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Abstract. The reconstruction of electromagnetic parameters of the groove scattering is

widely applied in the military and engineering fields. However, the inherent nonlin-

earity and ill-posed nature of the problem bring a big challenge to reconstruction. To

over the difficulty, we develop a real-valued convolutional neural network (RV-CNN)

and a complex-valued convolutional neural network (CV-CNN) to reconstruct the elec-

tromagnetic parameters of the open groove with impedance boundary. First the scat-

tered field data of the open groove is obtained using the Petrov-Galerkin finite element

interface method. Then, the RV-CNN separately extracts the magnitude and phase of

the scattered field data, and introduces them as independent input channels into the

network architecture, with the ELU activation function selected to align with the char-

acteristics of the phase data. In contrast, the CV-CNN directly takes the complex-valued

scattered field data as input channels and performs optimization derivation based on

a complex-valued loss function. This approach not only accelerates the convergence

speed of the model but also enhances the overall reconstruction capability. Numerical

experimental results demonstrate that both RV-CNN and CV-CNN can achieve accurate

reconstruction results with a smaller volume of training data and reflect good general-

ization performance for the reconstruction of electromagnetic parameters of the open

groove filled with homogeneous and inhomogeneous media under impedance boundary.
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1. Introduction

The problem of reconstruction of electromagnetic parameters of open grooves refers to

the process in which one or more columns of electromagnetic waves irradiate open grooves

and produce scattering, and the physical properties of the open grooves are investigated

by means of the measuring the scattered fields of the grooves. Open grooves widely exist

in military targets such as aircraft air intakes, tail vents and holes in metal surfaces, which

are usually strong scattering sources. Regarding the electromagnetic scattering problems

of cavities with various configurations, some research achievements have been made, in-

cluding open rectangular grooves with large wave numbers [33], multiple grooves [12],

and arbitrarily shaped grooves filled with inhomogeneous and anisotropic media [34]. To

reduce the radar cross-section (RCS) of aircraft, it is necessary to coat its surface with wave-

absorbing materials. When the absorbing material is very thin, it can exhibit characteristics

of impedance boundary conditions, allowing the electromagnetic waves to effectively match

the surface of the material, thereby reducing reflection and enhancing absorption. Conse-

quently, the reconstruction of the electromagnetic parameters of open slots has attracted

increasing attention from researchers. However, the obvious diffraction and multiple scat-

tering effects of electromagnetic waves cause strong nonlinear characteristics and ill-posed

property.

To overcome these difficulties, traditional methods such as the linear sampling method,

integral equation method, Newton iteration method, factorization method, and so on, have

been studied by many scholars. Tan and Zhu [22] proposed two numerical optimization al-

gorithms based on distributed shape gradients to address the shape reconstruction problem

with nonlinear elliptic interface constraints. The mathematical inversion algorithm enables

the reconstruction of both the cavity geometry and boundary impedance [8] and the regu-

larized Newton iteration method has been applied to the boundary reconstruction task [13].

For the inverse scattering problems of obstacles and the internal inverse scattering problems

of cavities, the improved sampling methods have been proven to be effective in handling

them [14]. Additionally, the linear sampling method demonstrates applicability to the in-

verse scattering problem of three-dimensional inhomogeneous medium cavities [29]. Meng

et al. [16] transformed the inverse problem into a nonlinear undefined system of equations

to probe the geometry of the groove by measuring the internal curves of the penetrable

groove using the regularized Newton iterative method. In addition to the aforementioned

methods, the factorization method can also be employed for the reconstruction of cracks

outside penetrable cavities with mixed boundary conditions [7], and its effectiveness in

reconstructing internal interfaces has been proved in [20]. Traditional numerical meth-

ods such as the linear sampling method and factorization method can obtain numerical

solutions with low time and space complexity through fast solution techniques for specific

integral equations, featuring high computational efficiency. However, their effectiveness

highly depends on full-view observation data, which often poses significant challenges in

practical engineering applications.

Neural networks with regression features have obtained good results in the research of

denoising, anti-convolution, interpolation and other problems, which make up for the short-
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comings of traditional methods and reduce the computational complexity, and are gradu-

ally applied to solve the electromagnetic inverse scattering. These networks can be broadly

categorized as ordinary deep neural networks, convolutional neural networks (CNNs) and

their derivative models, and personalized customized networks.

Wang et al. [24] applied a deep neural network (DNN) to solve the inverse scattering

problem for cylindrical media and was able to deal with highly oscillatory scattering pat-

terns to a certain extent. Li et al. [11] dealt with a highly nonlinear electromagnetic inverse

scattering problem in different frequency bands involving large-scale and high-contrast ob-

jects by putting the complex data in scattered field into a cascade model of DNNs and

a multilayered complex-valued residual convolutional neural network. Tian et al. [23]

applied CNNs to reconstruct the relative dielectric constants and positional information

of lossy media. Gao and Zhang [5] combined CNNs with sampling imaging schemes for

reconstruction under finite apertural networks or phase-less far-field data. Puzyrev [19]

used a deep fully convolutional neural network to highly accurately estimate subsurface

resistivity models. Further, CNN-derived models have also been applied in the field of elec-

tromagnetic backscattering. For example, the U-Net network constructed by adding data

compression units on top of CNNs can reconstruct the dielectric constant image by retaining

the features of both high-dimensional data and low-dimensional data [26]. End-to-end scal-

able cascaded convolutional neural networks (SC-CNNs) can obtain high-resolution images

directly from the scattered field [27]. Novel hybrid dilated convolutional neural network

(HDCNN) can quickly reconstruct electromagnetic parameters [25]. For the shape of the

scatterer, the fully connected neural network (FCNN) proposed by Gao [4] can be used

for reconstruction. Zhang et al. [30] utilizes complex convolutional neural networks to ac-

complish the classification of synthetic aperture radar (SAR) images. The AlexNet model

based on CNN can perform autonomous learning operations on the features of SAR im-

ages [6]. Furthermore, the first to incorporate physical factors into a deep learning frame-

work was Yin and Yan [28], who proposed the deep decomposition method (DDM). As the

first physics-aware machine learning approach for solving the inverse obstacle scattering

problem with limited aperture, DDM achieves promising reconstruction performance even

when both the incident and observation apertures are extremely restricted. Although the

contrast source network proposed by SwitchNet [21] can solve the electromagnetic inverse

scattering problem, its training process still remains data-driven at the core. However, Ning

et al. [17, 18] organically combine the direct sampling method (DSM) with deep learning

techniques (DSM-DL), where the U-Net neural network is utilized to process multi-channel

inputs, enabling high-quality reconstruction of scatterers from a data-driven perspective.

However, deep neural networks have not emerged significant advantages in the elec-

tromagnetic inverse scattering of open grooves. In this paper, two deep neural network

architectures based on convolutional neural networks are proposed for reconstructing elec-

tromagnetic parameters of open grooves with impedance boundary. RV-CNN reconstructs

the real-valued dielectric constant by processing the complex-valued data of the scattering

field into real-valued data and selecting the activation function individually according to the

data characteristics, while CV-CNN directly inputs the complex-valued data into the neural

network and extends the activation function, the loss function, and the back-propagation
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algorithm from the real-valued case to the complex-valued case for reconstructing the

complex-valued parameters. The scattered field data set of the impedance boundary groove

is obtained using the Petrov-Galerkin finite element interface method. The effect of the pro-

posed networks is validated by means of the experimental results, which show that both

RV-CNN and CV-CNN network architectures are capable of highly accurate reconstruction

of the relative permittivity of the media in open grooves with impedance boundary using

less training data. The proposed networks are demonstrated to have good generalization

performance for reconstructions of the electromagnetic parameters of the groove scattering

filled with homogeneous and inhomogeneous media with impedance boundary.

The paper is organized as follows. Section 2 describes the geometry model and scatter-

ing problem of open grooves with impedance boundary. In Section 3, we give the synthesis

method for CNN input data and develop the real-valued and complex-valued convolutional

neural network to reconstruct the electromagnetic parameters. Numerical experiments ver-

ify the reconstruction and generalization ability of the networks, experimental results and

model evaluation metrics in Section 4. Section 5 summarizes the main conclusions of this

paper.

2. Scattering from Open Grooves with Impedance Boundary

In this section, we derive the governing equation for scattering by overfilled cavities with

inhomogeneous anisotropic media in this section. Before investigating the reconstruction

of electromagnetic parameters in open grooves, it is necessary to obtain the scattered field

data for the groove. In this paper, we employ the Petrov-Galerkin finite element interface

method to solve the groove scattering problem with impedance boundary conditions and

present a specific method for synthesizing the scattered field data.

2.1. Groove with impedance boundary model

We consider a time-harmonic electromagnetic plane wave incident on an open groove

embedded in the impedance ground plane as shown in Fig. 1.

Figure 1: Groove geometry.
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The groove is filled with inhomogeneous isotropic or anisotropic media. A bound region

is denoted as Ω, which can be divided into two sub-regions Ω+ and Ω−, Γint represents the

interface of the internal media. S, Γ and Γ C are defined as the wall of groove, the aperture

of groove and the ground plane outside the aperture, respectively. We assume θ ∈ [0,π],

with free space R2
+ = {(x , y) ∈ R2| y > 0}, which is the region above the ground plane.

Considering a time-harmonic field with angular frequency ω and time dependence of

e−iωt . By combining Maxwell’s equations with the constitutive equation

∇× E= −µ0µr

∂H

∂ t
, ∇×H= ǫ0ǫr

∂ E

∂ t
,

where the relative permittivity and relative permeability are respectively

ǫr =

¨

ǫ
+

r
in Ω+,

ǫ
−

r in Ω−,
µr =

¨

µ
+

r
in Ω+,

µ
−

r in Ω−.

The dielectric constant of free space ǫ0 = 1/(36π) × 10−9F/m and magnetic perme-

ability µ0 = 4π × 10−7H/m. The electric field E = (Ex , Ey , Ez) and the magnetic field

H = (Hx , H y , Hz) are represented in component form. If the groove is filled with inho-

mogeneous anisotropic media, the relative permittivity ǫr and relative permeability µr are

expressed in tensor form as follows:

ǫ
±

r =







ǫ±11 ǫ±12 0

ǫ±21 ǫ±22 0

0 0 ǫ±
33





 , µ
±

r =







µ±11 µ±12 0

µ±21 µ±22 0

0 0 µ±
33





 .

In two-dimensional cases, E = ẑEz or H = ẑHz , the impedance boundary condition can be

expressed as follows:

Ez = ηZ0(nx H y − ny Hx ), Hz = −
1

ηZ0

(nx Ey − ny Ex ). (2.1)

Typically, the first case is referred to as transverse magnetic (TM) polarization, and the sec-

ond is referred to as transverse electric (TE) polarization. In the TM case, H is perpendicular

to the z-axis, and E is parallel to z-axis, denoted as E = ẑEz, H= x̂Hx + ŷH y .

We consider the time-harmonic field eiωt . According to Maxwell’s equations, we have

∂ Ez

∂ y
= −iωµ0

�

µ±11Hx +µ
±
12H y

�

,

∂ Ez

∂ x
= iωµ0

�

µ±
21

Hx +µ
±
22

H y

�

,

∂ H y

∂ x
− ∂ Hx

∂ y
= iωǫ0ǫ

±
33

Ez .

(2.2)
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Combining Eqs. (2.1) and (2.2), and letting u denote the third component of the vector E,

i.e. u = Ez, the impedance problem can be expressed in the following form [3]:

∇ · (γT M∇u) + k2
T M u= 0 in Ω∪ R2

+,

n · (γ+T M∇u)−σu = 0 in S ∪ Γ c ,

where

γ
±
T M =

�

µ±
11
µ±

21

µ±
12
µ±

22

�
�

�

�

�

�

�

µ±
11
µ±

21

µ±
12
µ±

22

�

�

�

�

�

, γT M =

¨

γ
+
T M in Ω+,

γ
−
T M in Ω−,

kT M =

¨

k+T M in Ω+,

k−T M in Ω−,

and k±T M = ω
2ǫ0µ0ǫ

±
33

. Additionally, σ = ik0/η is the impedance coefficient, where k0 =

ω
p
ǫ0µ0 is the wave number in free space.

We define the scattering field usca = u− uinc − ure f , uinc and ure f are the incident and

reflected electric fields, respectively. Let

uinc = eik0(x cosϑ−y sinϑ), ure f = Reik0(x cosϑ+y sinϑ),

where the reflection coefficient R = −(σ − ik0 sinϑ)/(σ + ik0 sinϑ). Hence, usca satisfies

the following system:

∆usca + k2
0
usca = 0 in R2

+
,

n · ∇usca −σusca = 0 on Γ c,

usca = u− g on Γ ,

where g = uinc + ure f . Additionally, the scattering filed satisfies the Sommerfeld radiation

condition

lim
r→∞
p

r

�

∂ usca

∂ r
− ik0usca

�

= 0.

By using the impedance Green’s function, the impedance-to-Dirichlet condition on the aper-

ture surface can be obtained

u(x) = g(x)−
∫

Γ

Gσ
�

x′,x
� �

n ·
�

γ+
T M
∇u(x′)
�

+σu(x′)
�

dx′, x ∈ Γ ,

thus transforming the unbounded domain problem into a problem confined within the

groove [31,32]. The problem reduce to the following equations:

∇ ·
�

γ
+
T M
∇u
�

+ k+
T M

2
u = 0 in Ω+,

∇ ·
�

γ
−
T M∇u
�

+ k−T M

2
u = 0 on Ω−,

n ·
�

γ
+
T M∇u
�

−σu = 0 on S,

u(x) = g(x)−
∫

Γ

Gσ
�

x′,x
� �

n ·
�

γ+T M∇u(x′)
�

+σu(x′)
�

dx′ on Γ ,

u|Γ+
int
= u|Γ−

int
on Γint ,

n ·
�

γ
+
T M
∇u
�

|Γ+
int
= n ·
�

γ
−
T M
∇u
�

|Γ−
int

on Γint ,
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where

Gσ
�

x,x′
�

=
1

4π

∫ ∞

−∞
e−
q

ξ2−k2
0
|y′−y| ei(x ′−x)ξ

q

ξ2 − k2
0

dξ

− 1

4π

∫ ∞

−∞

σ+
q

ξ2 − k2
0

σ−
q

ξ2 − k2
0

e−
q

ξ2−k2
0
(y′+y) ei(x ′−x)ξ

q

ξ2 − k2
0

dξ.

To solve the variational formulation of the above equations, two different Sobolev spaces

are defined as follows:

H 1(Ω) =

�

u ∈ L2(Ω)

�

�

�

�

∫∫

Ω

�

u2 +

�

∂ u

∂ x

�2

+

�

∂ u

∂ y

�2
�

d xd y <∞
�

,

H 1
0 (Ω) =
�

v
�

� v ∈ H 1
0 (Ω), v|S∪Γ = 0

	

,

where v is the test function. The impedance problem takes the form: For any v ∈ H 1
0
(Ω),

find u such that

∫∫

Ω+

γ+T M∇u · ∇vd xd y +

∫∫

Ω−
γ−T M∇u · ∇vd xd y −

∫

Γ

n · γ+T M∇uvd x −
∫

S

σuvdl

+

∫

Γint

�

n · γ+T M∇u− n · γ−T M∇u
�

vdl −
∫∫

Ω+

k+T M uvd xd y −
∫∫

Ω−
k−T M uvd xd y = 0.

The method for solving the polarization of TE is similar to that of TM.

2.2. Petrov-Galerkin finite element interface method without body fitting

The groove is enclosed within a conceptual rectangular box with vertices at (xmin, ymin),

(xmax, ymin), (xmin, ymax) and (xmax, ymax). This rectangle is partitioned into an M × N

Cartesian grid, where each rectangular unit has a length of ∆x = (xmax − xmin)/M and

a width of ∆y = (ymax − ymin)/N . Each rectangular unit is further divided into two trian-

gular elements by connecting its top-left and bottom-right vertices. These triangles serve as

the fundamental computational units. When solving grooves of arbitrary shapes, employing

a consistent and uniform mesh division can significantly reduce computational complexity

and improve accuracy.

To determine the positional relationship between the nodes and the groove boundary,

the level set function φb(x , y) is introduced, and relevant information for each triangular

element is recorded. We focus on the condition φb(x i, y j) < 0, which indicates that the

point lies inside the groove. When the boundary intersects a triangular elements, three

cases can be identified, as shown in Fig. 2.

Class 1. The entire triangular unit is contained within the groove.

Class 2. The boundary Γ intersects one vertex and one side of the triangular unit.
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Figure 2: Three intersecting situations.

Class 3. The boundary Γ intersects two sides of the triangular unit. If the associated

rectangular element is inside the groove, it will be divided into two triangular units.

Finally, the integration is performed element by element. By assembling the element

stiffness matrices and element load vector, the global stiffness matrix and global load vector

are constructed and using Matlab program. The scattered field data for the open groove,

filled with either homogeneous or inhomogeneous media under an impedance boundary

condition, is then obtained.

3. CNN Algorithms for Electromagnetic Parameter Reconstruction

Depending on the different cases of the filled media in open grooves with impedance

boundaries, we propose two distinct CNN architectures to reconstruct the relative permittiv-

ity of media within a groove under impedance boundary conditions: a real-valued convolu-

tional neural network and a complex-valued convolutional neural network. The following

provides an overview of the data processing procedure and a detailed description of the

network models employed.

3.1. Data preparation

Let AN , SN , and DS denote the number of incident angles of plane incident waves, the

number of observation points in the groove aperture, and the sample size, respectively. In

this paper, multiple field data are obtained by varying AN different incident angles. From

these, SN observation points on the groove aperture surface are selected and combined to

form a 3D complex tensor with dimensions DS×AN×SN . The output tensor has dimensions

DS × C , where C represents the number of parameters related to the relative permittivity.

For the RV-CNN, the synthetic 3D tensor is combined to form a 4D tensor of size DS ×
AN × SN × 2 as shown in Fig. 3. The last dimension of the 4D tensor represents the num-

ber of channels, and the two channels are the magnitude and phase of the complex data.

Accordingly, the input data should be represented as a tensor with dimensions AN×DS×2.

For the CV-CNN, the synthesized 3D tensor is combined to form a 4D tensor with dimen-

sions DS×AN ×SN ×1, as shown in Fig. 4. The value of 1 indicates that the complex data

is fed directly into the CV-CNN without any processing, and the number of input channels

is 1. Therefore, the input data is represented as a tensor with dimensions AN × DS × 1.
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Figure 3: The data synthesis process of RV-CNN.

Figure 4: The data synthesis process of CV-CNN.

3.2. Real-valued convolutional neural network model

The convolutional neural network optimizes the weight parameters and biases through

supervised learning so that the network output will match the given targets. The feature

extraction process of the network is carried out alternately applying convolutional and

pooling layers, along with nonlinear activation functions. The above process reflects the

typical features of CNNs, such as local connectivity, weight sharing, pooling, and layer

association levels [10]. The architectural details of the RV-CNN and the backpropagation

process are outlined below.
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3.2.1. The RV-CNN framework

First of all, the convolutional layer is the most crucial network layer structure in the con-

volutional neural network. The convolutional layer operates by a set of filters with shared

weights that move smoothly over the feature map, performing calculations to extract and

fuse information from the input feature map layers. The real-valued convolution operation

can be expressed as

zk,l+1 = fa

� nl
∑

i=1

wi,k,l+1 ∗ zikl + bk,l+1

�

,

where fa(·) denotes the real-valued activation function. nl represents the number of inputs

to the neurons in the (l + 1)-th layer, and wik,l+1 denotes the i-th weight coefficient of the

k-th neuron in layer l + 1. zikl means the i-th output of the k-th neuron in the l-th layer.

* is the real-valued convolution operation. bk,l+1 represents the k-th bias in the (l + 1)-th

layer, and l ∈ {1, . . . , L − 1}. k = 1, . . . , nl is the number of neural network layers. In this

study, the ELU activation function is selected, as shown below

fa(x) =

¨

x , x > 0,

η(ex − 1), x ≤ 0,

where η denotes the learning rate, and it is taken as 1 by default in keras.

Subsequently, the pooling layer performs secondary feature extraction on the data out-

put by the convolutional layer. The pooling layer independently computes summary statis-

tics for local patches on each feature map in the convolutional layer. Therefore, the pooling

layer reduces the feature dimension and decrease the number of training parameters in the

neural network, while maintaining the same number of feature maps as in the convolutional

layer. And the local translation invariance of the pooling layer is a very useful property when

considering the features themselves rather than their locations. The max pooling and aver-

age pooling function are commonly used for real-valued pooling operation. We adopt the

average pooling function since it comprehensively retains the information of all elements

in local patches

zl+1 = fp(zl).

After feeding the data into the network input layer, we initialize the weight parame-

ters of the network’s for subsequent efficient training of the data by means of batch nor-

malization, which can reduce the data distribution variation between different layers, and

accelerate the convergence speed of the real-valued deep network. The process of batch

normalization for the real-valued case is outlined below.

Suppose there are m real-valued data points in one batch, denoted as {z1, . . . , zm}. The

normalization process can then be expressed as follows:

z̃i =

�

z − 1

m

m
∑

i=1

zi

�





√

√

√

√
1

m

m
∑

i=1

�

zi −
1

m

m
∑

i=1

zi

�2

+ ǫ





−1

,
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where ǫ is a non-zero constant introduced to prevent the denominator from being zero.

After the above normalization, the data distribution is transformed into a standard normal

distribution with a mean of 0 and variance of 1. This treatment solves the problem of

excessive differences in data distribution to a certain extent. However, it also disturbs the

distribution characteristics learned at the upper layer. Therefore, the normalized data need

to be corrected. The learning parameters γ and β are introduced to adjust the data and

restore its original distribution characteristics prior to normalization

yi = γz̃i + β ,

where parameters γ and β can be learned by the back-propagation algorithm.

Thereafter, the fully connected layer expands all the elements in the obtained feature

map into column vectors to fuse the features output by the convolutional layer

zk,l+1 = fa

�

nl∑

i=1

wi,k,l+1zikl + bk,l+1

�

,

where nl denotes the number of neurons in the l-th layer.

Finally, after feature extraction through the convolution layers, pooling layers, and fully

connected layers, the output layer produces a real-valued vector of size 1 × c, which can

reconstruct the real-valued relative permittivity of a groove with the impedance boundary.

Here, c represents the number of dielectrics in the groove.

Fig. 5 illustrates the proposed RV-CNN network architecture. Apart from the input and

output layers, the hidden layer consists of BN layer, convolution layer, pooling layer, flatten

layer and fully connected layer. The input feature map is first passed through the BN layer

for normalization, followed by convolution operation with 64 filters of size 2 × 2 to obtain

the first convolution result. It is then passed through the average convolution layer of

size 2 × 2. The number of cells in the output layer depends on the sample size. It is

one when the output corresponds to a uniform media reconstruction, and two when the

output corresponds to a non-uniform media reconstruction. Since a step size of 1 shows

better performance with smaller sized filters, the stride of the filters in all convolution and

pooling layers is set to this value [1].

Figure 5: The RV-CNN framework for the groove scattering with impedance boundary condition.



12 M. Zhao, Y. Yang, B. Jin and L. Wang

3.2.2. Backpropagation process of RV-CNN

Error backpropagation is a crucial step for RV-CNN in performing parameter updates, which

directly influences the model’s reconstruction accuracy. Supervised training of RV-CNN is

conducted to optimize the weights and bias parameters to ensure that the reconstructed val-

ues closely align with the true values. After feature extraction, the loss function quantifies

the discrepancy between the reconstructed and true values in the output.

Assume that the training samples are represented as a paired set {(u1, t 1), . . . , (um, t m)},
the loss function can be expressed as follows:

fl oss(θ) =
1

m

m
∑

i=1

�

t i − t̂ i

�2
,

where θ represents the training parameter, and m denotes the sample size. The training

input is given by ui ∈ Cnl , while t̂ i represents the corresponding training output.

In this study, the Adam algorithm is essentially an RMSprop with momentum terms.

It dynamically adjusts the learning rate for each parameter while maintaining computa-

tional efficiency and low memory consumption, making it particularly suitable for solving

problems with a large number of parameters [9].

The network parameters, which are initialized randomly, are updated in a direction that

minimizes the loss function. Assuming that the number of iteration steps is t, we have

gt =∇θt−1
fl oss(θt−1) = θt−1 −η

∂ fl oss(θt−1)

∂ θt−1

,

where gt represents the gradient of parameter θt−1, and θ denotes the learning rate.

Among them, st and rt represent the first- and second-moment estimates of the gradi-

ent, respectively, which can be regarded as estimates of the expectation E|gt |, E|g 2
t
|

st = β1st−1 + (1− β1)gt , rt = β2st−1 + (1− β2)g
2
t
.

Here β1 and β2 represent the exponential decay rates of the first and second moment esti-

mates of the gradient, respectively, and take values in the range β1,β2 ∈ [0,1]. g 2
t

repre-

sents the element-wise product of the two vectors. To ensure smoother parameter updates,

it is also necessary to compute the first- and second-moment estimates of the gradient after

bias correction, as follows:

ŝt =
st

1− β t
1

, r̂t =
rt

1− β t
2

,

where ŝt and r̂t can be regarded as unbiased estimates of the expectations.

Therefore, the updated rules of Adam algorithm in the real-valued case are as follows:

∆θt =
η
p

r̂t + ǫ
ŝt .

In this case, the learning rate is given by η/
p

r̂t + ǫ, which adapts to changes in the pa-

rameters and makes smaller updates to the parameters associated with frequently occurring

features.
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The RV-CNN model is benchmarked in Python, using the Keras API. The loss function

of the network is the mean squared error in the real-valued case, and the backpropagation

algorithm employed is the Adam algorithm, which provides better optimization compared

to other backpropagation algorithms [9]. The activation functions of the networks are

all ELU activation functions, which account for the negative values in the input tensor

(especially the phase part). The ELU activation functions is more effective compared to

other activation functions [2].

3.3. Complex-value convolutional neural network model

In the case of complex-valued electromagnetic scattering fields, we extend the convo-

lutional network to the complex domain by utilizing complex-valued neural networks. For

CV-CNN, all elements of the network, including filter parameters, activation functions, and

pooling operations, should be complex-valued. The architectural details of the CV-CNN are

presented below.

3.3.1. The CV-CNN framework

To begin with, each hidden unit in the convolutional layer is connected to local patches of

the feature map from the previous layer through a set of complex weight matrices, referred

to as filters. The cells in the complex local patches are convolved with the complex filters

and then activated using a nonlinear activation function. This process implies that the cells

within the same feature map share a set of filters, with each filter extracting specific features

from the input matrix corresponding to different channels of the output feature map. One

of the benefits of using local connectivity and weight sharing is the significant reduction in

the number of parameters to be learned, which not only decreases memory requirements

but also helps avoid overfitting.

For any complex input data Z = x + iy, we suppose there exists a complex convolution

kernel W = α+ iβ , such that the complex input tensor undergoes a complex convolution

process

W ∗ Z = (A∗ x − B ∗ y) + i(Ay + Bx), (3.1)

where ∗ denotes the convolution operation, x , y, A, and B are real-valued vectors, and

i =
p
−1 is the imaginary unit. The above equation can be rewritten in matrix form as

follows:
�

ℜ(W ∗ Z)

ℑ(W ∗ Z)

�

=

�

A −B

B A

�

·
�

x

y

�

,

whereℜ and ℑ represents the real and imaginary parts of the complex-valued data, respec-

tively.

The operation process of the input data and complex convolution kernel is shown in

Fig. 6. The purple part represents the real part of the input data or convolution kernel,

while the rose-red data represents the imaginary part of the input data or convolution

kernel. After performing the convolution operation as described in Eq. (3.1), the output

feature map is still divided into real and imaginary parts.
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Figure 6: Complex-valued convolution operations.

The complex output feature map in the convolution layer is obtained by convolving all

the input feature maps from the previous layer with the filters of this layer, adding bias, and

then applying a nonlinear activation function. The specific activation operation is computed

as follows:

Zk,l+1 = fa

�

ℜ(Ok,l+1)
�

+ i fa

�

ℑ(Ok,l+1)
�

=

¨

Ok,l+1, Ok,l+1 > 0,

0.01Ok,l+1, Ok,l+1 ≤ 0,
(3.2)

where

Ok,l+1 =

nl∑

i=1

Wik,l+1 ∗ Zikl + bk,l+1

=

nl∑

i=1

�

ℜ(Wik,l+1) ∗ℜ(Zikl)−ℑ(Wik,l+1) ∗ ℑ(Zikl)
�

+ i

nl∑

i=1

�

ℜ(Wik,l+1) ∗ ℑ(Zikl) + ℑ(Wik,l+1) ∗ℜ(Zikl)
�

+ bk,l+1.

Here fa(·) in Eq. (3.2) denotes the activation function, and the C-leaky-relu function is

selected in this study. This function activates the real and imaginary parts of the complex

numbers separately. When both the real and imaginary parts of the C-leaky-relu are strictly
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positive or strictly negative simultaneously, the function satisfies the Cauchy-Riemann equa-

tion. Note that Ok,l+1 is defined as the input weighted sum for the k-th neuron in layer l+1,

and nl represents the number of inputs; Wik,l+1 denotes the i-th weight coefficient of the

k-th neuron in layer l + 1; Zikl denotes the i-th output of the k-th neuron in layer l; bk,l+1

represents the k-th bias in layer l + 1, where l ∈ {1, . . . , L − 1}. k = 1, . . . , nl corresponds

to the number of layers in the neural network. We claim that our L-layer neural network

has a topology of the form n1 − n2 − · · · − nL. Therefore, we consider convolutional neural

networks that contain at least one hidden layer, implying that L ≥ 3.

Then, we extend the real-valued pooling operation to complex-valued pooling. The

separated complex pooling performs pooling operations separately for the real and imag-

inary parts of the complex-valued data, which simplifies the computation to some extent.

For the uniformity and efficiency of the model, the calculation process, using the separated

pooling operation, can be expressed as follows:

Z l+1 = fp

�

ℜ(Z l)
�

+ i fp

�

ℑ(Z l)
�

,

where fp(·) denotes the split-average pooling function.

Third, the neurons in the topmost layer of the fully connected layer are connected to

all neurons in the previous layer, which can be viewed as a special case of convolution.

Therefore, it is also referred to as a dense layer. The operation process of the complex-

valued fully connected layer is similar to that of the convolutional layer, where the output

feature maps are obtained by calculating the interaction between the real and imaginary

part weight parameters and the real and imaginary part input feature maps

Zk,l+1 = fa

�

ℜ(Ok,l+1)
�

+ i fa

�

ℑ(Ok,l+1)
�

,

Ok,l+1 =

nl
∑

i=1

Wi,k,l+1Zikl + bk,l+1,

where nl means the number of neurons in the l-th fully connected layer.

Finally, after feature extraction in the convolutional, pooling, and fully connected lay-

ers, the output of the final layer is a complex-valued vector of size 1× c, which is used to

reconstruct the relative permittivity within a groove with impedance boundary. Here, c rep-

resents the number of dielectric materials in the homogeneous or inhomogeneous medium

inside the groove. The parameters of the CV-CNN are learned in an end-to-end supervised

learning manner by minimizing the loss function of the training a priori, given the output

samples and the output relative permittivity taken.

The proposed CV-CNN network architecture is shown in Fig. 7. In addition to the input

and output layers, the hidden layer consists of convolution layer, pooling layer, flatten layer

and fully connected layer. The input feature map is first convolved with 64 complex-valued

filters of size 2 × 2 to obtain the first convolution result, which is then passed through

the average pooling layer of size 2 × 2. Next, the filter of the same size is applied in the

two-dimensional convolution layer. The number of units in the output layer depends on the

sample size. It is 1 for a homogeneous medium reconstruction and 2 for an inhomogeneous

medium reconstruction.
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Figure 7: The CV-CNN framework for the groove scattering with impedance boundary condition.

3.3.2. Backpropagation process of CV-CNN

Supervised training of CV-CNN is performed to optimize the weight and bias parameters

so that the reconstruction results of the network match the targets of the training data.

Despite several stages of feature extraction, an error remains between the output and the

targets, which is quantified by the loss function.

Suppose the training sample is represented by the pairwise set {(u1, t 1), . . . , (um, t m)},
where m denotes the sample size. Here, u j ∈ Cn1 represents the training sample, and

t̂ j = (t
j

1
, . . . , t

j
nL
) ∈ CnL represents the corresponding training targets. We feed u j as the

input layer to the untrained CV-CNN, and the signal is passed through the network. The

corresponding output vector t̂ j = (t
j

1
, . . . , t

j
nL
) is then obtained. Hence, we define the error

function for the training samples as follows:

fl oss(w ) =
1

m

m
∑

j=1

‖t̂ j − t j‖2 = 1

m

m
∑

j=1

nL∑

k=1

|t̂ j − t j |2, (3.3)

where fl oss(·) denotes the loss function, and w is the weight vector of the neural network.

|t| = t · t̄ represents the norm of the complex number t, and ‖t‖ =
p

(t , t̄ ) denotes the

norm of the vector t . The loss function in Eq. (3.3) is a scalar real-valued function of the

weights. It is minimized using the Adam algorithm to train the network parameters during

the backpropagation process.
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Both the backpropagation algorithm for the complex-valued case and the chain rule for

the loss function are derived by expanding the real-valued case. In the backpropagation

process of the complex-valued convolutional neural network, the network separately com-

putes the real and imaginary parts of the last layer’s neurons and calculates the derivatives

of all network parameters from the final forward pass using the chain rule for complex-

valued numbers. The weights are updated using Adam algorithm. The updating process

for gt becomes

gt =∇θt−1
fl oss(θt−1) = θt−1 −η

∂ fl oss(θt−1)

∂ θt−1

,

where

∂ fl oss(θt−1)

∂ θt−1

=
∂ fl oss(θt−1)

∂ℜ(θt−1)
+
∂ fl oss(θt−1)

∂ ℑ(θt−1)

=

�

∂ fl oss

∂ℜ(Ot−1)

∂ℜ(Ot−1)

∂ℜ(θt−1)
+
∂ fl oss

∂ ℑ(Ot−1)

∂ ℑ(Ot−1)

∂ℜ(θt−1)

�

+ i

�

∂ fl oss

∂ℜ(Ot−1)

∂ℜ(Ot−1)

∂ ℑ(θt−1)
+
∂ fl oss

∂ ℑ(Ot−1)

∂ ℑ(Ot−1)

∂ ℑ(θt−1)

�

.

Thus, both st and rt also become complex-valued

st = µst−1 + (1−µ)gt ,

rt = vrt−1 + (1− v)
�

ℜ2(gt) + iℑ2(gt)
�

.

In the above equation, gt should be squared. This procedure corresponds to the conjugate

multiplication of complex values, where the real and imaginary parts are squared sepa-

rately. Similarly, we introduce ŝt and r̂t as corrections to the second-order momentum of

st and rt

ŝt =
st

1−µt
, r̂t =

rt

1− v t
.

Overall, the parameter update process is as follows:

∆θt = −
�

ηℜ(ŝt )
p

ℜ(r̂t ) + ǫ
+ i

ηℑ(ŝt )
p

ℑ(r̂t ) + ǫ

�

.

The learning rates for the real and imaginary parts in the above equation are equivalently

expressed as η/
p

ℜ(r̂t ) + ǫ and η/
p

ℑ(r̂t ) + ǫ, respectively.

The network’s loss function is the mean squared error in the complex domain, and the

backpropagation algorithm employed is the Adam optimizer, also in the complex domain.

The activation functions utilized throughout the network are C-leaky ReLU functions. This

function assigns a non-zero slope to the complex data, making it more suitable for com-

plex scattered field data by sacrificing hard-zero sparsity to obtain potentially more robust

gradients during optimization [15].

In summary, compared to RV-CNN, the operation of CV-CNN is more complex. With

the same input feature map and convolutional kernel size, the number of complex-valued

convolutional kernels is twice that of the real-valued convolutional kernels, which may

result in longer training times during network.
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4. Numerical Experiments and Results

This section presents the detailed implementation of RV-CNN and CV-CNN for the recon-

struction of electromagnetic parameters in groove scattering with impedance boundaries.

First, the basic structure of the input data is outlined. Then, the network architecture and

parameter configurations of both algorithms are described in detail. Finally, the dataset is

fed into the model for reconstruction, and the reconstruction performance is evaluated.

In the following examples, we set the wave number k0 = 2π, which corresponds to

ω= 600π rad/s and incident frequency f = 300MHz.

4.1. Reconstruction of the relative permittivity

4.1.1. Application to RV-CNN

We select the rectangular groove filled with homogeneous media under impedance bound-

ary conditions, or the inhomogeneous groove with turbine-shaped internal interfaces, as

shown in Fig. 8. The relative permittivity of the filled media in the groove is uniformly

distributed in the real-valued range [0,10]. The incident angle of the plane wave increases

uniformly from 0 to 90 degrees. The complex-valued scattered field, measured at the ob-

servation point on the aperture surface, is processed into magnitude and phase and fed into

the two channels of the input tensor, respectively. The detailed data for the training and

testing sets, along with the model parameters, are provided in Tables 1 and 2.

Table 1: Data set dimensionality of RV-CNN.

Overview of real-valued data Input (DS × AN × SN × 1) Output (DS × C)

Homogeneous media
Training set 382× 33× 33× 2 382× 1

Testing set 18× 33× 33× 2 18× 1

Inhomogeneous media
Training set 382× 33× 33× 2 382× 2

Testing set 18× 33× 33× 2 18× 2

Table 2: Training parameters of the RV-CNN model.

Optimizer parameters Model parameters

Batch size 50

Epoch 200/500

Learning rate 0.01

Hide layer 8

Activation function ELU

Homogeneous-media groove. Fig. 9 shows the change of loss function and metrics with

the number of iterations in the training process and testing process of RV-CNN on the real-

valued case uniform media data set. As can be seen from the figure, the loss functions
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Figure 8: Inhomogeneous groove.

for both the training and testing sets converge around 150, while their respective metrics

converge around 175. There is no obvious rebound trend in the loss function curve and

metrics curve, and the model does not appear to be overfitted.

The reconstruction results of RV-CNN on the real-valued dataset of parameters of homo-

geneous media are shown in Fig. 10, where the horizontal axis indicate the true values of

relative permittivity taken, and the vertical axis indicate the reconstructed value of relative

permittivity. Fig. 10 visually demonstrates the reconstruction performance of RV-CNN for

a homogeneous medium in the real-valued case.

Inhomogeneous-media groove. As shown in Fig. 11, it can be seen that the RV-CNN

reduces the loss value to nearly 0 after 100 iterations and remains stable during the subse-

quent iterations.

The reconstruction results are shown in Fig. 12. Note that the reconstructed values

of the two relative permittivities are approximately close to the true values. Increasing the

number of reconstructed relative permittivity does not significantly affect the reconstruction

performance of the model.

4.1.2. Application to CV-CNN

Filling the groove with impedance boundary conditions with the homogeneous or inhomo-

geneous media, respectively. The second medium inside the non-uniform groove is set as

a turbine shape. The relative permittivity of the filled media in the groove is uniformly dis-

tributed in the complex domain [0, 10+10i], and the incident angle of the plane incident

wave is uniformly increasing from 0 to 90 degrees. The complex-valued scattering field

measured at the observation point of the aperture surface forms the input tensor directly

without processing. The detailed data of the training and testing sets, along with the model

parameters, are provided in Tables 3 and 4.

Homogeneous-media groove. As shown in Fig. 13, after 100 iterations, the loss values

for both the training and testing sets remain close to 0, and the metrics stay at a low level,

with no significant upward trend.
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(b) Metrics curve

Figure 9: Iterative process of RV-CNN on homogeneous data set.
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Figure 10: Reconstruction results of RV-CNN on homogeneous media dataset.
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(b) Metrics curve

Figure 11: Iterative process of RV-CNN on inhomogeneous dataset.
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(a) The reconstructive value of ǫ+
r
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(b) The reconstructive value of ǫ−
r

Figure 12: Reconstruction results of RV-CNN on inhomogeneous media dataset.

Table 3: Data set dimensionality of CV-CNN.

Overview of complex-valued data Input (DS × AN × SN × 1) Output (DS × C)

Homogeneous media
Training set 382 × 33 × 33 × 1 382 × 1

Testing set 18 × 33 × 33 × 1 18 × 1

Inhomogeneous media
Training set 382 × 33 × 33 × 1 382 × 2

Testing set 18 × 33 × 33 × 1 18 × 2

Table 4: Training parameters of the CV-CNN model.

Optimizer parameters Model parameters

Batch size 50

Epoch 400/500

Learning rate 0.01

Hide layer 7

Activation function cv-leaky-relu

To more intuitively reflect the advantages and disadvantages of the reconstruction ef-

fect, the real and imaginary parts of the complex data are split and visualized separately.

The reconstruction results for the complex uniform media are shown in Fig. 14. It can be

seen that the CV-CNN reconstruction effect is excellent for the impedance-bounded groove

scattering with homogeneous media.

Inhomogeneous-media groove. The training and testing iterative processes of CV-CNN

on the non-uniform complex-valued dataset of the media parameters are shown in Fig. 15.

From the figure, the loss function reaches its minimum around the 30th iteration, and the

metric curve stabilizes at a relatively low level thereafter, with no significant upward trend.
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(b) Metric curve

Figure 13: Iterative process of CV-CNN on homogeneous dataset.
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(a) The reconstructive value of real
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(b) The reconstructive value of image

Figure 14: Reconstruction results of CV-CNN on homogeneous media dataset.

This suggests that the reconstruction model has converged to the global optimal solution.

The comparison between the true and reconstructed values is shown below. As seen in

Fig. 16, for inhomogeneous media, CV-CNN can efficiently reconstruct the electromagnetic

parameters of the groove scattering and also demonstrate good generalization ability.

In addition to using the mean absolute percentage error (MAPE) as the evaluation cri-

terion to analyze the model’s performance, we also selected the mean squared error (MSE),

root mean squared error (RMSE), and the correlation coefficient (R2).

As shown in Tables 5 and 6, the MAPE of the reconstruction results for the four test

sets using RV-CNN and CV-CNN inversion of the relative permittivity is significantly less

than 4%. Both the MSE and RMSE are extremely small, and R2 approaches 1, demonstrat-

ing excellent reconstruction and generalization abilities. From the two tables, we can be

seen that CV-CNN shows a significant improvement in the MAPE index for both homoge-

neous and inhomogeneous media.
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(b) Metric curve

Figure 15: Iterative process of CV-CNN on inhomogeneous data set.
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(a) Real and imaginary parts of ǫ+r
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(b) Real and imaginary parts of ǫ−r

Figure 16: Reconstruction results of CV-CNN on inhomogeneous media data set.

Finally, we compared our approach with BP neural networks and SVM in both real-

number and complex-number domains for inhomogeneous media. Fig. 17 presents the

reconstruction results of test samples by RV-CNN, CV-CNN, BP and SVM. The first row

shows the comparison between RV-CNN, BP and SVM, where the x -axis represents ǫ+r , and

the y-axis represents ǫ−
r

. In the second row, it shows the comparison among CV-CNN, BP

and SVM. The x -axis represents the real part of the relative permittivity, while the y-axis

represents the imaginary part. It can be clearly observed that the reconstructed values

of RV-CNN and CV-CNN are more concentrated around the true values, while those of BP

and SVM are discretely distributed around the true values. Therefore, the reconstruction

effect of the proposed method is superior to those of BP and SVM, demonstrating excellent

adaptability and flexibility.

Fig. 18 compares the evaluation metrics of RV-CNN and CV-CNN with those of BP and

SVM, respectively. The left y-axis corresponds to the mean absolute error (MAE) repre-
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Table 5: Comparison of statistical indicators in different media.

Media MAPE (%) MSE RMSE R2

Homogeneous media 1.49756 0.00249 0.04988 0.99970

Inhomogeneous media
ǫ+

r
0.83272 0.00359 0.05988 0.99879

ǫ−
r

1.05117 0.00493 0.07021 0.99945

Table 6: Evaluation metrics of CV-CNN reconstruction results.

Statistical indicators MAPE (%) MSE RMSE R2

Homogeneous

media

Real part of ǫr 0.00230 0.04791 0.00908 0.99969

Imaginary part of ǫr 0.00245 0.04947 0.00723 0.99970

ǫr 0.03023 0.17388 1.20114 0.99971

Inhomogeneous

media

Real part of ǫ+
r 0.00199 0.04459 0.29556 0.99975

Imaginary part of ǫ+
r 0.00115 0.03397 0.44208 0.99985

ǫ+
r

0.00157 0.01400 0.11840 0.99980

Real part of ǫ−
r 0.00126 0.03554 0.29043 0.99975

Imaginary part of ǫ−
r 0.00100 0.03163 0.58408 0.99980

ǫ−
r

0.00113 0.01190 0.10910 0.99978
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(a) Reconstruction of real-valued permittivity using RV-CNN, BP, and SVM
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(b) Reconstruction of complex-valued permittivity using CV-CNN, BP, and SVM

Figure 17: Comparison of reconstructed relative permittivity using RV-CNN, CV-CNN, BP and SVM.
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Figure 18: Comparison of error metrics RV-CNN and CV-CNN separately with BP and SVM.

sented by bar charts, while the right y-axis corresponds to the relative error (RE) pre-

sented by line charts. The blue color signifies the comparison among RV-CNN, BP and

SVM, while the pink color denotes the comparison among CV-CNN, BP and SVM. It can

be intuitively observed that the proposed method has smaller errors and higher inversion

accuracy, demonstrating strong robustness.

4.2. Reconstruction of the relative permittivity distribution matrix

4.2.1. The impedance cavity with a semi-elliptical interior filled with inhomogeneous

four-leaf clovers

We consider a semi-elliptical groove in the shape of a four-leaf clover, filled with inhomoge-

neous media, as shown in Fig. 19. The semi-major axis of the semi-elliptical is 0.5m, while

the semi-minor axis measures 0.4m. The level set function of the internal medium consists

of two parts,

ϕ1
i
(a, b) =
Æ

(a − 0.625)2+ 2(b+ 0.2)2 ·
Æ

(a − 0.375)2+ 2(b+ 0.2)2 − 0.1252,

ϕ2
i (a, b) =
Æ

2(a− 0.5)2 + (b+ 0.325)2 ·
Æ

2(a− 0.5)2 + (b+ 0.075)2 − 0.1252.

In the RV-CNN model, the relative permittivity of the internal medium is set to the range

[4.3,10], with a step size of h1
int
= 0.3. Meanwhile, the permittivity of the remaining part of

the groove varies from [0.5,4.3], with a step size of h1
out = 0.2. In contrast, in the CV-CNN

model, the real part of the relative permittivity for the internal medium ranges from [0.5,

10], with h2
int = 0.5. Concurrently, the imaginary part is equal to the real counterpart. The

relative permittivity for other sections of the groove increases uniformly within the range

[0.4,8], with h2
out
= 0.4. This configuration results in a total of 400 labels, from which 382
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Figure 19: The impedance groove filled with clover inhomogeneous media.

samples are selected for training and 18 samples for testing. The incident angle increases

uniformly from 0◦ to 90◦ in steps of 2◦.

To ensure the accuracy of the inversion results, we employed a grid discretization

method with a resolution of 192× 192, resulting in an input matrix consisting of 96× 192

pixel grids. The values in this matrix correspond to the relative permittivities to be inverted.

Both magnitude and phase are processed separately before forming the input tensor. The

final output matrix has dimensions of 96× 192.

To verify that the generalization ability of CV-CNN is superior to that of RV-CNN, we

invert the distribution matrix of the relative permittivity in the real number domain and

visualize one of the samples. Fig. 20 illustrates reconstruction results and corresponding

errors for both RV-CNN and CV-CNN models. The top row represents the target image, with

the left column displaying the reconstruction results for both RV-CNN and CV-CNN, and

the right column showing the corresponding error maps. Although the two reconstruction

images in the left column appear similar, the error maps clearly indicate that using CV-

CNN results in near-zero errors at the internal media interfaces, demonstrating its superior

performance compared to RV-CNN.

Fig. 21 presents the inversion results to validate the effectiveness of the CV-CNN in han-

dling inverse problems with complex relative permittivity. The first row shows the original

image, the second row presents the inverted image, and the third row displays the error

image. The first column represents the real part of the relative permittivity, while the sec-

ond column represents the imaginary part. The inverted images are largely consistent with

the original images, and the error maps clearly indicate that the inversion performance is

satisfactory.

To verify the generalization capability of the CV-CNN model, this study devises an out-

of-distribution (OOD) test. With all other parameters kept unchanged, the real part of

the relative permittivity for the internal medium ranges from [0.1,0.48], with ho1
= 0.02,

the real part for the remaining regions within the groove ranges [0.01,0.39], with ho2
=

0.02, and the imaginary part of the relative permittivity for the groove medium equals its

corresponding real part.

Fig. 22 presents the results of out-of-distribution testing for CV-CNN. Three rows of

images are presented: the first row illustrates the original image, the second row depicts the
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(e) Error Map of CV-CNN

Figure 20: Reconstruction results of RV-CNN and CV-CNN.
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Figure 21: Reconstruction results of CV-CNN.
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reconstructed image, and the third row presents the error map. As the range of the relative

permittivity is narrowed, the color bar scale is correspondingly adjusted to a numerical

interval matching the data distribution. The results indicate that CV-CNN still maintains low

inversion errors in this out-of-distribution scenario, demonstrating its strong generalization

ability.
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Figure 22: Reconstruction results of out-of-distribution testing for CV-CNN.

4.2.2. The impedance groove with a peanut interior filled with two inhomogeneous

circular hexagonal

In this example, we address a more complex groove scattering problem characterized by

a peanut-shaped groove, measuring 2m in length and 0.6m in width, as depicted in Fig. 23.

Figure 23: The internal partitioning of a peanut-shaped groove with rounded hexagonal contours.
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The internal medium consists of two circular hexagonal structures, with the level set

function expression provided below

ϕ1
i (a, b) =
Æ

(a − 0.5)2 + (b+ 0.25)2 − 0.04 cos

�

6 arctan

�

b+ 0.25

a − 0.5

��

− 0.2,

ϕ2
i (a, b) =
Æ

(a − 1.5)2 + (b+ 0.25)2 − 0.04 cos

�

6 arctan

�

b+ 0.25

a − 1.5

��

− 0.2

with the relative permittivity, incident angle, and other parameters held constant, the input

matrix of the network remains at a size of 192× 192, while the output matrix is reduced

to 48× 192.

To assess algorithm performance effectively, Gaussian white noise with known intensity

was introduced into the images during the evaluation process. The evaluation metric used

is the signal-to-noise ratio (SNR), which is expressed as follows:

SNR= 20× lg

�

1

υ

�

,

where υ represents the ratio of the noise amplitude to the signal amplitude.

As υ increases, its interference with signal clarity becomes more pronounced. In this

study, experiments were conducted using SNR values of 26.02 dB (υ at 5%), 20.00 dB (υ

at 10%), 13.98 dB (υ at 20%), and 7.96 dB (υ at 40%).

The reconstruction results of CV-CNN with added noise are presented in Fig. 24. The

left column shows the reconstructed images, while the right column displays the corre-

sponding error maps. It can be observed that as the noise ratio υ increases, the errors grow

larger, leading to a more blurred reconstructed image. Similarly, corresponding tests were

conducted for RV-CNN. The loss values for the training sets of both networks are visualized.

In Fig. 25, the x -axis represents the ratio of noise amplitude to signal amplitude, while

the y-axis shows the loss value on the training set. As υ increases from 5% to 40%, it is

υ(%) Predicted Image Error Map

5

10

20

40

Figure 24: Reconstructed results and error maps of CV-CNN at different SNR levels.
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Figure 25: Comparison of loss between RV-CNN and CV-CNN at different SNR levels.

clear that, for any given ratio, the loss value of RV-CNN consistently exceeds that of CV-

CNN. This suggests that CV-CNN achieves both lower and more stable loss values. This

observation provides strong evidence of the superior performance of CV-CNN.

In addition to conducting anti-interference detection against white Gaussian noise with

global continuity, we also test the robustness of this network under locally discrete in-

terference environments. We add varying degrees of salt-and-pepper noise to the images

and introduced discrete perturbations into the data to test the generalization ability of the

model. The peak signal-to-noise ratio (PSNR) is selected as the evaluation metric, and its

formula is

PSNR= 10 · log10

�

MAV2

MSE

�

,

where MAV represents the maximum absolute value among the real and imaginary parts of

the original complex image. The pixel value of the complex image is denoted as z[m, n] =

x[m, n]+iy[m, n], where m and n are pixel coordinates with the value ranges satisfying m×
n ∈ M × N , and M × N represents the image size, the expression for MAV is given by

MAV =max
�

max
m,n
|x[m, n]|,max

m,n
|y[m, n]|
�

,

and the mean squared error is defined as

MSE=
1

M × N

M
∑

m=1

N
∑

n=1

�

�z[m, n]− z′[m, n]
�

�

2
,

where z′[m, n] denotes the pixel value of the noisy image.
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(d) Error map with PSNR of 11 dB

Figure 26: Error maps under different noise intensities (noiseless, PSNR of 31dB, 24dB and 11dB
respectively).

PSNR is inversely proportional to the noise intensity, meaning that the lower the PSNR,

the higher the noise intensity and the greater the disturbance to the image. As the inverted

image is in close approximation to the actual image, Fig. 26 presents the error maps under

(a) noiseless conditions, (b) mild noise, (c) moderate noise and (d) severe salt-and-pepper

noise. Notably, a lighter color signifies a better inversion performance. Experimental re-

sults demonstrate that CV-CNN exhibits favorable stability in restoring denoised images,

indicating its strong robustness in feature extraction for noisy images.

5. Conclusion

In this paper, two deep learning algorithms, RV-CNN and CV-CNN, are proposed for re-

constructing the real-valued and complex-valued relative permittivity of the media in the

groove with impedance boundary. In the process of network training, both RV-CNN and

CV-CNN use the relative permittivity as labels. Specifically, RV-CNN takes the magnitude

and phase of the scattering field as features. In contrast, CV-CNN makes a breakthrough

by directly using complex-domain scattering field data as features. It is worth emphasizing

that CV-CNN, by virtue of its unique complex-domain processing capability, can directly

reconstruct the contrast matrix of the complex permittivity. This matrix fully preserves

the complex characteristics of electromagnetic parameters. After visualization process-

ing, the matrix can be transformed into intuitive physical images, effectively presenting

the distribution characteristics of electromagnetic parameters. The results indicate that

both of the proposed deep learning algorithms can reconstruct electromagnetic parameters

from scattering field data with a limited number of observation points. Moreover, CV-CNN

outperforms RV-CNN in terms of reconstruction accuracy and robustness, demonstrating

a stronger ability to handle complex media. Learning process of the black-box strategy may

lead that reconstruction is dependent on the training data and network structure. However,

the model have good reconstruction and generalization capabilities if computational power

is ensured.
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