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PAPER

Application of Wavelets to Scattering Problems of

Inhomogeneous Dielectric Slabs

Jeng-Long LEOU†, Jiunn-Ming HUANG††, Shyh-Kang JENG†††,
and Hsueh-Jyh LI†††, Nonmembers

SUMMARY In this paper, we apply the discrete wavelet
transform (DWT) and the discrete wavelet packet transform
(DWPT) with the Daubechies wavelet of order 16 to effectively
solve for the electromagnetic scattering from a one-dimensional
inhomogeneous slab. Methods based on the excitation vector and
the [Z] matrix are utilized to sparsify an MoM matrix. As we ob-
served, there are no much high frequency components of the field
in the dielectric region, hence the wavelet coefficients of the small
scales components (high frequency components) are very small
and negligible. This is different from the case of two-dimensional
scattering from perfect conducting objects. In the excitation-
vector-based method, a modified excitation vector is introduced
to extract dominant terms and achieve a better compression ra-
tio of the matrix. However, a smaller compression ratio and
a tiny relative error are not obtained simultaneously owing to
their deletion of interaction between different scales. Hence, it
is inferior to the [Z]-matrix-based methods. For the [Z]-marix-
based methods, our numerical results show the column-tree-based
DWPT method is a better choice to sparsify the MoM matrix
than DWT-based and other DWPT-based methods. The cost
of a matrix-vector multiplication for the wavelet-domain sparse
matrix is reduced by a factor of 10, compared with that of the
original dense matrix.
key words: wavelets, scattering, method of moment, integral

equations

1. Introduction

The wavelet theory has been widely employed to solve
the integral equations in electromagnetic field problems
[1]–[11]. The solution, in general, can be divided into
two categories. The first one is to obtain a matrix
equation by the method of moment (MoM), where the
matrix elements are calculated using wavelets as ba-
sis functions [1]–[4]. The other is to form the MoM
matrix equation by conventional basis functions first,
then apply the wavelet transform to get a new ma-
trix equation (similarity transform approach) [5]–[11].
Both methods will result in sparse matrix equations,
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which can be solved with less memory and computa-
tion time. In order to increase the sparsity of matrix in
the similarity transform approach, researchers have ap-
plied different wavelet theories such as discrete wavelet
transform (DWT) [5] and discrete wavelet packet trans-
form (DWPT) [6]–[8] to transform the original MoM
matrix equations. Before using the DWPT in the sim-
ilarity transform approach, several authors developed
the best base selection algorithms [12], [13] to search
for a more suitable basis for near optimal sparsity [6]–
[8]. Some authors also used the physical characteristics
of the problem to extract the dominant wavelet bases
and solve a smaller system of linear equation [9], [10].

The works mentioned above are all concentrated
on the scattering of perfect electric conducting (PEC)
objects. Nevertheless, problems of dielectric objects are
also important, and up to now no published literature
addressed on applying wavelet techniques to dielectric
scattering problems. For such problems the number
of unknowns are much more than that of a PEC ob-
ject scattering problem. Thus, matrix sparsification is
even more valuable in solving this kind of problem. In
this paper, we will apply various similarity transform
methods to the scattering of one dimensional slabs and
determine which one will make the best sparsity.

This paper is organized as follows. First, in Sect. 2
we state the problem of scattering from one dimensional
dielectric slab. A brief review of the similarity trans-
form approach using the DWT or the DWPT is given
in Sect. 3. Three popular methods, the excitation-based
method, the [Z]-matrix-based method and the hybrid
method are also presented in Sect. 3. In Sect. 4, numer-
ical results of these three methods are exhibited and
discussed. Finally, conclusions are made in Sect. 5.

2. Statement of Problem

Consider a uniform plane wave normally incident on an
inhomogeneous dielectric slab (Fig. 1). For simplicity,
only the TM case is considered. The integral equation
of this scattering problem can be derived as [14]

E(x) +
∫ L

0

K(x, x′)E(x′) dx′ = Ei(x) (1)

where
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Fig. 1 Scattering from a one-dimensional inhomogeneous slab.

K(x, x′) =
jko

2
e−jko|x−x′| · [ε(x′)− 1]

0 ≤ x, x′ ≤ L (2)

L is the thickness of the slab, ε(x′) is the distribution of
the dielectric constant in the slab, ko is the wavenumber
in free space, E(x) and Ei(x) are the total field and
incident field respectively. Here a time dependence of
ejωt is assumed and suppressed throughout this paper.

In solving Eq. (1), the total field E(x) can be ex-
panded by pulse basis functions, and the point match-
ing can be applied to Eq. (1) to obtain a matrix equa-
tion [15]

[Z]x = b (3)

Note that this matrix equation is the same as that de-
rived for PEC objects, but the kernel K(x, x′) and thus
the [Z] matrix in (3) depends on the dielectric constant
distribution, which is different from the PEC case.

3. Similarity Transform and Sparsification

After forming the matrix equation (3) by conventional
basis functions, two similarity transform matrices , [We]
and [Wt], are used to change the original expansion
and testing functions into a new set of expansion and
testing functions, respectively. The columns of [We]
and [Wt] consist of the wavelet bases. Using [We] and
[Wt], we obtain a new matrix equation in the wavelet
scale domain

[Z̃]x̃ = b̃ (4)

where

x̃ = [We]T x (5)

b̃ = [Wt]T b (6)

[Z̃] = [Wt]T [Z][We] (7)

Here T denotes the transpose of a matrix and ∼ denotes
the representation in the wavelet domain.

The forms of [We] and [Wt] depend on the choice of
wavelet transform methods and the sparsification tech-
niques. In general, there are two kinds of wavelet trans-
forms: the discrete wavelet transform (DWT) [16] and
the discrete wavelet packet transform (DWPT) [12].
Because that the DWT is a special case of the DWPT,
we discuss the DWPT first. While applying the DWPT,
we have to select the packet tree for the matrix equa-
tion. Two categories of packet tree selection can be
used. The first one analyzes the best bases based on the
excitation b, and leads to [We] = [Wt] using the same
wavelet bases. The other searches for the best packet
tree associated with the [Z] matrix. The [We] and [Wt]
are determined by processing the rows and columns of
the [Z] matrix, respectively. If we apply the DWT in-
stead, the packet tree is automatically generated in the
DWT algorithm, which results in [We] = [Wt]. For
details of the DWT and the DWPT, see [12], [16].

Three popular methods are applied in order to
sparsify or reduce the matrix equation. The first one
reduces the size of matrix equation based on the dom-
inant terms of the excitation vector, but the reduced
matrix is full [9], [10]. It is called the excitation-based
method. The second method, the [Z]-matrix-based
method, keeps the matrix dimension and the matrix
becomes sparse after a thresholding procedure [5], [7],
[8], [11]. The third one is a hybrid method, which is
similar to the first method but with a sparse matrix
of the same size [6]. If the DWT is applied with these
three methods, the hybrid method is the same as the
[Z]-matrix-based method.

In this work, we implement the DWT and the
DWPT along with the three sparsification techniques
to the scattering of one dimensional slabs. The proce-
dure is listed as follows.

1. Discretize the integral equation to a matrix equa-
tion [Z]x = b.

2. Apply the DWT or the DWPT to the matrix equa-
tion.

(a) Suppose that the excitation-based method is
preferred.

i. Apply the DWT or the DWPT to the ex-
citation vector. If the DWPT is adopted,
perform the best packet tree selection to
the excitation vector b and get a best
packet tree. If the DWT is used, the
packet tree selection is skipped.

ii. Extract the dominant terms from b̃ and
determine the transform matrices [W ] =
[We] = [Wt].

iii. Transform the matrix equation into the
wavelet domain with a reduced size.

(b) Assume that the [Z]-matrix-based method is
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employed.

i. Apply the DWT to the matrix equation
with [W ] = [We] = [Wt]. Or apply the
DWPT to the rows and columns of [Z]
matrix to determine the best packet trees,
then decide the transform matrices [We]
and [Wt] according to the best packet
trees.

ii. Transform the matrix equation into the
wavelet domain.

iii. Sparsify the transformed matrix by cer-
tain thresholding techniques.

(c) If the hybrid method is utilized [6], apply the
DWPT to the [Z] matrix according to the best
packet tree determined by the excitation vec-
tor. And then use certain thresholding tech-
niques to sparsify the transformed matrix.

3. Solve the wavelet-based matrix equation [Z̃]x̃ = b̃.
4. Take the inverse DWT or DWPT of x̃ to obtain

the approximate solution xcomp.

4. Numerical Results and Discussions

In this section we present some numerical examples
for different dielectric profiles. The profiles include
the small-variation profile ε1(x), the linearly-decreasing
profile ε2(x) and the abruptly-changing profile ε3(x):

ε1(x) = εb + A + A sin
(
2π

x

L

)
(8)

ε2(x) = 1 + (εm − 1)
(
1− x

L

)
(9)

ε3(x) =




10 x ∈
[
0,

L

3

)
∪

[
2L
3

, L

]

1 x ∈
[
L

3
,
2L
3

) (10)

where A = 0.1, εb = 1–10 and εm = 10 are the ampli-
tude of dielectric variation, the background dielectric
constant and the maximum relative dielectric constant,
respectively.

Collocation method with pulse basis is then em-
ployed to form the MoM matrix equation. By chang-
ing the slab thickness L/λo and fixing the pulse width
∆ = λo/32, we obtain the moment matrices with sizes
ranging from N = 128 to 2048. All methods described
in the last section are applied to sparsify or reduce the
size of the matrix equation.

Although various families of wavelet bases have
been developed [17], [18], we only consider the periodic
Daubechies wavelet of order 16 (vanishing moments =
8). The behavior of such a wavelet basis is good enough
to approximate the smooth E(x) field inside the slab.

When the DWPT is applied, a commonly used cost
function, the additive energy concentration function
with p = 1 [12], [13], and the “top-down” tree search
algorithm are utilized.

One parameter to measure the sparseness of a ma-
trix is the compression ratio. Here we define the com-
pression ratio ρ as the ratio of the number of non-zero
elements Nnz to the size of the original dense matrix
N2.

ρ =
Nnz

N2
× 100% (11)

Additionally, as a measure of the solution accuracy,
the relative residual error is defined as

Eerr =
||x − xcomp||

||x|| × 100% (12)

where x, xcomp are the original MoM solution and our
computed approximate solution, respectively.

4.1 Excitation-Based Method

The objective of the excitation-based method is to find
a best reference vector to represent the dominant terms
of the total field in the wavelet domain. Most pre-
vious works dealt with the PEC scattering problems,
and used the incident field as the reference (excitation)
vector [9], [10]. In our study, we introduce a modified
reference vector bm to estimate the dominant terms in
the wavelet domain more precisely. We define

bm = e−jko

√
εs(x)x (13)

where the selection of εs(x) depends on the dielec-
tric profiles. For the small-variation profiles and the
linearly-decreasing profile, we choose εs(x) = εb and
εs(x) = ε2(x), respectively. Where ε2(x) is the average
of ε2(x). For the abruptly-changing profile, we tried
several forms of the modified reference vectors but their
performance are not satisfactory. For the other two pro-
files, reference vectors defined by (13) can reflect the
characteristics of the dielectric profiles, so we may ex-
pect the dominant terms determined this way are closer
to the dominant parts of the total field in the wavelet
domain. This can be observed from the discussions of
Fig. 2 and examples below. Moreover, the excitation-
based method can be applied along with the DWT or
the DWPT technique. In the results given in this sec-
tion, Figures 2–5 and Figures 6, 7 are computed via the
DWT and the DWPT, respectively.

In Fig. 2, the normalized wavelet domain coef-
ficients, x̃, b̃ and b̃m, are compared for the small-
variation profile with εb = 10. The dotted, dashed and
solid lines stand for x̃, b̃ and b̃m, respectively. It is seen
that b̃ and b̃m are much different and b̃m is closer to x̃
than b̃ is. We can expect that the modified reference
vector (13) can give a more precise dominant-term (the
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Fig. 2 The normalized wavelet domain coefficients, x̃, b̃ and
b̃m, for the small-variation profile with N = 128, A = 0.1 and
εb = 10.

peaks in Fig. 2) prediction.
Besides, according to our experience, the profiles

of wavelet coefficients (the energy distribution) move
toward to the small scale region as εb increase from 1
to 10. The reason is that a high dielectric constant will
result in a small equivalent wavelength in the space do-
main, which is corresponding to small scale coefficients
in the wavelet domain. In addition, the wavelet coef-
ficients are negligible in the small scale region. After
extracting the dominant components in the large scale
part, we obtain a smaller matrix equation. Note that
the wavelet scale decreases as the number labeled on
the horizontal axis increases in Fig. 2.

Figure 3 illustrates the variation of compression
ratio ρ with respect to the relative error Eerr for ε1(x)
with εb = 10 of various N = 256, 512 and 1024. Fig-
ures 3(a) and (b) are the results for b and bm, re-
spectively. It is seen that the compression ratio are
improved if bm is used as reference vector. A sharp
change of relative error nearby 20% < ρ < 30% is
also discovered in Fig. 3. It can be explained from
Fig. 2: Almost half of the wavelet coefficients are near
zero, hence its corresponding compression ratio is about
ρ = (N/2)2

N2 × 100 = 25%. It gives an estimation of the
upper bound of the compression ratio for this method,
when the relative error is not too large.

The curves of the compression ratio ρ of matrix
[Z̃] for the linearly-decreasing profile ε2(x) are shown
in Fig. 4. Only the results using the reference vector
b are illustrated because the results of bm are similar.
The compression ratio for different discretization size
N = 128, 512 and 2048 are compared. Here we also see
that the relative error rises as N increases. It is noted
that the curves of compression ratio do not change too
much when N changes. This means that there is no sig-
nificant improvement of the compression ratio for large
N , and this will be not useful for large N of dielectric

Fig. 3 Relative error versus the compression ratio of MoM
matrices. Cases shown are for the small-variation profile with
εb = 10 of various N = 128, 512 and 1024. (a) Using b (b) using
bm.

Fig. 4 Relative error versus the compression ratio of MoM ma-
trices. Cases shown are for the linearly-decreasing profile of var-
ious problem size N = 128, 512 and 2048.
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Fig. 5 Relative error versus the compression ratio of MoM ma-
trices. Cases shown are for the abruptly-changing profile of var-
ious problem size, N = 128, 256 and 512.

slabs.
For the abruptly-changing profile ε3(x), the curves

of compression ratio ρ of matrix [Z̃] for N = 128, 256
and 512 are shown in Fig. 5. There is no significant
difference as for the case of ε1(x). For larger N , the
relative errors are smaller before the abrupt turning
points. It also shows that at least 25% compression
ratio can be achieved as in Figs. 3 and 4.

Similar experiments were also carried out by using
the DWPT. If b is used, only one packet tree has to
be determined for each N . Various profiles can use the
same result without researching the packet tree again.
On the other hand, if bm is utilized, we have to search
the packet tree for each N and different dielectric pro-
file.

The DWPT trees for both b and bm of N = 128
in the case of linearly-decreasing profile are shown in
Fig. 6, where εs = 5.5 is chosen for bm. Both of them do
not level off until the decomposition procedures reach
the final level. The packet tree of b branches more than
that of bm does, because b contains less information. In
general, a tree with many branches implies an ineffec-
tive decomposition.

The curves of compression ratio for the linearly-
decreasing profile by using reference vector b and bm

for matrices of N = 128 and 256 are shown in Fig. 7.
The results of modified reference vector bm are better
than those of b. Contrary to the trend in Figs. 3, 4
and 5, the compression ratio of matrices are not im-
proved when N increases. This can be explained as
follows: The number of branches of the packet trees of
b and bm increases with N . More tree branches means
that there is no important information in the reference
vectors. Extra branches can generate more errors in re-
ducing the matrix equation after the packet tree being
constructed. This makes the compression ratio worse.

From the point of view of matrix compression, the

Fig. 6 Packet trees referred to the vectors b and bm. Cases
are shown for N = 128 and εs(x) = 5.5 for bm.

Fig. 7 Relative error versus the compression ratio of MoM
matrix. Cases shown are for the linearly-decreasing profile of
N = 128 and 256 by using the excitation-based method with
DWPT.

excitation-based method can produce satisfactory re-
sults to some degrees for this kind of problems. But it
is not good if a more precise result as well as a smaller
compression ratio are requested. Noted from the above
examples, the compression ratio is not easy to reach
20% even when the relative error is over 10%. Since
only one excitation vector is used, it can not contain
too much physical information to predict the domi-
nant terms [6], [9]. Moreover, while reducing the MoM
matrix, the elements which contain the interaction be-
tween different scales are deleted. The deletion of these
elements may lead to inaccurate results. On the con-
trary, [Z]-matrix-based algorithm retains all scales in
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Fig. 8 The original MoM matrix of (a)the linearly-decreasing
profile, (b) the abruptly-changing profile.

the wavelet domain and thus the interaction between
different scales are preserved. Better compression ratio
can be obtained even a small Eerr is requested. Hence,
the results in the next subsection will compare the com-
pression ratio for a much smaller fixed Eerr with various
N .

4.2 [Z]-matrix-Based Algorithms and Hybrid Meth-
ods

In this subsection, the [Z]-matrix-based methods are
discussed. To study the relationship between the ma-
trix size N and the matrix sparsity for a fixed solu-
tion accuracy, we computed the case of the linearly-
decreasing profile ε2(x) and the abruptly-changing pro-
file ε3(x) with an increasing size, with the element
threshold adjusted to maintain a relative error Eerr =
(1±0.02)%. The discretization density is kept at λo/32,
and the results obtained by using the DWT, the DWPT
and the hybrid method are all used and compared. The
case of ε1(x) is not considered because it is similar to
the results of ε2(x).

Figure 8 shows the magnitude of the elements
of original MoM [Z] matrices of ε2(x) and ε3(x) for
N = 512. It is seen that the MoM matrices contain
the information of the dielectric constant distribution,
and are nonsymmetric. The packet trees of expan-

Fig. 9 The packet trees by searching within columns and rows
of the MoM matrix. Cases are shown for the linearly-decreasing
profile of various N = 128, 256 and 512.

sion functions and testing functions by dealing with the
rows and columns of these two matrices with N = 128,
256 and 512 are shown in Figs. 9 and 10 for ε2(x) and
ε3(x), respectively. As the figures indicate, the trees ob-
tained from rows (row tree, left column in Figs. 9 and
10) branch out only three levels and identical to the
first three levels of the standard DWT; while for the
trees corresponding to the columns (column tree, right
column in Figs. 9 and 10), the branch can not level off
until the final level, and note that first four levels of de-
composition in both cases are identical to the DWT re-
sults. We expect that the additional sparsity obtained
in DWPT comes from decomposition levels larger than
four. Furthermore, the difference between the row tree
and the column tree can be explained by investigat-
ing the elements of the [Z] matrix in Fig. 8. The row
elements of the MoM matrices vary with the spatial
distribution of the dielectric constant, hence the rows
contain more information and the related branches level
off quickly. Note that it does not imply that less de-
composition levels of packet tree will result in a superior
matrix compression ratio.

Figures 11 and 12 illustrate the sparseness struc-
tures of the transformed MoM matrices of ε2(x) and
ε3(x) by using the DWT, the DWPT based on the
excitation vector, the DWPT based on the row tree,



LEOU et al: APPLICATION OF WAVELETS TO SCATTERING PROBLEMS OF INHOMOGENEOUS DIELECTRIC SLABS
1673

Fig. 10 The packet trees by searching within columns and rows
of the MoM matrix. Cases are shown for the abruptly-changing
profile of various N = 128, 256 and 512.

the DWPT based on the column tree, and the DWPT
based on the column-and-row tree for N = 512 with
Eerr = (1 ± 0.02)%. The vertical and horizontal fin-
gers around power of 2 (e.g. 256 and 512) are due to
the periodic nature of the wavelet basis, and different
packet bases applied to the rows and columns of MoM
matrices result in different sparseness structures of the
transformed matrices. The major difference between
the sparseness structures of these methods are in the
large-scale region (left-upper region). It is correspond-
ing to the lower decomposition level. Which kind of
packet bases are better to sparsify the MoM matrices
are examined below.

The results of compression ratio versus the prob-
lem size for the linearly-decreasing profile are presented
in Fig. 13. All methods mentioned in last paragraph are
applied and compared. It is seen that DWT-produced
sparsities (dotted line) level off faster than the oth-
ers for large N , and the DWPT based on the column
tree (dotted line with circle) are superior among these
method. It can be explained as follows: As we men-
tioned previously, less tree decomposition level does not
imply a sparser matrix for a given Eerr, because more
decompositions will result in more complete basis func-
tions. Hence, the results of the DWPT based on the

Fig. 11 The transformed moment matrices of the linearly-
decreasing profile with N = 512 after thresholding procedure
using (a) the DWT, (b) the DWPT based on the excitation tree,
(c) the DWPT based on the row tree, (d) the DWPT based on
the column tree, and (e) the DWPT based on the column-row
tree.

column tree are better than others. In addition, packet
tree selection based on the excitation vector is also a
good choice to sparsify the MoM matrix (dashdot line)
owing to the small cost for packet tree selection.

Figure 14 presents the sparsity for the abruptly-
changing profile. Here we see that the results based
on the row tree are worse than the others, because the
total field distribution of this case is more complicated
than the results of ε2(x), and the decomposition level
of the row tree is not enough to approximate the total
filed in the slab region.

Figures 15 and 16 compare the CPU times re-
quired for a single matrix-vector multiplication (MVM)
as a function of N , using the DWT and the DWPT
based on both the [Z]-matrix-based methods and the
hybrid method. The results of the original dense ma-
trix are also plotted for reference (dotted line). All the
computation was performed on a pentium II 300 MHz
PC with 256 MB RAM using MATLAB and a fixed
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Fig. 12 The transformed moment matrices of the abruptly-
changing profile with N = 512 after thresholding procedure using
(a) the DWT, (b) the DWPT based on the excitation tree, (c)
the DWPT based on the row tree, (d) the DWPT based on the
column tree, and (e) the DWPT based on the column-row tree.

Eerr = (1 ± 0.02)%. It is clear that the solution of the
sparse matrix equation obtained by wavelet transform
is faster than that of the original dense matrix equa-
tion. According to these two figures, the slope for the
DWT algorithm is larger than the slope for the DWPT-
based algorithms, hence the time cost of MVM will be
less for large N . Note that here we did not include
the CPU time required for matrix transformation and
packet tree selection. These procedures may introduce
significant burdens for systems with only one excitation
or small N .

5. Conclusions

The wavelet algorithms have been applied to the one-
dimensional dielectric scattering problems. As we ex-
pected, applying the DWT or the DWPT algorithms to
the excitation-based method or the [Z]-matrix-based
method lead to sparse matrix equations, which have
the merits of saving memory and speeding up the so-

Fig. 13 The compression ratio of the transformed MoM matrix
of ε2(x) after thresholding (Eerr = (1± 0.02)%) as a function of
the problem size using (a) the DWT, (b) the DWPT based on
excitation tree, (c) the DWPT based on the row tree, (d) the
DWPT based on the column tree, and (e) the DWPT based on
the column and row tree.

Fig. 14 The compression ratio in the transformed MoM matrix
of ε3(x) after thresholding (Eerr = (1± 0.02)%) as a function of
the problem size using (a) the DWT, (b) the DWPT based on
excitation tree, (c) the DWPT based on the row tree, (d) the
DWPT based on the column tree, and (e) the DWPT based on
the column-row tree.

lution. If we want to obtain a better compression ra-
tio of the matrix by the excitaion methods, a modi-
fied reference vector should be used. Besides, because
there are no much high frequency components of the
field in the dielectric region, the wavelet coefficients of
the small scales components (corresponding to the high
frequency components) are very small and negligible.
However, it is not good if a more precise result as well
as a smaller compression ratio are required simultane-
ously, since while reducing the MoM matrix, the ele-
ments which contain the interaction between different
scales are deleted, and the deletion of these elements
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Fig. 15 CPU time required to implement the matrix-vector
multiplication (MVM) as a function of problem size N . The
MoM matrices corresponding to the linearly-decreasing profile
are used.

Fig. 16 CPU time required to implement the matrix-vector
multiplication (MVM) as a function of problem size N . The MoM
matrices corresponding to the abruptly-changing profile are used.

may lead to inaccurate results. Hence, it is inferior to
the [Z]-matrix-based method.

On the other hand, the [Z]-matrix-based method
gives better results of sparsity because the interaction
between different scales are preserved. The cost is the
additional computation time. Among these methods, if
the DWPT-based methods are applied, the column tree
will give a better basis transform owing to their com-
pleteness of decomposition. The cost of a matrix-vector
multiplication for the wavelet-domain sparse matrix is
reduced by a factor of 10, compared with that of the
original dense matrix. Thus, for large N problems, the
wavelet domain methods can be advantageous.

Of course, it is even better if we can create a
sparse coefficient matrix without the similarity trans-
form. Some studies in this direction is in progress, and

hopefully will be reported soon.
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