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Definition and Vocabulary

Useful Tools to investigate NLPE Problems

Enhancing the Performances of Estimation
Natural Parameters & Dimensional Analysis

Reducing the PEP to make it well- conditioned (Case of the
Contrast Method)

Over-Parameterized Models (Case of the “Hot”-Wire
technique

Estimations with models without degrees of Freedom (Case
of the Liquid Flash Experiment)

Taking the bias into account to reduce the variances on
estimated parameters (Case of the classical “Flash” method) »






| asuring a physical quantit§f; requires a specific experiment allowing for thisgtity to ‘expres

itself as much as possible” (notionsamnsitivity).

This experiment is requires gystem onto whichinputs u(t) are applied (stimuli) anavhost
outputs y(t) are collected (observationg).is theexplanatory variable : it corresponds tone for ¢
pure dynamical experimer

A model M is required to mathematically express the depersl@idhe system's response \
respect to quantity; and to other additional parameters

ﬂk (k¢ J) : ymo:;/](t’ﬂ’u)

Many candidates may exist for functiop -depending on the degree of complexity reache

modelling the physical process- which may exhilifedent mathematical structuredepending fc
example on the type of method used to solve theshvexgLiations.

Once this model is established, the physical gtiesitin vector # acquire the status ahode|
parameters

This model (calledknowledge model if it is derived from physical laws and/or consdiva
principley) is initially established in a dirermulation.

Knowing inputsu(t )and the value taken by paramejer the output(s) can be predicted.




= A Linear model with respect to its Inputs (LI sttwr®) is such as:

ymo(t’ﬂ'alul +a2u2): Oclymo(tng'ul)-koC 2ymo(tuB’u 2) (1)

= A Linear model with respect to its parameters (trtBcture) is such as:

ymo(t’alﬂl +0{2ﬂ2'u )= alymo(tiﬂllu )+0C zymo(t!ﬂ 2,U ) (2)

The inverse problensonsists in making the direct problem work backwawdth the objective |
getting (extracting)$ from y_ (t,f,u) for given inputs and observationg. This is anidentificatior

process

The difficulty stems here from two points:

(1) Measurementsy are subjected to random perturbations (intringicsene ) which in turn wil

generate perturbed estimated vallibsof p ., even if the model is perfect: this constitute

estimation problem.
(i) the mathematical model may not correspond exacthhe reality of the experiment. Measu

the value of # in such a condition leads to_a biased estimatdias= E(,Z)’)—,B“”e: this
corresponds to an identification problem (which elogl to use ?) associated to an estimi
problem (how to estimat$ for a given model?).




|

The estimation/identificatiorprocess basically tends to make the model matchd#tia (or th
contrary). This is made by using some mathematioachinery” aiming at reducing some
(distance or norm)

((B)=Y = Ym( LA,U) (3)

One of the obvious goal of NLPE studies is thebdamable to assess the performed estim

through the production of numerical values for yagancesV ( /A)’) obtained on the estimators (se

estimated values parameter. This allows to giveotider of magnitude cconfidence bounc for the
estimate). NLPE problems require the use of Noreirstatistics for studying such properties o
estimates.

Because of the two aboweentioned drawbacks of MBM, the estimated or measualue of
parameter,Bj will be considered as "good" if it is not biasedlaf its variance is minimum.

Quantifying the bias and variance is also helpbutdétermine which one of two rival experiment
the most appropriate for measuring the searchedmmer (Optimal design). In case of mult
parameters (vectop ) and NLPE problems, it is also helpful to deteriwhich componest of

vector  are correctly estimated in a given experiment.







In the case of a single output signalwith m sampling points for the explanatory varialbl@ndfor

a model involvingn parameters, the sensitivity matrix(is1x n) defined as

aymo (t| ;ﬂnom)
aﬁj t,p pour K# j
As the problem is NL, the sensitivity matrix hadyoa local meaning. It is calculated for a gi

nom

nominal parameter vectgf .

S =

If the model has a LP structure, this means tres#nsitivity matrix is independent frc S . It can b
expressed as (Lecture 2)

Vno(tB)= DS, (1)

The sensitivity coefficien§, (t) to the 5 parametef; corresponds to th¢"™ column of matrixS .

The primary way of getting information about theendfiability of the different parameters is
analyse sensitivity the coefficients through graphiobservations. This is possibnly wher

considering reduced sensitivity coefficienqu because the parameters of a model do not he
general the same units.
Y2 a s t, nom a - t, nom
Sj:ﬁj%:ﬂjy(/)’) _ o (G7)
aﬁj a(ln,Bj )

t,p pour Kz j t,p pour k# |



TOOL Nrl: A superimposed plot of reduced sensitiviy coefficients S’Jf( t) gives a first ides
about the more influent parameters of a problem (legest magnitude) and about possib

correlations (sensitivity coefficients following tle same evolution).

Example: Measurement of thermophysical properties of ogatihrough Flash method using ther

contrast principle. Case = 2

By
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INVERSE ANALYSIS

The model :

e T

The Observable:
Yi = T(t,B) + &

The experimental noise corrupt the data:

-09015 -0.01 -0,005 0 0.005 0.01 0.015

g =0.005
E(g)=0 var(g,) =o° cov(g) =o’ld
n
S)= X (Y - T(4.B))°

=1

allows to get an estimate of via minimization



INVERSE ANALYSIS : The minimization process
=
gk+D) Z (k) (x<k>tx(k>j 5 (K)! (Y . T(B(k)))

Indicates the basic tools for inverse analysis

= Matrix analysis

<~ Sensitivities to parameters

CoLGR R o B S e
og s 05
aT(t, 5 - :
X:DBTT(’[,B)Z ( B): : : :
op oT(tB) OT(LB)  0T(t.B)
& aﬂp a'Bp a'Bp )

<~| Variance-covariance matrix

* Noise assumptions dependent

covp =a?(X"X)"

{ e Minimum

11



<~ Variance-covariance matrix

= -1
Covp = JZ(XTX) ‘,0 ‘: cov(B,, )
N

1 g
cov(ﬁ) = 1
Vcor (ﬁ) =
: relative erro
Correlation
coefficients ™ onf3
i . 12



(TOOL Nr2: Matrix V (,B’) gives aquantitative point of view about the identifiability of the

cor
parameters. The diagonal gives a kind of measureme(minimal bound!) of the error made or
the estimated parameters (due to the sole stochastharacter of the noise, supposed unbiase
The off-diagonal terms (correlation coefficients) are genailly of poor interest because of the
too global character. Values very close ta&1 may explain very large variances (errors) on th
\ parameters through a correlation effect.
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for Tracking True Degreesof Fredom

» Pathological example of ill-conditioning resultirgm correlated parameters

The thermal characterization of a semi-transparetierial implies at least three basic paramethes: t
thermal diffusive characteristic timé, =e2/ a, the dimensionless optical thickness and the

dimensionless Planck numbdt and sof =[t,,z,,N] .

Local Minima
Paramete
cor\:lecc;[ﬁgnts (found using either deterministic
g or stochastic algorithms)

N°1 N°2 N°3 N°4

a (10' m2/s) 5.2 49 | 585| 4.8
N 06 | 074| 0.16] 0.82
T 038 | 0.5 | 0.07| 0.56

Optical thicknesg,

Rr=¥(ro+1) S s o be s g
0

Example of local minima foungl

Planck numbeN

Level sets for Jgs(B)

in the (z,,N) parameter space

14
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TOOL Nr3: In given conditions of noise and for a given modelt may be interesting to look a
the level-set representation of the optimisation @erium in appropriate cut- planes (for giver
pair of parameters if n>3), and compare it with the minimum achievable crierium given by
J=mp°.

- o

« Rank of the sensitivity Matrix

We focus here on tfreduced sensitivity matr. This (m, n) matrix is composed N column vectors, tf
reduced sensitivity coefficienS’j‘

Sl with s; =g 1 (g;;”"”‘)\
J

t,pB pour k#j
Thesen column vector§]f are in fact just the components of a se uéctorss} in am-dimension vectc

space. One can recall here that this set of véctof S; , S, ,...,S. } is linearly independent only if:

n
Yasi -0 a; =0 for any j such as 1<j<n

15



Si(t)-S,, S (t)=5,,

a- independent sensitivities £ n=2) b - dependent sensitivities c- nearly dependent sensitivities

Reduced sensitivity vectors

Sensitivity (A.U.)

Sensitivity (A.U.)

Sensitivities plotted by pairs

0.3H

Optimal Linear Combination :
between all 3 sensitivities |-,
Linear Regression r=0.99 |

025t

]

005 01 015 02 025 03 035

Evidence of Linear Combination
between all three parameters

TOOL Nr4: The SVD of the normalized sensitivity matix around nominal values of the

parameter vector f can be advantageously calculated to get valuableformation.

16



» Residuals Analysis and Signature of the PreseneeBids in the Metrological Process

One way to analyse the results of the estimatiacgss is tawalculate the residuals (equation 1(
convergence. When equation (8) is checked, it eagdsily shown that ¢hexpectancy of the residL

curver(t i} ) is equal to a null function:
E(r)= E[yi - ymo(ti ﬁ)] —E [S(B—ﬁ)} = E[—S(ST 3‘1 §s} = - $ & )3‘1 5 &)

SinceE(e)=0 , E(r)=0 which means thaf the model used for describing the experime
adapted, the residuals curve “unsigne’” (unbiasectheoretical mod/). On the contrary, "signe
residuals can be considered as the manifestatisaré biased estimation.

The bias can originates from different sourcesraaadly:

0] the a priori decision that some parameters of tbhdahare knowrand therefore fixed
some given value (maybe measured by another expeimAs authentic parameters
the PEP, they can alter the estimates of the rengaimknown parameters.

(i) Experimental imperfections which makes the modedlided with respedb the reality c
the phenomena.

The existence of a bias means that there existstamnsatic and generally unknown inconsiste
between the model and the experimental data.

17



icial_bias-is introduced underthe-formalinear drift"sul yutput simul
“Observations. It corresponds practically to a lindaviation of the signal from the equilibrii

situation before the experiment starts. A noiseeebngis also added to the simulation of
measurements so that we have:

0.5 A
e Y =(LB)+D(t)+e
?5{ 018
$03 - -
2 0 = Time Interval 70 s 150 s 300 s
*f‘é 0.2} ; a (m2/s) 3.76.10-6 3.22.10-6 2.21.10-6
FI! S D R 2 ywW/mec 0.031 0.06¢ 0.08¢
R e S e 7 A
(s
N - - e ‘ e Influence of the existence of some bias on the paeter
0 200 400 600 800 1000 estimates for a badly conditioned problem

Time (8)

Signed character of "post-estimation” residuals the presence
of a bias and using a badly conditioned PEP

/TOOL Nr5: The "post-estimation“residuals have to be analysed carefully to check the instanad a b@
of systematic origin. Its magnitude can be comparetb the standard deviation of the white noise of t
sensor to check whether this bias may introduce totarge confidence intervals of the eshates (with
respect to the pure stochastic estimation of the viances of parameter estimates in the absence of y
bias). Relative invariance of the estimates with mpect to the identification intervals may suggestiat the
bias is acceptable. In the gposite case, strategies must begin either to chantje nature of the estimatiol

problems (reduce initial goals) or to use residual$o give a fait quantitative evaluation of conidence
ounds of the estimates. 1&




Case of the Contrast Method




Measurement of the thermophysical properties of deposits
by the bilayer or "thermal contrast” technigue

ke
e, e
4 S 1}
e U
SN N SN % 0.8; —— Substrate
N pC. L — e | —— Bi-layer
o | P Ta % y/ 2 [—Ts 0.6 —— Contrast
e 0 /
» 1/ 0.4r
\ experiment A experiment B / 0.2+
0

T pe’
e A 20 22 s ‘ ‘ ‘ ‘
2] A B8 A COS{ a } 25 0.2 0.4 0.6 0.8 1
in — |:C DI:| out - : t*=a t/ez
A, : L B B = = sin 1}ﬁ etC =1 \/Esin I
A & & &

p
18
Laplace Transform Reduced Laplace Transform
o(z, p):gP(T(z,t)):lT(z,t)exd— pt)dt ;(z,ﬁ): S;P(T(z,t* )= TT(z,t*) expl-pt ) df

7 t A 4




€q

6]]2in A\Eq B 01/20Ut
» Flash Experiment on the bi-layer @ =0y | |C Deq[ }

% e % ou :0
material: : =
With: |:A\ec Bec:| e |:AL Bl:l |:A2 Bz:| 2 Al L+ B CZ AlBZ + AZBl:| Aa-c * Dec
: Ceq Deq Cl Dl CZ DZ @ AAZ i BZC1
b, b, boyo
H]JZ = =% = HZ and Hl/Zout =
S CA+AC | / 2 / ; :
s Al\/Fsm pe’ cosh .| P& +/]2\/?sin P& lcosh [ BS
& & a, a, a, &
¢0sz ‘ 922 1+ 51((::12
T = 22
2 PCE t 0,CL ﬂz"”‘ a,

{ \/? r{ \f s]cosi(s+smk(s)cos?£ \f H




ratio of the root of characteristic times

(depends on the thicknesses of the materials)

K, = ApiC ratio of the thermal effusivities

(intrinsic to the nature of the two layers)

~F +

s [ K, sinh(K,s)cosHs) + sinh(s)cosHK;s)

~ ~

> Contrast curve: A;;ut: 5;2%—;2“ = (T;jzom =l )=5&P aT)

out

EE .

S [ K, sin(K,s)cosH(s) + sinh(s)cosHK,s) sinlh(s)}

K3 — K]_ K2 — plcle.l.

0,08 thermal capacities ratio

A

)|_2 thermal resistances ratio
1

K4 :ﬁ :i
K, &

In all cases, the corresponding substrate properties must to be known



Thickness m) | a (n¥/s) | A (W/m.°K) | pC, (I/m®.°K)
Case 1: Aluminium coating on a Cobalt/Nickel substrate
Film (1) 220 9,46.10 230 2,43.10
Substrate (2) 1100 2,36:10 84,5 3,57.10
Case 1 : Case 2 :
h=10W/nt°C Bi="% - 1310 <<1
2
. . Case 2. Insulating film on a Alumina substrate i i
Conductive coating 2 Insulating film
/ Film (1) 247 6,84.10 2,23 3,26.19 /
Insulating substrate Substrate (2) 640 74780 23 3,08.16 Conductive substrate
h =10W/I’T‘I2.°C BI :h_ez - 28.10_4 <<1
2
l\1 P Nobvaivalanna l\2 - 1.9V l\1 R MY e l\2 - V.94
3 U ‘ ‘ ‘ ‘ 1.2
1 1
0.8 —— Substrate i 0.8 —— Substrate |
—— Bi-layer —— Bi-layer
0.6/ —— Contrast i 0.6 —— Contrast i
0.4+ . 0.4 q
0.2 1 0.2 1
0 0
-0.2 ‘ ‘ ‘ ‘ -0.2 ‘ ‘ ‘ ‘
0 0.2 0.4 0.6 0.8 1 0 1 2 3 4 5

t'=a t/e? t'za t/e?



Sensitivity Study Through 2 Examples

Case 1 : Conductive coating / Insulating substrate

Case 2 : Insulating coating / Conductive substrate

0.2 ‘ ‘ 1 ‘ ‘
—— Constrast Curve —— Constrast Curve
0.15- Sensitivity - K1 i Sensitivity - K1
Sensitivity - K2 Sensitivity - K2
0.1} 0.5+
0.05¢ |
0 0
-0.05+ |
-0.1¢ . -0.5 ]
-0.15¢ .
_0.2 I I I I | _1 | I I I |
0 0.2 0.4 20.6 0.8 1 0 1 2 3 4 5
*_ *_ 2
brantes Contrast Curves Lo
Variance-Covariance Variance-Covariance Kl is closed to unity
28.0302  -35.9846 oy =1 0.1067 3. 1409
-35.9846  46.6417 3.1409  99.1677
sinHK,s)costs)= K, sinH(s)cosHK;s)
Correlation Correlation
1.0000 -0.9952 |Npt=1000 1.0000  0.9655 "
-0.9952 1. 0000 0. 9655 1. 0000 - 1 1 1
ABow == : 7
oo oo s| sinh(s)cosHK,s) sinh(s)

\ g

Covariance & Correlation Matrices
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Case 2 : Insulating coating / Conductive substrate

Case 1 : Conductive coating / Insulating substrate

1 : :
0.15 ! ‘ —— Constrast Curve
—— Constrast Curve Ve Sensitivity - K
0.1 Sensitivity - K trast ¢U" Sensitivity - K
' ___ Sensitivity - K, amé ¢ Y-8y

0.05 : 0.5 K, = 0.4096 - K,, = 4 ]
0
-0.05¢ .
0
0.1 K, =0.136 - K, = 0.073529
-0.15 .
_0.5 | | | |
_0.2 | | | |
0 0.2 0.4 0.6 0.8 1 % = < > % 2

t'=a_t/e?
Sensitivity Curves

Variance-Covariance Variance-Covariance
26921 -18.5189 ;
-18.5189 1458475 SOl
Correlation Kl is closed to zero Correlation
1.0000  -0.9346 1.0000  -0.9999
-0. 9346 1. 0000 - 0. 9999 1. 0000
Case 2
Case 1 sinh(K,s)=K,s
cosiK,s)=1

*

=1 1+ KK, o
" s| K, sinh(K,s)cosHs) +sinh(s)cosHK,s) sinh(s)

)




Example

Bi-layer material : P V.C deposit / Steel substrate

Thickness | a (ms) | A (W/m.°K) pC,

(mm) (J/m°.°K)

Case: P.V.C deposit on a Steel substrate
Film (1) 1 1,21.10 0.19 1,57.19

Substrate (: 5 8,33.1(° 30 3,60.1¢
Nominal values [ K, =166 ) K,=0.052| K,=0.086 | K,=3192
R = 510" KIW.m? R = =03
(&/4,)

Case 2: Insulating coating / Conductive substrate




Bi-layer material : P.V.C deposit / Steel substrate

Example

—— Substrate

—— Substrate

1.21 —— Bi-layer , 1.2L —— Bi-layer ,
—— Contrast —— Contrast
1t 1r
0.8¢ ] 0.8+ ]
0.6¢ ] 0.6+ ]
0.4f 8 0.4 _ _ * _ ]
K1 = 1.6594 - K2 = 0.052549 = 1.6594 - K2 = 0.052549 - RC =0.3
0.2 1 0.21 i
0 : : : 0
0 4 26 8 10 0 2 4 26 8 10
t=a.t/e Contrast Curves t=a.t/e
Ji ‘ ; 1 : :
—— Constrast Curve —— Constrast Curve
Sensitivity - K1 Sensitivity - K1
Sensitivity - K2 Sensitivity - K
0.5¢ 0.5+ Ll 2 |
____ Sensitivity RC
0 0

-0.5¢

1.6594 - K2 = 0.052549

-0.5¢

-1

" K, = 0.052549 - R’; =0.3

10 0

Sensitivity Curves




Example

Nominal Values :K,;=1.66 — K, =0.05

(Perfect Contact)

/

—— Simulated Thermogram

—— Residuals x 4

—— Theoretical Thermogram ||

K1 =1.66 - K2 = 0.05

&
N

Temperature T,°C

o

-0.2

0 2 4 : 6 8
Time t =atn/e§

10

o
0.1670
Estimation without noise

Variance-Covariance

10. 9443
10. 9443 745.4980

Correlation
1. 0000 0.9809
0. 9809 1. 0000

-\
1 T T T
—— Simulated Thermogram
0.8 —— Theoretical Thermogram |
—— Residuals x 4
O 0.6 ]
= K, = 1.6582 - K_ = 0.047585
0 0.4 1 2 -
o)
[<
o 0.2
5
— 0
-0.2]
_0.4 I I | I |
0 2 4 6 8 10
Time t'=at /e?
=1.6582+ 0.0067
Oy,

=oJcov (K,) = 041%

K, =0.047585 0013

Estimation with noise

As predicted by theory, without noise we exactly
find the nominal values used for the simulation

As predicted by theory, the more sensitive
parameter in this case is the parameter

Ky




Optimization of the experiment

Can the parameter estimation be improved by a change of parameters

Note on the change of parameters

Let introduce now a new couple of parameters: (K,.K,) P |AG= ft, K, K,)=f(t, K, K,)

o

2% oF
Th ters introduced function of the old <, =R (K, K;) K, oK, |_[a a
. e, 1 Fualus
e hew parame ers intTroauced are tunction o e o ones Kb :Fb(K1aK2) i ﬁ an _[bl bj
0K, 0K,

So it is for the Sensivity and Covariance matrices:

(K,) CO\,(Ka,Kb)}:J.[ Var(K,) CO\,(Kl,KZ)}Jt

Sensitivity X, =X;,,J7 Covariance ) varlK,) CoMK,K,) Var(K,)
b b 117N 2 2

Var(K,)=a,” Var(K,) +a,” Var(K, ) + 2a,a, CoK,K,) - Var(K,)=Var(K,)
Var(K,) = b Var(K,) +b, Var(K, ) + 2bb, Co(K, K, P> Var(K,)=b Var(K,)+b,’ Var(K,) + 2bb, CovK,, K,)
CO\’(Ka’ Kb) = ab, Var(K1)+ a,b, Var(Kz)"' (azbl % aibz)CO\’(Kv Kz) COV(Ka, Kb) = bl Var(Kl) + b2 COV(Kl, Kz)

[The standard-deviation of a given parameter does not depend on the choice of the second parameter]




e
e

53
o

Temperature T,°C
o
N

o

-0.2

=
IN

—— Simulated Thermogram
—— Theoretical Thermogram ||
—— Residuals x 4

K3 = 0.078902 - K4 = 34.8478

2 4

6 8 10

Time t'=at_/e?

—— Constrast Curve
Sensitivity - K3

Sensitivity - K4

K3 = 0.083 - K4 =33.2

2 4
t"=a_t/e?

6 8 10

Nominal Values : K;=0.086 - K, = 31.92

Variance-Covariance K, =0.078902+ 002

767.6456 -745.4210
-745.4210 723.8643

Correlation

1.0000 -1.0000
-1.0000 1. 0000

As expected,
the two parameters are not well estimated

K, =/K;.K, =1/0,078934,848=16581

K, =4K;/K, =./0,0789/34848=0,0476

We exactly find the same values for (K,,K,)
as those obtained with the estimation in |(K,,K,)




Case of the Hot-Wire Experiment




el L h \“> g

— -

Thermocouple

v

0<r<r,: Hot-Wire

r,<r<r,: Medium

Assumptions

- Infinite Expansion
- Azimuthal Symmetry
- Isotropic Medium

e Transient Heat Transfer Equation :

diviA Corad(T))+ P = oc, O

Cylindrical Coordinate System :
62T+16T+P_16T

oz ror A aot

oT
YA
Slar -
oT
T AL
Szar G
T=T

ext




* Representation in a™ - QuadrupoleForm :

* LaplaceTransform :
= % A=kr, (K, (kr,) 014 (kr )+ K, (ke )01 (kr,))
a(r, p) :_[O A(r,t)exp - pt) dt ; ; :
B= ol (KO(krl) EIIo(krz) 2 Ko(krz) DIO(krl))
(umees) e o) C = =2y (), k) -, ) 0, )
e Quadrupole Formulation : D =iy (Ko kry ) (ki )+ Ky ket T (k)
_ = 4 ~ &,
(]:)1 2 —_—— B
——+ A Bt |
A E— _
—C D 44— o, % a,
|
A, p)HA | gz(rz,p)J
CDl(I‘l, p) C D CDZ(I’Z, p) Zl :E’ Z2 :E et 23 :i
C C C

Transfer Matrix M
— Waterfall Setting



e Semi-infiniteMedium :

5 = 1 Kolkn)
“ 21l kr K, (kr,)
Z200 :ii R
277 kr,
1
Z3°° :E -0
D,
> |
é Z]nc
|

Quadrupole Formulation

* AsymptotidModel :p- 0 et <<1

lim K, (kr,)=-In(kr,)

kr, -0

kr, -0

lim Kl(kr1)=(2/kr1)[[r(1)/2:k—




e Hot-Wire effects

(Dm :V1 m-'-:'O(D)

6,=—["or2m dr == ["g0 d
V, ©0 -

1

p— Oetn<<l

N Resistance

= Capacity

Z, =

2 D,
>

O 1

R
AAA
Z,=C

E

e ContactResistance :

- - -7 _ - 5 = 71

o R @1 R ,

5[ Lo 1o ] Ijz ,

" | [ L1 | =
[ [ R I
) Contact Semi-infinite

Hot-Wire Resistance Medium

* Finite Medium (Heat Losses Effects) :

_ — — = " _ ——_— - ——_— = ] ——_— - ]
D, R | P, | Rc | | Z, Z, | | |

> AN
‘ﬂ Lo fo 17 I’l':'['jz':', | %i,
o SN I SO I BRI S B =
I | | _ _I L — — o L — — 4

: Contact Finite Heat

Hot-Wire Resistance Medium Losses




Ideal Case

(D.) aineladws |

10

In(t)



Température (°C)

16

14

12

10

r= 400 um et g=10 w/m
R.=1 KIW.m
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P 1hS=10 KW || 3
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7 r.=400 um et r,=30 mm / B

6 30: 1 2 ;_ -
SR - / .‘:
%’ o5 q=10 W/m et R =1 K/W.m .
& - Sy
2 sof o5
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Température (°C)

40

35

30

25

20

15

10

r= 400 pm et r2=‘IOI cm

=10 W/m et Rc=‘l K/W.m

1/hS=10 K/

Lia
o=
a1

o
-

||||I||||I||||I|[

i
o



Parameters :

—"Hot-Wire" Thermal Conductivity
—"Hot-Wire" Thermal Diffusivity
—"Medium" Thermal Conductivity
—"Medium"Thermal Diffusivity
"Hot-Wire / Medium”
(Heat Losses)

e Sensitivities :

IF(t,K)
IK.

X (t,K)= tt

e Correlation Factor :

ol K, )=

IF(t,K)

X, (t) =KX (t)=K, K

« reduced »

CovK,,K,)

JVvar(K, B/ar(K )




20

15

ALY
o

Température (°C)
(] (@)

Sensitivity Curves

j'v.)m;‘

awire
A

medium

amedr’um

R,

[1.0000
1.0000
0.7303
0.9575

0.9621
2

wire

1.0000 0.7303
1.0000 0.7292
0.7292 1.0000
0.9568 0.8508
0.9614 0.8358

awfre j‘medi'um

0.9575
0.9568
0.8508
1.0000
0.9996

a

medium

0.9621 |
0.9614
0.8358
0.9996

1.0000
R,

Thermogram

AT gy e “meditim
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i [ e e ey [Ty TeH o mee) e e | See e ey
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Sensitivity Curves

ALY
o

Température ("C)
o

e —— — — — — ———

o

wire
wire
A

a

medium

medium

R
R

cony

[

[1.0000
1.0000
0.6110
0.3312
0.6319

0.1097
A

wire

3]
3]

[E—
2

o o
L%
o
R

)

A
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on

Sensitivity Curves

Sensitivity Curves

Thermogram

Temperature (*C)

Temperature (*C)

e,

-1 | 2 3 o 5 B

In{t)

Thermogram /
- RE

amed:’um

;] = - “"‘-.f’-_-’_ -
W, e T /

//af““_dJ’ T “rnecliur
_\-H—"h"‘-‘-\_._

_\_‘-“-_\_

pC £
Fwire

Y

-1 0

23 4 9 B

Inft)

1.0000 0.4754 0.8277
0.4754 1.0000 0.7638
0.8277 0.7688 1.0000
| 0.8477 0.7145 0.9965

(pC P )wire A’medmm amed;’um

(eC,)

wire
A “medium

amea'{um

R

(3

R

COnyY

1.0000
0.4527
0.1884
0.4853

0.4527 0.1834 0.4853
1.0000 0.7152 0.6287
0.7152 1.0000 0.0612
0.6287 0.0612 1.0000

0.0379 0.3826 0.8664 0.3448

(Fiv P )wn‘e

‘medium

a

medium Rc Rconv
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Case of the Liquid Flash Experiment




T()

Walls <
RN

Liquid

Flash

Lamps

Walls

Introduction

a

&

&

.

~

Good contact between liquid and walls
One-dimensional Heat Transfer
Presence of the Natural Convection

requires to work in a
"pseudo-conduction” regime

N

(choose the aspect ratio of the

measurement cell e/h<<1)

Principle of the Measurement




Quadrupole
)| A, 8, A Eﬁ} I 1| o)
Representation) | {Cw DW} [ ¢ b c o D >
Walls \
A 1/hS  Convective Heat Losses
N h
h 5 2
? A =D, =cos PS B = 1 sini |23
a ) s \F 2
% i
q
—>
X 2
Impulsed and  C =/1iS\/Esin PS
Flux T(t) q q
o \g € . thickness of the material
& . thermal diffusivity
—>
Liquid A thermal conductivity
: \ 46/




The rear-face temperature @(p) is given by:

a(p) = ¢(p)

7 + 2.:hS+ B(hg)*

- #and & represent the coefficients of the transfer matrix:

« #]_[A, B,JA BTA, B,
{@ @}_ C. AJLG AJC, 'A\J
With: .2=(AA+B,C)A,+(AB +B,A)C,

#=(A,A +B,C)B,+(AB +B,A)A,
¢=(C,A+AC)A, +(C,B +AA)C,

For a Heat Pulse (Dirac of Flux) - ¢(p)=Q m——> T(t) =7 /‘9( p)
47




[ ezasmm

h=5W.m?.K™

Water:
/1| = 0,597W.m‘1.K -

a =14310" m*.s™

Oil:
A =0132W.miK™
a =73310°m*s™

Walls (coppery):.
A, =395W.m*K™

a, = 11510 m*.s™
e, = 050r 2mm

Q/S= 410* Jm™

/

AT,°C

Water - 0.5 mm
Water - 2 mm T
Qil - 0.5 mm
Qil - 2 mm

100

200

300
Timets

400 500 600

48




_ € _ € _Q _
B=——, B,=—, [;=—= and p,=h
1/a1 S

> T=1t4.5 6:06)=f(t.5)

W——> Reduced Sensitivity Coefficient:

oT
ja—ﬁj(t’ﬁ)

¢ XJ-* maximum - small error

Xj*(t’lg):

X X" proportional - parameters are correlated

49



5

S(8)=3 (% -T(tp) - 2B -3 OTEBN 1¢ p)=0(05)

i=1 a i=1 aﬂj |
8(’[) being the noise at time t | gim) = gl 4 ix () % (n))_1 () é‘(’[)
> Elg)=8 expected values of parameters (unbiased estimator)

> V(ﬁ): o 2 (x'x)" = anz{ CZ\?,rB(fi,g’j) C\?\é@,ﬁj )} Y =T (ti b ) té

. covariance matrix (o, : standard deviation of noise)

Cov3.5;)
> AB.5,)= JVvar(g B)var(B,)

Large Sensitivities
Correlation coefficients

are far from unity

w Good Estimation if

Variances are small

50



Reduced Sensitivies : Whater - 0.5 mm

elfﬁ,l
Qfs
h

t=.\|‘r'\faI |

Reduced Sensitivies : Water - 2 mm

2L
Al
-4 L 1 L L L
0 100 200 300 400 500 600
Time t,s
3 Reduced Sensitivies : Qil - 0.5 mm
—_— t=.\|‘r'\faI
2} — efn ]
1L — QJS
— h

0 100 200 300 400 500
Tempst,s

600

-1.5
0

1.5
—_— elhfaI
1 e elfkl M
— QU5
05¢ h
0
-0.51
At
1.5
_2 1 1 1 1 1
0 100 200 300 400 500 600
Timets
15 Reduced Sensitivies : Qil - 2 mm

100 200 300 400 500
Temps t,s

600

The estimation problem is non-linear — the estimation depends on the
nominal values of the parameters — an optimal walls thickness exists

51



Water — 0,5 mm

Water — 2 mm

0.3394 -2.3464 2.4913 1.4724
-2.3464 16.5302  -17.4179 -9.4267
2.4913 -17.4179 18.4144 10.4120
1.4724 -9.4267 10.4120 9.7216

0,3218 -0,8419 10,7528 -0,5216
-0,8419 2,4531 -2,0146 2,5528
0,7528 -2,0146 1,7770 -1,3092
-0,5216 2,5528 -1,3092 8,7357

Oil = 0,5 mm

Oill —2 mm

0,0649 -0,2870 0,2533 0,1216
-0,2870 123629 -1,1408 -0,4388
0,2533 -1,1408 0,9958 0,4599
0,1216 -0,4388 0,4599 0,3979

0,1920 -0,4540 0,1500 -0,2349
-0,4540 1,3544 -0,2825 1,0794
0,1500 -0,2825 0,1413 -0,0219
-0,2349 1,0794 -0,0219 1,4113

Variance-Covariance Matrix

52



New Parameters: [B, =

6

—— ., (B ,83:% and £,=h

o

Water — 1 mm

B, B>, Bz and S,

3 parameters (3, fixed): £, B;and S,

0.9952 0.9977 1.0000 0.0336

0.0886 -0.0324 0.0336 1.0000 B3

4 parameters:
Covariance Covariance
0.2567 1.5697 1.0776 0.0993
0.0057 0.0094 0.1353
1.5697 9.8171 6.6809 -0.2249
0.0094 0.0208 0.3121
1.0776 6.6809 4.5673 0.1590
0.1353 0.3121 4.8955
0.0993 -0.2249 0.1590 4.9007
Correlation Correlation
1.0000 0.9888 0.9952 0.0886
1.0000 0.8596 0.8074
0.9888 1.0000 0.9977 -0.0324
0.8596 1.0000 0.9777

0.8074 0.9777 1.0000




. . .
-5 -4 -2 -5 -4 3 -2

10 Walls Thicknesses1£-rj‘1 10 10 V‘{fglls Thicknesses1g-m 10
5 By - Water . B, - Oil
10 10
10* 10"
%102 810
- 10" g 10"
107} 107
10” \;1\,:(;:3 Thicknesses12-r31'1 10” 10° Wlai:s Thicknesses‘lés-:n 10°
» Fluid (Water) [ =4,5 mmA=0,597 W.mt.K, §=1,43.10' m?.s?, pc=4,17.10 J.m3.K"1
» Fluid (Oil) [ =4,5 mmA.=0,132 W.mt.K"1, 3=7,33.10' m?.s?, pc=1,8.10 J.m3.K!]

» Walls (Copper) [A,=395 W.mLK1, g,=1,15.10* m?.s?, pc,=3,43.10 J.m3.K1]
» h=5W.m2.K1-0Q/S=4.10* J.m2 b4




Temperature T,°C

N7
N\

\V4
Z\

Estimation Program: Levenberg-Marquardt Algorithm with 4 parameters

,31ZQ/\/;’ B,=me, B,=Q/S and S, =h
Standard deviation of the noise: g,= 0.005 K

VWater Qil
25 : : 25 .
2F 2l
15¢ € 45l
|_
o
1t g 1
o
05} S o5}
|_
Residuals x 10 Residuals x 10
0 S - 0 Y -
03 50 100 150 200 025 100 200 300 400
Timets Time ts
» Fluid (Water) [ =4,5 mmA=0,597 W.ml.K, §=1,43.10' m?.s?, pc=4,17.10 J.m3.K"1
» Fluid (Oil) [ =4,5 mmA=0,132 W.mt.K"1, 3=7,33.10' m?.s?, pc=1,8.10 J.m3.K!]
» Walls (Copper) [A,=395W.mLK1, g,=1,15.10* m?.s?, pc,=3,43.10 J.m3.K1]
> h=5 W.m2.K1 - Q/S=4.10* J.m"2 po




a=1,43.10" m2.s?
pc=4,17.10° J.m3.K1
h=5 W.m2.K1
Q/S=4.10% J.m™2

4 parameters: ¢ /\/a| , |ma| , |Q/S| and |h
Water Oil
Parameters Parameters
Nominal Estimated Nominal Estimated

a=1,417.10-7 m2.st
pc=4,276.10% J.m3.K!
h=5,083 W.m=2.K-1
Q/S=4,071.10% J.m2

a=7,33.10" m?2.s!
pc=1,8.106 J.m3.K1
h=5 W.m2.K-!
Q/S=4.10% J.m2

a=7,284.10" m2.s!
pc=1,827.10° J.m3.K1
h=5,014 W.m=2.K-1
Q/S=4,026.10% J.m

Covariance
0.2604 1.6099 1.1144 0.1305
1.6099 10.1769

1.1144 6.9852 4.8152 0.2932
0.1305 -0.0272 0.2932 4.8916

6.9852 -0.0272

Covariance
0.0885 0.4597 0.1814 -0.0129
0.4597 2.5109

0.1814 0.9409 0.3747 -0.0099
-0.0129 -0.2640 -0.0099 0.3976

0.9409 -0.2640

Correlation Correlation
1.0000 0.9890 0.9952 0.1156 1.0000 0.9753 0.9962 -0.0686
0.9890 1.0000 0.9978 -0.0038 0.9753 1.0000 0.9700 -0.2642
0.9952 0.9978 1.0000 0.0604 0.9962 0.9700 1.0000 -0.0257
0.1156 -0.0038 0.0604 1.0000 -0.0686 -0.2642 -0.0257 1.0000
g, =05% g, = 16% o, =03% o, =08%
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4 parameters (

and |h

Water

Oill

Parameters (pc,=4,17.10° J.m=3.K-1)

Parameters (pc=1,8.10° J.m3.K 1)

Nominal

a=1,43.10" m?2.s?
h=5 W.m=2.K-
Q/S=4.10% J.m2

Estimated

a,=1,428.10-7 m2.s!
h=5,
Q/S=4,005.10* J.m-2

084 W.m2.K-1

Nominal

a=7,33.107" m?.s?
h=5 W.m2.K-1
Q/S=4.10% J.m2

Estimated

a=7,323.10" m2.s!
h=5,022 W.m2.K-1
Q/S=4,005.10% J.m-2

Covariance

Covariance

0.0058 0.0095 0.1347
0.0095 0.0211 0.3117
0.1347 0.3117 4.8196

0.0044 0.0092 0.0354
0.0092 0.0223 0.0888
0.0354 0.0888 0.3651

Correlation

Correlation

1.0000 0.8609 0.8089
0.8609 1.0000 0.9779
0.8089 0.9779 1.0000

1.0000 0.9339 0.8879
0.9339 1.0000 0.9840
0.8879 0.9840 1.0000

o, = 008%

o, = 006%
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1 B
(7]
£ 08l
o
O
£ 06}
@
<
9 04r Small bias
é 0.2
g ' Residuals x 10

a =1.42¢-007 meis -

pc, = 4.38.10° Jim* °C

KQIST  =21000 Jim?.°Cd
max

h=55Wim?°C

Very little noise |

100 150

Timets

4 parametersie//a | |oce| [Q/s| and]

Covariance

0.1453 0.6414 0.3682 0.0941
0.6414 2.9094 1.6528 0.1704
0.3682 1.6528 0.9452 0.1949
0.0941 0.1704 0.1949 1.6610

a=142+0,02510" m’/s
o= 438+017010° J/m’.K

[ » Estimation on an Experimental Thermogram (Water) - 4 Parameters Mode/ J
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Reduced Thermograms

0.8}

06

04+

0.2

a = 145107 m?is .

KQISU _ =21100 Jim®°C
max

h=5.5Wim°."C .

Small bias

Residuals x 10

Qu\_/so 100

150
Timets

pce isfixedto4,15.10J/m.°C

3 parameters e/va,[Q/s| andhl

Covariance
0.0039 0.0039 0.0557
0.0039 0.0064 0.0959

0.0557 0.0959 1.5606

a=145+0,00410" m’/s

[ » Estimation on an Experimental Thermogram (Water) - 3 Parameters Mode/ J
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@

) Fluid Properties Measurement ¥ 2.3 - Copyright L.E.M.T.4A 2003
File Edit “iew Insert Tools  window  Help

DS A2/, 2P0

Reduced Thermogram

0.8

0.k

0.4

0.2

GiBnmyProg_Matlab_F\Experiments\Brrm_200348nm_35.txt

r

[ —

T T
' '
' '
' '
' '
' '
' '
4 1
' '
T !
' '
' '
' '
' '
' '
_______________________________________ |
' '
' '
' '
' '
' '
' '
' '
1 1
' '
' '
' '
' '
' '

R S

"-..'“\;‘4‘1.1“'-""”.'1“. "‘IM-QM.‘V-, ,-N.?*I-"’."\-“""'-.ih:"’ﬂ.'r"" '\"l\}"?f.\y,;‘““""?‘“: Rl

1] 80 100 120 140 160
Time t(=)

Estimation by a
non-linear O.L.S method
(Levenberg-Marquardt)

e =284 mm
- Diffuziviké Thermique
a=1.4201e-007 nls

Metallic
Walls

- Conductivitg Thermique
Lambda = 0.61935 % /m.’C

- Capacité Thermigue

iCp = 4361268 2159 0/m™3.°C
- Coefficient d'échange

h = 46718 Wwiine,"C
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Low Molecular Weight Aerogels
(High insulating material)

ARl SRTRETEY

Principle of the experiment

T s

=
&
2 &
-

O w
(s
&
=)
L w




Sensitivity Cu rves

High Insulating Material : A =0,02 W.m1.K1, pc = 5000 J.m3.K1 a= 4.10% m2.s1

2D Model sensitivity Study — (T, is assumed as being known)
0.6_ ........................ o ............................................ o 3

=]
I
I

—
[ ]
I

[

Reduced Sensitivties

=]
ho
I

0.4 \ I I I | \ I |
0 20 40 60 80 100 120 140 160

2D Model
» High sensitivity to conductivityA , low sensitivity to diffusivity a

« Conductivity A is non-correlated with heat losses h and diffusivity a

[ High Accurate Estimation of A is theoretically possible ]
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Low Weight Insulating Material

0.5

0.6

Reduced Thermogram

D:APrathermiFichierprmtPall. prn

5

. P
1“'v\.|n.lﬂ -t kb

B e iy I ERPEEPP

""""" \ ~~Theoretical and experimental-

thermograms

e

B ]
1
1 1
1
|

il """““""'H-'-ﬁﬂ--—.a-....a.n.-.l.._..-_,...,. R ki

e=5Emm

- Diffuzivité Thermique
a=3.218e-006 réls

- Conductivité Thermique
Larmbda = 0.0G4275 W . "C
- Coeflicient d'échange
=] h=10121 wimt. T

L

50 100
Time t(=)

_\
O] fm =
_

150 s
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Low Weight Insulating Material

Reduced Thermagram

D:AProthermiFichierprniPol3. pm

o
o

o
o]

o
=

o
(1%}

[=]

o
(]
o

e =56mm

- Diffuzivité Thermique

a = 37618006 n¥/s

- Conductivité Thermigue
Lambda = 0.031206 W /m."C

- Coefficient d'échange
h=14.307 WinE T

/70 s

Reduced Thermagram

DvProthermbFichierpmiPol2. pm

o
o

o
o]
i

=
I

o
o

o

e =56 mm
- Diffusivitd Thermique

-0z
0

- Conductivité Thermique
Lambda = 0.08463 W/m."C

- Coefficient d'échange
h = 89755 W/me. T

300 s

a (m2/s)
A (W/m. C)

3.76.10°
0.031

3.22.10°
0.064

2.21.10°

0.084

{ Rigid Foam : a=4,68 to 4,54.10" m?/s and A=0,039 to 0,042 W/m. C } %




Case of the classical Flash Method




arameter Estimation by taking into account
the Bias

We have: F(t’ﬁr’ﬁcnomj:F(t’B“B) =X (B Bj . (Bcnom _Bc)
p

A R b - Aa
F(t’l}r’l}cnom):F(t’Br’Bc)-l-(Xr’Xc{ :B : _Br J (1)

ebC om
With:
b B, — B S ﬁ : : « bias on estimated parameters »
eB = BC . BC . « error on fixed parameters »
(t B L B ) : Detailed model
= : Reduced modelor biased model
F6 .., )

67



|. Parameter Estimation by taking into account
the Bias

* Sensitivity expressions:

e To “unknown” parameters :
w = OF.5.5)
r 05,

e To “known” parameters:

. up B

T
Relation (1) shows that:
b g

05,

68




|. Parameter Estimation taking into account the
Bias

“Unknown” Parameter Estimation: O.L.S Method

69



|. Parameter Estimation by taking into account
the Bias

- b, 5 P
LB Be, |2 F B B+ (X X)) P 0
t4.6..)=F@5.8)+ (x| )[eofﬂcmm‘ﬂcj

X ¥ -0

Determination of bias is not possible because X..g, is unknownlll



P ———

~ |. Parameter Estimation by taking into account
the Bias

X.-€, Can be estimated from the Residuals curve:

a4 o
r :(xr.(xrtxr) X, —Id).XC.ebC

Assumptions: )Zr = Xr 299
(56T
“Known”/ AX = B “Known”

Linear System to Solve ... 71



Il. Application to Flash Method

* Principle of the “Flash” method

h

Q Heat Eq.: BCetIC: |4i¢=0, T=0
2 Fii i
R A T A 0°T _10T nx=0,  AT-=hT,-¢(t)
axs ia ot inx =e, —/]a—T=hTe
e ox
g N |
-

he a
Solution if given by: [T = f(—e,—,t]

Two parameters:

o « »
e Fourier number (“unknown” parameter)
* Biot number (“known” parameter)

Nominal Values :

Fo=010
Bi = 0,05




Il. Application to Flash Method
Unbiased Model f_’; = o) T(t,B):T(t, B) +X‘B(f3

m— =B+ (X'X)"X"e(t)
{ EE‘%
Residuals r(t,)=Y (t, ,B)— T (ti B)
E(r)=0
V()=0,°

1.2 T
& 1 R U PR R —
L i S T Experimental Thermogram [
Simulated Thermogram
13 PR S S S R T Residuals |
0_4 ________________ i"""‘l"_""T'"""I_"_"'i"""_i' """""""" ]
R O U SRR SN SUUUUNS RO SV SUUUE SO _
0 ; .
0.2 | | i | | | i |
0 1 2 3 - 5 7 g 9

-8)

10
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! F s

b)=(one)  P=lops) == E()-

V(ﬁ)z[o,om.lo::j sz( tx)_lz(o,om.lo:g —VV(B) x x)

0907.10 0,900.10
1.2
Residuals 1 ------- ----- R

(6)=Y@B)-TlB) oof e

' . . ' Simulated Thermogram
[V S S e e Fesiduals

E(r)=5902.10"* ¥ 2 e
S NN VAR N N NN S
) E(r)=0 AR

CPY ISR SR RS RS S N N S —
V(r)=9989.10°° o,’ =110 Q i
0 provfen :
2 ' !
= V()=o0, AN S N N N S N
-0.2
0 1 2 3 4 5 3] [ a 3 7410



Biase ode

Measurement noise Reduction

Parameter Estimation Improvement

A Number of parameters Reduction
But Introduction of a bias

>

v(g,)=o2(xx )

E3, )=

Variance calculated from true values

0 -1
Variance calculated from the biased parameters [\/m (Br ) == sz (X - : X ; ) + b B b B tJ 75




Biased Model B

0.8

Experimental Thermogram
Simulated Thermogram

= (3.p.) B/ N N
X = (Xr‘xc) 02

o NREENEENN.

Errror on the assumed “known” parameters: €. ~ Bcnom % Bc
Z O
(48, Be.. |=TCB..B) +(><r><c)[‘3fe Bf}
bC

N\

‘Br

B b b B o
76



Il. Application to Flash Method

: (>~<(>~<>~<)>~< -|dj

1

09

08r

0.7

06

D&

04}

03

02r

DR

0

0

1 1 1 1 1 1 1 1
100 200 300 400 500  e00 700 800 900 1000

——>

Matrix determinant versus Matrix Rank

Matrix inversion can
not be implemented

(Determinant = o)
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I1l. Parameters Estimation using a Time Variable

Interval

We have previously shown:

b, - X' x| X'xn

r

“lie ) then ol b= 0 and residuals curve is unsigned (¢ =Q).

- If €, Z 0 | then residuals curve is signed (I # 0 )

* by isnull if )Zrt_)(C = 0 (uncorrelated parameters).

Inthiscase,  =-— X..e

b; s different to zero if )Zrt X %0

In thiscase, r = — X .6, _Xr.bﬁ
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I1l. Parameters Estimation using a Time Variable

Interval
Time intervals truncated to time t1 and t2 will be denoted: [0—1,] [0 = tz]

Approximation: e, ——
~ e t A% A 7000 i
t A t 2 t 2 t
Xr2 XrZ_Xrl Xr1+ r=t Xrl Xr1 dt Xr1 Xrl oon
BiaS: . O -t/ -1 5000
4000
RN i Tt 2 e 7 |
b, =68 B = _(Xrl Xrl) Koy Kty i Cumulative Norm
2000 (-
A o N oot T ey
b,Brz _'Brz IBI’ 3% (Xr2 sz) -sz Xcz.ebc 1000
Bias variation: DT A g Ty L S R

~

ﬁrz—l '6,\, 'é (XthXrZ)_l')Zrztxcz-ebc - (>zr1t><r1)_1'>zr1txc:1-ebC

N N

ab, =4, -8, =~(X. XK )X ()e, |
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Ill. Parameters Estimation using a Time Variable
Interval

Setting: t, = (tl +t2)/ 2

Bias difference can be written:

ab, =B, - B, = (XX, J K )X, ) e (0, - 1)
3 -6, IX. X,
—> XC(’[m)eb = (ﬂ)zrt(tm)%flz . nl) ) = XceﬁC = —E(r)— Xrbﬁr
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I1l. Parameters Estimation using a Time Variable
Interval

* Bias Estimation using a time varying estimation
interval in the case of the Flash Method

0.1021
o | yref
x|
wl X
0.8+ Experimental Thermogram i
Simulated Thermogram 1 .
mocidale X 10 Nominal Values:
0.6
| . B = 010
0.4 Estimated /fixes values: '
B. = 005
3. =0.1021
T B.=003 |
0.2 ‘ ‘ w w ‘ ‘ ‘ ] e
0 T 2 3 4 5 6 7 8 9 10 | | | | | | | | “E
et 1 1 2 3 4 5 6 7 8 GAAnAg

Time t,s



I1l. Parameters Estimation using a Time Variable

Interval

* Bias Estimation using a time varying estimation
interval in the case of the Flash Method

0.1025 -
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0.1015

0.101 -

L[]
0.1005- e

B =F (Time Intenal)

o

1 1 | 1 1 1 | 1 |
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# points

o

B,

is a function of the time
interval length

l

[t exhibits the
presence of a bias

bBr
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I1l. Parameters Estimation using a Time Variable
Interval

* Bias Estimation using a time varying estimation
interval in the case of the Flash Method

Bias (Estimated Value) - b_ = 0.0021073
r

B

0.02

*,
Xceb

° Xc(tm)*ebc

0.01 - - Xc*eb calculé

0.015 Estimated Bias = 0.0021073

Expected Bias = 0.0021

0.005 +

1 # Efficient technique

-0.005

| ‘ How to chose the optimal
] length of the time
interval ?

-0.01+

-0.015
0

| | | | | | | | |
100 200 300 400 500 600 700 800 900 1000
# points 83



™ GENERAL CONCLUSIONS

* No General Rules in the Case of a Non-Linear Problems but a
Methodology and different Tools exist

* Different Aspects specific to Non-Linear Problems must be
taken into account to improve the Parameters Estimation (both
in Experimental and Theoretical Points of View)

* The Using of a Reduced Model is a Solution but a particular
attention must be paid to the Bias on Estimated Parameters

* Bias can be estimated from “Known” Quantities (Sensitivity
to Estimated Parameters and Residuals Curve) 84







