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Abstract— This article presents a threefold hybrid electro-
magnetic inversion method that combines the linear sampling
method (LSM), the convolutional neural network (CNN), and
the full-wave inversion (FWI). The whole inversion procedure
includes three steps. First, the LSM qualitatively reconstructs the
preliminary shapes and locations of the scatterers. Then, the CNN
U-Net is used to further refine the shapes of the scatterers.
At last, the Born iterative method (BIM) is implemented to
quantitatively invert for the permittivity and conductivity of inho-
mogeneous scatterers or multiple homogeneous scatterers inside
the downsized inversion domain. Numerical experiments show
that compared with the pure FWI method BIM, the proposed
hybrid method can achieve both higher reconstruction accuracy
and lower computational cost. Besides this superiority, the pro-
posed hybrid method also has strong adaptability to multiple
scatterers with high contrasts even when the measured field data
are contaminated by large noise. Laboratory experimental data
are also used to verify the feasibility of the proposed method.

Index Terms— Convolutional neural network (CNN),
electromagnetic (EM) inversion, full-wave inversion (FWI),
linear sampling method (LSM).

I. INTRODUCTION

ELECTROMAGNETIC (EM) inversion is to infer the
model parameters such as shapes, locations, or consti-

tutive parameters of the scatterers placed inside the domain of
interest (DOI) from the scattered field measured at the receiver
arrays outside the DOI. It has wide applications for geo-
physical exploration [1], medical imaging and diagnosis [2],
radar remote sensing [3], security screening [4], through-wall
imaging [5], etc.

According to the requirements of application scenarios,
EM inversion can be divided into two categories: qualitative
inversion and quantitative inversion. Qualitative inversion, also
known as imaging, can obtain the approximate shapes and
locations of unknown targets at a relatively low cost. The
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common qualitative inversion methods include the reverse
time migration (RTM), Kirchhoff migration, linear sampling
method (LSM), and factorization method (FM). RTM migra-
tion and Kirchhoff migration are widely employed in subsur-
face detection [6], [7] by the ground-penetrating radar (GPR).
RTM is based on the extrapolation of full-wave fields and thus
has higher imaging accuracy for complex subsurface structures
than Kirchhoff migration. In addition, it adapts to steeper
dips in subsurface structures. By contrast, Kirchhoff migration
computes the traveling time based on ray tracing. It has
lower computational cost than RTM but also sacrifices imaging
accuracy. The principle of LSM is completely different from
that of the migration method. In the LSM, no broadband wave-
field extrapolation is needed. Instead, the multistatic far-fields
measured at a fixed frequency when the incident fields are
from several directions are supposed to be radiated by a
focusing point source in the inversion domain [8], [9]. FM is
similar to LSM but provides a mathematically rigorous and
exact characterization of the scatterers and thus also requires
structural assumptions for the scatterers that are not required
by LSM [10]. The advantage of these qualitative inversion
methods is their low computational cost. However, they can
rarely reconstruct the constitutive parameters of the unknown
scatterers. Another drawback is that the obtained shapes are
always distorted when the scatterers have irregular geometry,
e.g., nonconvex envelopes or sharp corners.

The quantitative inversion is able to reconstruct both
the shapes and dielectric parameters of irregular scatterers.
At present, the most frequently used quantitative method
is the full-wave inversion (FWI). A rigorous cost function
is constructed and the model parameters including the per-
mittivity, conductivity, positions, shapes, or others of the
scatterers are simultaneously solved. The major mathematical
techniques to solve the cost function include the Newton-type
method and gradient descent method. The Newton method
has the merit of fast convergence which is widely adopted
in the geophysical exploration by EM waves [11]. However,
the computation of the Hessian matrix is unaffordable in
the 3-D voxel-based inversion. Therefore, the inexact Newton
method is proposed to strike a compromise between the
speed and accuracy [12]. Compared with the Newton-type
method, the gradient descent method has a lower cost of a
single iteration step for an EM inverse scattering problem.
For example, the Born iterative method (BIM) [13] starts from
Born approximation and solves the discretized data equation
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using the conjugate gradient method [14]. Different from BIM,
contrast source inversion (CSI) has no forward computation.
The induced current and dielectric contrasts in the inversion
domain are updated alternately until the total mismatches reach
minima [15]. The subspace optimization method (SOM) is
similar to CSI but the induced current is decomposed into
two parts, the deterministic part and the ambiguous part [16].
Although the quantitative inversion can simultaneously retrieve
the geometry and dielectric parameters of unknown scatterers,
iteration is inevitable due to the intrinsic nonlinearity of
the data equation. Consequently, the computational cost also
increases.

In recent years, machine learning, especially deep
learning (DL), quickly attracts the attention of EM inver-
sion researchers since it can circumvent the traditional
time-consuming iterations and retrieve model parameters of
the scatterers almost in a real-time fashion. The DL meth-
ods for EM inversion can roughly be categorized into four
kinds [17]. The first kind is the direct learning approach in
which the artificial neural network (ANN) is treated as a black
box and the model parameters of the scatterers are directly
reconstructed from the scattered fields by the ANN. The direct
inversion scheme proposed in [18], the complex-valued deep
convolutional neural network (CNN) in [19], and the nonlin-
ear mapping module in [20] can be classified as the direct
learning approach. The second kind is the learning-assisted
objective-function approach in which the inverse problems are
still solved by minimizing the cost function. However, some
components of the iterative solver are learned, which expedites
the iterations. For example, in [21] and [22], the supervised
descent method is first employed to learn the Jacobian matrix
in offline training. In the online prediction, the model para-
meters are reconstructed in a short period of time. Another
type of learning-assisted inversion is to use the CNN to obtain
preliminary dielectric images of scatterers. Then, iterations of
FWI are implemented starting from these preliminary images.
For example, in [23], [24], the trained CNN can predict dielec-
tric images from magnetic resonance or ultrasound images of
tissues, and then the iterative solver will refine the dielectric
parameter distribution of the tissues. In [25], the Contrast
Source Net is proposed to learn the total contrast source,
which effectively improves the reconstruction accuracy of the
iterative solver. The third kind is the physics-assisted learning
approach in which the domain knowledge is incorporated
into the input or the internal architecture of ANNs. The
backpropagation scheme in [18], the DeepNIS in [26], and
the combination of Born approximation and U-Net in [27]
can be classified as physics-assisted learning. Usually, a linear
approximation inverse solver provides the preliminary profiles
(including the dielectric parameter values) of the scatterers
which are input into the ANNs. Besides these three kinds, there
are also other ways to apply machine learning to EM inversion.
For example, in [28], the induced current learning method
is designed to incorporate physics into the ANNs. In [29],
the unsupervised machine learning 3-D Markov random field
model is used to classify the discretized cells of the inver-
sion domain. Summary and review of the machine learning
applications to EM inversion can be referred to [17], [30].

In this article, we propose a threefold hybrid EM inversion
scheme, which combines the LSM, BIM, and the ANN. First,
LSM is used to quickly determine the approximate locations
and shapes of scatterers to compress the inversion domain of
FWI. Then, the CNN U-Net is employed to obtain accurate
locations and shapes of scatterers. At last, the iterative solver
BIM is employed to quantitatively reconstruct the dielectric
parameters of scatterers. Due to the compressed inversion
domain located by LSM, the ill-posedness in the FWI is
alleviated and the computational cost is reduced. However,
the images of the scatterers from LSM are not precise
enough, especially when there are multiple scatterers with
high contrasts. So, we insert the CNN U-Net between LSM
and BIM solvers to improve the scatterer images from LSM.
In other words, U-Net is used to find the precise compressed
inversion domain which coincides with the scatterer shape.
This work is different from the learning-assisted objective-
function approaches in [21], [22], and [25] since no component
of the BIM solver is learned by the CNN. Instead, the CNN
is independent of the BIM solver and only helps to reduce the
inversion domain size for BIM. It is also different from the
learning-assisted imaging methods presented in [23] and [24]
and the physics-assisted learning approaches in [18], [26],
and [27] since the CNN U-Net is only used to classify
the LSM images in the way of pixel by pixel, and the
dielectric parameters of scatterers are completely obtained by
BIM. In addition, one should note that although the direct
learning approaches in [18]–[20] can quantitatively reconstruct
the dielectric profiles of the scatterers in a real-time fashion
and the design of the ANN is also straightforward, it must
spend the unnecessary cost to train and learn underlying wave
physics of EM scattering. The last work worth mentioning
is [31] in which the qualitative inversion method RTM is
used to find the approximate inversion domain before the
implementation of FWI. However, in this work, the inversion
domain further collapses into the scatterers themselves with
the aid of U-Net.

The organization of this article is given as follows.
In Section II, the LSM, the forward model, and the inver-
sion model for FWI and the U-Net are described in detail.
In Section III, three numerical examples are used to verify
the proposed method. In Section IV, the laboratory experi-
mental data are used to validate the hybrid method. Finally,
in Section V, the conclusion and future work are presented.

II. METHODS

In this section, first, the formulas of LSM are briefly
introduced. Then the full-wave forward and inverse scattering
formulas are concisely described in the framework of integral
equations. Finally, the configuration of the CNN U-Net is
given in detail.

A. LSM

As shown in Fig. 1, � denotes the DOI, � ⊆ � is
the support of the scatterers, and transmitters and receivers
lie on a cycle � located in the far-zone (i.e., at a distance
R > 10λ, where λ is the wavelength). Therefore, the incident
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Fig. 1. 2-D imaging and FWI model configuration.

and scattered EM fields can be approximately treated as
plane waves. Suppose there are totally Nt transmitters and Nr

receivers. Esct
y (θ, ϕ) is the scattered electric field measured by

the receiver in the direction ϕ, when the EM wave is radiated
by the transmitter in the direction θ , as shown in Fig. 1. For
a generic point rp = x̂ρcosα + ẑρsinα ∈ �, the purpose of
LSM is to solve the “far-field” integral equation [8], [9]∫

�

Esct
y (θ, ϕ)g(θ, rp)dθ =

√
2

πk R
exp

[
j
π

4
+ jkρcos(ϕ−α)

]
(1)

in the unknown g(θ, rp), where k is the wavenumber in
the background medium. The right-hand side of (1) is the
large-argument asymptotic form of the 2-D Green’s function,
i.e., the Hankel function. It represents the far-field radiated on
� by a 2-D elementary source located in the generic point rp.
We can see that LSM actually is to cast the measured EM
fields on � into the far-field cylindrical symmetrical waves
radiated by the focusing point source rp in the support � of
the scatterer. The amplitude |g(rp)| approaches infinite large
when rp does not belong to the support � of scatterers [8],
[9]. Therefore, it is always used as an indicator of �.

We then discretize the DOI � into several independent pix-
els. For rp belonging to an arbitrary pixel and the combination
of all transmitters and receivers, (1) can be rewritten in the
matrix form

Fg = f(rp) (2)

where F is a matrix with the dimension of Nr ×Nt and includes
scattered fields measured at the receiver array for different
transmitters. g is a vector having the dimension of Nt and f is
a vector with the dimension of Nr . The regularized solution
of (2) can be obtained

ĝ = arg min
g

�Fg − f�2
2 + γ �g�2

2 (3)

where ��2 denotes the L2 norm and γ is the Tikhonov reg-
ularization factor, which avoids the existence of nonradiating

sources and prevents sources from having the infinite energy
[9], [32]. The closed-form solution of (3) is

ĝ = (F†F + γ I)−1F†f (4)

where † denotes the matrix hermitian. For rp in a certain
pixel, it is likely belonging to the background if �̂g�2 is large.
Otherwise, it is judged to belong to the scatterers.

B. Full-Wave Forward and Inversion Models

The full-wave forward and inverse scattering models are
also shown in Fig. 1. The state equation used to formulate the
forward scattering is expressed as

Einc
y (ρ) = Etot

y + jk2
0

4

∫
�

χ
(ρ
�)Etot

y (ρ �)H (2)
0 (k0|ρ − ρ �|)dρ �

(5)

where Einc
y is the incident electric field in � and Etot

y is the
total electric field in �. k0 is the wavenumber in free space
and H (2)

0 is the 0th-order Hankel function of the second kind.
The contrast χ
 is expressed as

χ
(ρ) = 
r (ρ) − 1 (6)

where 
r = εr + (σ/ jω) is complex relative permittivity.
Equation (5) can be discretized and solved by the stabi-
lized biconjugate-gradient fast Fourier transform (BCGS-FFT)
method. The details can be found in [33] and will not be
repeated here.

The inverse scattering is formulated by the data equation
that can be expressed as

Esct
y (ρ) = − jk2

0

4

∫
�

χ
(ρ
�)Etot

y (ρ �)H (2)
0 (k0|ρ − ρ �|)dρ�. (7)

In the iterative inversion computation, (7) is discretized, and
the contrast χ
 is solved by BIM with the total variational (TV)
regularization. The cost function in the (k + 1)th iteration is
constructed as

Ck+1 = �s − Ayk+1�2
2

�s�2
2

+ η

∥∥√
(Dx yk+1)

2 + (Dzyk+1)
2
∥∥

1∥∥∥√
(Dx yk)

2 + (Dzyk)
2
∥∥∥

1

(8)

where the vector s contains the measured scattered fields at the
receiver array, the vector y is composed of the contrasts of all
the unknown dielectric parameters for all the discretized pixels
in the inversion domain, A is the Fréchet derivative matrix, η is
the regularization factor, Dx and Dz are the discrete difference
matrices in x̂ and ẑ directions, respectively, [34], and � · �1

denotes the L1-norm. In the conventional FWI, (5) and (7)
are solved alternately by BCGS-FFT-BIM, and thus, the total
fields and contrasts are updated alternately until the data misfit
reaches a stop criterion. In addition, one should note that the
square root in (8) acts on the sum of squares in the way of
pixel by pixel. The cost function is minimized by converting
the TV regularization term to L2 regularization term, which
is called the iteratively reweighted norm algorithm and details
can be found in [34].
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Fig. 2. Architecture of the threefold hybrid inversion scheme. It includes three parts: the LSM, the U-Net, and the BIM.

C. CNN U-Net

In this article, we choose U-Net to classify LSM results at
the pixel level, which was originally proposed for biomedical
image segmentation [35]. The architecture of U-Net used in
this article is shown in the dotted box of Fig. 2. It is divided
into two parts, the encoder (left side) and decoder (right side).
The encoder is used for feature extraction and includes four
same modules. Each module has two 3 × 3 convolution layers
with the ReLu activation function and a 2 × 2 max-pooling
layer. After each downsampling, the number of channels is
doubled and the size is reduced by half. The decoder restores
the high-level semantic feature map obtained by the encoder
to the resolution of the original image and gives it to the
classifier for the pixel-level classification. The decoder also
contains four same modules. Each module has a 2 ×2 upsam-
pling convolution layer with the ReLu activation function and
two 3 × 3 convolution layers also with the ReLu activation
function. The classifier at the last layer of the network is
a 1 × 1 convolution layer with the sigmoid activation func-
tion. Skip-connection between the encoder and decoder layers
concatenates the high-level features and low-level features.
The high-level features have low resolution and contain more
semantic information and are helpful for classifying. The
low-level features have high resolution and contain more
structural information and are helpful for accurate segmen-
tation. Therefore, skip-connection plays a supplementary role
to remedy the information loss of down sampling. Because
there are only two classes, “scatterer” and “background,” we
input the result of LSM and get a binary image displaying the
category of each pixel.

We choose the dice loss as the cost function for training.
It is based on the dice coefficient which is used to measure

the similarity of two sets [36]. Dice loss is a value ranging in
[0, 1] which is defined as

Dice Loss = 1 − Dice Coefficient = 1 − 2
∣∣Ir ∩ Ip

∣∣
|Ir | + ∣∣Ip

∣∣ . (9)

The Ir is the real segmentation image of scatterers and Ip

is the predicted segmentation image of scatterers,
∣∣Ir ∩ Ip

∣∣
denotes the number of coincident pixels of Ir and Ip, and
|Ir | and

∣∣Ip

∣∣ denotes the number of pixels of Ir and Ip,
respectively. There are two reasons for choosing the dice loss.
One is that it is suitable for the situation where the number
of positive samples (“scatterer” pixels) is greatly different
from that of negative samples (“background” pixels) [36].
The other reason is that it directly uses evaluation indexes
for training. The parameters of the U-Net will be adjusted
for each training to minimize the dice loss. The optimization
method used in this article is the Adam optimizer [37] with
the hyperparameters β1 = 0.9, β2 = 0.999, 
 = 0 and the
learning rate being equal to 1 × 10−4.

III. NUMERICAL RESULTS

In this section, we use three numerical examples to verify
the proposed hybrid method. In the first example, it is assumed
that an inhomogeneous scatterer is located in free space
and we have to invert for the dielectric parameters on each
pixel. The purpose of this case is to validate the feasibility
and efficiency of the threefold hybrid method. In the second
example, multiple isolated homogeneous scatterers are located
in the DOI. We can merge dielectric parameters in all pixels
of the same scatterer in the cost function since they share the
same values in the inversion. In this case, the reconstruction
ability of the hybrid method for scatterers with high contrasts
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Fig. 3. (a) Training and validation models in case 1. (b) Convergence curves
of training and validation in case 1.

is validated and the antinoise ability is also tested. In the
third example, the generalization ability of the proposed hybrid
method is tested. The shapes of the three scatterers are very
different from those used in the training sets. All the measured
scattered field data are simulated by the BCGS-FFT forward
solver. In addition, in order to quantitatively evaluate the
reconstruction performance of the proposed method, we use
the data misfit and model misfit defined in (17) and (16) of
[38]. The data misfit indicates how well the measured scattered
fields match the predicted scattered fields in the iterations.
The model misfit indicates how well the reconstructed model
parameters match the true model parameters. All the numerical
experiments are performed on a workstation with 20-cores
Xeon E2650 v3 2.3 G CPU, 512 GB RAM. It approximately
spends 14 h to generate 3500 training samples in the following
two cases and the U-Net is trained on an NVIDIA Titan Xp
GPU by using these 3500 samples. The architectures of the
U-Nets in the two cases are the same but the training samples
are different.

A. EM Inversion Setups

The operating frequency is 300 MHz in both numerical
examples. Totally, 72 transmitters and 72 receivers are uni-
formly placed on a circle with a radius of 10 m. We empir-
ically choose this configuration for transmitters and receivers
since numerical simulations show that continue to increase
the transmitters and receivers almost have no aid for the
FWI results. However, reducing transmitters and receivers has
obvious negative effects on the inversion results. The inverse
domain has the dimensions of 1.92 m × 1.92 m and is divided
into 96 × 96 pixels with its center at the origin. The EM
Inversion model is shown in Fig. 1.

B. Csse 1: A Single Inhomogeneous Scatterer

As shown in Fig. 3(a), there are four basic shapes in the
training set, including the ellipse, the triangle, the rectangle,
and the cross. Only one shape appears in a training sample.
Its sizes and locations are random but its total number of
pixels is limited between 300 and 3000 to avoid too small
or too big scatterers. Its relative permittivity is randomly set
in the range of [2.0, 4.0], and the conductivity is assigned a
random value between 10 and 30 mS/m. It should be pointed
out that the scatterer in each training set is homogeneous.
Therefore, we train the U-Net with homogeneous scatterers
and generalize it to inhomogeneous scatterers. The input
data for the U-Net are obtained by LSM. Using the above

strategy, 3000 samples are randomly generated for training
and 500 validation samples are generated for the adjustment
of hyperparameters. After 500 epochs of training in a single
Titan Xp GPU which costs about 3 hours, the training dice
loss decreases to less than 0.04 and the validation dice loss
becomes less than 0.07, as shown in Fig. 3(b). This means that
after 500 epochs, the similarity between the segmented images
predicted by U-Net and the real labels has exceeded 90%.

In the online prediction, we use four testing sets. Their
ground truths are shown in the 1st and 2nd columns of Fig. 4.
And the LSM imaging results are shown in the 3rd column.
They are obtained by

G(rp) = −2ln
∥∥ĝ(θ, rp)

∥∥
2 (10)

in which ĝ is given in (4). Here, we calculate the reciprocal
of �ĝ�2

2 and use the logarithm operation to get better visual
effect. From the 3rd column of Fig. 4, it can be seen that
LSM can recover the approximate shapes of scatterers. But
the imaging effect is poor for the nonconvex envelopes and
the sharp corners of scatterers, as shown in Fig. 4(h) and (m).
For scatterers without nonconvex envelopes such as those in
Test #4, the imaging result is better, as shown in Fig. 4(r).
We then simply set a threshold to classify “scatterer” pixels
and “background” pixels. The threshold is determined by

threshold = C max
rp

G(rp) (11)

where C is an empirical constant. We vary the value of
C until achieving the “best visual” reconstruction [8]. The
classification results through the threshold are shown in the 4th
of Fig. 4. And the classification results by U-Net are shown
in the 5th column of Fig. 4. As can be seen, the classification
results of U-Net are much better than those by the threshold.
The reason is that the classification by the threshold is linear,
while U-Net can extract nonlinear features from LSM results
for classification.

After obtaining the classification results of LSM outputs,
BIM is used for the FWI only in the “scatterer” pixels.
We compare the inversion results by BIM implemented in
the whole inversion domain, by BIM implemented in the
“scatterer” region judged via the threshold classification, and
by BIM implemented in the “scatterer” region judged via the
U-Net classification. The results are shown in Fig. 5. As illus-
trated in the 1st and 4th columns, due to the ill-posedness
of the inversion problem and the underdetermination of the
discretized data equation, the model parameters obtained by
BIM performed in the whole inversion domain are sometimes
not accurate. For example, in Test #1 and Test #2, the recon-
structed scatterer volumes are larger than the true volumes.
As a result, the inverted dielectric parameter values are smaller
than the real values. In Test #3, the shapes of the scatterer
for the permittivity and conductivity reconstruction are not
consistent. The results of BIM performed in the “scatterer”
region determined by the threshold are shown in the 2nd
and 5th columns of Fig. 5. Although the inversion domain is
compressed and the unknowns in the discretized data equation
are reduced, the inversion results are not good enough. The
reason is that the shapes reconstructed by the LSM and
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Fig. 4. Ground truths, LSM results, and the pixel classification results based on the threshold and U-Net in Test #1 - #4.

Fig. 5. Inversion results by BIM implemented in the whole inversion domain, by BIM implemented in the “scatterer” region judged via the threshold
classification, and by BIM implemented in the “scatterer” region judged via the U-Net classification.

refined by the threshold are not precise enough. Consequently,
the inverted permittivity and conductivity of the scatterers are
not accurate although the computational cost of memory and

time is saved. On the contrary, the inversion results based on
the U-Net classification are better, regardless of the scatterer
shapes or dielectric parameters, since the recovered shapes
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Fig. 6. Comparisons of convergence curves of BIM for the three methods
in four tests.

TABLE I

MODEL MISFITS (%) FOR BIM, LSM+TH +BIM,
AND LSM+U-NET+BIM

from the U-Net classification are closer to the true shapes of
scatterers, as are shown in the 3rd and 6th columns of Fig. 5.

The data misfit variations in BIM iterations for different
inversion domains are shown in Fig. 6. Because the true shapes
of scatterers are quite different from the shapes recovered by
LSM and the threshold, this method has the largest data misfits
among the three methods. However, for BIM performed in the
whole region, although the reconstructed model parameters
are not accurate enough, the data misfits can achieve low
values because the problem is underdetermined. Table I shows
the model misfits of reconstructed permittivity and conduc-
tivity. We can see that the inversion based on the U-Net
classification has the smallest model misfits for all cases.
Another superiority of the proposed threefold hybrid method
is that it has less time for single-step iteration due to the
reduction of the inversion domain. For example, in Test #1,
the mean single-step iteration time of BIM performed in the
whole inversion domain is 623 s, while that based on U-Net
classification results is only 132 s.

C. Case 2: Multiple Isolated Homogeneous Scatterers With
High Contrasts

As shown in Fig. 7(a), the basic shapes in the training
set in this case are similar to those in case 1. However,

Fig. 7. (a) Training and validation models in case 2. (b) Convergence curves
of training and validation in case 2.

multiple shapes are allowed to appear simultaneously in one
training sample. These shapes can locate randomly in the
inversion domain but are not allowed to overlap with each
other. The sizes are also random but the total number of
pixels taken by the scatterers is limited between 300 and 3000.
Their relative permittivities are randomly set in the range
of [5.0, 8.0], and conductivities are assigned random values
between 50 and 80 mS/m. Compared with case 1 presented
in Section III-B, the contrasts of scatterers with respect to the
background air are much larger. There are also 3000 training
samples and 500 validation samples and the training is carried
out 500 epochs. When the training finishes, the training dice
loss decreases to less than 0.02 and the validation dice loss
becomes less than 0.09, as shown in Fig. 7(b). In this case,
the similarity between the segmented images predicted by
U-Net and the real labels also exceeds 90%.

We validate the ability of the proposed method to recon-
struct multiple scatterers with high contrasts as well as its
antinoise ability in three tests. The ground truths of these
tests are shown in Fig. 8. From Test #5 to #7, the shapes of
scatterers become more and more complex. The reconstruction
performance of the proposed hybrid method under the noise-
free, 20 dB noise, and 10 dB noise is compared. Here,
the noise level is defined according to the signal-to-noise
ratio (SNR) of power. In Fig. 9, the first, second, and third
columns show the LSM imaging results when three levels of
noise are added. Compared with those in case 1, the imaging
results of multiple scatterers with high contrasts are much
worse. This is not only due to the high contrasts but also the
strong cross scattering among different scatterers. As shown
in Fig. 9(g) and (m), the scatterer images from LSM connect
together. In addition, it can be seen from the 2nd and 3rd
columns that 20 dB noise has little influence on the imaging
results. However, when the noise reaches 10 dB, they become
obviously worse, especially in Test #7. Fortunately, the poor
imaging results of LSM can be significantly improved by
U-Net, which is shown in the 4th, 5th, and 6th columns
of Fig. 9. We can see that the connections among multiple
scatterers in the images disappear. Of course, the influence of
cross scattering and noise cannot be completely eliminated by
U-Net. The more scatterers and the larger noise are added,
the worse is the scatterer images, as shown in Fig. 9(r).

Since each isolated scatterer is homogeneous, we can
merge all the unknown dielectric parameters belonging to the
same scatterer in the discretized data equation as long as
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Fig. 8. Ground truths of three tests in case 2.

Fig. 9. LSM results and U-Net classification results under three different noise levels. Columns 1–3 show the LSM results. Columns 4–6 show the U-Net
classification results.

Fig. 10. FWI results by BIM implemented in the “scatterer” region judged via the U-Net classification under different noise levels. Columns 1–3 show the
reconstructed permittivity. Columns 4–6 show the reconstructed conductivity.

the boundary of the isolated scatterer is located by U-Net.
In this way, the BIM only needs to solve a very limited
number of unknowns. The dielectric parameters reconstructed
by BIM based on the shapes in Fig. 9 are shown in Fig. 10.
We can see that the proposed hybrid method is capable of

reconstructing multiple scatterers with large contrasts even
when the measured scattered field data are contaminated by
noise. When the noise level is too high, e.g., 10 dB, the shapes
reconstructed by U-Net are severely distorted, which leads
to the deviation of the permittivity and conductivity obtained
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Fig. 11. Ground truths, LSM results, U-Net results, and FWI results by BIM implemented in the “scatterer” region judged via the U-Net classification.

TABLE II

MODEL MISFITS (%) OF INVERTED PARAMETERS WHEN THE SCATTERED

FIELD DATA ARE CONTAMINATED BY NOISE WITH DIFFERENT SNRS

by BIM, as shown in Fig. 10(r). The model misfits of all
three tests with different noise levels are listed in Table II.
One obvious observation is that the misfit increases with
the increase of scatterer number and noise level. Although
the U-Net can improve the LSM imaging results, the shape
distortion cannot be absolutely avoided.

D. Case 3: Generalization Ability Tests

In order to test the generalization ability of the proposed
hybrid method, we apply it to three scatterers whose shapes
are far from those in the training sets. As shown in Fig. 11,
the relative permittivity and conductivity of the hollow ring
are 2.5 and 12 mS/m, respectively. Its LSM image resembles
a solid disk. However, the reconstructed shape by the same
U-Net which has been used in Case 1 is close to the true
hollow shape. Based on this, the reconstructed dielectric para-
meters are also close to the true values. Similarly, we apply the
same U-Net to the character “3” in the MNIST database [39].
The relative permittivity and conductivity of the character are
2.6 and 13 mS/m, respectively. As shown in Fig. 11(g)–(l),
both the reconstructed shape and dielectric parameter values
are close to the ground truths. We also test the generalization
ability of the U-Net used in Case 2 through a hexagon with
high contrast, as shown in Fig. 11(m)–(r). We can see that

Fig. 12. Imaging and FWI results of the experimental data measured at Insti-
tute Fresnel. (a) Ground truth of ε. (b) Retrieved ε by LSM+threshold+BIM.
(c) Retrieved ε by LSM+U-Net+BIM. (d) Result of LSM. (e) Classification
result using the threshold. (f) Classification result using U-Net.

the parameters are also well reconstructed although the LSM
image looks like a disk.

IV. TESTS WITH EXPERIMENTAL DATA

The experimental data measured at Institute Fresnel [40] are
used to further evaluate the proposed method. A “twodielTM”
profile is adopted in the test. In the measurement environment,
both the transmitter and receiver arrays are placed on a circle
with the radius of 1.67 m surrounding the “twodielTM” profile.
The operating frequency is 5 GHz. Totally 36 transmitters are
used and the field data are recorded by 49 receivers. The
experimental data are calibrated by multiplying them with
a single complex-valued coefficient which is derived from
the ratio of the measured incident field and the simulated
one at the receiver located at the opposite position of the
source [18], [41]. The U-Net used in this case is the same
as that in case 2. The ground truth is shown in Fig. 12(a),
and the result of LSM is shown in Fig. 12(d). The results
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of threshold classification and U-Net classification are shown
in Fig. 12(e) and (f), respectively. Parts (b) and (c) of Fig. 12
are the FWI results of relative permittivity by BIM based on
threshold classification and U-Net classification, respectively.
The model misfits of the permittivity based on threshold
classification and U-Net classification are 15.02% and 13.65%,
respectively. Meanwhile, the final data misfits when BIM itera-
tion terminates are 36.63% and 36.00%, respectively. Because
the images obtained through the threshold classification and
U-Net classification have no big difference, the permittiv-
ity values reconstructed by BIM are also close, as shown
in Fig. 12(b) and (c). The results from the experimental
data further validate the effectiveness of the proposed hybrid
method for dealing with the laboratory-measured data.

V. CONCLUSION AND FUTURE WORK

In this article, a threefold hybrid EM inversion method is
proposed. It combines and utilizes the respective advantage of
LSM, U-Net, and BIM. The LSM acquires the approximate
shapes and locations of the scatterers at a low computational
cost. The trained U-net further refines the shapes almost
in a real-time fashion. And finally, BIM is implemented to
retrieve the dielectric parameters of the scatterers. Because
the inversion domain is compressed and it becomes close to
the true shapes of scatterers, the number of unknowns solved
by BIM decreases. As a result, the ill-posedness is mitigated,
the inversion accuracy is enhanced, and the computational cost
is lowered.

Two numerical examples are used to validate the perfor-
mance of the proposed method. The final reconstructed results
show the feasibility of the threefold hybrid method. The
comparisons between the hybrid and the traditional methods
show that the proposed method outperforms the pure BIM for
inversion accuracy. In case 2, we show the performance of this
method for dealing with noisy data and scatterers with high
contrasts. It is found that the hybrid method can still obtain
reliable results for multiple scatterers with high contrasts even
when the measured scattered field data are contaminated by
10 dB noise. In case 3, laboratory-measured data are used to
validate the feasibility of the method.

In this work, the hybrid method is applied to the reconstruc-
tion of 2-D scatterers placed in a homogeneous background
medium. The future work will be focused on three aspects.
(1) Combine the 3-D LSM [8], 3-D U-Net [27], and the 3-D
FWI [42] to reconstruct 3-D anisotropic scatterers. This can
highlight the advantages of the proposed method in reducing
time cost and memory consumption more obviously. (2) Apply
the hybrid method to the reconstruction of scatterers buried
in a layered medium. In this situation, the apertures of the
transmitter and receiver arrays are restricted in a certain range,
which is more practical in many real-world applications, e.g.,
the GPR geophysical exploration [7]. (3) Compare the training
cost of different types of ANNs used in FWI. In this work,
both the input and output of the CNN are pure images. The
physics-assisted learning presented in [18], [26], and [27]
adopt similar approaches in which the input and output of
CNNs are permittivity values in all the pixels. By contrast,

the direct learning schemes in [18]–[20] directly convert the
measured scattered fields into the dielectric parameters. The
CNNs in all these applications usually have different structures
or loss functions. It is not easy to compare their training cost.
However, it is intuitive that the direct learning scheme has a
high training cost since the ANN must learn the underlying
wave physics of EM scattering. This has been demonstrated
in Fig. 4 of [18] since the direct learning scheme has the worst
inversion results compared with other methods based on the
same trained ANN. Of course, the strict proof of the training
cost of different ANNs in FWI will be left as future work.
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