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Abstract

This paper presents the results from the adaptive estimator developed to estimate time-dependent boundary heat flux in two-dimen-
sional heat conduction domain with heated and insulated walls. For the estimation, the algorithm requires only the temperatures mea-
sured at the insulated walls. In addition, the estimator also predicts the bias in the measurements. In modeling the system, it is assumed
that the input flux and bias sequence dynamics can be modeled by a semi-Markov process. By incorporating the semi-Markovian concept
into a Bayesian estimation technique, the estimator consists of a bank of parallel, adaptively weighted, Kalman filters. Computer sim-
ulation results reveal that the proposed adaptive estimator has improved estimation performance even for step changing heat flux and

measurement bias.
© 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

The inverse heat conduction problem (IHCP) has
received much attention in recent years since it has been
widely used in practical engineering problems involving
the estimation of surface conditions or initial conditions
as well as thermal properties of a body from known infor-
mation like temperatures measured at the prescribed posi-
tions. There exist many methods to solve the IHCP and the
majority of researchers use the approaches where the
unknowns are determined to minimize the sum of squares
of the differences between the measured and the computed
temperatures at the selected spatial and/or temporal points
(refer to Kim et al. [1]). In general, the approaches adopt
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the iterative scheme and the regularizations are imple-
mented to mitigate the ill-posedness of IHCP.

The Kalman filter estimation method is successfully
used in predicting one-dimensional, two-dimensional, mul-
tidimensional and nonlinear THCP. There have been
attempts to solve one-dimensional inverse heat transfer
problems by Scarpa and Milano [2] and Kaipio and Som-
ersalo [3]. In recent years, many applications appeared in
which Kalman filter has been used in conjunction with
recursive-least square algorithm (RLSA), for example the
work of Tuan et al. [4-11], deals with one-dimensional
and two-dimensional problems. Extending that work,
recently, Jang et al. [12] has attempted to use a RLSA
based on the Kalman filter to estimate the boundary heat
flux varying impulsively with time by employing the
finite-element scheme instead of finite-difference scheme
[4] to discretize the problem in space, allowing multidimen-
sional problems of various geometries to be treated. For
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Nomenclature

o uniform initial temperature
C scale factor

H measurement matrix

1 identity matrix

k time(discretized)

K Kalman gain

K, gain

M, N total number of spatial nodes

O, P number of filters

Pe filter’s error covariance matrix

Py error covariance matrix

q heat flux

gV discrete range of heat flux

0 process noise covariance matrix

Oy input flux covariance matrix

R measurement noise covariance matrix
Ry measurement bias covariance matrix
t time

tr final time

T temperature

At sampling interval

w process noise vector

w weight matrix

X,y dimensionless axial coordinate

Xs,¥s ~ measurement location

X state vector

Z observation vector

r input matrix

0 Kronecker delta

v measurement noise vector
oY discrete range for measurement bias
Vp measurement bias

0 null matrix

o standard deviation

@ state transition matrix

W1,V 3 submatrices of ¥
b4 coefficient matrix

w1, > submatrices of Q
Q coefficient matrix
04 Markov transition matrix for heat flux
0, Markov transition matrix for measurement bias
o first-order low-pass filter parameter
- estimated
estimated by filter
T transpose of a matrix
o, indices
i,j indices

higher dimension problems, the straight forward imple-
mentation of the Kalman filter becomes difficult as the size
of covariance equation increases. Therefore, one of the
most important prerequisites for the successful implemen-
tation of a Kalman filter for the purpose of real-time esti-
mation is the development of a reliable low dimensional
model, hence, dimension reduction techniques like Karh-
unen-Loéve Galerkin procedure is used with Kalman filter
by Park and Jung [13] for solving multidimensional heat
conduction problems. For the case of nonlinear THCP,
extended version of discrete Kalman filter have been used
by Daouas and Radhouani [14,15] to nonlinear IHCP to
estimate surface heat flux density.

It is noteworthy that Tuan et al. [4] developed a RLSA
based on the Kalman filter for two-dimensional IHCP to
estimate the boundary heat flux varying impulsively with
time. Their approach gives good estimates for estimating
unknown heat sources or heat flux inputs on the bound-
aries. In some of their papers [7,8], they have proposed
improvement in Kalman filter with RLSA approach by
having RLSA weighted by forgetting factor to robustly
extract the unknowns. The maximum likelihood type esti-
mator (M-estimator) combined with Huber psi-function
is used to construct the weighting forgetting factor. In
the context of forgetting factor, Wang et al. [16] proposed
extended Kalman filter with RLSA weighted by forgetting
factor to estimate nonlinear heat conduction problems.

However sometimes in real situations, in addition to
measurement noise, the sensors might also have sensor bias
i.e., it is known that the environment around the measure-
ment devices may introduce an unknown bias term in the
measurement sequence or failures in system measurement
instrumentation may randomly occur. Scarpa and Milano
[17] considers the effect of random noises superposed onto
the measurement signals, the bias arising from the calibra-
tion of sensors for the IHCP. They conceive the calibration
process as an integral part of the experiment to quantify
the effect of the bias to obtain the better estimates. Because
of the presence of sensor bias, the input estimation with
RLSA algorithm does not seem to converge well to the true
estimates and hence one must resort to alternatives, for
instance, Bayesian computation technique. The Bayesian
computational technique has many advantages as it is able
to quantify system uncertainty and random data error, to
derive a probabilistic description of the inverse solution,
to provide extensive spatial/temporal regularization to
the ill-posedness of the inverse problem, and to allow adap-
tive sequential estimation. Wang and Zabaras in [18-21]
developed a computational framework that integrates
computational mathematics, Bayesian statistics, statistical
computation, and reduced-order modeling to address
data-driven inverse heat and mass transfer problems.

In the context of measurement sensor bias, the present
work addresses an adaptive state estimator based on
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Kalman filter to estimate the temporal heat flux of a two-
dimensional heat conduction medium using the measured
temperatures from two sensors. In modeling the system,
it is assumed that the input flux and bias sequence dynam-
ics can be modeled by a semi-Markov process. The adap-
tive state estimator (ASE) is based on Moose et al. [22] in
which they developed an adaptive state estimator for pas-
sive underwater tracking of maneuvering targets. The
resulting adaptive estimator is an on-line estimator which
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estimates temperature distribution, input heat flux and
the measurement bias together when the new measure-
ments become available and hence like other Kalman-type
filters, it does not require the saving of prior measurements.
It is worth mentioning here that Kim et al. [23] has applied
ASE based on Moose et al. [24] to one-dimensional IHCP
for estimation of input heat flux. Extending that work and
considering measurement bias into account, we have
focused our research on a typical two-dimensional heat
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Fig. 1. Two-dimensional inverse heat conduction problem considered.
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conduction problem. This study shows that ASE consisting
of Kalman filters connected in parallel gives good perfor-
mance in the presence of measurement bias. Each filter
has its operating bound limiting the range of the unknown
input heat flux and measurement bias.

2. Problem formulation

Let us consider a two-dimensional rectangular region,
0<x<x, 0<y<y,, initially at temperature 7(x,y,0).
For times ¢ > 0 the boundaries at x = x; and y = 0 are kept
insulated, the temperature measurements Z;(z) and Z,(¢)
are known, and we need to estimate two input heat fluxes
q,(¢) and g,(¢) acting on the surface x=0 and y =y,
respectively. Fig. 1 illustrates the heat conduction problem
considered along with boundary and initial conditions. The
governing equations in dimensionless form are given by

oT 62T+62T crcr 0<ue 0
A, T A, T A5 IXX X,y IV
o o 92 Y
T(x,9,0)=co 0<x<x, 0<y<y, (2)
or
= ) x=0,0<y<y, 1>0 (3)
X
or
—=0 0<x<x, y=0, t>0 (4)
y
a ' , . . . . . .
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0.8
: 08
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Fig. 3. Reconstructed heat fluxes and measurement biases for scenario 1. Parameters are x; = 0.5, y, = 0.5, At =

a=0.7, 0% =0.95, and Pe(—1| —1) = 10"I5s.
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gx—O x=x, 0<y<y, t>0 (5)

T

- <

% (1) 0<x<x, y=y, t>0 (6)
1

Zl(t): (xsazym ) +Ul X = X, J’:zysa t>0 (7)

1
Zy(t) = T<2x5,0t>+02() X =3 x5, y=0, >0, (8)

where ¢ is the uniform initial temperature, ¢;(¢) and ¢-(t)
are the unknown heat flux inputs to be estimated, and
Z\(t) and Z(¢) are the noise-corrupted measurements, with
v1(?) and v,(#) being the measurement noises assumed zero
mean and white Gaussian. To formulate the relationship
between temperature and boundary condition, a central fi-
nite-difference approximation for the space derivative is
employed. Eq. (1) becomes

7o) — Tivr () = 2T5(t) + Tim1,4(2)
(1) = A
Tijn (1) = 2T,(t) + Tij-a (1)
+ 2
Ay
1 1 2 2
=12 Lm0 + A2 Tija(t) — <E + A—y2> Ti(1)
1 1
A2 i1 () t A Tiv1,(2) )
b ' . . . . .
12} i
02 i
04 2 4 3 B 10 12 14 16
Time t
d* ,
3,.
2+ o
5’3 1+ |
% O B
E 3
=
21 4 i
3
“ 2 4 3 8 0 12 11 16
Time t
—+ —Q=(0.1)2, R=0.03 ¢ Q=(0.1)%, R=0.011L,4
0.005, O, = 0.001/,, R, = 0.001/,,



U.Z. Ijaz et al. | International Journal of Heat and Mass Transfer 50 (2007) 4117-4130

for i=1,...,.M-2, j=1,...,N—2, and M,N > 1,
where M and N are the total number of spatial nodes set
up by odd number for x and y directions, respectively,
and Ax =x,/(M — 1) and Ay =y,/(N — 1) are the space
intervals. Note that the system state notation is defined
as T;;(t) = T(x;,y,,t). At the boundary x =0,7_,,(t) can
be solved by using Eq. (3) as

0To,(t) _ Thy(t) = T-1,(2)

. =g, (10)
yielding
T_14(1) = T15(1) + 2Axg, 1) (11)

Similarly, at the boundary at y =0, x = x; and y = y, can
be solved by using Egs. (4) and (5), respectively, to get

Ti1(t) =T:i1(2) (12)
T (t) = Th—2,()
Tin(t) = Tin-2(t) + 2Aygq,(1)

From Eqgs. (12)—(14) and associated with fictitious process
noise inputs [26], the continuous-time state equation can
be written as

T(t) = YT(¢t) + Qq(t) + w(?)], (15)

a 1.4
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where w(?) is the process noise. This additional term repre-
sents the cumulative effects of uncertainty caused by mod-
eling errors [27]. Moreover, the state vector T(¢) € R®>*V)x!
is given by

T(t) = [To() T2 (t) - Tar2() Tar1 ()] (16)
where
To(t) = [Too()To1(2) -+ - Ton—2(t) Ton-1(1)
Ty(t) = [Tro(O)T11(2) - Tin—2()T1 -1 (2)
Ty—1(t) = [Tar—10() Tag—1.1(2) - - - Trgmrv—2(t) Tas—1.n—1(2)
(1)
The coefficient matrix ¥ € RV V) ig oiven by
(Y, Y3 o o o - o]
v, ¥ ¥ 0o o -+ o0
o Y, Yy Y, o -+ o0
w= | z (19)
o - 0 Yy Yy Y o
o - 0 o Y Y Y,
Lo =+ 0o 0o o Y3 Y]
b 14
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ﬂﬂ;
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Fig. 4. Reconstructed heat fluxes and measurement biases for scenario 1. Parameters are x; = 0.5, y, = 0.5, Ar = 0.005, O, = 0.00175, R, = 0.00175,

a=0.7, 0% = 0.95, and Pe(—1|—1) = 10"°I,;s.
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in which
~(Z+&) & 0 0
= (&) & 0
l//l = . )
0 wo(EtE) =
L0 0 - 0
0L o0 0
l//zz ’ S %:2%
0 --- 0 ﬁ 0
0 0 0 &
(19)
The submatrices /1, Y, 3 and o are RV*Y, where o is a
null submatrix. The input matrix Q € R**">2 is given by
(]
(2}
Q= |® (20)
(2]

Heat Flux 9,

,4},.-= pemm—— e i

Measurement Bias Uy
(=)
r
L

tue  — = —0=001PLR=0.171,

where both the submatrices w; and w, are R¥*?, given by

_é 0 - _0 O -
£ 0 0 0
w = and w, = | (21)
P 0 ¢
& W 0 &
The input matrix ¢(z) € R**! is given by
a()=[q() 00" (22)

The state Eq. (15) discretized over time intervals of length
At is given by

X(k+1)=@oX(k)+ I'lg(k) + w(k)], (23)
where

X (k) = [To(kK)T1(k) - Tag (k)T 1 (k)]

To(k) = [Too(k)To1(k) -+ Ton-2(k)Ton-1(k)]

Ti(k) = [T1o(k)T11(k) -+ Tiy—2(k) Ty v-1 (k)]

Ty—1(k) = [Tr—10(k) Ti—11(k) - - - Tagmi y—2 (k) Tog—1 -1 (k)]
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Fig. 5. Reconstructed heat fluxes and measurement biases for scenario 1. Parameters are x; = 0.5, y, = 0.5, Ar = 0.005, O, = 0.001/5, R, = 0.00175,

a=0.7, 0% = 0.95, and Pe(—1|— 1) = 10"°,s.
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b = elPAt
(k+1)AT
r :/ exp{P[(k + 1)AT — <]} Qd=
and
q(k) = [q,(k) q,(k)]" (24)

Here X (k) represents the state vector, @ is the state transi-
tion matrix, I' is the input matrix, ¢(k) is the sequence of
deterministic input, and w(k) is the process noise vector, as-
sumed to be zero mean and white Gaussian with variance
E{w(k)w"(j)} = Qd); and 0y, is a Kronecker delta. Using
Eqgs. (6) and (7) and referring back to Fig. 1, the measure-
ment equation becomes

Z1(k) = Tyr-1v-1)2(k) + vi (k) (25)
Zz(k) = T(M—l)/Z‘O(k) + l)2(k) (26)

or, in matrix form,
Z(k) = HX (k) + v(k), (27)

where the observation vector Z(k) = [Z,(k)Z,(k)]", the
measurement noise vector v(k) = [v;(k)v,(k)]", and the
measurement matrix H is given by R>*™ The v(k) is
the measurement noise vector, assumed to be zero mean
and white Gaussian. The variance of v(k) is given by

a 14

121 E
1k

08}

o
o

Heat Flux g,
o
=

o
N

v R —F ¥

o

Measurement Bias Uy
-9
L )

2

E{o(k)v ()} = Ro; = [gf gzlakj, (28)

where the matrix elements o, and o, represent the standard
deviation of measurement noise for v(k) and wv,(k),
respectively.

3. Adaptive state estimation with unknown input heat flux
and measurement bias

In this section the Bayesian state estimation technique is
employed for IHCP which has unknown input flux, and
whose measurement sequence is corrupted with an
unknown randomly switching bias in addition to white
Gaussian noise. In this formulation, the input flux and bias
terms are modeled as a semi-Markov process. The system
analysis of semi-Markov processes is covered in depth by
Howard [25]. Basically, a semi-Markov process is a discrete
Markov process with finite number of states, and the time
the plant spends in each state is a random variable.

We take the state equation as described in Eq. (23). The
contaminated measurement equation is described as

Zk+1)=HX(k+ 1)+ ok + 1)+ vp(k + 1), (29)

where v, (k + 1) is the measurement bias vector. Both ¢(k)
and vy(k + 1) are governed by independent semi-Markov
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Fig. 6. Reconstructed heat fluxes and measurement biases for scenario 2. Parameters are x; = 0.5, y, = 0.5, Ar = 0.005, O, = 0.001/5, R, = 0.00175,

a=0.7, 0% = 0.95, and Pe(—1|—1) = 10"°I,;s.
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processes. It is assumed that the input and bias vectors can
independently take on any of the possible discrete vectors
{qV ¢©)} and {o® o)} for a random duration
of time before a transition to a new bias occurs. Here O
represents the possible discrete values of each input heat
flux ¢; and ¢, and P represents the possible discrete values
of each measurement bias v,; and vy, respectively. And
hence the possible combinations of ¢; and ¢, are O* and
for vy, and vy, are P2, respectively. The range of vectors
gV (i=1,...,0")and v (j =1, ..., P?) are modeled such
that they span the entire possible ranges of ¢q(k) and
vp(k + 1). The optimal estimate of the state vector can be
derived from the conditional mean by applying Bayesian
conditional probability theory. The derivation of ASE is gi-
ven in [22] and the required state estimator equations are
given as

+1) = OZ iiz(m D (k + 1)) (30)
gk +1) i iq ) (31)
O P (32)

=33 wk+ 1),
i J

Heat Flux q,

0.2¢
0.4 L
0 2 4 6 8 10 12 14 16
Time t
c 4

Measurement Bias y, ,
= o

Time t

Fig. 7. Reconstructed heat fluxes and measurement biases for scenario 2. Parameters are x; = 0.5, y, = 0.5, At =

a=0.7, 0% = 0.95, and Pe(—1|—1) = 10"°,s.
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where
X+ 1" = oX (k)™ + rg" + K(k+1)
x [Z(k +1) =0 — HEX ()™ — HIg"
(33)
and
M(k+ 1) = @Pe(k)®" + I'(Q+ O )" (34)
K(k+1)=M(k+ DHT[HM(k+1)H" +R+Ry]""  (35)
Pe(k+1) = [I — K(k + DHM(k + 1) (36)
and
N 0? p?
Wk + 1)(1.;) _ )e % Z Z U (xﬂ)7
a=1 p=1
(37)
where
1 T _ oy
q,;fzz(z(kﬂ)—z(”)) 0.7 (Z(k +1) = 21) (38)
with
N — H@)A((k)@j) +Hl_'q<i) + W (39)
0. =HM(k+1)H" + R+ R, (40)
b 14
12}
't
osf
,;TN osl,
ol 1
5 04
T |
02
02f
04 2 4 6 ] 0 12 14 16
Time t
d 4
3t
2k
%
g 0
g af
£
.2,
.37
“ 2 4 6 & 10 7 14 16
Time t
Q=0.03)%1, R=0.0171,
0.005, O, = 0.001/,, R, = 0.001/,,
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In Eq. (30), X(k+ 1)(i’j) is the conditional estimate of
X(k+1) given that g(k+1)=¢"? and v,(k+ 1) = vV
which is weighted by the probability W (k + 1)"/. This
probability is obtained from Eq. (37) where 0."" and 0"/
are the elements of Markov transition matrices. C(k + 1)
is the scale fazlctor2 which is determined at each iteration
such that Z,-OzlzleW(k + 1)) = 1. Also, the covariance
matrices Ry, and Qp, compensate for additional uncertain-
ties in the sense that v,(k + 1)(¢(k+ 1)) may be between
o and vU*V (¢ and (¢+)).

The block diagram of ASE is shown in Fig. 2. When the
new measurement vector Z(k + 1) is available, the Kalman
gain and covariance matrices, Eqs. (34)—(36), are computed
first and are provided to different filters. Each filter differs
by ¢'” and v”). A total of O* x P? filters exist. Each filter
then calculates X (k + 1)(i’j ) based on the predefined values
of ¢ and v"). Next, weight matrix W (k + 1)“‘” is calcu-
lated based on the supplied measurement vector Z(k + 1),
previously calculated weights and supplied Markov transi-
tion matrices (Eqs. (37)—(40)). Finally, Egs. (30)—(34) are
used to give estimates of X (k + 1), g(k + 1) and by (k + 1).

4. Simulations

The estimation performance of the proposed algorithm
is evaluated by computer simulations by considering differ-

Heat Flux 9,

o
E‘ —o =T =7

Measurement Bias v,
[=]
-

S

e —+—Q=001,R=0.12 —+ — O=0.01)%,R=0.03]L5
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ent types of heat fluxes and measurement biases. The coef-
ficients @ and I' of the system model, for M =5and N=15
in Eq. (23) are R*** and R**?, respectively. The measure-
ment matrix H in Eq. (27) is R**. For the verification of
the proposed algorithm, we have performed simulations on
two scenarios. The unknown heat fluxes ¢,(¢) and g¢,(¢)
which represent sudden onset and time-varying inputs,
are modeled by a sequence of square and sinusoidal wave
and a sequence of staggering square waves with different
magnitudes. The time-varying unknown measurement
biases v; () and v,(¢) are modeled by a sequence of square
waves.

In the first scenario, the settings and parameters are
given as

0 0<t<3,7<t<10,14 <t <t
q,(t)=<05 3<t<7
075 10<t< 14
0 0<r<4,8<t<10,13<t<
¢(#)=<05 4<t<8
075 10<t<13
0 0<r<g25
vpi(t) =4 2 25<t<11
=2 1<t
b1.4
121
1 3
08 Tﬁg"} ’H

R
'L?;:-:_
e = -

Heat Flux 9,

Time t

Q=(0.012, R=0.012L,,

Fig. 8. Reconstructed heat fluxes and measurement biases for scenario 2. Parameters are x; = 0.5, y, = 0.5, Ar = 0.005, O, = 0.001/5, R, = 0.00175,

a=0.7, 0% = 0.95, and Pe(—1|—1) = 10"°I,;s.



4126

0 0<rg<25
-2 25<t<11

vpa(f) = <
2 11 <t< ¢t

In the scenario 2, the settings and parameters are given as
0 0<r<3,7<t<10,14<t<
4,(1)=10.5 3<1<7
0.5[1+sinp(t—10)] 10<t< 14
0 0<r<3,6<t<9,12<t<t

q,(t)=1¢ 0.25 3<¢<6
1 9<r<12
0 0<1<25
vm(t)=¢2 25<r<ll
=2 1l1<t<ty
0 0<r<25
v(t) =< =2 2.5<t<11

2 1<ty

In all the simulations, the sensor locations are (5,0) and
(x6,%), u = 1.2, t = kAt and final time # = 16.

In the ASE, it is assumed that the initial values for the
weighting terms are all equal, ie., W(0)" =1, .. The
values of the Markov transition matrices, assumed as
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Fig. 9. Reconstructed heat fluxes and measurement biases for scenario 1.
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w _(1-095 .
0,” = -0 (i #J)
0\ = 0.95

L (1-095 .
9,(;‘/):(1_7132))7 (i #J)
0% =0.95

based on Moose et al. [22,24], were used in most of the sim-
ulations. In the simulations, we have assumed O;i’i) =
0 = 0", i.e., the diagonals of Markov transition matri-
ces are similar for both input heat fluxes and measurement
sensor biases.

Also, in order to reduce the effect of noise on the
weighting terms, a first-order low-pass filter was used
as W+ D)"Y = @wE)™ + (1 - )W k)",  where
W(k)“‘j) are the weights as calculated from Eq. (37). The
range of ¢ for both input heat fluxes is {0,0.25,
0.5,0.75,1,1.25} and the range of Y for both sensor biases
is {—2,0,2}, i.e., O =6 and P = 3, respectively.

The simulation results with variation of process and
measurement noise for both scenarios are shown in Figs.
3-8. The process and measurement noises of standard devi-
ations 0.1, 0.03 and 0.01 are considered. In scenario 2, the
heat flux ¢, consists of a square wave and a sinosidal wave
whereas the heat flux ¢, consists of two square waves. The
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reason behind taking the sinosidal wave is that since ¢ and
v can take on O and P? possible discrete values, therefore,
if the values lie between ¢” and ¢! and v and vUtD,
respectively, then ASE should be able to estimate well
between these ranges. In the context of scenario 1 notice
abrupt changes at time steps t = 2.5,3,4,7,8,10,11,13,14
for true values of input heat fluxes and measurement sensor
biases. These are the trouble points at which some unex-
pected peaks are prominent for reconstruction results of
input heat fluxes. Since the state estimation, input heat flux
estimation and measurement sensor bias estimation all
depend on the single weight matrix, therefore, when there
is a sudden and abrupt shift in the values, the estimator
needs a little time to converge. Hence, interdependence in
estimation of different variables leads to unwanted peaks
when there are abrupt changes. The same phenomenon
can be observed for scenario 2 at time steps t = 2.5,3,6,
7,9,10,11,12. By extensive simulations, we reached the
conclusion that at least one of the unknowns will be esti-
mated better than the others when using ASE, hence in
the simulations, the measurement sensor biases were esti-
mated well i.e., the estimated values are nearly similar to
true values whereas the input heat fluxes estimation show
some discrepancies between the estimated and true values.
It should also be noted that the estimation performance is
affected more by higher process and measurement noise
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levels and so in Figs. 3-8 when the standard deviation of
process and measurement noise is 0.1, many fluctuations
can be observed in the estimated heat fluxes. However,
the performance improves when the process and measure-
ment noise is reduced, i.e., with standard deviation of
0.03 and 0.01, respectively.

The ASE is an online estimator and the estimated heat
flux may present some time lag which is dependent on
the size of the region and location of the measurement sen-
sor. Fig. 9 shows the reconstruction results with different
region sizes. It can be noticed that with a smaller region,
i.e., when x; = 0.25,y, = 0.25, the lag is smaller in compar-
ison to the region with larger size, i.e., when x; = 1,y, = 1.
To see the effect of sampling time on the stability of the
algorithm, the reconstruction results with varying sampling
times are shown in Fig. 10. Here, it should be noted that
for a big sampling time, the online estimator has a big tran-
sient period in the start, for example, when A = 0.1. For
At = 0.001, the transient period is significantly small. It
can also be noticed that with a very small sampling time,
on the average, the estimation performance is better, how-
ever, the unwanted peaks can also be observed, for exam-
ple, with Ar=0.001 and Ar=0.005. Facing the same
problem, Moose et al. [22] suggested to use the first-order
low-pass filter to reduce the effect of noise on the weight
matrix. By incorporating the first-order low-pass filter,
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we are able to reduce the duration of peaks to certain
extent. The reconstruction results with different values of
o for the low-pass filter are shown in Fig. 11. It is observed
that with the higher values of «, the peaks are smaller.
However, higher values of o also result in an increase in
the transient period in the start and introduce time lag.
In the considered scenarios, o = 0.7 offers a good trade-
off between peak reduction and estimation performance.
An analysis of time lag has already been done by Scarpa
et al. [2] which introduces future time measurements in
Kalman algorithm. An extension of this technique to
include future measurements would be an interesting topic
for future research.

Finally, the effect of Markovian transition probabilities
are considered in Fig. 12. A higher value of 0"") = 0.95 for
both input heat fluxes and measurement biases gives opti-
mum performance. In ASE, the Kalman gain and the
required covariances for multiple filters are pre-calculated
and stored once per every iteration (measurement data
acquisition) to reduce the computational burden of ASE.
Summing up our findings, the performance of the ASE
depends heavily on the

e process noise, measurement noise along with choice of
Qb and Rb.
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e changes in the input heat flux and measurement sensor
bias between subsequent iterations whether the changes
are abrupt changes or smooth changes.

e the number of filters used, i.e., range of ¢ and vy

e the number of unknowns to be estimated. Since all the
estimates depend on a single weight matrix, therefore,
with less unknown, the results are going to be more
accurate.

e the Markov transition matrix used to specify the proba-
bility measure given to each filter.

o first-order low-pass filter used to reduce the effect of
noise on weight matrix for reduction of unwanted peaks.

5. Conclusions

In this paper, we have presented adaptive state estimator
for the estimation of input heat flux and measurement sen-
sor bias in two-dimensional inverse heat conduction prob-
lems. The algorithm is implemented by a parallel bank of
Kalman-type estimators, each matched to a set of different
possible input fluxes and biases. The measurement
sequence, after being processed in each filter, is weighted
according to a specific probability measure, and then
summed to give a final estimate of the state, the input heat
flux and the measurement bias. Simulations for the system
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was presented under different scenarios to test the compat-
ibility of the proposed algorithm.
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