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Abstract—In this letter, a microwave imaging strategy based on
an artificial neural network (ANN) is applied, for the first time, to
experimental data gathered from simplified neck phantoms. The
ANN is used for solving the underlying inverse-scattering
problem, with the aim of retrieving the dielectric properties of the
neck for monitoring and diagnostic purposes. The ANN is trained
using simulated phantoms, to overcome the limited availability of
experimental data. First, a simple configuration with a liquid-filled
glass beaker is tested. Then, simplified 3D-printed models of the
human neck are considered. The preliminary findings indicate the
possibility of training the network with numerical simulations and
testing it against experimental measurements.
Index Terms—Microwave imaging, artificial neural networks,
machine learning, inverse scattering, biomedical imaging.

I. INTRODUCTION
Microwave imaging (MWI) emerged several decades ago as
a promising diagnostic technique for biomedical applications
[1]. Recently, besides the widespread applications related to
breast tumor [2]–[5] and brain stroke detection [6]–[8], the use
of MWI for other parts of the body, such as torso and arms [9],
[10], has gained attention, too. Specifically, this work deals
with MWI for diagnosing and monitoring neck diseases, such
as cervical myelopathy [11] and tumors [12], [13]. Indeed,
although magnetic resonance imaging (MRI) and computerized
tomography (CT) represent the gold-standard, they are either
expensive or relying on ionizing radiations. MWI represents a
complementary technique that, thanks to its nonionizing nature
and the possibility of using cheap components, may allow a
frequent monitoring. Moreover, since it aims at reconstructing
the dielectric properties from scattered-field measurements, it
also potentially provides additional diagnostic information.
MWI is based on the solution of a strongly ill-posed and nonlinear inverse problem [1]. Several solving approaches, based
on quantitative [3], [14] or qualitative methods [15], [16], have
been developed. In this context, the present Authors developed
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in [11] a quantitative technique based on a regularization
procedure in Lebesgue spaces for the diagnosis of cervical
myelopathy. Inversion methods based on machine learning
(ML) paradigms have also been recently devised [17],
considering both convolutional [18] and fully-connected ANNs
[19]. In particular, the applicability of a fully-connected ANN
for neck tumor detection has been studied, through numerical
simulations, by the present Authors in [12]. Such an ANN can
be in principle applied also to other parts of the body, provided
that a proper training dataset is adopted. It is worth noting that
other ANNs have been tried on other body parts, e.g., for breast
cancer [19] and brain stroke detection [20].
Although ANNs have been found to be quite effective, one
of the main obstacles in their practical application is the amount
of data required in the training phase [21]. In fact, in MWI the
requirement of massive quantities of data for the training phase
does not allow training ANNs with experimental data only. For
this reason, most works are limited to numerical analyses or use
data from well-known datasets (e.g., the Fresnel one [22]–[28]),
and few contributions make use of custom experimental data in
the test phase [20]. Therefore, the application of ANNs to
experimental data still represents a great challenge, which needs
to be faced to uncover the full potential of ML for MWI.
The aim of this letter is to report some initial tests against
experimental data of an ANN that has been trained with
numerical models only. To the best of the Authors’ knowledge,
this is the first time that a deep learning approach is used with
experimental data gathered from neck-mimicking phantoms.
The letter is organized as follows. An overview of the MWI
method and the ANN architecture are provided in Section II.
Preliminary experimental results are reported and discussed in
Section III. Section IV reports some concluding remarks.
II. OVERVIEW OF THE IMAGING METHOD
Let us consider the tomographic imaging system summarized
in Fig. 1. 𝑆 equally spaced antennas are located around the neck
on a circumference of radius 𝑟𝑏 and acquire measurements of
the electric field with a multi-illumination, multi-static and
multi-frequency approach. In this configuration, 𝑆 views are
considered, with 𝑀 = 𝑆 − 1 receiving antennas for each view,
and data are measured at 𝐹 frequencies. Between the antennas
and the neck, a layer of matching medium (with dielectric
permittivity 𝜀𝑚𝑚 and electric conductivity 𝜎𝑚𝑚 ) is present. The
developed approach aims at reconstructing the differences in
the dielectric properties inside the investigation domain 𝒟𝑡 with
respect to a given reference configuration. In the following,
Δ𝐸𝑓,𝑠,𝑚 denotes the difference between the 𝑧-component of the
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total electric field due to the actual and reference configurations
(for the 𝑓th frequency, 𝑠th view and 𝑚th measurement point).
Moreover, Δ𝜀𝑟 𝑛 and Δ𝜎𝑛 are the differential dielectric
properties in the 𝑛th subdomain (𝑛 = 1, … , 𝑁𝑡 ) in which 𝒟𝑡 is
discretized. As it is well known, the retrieval of Δ𝜀𝑟 𝑛 and Δ𝜎𝑛
starting from Δ𝐸𝑓,𝑠,𝑚 constitutes a nonlinear and ill-posed
inverse problem [1]. An ANN-based inversion approach,
originally proposed in [12], is adopted in this letter. As shown
in Fig. 1, the input of the network is an array containing the real
and
imaginary
parts
of
Δ𝐸𝑓,𝑠,𝑚 ,
i.e.,
𝐈=
𝑡
[ℜ{Δ𝐸1,1,1 }, … , ℜ{Δ𝐸𝐹,𝑆,𝑀 }, ℑ{Δ𝐸1,1,1 }, … , ℑ{Δ𝐸𝐹,𝑆,𝑀 }] . The
ANN is composed by 𝐾 hidden layers, each one containing 𝐿
neurons characterized by a weight vector 𝐖𝑘,𝑙 and a bias 𝑏𝑘,𝑙 ,
with 𝑘 = 1, … , 𝐾 and 𝑙 = 1, … , 𝐿. The output 𝐎𝑘 of the 𝑘th
layer is computed as in [12]. The output layer has 2𝑁𝑡 neurons
(with weight vector 𝐖𝐾+1,𝑙 and a bias 𝑏𝐾+1,𝑙 ) and a regression
function is added to predict the dielectric properties in the
investigation domain, which are contained in the output array
𝐎 = [Δ𝜀𝑟 1 , … , Δ𝜀𝑟 𝑁 , Δ𝜎1 , … , Δ𝜎𝑁𝑡 ]𝑡 . The output is computed
𝑡
𝑡
𝑡
as 𝐎 = 𝐑[𝐖𝐾+1,1
𝐎𝐾 + 𝑏𝐾+1,1 , … , 𝐖𝐾+1,2𝑁
𝐎 + 𝑏𝐾+1,2𝑁𝑡 ]𝑡 ,
𝑡 𝐾
where 𝐑 is the Rectified Linear Unit (ReLu) activation function.
The Adam method [29] is used in the training phase to minimize
the loss function ℒ =

1
𝐷𝑡𝑟

[∑𝑖

𝑖 −Δε𝑖 ‖
‖Δ𝜀𝑟,𝑟
𝑟,𝑎
𝑖 ‖
‖Δ𝜀𝑟,𝑎

+ ∑𝑖

‖Δ𝜎𝑟𝑖 −Δσ𝑖𝑎 ‖
‖Δσ𝑖𝑟,𝑎 ‖

],

𝑖
𝑖
where 𝐷𝑡𝑟 is the number of samples, Δ𝜀𝑟,𝑟
and Δ𝜀𝑟,𝑎
are the
reconstructed and actual real parts of the relative dielectric
permittivity of the 𝑖th sample, and Δ𝜎𝑟𝑖 , Δ𝜎𝑎𝑖 are the
corresponding electric conductivities.

III. PRELIMINARY EXPERIMENTAL RESULTS
Some preliminary experimental results are presented in this
Section to test the reconstruction capability of the proposed
ANN. The adopted microwave imaging system is described in
[11]. It consists of 𝑆 = 10 slotted cavity-backed bow-tie
antennas and a vector network analyzer connected to the
antennas through a switch matrix. A mixture of water and 70%
glycerin (volumetric), enclosed in polyethylene bags interposed
between the antennas and the phantom, is used as matching
medium. 𝐹 = 4 frequencies between 600 and 750 MHz with
50 MHz frequency step have been considered for the first two
cases, whereas for the third case 𝐹 = 7 frequencies between
600 and 900 MHz have been used. Such parameters have been
chosen on the basis of the analysis performed in [11], where it
has been found that frequencies between 500 MHz and 1 GHz,
with a matching medium having relative dielectric permittivity
between 5 and 60, provide a good trade-off between low
reflection from skin and high penetration into the neck. The
developed network has 𝐾 = 5 hidden layers and 𝐿 = 448
neurons for each layer. Such parameters have been chosen
according to the analysis performed in [12]. The initial weights
of the ANN are drawn from a Gaussian distribution with zero
mean value and standard deviation equal to 10−2 , whereas the
initial biases are set to zero. A constant 𝐿2 norm regularization
parameter equal to 10−4 is adopted to avoid overfitting, with a
mini-batch size of 256. An initial learning rate equal to 10−3 is
used in the Adam method, with a maximum of 500 epochs.

Fig. 1. Structure of the proposed microwave imaging system and of the
inversion approach based on a fully connected neural network.

In the first case, a circular glass beaker with external radius
𝑟𝑏 = 53.5 mm filled with a 70% glycerin:water mixture and
containing a circular inclusion with radius 𝑟𝑖1 = 8.5 mm placed
at (23, 3) mm is considered [Fig. 2(a)]. The inclusion is filled
with an 80% glycerin:water mixture. The dielectric properties
of these mixtures have been estimated from reflection
measurements performed on a liquid-filled section of a shortcircuited coaxial line [11]. The network has been trained using
a dataset of 𝐷 = 10,000 numerically simulated configurations.
Since the aim is to detect just the inclusion inside the phantom,
each target is modeled as a circular cylinder with radius 𝑟𝑛 =
6.2 cm (to account for beaker and matching medium) and
dielectric properties 𝜖𝑚𝑚 = 43𝜀0 and 𝜎𝑚𝑚 = 0.8 S/m [11], in
which a cylindrical inclusion with random radius 𝑟𝑡1 ∈ (5, 10)
mm and position (inside the beaker) is present. The dielectric
permittivity of the inclusion randomly ranges from 30𝜀0 to
40𝜀0 and its electric conductivity is in the range [0.4, 0.7] S/m.
The investigation domain is discretized into 𝑁𝑡 = 3024 square
cells of side 2 mm. The scattered fields are computed with a
custom solver based on the method of moments [30]. A subset
of 90% of samples is used to train the network, whereas the
remaining ones are used for validation. The obtained values of
the loss function are 1.03 and 1.1 for the training and validation
sets. The reference configuration is the phantom without the
inclusion, i.e., a homogenous circular structure with dielectric
properties equal to those of the matching medium.
In order to use the experimental data for testing the ANN, a
scattered-field calibration has been performed [31], where the
fields measured in the presence of a known target are used to
derive a set of scaling coefficients, one for each transmitterreceiver pair and frequency. The calibrated measurements are
𝑆𝐼,𝑅
𝑀,𝑅
𝑀
then obtained as Δ𝐸𝑓,𝑠,𝑚 = Δ𝐸𝑓,𝑠,𝑚
Δ𝐸𝑓,𝑠,𝑚
⁄Δ𝐸𝑓,𝑠,𝑚
, where
𝑀,𝑅
𝑆𝐼,𝑅
𝑀
Δ𝐸𝑓,𝑠,𝑚
are the uncalibrated data, and Δ𝐸𝑓,𝑠,𝑚
, Δ𝐸𝑓,𝑠,𝑚
are the
experimental and simulated fields for the calibration target. In
particular, in this case the calibration target is a circular
inclusion with radius 𝑟𝑖2 = 6.2 mm that has been placed inside
the beaker at (23,5) mm. The reconstructions of Δ𝜀𝑟 and Δ𝜎 are
reported in Fig. 2(b) and Fig. 2(c). The internal inclusion is
correctly localized, and a quite good estimation of the dielectric
properties is obtained, although Δ𝜀𝑟 is underestimated.
In the second test case [Fig. 2(d)], a 3D-printed model of the
human neck is considered (“Phantom 1” of [11]). The
considered printed structure contains some of the main
anatomical details, such as the air-filled trachea in the anterior
part of the neck and the external fat layer [11]. The 3D-printing
material is polylactic acid (PLA), whose dielectric properties
are 𝜀𝑃𝐿𝐴 = 3𝜀0 , 𝜎𝑃𝐿𝐴 = 0.001 S/m. The trachea is characterized
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TABLE I
RELATIVE RECONSTRUCTION ERRORS (DIMENSIONLESS)
Case 𝑒𝑡𝑜𝑡,𝜀𝑟 𝑒𝑡𝑜𝑡,𝜎

(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Fig. 2. Configuration of the experimental target and reconstructed maps. (a)
Beaker, (b) Δ𝜀𝑟 and (c) Δ𝜎. (d) 3-D printed neck “Phantom 1” [11], (e) Δ𝜀𝑟 and
(f) Δ𝜎. (g) 3-D printed neck “Phantom 2” [11], (h) Δ𝜀𝑟 and (i) Δ𝜎.

by 𝜀𝑡𝑟𝑎 = 𝜀0 , 𝜎𝑡𝑟𝑎 = 0 S/m, and the neck filling has 𝜀𝑛𝑒𝑐𝑘 =
43𝜀0 , 𝜎𝑛𝑒𝑐𝑘 = 0.8 S/m. An inclusion with radius 𝑟𝑠1 = 12 mm
has been placed inside the neck phantom at (10, 5) mm. The
network has been trained by using a dataset built from a
numerical model of the phantom (containing the external layer
and the trachea), in which inclusions with different random
positions (inside the inner part) and radius 𝑟𝑡2 ∈ (3,15) mm
have been located. The dielectric properties vary in the same
ranges of the previous case. The reference scenario is the
phantom without inclusions. To calibrate the data, an inclusion
with radius 𝑟𝑠2 = 5 mm has been placed at (10, 9) mm. The
reconstructed values of Δ𝜀𝑟 and Δ𝜎 are shown in Fig. 2(e)-(f).
In this case, too, the inclusion is well detected, although Δ𝜀𝑟 is
slightly overestimated and Δ𝜎 is underestimated.
Finally, a more complex 3D-printed model with vertebral
column filled with glycerin (𝜀𝑣𝑒𝑟 = 9.77𝜀0 , 𝜎𝑣𝑒𝑟 = 0.36 S/m)
is considered [“Phantom 2” of [11], Fig. 2(g)]. A circular
printed inclusion with radius 𝑟𝑣1 = 5 mm has been located
inside the vertebra at (0.5, 0) mm. The numerical models used
in the training procedure reproduce the printed structure, and
contain random inclusions inside the vertebra with radius in the
range 𝑟𝑡3 ∈ (3,12) mm. The ranges of the dielectric properties
are the same as before, and the structure without inclusion is
used as reference scenario. To calibrate the data, an inclusion
with radius 𝑟𝑣2 = 9 mm has been considered inside the vertebra
at (5, 0) mm. The reconstructed maps of the dielectric
properties are shown in Fig. 2 (h)-(i). Even in this more
involving case, the inclusion is well detected in both Δ𝜀𝑟 and
Δ𝜎, and the reconstructed values are quite accurate.
For completeness, the performances of the approach have
been evaluated using the mean relative errors 𝑒{𝑡𝑜𝑡,𝑏,𝑖𝑛},𝛾 =
1
𝑁{𝑡,𝑏,𝑖𝑛}

∑𝐫𝑛∈ 𝒟{𝑡,𝑏,𝑖𝑛}

|𝛾𝑟𝑒𝑐 (𝐫𝑛 )−𝛾𝑎𝑐𝑡 (𝐫𝑛 )|
|𝛾𝑎𝑐𝑡 (𝐫𝑛 )|

, where 𝛾𝑟𝑒𝑐 and 𝛾𝑎𝑐𝑡 are

𝑒𝑏,εr

𝑒𝑏,𝜎

#1 0.007 0.013 0.004 0.008
#2 0.011 0.033 0.006 0.008
#3 0.008 0.006 0.006 0.005

𝑒𝑖𝑛,𝜀𝑟

𝑒𝑖𝑛,𝜎

𝑒𝑟

𝑒𝑐𝑑,𝑥

𝑒𝑐𝑑,𝑦

0.169 0.259 0.001 0.026 0.100
0.141 0.703 0.146 0.013 0.048
0.262 0.328 0.250 0.020 0.001

the reconstructed and actual values of Δ𝜀𝑟 or Δ𝜎, 𝐫𝑛 is the center
of the 𝑛th cell of the investigation domain, 𝒟{𝑏,𝑖𝑛} is the
background (𝑏) or the inclusion (𝑖𝑛) region, and 𝑁{𝑏,𝑖𝑛} is the
corresponding number of cells. Moreover, the relative errors on
the estimated radius and center of the inclusion have been
evaluated, too. In particular, the radius error, 𝑒𝑟 , is computed as
𝑒𝑟 = |𝑟𝑟 − 𝑟𝑎 |/|𝑟𝑎 |, where 𝑟𝑎 and 𝑟𝑟 are the actual and estimated
radiuses, the latter obtained by setting a threshold equal to 40%
on the maximum reconstructed value of Δ𝜀𝑟 . Similarly, the
center errors, 𝑒𝑐𝑑,𝑥 and 𝑒𝑐𝑑,𝑦 , are the relative errors on the 𝑥 and
𝑦 coordinates of the reconstructed inclusion. The errors are
reported in Table I for the three considered cases. In the second
configuration, 𝑒𝑡𝑜𝑡,𝜀 and 𝑒𝑡𝑜𝑡,𝜎 and 𝑒𝑏,𝜀 and 𝑒𝑏,𝜎 are slightly
higher than in the first case. Indeed, in Fig. 2(e)-(f) some
artifacts in the background are present. Moreover, 𝑒𝑖𝑛,𝜎 is about
twice the value of the first case, and this is motivated by the
underestimation of the reconstructed values of Δ𝜎. In all cases,
low radius and position errors are obtained, thus allowing to
identify and locate the inclusion suitably. In the last case, errors
are generally comparable with the simplest configuration.
Finally, the robustness of the method with respect to
uncertainties in the values of the dielectric properties used in
the training set was tested (considering test cases #1 and #2). In
particular, the network has been trained with a model having a
variation of ±5% of the dielectric properties (outside the
inclusion). The average increase in the relative errors is 2.45%
for 𝑒𝑡𝑜𝑡,𝜀𝑟 and 9.15% for 𝑒𝑡𝑜𝑡,𝜎 .
IV. CONCLUSION
In this letter, initial experimental tests of an ANN approach
for quantitative microwave imaging of the human neck have
been discussed. The considered ANN, which is composed by
fully connected layers, has been trained by means of numerical
simulations and then tested, for the first time, against
experimental data. Three different phantoms with inclusions
have been considered: a liquid-filled glass beaker, a simplified
and a complex 3D-printed model of the human neck. The
preliminary results, although obtained with simplified
phantoms in a laboratory environment, are promising. In all
cases it has been possible to identify with quite good accuracy
position, dimension, and dielectric properties of the inclusion,
as summarized in Table I. Future works will be aimed at a more
extensive analysis of the performance, also including more
advanced phantoms and possibly real necks. More complex
neural network architectures will be considered, too. The
potential extensions of the approach to other frequency bands
(with the necessary trade-offs in terms of attainable accuracy)
and to different parts of the body will be addressed, too.
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