
JOURNAL OF THERMOPHYSICS AND HEAT TRANSFER

Vol. 14, No. 3, July–September 2000
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Predicting the thermal performanceof complex aerospace structures requires accurate knowledge of the thermal
properties associated with the structure. It is desired, in this case, to measure the in situ properties of a complex
as-built structure, not only to capture the thermal properties of each component but also to capture interaction
of components in the as-built structure. The overall goal of this study was, therefore, to develop and implement
a nondestructive methodology to estimate the thermal properties associated with a complex aerospace structure.
The structure considered was an outer wing subcomponent design for the high-speed civil transport made from
four different materials, including a honeycomb blanket. The thermal properties sought included both effective
and individual material through-the-thickness thermal conductivities and volumetric heat capacities (product
of density and speci� c heat) and the in-plane thermal conductivities of each material in the structure. In the
estimation procedure an objective function containingboth theoretical and experimental temperature histories was
minimizedusing a genetic algorithm.One-dimensionalexperiments were implemented to estimate the through-the-
thickness thermal conductivities and volumetric heat capacities, and two-dimensionalexperiments were conducted
to estimate the in-plane conductivities. These properties were successfully estimated despite the high degree of
correlation and low sensitivity evident for many of the properties.

Nomenclature
C = volumetric heat capacity, J/m3 ¢ K
CI = con� dence interval
k = thermal conductivity,W/m ¢ K
N = total number of experiments
n p = number of parameters estimated
S = sum-of-squares function
s = standard deviation
T = calculated temperature vector
X = sensitivity coef� cients
X = sensitivity vector
Y = measured temperature vector
b = unknown thermal properties vector
D x = element width (one-dimensionalmodel)
r = predicted uncertainty

Subscripts

CS = composite skin
eff = effective
FS = facesheet
HC = honeycomb blanket
PT = predicted temperature
s = sensitivity
T = temperature
TT = torque tube
v = variance
b i = i th parameter
? = through-the-thickness (thermal conductivity)
= = in-plane (thermal conductivity)
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Superscript

+ = normalized

Introduction

P REDICTING the performance of complex structures exposed
to harsh thermal environments is a crucial issue in many of to-

day’s aerospace and space designs. To predict the thermal stresses
a structure might be exposed to, the thermal properties of each ma-
terial in the design of the structure need to be known.

The goal of this research was to determine nondestructively the
thermal properties associated with a complex structure, namely an
outer wing subcomponent (OWS) design for the high-speed civil
transport (HSCT). This structure is made from high strength-to-
weight ratio materials including honeycomb blankets and carbon-
� ber/epoxy-matrixcomposites.The speci� c objectivesfor this work
were to formulate an overall strategy for the estimation procedure,
develop a mathematical thermal model of the OWS, design and
conductexperiments to generatethe requireddata for the estimation
procedure, and estimate the desired thermal properties.

The estimation strategy involved the formulation of a least-
squares objective function containing both calculated temperatures
from the mathematical model and experimental temperature data.
A genetic algorithm developed previously1,2 was used to minimize
the objective function to estimate the desired properties.

Background
Both steady-state and non-steady-statetechniques have been de-

veloped to determine thermal properties for independent mate-
rials.3,4 However, in complex structures it is not only desired to
determine the properties of each material, but it is also desired to
capture the interactionsof the as-built structure (e.g., includingcon-
tact resistances at the interfaces); therefore, other approaches were
sought.

The nonlinear least-squaresmethod allows for the simultaneous
estimationof thermal properties in a transient analysis.Here, an ob-
jective function formed from theoreticaland experimental tempera-
ture data is minimized to determine the desired thermal properties.
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One common minimization method is the Gauss technique, which
has been used to estimate the thermal properties of composites.5 ¡ 9

This technique is a derivative-basedmethod that can exhibit slow or
nonconvergencein casesof extremely� at objective functionswhere
correlationbetween properties is present and in cases where several
local minima are present. Copenhaver et al.10 circumvented this
problem through the use of a penalty function technique, whereas
others have adopted a different strategy through the use of genetic
algorithms (GAs).2

GAs, as the name implies, are based on natural selection mech-
anisms and the Darwinian principle of the survival of the � ttest.
Here, each unknown property is associatedwith a gene, and a chro-
mosome is a combination of genes representing one speci� c solu-
tion or, in this case, a set of estimated properties. Developed in
1975, this method has seen limited use in thermal applications.
Raudensky et al.11 used GAs to solve an inverse heat conduction
problem, whereas Fabbri12 applied GAs to the thermal design of
� nned surfaces. Most recently, GAs have been applied to the op-
timization of experiments and subsequent estimation of thermal
and radiative properties of composite and insulative materials.1,2

This technique proved to be successful, despite a high degree
of correlation between the thermal properties estimated. Because
of the robustness of this method, it was chosen for use in this
study.

OWS Test Specimen
The OWS design investigated in this study was developed to de-

termine the feasibility of using unitized composite construction in
the wing of the HSCT. The OWS was built from several different
materials as shown by the numbered components in Fig. 1a; the di-
mensions are shown in Fig. 1b. The entire structure was tapered in
two dimensions, such that it formed trapezoids along three planes.
The core of the OWS sample (1) consisted of three torque tubes
constructed of six plies of T300/954-2A eight-harness satin cloth
prepreg. On either side of the tubes were the upper and lower com-
posite skins (2), which were fabricated from 28 plies of IM/954-2A
composite. Honeycomb blankets (3) were placed on either side of
the skins. These 25.4-mm high 321 stainless-steel foil structures
are used for their high strength-to-weight ratio. Finally upper and
lower facesheets (4) assembled with 24 plies of IM7/PETI-5 com-

a) Front view

b) Top view: dimensions ( indicates thickness at corners)

Fig. 1 OWS test specimen (not to scale).

posite prepreg were placed on the outermost surfaces. The edges of
the OWS sample were protected with closeouts and edge channels
(5-6) fabricated from T300/954-2A 8 composite prepreg.

Estimation Strategy
The estimation strategy was based on the minimization of an ob-

jective function formulated from experimental and calculated tem-
perature data. The experimental data were obtained from transient
experimentsin which the thermalresponseof the OWS to an applied
heat � ux was recorded. The calculated temperatures were obtained
from a mathematical model designed to simulate the experiments.
This objective function is described mathematically as

S = [Y ¡ T( b )]T [Y ¡ T( b )] (1)

Here, the calculatedtemperatures in T( b ) were determinedat the
corresponding times and locations as the measured temperatures in
Y. T( b ) is a function of b , which is a vector of the unknown ther-
mal properties inherent in the mathematical model. The desired b ,
therefore, contains the thermal properties that minimize the objec-
tive function.

Thus, in addition to experimental studies and a mathematical
model, an optimization procedure was needed to minimize Eq. (1).
All three of these facets are discussed in the following sections.
The mathematicaland experimentalstudieswere integrated,i.e., the
mathematicalmodels were � rst used to design the experiments,and
then the practical limitations of the experiments were incorporated
back into the models.

Mathematical Models
The OWS structure was analyzed, using three different models

with increasingcomplexity. First a one-dimensionalmodel was de-
veloped from which the effective thermal properties through the
thickness of the model k ? eff and Ceff were determined. The next
model again considered one-dimensional heat transfer through the
thickness, but in this case the details of the different structural com-
ponents were considered. Here, the thermal properties of interest
were the through-the-thickness thermal conductivitiesand the vol-
umetric heat capacities of each material (i.e., k ? FS , k ? HC , k ? CS , k ? TT ,
CFS, CHC, CCS, and CTT). In the last model two-dimensional heat
transfer was considered so that the in-plane thermal conductivities
could also be investigated, namely, k=FS , k=HC , k=CS , and k=TT .

To simultaneouslyestimate k and C independently,it was neces-
sary to applya known heat � ux at one boundary.This allowed for the
introductionof Fourier’s law as a boundary condition with thermal
conductivity independent of volumetric heat capacity. A constant
temperature condition was initially assumed at the opposite bound-
ary. Each of the models was solved numericallyusing a commercial
general � nite element code.13 A desired featureof this code was that
user-developed subprograms (e.g., the GA) could be incorporated
with the prepackaged programs (e.g., the conduction heat transfer
solver).

Effective One-Dimensional Model

In the effective one-dimensional model the individual compo-
nents were lumped together, such that only the effective properties
were of interest.This model provideduseful information on the im-
plementationof the estimationprocedureand on the overall thermal
performance of the test specimen. Because the heater was applied
over the entire top surface of the sample, transient heat conduction
was considered through the thickness over the area of one element
with a width of D x , with a known heat � ux at one boundary and
a known temperature at the opposite boundary. In this model the
effective thermal properties were assumed to be constant because
of the small temperature change (<10 K) through the thickness of
the OWS during each experiment, and the thickness of the sample
was assumed to be equal to the average thickness of the trapezoidal
physical model.

In the experimental setup a heat sink was used to simulate a
constant temperature boundary condition at the lower boundary.
However, thermocouplesplaced at this boundary indicated that this
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temperature varied slightly. Therefore, a speci� ed (rather than con-
stant) temperatureboundaryconditionwas implementedusing these
measurements. A question also arose on how to model the heated
surface becausethe exact value of the heat � ux into the material was
needed in the model. As described later in the experimental proce-
dures, insulation was placed on the top surface of the heater, and
the total power input into the heater was recorded. Because it was
found that some of the heat was indeed lost through the insulation,
the model was modi� ed to include the insulation and convective
heat transfer at the top surface through an effective resistance at the
boundary.

Detailed One-Dimensional Model

The detailed one-dimensional model differed from the effective
model in that heat transfer though each individual subcomponent
was considered in the detailed model in order to estimate the ther-
mal properties of the individual materials. In addition, because the
physical model was essentially symmetric through the thickness,
only the top portion of the physicalmodel was considered.Thus, as
shown in Fig. 2, the model included only the top layer of the torque
tube. As illustrated in the experimental section, temperature mea-
surementsat the inner top surfaceof the torquetubeswereused (with
interpolation) as one boundary condition for the model. Finally, the
thickness of the sample and the heat � ux boundary condition were
treated as they were in the effective model: the average thickness
of the physical sample was used, and the insulation and convection
at the heated surface were included in the model.

Detailed Two-Dimensional Model

The detailed two-dimensional model is shown in Fig. 3. This
model differed from the previous models primarily in that two-
dimensional heat transfer was considered by applying the heat � ux
to only one-half of the top surface, and the width of the model was
now equal to the width of the actual sample. The top boundary
was again modeled with insulation and convection, and only the
top portion of the physical sample was considered. Experimental
temperature data were used as the lower boundary condition with
linear interpolation. Finally, an insulative boundary condition was
assumed at the sides.

Sensitivity Study

A sensitivity study can be used to provide important information
on the thermal properties to be estimated, and it supplies the ba-
sis for the optimization of the experimental design. The sensitivity

Fig. 2 Detailed one-dimensional model (not to scale).

Fig. 3 Two-dimensional model (not to scale).

study was based on the calculation of the normalized sensitivity
coef� cients de� ned as

X +
i = b i

@T

@b i

(2)

Inspection of these coef� cients can provide insight on the infor-
mation available for property estimation and the degree of corre-
lation between properties. The magnitude of X +

i provides an indi-
cation of how much information is available for the estimation of
a particular property; values greater than 10% the maximum ex-
perimental temperature rise are desired. On the other hand, near
correlation can at times result in nonconvergencein the simultane-
ous estimation of different properties. Sensitivity curves of similar
shapes can be a visual indication of correlation problems.

Once the sensitivity coef� cients are found, they can also be used
to determine the user-de�ned parameters which optimized the ex-
perimental design. In this case the duration of the applied heat � ux
and the location of the temperature sensors [used in Eq. (1)] were
the primary parameters of interest. It is desired to design the ex-
periment with maximum sensitivity. One criterion to achieve this
is commonly called the D criterion. Here the determinant of the
XT X matrix is maximized, where X is the sensitivity vector that
contains the (dimensional) sensitivitycoef� cients X i . Therefore, an
optimization procedure was needed to determine the experimental
parameters of interest. Here, the same optimization procedureused
to estimate the thermal properties was also used to optimize the
experiment.

Con� dence Intervals

Whenever results are obtained from experimental data with in-
herent uncertainties, it is crucial to determine the uncertainties of
the results (i.e., thermal properties) derived from that data. There-
fore, 95% con� dence intervals were calculated for each estimated
property.The con� dence intervals for the propertiesestimated from
each experiment were calculated from the sensitivity coef� cients
of that property and the uncertainty of the independent variables.14

Here, assuming an unbiased model with measurements of tempera-
ture only, we can write the uncertainty of a given property b i for a
particular experiment j as

U j, b i ,95% =

³
@b i

@T

´
sTi t95%,v j (3)

where the Student’s t multiplier is found for v j degrees of freedom
at the 95% con� dence level. Note that the X +

i s change as a function
of time and location; therefore, the @b i / @T values are not constant.
Thus, these values were estimated at a given location as the inverse
of the time-averaged sensitivity coef� cient as shown next:
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Given U j, b i ,95% , the con� dence intervals of the mean estimates
from all of the experiments can then be found from1

CI s, b i , 0.95 =
t95%, N ¡ 1

N

vuut
NX

i = 1

³³
@b i

@T

´
sTi

2́

(5)

These con� dence intervals are referred to as sensitivity con� dence
intervals.

Commonly, con� dence intervals are calculatedfrom the variance
of the estimatedparametersfrom multiple runs without any sensitiv-
ity information.Thus, the variance con� dence intervals are de� ned
as

CIv , b i , 0.95 =
t95%, N ¡ 1S b ip

N
(6)

BecauseEq. (5) containsboth sensitivityand statisticalinformation,
these con� dence intervals will often tend to be greater than those
calculated using Eq. (6).
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Experimental Methodology
All experimentswere built and conductedat NASA Langley Re-

search Center in Hampton, Virginia. The OWS test specimen was
fabricated by an independent supplier. The construction of the ex-
perimental setup and the procedures used in the experiments are
described in the following subsections.

Experimental Setup

Two experimentalsetups were used: a one-dimensionalsetup and
a two-dimensional setup. In each setup one surface was held at a
constant temperature,a heat � ux was appliedat the oppositesurface,
andtheremainingsideswere insulated.The samesamplewas usedin
both setups,whichwere the sameexceptfor the size of heaterused to
impose the heat � ux. In the one-dimensionalcase the heater covered
the entire top surface of the sample,whereas the heater coveredonly
half the surface in the two-dimensionalsetup.Experimentswere run
at three different temperatures (295 K, 375 K, 445 K) with up to six
experiments at each temperature setting to ensure repeatability.

In each setup an aluminum heat sink was used to simulate a
constant temperature boundary condition. The OWS sample was
placed on top of the heat sink, and thermal grease was used between
the heat sink and the sample to reduce the thermal contact resistance
at the interface.

Temperature was measured using AWG 30 Type K thermocou-
ples. Fifty-four thermocouples were used for the one-dimensional
setup, whereas a total of 81 thermocouples were used in the two-
dimensional case. In the one-dimensional case 16 thermocouples
were placed on the top surface of the sample next to the heater in
a regular grid pattern, and 20 were placed on the bottom surface
at the constant temperature boundary condition. The remaining 18
thermocoupleswere bonded to the top, side, and bottom inner tube
surfaces. The thermocoupleswere placed in a similar manner in the
two-dimensional case, with the exception that additional thermo-
couples were placed at the top, inner, and bottom surfaces under
the heater closest to the outer edge of the OWS. As a result of the
optimization of experiment, the temperature measurements were
found to be the most sensitive at these locations. Nominal calibra-
tion curves were used for the thermocouples. (Note that the tem-
peraturedifference rather than absolute temperaturewas of primary
importance in the estimation procedure.) The standard deviations
of the temperature measurements with no heating for the one- and
two-dimensionalexperimentswere approximately0.02 and 0.09 K,
respectively.

The imposed heat � ux was suppliedby thin, � exible silicone rub-
ber � berglass insulated heaters. As already mentioned, two heaters
were used: a heater � tting the exact dimensionsof the upper surface
of the sample was used in the one-dimensional case, whereas the
other was fabricated to cover only half of the surface. Each heater
was bonded on one side to a thin copper sheet to ensure a uniform
heating pattern. This was veri� ed using a thermal imaging system
before and after the copper sheet was applied. The heating pattern
was clearly visible without the copper sheet, but unobservable(i.e.,
uniform) with the sheet included. The heaters were placed on the
top surfaceof the OWS test specimenusing thermalgrease to ensure
good contact between the sample and the heater.

The voltage and current supplied to the heater were read using
multimeters,and the resultingsignalswere recordedby a data acqui-
sition system. The voltage readings from the thermocouples were
also read into the data acquisition system, where internal software
was used to convert the mvolt readings into temperature using a
calibration curve.

Ceramic insulationwas used on top of the heated surface in both
one- and two-dimensionalsetups. This was done to reduce heat loss
from the top of this surface.Thermocouplemeasurementsplacedon
top of this surface indicated that some heat was indeed lost from the
top.As a result, the insulationand theconvectiveboundarycondition
were incorporatedinto the model, as already discussed. In addition,
the same ceramic insulation was placed around all four sides of the
sample to provide an insulated boundary condition. (Because the
edges were not heated, the insulation proved to be suf� cient here.)

To determinethe variabilityof the thermalpropertiesas functions
of temperature, an oven was built to provide the necessary ambi-
ent conditions for the sample. (Because of the sample’s large size,
economical commercial ovens were not available for this purpose.)
The frame of the oven was constructed of steel U channels, and
the walls were constructed of ceramic insulation boards wrapped
in aluminum foil and mounted to plywood boards for support. The
aluminum heat sink was set in a sliding tray at the bottom of the
oven. Inlet and outlet air duct holes were placed at the bottom and
top respectivelyof one side wall of the oven. Air was suppliedto the
oven by a blower with a temperature-controlledheating unit. Thus,
heat in the oven was supplied by convection, and the temperature
was controlled by the blower unit.

Experimental Procedures

The experimentalsetup was � rst assembledas already described.
After the setup was in place and the heater and thermocouple leads
were connectedto the data acquisitionsystem, the temperaturecon-
troller for the blower was set at the desired testing temperature.The
temperature within the oven and sample were monitored (but not
recorded) over time (e.g., several hours) to ensure thermal equilib-
rium.Once thermalequilibriumwas established,thedataacquisition
system was activated. A few temperature data were recorded prior
to activating the heater to determine the variance in the tempera-
ture readings and the off sets between thermocouple channels. The
heater was then activated to approximately20 W/m2 for a predeter-
mined optimal heating time. (This resulted in a temperature rise of
approximately5 K at the surfaceof the sample.)The dataacquisition
systemremainedactivatedafterheating, recordingdata at 15-s inter-
vals, until the OWS sample cooled to the equilibrium conditions at
the initial oven temperature.At this time the data acquisitionsystem
was turned off, and the experiment was complete.

Optimization Procedure
The optimization procedure was implemented using mathemati-

cal and experimental data. The optimization procedure and its im-
plementation are described next.

GA

The objective function shown in Eq. (1) was minimized using a
GA. The speci� c GA used here is called an extended elitist genetic
algorithm (EEGA) and is described in detail by Garcia and Scott.1

An overview is provided next.
The basic steps in the EEGA � rst involve the generation of an

elitist initial population that is created from a number of initial
random populations.Each random populationcontains a number of
different chromosomes, which are different estimates of the vector
b randomly selected from predetermined ranges for each of the
unknown properties contained in b . Once these populations have
been created, they are ranked in ascending order, according to the
value of the objective function obtained from Eq. (1). A preselected
numberof the top-rankedchromosomesfromeachinitial population
form the initial elitist population.

Once the initial elitist population has been formed, the chromo-
somes are ranked according to their objective function S, and a
roulette-wheel selection methodology is used to select the best par-
ent chromosomes for breeding. Breeding is the formation of new
chromosomes b from a combination of two parent chromosomes.
The resulting population of children is then combined with the par-
entpopulation,and thecombinedpopulationis reranked.A speci� ed
numberof new chromosomesare then added to the populationto in-
troducenew blood (i.e., new estimates) to help prevent convergence
on a nonoptimal chromosome.

The process was repeated until a convergence criterion was met.
Because the originalEEGA did not have a stopping criterion, a new
criterion was implemented in this study. Here, convergence was
assumed if the average of the top 20 objective functions S changed
less than 1% for three generations.
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Implementation of the Estimation Procedure

Once the mathematical models were developed and the experi-
ments were completed, the optimization procedure just described
was implemented for the estimation of the desired unknown ther-
mal properties.The procedurewas � rst implementedusing the one-
dimensionaleffectivemodeland theexperimentaldata from theone-
dimensionalexperimentalsetup.The unknownpropertieshere were
k ? eff and Ceff . (Thus, the vector b contained two coef� cients.) Data
from the thermocouples located next to the heater were (spatially)
averagedat eachmeasurementtime step to form thevectorY, and the
one-dimensionaleffectivemathematical model was used to provide
the calculated temperature vector T in Eq. (1). The estimation pro-
cedure was then applied to the detailed one-dimensionalmodel in a
similar fashion, except that b contained eight coef� cients, namely,
k ? FS , k ? HC , k ? CS , k ? TT , CFS, CHC, CCS, and CTT. Finally, the process
was implemented using the two-dimensional model and data from
the two-dimensional experimental setup. Here, the estimates from
the one-dimensionaldetailed experimentwere used in the model so
that only the in-plane thermal conductivitieswere the properties of
interest; thus, b contained four coef� cients: k=FS , k=HC , k=CS , and
k=TT .

The GA required the speci� cation of the initial and elitist popu-
lations, the number of new chromosomes added in each generation,
and the initial parameter ranges for each of the parameters esti-
mated. In this study � ve initial populations of 50 each (i.e., 250
total) were used to form the initial elitist parent population of 50
(i.e., only the top 50 ranking objective functions were retained).
At each generation10 new chromosomes were randomly generated
and used to replace the bottom 10 rankingchromosomes (according
to their objective functions). Previous knowledge should be used as
much as possible in determining the initial parameter ranges. Note
that, in general, the number of generationsrequired will be reduced
as the initial ranges are narrowed, thus reducing computation time;
however, care should be taken such that the ranges are not reduced
to the point that the optimum solution is excluded. Thus, based on
properties of similar materials, the following approximate param-
eter ranges were used: k ? (all materials)—0.01 to 10 W/m ¢ K; k=
(all materials)—0.01 to 100 W/m¢ K; and C (all materials)—0.01
to 10 MW/m3 ¢ K.

Results and Discussion
Sensitivity Analysis

The sensitivity analysis involved both calculationof the sensitiv-
ity coef� cients and the subsequent optimization of several experi-
mental parameters.

Sensitivity Coef� cients

The sensitivity coef� cients were � rst calculated for each esti-
mated property as a function of time. The normalized sensitivity
coef� cients for k ? , C , and k= for each material (with units of K)
are shown in Figs. 4–6, respectively. (Note that order of magnitude
estimates of the properties were used to normalize the sensitivity
coef� cients; therefore, the sensitivity coef� cients are evaluated on
an order-of-magnitudebasis only.) From Figs. 4 and 5 the sensitivi-
ties of k ? and C for the honeycombblanket are signi� cantly greater
than the sensitivities for the other materials, indicating that there is
more information for the estimation of the honeycomb properties
than for the others. Also, note the similarity in the shapes of the
curves for k=CS and k=TT and for CCS and CTT in particular. This
indicates correlation between the properties. Near correlation in-
fers that although independent estimates can be obtained it can be
dif� cult, particularly if gradient minimization methods are used.

Note that in Fig. 6 the sensitivityfor k= of the honeycombblanket
dominates, whereas the sensitivity for the other materials is quite
small, suggesting that very little information is available for the
estimation of these material properties.

Optimization of the Experiment

The experimental parameters optimized were the total heating
time for both one- and two-dimensional setups and the sensor lo-

Fig. 4 Normalized sensitivity coef� cients (K) for through-the-thick-
ness thermal conductivity.

Fig. 5 Normalized sensitivity coef� cients (K) for volumetric heat ca-
pacity.

Fig. 6 Normalized sensitivity coef� cients (K) for in-planethermal con-
ductivity.

cation for the two-dimensional setup. (Based on earlier experience,
the optimal sensor location for the one-dimensional setup is at the
heated surface.) Using the genetic algorithm to maximize the deter-
minant of the XT X matrix, the optimum heating times were found to
be 264 min for the one-dimensionalcase and 284 min for the two-
dimensionalset up.Thesewere the heatingtimesandnot the totalex-
perimental times. The total experimental times were set at twice the
heating time. The optimum sensor location for the two-dimensional
setup was at the edge of the sample under the heated surface.
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Table 1 Estimates of k ? ? eff and Ceff from
the one-dimensional effective model

k ? eff , Ceff,
T, K W/m¢ K MJ/m3 ¢ K

295 0.28 § 0.21a 4.31 § 6.93a

§ 0.19b § 1.41b

375 0.49 § 0.08a 4.38 § 1.41a

§ 0.02b § 0.32b

445 0.59 § 0.08a 4.55 § 1.30a

§ 0.06b § 0.47b

aCIs from Eq. (5). bCIv from Eq. (6).

Estimation of Thermal Properties

The thermal properties were estimated using data from the two
different experimental setups and the three different models. (Data
from the one-dimensionalexperimental setup were used with both
the effective and detailed one-dimensional models.) These results
are presented next.

Effective One-Dimensional Model

The effectivethermal conductivitiesand volumetricspeci� c heats
were estimated using data from three experiments at 295 K and six
experiments each at 375 and 445 K. The average estimates for each
temperatureand corresponding95% con� dence intervalscalculated
from Eqs. (5) and (6) are shown in Table 1. The estimates for effec-
tive thermal conductivity indicate some temperature dependence,
whereas the estimates for the effective volumetric heat capacity are
relatively constant. A Student’s t means test was performed, and
the results con� rmed that the mean estimates for k ? eff at different
temperatures differed signi� cantly, whereas those for Ceff did not.
The estimates for both k ? eff and Ceff at room temperature (295 K)
had the highest con� dence intervals. This is a combined result of
higher variability in the estimates for each repetition and fewer rep-
etitions at that temperature. Also, the sensitivity and the variance
con� dence intervals for k ? eff were relatively close, whereas the C Is

values were much larger than the C Iv values for speci� c heat. This
is a result of the higher sensitivity for k ? eff than for Ceff.

Detailed One-Dimensional Model

The thermal conductivities and volumetric speci� c heats of the
individualmaterialsin the OWS were also estimatedusingdataat the
threedifferent temperaturesfrom the one-dimensionalexperimental
setup. The average estimates for the through-the-thickness thermal
conductivity and the volumetric heat capacity for each temperature
and 95% con� dence intervals from Eqs. (5) and (6) are shown in
Table 2.

The difference between the two methods used in calculating the
con� dence intervals is quite apparent in this case. The effect of in-
cluding sensitivity information in the con� dence intervals resulted
in somecaseswhere the sensitivitycon� denceintervalswere several
orders of magnitude greater than the variance con� dence intervals,
especially for C , which has the implication that, in some cases, de-
spite the lack of information for the estimation procedure relatively
consistent estimates were obtained, as indicated by C Iv . In look-
ing at the estimates of k ? , note that the estimates of k ? HC have the
smallest con� dence intervals and are very close to the k ? eff values
at the corresponding temperatures. This suggests that the honey-
comb blanket is the most signi� cant thermal material in the OWS
thermal model. (Note that the effective model also includes the air
within the torque tubes.) Also, the sensitivity con� dence intervals
in particular for the other materials are relatively high. The reason
for this can be seen by looking at Fig. 4. The sensitivity coef� cients
for k ? HC are much higher than for the other materials, indicatingthat
there is more information available from the data for the estimation
of this property than for the other properties. This result was ex-
pected simply becauseof the relative thinnessof the other materials
relative to the honeycomb layer. These results have several impli-
cations. Firstly, for this type of heating load (at the surface), it is
most important to accurately know k ? HC to predict the temperature

responseof the OWS. (As a reminder, this is the overallgoal: to pro-
vide propertiesthat can be used in thermalmodels for thermal stress
analyses.) In otherwords, a high degree of accuracy in the estimates
for k ? FS , k ? CS , and k ? TT is not needed for the thermal model, and
perhaps the model could be simpli� ed using lumped capacitance.In
this case thermal stresses can be neglected because of the negligible
temperature gradient.On the other hand, if more accuracy is sought
for these properties (say for a different type of heating load or a
different OWS design), then perhaps the experiment could be fur-
ther optimized to maximize the sensitivity of these properties. For
example, this might be achieved using thermal sensors embedded
within the structure during fabrication. The generally higher con� -
dence intervals for the 295 K case is again a result of fewer runs at
this temperature and higher variability within the estimates at this
temperature.

When looking at the estimates for the volumetric heat capacity
in Table 2, the con� dence intervals are relatively higher than those
for k ? . Comparing the normalized sensitivity coef� cients for C in
Fig. 5 with those for k ? in Fig. 4 reveals that the sensitivity of the
volumetric heat capacities were all less than that for k ? HC . There-
fore, there was less information available for the estimation of C
and hence the higher con� dence intervals. This is particularly true
for CCS, CTT, and CFS, which have very low sensitivitiesand conse-
quentlyhigh C Is values. There was, however, more information for
the estimation of CHC than for the other through-the-thickness ther-
mal conductivities,and consequentlyCHC has the lowest con� dence
intervals. Finally, a comparison between Ceff and the individual C
values is not appropriatebecause the effective value was calculated
using the entire thicknessof the OWS, whereas the individualvalues
were calculated with only the top portion. Unlike thermal conduc-
tivity, C is a volumetric property, and therefore, Ceff represents an
averaged value over the entire thickness.

The residuals, computed from the difference between the exper-
imental values and the calculatedvalues with the estimated proper-
ties, are shown in Fig. 7. Note, however, that there is a small amount
of bias in the solution, especially as the heater is turned off at ap-
proximately 2500 min. However, this bias is nonethelessvery small
(e.g., <0.2 K), and thus the model approximates the actual heating
very well.

Detailed Two-Dimensional Model

The in-plane thermal conductivities were estimated using data
from six experiments at 295 K using the two-dimensional experi-
mental setup. The average estimates for each temperature and asso-
ciated 95% con� dence intervals calculatedfrom Eqs. (5) and (6) are
shown in Table 3. The estimates for k=HC have the smallest con� -
dence intervals, and the sensitivitycon� dence intervalsfor the other
materials are extremely high. This again is a result of the high sen-
sitivity coef� cients for the honeycomb layer relative to the other
materials as shown in Fig. 6. This result infers that it is more im-
portant to estimate k=HC accurately rather than k=CS , k=TT , or k=FS

Fig. 7 Temperature residuals from one-dimensional detailed model.
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Table 2 Estimates of k ? ? and C for four materials from the one-dimensional detailed model

T , K k ? CS , W/m¢ K k ? HC , W/m¢ K k ? TT , W/m¢ K k ? FS , W/m ¢ K CCS , MJ/m3 ¢ K CHC, MJ/m3 ¢ K CTT , MJ/m3 ¢ K CFS, MJ/m3 ¢ K

295 2.68 § 130a 0.21 § 2.3a 2.34 § 310a 2.04 § 170a 1.22 § 610a 0.75 § 71a 3.00 § 3700a 1.58 § 1100a

§ 2.3b § 0.09b § 2.5b § 4.1b § 1.07b § 0.88b § 5.77b § 1.53b

375 0.71 § 12a 0.47 § 1.7a 2.31 § 100a 1.51 § 43a 1.38 § 190a 0.71 § 23a 3.31 § 1400a 1.22 § 290a

§ 1.4b § 0.15b § 1.6b § 1.8b § 0.32b § 0.17b § 1.60b § 0.52b

445 1.85 § 36a 0.44 § 1.9a 1.32 § 68a 1.53 § 51a 0.98 § 190a 0.68 § 25a 2.48 § 1200a 3.08 § 140a

§ 1.6b § 0.05b § 0.98b § 2.1b § 0.63b § 0.38b § 0.43b § 1.39b

aCIs from Eq. (5). bCIv from Eq. (6).

Table 3 Estimates of k== for four materials from the two-dimensional
detailed model

Temperature, k=, W/m¢ K
K CS HC TT FS

295 11.8 § 566a 0.20 § 0.08a 20.7 § 2300a 72.8 § 3640a

§ 2.40b § 0.01b § 10.5b § 7.6b

aCIs from Eq. (5). bCIv from Eq. (6).

for accurate thermal analyses with this type of heating load, which
makes sense because the honeycomb layer not only has a much
lower thermal conductivity than the other materials but is also sub-
stantially thicker, resulting in a higher resistance to heat transfer in
the in-plane direction. Alternately, if higher accuracy in these latter
properties is desired, one possibility again is to optimize the experi-
ment through the use of better sensing techniquesor the application
of a different heating load to provide higher sensitivities.

Convergence of GA

As already discussed, a criterion based on the average of the top
20 objective functions was used to terminate the GA. The number
of generations varied from run to run, but on average it took ap-
proximately20 generationsfor this criterion to be satis� ed, with the
majority of the changes occurring in the � rst 10 generations. For
each generation the objection function (and therefore the forward
problem) is solvedfor each chromosomein the population;thus, the
number of forward problems solved is approximately equal to the
number of generations times the elitist population plus the initial
population.

Uncertainty of Predicted Temperature

As already noted, the thermal properties are needed for thermal
stress analysis, and it is important to determine the effects of the
uncertainties in the estimated parameters on the resulting predicted
temperature. Based on the analysis by Blackwell et al.,15 the pre-
dicted temperature uncertainty r PT can be calculated from the un-
certainties of each of the parameter estimates as follows:

r 2
PT =

n pX

j = 1

³
@T

@b i
sb i

2́

(7)

where @T / @b i was calculated from Eq. (4) and s b i is the same as
that calculated for the variance con� dence intervals in Eq. (6). Us-
ing these values, the one-dimensional detailed model with n p = 8
resulted in a predicted temperature uncertainty r PT on the order of
10 ¡ 3 K, and the two-dimensionaldetailed model with with n p =12
resulted in a predicted temperature uncertainty on the order of
10 ¡ 2 K. Thus, as expected, the high sensitivity con� dence intervals
did not adversely affect the predicted temperature uncertainties.

Conclusions
A procedurewas implemented to estimate the thermal properties

of the individual components in a complex aerospace structure. A
GA was used to minimize a least-squares function that contained
experimentalmeasurementsanda mathematicalmodelof the system
to estimatesimultaneouslythermalconductiviesandvolumetricheat

capacities for each of the materials in the structure. A sensitivity
study indicated that there was very low sensitivity for many of the
properties and that many of the properties were correlated. The use
of a nongradientmethod, such as GAs, allowed for the simultaneous
estimation of multiple properties despite these shortcomings.

The low sensitivities of some of the properties resulted in rel-
atively large sensitivity con� dence intervals for the resultant esti-
matesbecauseof the small amountof informationavailablefor these
properties.This result has several implications. First, this indicates
that the propertiesdo not need to be known with a high degree of ac-
curacyfor the model to be accurate.Second, thismight mean that the
model couldbe simpli� ed through,for example, the use of a lumped
capacitance model for some of the individual components. Finally,
if higher accuracy is needed for these properties, the experimental
design might be modi� ed to achieve higher sensitivity.

Finally, the methodology described here is a powerful tool for
the characterization of the thermal properties of complex struc-
tures. It requires a mathematical model of the structure, experi-
mental measurements with conditions corresponding to the model,
and an optimization procedure to obtain the desired properties.The
shortcoming of the GA optimization method described here is its
inherent slow computation speed (as a result of the number of for-
ward problems that must be solved in the procedure); however, its
attributesare that it can handlemultiplepropertieswith low sensitiv-
ity and high degrees of correlation.Thus, overall, it is a very robust
method.
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