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Abstract

In this paper, the source inversion related method (SIRM) and subspace-based optimization

method (SOM) to reconstruct the shape and dielectric constant of the rough surface are investigated.

The reconstruction of rough surface has been achieved by buried object approach (BOA), which

considers the roughness as a series of objects located alternately on both sides of a planar interface

between two half space. By calculating the dielectric constant of these buried objects, we can

reconstruct the shape of rough surface through the application of the integral equations and the

measured scattered field. The inverse scattering problem is transformed into an optimization problem

by SIRM and SOM techniques respectively and solved by self-adaptive dynamic differential evolution

(SADDE). Simulation results show that both SIRM and SOM methods can get good results by

SADDE algorithms. Simulation results also show that the convergence for SOM is better than that for

SIRM.

Key Words: Rough Surface, Self-adaptive Dynamic Differential Evolution (SADDE), Subspace-based
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1. Introduction

The inverse scattering problem has attracted more

attention over the last decades due to its widespread ap-

plication in archaeology, geophysics civil engineering,

biomedical monitoring, and nondestructive testing. It

aims at the characterization of electromagnetic proper-

ties by utilizing measured scattered fields without dest-

ruction. Creating images based on the dielectric constant

of the object at the microwave frequencies is of increas-

ing interest due to the potential for new and valuable in-

formation. The nonionizing and potentially low cost as-

pects of microwave imaging are also appealing. We can

evaluate the properties of the rough surface material with-

out causing damage, since using the microwave detec-

tion does not permanently alter the material being in-

spected. Microwave inspection can also determine the

flow or detect the defects inside the object. It is a highly

valuable technique that can save money and time.

In the past two decades, rough surface scattering has

been intensive studied [1�9]. The microwave imaging

for the rough surface has also been investigated in re-

cently ten years [10�14]. A method to reconstruct the

rough surface by buried object approach (BOA) and con-

trast source inversion (CSI) [15,16] has been proposed.

BOA considers a rough surface as a series of objects bur-

ied in the half space [17]. On the other hand, a subspace-

based optimization method (SOM) for inverse scattering

has been reported in [18,19]. The SADDE has been widely

applied to the electromagnetic optimization problems

such as antennas and filters, and is better than the dy-

namic differential evolution (DDE) [20]. Some applica-

tions of SADDE on the inverse scattering have been pub-

lished during these years [21,22]. However, the recon-

Journal of Applied Science and Engineering, Vol. 21, No. 3, pp. 305�315 (2018) DOI: 10.6180/jase.201809_21(3).0002

*Corresponding author. E-mail: chiu@ee.tku.edu.tw



struction for the rough surface has not been reported yet

by SADDE. Moreover, there are only two different per-

mittivities for the rough surface which are modeled as

the buried objects on the planer surface. In other words,

the buried objects have only two possible value of per-

mittivities instead of inhomogeneous permittivity distri-

bution. An integer self-adaptive dynamic differential evo-

lution (ISADDE) is proposed to find a better reconstruc-

tion image. ISADDE is a new approach to find the cor-

rect dielectric constant distribution more efficiently. It

reduces a lot of reconstruction time for rough surface.

We will use SADDE algorithm combined with contrast

source inversion or the subspace-based optimization me-

thod to reconstruct the rough surface. To the best of our

knowledge, there are no comparison of SIRM and SOM

methods by self-adaptive dynamic differential evolution

for the rough surface imaging.

This paper focuses on the reconstruction of rough

surface by using the SADDE with SIRM or SOM respec-

tively. The reconstruction accuracy and speed of the rough

surface by the two inversion methods are compared.

Moreover, the anti-noise ability of these two methods are

also investigated. In section 2, the theoretical formula-

tion is presented. The inverse scattering problems for

SIRM and SOM are formulated in section 3. Section 4

gives numerical results of the proposed inverse problems.

The conclusion is given in section 5.

2. Theoretical Formulation

Let us consider a rough space, as shown in Figure 1.

The dielectric constants and conductivity in the region 1

and region 2 are (�1, �1) and (�2, �2) respectively. The

permeability in each region is set to �0 (the permeability

of the free space). It means only the non-magnetic mate-

rial is considered. In the paper, buried object approach is

used to calculate the scattered fields for the direct and in-

verse problem. This approach considers the roughness as

a series of objects located alternately on both side of a

planar interface between two half spaces. As a result, the

objects can be regarded as 2-dimensional scatterers. In

other words, the scatterers extend indefinitely in the z-

axis direction, the properties of the objects vary only

with the x and y coordinates, independent of the z axis.

Suppose the incident wave with the ejwt of the time har-

monic, and set the radio field parallel to the z-axis of a

uniform plane wave, i.e. TM (transverse magnetic) [23]

polarized wave
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0 . Ei is the incident electric field

with an incident angle of �, and the electric field distribu-

tion is represented by
�
Ei when the object does not exist

in space,
�
Ei can be expressed as

E r E x y zi i( ) ( , ) �
�

(1)

where

(2)

The first term in E1 (x, y) is the so-called incident

field Einc. If region 1 and region 2 are lossless media, then

�1 and �2 respectively represent the incident angle and

refraction angle; if region 1 and region 2 are lossy me-

dium, then �1 and �2 are complex numbers, and the wave

form will be very complicated, its propagation direction

and attenuation direction is not the same. The total elec-
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Figure 1. Two-dimensional rough surface in half space.



tric field at any point in space can be expressed

E x y
E x y E x y y a

E x y E x y y a
t

s

s

( , )
( , ) ( , ),

( , ) ( , ),
�

� � �

� � �

�
�

1

2�
(3)

where Es (x, y) is the scattering field.

According to BOA, we treat the rough surface as two

objects D1 and D2 buried in the half-space and follow

the concept of equivalent induction source, the scatter-

ing electric field can be expressed as

E x y
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where G1 (x, y; x�,y�) and G2 (x, y; x�, y�) are two-dimen-

sional half-space Green’s functions which can be ex-

pressed as the following integral form

(i) Green’s function for the line source in the region 1
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where, � �i ik2 2 2� � , i = 1, 2, Im(�i) � 0, y� < �a.

(ii) Green’s function for the line source in the region 2
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where, � �i ik2 2 2� � , i = 1, 2, Im(�i) � 0, y� > �a.

The function �1 (x�, y�) and �2 (x�, y�) are the contrast

functions related to object and is defined by
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Note that the contrast function is zero outside the ob-

ject. Next, we solve the total field by the following equa-

tion

� � � � � � � ���E x y k G x y x y E x y dx dyi t
D
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(8)

For the direct problem, the scattering fields inside the

D1 and D2 can be first solved by equation (8). Then the

scattered field outside the D1 and D2 can be found by

equation (4).

When solving the inverse scattering problem by nu-

merical methods, the equations (4) and (8) are transformed

into a matrix form by the moment methods. First, we di-

vide the dielectric object D1 and D2 into N1 and N2 small

enough areas respectively, which must be small enough

that the electric field and permittivity of each zone can be

regarded as constant. Then we use the pulse function as

the base function and the impulse function as the test

function in the point matching method. The integral equ-

ation (8) is transformed to a matrix equation as follows:

�(Ei) = ([LA][�] – I)(Et) (9)

where (Ei) and (Et) are (N1 + N2) vectors. [LA] is a (N1 +

N2) � (N1 + N2) matrix, [�] and [I] are the (N1 + N2) � (N1

+ N2) diagonal matrix and identity matrix, respectively.

Similarly, the equation (4) can be transform into the fol-

lowing matrix:

(Es) = ([LB][�](Et), y < �a (10)
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where (Es) is a M-element vector, [LB] is a M � (N1 + N2)

matrix. M is the number of the measurement points. For

the direct problem, gives the [�] matrix, we can calcu-

late the total field by equation (9) and then calculate the

scattered field by equation (10) as follows:

( ) [ ][ ]([ ] [ ][ ]) ( )E L I L Es

cal

B A i� � �� � 1 (11)

3. Inverse Scattering

3.1 SIRM

Source inversion related method (SIRM) uses the

equation (8) to obtain the total field by guessing the dis-

tribution of the permittivity of the rough surface, and

then calculates the scattering field by equation (4). To get

the best overall solution, the objective function is de-

fined as:

OF
M

E r E r

E

s m s

cal

mm

M

s

1
1 2

1
� ��
�
�

�� exp

ex

( ) ( )
� �

p
( )
�
rm

2

1

2�
�
 

(12)

where M is the number of measuring points, E rs

cal

m( )
�

is

the scattering field calculated by the optimization rule,

and E rs m

exp
( )
�

is the measured scattering field.

3.2 SOM

In [24], a subspace-based algorithm is proposed. The

subspace-based algorithm decomposes the induced cur-

rents into two orthogonally complementary parts: the de-

terministic part and the ambiguous part. However the de-

terministic and ambiguous parts of the induced current

are different from the physical radiating and non-radiat-

ing currents as in [25]. Subspace-based algorithm studies

the relationship between the induced current to scatter-

ing field and the SVD for the matrix [LB]. The matrix

[LB] can be expressed as by SVD transform [LB] =

[U][W][V*]. Where [U] is the M � M orthogonal matrix.

[V*] is the complex-conjugate and transpose matrix of

[V] with the size (N1 + N2) � (N1 + N2). [W] is the M � (N1

+ N2) diagonal matrix.

The matrix [W] consists of singular value of the ma-

trix [LB]. It is found that a part of the induced current is

proportional to the first L column vector of the right ma-

trix [V] generated by the SVD of thematrix [LB] [26].

Therefore, the induce current (Id) = [�](Et) can be ex-

pressed as (Id) = [V](�). The induced current (Id) can be

decomposed into the deterministic part (Is) which is in

the span of the right singular vectors corresponding to

the first L leading singular values, and the ambiguous

part (In) which is retrieved by optimization. The deter-

ministic part of the induced current provides good initial

guesses in inverse scattering and the ambiguous part are

optimized by the optimization algorithm to find the solu-

tion. After the subspace-based decision, the (Is) is calcu-

lated first, according to

(Id) = (Is) + (In) (13)

Alternatively,

(Id) = [V s](�s) + [V n](�n) (14)

where V s is the signal subspace that contains the first L

columns of V. V n is the noise subspace composed of the

last M � L columns of V.

We can find

� j

s j s

j

U E

w
j L�

!
�

*

, ...1 (15)

where wj is the j-th diagonal value of the matrix [W]. L

is the total number of singular values that are above a

predefined noise-dependent threshold. L serves as a re-

gularization parameter. The choice of L is a consecutive

range rather than a single value which makes the sub-

space-based algorithm more robust against noise than

the contemporary methods. By the graph of the singular

value wj with the log scale, wecan make appropriate ju-

dgments to choose L. The method of choosing L is men-

tioned in [27].

When L has been chosen, also represents the sub-

space-based decision, then (I s) is determined from (12)

and (15) and the field equation error can be defined as:

" fie

B

n n

B

s

sL V L I E� ! ! � ! �[ ] [ ] ( ) [ ] ( )
exp�

2

(16)

where Es

exp
is the measured scattered field. From (9), the

following can be obtained:

(I d) = [�](Et) = [�]{(Ei) + [LA] (I d)} (17)
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The substitution of (Id) = (Is) + [Vn](�n) into the above

equation, and then �n satisfies the following equations:

[A] ! (�n) = (B) (18)

where [A] = [Vn] – [�][LA][Vn] and (B) = [�]{(Ei) +

[LA](Is)} – (Is).

Then the least squares method is used to calculate

the optimal solution of �n:

(�n) = ([A*] ! [A])�1 ! ([A*] ! (B)) (19)

The calculated �n must satisfy the integral equation, so

the state equation error can be defined as:

"sta = |[A] ! (�n) – (B)|2 (20)

Finally, the total errors can be expressedas:

"
" "tot

fie

s

sta

s
E I

� �
exp

2 2
(21)

where "tot is the field equation error plus the state equa-

tion error, so the objective function is defined as:

OF f tot

p

Ni2 1 2 1 2

1
� �

��( ) ( / ) ( ) /� " (22)

where Ni is number of incident waves.

It is worth mentioning here that the objective func-

tion of the subspace algorithm is different as that of

SIRM. However, both algorithms are determined by sat-

isfying both the field equation and the state equation.

The difference is that the SIRM is derived from the state

equation and satisfies the field equation. Subspace algo-

rithm is the opposite, first derived from the field equa-

tion, and then met the state equation requirement.

3.3 SADDE

The self-adaptive dynamic differential evolution

(SADDE) is an extension of the differential evolution.

Differential evolution (DE) is a parallel multi-point di-

rect search optimization method proposed by K. Price

and R. Storn in 1995 to solve the Chebyshev polynomial

fitting problem [28]. The SADDE is to treat each solu-

tion as a parameter vector by randomly selecting the vec-

tor difference of each set of parameters and multiplying

it by an inertial weighting factor to add to the current best

solution to produce a perturbation vector, to disturb the

current search to the best solution, in order to avoid the

problem into the regional extreme. The possible solutions

are generated by mating, which may be preserved de-

pending on whether the objective function performance

ratio of the possible solution is superior to the old solu-

tion. Where the self-adaptation is introduced into the pa-

rameters so that the parameters can be self-adjusted and

the newly generated parameter vector must be compared

to the best parameter vector if the newly generated pa-

rameter vector is superior to the best parameter vector.

The newly generated parameter vector is selected as the

best parameter vector, so the groups in the SADDE are

also updated dynamically. Some examples of application

is proposed [29,30]. The above SADDE algorithm treats

the buried object as the inhomogeneous object to search

the solution. Although the buried object approach mod-

els the roughness as finite number of buried homogenous

objects.

Moreover, there are only two different permittivities

for the upper and lower half spaces. As a result, the inte-

ger SADDE is proposed to find the suitable solution. The

distribution of the permittivities for the buried objects is

regard as the bit value “1" or ”0". The bit value “1" or ”0"

represents the permittivity �1 and �2 respectively. The ini-

tial distribution is randomly generated and the mutation

process as follows:

( )

( ) [( ) ( ) ] [( ) ( ) ]

V

X X X X X

j

k

i

j

k

i best

k

i j

k

i m

k

i n

k

i

� �

# # # #

1

(23)

where “#” is exclusive or (XOR) operation. Vj

k� 1 is the

trial parameter vector for the (k+1)-th generation. X j

k is

the parameter vector of k-th generation and X best

k is the

best parameter vector. X m

k and X n

k are two randomly se-

lected parameter vectors. Then, during the process of mat-

ing and selection, the advantages of the original SADDE

are retained, and the efficiency can be greatly improved

for searching the correct dielectric constant distribution.

4. Numerical Results

Some numerical examples are given to compare SIRM
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and SOM methods to reconstruct the simple rough sur-

face by SADDE. The reconstruction ability and robust-

ness of the two algorithm are compared. Moreover, the

sensitivities of these algorithms to the noise is also inves-

tigated by the numerical simulation. First we consider a

plane wave with an amplitude of 1 incident from region 1

to the rough surface, as shown in Figure 1. The frequ-

ency of the incident wave was selected to be 1 GHz, i.e.,

the wavelength was 0.3 m. We consider that the rough

surface consists of a lossless medium, i.e. �1 = �2 = 0.

The media in region 1 is air, i.e., �1 = 8.85 � 10-12 S/m. In

the words, the upper half-space is assumed to be a free

space. The dielectric constant in region 2 is �2 = 2.56�1.

Note that the regions in D1 and D2 are treated as two bur-

ied objects by the BOA method. In the experiment, the

upper and lower bounds for �1 is from 1 to 1.8, and is

from 1.9 to 2.8 for �2. The number of iterations is set to be

500 for SADDE. In the numerical simulation, we define

the relative square root error rate of the dielectric coeffi-

cient distribution as the following:

err ii

N

i

exect

i

N� $
%&

'
()� �� �"� �

2

1

2

1

1

2
(24)

where � i

exact is the correct value of the dielectric coeffi-

cient of the i-th small area, and the "�i is the difference

between the reconstructed value and the correct value.

In the first example, two square shape rough surface

divided by two 2�2 cells is presented. The population

size for SADDE is 100. Three different incident waves,

with incident angles 45*, 90*, and 135* are used. The

measurement points are distributed with equally spaced

from X = -0.23 m to X = 0.19 m, with the line Y = -2m.

There are 8 measurement points in the direction of the in-

cident wave, so there are total 24 measurement points in

each simulation. With the SOM, after several experimen-

tal data, the best value of parameter L is selected as 7.

Figure 2 is the original shape and dielectric constant dis-

tribution. Figure 3 is the reconstruction result with SIRM.

Figure 4 is the reconstruction result with SOM. Based on

the above results, it is found that the reconstructed re-

sults of the rough surface are good and the relative errors

are both less than 1%. Next, we change the dielectric dis-

tribution, as shown in Figure 5. Reconstruction results

by SIRM are shown in Figure 6. SOM reconstruction re-

sults are plotted in Figure 7. The relative error values are

both less than 1%. The related errors versus the number

of generation are depicted in the Figure 8. It is clear that

the convergence for SOM is better than that for SIRM.

Next the effect of noise on the reconstructed image is dis-

cussed. Different level of Gaussian noise in the measure-

ment scattering field are added in the scattered fields.

Five different levels of 0.001%, 0.01%, 0.1%, 1%, 5%

noise are used for simulation. The reconstructed errors

for SIRM and SOM are shown in Figure 9. It is seen the

results for SIRM is better than those for SOM.
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Figure 2. Original shapes for two 2�2 cells.

Figure 3. Reconstructed shapes by SIRM.



In the second example, two square shape rough sur-

face divided by one 4�4 cells and one 3�3 cells is pre-

sented. The population size for SADDE is 150. Three

different incident waves, with incident angles 45*, 90*,
and 135* are used. The measurement points are distrib-

uted with equally spaced from X = -0.35 m to X = 0.31

m, with the line Y = -2m. There are 12 measurement po-

ints in the direction of the incident wave, so there are to-

tal 36 measurement points in each simulation. With the

SOM, after several experimental data, the best value of

parameter L is selected as 7. Figure 10 is the original

shape and dielectric constant distribution. Figure 11 is

the reconstruction result with SIRM. Figure 12 is the re-

construction result with SOM. Based on the above re-

sults, it is found that the reconstructed shapes of the

rough surface are good and the relative error values are

both about 3%. The related errors versus the number of

generation are shown in the Figure 13. It is seen that the

convergence generation is about 100 and 150 for SOM

and SIRM respectively. Next the effect of noise on the

reconstructed image is also discussed. Different level of

Gaussian noise in the measurement scattering field are
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Figure 6. Reconstructed the non-uniform shapes by SIRM.

Figure 7. Reconstructed the non-uniform shapes by SOM.



added in the scattered fields. Five different levels of

0.001%, 0.01%, 0.1%, 1%, 5% noise are used for simula-

tion. The reconstructed errors for SIRM and SOM are

shown in Figure 14. It is seen the results for SIRM is

better than those for SOM.

5. Conclusion

In this paper, the problem of reconstructing the rough

surface is studied. By using the concept of buried object

approach, the complex medium with the rough part can

be regarded as a series of objects buried in the flat half

space. In order to explore the shape of the unknown

rough surface, we emit the electromagnetic waves to the

surface and record the scattered electromagnetic waves.

According to measured scattering fields and the equiva-

lent current concept, a set of nonlinear integral equation

and scattering field formula can be derived. In the in-

verse scattering, the self-adaptive dynamic difference

evolution (SADDE) and the integer self-adaptive dyna-

mic difference evolution (ISADDE) is used to reconst-

ruct the imaging with the algorithm of source inversion

related method (SIRM) and subspace-based optimiza-
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Figure 8. Related errors versus the number of generation.

Figure 9. Reactive errors for different noise levels.

Figure 10. Original shapes for one 4�4 cells and one 3�3 cell.

Figure 11. Reconstructed shapes by SIRM.



tion method (SOM), respectively.

In the numerical results, both SIRM and SOM with

SADDE can reconstruct the shape and the permittivity of

the rough surface. It is found that the ISADDE is very ro-

bust and effective to reconstruct the rough surface. We

will focus on more complex surface such as periodic and

irregular cutting surface, rather than the simples flat sur-

face in the future.
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