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Abstract
We consider the reconstruction of the Robin impedance coefficient of a heat
conduction system in a two-dimensional spatial domain from the time-average
measurement specified on the boundary. By applying the potential repre-
sentation of a solution, this nonlinear inverse problem is transformed into an
ill-posed integral system coupling the density function for potential and the
unknown boundary impedance. The uniqueness as well as the conditional
stability of this inverse problem is established from the integral system. Then
we propose to find the boundary impedance by solving a non-convex reg-
ularizing optimization problem. The well-posedness of this optimization
problem together with the convergence property of the minimizer is analyzed.
Finally, based on the singularity decomposition of the potential representation
of the solution, two iteration schemes with their numerical realizations are
proposed to solve this optimization problem.

Keywords: inverse problem, heat equation, robin coefficient, uniqueness,
optimization, convergence, numerics

(Some figures may appear in colour only in the online journal)

1. Introduction

Forward heat conduction problems aim to determine the temperature field in media for a
given boundary heat status and an initial temperature distribution. Once the initial distribution
of the temperature is specified, the diffusion process depends both on the media structure and
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on the boundary status of the media. Apart from the well-known Dirichlet and Neumann
boundary conditions, also important is the so-called Robin boundary condition, which
describes the physical phenomenon that the heat flux exchange on the boundary also depends
on the boundary temperature. These problems arise in many applied areas.

Consider the following heat conduction system for the temperature u (x, ) in a known
bounded domain D C R%:

% @Au=F(x,1), (x,1)€Dx0,T)
Xt o=, 1), (x,1) €D x[0,T] =S¢ (1.1)
u(x, 0) = uo(x), xeD,

where v (x) is the outward normal direction on 0D and a > 0. For a given boundary
impedance o (x), (1.1) defines a direct heat conduction system, i.e., u(x, t) in D x [0, T] is
uniquely determined for a given (¢ (x, 1), F (x, t), ug(x)).

When the boundary status is specified, the inverse problems corresponding to the heat
conduction system have been studied thoroughly. For these configurations, there are two
kinds of inverse problems: source detection problems and backward heat conduction pro-
blems. The former aims to detect the source F (x, t) in the media, while the latter tries to
recover the initial distribution uq(x) from extra measurement data; see [2, 5, 6, 15, 16] for
related studies.

However, in many dynamic heat conduction situations, it is also necessary to recover the
boundary status from additional information. This is the so-called inverse side way heat
conduction problem, which aims to detect D and (or) the impedance defined on dD. Unlike
the source detections and backward conduction problems, these side way problems are
nonlinear. For the above system (1.1) with known 0D, we try to identify the boundary
impedance o (x) from the following nonlocal inversion input data

j;T w®ulx, ndr = f(x), x € D, (1.2)

where 0 # w(t) € L(0, T) is a given weight function.

Due to the importance of the averaging measurement such as (1.2) in many areas of
engineering, the inverse problems related to (1.1) and (1.2) were proposed and first studied by
Kostin and Prilepko in [12, 13]. In [12], the authors considered two inverse problems using
the inversion input data (1.2), which aimed to identify the spatial amplitude of ¢ (x, ) for a
known o (x) and to identify o (x) for a known ¢ (x, 7). In [13], the other two inverse problems
aiming to reconstruct the time amplitude of ¢ (x, ¢) and o (), which are considered with (1.2),
are replaced by the spatial average on the boundary. For these four inverse problems, the
uniqueness results are established. As for the reconstruction schemes and the numerical
realizations for the models in [12, 13], readers are referred to [9, 10], where the least-squares-
penalized variational formulations are proposed to determine the spatial (time) dependent
boundary impedance and the boundary sources. These optimizing problems are solved by the
conjugate gradient method, where two direct boundary value problems at each iteration are
solved by boundary element methods.

The engineering motivation on inversion data in the integral form comes from the
averaging process for instant measurement. More precisely, although the measurement u (-, 7;)
at the specified time 77 is standard in engineering, such a kind of measurement may be very
sensitive to the perturbation of time and a natural way to overcoming this drawback is to take
an average with respect to time ¢ near 77, which leads to (1.2) with some weight function w ()
of support in the neighborhood of 7} € (0, T'). These averaging data are possible to obtain in
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engineering applications [1]. On the other hand, (1.2) can be considered as the generalization
of instant measurement data u (x, 7)) = f (x) by taking w(t) = 6 (¢t — T;). Of course, to ensure
w(t) € L0, T), §(t — T;) should be replaced mathematically by a Gaussian weight or some
cut-off weight directly, see [9, 10].

Essentially, the problems (1.1) and (1.2) belong to the category of parameter identifi-
cation problems for a specified system. In [19], the authors proposed an algorithm for
recovering the heat flux. When both the geometric shapes and the boundary impedance are
unknown, the simultaneous reconstructions of D and o (x) from the spectrum data in the
two-dimensional spatial heat conduction system were considered in [22]. In the case of
o (x) = 0, the reconstruction of the partial boundary from the Cauchy data in the accessible
part of the boundary is based on the optimization and the boundary integral equation method
given in [4], while the reconstruction of the partial boundary for the Dirichlet boundary
condition is also established in [3]. In the case of the Stefan—Boltzmann boundary condition
for heat conduction, the determination of the impedance coefficient in part of the boundary
can be found in [7]. On the other hand, it is well-known that the properties of the inverse
problems are closely related to the form of the inversion input. Unlike the standard form of
the inversion input where the information about the solution is specified point-wise, the
inversion input (1.2) is the so-called nonlocal condition in the integral form. Currently, the
inverse problems related to the inversion input in the integral form are applied for different
configurations, for example, see [8, 11, 17, 21].

In this paper, we are interested in the following issues of the inverse problems for the
systems (1.1) and (1.2) with F (x, ) = 0 and uy(x) = O:

* For the given exact data f (x), can o (x) be reconstructed uniquely?
o If f(x) is contaminated by some noise satisfying

/0 = fllzop) <6, (1.3)

how do we construct the approximate solution to ¢ (x) using a suitable regularization
scheme from f? (x)?

* What is the approximation behavior of the regularizing solution?

* How do we find the approximate minimizer efficiently?

Since the inverse problem considered here is essentially the same as Problem II in [12]
and Problem I in [9], we would like to clarify the differences between our work and [9, 12]. In
[12], the uniqueness (but not the stability) for Problem II is created by first establishing the
uniqueness for f(x) in the boundary source ¢ (x, t) = h(x, t)f (x) + b(x, t) with known
(h(x, t), b(x, t)) and boundary impedance (Problem I there) which is a linear inverse pro-
blem, and then using the difference arguments and the maximum principles by similar
arguments in [18]. As for the reconstruction schemes, [9] considered a regularizing nonlinear
cost functional with the unknown o (x) as the sole argument, which is optimized by conjugate
gradient schemes. In our researches for (1.1) and (1.2), the inverse problems are transformed
into the reconstructions of (g (x, t), o (x)), where g (x, t) is the introduced potential density
for the direct problems. Such techniques enable us to deal with the uniqueness and the
reconstruction scheme for (1.1) and (1.2) in a unified framework. Moreover, in solving our
cost functionals with (g, o) as arguments, the proposed alternative iteration scheme (AIS)
solves the standard quadratic optimizing problem by decomposing the nonlinear term
o (x)u(x, t) on the boundary at each iteration, which is numerically shown to be efficient, i.e,
the alternative iteration scheme solves a linear equation at each iteration step.
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2. Uniqueness and stability

The function

G, t;y, T):=

=P
dma®(t — ) eXp( 4a’(t — 7))’ T @D

is called the fundamental solution to the two-dimensional equation u#, — a>Au = 0 in R%. The
following representation of the solution to (1.1) with F(x, rf) = 0 and uy(x) = 0 can be
established from the classical potential theory, see [14] for the Dirichlet boundary condition
and [4] for the Neumann boundary case for a = 1.

Lemma 2.1. Assume that the potential q(x, t) € C(Sy) satisfies

oG (x, t;y, T)
e+ [ SO S N

to@ [ [ Gty Dal, NdsGIdr = o, (1) € Sr, 22)
0 oD
then the single layer potential
t —_
u(x, 1) = f f G, 1y, gy, Hds(ydr, (o, 1) € D x [0, T] 2.3)
0 JoD
solves (1.1) provided that F (x, t) = 0 and ug(x) = 0.

Based on this representation, the original inverse problems (1.1) and (1.2) become the
determination of o (x) from the following nonlinear integral system

fT wOKlgl(x, Hdt = f (), x € aD,
0 (2.4)
s=q (s D) + Kglx, ) + o KIgl(x, ) = o(x, 1), (x,1) € Sy
with respect to (g (x, 1), o (x)), where the linear operators
Klgl(x, 1) = f f G, 1;y, Dg(y, Nds(dr, (x, 1) €D x [0, T,
2.5)

K'[q](x, 1) = f f YLD (y, T)ds()dr, (1) €D x [0, T,

It should be pointed out that (2.4) is analogous to the ill-posed linear system with respect
to the unknown initial temperature and density function in [6] where the backward heat
conduction problem is considered. However, the system (2.4) here is nonlinear, and therefore
the regularizing strategy will lead to a non-quadratic cost functional, which is much more
difficult to solve.

For exact data f (x) coming from (1.1) and (1.2), the existence of the solution to (2.4) is
obvious. Let us check the uniqueness of the solution for exact f (x). Multiplying the second
equation in (2.4) by w(¢) and integrating with respect to ¢ € [0, T], we have

T

T
j;w(t)( —q(x 1) + Kql(x, t))dt+o(x)f(x) fo w(t)p(x, D)dr 2.6)

from the first equation in (2.4). Now we can delete o (x) from the second equation in (2.4) and
(2.6) to yield for (x, ) € St that
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6%%&0+Kmm0¢uxﬂﬂm

T
= Klgl(x, t)fo w(t)(%azq(x, N+ Klglx, 0 — o, Z))dt, 2.7

which is a nonlinear integral equation with respect to g (x, t) representing the nonlinearity of
our inverse problem. Since the inversion input f depends essentially on the boundary
impedance ¢ for the given boundary excitation ¢ (x, ¢) and weight function w (), we denote
the inversion data by f = f[o]. We introduce the admissible set for o with two known
positive constants o, f;:

Y= {ox) € CAD),0 <o) <oy, |flo]®)] >f >0, x e dD}.

The set X is well-defined. For example, if we take 0 # ¢ (x, f) > 0 and 0 # w(t) > 0,
then the strong maximum principle for the heat equation yields u(x, f)|spx.r7 > 0, so

flo1@) = [ wuloler, ndi > C, > 0 in OD.
First, we give the property for the operators K and K'.

Lemma 2.2. For the domain D with a C* smooth boundary, both K and K' defined by (2.5)

are compact from C (St) into C (St) as well as from L?(Sy) into L (Sy). Moreover, it follows
that

N(L1+ K’) = {0}, N(LI+ K + o K) = {0} forallo € X.
24> 242

Proof. Owing to the inequality s’ < 3% for all 0 < 5, 3 < +o0, we have fort > 7

and x > y by taking s = 4';;(_[{'; that
20, B
G, 1y, ] < —— [ HUC= D) gaes ¢ o) R— 2.38)
da’m(t — )\ v = yP (=)' P — P

LG()C, Yy, T)

! Mmmx—w%@( u—ﬂZ)

v (x) dral(t — 1) 24t — 1) C4a (- 1)
U LikeyP(ae-n)
Ara®(t — 1) 2a*(t — )\ |x — y
C(B)L

(2.9)

S = O — P

which verify the weak singularity of the kernel functions in dD x [0, ¢] by taking any
B € (0,1/2)and 3 € (1, 3/2) in these two estimates, respectively. So K and K’ are compact
from C (Sy)(L2(S7)) into C (Sy)(L*(St)).
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Especially, by taking 3 = 1/3 in (2.8) and 8 = 4/3 in (2.9), we have
IK'[g)C, D llcony» lo OKIGIC, 1) lle@p)

! 1 1
<cl+o)f S Dleommax [ ———ds(y) d
d+a) 0 G- llq( T)HC(aD)xeaD op x =y~ s(y) dr

! 1

cf e 4G Dl o (2.10)

Consider the equation

1

FCI(X» N+ Hlglx, 1) =0, (x,1) € Sr (2.11)
a

with the linear operator H,[g](x, 1) := K’[q] (x, 1) + 0 (x)K[g](x, t). Then it follows from
(2.10) that

! 1
1Holg1C D lle@p) < C(U+)f0 " lgC. Dllcopydr. €10, T]

uniformly for any ¢ € 3. Based on this estimate, by using the same technique in the proof of
theorem 9.9 in [14], we state that (2.11) has only a trivial solution g (x, t) = 0 for any o € X,

ie., V| (2%21 +K +o ]K) = {0}. On the other hand, noticing that the above arguments are
also true for o (x) = 0, it is obvious that M| (ﬁl + K ) = {0}. The proof is complete.

]
Now we can state the uniqueness result for our inverse problem.
Theorem 2.3. [f the input excitation (x, t) satisfies
”w”;ﬂ lellesn < 1, 2.12)
0

then o (x) € X can be uniquely determined.

Proof. For a specified boundary value ¢ (x, t) € C(Sy), let f; (x) be the measurement data
corresponding to o;(x) € ¥ for i=1,2, 1ie, the corresponding solution
ui(x, t) == ulg](x, t) to (1.1) with g;(x) € ¥ meets

j(;T w(u;(x, )dt = f;(x), x € 0D (2.13)

fori = 1, 2. We need to prove o1(x) = 02 (x) if fj (x) = f, (x).
In the sequel of the proof, C; may represent different constants independent of
(oy, w(t), ¢(x, t)). From the second equation in (2.4), we have
1
z—azqi(x, N+ Klglx, 0 + aKIglx, 1) = ¢(x, 1), (x,1) € Sr. (2.14)

The third Fredholm alternative theorem says that #I + K + ¢ K is invertible in C(S7)

from lemma 2.2, satisfying

-1
’ (%1 +K +o K)
g llcsy < Clap)llellees, which generates
1K gl llcsn» 1KIg]llesn < CoC@nllelle, (2.15)

‘ < C(oy) forallo(x) € X. So we have
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due to (2.10) for o; € 3. On the other hand, it follows from (2.7) that

1 /
ﬁ(ql —q)x, 1)+ Klg — q]x, 1)

fl( )K[ql B1(x, )0[g,, w, pl(x) + —— fl( - Klg]l(x, D0lq, — ¢, w, 0](x)

Klg,1(x, H0Qlg,, w, 1) (fi(x) — f, (x)),

K@ @) (x)fz( 2 (2.16)

where the functional
T 1 .
0lq, w, pl(x) = f w(T)(—zq(x, 7+ Kqlx, 7) — o(x, T))dT.
0 2a

The left-hand side of (2.16) is the operator ﬁl + K’ operating on the argument 4 — G
which is independent of (g;, ¢, w). By applying lemma 2.2 and the Fredholm alternative

~1
theorem, we get ‘ (ﬁl + K) H < Cy and therefore

Co
a1 = @ llesn < — [Klgy = dlllesy [1Q195, w, llle@n)

fo
Co
+ - IKlg1llcsn [121g — g5 w, Ollcon)
0
+ =% [Klglllcesy 1214 w. llicon 1fi = £ llcon)- (2.17)
0

It follows from the representation of Q[g, w, ] and the estimates (2.15) that
12145, w. #llicon) < Ca)|wlloor ¢ llcesy
101g; — gy, w, Olllcomy < Co Wl lay — @ llcesy-
IKlg; — @lllcspy < Co llay — dlleesy-

Therefore (2.17) leads to

gy — @ lleesy < C(U+)]7 g, — & llesy lwlloo.r lelles)
0

1
+ FC(@)HWHLI(QT) e lléesy 1 = 5 llcon).
0

which generates

1
1 - C(<7+)]7 lwllzio,m ||<P||C(Sr)) g — @ ey
0

1
< C(0’+)f—2 I, lwllo.r 15 = £ lce- (2.18)
0

That is, under the condition (2.12), it follows that ¢, (x, ) = g, (x, ) in C (S7) if f; (x) = £, (x)

in C(0OD). Finally the equation (2.6) yields 0y (x) = 0> (x) from ¢, = ¢,, noticing that we have

i) = |f,(x)| = 0. The proof is complete. 0
We also have the Lipschitz conditional stability.

7
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Theorem 2.4. Let f; (x) be the exact measurement data from the systems (1.1) and (1.2) with
F(x, 1) = ug(x) = 0 corresponding to o;(x) € X fori =1, 2. If (2.12) holds, then we have
the Lipschitz stability

o1 — aallcony < C Iy = £ llcwon) - (2.19)

Proof. Using (2.14) and (2.6) for (g; (x), f; (x), g;(x, 1)), we have

o1 (x) — o2 (x)

_; _ T 3 T @ ,
_fl(x)fz(x)((fz(x) fl(x))[fo we dr j; w(2a2+K[ql])dt]

_ le(x) foT " [ ﬁ (@ — ¢) + K'g, — qz]]dt) (2.20)
owing to |, (x)| > fy > 0. Using||¢;|lcs,) < C(op) || ¢llees,) and (2.15) for g; € 3, we have
o1 (x) — 02 (x)| < Ifz(x)f—zfl(x)l lwllzio.r €@ ellcsn
0
+ C(0+)%0 lwllzor lellesy lla = @l -
Now combining with (2.18), the proof is complete under condition (2.12). O

Remark 2.5. It is worthwhile to compare our theorem 2.3 with the uniqueness result given
in [12] under the condition f (x) > 0, but no stability result is obtained there due to the lack
of the uniform positive lower bound on f with respect to ¢. By our theorems 2.3 and 2.4, both
the uniqueness and the Lipschitz stability are set up by the much stronger assumption that
o € X which means |f [c](x)| = f; > 0 and (2.12), i.e., we establish the conditional stability
for the ill-posed problems (1.1) and (1.2). However, it should be emphasized that we consider
the special case (F (x, 1), ug(x)) = (0, 0), and our theorems 2.3 and 2.4 need assumption
(2.12), as compared with the works [12, 13].

3. Optimization formulation and convergence

For noisy data f9 (x) satisfying (1.3), we consider the cost functional
2

T
Jal(q, 0) 1= H j; wOKI[g)(, ndr — £ ()

12(0D)
1 2
+ H a2 + K'[g] + 0 K[g] — ¢

+ a llqllzs,) 3.1)
L2(Sy)

with the regularizing parameter o > 0. This cost functional regularizing only the argument g
is motivated by the structure of our ill-posed integral system (2.4). More precisely, the ill-
posedness of the system (2.4) comes essentially from the determination of ¢ (x, ) from the
first equation, although the determinations of ¢ (x) from the second equation at some special
points where K[g](x, ) almost vanishes are also unstable. Therefore we introduce the so-
called semi-Tikhonove regularizing functional (3.1) for the system (2.4). This kind of
technique has also been applied for other ill-posed problems, see [6].

8
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We will find the minimizer (¢° (x, t), 0% (x)) of J,(g, o) with a specified small «. Then
o®(x) will be taken as the approximate solution to our inverse problem. The meaning
‘approximation’ will be clarified in the following.

Our first result in this section is the following

Theorem 3.1. Let V (OD) be the compact set of L*(OD). Then the optimization version
inf{J,(q, o) : g € L*(Sy), 0 € V(OD)} (3.2)

of the original inverse problems (1.1)-(1.3) have a solution c™®(x) € L*(OD) for
given a, § > 0.

Proof. Noticing J, (g, ) > 0, define

inf{J,(q, 0): g € L*(Sy), 0 € V(OD)} = My > 0,
where the constant My = My(a, f0). Let (g,, 0,) € L*(Sr) x V(OD) be the minimizing
sequence, i.e., lim,_. Jy(q,, 0,) = Mp, which generates

«Q ||qn||%z(ST) < Ju(g,, 0,) — My asn — oc.

Therefore there exists a subsequence of {g,:n € N} converging weakly to some
g* € L>(S7). For simplicity of the notation, we still denote this subsequence as
{g, : n € N}. Noticing that both K and K’ are the compact forms of L?(Sy) into L?(Sr),
we have [14]

Klg,) — Klg*l, K'lg,] — K'g*] inL*(Sp). (3.3)

On the other hand, since {0, : n € N} C V (0D) is compact in L2 (0D), there exists some

subsequence of {g, : n € N} (still denoted by {0, : n € N}) such that g, — o* € V(OD) in
L?(dD). Using the above convergence results and g, — ¢*, it follows from the identity

2

T
o 1g,12s,) = Ja (Ge 00) — H j; wOKIg,1C, Dd — £0()

L*(OD)
2 %
H L+ Klg) + 0, Klg,] - ¢ Lo

12(5y) 2a L2(5p)

hat - ?wn q*, 21261 + K'lg,] + 0, Klg,] — ¢)
T 2
lim o g, | = Mo — H fo wOKIg*IC, nde — ()
2

H 579"+ Klg" + 0" Kig™] — ¢ il

Chim g -
n~>oc4a4 qn q

T
< Julgh, %) — H [ w@KIgIC ndr = £
0

2

*”2

. 1
H —q* + K'[¢*] + o* Klg*] — - nh:gCM g, — q

1
=a[lg"P = lim = llg, — ¢*F.
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which leads to g, — ¢* such that

. . . 1
lim [, — ¢*|* = lim [|lg,|* — lg*|*] < — lim — [lg, — ¢*|P,
n—00 n—00 n—oo 4aa
ie., g, — ¢* in L>(Sy). Finally the continuity of J,, in L*(Sy) x L*(dD) yields

Jo(g*, 0%) = lim J,(q", o") = M,
i.e., (g%, o) is the minimizer of J, (g, o) in L2(Sy) x V (OD). Therefore we can take o*(x) as
%% (x), the approximate solution of the inverse problems (1.1)—(1.3) for noisy input data

£9(x). The proof is complete. O

The introduction of the regularizing term with a > O ensures the existence of the
minimizer. Consequently, the value M, (a, f?) is also different from M, (0, f) = O provided
that the exact solution be also in V (9D). So we need to estimate M (c, f°), which reveals the
difference between our approximate solution from the optimization formulation and the exact
solutions of (1.1)—(1.3) by data matching.

Theorem 3.2. Assume that the exact solution G (x) to the inverse problems (1.1) and (1.2) is
also in V (OD) and (g*°, ™) is the minimizer of the cost functional J,(q, o) from theorem
3.1, ie, My(a, fO) = J, (g™, 0®®). Then we have

lim My (v, £9) < 262 (3.4

a—0

Proof. Denote by f(x) the exact nonlocal measurement data corresponding to exact
impedance & (x) € V(OD) and the boundary value ¢(x,t). It is obvious for all
(g, o) € L*(St) x V(OD) that

- 2
Jo(g, o) <2 ‘ f w®OK[g](, Hdt — f()
0 L*(OD)
| 2
+2 H —q +K'gl + 7 K[g]l — ¢ + o llql72s,)
2a L2(S7)
+2|f° —f||%2(aD) + 2 [(c — E)K[Q]H%Z(ST)' (3.5)

Since N (ﬁﬂ + K + EK) = {0} in terms of lemma 2.2, it follows from the Fredholm

alternative principle that there exists a unique potential function 7 (x, t) € L?>(0D x (0, T))
for given o (x, t) € L>(Sy) satisfying

1
2l T K'(gl+7K[g) — ¢ =0, (x, 1) €S

Moreover, u(x, t) := K[g](x, t) in D x [0, T] solves the direct problem (1.1) with Robin
coefficient & from the potential theory and therefore we have

fOT w®OK[F], Hdr = f(x), x € dD.
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The above two equalities generate
5@, ) < alglizs,) +21F° = fllzep < allglis, + 262
(G, T) < o |72 s 2@p) S X 4IlL2(sp) :
Therefore we have from (3.5) that

My(cv, f0) = inf{J,(q, 0) : g € L*(S7), 0 € V(9D)}
< (@, ) < a|qlis, +26%

By letting o — 0, the proof is complete. ]

Based on theorems 3.1 and 3.2, we know that for any sequence {c,, — 0: n — oo},
there exists a minimizer sequence { (¢", ") : n € N} (which may not be unique) such that
lim J,, (g", 0") = lim My (v, ) < 262 (3.6)

n—oQ n—oo

Now we establish the relations between ¢” and the exact boundary impedance & from
which the exact input data f (x) are generated.

Theorem 3.3. Let{a, : n € N} be the positive sequence converging to 0 and (q", o™) be the
correspondent minimizer of J, (q, o), which may not be unique. Then there exists a
convergent subsequence {c"™ : k € N} C {c" : n € N} converging to o* in L*(0D) as
k — oo, where o* satisfies

< 369
2@D) 3.7)
| 37 + K'lq] + o* Kig] - ¢ 26

T
‘Lcwmmmunw—fo

<
L*(0D)

for some @ (x, t) € L*(OD x (0, T)).

Proof. Since {¢":n € N} C V(OD) which is compact, there exists a convergent
subsequence {o™ : k € N} C {0o" : n € N} such that

o™ — o*, k — oo. (3.8)

For the corresponding density function sequence {g"« : k; € N}, we have from theorem
3.2 that limy o0 Jo,, (™, 0™) < 262, which yields from the definition (3.1) that

T
lim fo w®KI[g™](-, 1)dr — f3()

k—o00

<26 (3.9)
L%(OD)

and

< 26. (3.10)
L*(Sy)

lim ank + K’[an] + o K[g™] — ¢
2a?

k—o00

Denote by u*(x, r) the unique solution of the direct heat conduction problem (1.1)
corresponding to the boundary impedance o*(x), i.e.,

ou*
ov (x)

+ o*@ut = px, 1), (x,t) € OD x (0, T).
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Using the potential expression
w x, 1) = Klg*](x, 1), (x,1) €D x [0, T]

for the direct problem, the above boundary condition says that there exists a unique
g* € L*(Sr) satisfying

1 /
ﬁQ*(x, N+ K'g*(x, ) + o%(0) Klg*1(x, ) = @(x, 1), (x, 1) € Sr.

Using this identity, we have

1
Sl - a1+ K'[g" — ¢*1(x, t) + o*(x) K[g" — ¢*]

1
= 2724’“ + K'g"1(x, 1) + 0™ (x) K[g™] — ¢ + (o™ — 0H)K[g™].

Therefore, by using (3.10), the convergence o — o* as k — oo together with

21
I (2171 + K + U*K) | < C, wehave limy_., [lg™ — ¢*||12¢s,) < C6. This estimate means
{g" : k € N} is L?>(OD) bounded. Applying the same techniques in the proof of theorem 3.1,
there exists some § € L?(Sy) such that
lim g™ — gll2s,) =0, (3.11)
ky— 00
where {g¢"«: k € N} C {g": k € N}. Finally, by taking subsequence {n;} in (3.9) and
(3.10) and using (3.8) and (3.11), we get (3.7) noticing ||f® — f]| < 6. The proof is
complete. ]

Remark 3.4. Since there is no uniqueness for the minimizer of (3.1), the meaning of
‘approximate impedance’ determined by the minimizer of J,, (g, o) should be clarified. Based
on theorem 3.3, ¢"(x) for a large k can be considered as the approximation to some
impedance o*(x) (this does not need to be & (x) which yields exact measurement f (x)) in the
sense that both the impedance boundary condition and the nonlocal measurement data are
matched up to the error level 6 > 0. Although we can only ensure theoretically the
convergence in the general sense (3.7), 0" (x) can indeed approximate & (x) well in many
numerical tests.

In this section, we establish the well-posedness of the optimization formulation with a
regularizing penalty; namely, if the measurement data contain some noise up to the level
6 > 0, then our optimization problem for a > 0 is small enough for the minimizer o to
exist, which can be considered as the approximation to the exact impedance & in the sense
that both the boundary condition and the nonlocal measurement data are satisfied approxi-
mately up to error 6 > 0. However, it is very difficult to estimate 0% — & by standard norm.
In the next section, we will discuss how to find this minimizer by some iteration schemes.

4. lterative schemes for optimizing problem

The functional J, (g, o) is nonlinear with respect to two arguments, namely, the artificially
introduced density function g (x, #) and o (x) for our inverse problem. Since we introduce the
density function for the expression of the solution of the direct problem, this cost functional is
nonlinear in the general form due to the impedance boundary condition, rather than a
quadratic functional. However, the advantage of dealing with such a nonlinear functional is

12
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that we do not need to solve the direct problem at each iteration step compared with the
conjugate gradient method [9] applied for the same inverse problem, where only the unknown
o is introduced in the cost functional. Therefore we propose the following two iteration
schemes for our cost functional J, (¢, o), provided that the exact boundary impedance & (x)
producing the input data f (x) is in the admissible set V (OD).

The first scheme is based on the standard steepest descent scheme (SDS), while the
second one is the alternative iteration which is useful to approximate the minimizer of the cost
functional with multi-variables. For example, see [20] in the application of thermography. For
fixed o, since (3.1) is quadratic with respect to ¢ (x, t), the alternative iteration scheme (AIS)
is quite efficient.

Scheme 1: SDS for minimizing J, (g, o).

*Stepl: Set m=0, tolerance ¢ >0, the initial guess o%(x) € V(OD)
and ¢°(x, 1) € C(Sp);

» Step 2: Update (¢ (x, t), 0™ (x)) in terms of the cost functional J, (¢, o) by the method
of steepest descent, i.e.,

(qm+ls Um+1) = (qm> O-m) - Vq,a-]a(qm» o'm)ﬁm,

where V, ;J, (g™, o™) is the unified gradient vector, and the step size 3,, at the mth step is
taken as

/Bm = minJa((qm, o™ — Vq,a-]a(qm9 O_m)ﬁ)
B>0

» Step 3: If J, (g™, ™) < €, input (6" (x), J, (g™, ™)) and stop.
e Step 4: Set m + 1 = m and go to step 2.

Scheme 2: AIS for minimizing J, (g, o).

* Step 1: Set m = 0, tolerance ¢ > 0 and the initial guess ¢°(x) € V (8D);
* Step 2: Generate ¢ by minimizing the cost functional J, (¢, o™) about ¢, i.e., g, is
solved from

Volo (g, 0™) = 0. 4.1

e Step 3: If J,(¢™, ™) < €, input (¢, o™) and stop;
e Step 4: Update o™ to yield

2
q" +K'lg™ + o Klg"l — ¢

o™t = argmin H L 0 € V(D) g,
2a?

L*(Sp)

which solves

1 /
j; Klg"](x, t)(U(X)K[q’“](x, 1 — (W - 2—0261’” -K [qm])(x, t))dS(X)dt =0. (42

» Step 5: Set m + 1 = m and go to step 2.

By our theoretical results in section 3, the above iteration schemes will produce some
reasonable approximation to exact impedance. We will realize them in a finite dimensional

13
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space in the next section. To implement the process efficiently, we need to compute the
potential expressions in the cost functional at each iteration step. Noticing that both K and K’
are operators with kernel of weak singularity, here we apply Nystrom’s method for computing
these potentials, which are essential for SDS and AIS.

For 0D smooth enough with the parametrization

OD = {x: x(s) = (x(5), x2(s)) = R(s)(coss, sins), s € [0, 27]} 4.3)

with R(s) : [0, 2mr] — R the 27—periodic function. More precisely, we assume that
x:[0,27r] = R* is of smooth derivatives of the second order with
Ix"(s)] = \/ (5 ()% + (x5(s))> > 0. For x(s) € OD, its unified outward normal direction
is v (x(s)) = (x5(s), —x/ (5))/|x"(s)| for 0 < s < 27. Introduce

Vs, 0) =v(x(s) - [x(O) —x()], (s, 0)=Ix(s) —x(@O)], @, 7)=qx®),)

for s, 6 € [0, 2], 7 > 0, then the kernels for the operators K, K have the representations
under the (s, 0; ¢, 7) coordinates with the density (0, 7):

t 27
(K, K)[q](s, 1) = fo L (K (s, 0; 1, 7), L(s, 65 1, 7)) (0, 7)d6dr, (4.4)

where

(K(s,H;I,T),L(S,Q;I,T)):( ' @) w(s,9>|x’<e>|]exp{ r2<s,9>}

472 — 7)) 8mat( — 7) C4a(t— 1)

fort > 7.

To compute the integrals (4.4) of weak singular kernels with high accuracy, we firstly
compute the integral with respect to 7 approximately. Divide the time interval [0, T]
equivalently by grids ¢, = n% :n=20,1,---,N. Then we approximate the function y (s, 7)
by

N N
pis, 7) & Y s, )Py () =D, ()P, (1), 4.5)
n=1 n=1
where
1, t}’l*l < T < t}’h
) = 4.
n(7) {O, elsewhere, (4.6)

i.e., we assume that the function p (s, 7) depends only on the spatial variable s at each small
time interval [t,_1, 1,].
Form=1,---,nandn =1, 2,---,N, define

t/ll
(Kn=m(s, §), L"=™(s, 0)) = (K (s, 0; ty, 7), L(s, 0; t,, T))dT, 4.7

In—1

then it follows from (4.4)—(4.7) that
n 27
Kilgl, K'lgD (s, 1) = > fo (K®=m(s, 0), L™ (s, 0))p,, (6)d6. (4.8)
m=1

Using the expressions for K (s, 6; t,, 7) and L(s, 6; t,, 7), we can compute the right-
hand side of (4.7) to generate
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K (n—m) |x (9) | r2(s,0) . r2(s,0)
(s, 0) = E\wwe ) ~ B ) |
(n—m) _ 260 X0 | _ 0 _ .0
L (S’ 9) 2ma?r (s, 0) CXp 4a%(t, — ty_1) CXp 4a? (1, — t,,) ’

where

(4.9)

+00 _ OO 1 \yn
E (%) :=f %ﬂdt:—ce—lnx—zﬁ, x>0 (4.10)

!
= nln

with C, = 0.577 21--- the Euler constant.

Define p=n — m. Then all the possible singularity points for functions
KP)(s, 0), LP)(s, 0) are either p = 0 or s = 0. The integrals in (4.8) can be rewritten as in the
vector form forn = 1, 2,---,N that

n—1 2T
Klql, K'[gD) (s, 1) = Y fo (KW(s, ), LP(s, 0))p,_,(0)d0.  (4.11)
p=0

To compute the above integrals, we need the following singularity decompositions,
which can be verified by the expansion (4.10) and the series expansion of e, see also [3, 4]
for the case of a = 1.

Lemma 4.1. The functions KP) (s, 0), L'P)(s, 0) have the following decompositions:

1. For p = 0, LOCs, 0) is of removable singularity at s = 0 satisfying

’ 2
LO(s, §) = 21&O 1O exp{—N’ (5,0) } s =0,

27a?r? (s, 0) 4a®T (4 12)
3 .
1lim LO(s, §) = X3 ($)x] () =X/ (9)x5(5)
[9—s ’ ROl

while the function KO (s, 0) is of logarithm singularity at s = 0 satisfying

r , N
KOs, 9) = 2O 1p (Nr “’9)), s =0,

47a? 4a’T
0) Ix(9)| 285—0 0,1)
JKO(@, ) = ( ln( sin ) + KOs, 9)) s — 0, (4.13)
0,1) _ _ eN [ x'(s) |
K®%Y(s,s) = —-C, — In (44(# ),

where KO (s, 0) is continuous in [0, 27>

2. For p=1,2,--,N — 1, both L'P)(s, 0) and KP)(s, ) are of removable singularity at
s = 0 satisfying

») _ G, 0) | x'©0) | _ Nr(s,0) - _ Nr(s,0)
L (S, 0) 2mar (s, 0) exXp 4a°T (p+ 1) eXp 4Ta%p 8= 9’
LP)(s,5)=0,s5s =0,
1 , ) ) (4.14)
K®)(s. 0) — |x(9)|[E1( Nr?(s,0) ) _ El(Nr (s,())):l’ s =0,

4ma? 4a°T (p+ 1) 4a*Tp

K®(s, s) = |x(é)llnlﬂrl s=0.
47a? P

\
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From this singularity decomposition result, we know that all the integrands in (4.11) can
be considered as continuous functions, except

27
[ KOG, o), 0100
0

_fz” ln( sin2 2 =0 ) kO] (9)d9+f2” i (9)'1«0“( 011, (0)do.

4ma
The second integral is also for continuous function, which can be computed by
| M1
— 0)do ~ — s 4.15
L[ s TR (4.15)

with s, = k— fork =0, 1,---,2M — 1. As for the first integral with a weak singular kernel
ln( sin TO), we take the quadrature formula for the 2m—periodic function
g0 € C[0, 27] as [3, 14]

2M—1

)00 = 3 Ry pgoo

(4.16)

M—1
o i (1)
R = —ZM{I +2 z;lgcosmsj + M}.

Combining all of the above formulas (4.9)—(4.16) together, we finally get that

n—1

Klglis i~ [ KOs, 01, 010 + b> f K55, O)p,_, (6)d0

ZMZI lx/ (sk>| [

KOD(s;, s1) — R|ik|]ﬂn (%)

2M
no12M—1
+ Z Z MK(’))(&‘, 8 K (),
p=1 k=0
n—1 2 n—12M—1 T
Kl )~ X [ 7 L0 O, O0)d0 = Y LG s, 50.
p=0 p=0 k=0
The above two expressions can be written as forn = 1, 2,---,N that
n 2M—1
Klgl, K'lgD (i, ta) = Y5 > (D(n = p, i, k), S(n — p, i, k), (s) (4.17)
p=1k=0

with the coefficients

X' GO 1 1 70,1 _R. =
D(p.iky=4 5K 50 = Ri-u] - p=0.
%K(p)(s,', s, p=1,-n—1, (4.18)
S(p’ i’ k) - %L(p)(si’ Sk), P = 0’ 1,""” - 1
Define
ﬁ:: {,un(Sk):k:O,"',Q.M— 1an:1a""N}7
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Bi= (s k=0,-,2M — 1}.

Now we approximate the cost functional. For the first term in (3.1), we have

Hf wORIqIe - 176 |[

L*(0D)

2M—1 2

— Z Zw(tn)K[q Gsis 1) = FOx(s)) | W ()] = (), (4.19)

while the second term can be approximated by

2
H —4q+ K'lgl + 0 Klgl — ¢
L*(Sy)
7T M|, (s) 2
~— n + (K + n(s) K Sis 1) — @ (x(s), 1, x/s,-
MN i,,g)’l 2a? (K'[q] + n(s) KlgD(si» tn) — @x(s), 1) | e (sl
= L, 1) (4.20)
and the third term
o M N
o Hq”%,Z(ST) a— Z N - Zu )X (5)] = a3 (fi). 421
i=0

Thus we finally have in terms of (4.17)—(4.21) that

Jo(q, 0) = Iy (i, =N (B + (@, 1) + ads(7), (4.22)

with the arguments (fi, 7j) € R?MN x (RT)2M,

Now we apply the SDS for J, (i, 7j) in a 2MN + 2M dimensional space. In each
iteration, we need to determine the iteration direction Vﬁ,ﬁfa (1, 1) as well as the corre-
spondent step size 5 > 0. To have a uniform algorithm for computing [ at all iterations, we
always assume that the direction Vﬁ,ﬁja (1, 77) has been unified in L? sense.

Assume we are given (i, 7j™) at the mth iteration. Then the gradient of the cost
functional at this point can be computed from the expression of

Vigdo (fis ) = Vigh (@) + Vigha (i, 1) + aVig/5 (i) (4.23)

explicitly. As for the iteration step when updating the approximate minimizer (;”, 7j™), it is
well known from the method of the steepest descent that 3,, can be chosen as the zero point of
the equation

%fa«w, 0 — BVaada I, M) = 0 (4.24)
at each step, with V; 5., (i, 7)) given by (4.23).

The above iteration procedure for a number of iterations m = 0, 1, --- yields finally our
approximate impedance 7" = (o (x(sg)), -+, (x (S21-1)))-

Analogously, the formulas (4.17) and (4.23) can be used to compute (4.1) and (4.2) for
AIS, we omit the details.
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5. Numerical implementations

In this section, we give the numerical implementations for SDS and AIS for a given domain
by (4.3) with the exact solution

A Clx—bP
u(x, 1) = 4m)2te p( 4a’t )’ t>0

0, t=0,

(5.1)

where b € D and A > 0 is some constant. It is obvious that u(x, t) € C(D x [0, T]) and
meets the equation u, = a*?Au in D x (0, T]. For o (x) € C(OD), it follows from simple
computations for (x, t) € dD x [0, T] that the corresponding heat flux is

_ G@-Drx()
px, 1) = {(n(s) DD Ny (x(5), 1), 1> 0 52
0, o

with n(s) == o (x(s)) € C([0, 27]), while the simulated inversion input data (1.2) can also
be parameterized by s € [0, 27].

Noticing that the minimizing sequence { (g, (x, t), 0,(x))} of the cost functional J, (g, o)
is not equivalent to the convergence of 0, — ¢ in any reasonable norm, as explained in our
theoretical analysis, much numerical behavior should be analyzed for this nonlinear (espe-
cially non-quadratic)) optimization.

On the other hand, our theoretical results for the conditional stability and the convergence
property of the minimizers of the cost functional require some a priori restrictions on ¢ such
as 0 € ¥ and o € V(9D). In our numerical implementations except example 3, such
requirements are guaranteed for suitably chosen ¢ and V (OD), since we always take o (x) as a
known function of some smoothness.

Example 1: We consider a very simple model to test SDS for exact inversion input data,
with the configuration

A=1, R&)=1, c(x)=1, wit)=t, a*=1, T=1, b=(1.2,0). (5.3)

That is, the domain is assumed to be a unique circle with unit impedance on the boundary.
Then the boundary heat flux ¢ (x, t) as well as the inversion input can be simulated in terms of
(5.1)-(5.3).

We take M = 16, N = 10, a = 0.001 for the discretization and

po(s, 1) = g%(x(s), ) = 0.001, 7n°(s) ==0c%(x(s)) = 1.5, s€[0,2n],tc]0,1]

as the initial value for iteration. As for the step size (3, for each iteration step, it can be chosen
theoretically in terms of (4.24), which can indeed improve the approximation rate. In fact, in
the numerical implementations, we can use any (3,, € (0, 1) for the normalized iteration
direction vﬁ,ﬁja (@™, 7™), so we test two ways to the choice of iteration step: one is to fix
B = 0.5 for all steps, and the other one is to determine (,, from (4.24) at each iteration step.

We present the performance for optimization in figure 1, where the approximation error
for the boundary impedance at the mth step is measured by

2M—1
S () — ()2
err(m) := .
2M
It can be seen that, roughly speaking, J, (1™, 7j™) always decreases as m increases.
However, the values of J, (7™, 7j™) oscillate seriously for fixed (3,, = 0.5. These bad oscil-
lations are much improved by our strategy (4.24). To show the oscillations and improvements

18
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Figure 1. Numerical performance for fixed §,, = 0.5 and 3,, via (4.24): the values of
cost functional (left) and the error of reconstructions (right) with respect to the number
of iterations.

quantitatively, their values for some m with (3,, chosen both by 3,, = 0.5 and by (4.24) are
listed in table 1. We guess that such oscillations come from the strong nonlinearity due to the
multiplication of ¢ and K[¢] in the objective functional, as the cost of avoiding the solution to
the direct problem at each iteration. On the other hand, the strategy (4.24) cannot ensure that
||7i™ — 7j|| is also decreasing for m large enough, and this is natural since we optimize J,, (1, 7j)
by iteration. Also the strategy (4.24) yields the good approximation for small m, see the error
for ||7j™ — 7j|| in figure 1.

The reconstruction performances for 77(s) := o (x(s)) at several iteration steps are pre-
sented in figure 2, which also support the fact that the iteration with the strategy (4.24) for
choosing 3, gets to the exact solution quickly, as compared with the fixed step size 3,, = 0.5
for all iteration steps. However, there is still no theoretical guarantees for the norm
convergence.

It is well-known that the choice of initial values for iteration is crucial to the convergence
of the minimizer sequence. We also find such phenomena in implementations. In our reali-
zations, we take initial values for the density function ©? = 0.001 and n° = 1.5, which means
we begin from a very small temperature distribution and the boundary impedance with 50%
error. On the other hand, here we realize our algorithm only for constant boundary impedance
in a unit circle with the exact input data f (x), as an initial try for checking the performance of
the optimization technique based on the potential scheme. Noticing the severe drawback of
the method of steepest descent, which requires a great number of iterations for functions of
long narrow valley structures, the conjugate gradient method is considered for our iteration
process, even though the shape of J, (1", 7™) — BV /. (4™, 77™)) with respect to 3 may
not be of the long narrow valley structure.

Now we present some numerical examples for the AIS with nonconstant boundary
impedances of different smoothness. The domain D in the following examples is always taken
as the kite-shape domain with the boundary representation

R(s) = \/0.45 — 0.36cos(s) — 0.18 cos(2s) + 0.09 cos2(2s) + 0.36 cos(s)cos(2s) ,

while the noisy inversion input data f°(x) is generated from the noisy data
{(ub(x, 1) : (x, 1) € OD x [0, T]} by
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Figure 2. Reconstructions of impedance by a different number of iterations.

Table 1. Some error values for different choice strategies for 3,,.
m J(;i}m @™, ™) errBe(m) B ‘]Ii’m E". ™) errPn(m) B,

63 1.1076 7.4854E-2  0.50 1.3047 3.2968E-2  0.801
64 0.8916 7.4318E-2  0.50 1.3125 3.3852E-2  0.801
65 1.0980 7.3856E-2  0.50 1.2489 3.4875E-2  0.801
66 0.8830 7.3318E-2  0.50 1.2559 3.6025E-2  0.801
67 1.0884 7.2854E-2  0.50 1.1931 3.7279E-2  0.793
68 0.8743 7.2315E-2  0.50 1.1550 3.8615E-2 0.793
69 1.0787 7.1849E-2  0.50 1.1389 3.9999E-2  0.793
70 0.8657 7.1308E-2  0.50 1.1011 4.1490E-2  0.793
71 1.0691 7.0841E-2  0.50 1.0847 4.3013E-2 0.793
72 0.8570 7.0298E-2  0.50 1.0473 4.4643E-2 0.793
73 1.0594 6.9830E-2  0.50 1.0307 4.6296E-2  0.785

wb(x, ) = [1 + 8§ x randn(x)u(x, t),
where randn(x) for x € D is the standard normal distribution, u (x, ¢) is the exact value
obtained by solving the direct problem.
Example 2. We take the configuration as

2
A = 1000, o(x) = +7x1x22 w@O)=22+1, a2=16, T=1, b=(4, —8). (5.4
(3 + x2)
In the discretization, we take M = 32, N = 10 and the initial value for AIS is
0%(x) = 0.2. The reconstructions are given in figure 3. For the different noise level 8, the
regularizing parameters « and the number of iterations It are

6, a, It) = (0, 0, 600), (0.05, 5 x 107°, 15), (0.1, 1 x 1073, 10), (0.2, 5 x 1073, 5).
We also check the performance of AIS by changing o (x) in (5.4) as

J(x(s))_{s—i—o.l, s € [0, 7]

2+ 0.1 — s, s € (m, 27] 55
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0.1
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Figure 4. Reconstructions of ¢ for 6 = 0, 0.01, 0.05 with respect to s € [0, 27].

and keeping the other parameters in (5.4) unchanged, while the initial guess 0% (x) = 1.5. The
reconstructions are given in figure 4. In the implementations, the values of o and the number
of iterations It corresponding to different é are

6, a, It) = (0, 0, 600), (0.01, 1 x 10~7, 800), (0.05, 5 x 107, 800).

It can be seen that even if we begin from the constant initial guess for the impedance, the
shape of o is recovered very well. As for the numerical behavior of the cost functional
J2 (o™, g™) with respect to the number of iterations, we give the values for two configurations
of o(x) in example 2 in figure 5. Obviously, to get the satisfactory reconstructions, more
iterations are required for non-smooth o (x) given in (5.5) from a constant initial guess.

Example 3. Finally we consider a special example with discontinuous o (x) on 9D
represented by
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J ("™

3.5 3.5
—%— §=0 ¥ —*— 3=0
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05, s - 5 0 ittt
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m

Figure 5. The values of cost functionals for o (x) given in (5.4) (left) and (5.5) (right)
with respect to the number of iterations.
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Figure 6. Reconstruction of ¢ for 6 = 0, 0.01, 0.05 with respect to s € [0, 27].

2, s €0, w/2]
ox(s)) =41, se(n/2,3n/2]
2, s € (3n/2,2m],

and the other configuration parameters are the same as those in example 2. In the numerical
realizations, we take different values of v and the number of iterations It for different noise

levels by

6, a, Ity = (0, 0, 600), (0.05, 5 x 107, 15), (0.1, 1 x 1073, 10), (0.2, 5 x 1073, 5).

The reconstructions are given in figure 6. Although the smoothness for our theoretical
analysis is not satisfied in this configuration, the numerical results are still satisfactory for a
small noise level.

In the numerical realizations for the AIS scheme, we find that the numerical solutions are

not sensitive to the regularizing parameter « and the most important issue is to stop at some
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iteration step for the good approximation to exact boundary impedance. The choice strategies
for «v in terms of the noise level ¢ are important theoretical issues for our reconstruction
schemes, which are worthy of further research.
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