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Abstract

An advanced semi-stochastic algorithm for constrained multi-objective optimization has been
adapted and combined with experimental testing and verification to determine optimum
concentrations of alloying elements in heat-resistant and corrosion-resistant H-Series austenitic
stainless steel alloys. The objective was to simultaneously maximize a number of alloy’s
mechanical properties. This research will result in a rigorous tool for the design of high-strength
H-Series steels and other types of alloys unattainable by any means existing at the present time.
Such a material-by-design tool will also be able to reduce or minimize the need for the addition
of expensive elements such as Cr, Ni, Co, Nb, Ti, V, etc. and still obtain the optimum properties
of an alloy.

Introduction

There is an industry-wide need for improving material property performance for the
applications that they are currently used for and to increase their upper use temperature for
applications that improve the process efficiencies such as chemical and heat-treating processes
carried out at higher than currently used temperatures. Instead of using still relatively unreliable
and computationally highly complex thermodynamic models for the prediction of physical
properties of alloys with given chemical compositions, we have adopted a new approach of
using a stochastic optimization algorithm and actual experimental evaluations of the candidate
alloys. This approach has the potential of identifying new compositions that have superior
properties, while requiring only dozens rather than thousands of different alloy samples to be
created and experimentally tested. Furthermore, this approach has the potential for creating and
designing alloys for each application, thereby maximizing their utilization at reduced cost. .
This work on designing a new class of alloys for high-temperature strength, corrosion, and
thermal fatigue resistance falls into a category of “combinatorial methods” for rapid screening
of materials for industrial applications and/or materials property optimization. It also stimulates
acquisition of thermo-physical property data needed for materials processing and industrial
application, a clear path to solution of major problems in modeling, process simulation, and
control.



The key to the success of this entire approach is the robustness, accuracy, and efficiency of the
multi-objective constrained optimization algorithm. There are only a few commercially
available general-purpose optimization software packages. They all use almost exclusively a
variety of standard gradient-based optimization algorithms, which are known to be unreliable
because of their tendency to terminate in the nearest feasible minimum instead of finding a
global optimum [2,3,4]. Moreover, these algorithms can perform only optimization of a
weighted linear combination of objective functions. This formulation does not provide a true
multi-objective optimization capability, that is, each individual objective is not fully
maximized. Furthermore, these optimizers require an extremely large number of objective
function (mechanical and corrosion properties of alloys) evaluations, which makes the total
number of experimental evaluations unacceptably large.

We have adapted an advanced semi-stochastic algorithm for constrained multi-objective
optimization [1] and have combined it with experimental testing and verification to determine
optimum concentrations of alloying elements in heat-resistant and corrosion-resistant H-Series
austenitic stainless steel alloys that will simultaneously maximize a number of alloy’s
mechanical properties Semi-stochastic, truly multi-objective constrained optimization
algorithms have not been commercialized yet and have not been demonstrated in this field of
application. This work is based on a special adaptation and use of such an algorithm specifically
for the task of optimizing properties of alloys while minimizing the number of experimental
evaluations of the candidate alloys. This multi-objective optimization algorithm is of a semi-
stochastic type incorporating certain aspects of a selective search on a continuously updated
multi-dimensional response surface. Both weighted linear combination of several objectives
and true multi-objective formulation options creating Pareto fronts are incorporated in the
algorithm. The main benefits of this algorithm are its outstanding reliability in avoiding local
minimums, its computational speed, and a significantly reduced number of required
experimentally evaluated alloy samples as compared to more traditional semi-stochastic
optimizers like genetic algorithms. Furthermore, the self-adapting response surface formulation
used in this research allows for incorporation of realistic non-smooth variations of
experimentally obtained data and allows for accurate interpolation of such data. This
optimization algorithm also allows for a finite number of chemically non-reacting ingredients in
the alloy, for a finite number of physical properties of the alloy to be either minimized or
maximized, and for a finite number of equality and inequality constraints.

Multi-Objective Optimization Concepts

With the continuing growth of computing resources available, the attention of design engineers
has been rapidly shifting from the use of repetitive computational analysis, personal experience,
and intuition, towards reliable and economical mathematically based optimization algorithms.
This trend has exposed the practical limitations of traditional gradient-based optimization
approaches [2] that easily terminate in a local minimum, can usually produce only single-
objective optimized solutions, and require that the objective function satisfies continuity and
derivability conditions. These facts, together with the growing need for the multi-disciplinary
and multi-objective approach to design with a large number of design variables, resulted in an
increased interest in the use of various versions of hybrid [3,4], semi-stochastic [5,6,7,8] and
especially stochastic [9,10] constrained optimization algorithms. It should be pointed out that
including more objectives in the optimization process often has similar effects on the overall
optimization effort required as including more constraints especially if these constraints are
incorporated as penalty functions.



The multi-objective optimization problem maximizes a vector of n objective functions

max Fi(X) fori=1,..n (1)
subject to a vector of inequality constraints

g(xX)<0 forj=1,..m (2)
and a vector of equality constraints

hy(X)=0 forq=1,..k (3)

In general, the solution of this problem is not unique. With the introduction of the Pareto
dominance concept the possible solutions are divided into two subgroups: the dominated and
the non-dominated. The solutions belonging to the second group are the "efficient" solutions,
that is, the ones for which it is not possible to improve any individual objective without
deteriorating the values of at least some of the remaining objectives. In formal terms, in case of
a maximization problem, it is possible to write that the solution X dominates the solution Y if
the following relation is true.

X>p Y & (ViR (X) 2 F(Y) N (J: Fj(X) > Fj(Y)) 4)

Classical gradient-based optimization algorithms are capable, under strict continuity and
derivability hypotheses, of finding the optimal value only in the case of a single objective. For
these algorithms, the problem of finding the group of non-dominated solutions (the Pareto
front) is reduced to several single objective optimizations where the objective becomes a
weighted combination of objectives called utility function.

Multi-objective optimization algorithms that are based on a genetic algorithm have been
successfully applied in a number of engineering disciplines [5]. However, for a large number of
design variables and objective functions that need to be extremized simultaneously, this
approach becomes progressively too time consuming for practical applications in industry.

Our approach is based on the widespread application of response surface methodology, based
upon the original approximation concept, within the frameworks of which we adaptively use
global and middle-range multi-point approximations. One of the advantages of this approach is
the possibility of ensuring good approximating capabilities using a minimum amount of
available information. This possibility is based on self-organization and evolutionary modeling
concepts [1,7]. During the approximation, the approximation function structure is being
evolutionarily changed, so that it allows us to approximate successfully the optimized functions
and constraints having sufficiently complicated topology. The obtained approximation
functions can be used by multi-level procedures [7] with the adaptive change of simulation
level within both a single and multiple disciplines of object analysis, and also for the solution of
their interaction problems.

Multi-objective optimization problem solution [7,8] is based on the use of approximation
functions for individual objectives and constraints. The current search area of adaptive
changing makes it possible to search numerically the Pareto-optimal set without the use of any
versions of composite objective functions (convolution approach). To reduce the computing
time significantly, we have developed a multi-level multi-objective constrained optimization
methodology that is a modified version of a method of Indirect Optimization based upon Self-



Organization (IOSO) [1] and evolutionary simulation principles. Each iteration of 10SO
algorithm consists of two steps. The first step is the creation of an analytical approximation of
the objective function(s). Each iteration in this step represents a decomposition of the initial
approximation function into a set of simple analytical approximation functions so that the final
response function is a multi-level graph. The second step is the optimization of this
approximation function. This approach allows for corrective updates of the structure and the
parameters of the response surface approximation. The distinctive feature of this approach is an
extremely low number of trial points to initialize the algorithm (typically 30 to 50 values of the
objective function for the optimization problems with nearly 100 design variables). During the
IOSO operation, the information concerning the behavior of the objective function in the
vicinity of the extremum is stored, and the response function is made more accurate only for
this search area. While proceeding from one iteration to the next, the following steps are carried
out: modification of the experiment plan; adaptive selection of current extremum search area;
choice of the response function type (global or middle-range); transformation of the response
function; modification of both parameters and structure of the optimization algorithms; and, if
necessary, selection of new promising points within the researched area. Thus, during each
iteration, a series of approximation functions for a particular objective of optimization is
constructed. These functions differ from each other according to both structure and definition
range. The subsequent optimization of these approximation functions allows us to determine a
set of vectors of optimized variables.

It should be pointed out that the IOSO approach is different than the artificial neural network
approach that performs fast interpolation of the existing experimental data sets [11,12]. Our
approach combines a multi-level graph theory, a special version of radial basis function
formulations [13], and neural networks into a self-adaptive response surface optimization
algorithm capable of exploring and optimizing data that is outside of the original data set.

Technical Feasibility and Objectives

The problem of search for Pareto-optimum solutions set while varying chemical composition of
an alloy would be an unacceptably labor-intensive process. This is because of an extremely
large number of alloy compositions that would need to be created and because several of the
properties of each of these alloys would have to be evaluated experimentally. In this case, we
can speak only about the creation of some rather extensive database including the information
on various properties of alloys for various combinations of a chemical structure.

With reference to a particular problem of creation of an alloy with desirable properties, there
will inevitably arise a problem of constraints that need to be specified on the objective
functions. Such objective constraints should be set by the user (expert) and could be allowed to
vary during the solution process. For example, minimum acceptable value for the Young’s
modulus of elasticity could be specified as an inequality constraint. Or, maximum acceptable
percentage of each of the most expensive ingredients in the alloy could be specified as a cost
objective constraint. Or, the total acceptable manufacturing cost of an alloy could be specified
as an equality constraint.

Thus, we can consider the possibilities of using the means and methods of optimization (and, in
particular, IOSO) for the solution of particular problems of alloy's properties optimization.
Unfortunately, such problems, as a rule, are difficult to formalize at the initial stage, since the
user does not know initially what values certain objectives could attain and how the remaining
objectives will vary. For example, for the optimization of a problem in the car industry with six
variables we needed approximately 60 experiments when using the basic I0SO algorithm.
However, for optimization of the classical Rosenbrock test function, having only two variables,



it was necessary to perform almost 300 objective function evaluations. Thus, it is very difficult
to predict the number of experiments required in the optimization application utilized here.
Therefore, it seems that such problems of optimization can be solved only in an interactive
mode, when the user during the solution can change both objective constraints and objective
functions. In this case, one can speak about optimally controlled experiments. Let us consider
several different scenarios for the solution of optimization problems for these conditions.

The first approach is to perform a general multi-objective optimization of the material
properties. Within the framework of this strategy we are to solve the multi-objective
optimization problem (to find the Pareto set) using the general IOSO algorithm. This strategy is
the most accurate, but it requires a very large number of experiments.

The second approach is an interactive step-by-step optimization of the material properties. The
first step of this strategy is to create an initial plan of experiments. This involves the
formulation of a single (hybrid) optimization objective by the user (this objective may be the
convolution of particular objectives with different weight coefficients assigned to each of them)
and one optimization step to minimize this objective. The result of this strategy is the single
(not Pareto-set) solution. However, during such relatively efficient quasi multi-objective
optimization process we can accumulate the information about the particular objectives and
construct progressively more accurate response surface models.

In order to develop and realize the most effective optimization strategies (both of the first and
the second kind) we have to perform a thorough preliminary search for the classes of base
functions that will be able to construct the most accurate response surface models.

Brief Description of Methodology

The methodology for steel optimization is subject to several simultaneous objectives in the
organization and conduct of an iterative optimized experiment. The result of these studies is the
Pareto-optimal set of steel compositions that simultaneously optimizes the chosen objectives.
The multi-objective optimization algorithm is based upon the use of a response surface
technology developed within the frameworks of the IOSO concept. Here, response surfaces are
created that are based on the available experimental data. During the conduct of research the
information is being stored concerning the properties of steel in the vicinity of the Pareto set.
This allows us to improve the accuracy of the results. Every iteration of this optimization
methodology results in the formulation of a new set of alloy compositions, which are promised
to be Pareto optimal and need experimental studies to obtain the true values of the objectives.
While conducting this work we used the algorithms of artificial neural networks (ANN) for
creating the response surfaces. We also used radial-basis functions that were modified for the
specifics of this optimization research. The essence of modification is the selection of ANN
parameters during the network training stage. They are determined from the minimum
curvature of the response surface and provide the best predictive properties for the given set of

experimental points W, ., € W, .. In engineering terms, every iteration of multi-objective

optimization methodology for H-series steel composition consists of following steps:
1. Constructing and training the ANNT for a given set of experimental points based on the
condition W, =W,

mi*

2. Carrying out multi-objective optimization using ANNI1 and obtaining the pre-defined
number of Pareto-optimal solutions P;.

3. Determination of a subset of experimental points Wp,y,, which are the closest to P;
points in the space of design variables.



4. Training the ANN2-based on the insurance of the best predictive properties applying to

the obtained subset of experimental points W, e W, . .

5. Carrying out multi-objective optimization using ANN2 and obtaining the pre-defined
number of Pareto-optimal solutions, P.

Initial Data Set

The initial data were the results of experimental testing of 17 samples of H-series steels with
different percentage of alloying components. The experimental data for creep rupture strength
after 100 hours at temperature of 1800 F is presented in Table I. Note that the poor set of
available experimental data (only 17 points for 6 independent variables) and non-uniformity of
their distribution in the space of design variables do not allow us to hope to obtain good
accuracy of the results in the first iteration of this multi-objective optimization methodology.
However, the main goal of this research is the creation of a plan of future experiment, which
will allow us to improve the accuracy of the optimized steel composition for the next iterations.

Table 1. The Initial Data Set

Nominal Composition (Wt. %) 1800 F
Fe C Mn Si Ni Cr N 1072h (Psi)

54.64 0.1 0.87 1.24 18.9 24.2 0.05 1684
52.92 0.14 1.02 1.22 20.1 24.5 0.1 2084
52.88 0.17 0.92 1.23 20.1 24.6 0.1 2303
54.28 0.2 0.95 1.07 19.3 241 0.1 2691
51.01 0.27 0.98 1.23 204 26 0.11 3324
50.75 0.28 1.05 1.27 20 26.5 0.15 3500
52.1 0.28 0.52 0.52 20 26.5 0.08 3600
51.73 0.3 0.53 0.84 20 26.5 0.1 3800
50.6 0.3 0.58 1.62 20.1 26.7 0.1 4300
51.85 0.3 0.53 1.21 19.7 26.3 0.11 4250
51.06 0.32 0.98 1.26 20.2 26.1 0.08 4415
51.54 0.32 0.51 1.25 20 26.3 0.08 4600
51.54 0.32 0.52 1.19 19.9 26.3 0.23 4800
52.68 0.32 0.5 0.5 19.9 26 0.1 3600
49.09 0.32 0.51 1.26 19.9 28.8 0.12 3600
53.9 0.33 0.51 1.25 20 23.9 0.11 3700
52.409 0.35 0.82 1.07 211 24.2 0.051 4573




Design Variables and Multiple Optimization Objectives

As the independent design variables for this problem we considered the percentage of the
following components: C, Mn, Si, Ni, Cr, N. Ranges of their variation were set according to
lower and upper bounds of the available set of experimental data. The bounds are presented in
Table II.

Table I1. The Specified Ranges of Design Variables

C Mn Si Ni Cr N
Min 0.1 0.5 0.5 18.9 23.9 0.05
Max 0.35 1.05 1.62 21.1 28.8 0.23

As the main optimization objective, we considered the creep rupture strength of the H-type steel
after 100 hours under the temperature of 1800 F. Other objectives have been chosen issuing
from the necessity to reduce the cost of the steel. In this work, the additional three objectives
were to simultaneously minimize the percentages of Mn, Ni, Cr. Thus, the multi-objective
optimization problem had 6 independent design variables and 4 simultaneous objectives. We
defined the desirable number of Pareto optimal solutions as 10 points.

Numerical Results

Figure 1 demonstrates the results characterizing the accuracy of the obtained response surface
based on ANNI1. One can see that for most of the available experimental points mean error of
the prediction created by the ANNI does not exceed 4%. The exception is observed for the
experimental point No. 11, where mean error is 8.4%. As a result of this four-objective
constrained optimization problem solution, a subset of experimental points W, € W,, ., which
contained points No. 8,9,13...17, was obtained. The training of ANN2 allowed us to improve
the accuracy of approximation for these points of the experimental data set (Figure 2). Then, the
four-objective optimization task was actually solved by using ANN2 resulting in a Pareto-
optimal set of 10 new alloy compositions. This set is presented in Table III.

Table II1. The Set of Ten Pareto-Optimal Solutions

Pareto-optimal Composition (Wt. %) 1800F
Fe C Mn Si Ni Cr N Psi (predicted values)

51.41 0.33 0.50 1.32 19.89 26.31 0.23 4804
53.42 0.35 1.03 0.50 20.73 23.90 0.08 4214
52.51 0.35 1.05 1.30 19.05 25.64 0.10 4031
50.50 0.33 0.67 1.43 18.90 28.02 0.16 3828
53.33 0.29 0.50 0.51 21.10 24.06 0.20 3607
53.41 0.19 1.01 1.09 20.31 23.90 0.09 2350
53.22 0.22 0.97 1.38 18.90 25.20 0.11 2338
50.88 0.22 0.52 1.59 18.90 27.68 0.22 2257
53.49 0.15 0.68 1.02 20.60 23.90 0.17 2235
54.74 0.12 0.55 1.57 18.90 23.90 0.22 1706




Figure 3 shows the 10 new (optimized) chemical compositions that should be used to create the
next generation of physical alloy samples that will need to be experimentally tested. One can
see that carrying out the experimental research for the predicted alloy compositions will make
the distribution of the experimental points more uniform, and thus it will improve the quality of
the response surfaces. Figures 4 and 5 show the examples of ANN2 response surface topology
in the vicinity of the first, second, and the tenth point from the obtained Pareto set.

Summary

A conceptually new method has been developed for determining proper chemical compositions
of high-temperature steels that will have simultaneously optimized multiple physical properties.
The method is based on a novel semi-stochastic multi-objective optimization algorithm that can
utilize experimentally evaluated physical properties of a relatively small number of different
alloy samples. The final outcome of the development of this type of multi-objective semi-
stochastic optimization could be the ability of H-series stainless steel producers and users to
predict either the alloy compositions for desired properties or to predict properties of given
alloy compositions. Furthermore, this methodology is quite general and could be applied to
multi-objective optimization of compositions of other types of metal alloys and even polymers.

Acknowledgements

The authors are grateful for the financial support provided for this work by the US Department
of Energy under the grant DE-FC07-011D14252 and by the US Army Research Office under
the grant DAAD 19-02-1-0363. They are also grateful for the in-kind support provided by their
employing institutions.

References
1. Igor N. Egorov, “Indirect Optimization Method on the Basis of Self-Organization,”

Proceedings of Optimization Techniques and Applications (ICOTA’98), 2 (1998), 683-691,
Curtin University of Technology, Perth, Australia.

2. Singiresa Rao, Engineering Optimization: Theory and Practice, Third Edition (John
Wiley Interscience, New York, 1996).

3. Engineous User Manual, General Electric Corporate Research and Development Center,
Schenectady, NY (1995).

4, George S. Dulikravich, Thomas J. Martin, Brian H. Dennis and Norman F. Foster,
“Multidisciplinary Hybrid Constrained GA Optimization,” Chapter 12 in EUROGEN’99 -
Evolutionary Algorithms in Engineering and Computer Science: Recent Advances and
Industrial Applications, ed. K. Miettinen, M.M. Makela, P. Neittaanmaki and J. Periaux (John
Wiley & Sons, Ltd.), Jyvaskyla, Finland, May 30 - June 3 (1999), 231-260.

5. Carlo Poloni, Valentino Pediroda, L. Onesti and A. Giurgevich, "Hybridization of Multi
Objective Genetic Algorithm, Neural Networks and Classical Optimizer for Complex Design
Problems in Fluid Dynamics,” Computational Methods in Mechanics and Engineering, June
(1999).




6. Igor N. Egorov, G. V. Kretinin and 1. A. Leshchenko, "Multicriteria Optimization of
Time Control Laws of Short Take-Off and Vertical Landing Aircraft Power Plant,” ASME
paper 97-GT-263 (1997).

7. Igor N. Egorov, G. V. Kretinin and I. A. Leshchenko, “The Multilevel Optimization of
Complex Engineering Systems,” Proceedings of 3rd WCSMO, New York, ISSMO Short paper
(1999a), 414-417.

8. Brian H. Dennis, Zhenxue Han, Igor N. Egorov, George S. Dulikravich and Carlo,
Poloni, “Multi-Objective Optimization of Turbomachinery Cascades for Minimum Loss,
Maximum Loading, and Maximum Gap-to-Chord Ratio,” AIAA Multidisciplinary Analysis and
Optimization Conference and Exhibit, Long Beach, CA, Sept. 5-8 (2000); also in International
Journal of Turbo & Jet-Engines, 18 (3) (2001), 201-210.

9. Igor N. Egorov and G. V. Kretinin, “Multicriterion Stochastic Optimization of Axial
Compressor,” Proceedings of ASME COGEN-TURBO-VI, Houston, Texas (1992).

10.  Igor N. Egorov, G. V. Kretinin, I. A. Leshchenko and S. S. Kostiuk, “The Methodology
of Stochastic Optimization of Parameters and Control Laws for the Aircraft Gas-Turbine
Engines Flow Passage Components,” ASME paper 99-GT-227 (1999b).

11.  J. Jones and D. J. C. MacCay, “Neural Network Modeling of Mechanical Properties of
Nickel Based Superalloys,” 8™ International Symposium on Superalloys, Seven Springs, PA,
USA, September1996, ed. R. D. Kissinger et al. (published by TMS 1996), 417-424.

12.  University of Cambridge, Department of Materials Science and Metallurgy, Cambridge,
UK, http://www.msm.cam.ac.uk/phase-trans/abstracts/epsrc3.html

13. 1. M. Sobol, “Uniformly Distributed Sequences with an Additional Uniform Property,”
USSR Computational Mathematics and Mathematical Physics, 16 (1976), 236-242.



http://www.msm.cam.ac.uk/phase-trans/abstracts/epsrc3.html

predicted

error

5000

4000

3000

2000

0.08

0.06

0.04

0.02

2000 3000 4000 5000
observed

2 3 45 6 7 8 9 1011 12 13 14 1516 17
experiment number

Figure 1: Accuracy of the ANNI.
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Figure 3: Result of the first iteration of steel composition optimization.
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