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ABSTRACT problems. Among them, perhaps the most commonly used are

In the present paper, a hybrid version of the Generalize?mwated annealing (SA) [5], genetic algorithms (GA) [3] and their

Extremal Optimization (GEO) and Evolution Strategies (ES erivatives.

algorithms [1], developed in order to conjugate the convergencEhe Generalized Extremal Optimization algorithm (GEO) [9-11],
properties of GEO with the self-tuning characteristics present ilike SA and GA, is a stochastic algorithm, but unlike these ones, it
the ES, is applied to the estimation of the temperature distributitvas only one free paramete) {0 be set, instead of three or more.

of the film cooling near the internal wall of a thruster. ThegeQ was developed as a generalization to the EO method [12] and,
temperature profile is determined through an inverse proble@ince then, has been successfully applied to a broad variety of
approach using the hybrid. The profile was obtained for steadyience and engineering real-world problems [9-11,13-19]. It is a
state conditions, were the external wall temperature along “_Lﬁobal search meta-heuristic, based on a model of natural evolution
thruster is considered as a known input. The Boltzmann’s equatlfzﬂ)]’ and specially devised to be used in complex optimization
parameters [2], which define the cooling film temperature profiléyohlems. It has its fundaments on the Self-Organized Criticality
are the design variables. Results using simulated data showed t C) theory, which has been used to explain the power law
this approach was efficient in recuperating those parameters. TQF‘%natures that emerge from many complex systems [21].
approach showed here can be used on the design of thrusters wit ) i .

lower wall temperatures, which is a desirable feature of such® [22] is a well known technique, whose first developments

devices. remounts back to the early 1960’s and whose further versions were
among the first algorithms to include self-tuning (of their internal
1. INTRODUCTION parameters) as a feature.

In the last 20 years, a considerable number of global optimizatia—ll;Ie GEO + ES hybrid algorithm [1] was d_eveloped as way of
methods have been developed. Most of them are based on natﬁfé{pb'n'ng the good convergence properties of a real-\{alged
phenomena analogies, trying to copy the efficiency and simplici rsion qf the GEO algorithm with thg self-tuning characterlstlgs
of observed self-optimized processes in nature. Algorithms ba [gsent mh the ”ES mﬁtho?s. ]thalso m;roducei al nevl\{ muftatrllon
on the evolution of species [3,4], on the annealing of metals [5], @perator that a OWS_t e algorithm to change the joca ity o t. N
the functioning of the brain [6], on the immune system [7] angearch at each iteration. Three perfor_mance_tests with test functions
even on the social behavior of ants [8] have been developed Asgd by other authors [23-25] for testing their own algorithms were
used to get optimized solutions for many science and engineering
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also performed for GEO + ES in [1] and compared, all showingat the notationp+A)-ES indicates that both populations take part
excellent performance for the GEO + ES hybrid. of the natural selection and the notatiqnAJ-ES indicates that

Low thrust bipropellant rocket engines development present 94ly the sons populatio, participates of the natural selection. On
difficult task regarding the heat load on the thruster wall. Thie ES, the selection pressure is rather high, since, typikatiy.
adiabatic combustion temperature for stoichiometric mixture dihe mutation, in its simpler version, is obtained by adding to each
most propellant pairs is much higher than the allowabléesign variable vector component values coming from the same
temperature limit of the combustion chamber material. fGaussian distribution. The size or intensity of this mutation, i.e.,
compromise solution between the energetic efficiency (neHte standard deviation of the Gaussian distribution, usually vary
stoichiometric mixture ratio) and wall heat load (which requires @uring the search, evolving together with the design variables, in a
fuel or oxidizer rich film near the wall) must be found. process known as self-adaptation. The self-adaptation is perhaps

The heat load on the thruster wall depends on the temperaturethtﬁ main contribution from ES methods to the optimization field.

the combustion products in the gas film near the wall, and the héafnutation operator version with ES, called one size uncorrelated
transfer coefficient. The determination of these parameters Bytation, uses only one Gaussian distribution, described by
analytical methods is subject to very large errors due to difficultigguss(Qy) = o-gauss(0,1), as source of perturbation of sifwr all

in modeling the atomization, mixing and combustion process#ize N components of the vectof containing the N design
inside the chamber. The experimental measurement of the heatiables. In this way, each vect¥r generated by the mutation
transfer coefficient and near wall gas film temperature is alsgperator has an associated The o parameter, by its turn, is
difficult to perform. considered as an additional variable by the ES. Then, each ES

In this paper we describe a method to estimate the near wall §adividual is composed by the seXp}, and o is mutated
film temperature from the measured outside wall temperatufgUltiPlying it by a variable with lognormal distribution with zero
during the wall heating transient. The success of the meth8an and standard deviatianin this way:

depends on the hypothesis that the aero-thermodynamic process n — gnl poauss(®) 0
inside the chamber is much shorter than the wall heating transient.

In [26], preliminary results were showed. In this article, the GEO + X=X jn_l +gaus$(0,6") (2

ES hybrid algorithm is thoroughly presented and used to solve the ) ) ) )

inverse problem of thermal model parameter estimation for t¥here the subscripts n-1 and n are used just to signalize value
200N hydrazine thruster being developed by the National Instit/ggfore mutation and after mutation, respectively. In the Eq. 2
for Space Research of Brazil, INPE (in portuguese, Institut"épo_ve’ the_ subscript j of_the functlon_gauss(.)_|nd|cat_es that each
Nacional de Pesquisas Espaciais). From the experimental datad§gign variable suffer a different mutation, despite coming from the
the temperatures along the thruster external wall, and considerf@j"® random variable (same probability distribution). It is
steady-state conditions, one wants to find the optimal estimates iPortant to notice that, despite each individual being a){Xair,

the Boltzmann’s equation parameters [2], e.g., the coefficients ¥ adaptation function used in the selection process is the
the Boltzmann equation that best match the outside wdbjective function, FX), of the optimization problem originally
temperature profile during the initial thermal transient Thérmulated and not a F({X}). The mutation mechanism described
temperatures of the burning mixture film on the vicinities of th&y the Eq.s 1 and 2 generates a self-adaptation for the mutation size
thruster internal wall are defined with help of the Boltzman®w, since the selection process acts, at each generation, o6 the
equation. The importance of finding the optimal estimates is thatgctors resulting from the mutations done under sev@salbut

once accurately found, they allow precise computerized thernatly the besK vectors survive, carrying with them their respective

9

simulations for the thruster. o0's. The parameten in the Eq. 1 becomes, then, the only free
parameter of this ES version. This parameter is commonly called
2. GEO + ES HYBRID ALGORITHM learning rate (of the ES about theX§). Basically, the parameter

In the following, ES and GEO stand alone algorithms arg€finés how rapidly the value af can vary at each generation
described, being followed by the description of the GEO + géteration) of the ES. High values for indicate that the ES can

hybrid. perform the search by rapidly passing from a global (bighto a
local search (lows's) and vice-versa.
2.1 ES algorithm According to [22], the essential characteristics present in the ES

ES is an optimization technique based on the ideas of adaptaf¥f: () ES methods are, in general, used for optimizing problems
and evolution, being another member of the family of thavith continuous design variables (real); (i) Mutation is the main

Evolutionary Algorithms (EA) [22]. ES methods use real code@pPerator _usgd to generate new individuals; (i.ii) Design variabl.es
vectors (non binary) and mutation mainly, among others, Egg.uta}tlor.] is |mplemented by adding noise coming from a Ggussnan
operators. As it is common in EA, the operators are applied mstr!putlon and; (iv) Thg parameters that control the mutation are
order: recombination, mutation, evaluation of the adaptatighodified along the algorithm execution.

function and natural selection. Applying this loop one time is called ) )

a generation, and it is repeated until a stop criterion is reached. 2.2 GEO algorithm versions

The first ES methods were based on a population of only twgjnce GEO's first appearance in the literature [9], it already had a
individuals per generation: one search space point (the father) Madiant called GEQ,. In this section, for conciseness, references to
one mutation of it (the son), being used the notation (1+1)-ESEO must be understood as references to both GEO and.GEO

More recent versions employ populations of fathers and sons, sitHess explicitly stated otherwise.
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In [1], four improvements for the canonical GEO algorithm [9proportional to the gain (or loss) the objective function value has in
were suggested. One of them, called GEGses real coded mutating (flipping) the bit. Regardless of the design variable it
variables instead of the binary ones used by the canonical GEO &edbngs to, all bits are ranked from 1, for the least adapted bit, to L
has presented very good performance results with test functionsfan the best adapted. A bit is then mutated according to the
terms of convergence properties. All GEO versions and ES shambability distribution P(k)J k™, where k is the rank of a selected
the characteristic of using mutation as the main operator to genetgitecandidate to mutate, andis a free control parameter, set prior
individuals. The GEQversion is the onIy one that shares with thQO execution. Fort - O, any bit of the String has the same
ES also the characteristic of using real instead of binaptobability to be mutated, while far — «, only the least adapted
codification of the design variables. Considering this and al§g; can be mutated. The meaning of this is thattfos 0, GEO
considering its excellent performance, GR@as chosen 10 form performs a random walk in the binary discretized search space,

the GEO + ES hybrid. whereas fort - «, it performs only deterministic (best choice)

In what follows, GEO canonical version and the real codeshovements. In practice, due to the exponential character of the

improved version GEQare described. exponential distribution of P(k), for values of k > 10 the probability
that other bit than the least adapted be mutated is very low. After

2.2.1 The canonical GEO the bit is mutated, the procedure is repeated until a given stopping

Icrri]terion is reached, i.e., a predetermined number of objective
Rinction evaluations, and the best configuration of bits (the one that
gives the best value for the objective function) found is returned.

In a variation of the canonical GEO just described, called GEO

the bits are ranked separately for each sub-string that encodes each

The GEO algorithm is a stochastic method, does not make us€yafijon variable, and N bits (one for each variable) are flipped at
derivatives and can be applied to non-convex or disjoint problemg, . jteration of the algorithm. In previous works, [9,10], it was
It can also deal with any kind of variables, either continuougy,serveq that this implementation seems to be more efficient than
discrete or integer. The free parameter allows one to set up th§ne canonical one for cases in which the problem being tackled has
determinism degree of the search, from a random waikQ) to @  only bound constraints (constraints that represent the limits for the
deterministic searclt (- ). design variables).

A flowchart for GEO and its variant GEQis presented in the

Figure 1. In the flowchart, &) is the objective function, k is the 2.2.2 The GEO, version

ranking value of the bit, jLis the number of hits of the design This version introduces in GEO the internal representation of the
variable “j", and L with no subscript is the number of bits encodingesign variables in the real domain, as well as, an alternative

The description of the canonical GEO presented in this subsect|
can also be found, for instance, in [10,liticluding application
examples andperformancecomparisons with other stochastic
algorithms.

all the design variables. framework for the mutations. To the problems where the domain
and the design variables original representation form are,
L.Initialize randomly a poplation of L bits respectively, the real domain and the decimal numeric system,
that codifies N design variables using internally to the algorithm real instead of binary
R 7 . representation for the design variables is an advantage.
2.For each bit attribute a fitness va
_y|proportional to the gain or loss that F(X) | As seen in the preceding subsection, the canonical GEO uses
if the bit mutates, compared to the best F internally binary codification to represent the design variables.
value found so far__ However, there are studies pointing that the binary codification nor
GEO ¥ ¥C EOvar always is the most indicated form of representation [22]. Regarding
3.Rank the bits (all ||3.Rank the bits of eac this, Fig. 2 helps illustrating what happens. It shows a four bit tree
according to their  ||variable separatel discretization diagram for one single design variable, leading to a

fitness values (one according to their fitnes

precision €, as indicated in the figure. The vertical red lines

ranking) values (N rankings)
crossing the x axis indicate movements between adjacent points on
4.Mutate one bitof || 4.Mutate one bit of the discretized search space that are only achieved by simultaneous
the population witl each variable mutation (i.e., flipping) of two or more bits, as indicated by the
prlczb_ain Px 'ik'r "k",'fh lf_rolbabfk 0 numbers inside the dashed circles. Eventually, all the bits used in
L L ! the discretization need to be changed, as happens on Fig. 2 for the

points “0111” and “1000". This fact is a characteristic inherent to
the binary codification system. However, as GEO performs only
one bit mutation per variable on each algorithm generation
(iteration), it means that the movements between adjacent points
crossing the red lines are “forbidden” (impossible) for GEO within
a single iteration.

5.Stopping
criterion satisfied?

6.Return the best solution found during the sea{rch

Figure 1. FLOWCHART FOR GEO AND GEO .

In GEO a string of L bits is considered a population of species.
That is, each bit is a species. The string encodes the N design
variables. For each of them is associated a fitness number that is
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indicated by the vertical dotted line. First of all, the sigre,ahe
b| T first (and smallest) mutation, is randomly chosen from an uniform
i 2 . 0 N distribution. Then, the sign of all the other mutations is chosen in a
IS NS o 2 L way to switch (be the opposite) regarding the preceding one. The
S S R A I R ™, . scale factor among consecutive mutations is given by b, which is a
! é J xMAx.-me I 1 J | X real-valued parameter greater than 1. In the Fig. 4, the case where
X €= GucRo@-1) X the sign of the first mutation happened to be negative and an even

number of mutations is shown. For GEg) given the values of b

Figure 2. FOUR BIT DISCRETIZATION TREE AND THE and|l, the precisiorg of the design variable x is calculated by:

“FORBIDDEN" MOVEMENTS FOR GEO WITHIN A

SINGLE ITERATION. o = Kmax =Xmn) 3)
- t | j
Moreover, the canonical GEO changes the design variables by b-1

commuting the binary digits one by one during the fitnesg, the canonical GEO, the precision is defined by the number of
attribution phase. As the binary representation has base 2y ysed. In GEQ besides the number of mutatiorls, the
implicitly means that the mutation magnitudes are incremented blb?ecision is defined also by b, which becomes an additional
multiplicative scale factor of 2, as illustrated on Fig. 3 for the po"ﬁarameter of the algorithm that needs to be set. This can be
“0100". As can be seen in the Fig. 3, the fourth and less significaf§nsidered a drawback. The counterpart is that, now, the locality of
bit has a magnitude &f the third has & the second & and the the search performed by GE@t each iteration is adjusted prior to
first and most significant bit has a magnitude & &at is execution with the help of b. As indicated in Fig. 4, the greater
approximately equal to half the size of the search space, igwtation has a size (or magnitude) dfeb When p>1, edw
(Xwax-Xmin)/2. Independently of the number of bits used for th?please see Eq. 3), and the mutation size also tendsrteaning
discretization, this last fact remains true, i.e., the mutation of t ry low locality for the search. Whemd, € and the mutation

most significant bit has a magnitude of ~1/X-Xun). It also iz tend to zero, meaning a search that is highly local. Mutations
means that the greatest mutation at each iteration as a fixed %F@ater than 100% of (ax-Xwin) in size would mean side

equal to half of the search space of the respective design variableelriction violation of the design variables. To avoid this, GEO

is reasonable to imagine that, for some objective functions, @yjaces any mutation that would cause such situation by a totally
different size for the greatest mutation could improve the efficien¢ynqom mutation for x within [ax.Xun]. A very big size

of the algorithm. mutation means very low locality during a search. A fully random

e one has also very low locality. In this way, the mentioned
b[1* T - —. replacement helps avoiding a problem while produces practically
ifee Pl 4 N~ the same effect.
il B
30 ./O ./0/ 1\. .9/ The flowchart of Fig. 1 is still valid for GEQand GEQ,4 but
& : . references to “bit” must be understood as “mutation”. Also, the
‘g x  mutations cited in step 2 of the flowchart must be performed as
W . 2e 86 = (XmaxXmin)/2 explained in the two preceding paragraphs.
Figure 3. GEO MUTATIONS FOR THE POINT “0100". 2.3 GEO + ES hybrid algorithm

All the aforementioned situations, described in the previods the ES, the parameter defines the size of the mutations that
paragraphs, regarding the use of a binary representation with Gaffect X and, as a consequence, defines also the locality of the
were addressed in the reformulated version of the mutatisearch. In GEQ as just seen, the locality of the search is defined
framework that GEQwas born from. To the authors’ knowledge,by the parameter b. This way, by analogy to the ES, the idea is to
such framework was not proposed so far, and represents, in facgpply to the parameter b a variation mechanism similar to that used
new mutation operator for AE, since it can be applied not only in the ES for the parameter. However, preliminary tests using
GEQ,, but to AE in general (like GA, for instance). This newfunction tests [1] have shown that the best way of mutating b is not
mutation operator is one of the main responsible for thiey multiplication of a random variable with lognormal distribution,
convergence improvements obtained by GE@er GEO with test as indicated by Eq. 1, but by the addition of a random variable with

functions [1]. a Gaussian distribution. Then:
b" =b" +gaussg, a) @
)i( | N > Where the subscripts n-1 and n signalize value before mutation and
MIN ‘W b;g XpMAX  after mutation, respectively.
- Besides the learning rate, Eq. 4 presents yet the parametethat
h is the mean of the Gaussian distribution used to mutate b. It

1 - . _
b™ & = (1/b)- (Xyax-Xnin) indicates the bias imposed in the mutation of &=, there is no

Figure 4. GEO 4 MUTATION FRAMEWORK. bias. Imagining a search starting with hzb(>1), then, usin@>0
) ) generates, to the end of many generations, a schedule with
Figure 4 presents the GgOnutation framework, wheré real-  giochastically increasing values for b, even that not monotonic ones

valued mutations are added to the real-valued design variable Xdcept ifu=0). Remembering that low values for b impose a sparse
is assumed that the present iteration value of x during a search is as
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search and high values for b impose a local search, then a
scheduling with increasing values for b means a search that starts
sparse, when by, and that ends local, when b>>1. The idea
behind usingd#0 is to allow a better tuning flexibility to the 6.
algorithm at the expenses of tuning one more algorithm parameter.
In the cases where this flexibility is not wanted or needed, it is just
to use the same idea adopted by the vast majority of the ES, i.e., to
setd=0. '

Regarding the way of muting(, the same sistematic already
described for GEQis used.

An important change introduced in GEO + ES, regarding £E0

the use of selection by elitism instead of stochastic selectiortwith
Selection by elitism, in case of GEOmplies in only selecting the 8.
best among all the L individuals generated in each iteration, not
requiring, this way, any additional parameter. 9

The steps of the GEO+ES hybrid used in this paper are given by:\wne

c. Choose, within thé mutations generated in the step 5.,
the one with the minoAF(X;). Save the respective; At
the j-th element of the vectx..
Perform the mutations of the present iteration:Xde X,
whereX_. is the resulting vector from the execution of the step
5.c for each variablé}{1,2,...,N}.
Verify the base adaptation: Calculate the neX)R(alue. If
F(X) = 0.99F(X),s then do b= b + y, with y=gaussg),
where gaus$(a) is the value drawn from an uniform
distribution with meard and standard deviatiam Verifique
os limites da base: If b >yfax or if b < by, do b= kyn +
gauss(0,1)(byax- bvin)-
Repeat the steps 3 to 7 until a given stop criterion be
satisfied.

ReturnXpeg and Fipeg)-

n GEO + ES is compared to the canonical GEO, the main

1. Initialize randomly and with uniform distribution betweendifferences can be summarized by:

Xmin @nd X s @ vectorX containing the N design variables.
Calculate the value of the objective functiorX};(do Xpeq =
X and saveXpeq and FKpeg)- -

Real valued vector instead of binary chain is used to
represent the design variables;
Mutations on the design variables are done by magnitudes

2. Define the number of mutationls j0{1,2,...,N} for each (any base) instead of bits (base 2);
variable X, such thath l; = L, being L the total number of - Num_b_er of mutatiqns is _ dissociated from the numeric
mutations acting on the N design variables. Define values for ir:msmn Offﬂtf design vaTal?IeSs,l tion i ¢ d b
the parameters e a. Define values for the limits inferior, = eIit?:rEC(iens?ead %Tf sﬁiﬁggﬂiglly'e ection Is_periormed by
EM'N’ and superior, i,  of the base, withjy>1. Do b= Adaptedness of the base b, which controls both the locality
MIN- | and the stochasticity of the search;
3. Calculate the vectar, whereg= (XMAXJ.- XM.NJ.)/( b’ -1) and Emstéenc;}e IOf th.reebgdjust;nghparamzteus:fthe Iegrnlng
j is the variable index, i.e.[}{1,2,..,N}. The elementg rate,0, the learning bias, arlg the number of mutations.
defines the mutation resolution of the j-th design variable. By
resolution understand the least value to be added §r THE 200N HYDRAZINE THRUSTER
subtracted from X . . .
_ _ The 200N thruster in development at INPE is intended for use in
4. DO F(X)rer= F(X), F(Xbest)rer= F(Xbes)- the apogee acceleration block of geostationary satellites and launch
5. For each design variablg{1,2,...,N} of vectorX, do: vehicle roll control. Fig. 5 gives a view of the thruster.

a. Draw from uniform distribution a value fof 0, 1}.
b. For each mutatiorii{1,2,..., lj} of the variable X do:

1st. Calculate the mutation size niz" ™ Ej .

(i-C)

2nd. Calculate the mutation sign ¢=1)" ~, where c

is the binary value obtained in the step 5.a.
Mutate X. First, do X.= Xj. Then, do X
Xj+sh, generating a mutated vect®s. Verify
the limits: If X;> XMij or X< XM|NJ_, then draw a
new X,-[I[XM.NJ_ , XMAXJ_] with uniform distribution
and do m= abs(X¥Xa.) and s=(Xa,/m.
Calculate the objective function value X\
Atribute to the mutation i na adaptation value
AF(X)= F(X) — FXpet)rerr that indicates the gain
or loss the objective function has if the mutation i
occurs, when compared with the best objectiv

3rd.

4th.

Figure 5. PERSPECTIVE VIEW OF THE 200N THRUSTER.

The thruster wall is manufactured in Inconel 600 and has a working
temperature limit of 1300 K. The total length of the thrust chamber
is 210mm. The combustion chamber is cylindrical with an internal
giameter of 42mm.

function value found up to the previous iteration.The fuel is monomethyl hydrazine and the oxidizer is nitrogen
Next, if FX;) < F(Xpeq) then do Ffpeq)= F(X;))  tetroxide. The O/F mixture ratio is varied on the range of 0.6 to 1.3.

and Xpeg = Xi. The adiabatic combustion temperature for these mixture ratios goes
5th. ReturnX to its non mutated condition: do=X from 2000 K to 2500 K. For an O/F mass ratio of 1 the adiabatic
X;-sli. temperature of the combustion products for this propellant pair is
2360 K. The thruster is fire-tested in a test stand that includes
5 Copyright © 2011 by ASME
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altitude simulation. The outer wall temperature is measured inVdhere term (1) in Eq. 5 is the conductive term and the (2) is the
discreet number of points with type K thermocouples. An infraredhdiative term and (3) is the convective term.

camera has been used to monitor the entire external WAL js ysual in this type of thruster, the propellant is injected from
temperature. the periphery of the injector plate, as a way to create a thin cooling
Knowing the heat load on the thruster chamber wall is vegyopellant film on the inner surfaces of the thruster, protecting
important in order to establish a safe range of operating parametiersm. The equation of Boltzmann [2] is the most used way of
of the thruster regarding mixture ratio, amount of fuel used in tlempirically determining what the resulting temperature of the
film cooling and mechanical properties of the wall material at higbooling film is. It is given by:

temperature. The thermal model presented in the next section and “A

the hybrid optimization algorithm described in the previous section y= A +A (6)
have been used to simulate this temperature using thermal balance 1+ e(x_"’}/dx

and comparing the external wall temperature simulated with t

: : r\Vﬂ?here y is the film temperature, x is the longitudinal distance
measured in the infrared camera.

along the thruster,gXocates the smallest transversal section of the
thruster (the bottleneck’s position), dx is the longitudinal distance
4. THERMAL MATHEMATICAL MODEL from the point where the film cooling temperature goes from level
The thermal protection mechanism for the thruster wall is a fil®A to level A. A is the entrance fuel temperature, andi#\the
cooling on the inside and thermal radiation on the outside of tleiabatic temperature of the combustion products.

wall. To be able to determine with good precision the heat load Mhen the set of parameters {AA,dx } is known, the film

the inside of the wall one must know the tempgrature Of. t.he g@t?oling temperature profile is obtained and the external wall
layer near t_he waI_I. The heat transfer coqvectlve _coefﬁment fgmperature can be calculated using the direct model. When the set
d_etermlned in the internal surface _b_y Bartz_s equation [2_7]' T'?)? parameters {A,AXq,dx} is not known, but experimental data
dlrect_measurement of the_sc_e quantities, or its determination froéﬂout the temperatures on the outer surface of thruster is available,
analytical models, is very difficult to be done. then it is possible to formulate an optimization problem in which
Thermal models of thruster are usually constructed using a lumpgdA 1,x,,dx} are the unknowns and the objective is to find the
parameter network formulation [28]. In this method, the thruster iglues of them that lead to the best match between the observed
divided into a number of lumped masses, called nodes, which afs#ta (measured temperatures) and the corresponding data obtained
assumed isothermal. A thermal network is drawn connecting thg solving Eq. 5. This is the inverse problem. In this paper, INPE
nodes. A governing thermal energy expression is written for eaBfCTER thermal software package is used for solving Eq. 5 [29].
node, resulting in a system of coupled equations whose solution

yields the temperature of nodes. For the 200N hydrazine thrustgr, OPTIMIZATION PROBLEM FORMULATION

the thermal model was constructed using INPE's PCTER ther

| . Lo . .
software package [29]. rW}athematlcally, the optimization problem described in the last

paragraph of the preceding section is stated as follows:

To apply the optimization technique, a lumped parameter model L

was constructed for the thruster using 160 nodes, as shown in Minimize F(X) :HTs(X)_TDHZ ™)
Figure 6. As the thruster has radial symmetry along the .

longitudinal axis, only half of the longitudinal section needs to be Subjecto: Xy <X < Xyax

modeled and the resulting model is bidimensional. Where the objective function, X, is the Euclidian norm of the

difference vector between the calculated and the given temperatures
on the external surface of the thruster wdlk is the given
temperature profile andl, is the calculated one. The veciris

the design variables vector, i.¥ = [A,A1,Xo,dX], that must remain
between the side limit¥y,y = [ 1.0, 1500.0, 0.19, 0.005 ], and
Xwmax = [ 40.0, 2400.0, 0.57, 0.3 ].

Figure 6. GEOMETRIC DISTRIBUTION OF THE NODES.

Heat from the hot gases inside the thruster is exchanged @&y RESULTS

radiation and convection with the thruster's internal wall, then i order to evaluate the performance of the GEO + ES hybrid in the
transferred by conduction to the external surface of the thruster agfiution of the optimization problem described in section 5, the set
then to space by radiation. (external boundary conditiond A ;x,dx}={23.0, 2087.0, 0.41, 0.238} was considered and
temperature). experimental data was synthetically generated using the PCTER
Using the lumped parameter representation [28] and assumiRftware, as real experimental data on the outer wall temperature
steady state conditions, the heat balance at each one of the nd¥RS not available. In this way, the optimal solution is known

takes the form of the following system of equations: beforehand.
@ 2 Three mutations per variable were used|jsie3 and L=12. The
n+1 (€] limits for varying b were set toj\=1.05 and ax=10. The values
kd_T+ kd_T+Z 3 UE(T-4 _ T4)+’FT(FI'- =0 ®) of 6=0.0 and of:=0.3 were used. After that, GEO + ES was run 10
dx dy - J ! I times, each one with a different and random starting point. For each

= run, the limit of 510* evaluations of FX) was used as the stopping

6 Copyright © 2011 by ASME

Downloaded From: http://proceedings.asmedigital collection.asme.or g/pdfaccess.ashx?ur |=/data/confer ences/idetc/cie2011/70568/ on 03/22/2017 Terms of Use: http://www.a



criterion. Each run took approximately 3.6 hours on an AMDFigure 8, by its turn, shows the complete profile of temperatures.
Athlon (1.1GHz) PC computer with 896MB of RAM memory. For the external wall and for the film cooling two temperature

The ten solutions found with the help of GEO + ES plus iharofiles are presented._ One given by_the Boltzmann origin_al
Boltzmann exact solution are presented in Table 1. As can be S%@ﬁametersf (exact solution) and other given by the best solution
from the Table, the greatest parameter value variation occurred fgfind obtained by GEO + ES (run number 5). As can be observed

the parameter A. in .Fi.g. .8, the two temperatyre profiles coming from Fhe
optimization problem solution fit quite well the corresponding
Run X (A) | Xa(A) | X3z(X) | X4 (dx) F(X) 2500
1 15.37| 2092.6 0.4096  0.2403 _ 5.10 T o
2 27.82 2089.0 0.4119 0.2382 1.42 2000 -H—+— Wall Adiabatic Temp. SES e
3 20.83 2089.9 0.4105 0.2398 180 | = Bolzmann Film Cooling Temp. o
4 30.81] 20813 0.4110  0.2372  1.66 |& ., ] Opumzedim Coolng Temp. st
Py Steady State Ext. Wall Temp. =
5 27.16 2089.7 0.412p 0.2386 1.p1 % —-Optimized S. S. Ext. Wall Temp.| ,.r "
6 37.89 2080.4 0.4128 0.2355 2.p8 gwoo [ ot ol |
7 29.40] 2090.2 0.4126  0.2383  3.10 |5 oo R e
8 26.51 2092.2 0.4126 0.2392 1.v0 o xxjw "
9 34.49| 2082.3 0.412p 0.2363 1.99 00T "
10 26.94 2090.9 0.412b 0.23%0 1.p4
BOLTZ. 23.00 2087.0 | 0.4100 0.2380 | 0.00 0 T T
0O 15 30 45 60 75 90 105 120 135 150 165 180 195 210
Horizontal Axis of the Thruster (mm)

Figure 7 shows the 10 solutions retrieved by the GEO + ES hybrid,
in terms of the resulting film cooling temperature profiles, Figure 8. ORIGINAL AND OPTIMIZED TEMPERATURE

identified as CO1 to C10. For each one, the graph gives also the PROFILES.

respective FX) final value. The original temperature profile is also

presented, identified as “BOLTZMANN”. As can be seen, all thd. CONCLUSIONS

solutions match very well the original profile, up to a point thakn this paper, a new hybrid algorithm called GEO + ES was
they can't be seen isolatedly, meaning that the optimizatigitesented and applied to a real world application. The algorithm
algorithm was able to solve the inverse optimization problem vefyas developed in a way to congregate the good convergence
well for all the ten runs. It indicates that the algorithm is noproperties of a real-valued version of the GEO algorithm with the
sensitive to the random starting point used to start the search. Tédéf-tuning characteristics of the ES methods. A new mutation
is also confirmed by the numerical values obtained f).HEven  operator that can be used by any other EA was also introduced and
the worst one, that happened to be CO01, had)¥#5.10°C. used. The performance of the new algorithm was tested by using it
Considering that K) is, in fact, a difference vector composed ofto solve the inverse optimization problentbé estimation of the

41 elements, and if it is assumed that the differences hayémperature distribution of the film cooling near the internal
homogeneous distribution among all the 41 elements, then,\jh| of a thruster. The results obtained have indicated that
would mean a discrepancy of just 5.4@1 00.8°C per element GEQ + ES was able to solve the problem very well and in a

(sensor) for the worst match and only 1234 [10.19°C per consistent way, independently of the starting point randomly

element (sensor) for the best match. used by the algorithm to start the search. In this way, GEO +
2000 T——————— ES becomes an important tool for improving the accuracy of
g2 At the thermal model of the thruster and of all the subsequent
1800 co3 F(X)-l 80 o ’ ;
v coa ngigljse = thermal simulations to be performed.
1600 | -e-CO5 F(X)=1,21 —x
006 F(x)=2,28 A ACKNOWLEDGMENTS
1400 +H{ — CO07 F(X)=3,10 A
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