feasible Point
Objective Value | Constraint Norm | Objective Value | Constraint Norm
1 1.959 206.080 1.827 1010.07
2 2.545 207.717 2.031 6845.00
3 3.899 262.990 1.968 8296.00
4 3.199 185.753 2.000 3369.80
5 3.449 220.061 1.889 6652.00
6 3.729 231.500 2.622 7707.00
7 2.620 257.828 2.486 5118.00
8 3.790 150.625 2.17 9643.00
9 2.514 233.207 1.878 2403.60
10 5.130 224.921 2.214 5545.20

6 Conclusions and future work

This paper presents a new approach towards obtaining improved solutions for generally
constrained nonconvex optimization problems. By combining the ICRS Algorithm of
Casares and Banga (1987) with the concept of a dynamic filter, the new method ICRS-
Filter is produced.

Our computational results suggest that the method works well with “small” problems
(i.e. up to 52 variables and 25 constraints). Failures of the method are attributed to the
local optimization solver which was unable to converge. However, it should be noted that
the ICRS-Filter method gives the most feasible points whose objective values are very
close to the best known solution.

The future work following from the very encouraging results obtained in this study
would be to use an alternative local optimization solver and scaling up the algorithm
by implementing it in C++4. Large-scale applications with many more variables and

constraints will be examined to evaluate the performance of the algorithm.
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