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A Deep Learning Method to Process Scattered
Field Data in Biomedical Imaging System

Jing Wang, Naike Du™, Xiuzhu Ye

Abstract: This paper proposed a deep-learning-based method to process the scattered field data of

transmitting antenna, which is unmeasurable in inverse scattering system because the transmitting

and receiving antennas are multiplexed. A U-net convolutional neural network (CNN) is used to

recover the scattered field data of each transmitting antenna. The numerical results proved that the

proposed method can complete the scattered field data at the transmitting antenna which is unable

to measure in the actual experiment and can also eliminate the reconstructed error caused by the

loss of scattered field data.
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1 Introduction

The inverse scattering imaging is a none-inva-
sive and harmless method, which has a promis-
ing application in the field of nondestructive
evaluation [1], geology exploration [2] and bio-
medical imaging [3-7]. It can be used to detect
human tissue such as head, breast and knee in a
safe and nondestructive way. In practice, the
antenna in biomedical imaging system performs
as either transmitter or receiver. When there are
N antennas, the maximum size of scattered field
data is N x (N — 1), resulting from the fact that
the scattered field data at the transmitting
antenna cannot be measured directly. To com-
plete the scattered field data of each transmit-
ting antenna, the linear interpolation method is
proposed, which replaces the scattered field data
at the transmitting antenna with the mean of the
scattered field data of two receiving antennas
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adjacent from the transmitting antenna. How-
ever, there is quite difference between the scat-
tered field data calculated by linear interpola-
tion method and the ideal one, which will worsen
the quality of image due to the illposedness of
inverse scattering problems. To solve this prob-
lem, we proposed machine learning method to
complete the scattered field data. The subspace-
based optimization method (SOM) [8] is used to
reconstruct the permittivities of scatterers. The
numerical results are given to evaluate the per-
formance of the proposed method.

This paper is organized as follows. In Sec-
tion 2, the settings of the inverse scattering prob-
lems are introduced. In Section 3, the details of
the proposed method are given. In Section 4, the
numerical results are given to verify the general-
ization ability of the method. Finally, we summa-
rize this paper in Section 5. The results demon-
strated that the proposed machine learning
method can provide accurate scattered field data
at the transmitting antennas, which improves the
reconstruction quality of the inverse scattering
algorithm.

2 Inverse Scattering Problems

2.1 Setups of the Biomedical Imaging System
In this paper, a 2D transverse magnetic (TM)
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case is considered. The unknown scatterers are
located in the domain of interest (DOI), which is
illuminated by N, cylindrical waves that are
located at r’,p=1,2,---, N, and is divided into
M pixels. For each incidence, there are N,
receiving antennas placed circularly to measure
the scattered field in the S domain, which are
located at r;,q=1,2,---,N,. The details of the

setting is shown in Fig. 1.
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Fig. 1  The setups of biomedical imaging system (Antennas are
placed circularly to measure the scattered field in the S
domain; D means the domain of interest)

The size of

0.1m x 0.1 m, which is discretized into 40 x 40

domain of interest is
pixels. The antennas are evenly distributed on
the circle of radius 0.119 m centered at (0 m,
0 m), which work as both the transmitters and
receivers. The frequency of incident is set as
636.5 MHz. The system is specifically designed
for human body imaging, and the scatterers are
generated based on the actual constitutive

parameters of human tissue.

2.2 Linear Interpolation Method

The linear interpolation method replaces the
scattered field data at the transmitting antenna
with the mean scattered field data of two receiv-
ing antennas adjacent from the transmitting
antenna. In order to compare the performance of
the linear interpolation method in inverse scat-
tering system with different number of antennas,
the “Austria” profile is used, which consists of
two cylinders and one ring. The center of the
ring is located at (0 m, -0.012 m), the inner

radius and outer radius of the ring are 0.013 m

and 0.028 m, respectively. Both of the cylinders
have a radius of 0.01 m and are centered at
(0.015 m, 0.03 m) and (-0.015 m, 0.03 m).

The error of the scattered field data calcu-
lated by the linear interpolation method and the
method of moment is defined as signal-to-noise
ratio (SNR) as follows

| MoM

SNR:‘E‘% (1)

sca

Indicating the ratio of theoretical scattered
field data and error in linear interpolation. EM™
and FE,, mean the scattered field data of each
transmitting antenna calculated by method of
moment (MoM) and the linear interpolation
method, respectively.

Meanwhile, SOM is used to reconstruct the
permittivities of scatterers. Root mean square
error (RMSE) is defined to evaluate the imaging
quality reconstructed by the scattered field data
calculated by the linear interpolation method.

Ve (2)

RMSE =
M

where ¢, and e, mean the true and the recon-
structed permittivities of scatterers, respectively.
M means the number of divisions of DOI, which
is 1600 in this paper.

The SNR and RMSE of linear interpolation
method using different number of antennas is

shown in Fig. 2.
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Fig. 2 The SNR and RMSE using different number of anten-

nas calculated by linear interpolation method
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The SNR is increasing with the number of
antennas, which means every two adjacent anten-
nas receive more same signals and the scattered
field data calculated by linear interpolation
method is more accurate. The RMSE is decreas-
ing as the number of antennas increases, which
means the imaging quality is better.

Increasing the number of antennas can
obtain more accurate linear interpolated scat-
tered field data and reconstruct better images,
however, due to the restriction of physical condi-
tions and the coupling effect between antennas, it
is unrealistic to use infinite antennas. Ideally,
there is an upper limit of useful information in
the inverse scattering problem according to the
theory of degree of freedom (DOF) [9]. Accord-
ing to the theory of DOF, the minimum number
of antennas of this imaging system is 6.8. The
RMSE calculated by method of moment and lin-
ear interpolation method using different number

of antennas is shown in Fig. 3.
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Fig. 3 The RMSE using different number of antennas calcu-
lated by method of moment and linear interpolation

method

It is found that, ideally, when the number of
antennas meets the requirement of DOF and the
scattered field data at transmitting antennas are
ideal, the RMSE does not change even though
more antennas are used. Meanwhile, when using
eight antennas, the RMSE of the linear interpola-
tion method is much larger than the method of
moment, which means the linear interpolation

method is not accurate enough to reconstruct

desirable images when using eight antennas.
Thus, a deep-learning based method is proposed
to obtain the accurate scattered field data of
transmitters in the inverse scattering system with

eight antennas.

3 Learning-Based Method

3.1 Structure of the U-net

In this paper, a machine learning method to
recover the scattered field data at the transmit-
ters is proposed. The U-net convolutional neural
network (CNN) was firstly designed to solve the
segmentation of medical images [10], which was
also proven to be effective for pixel-based map-
ping [11]. In this paper, the scattered field data
of N antennas is of dimension N x N x 2, where
the 2 channels represent the real part and imagi-
nary part of the scattered field data. The down-
sampling of the network is benefit to extract the
deep feature of all scattered field data and reduce
the burden of learning. The skip connection of
the network is used to avoid the loss of informa-
tion due to upsampling. We reduce the depth of
the original network to avoid the overfitting. The
details of the network is as shown in Fig. 4.

The sizes of the input matrix and output
matrix are both 8 x 8, which means there are
eight receivers. The difference between the input
and output data is that the diagonal data of the
input is set to zero, because the scattered field
data of each transmitters cannot be measured
directly in reality. While the output data is cal-
culated by MoM with ideal plane wave incidence.
C means the number of channels, which is cho-

sen as 64 in this paper.

3.2 Training Process
We used a personal computer with one piece of
GeForce RTX3070Ti GPU and CPU 12th Gen
Intel (R) Core(TM) i5-12490F to train the neu-
ral network.

In the training process, the scattered field
data with diagonal elements of zero are fed into
the U-net CNN and the outputs are the ground
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Fig. 4 The structure of the U-net CNN (N, and N,, are both 2, which represents the real part and imaginary part of scattered field

data; C' means the number of channels, which is 64 in this paper)

truth scattered field data calculated by the MoM.
We used the shape of MNIST dataset [12] as the
shape of scatterers for both training and testing.
The scatterers are generated based on the actual
constitutive parameters of muscle. The relative
permittivity of scatterers and background are
chosen as 55.8 — 6.8i and 37.08 — 6.8i respec-
tively, representing the relative permittivity of
muscle and the match solution under the fre-
quency of 636.5 MHz. The whole dataset is com-
posed of 1000 samples, 90% are used for training
and 10% are used for testing.

The hyperparameters for training are as fol-
lows: the batch size is 10; the learning rate is ini-
tially set to 2 x 107* and the learning rate of
each parameter group decays by 0.1 once the
number of epochs reaches 30, 400 and 500; the
ADAM optimizer is adopted with S, =0.9,
B, =0.999. The loss function used for training is
the mean squared error (MSE). The training
epoch is set as 500 as the loss function curve
tends to flatten.

4 Numerical Results

4.1 First Example: MNIST Data

In the first example, 100 MNIST data which are
not included in the training dataset are recon-
structed. Two samples are shown in Fig. 5. We
calculated the average SNR of scattered field
data and RMSE of reconstructed permittivities of

100 samples, as listed in Tab.1.

The results have shown that the machine
learning method performs better than linear
interpolation method, the RMSE of the recon-
structed image using data got by machine learn-
ing method is very close to that calculated by
MoM, which means the proposed method is able
to fully recover the scattered field information on

the transmitting antenna.

4.2 Second Example: Austria

In order to validate the generalization ability of
the proposed network, we used the profile “Aus-
tria”. This example is special because the shape
of the ring is extremely different from the digi-
tals in the training data set. The reconstructed
results of the three different methods are as
shown in Fig. 6. The comparison of the proposed
method and linear interpolation method is listed
in Tab. 2.

This example has demonstrated that the
machine learning method can recover the accu-
rate scattered field data of each transmitter. The
reconstructed images of the proposed method
have clearer edges and the two cylinders can be
detached finely, which verified the generalization

ability of the proposed method.

5 Conclusion

In this paper, we proposed a machine learning
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Fig. 5 The comparison of the reconstructed images of 100 MNIST dataset using the scattered field data calculated by three different

-10

methods: (a) ground truth image; (b) image got by data calculated by MoM which serves as benchmark; (c) image got by

data from interpolation method; (d) image got by data from machine learning method

Tab. 1 The SNR and RMSE of 100 MNIST dataset using three
different methods Real part Imaginary part

Method RMSE SNR 55 o
50 a
Method of moment 4.0345 — Gtrr?lltllrlld 45 :22
Linear interpolation method 4.9889 1.3964 40(a) —6.8
7.0
Machine learning method 4.0436 5.4040 :g-g
MoM :g(S)
Tab. 2 The SNR and RMSE of “Austria” using three different :?05
methods
-7.0
Method RMSE SNR ~ Linear :;(5)
Method of moment 4.2455 — interpolation ) -8.5
method 90
Linear interpolation method 7.3855 1.1804 © 95
c
Machine learning method 4.6493 3.5680 =7
. 55 g
Machine
thod to solve the problem that scattered field learning i -~
metno O Solve € proplem al scattere 1€ method 45 “10
data of each transmitter cannot be measured 4O(d) -11
directly in reality. Owing to the learning ability Fig. 6 The comparison of the reconstructed images of “Aus-
of the U-net CNN. the scattered field data tria” using the scattered field data calculated by three
)

. . different methods: (a) ground truth image; (b) image
of transmitters can be recovered finely and . . & 8
got by data calculated by MoM which serves as bench-

3 3 “ 1a? >
the 1maging of “Austria proflle pI"OVGd the gen- mark; (c) image got by data from interpolation method;

eralization ability of this method, which outper- (d) image got by data from machine learning method
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forms the traditional interpolation method in

accuracy.
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