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Abstract—Radar-based microwave imaging requires the 

effective dielectric properties of the imaged object as a priori 

information. A technique to determine the effective complex 

permittivity seen by each imaging antenna across the used 

frequency band of a multistatic imaging domain is presented. The 

method uses spatial statistical techniques to model the complex 

permittivity of the imaging domain as a function of scattering 

parameters. The proposed method does not require any 

predefined gap between the antennas and the imaged object, nor 

does it need the imaged object to be centered within the imaging 

domain. Also, the method does not need to know boundaries of the 

imaged object.  The proposed method is tested via simulations and 

experiments using a multistatic human torso imaging system. The 

collected data across the band 0.65-1.75 GHz using twelve 

antennas around the human torso are processed to generate 

accurate images. The results demonstrate significant 

improvements in image quality and detection accuracy compared 

to conventional average-permittivity methods. The efficacy of the 

proposed method is verified experimentally in detecting an early 

case of lung cancer in a human torso phantom. 

Index Terms—Microwave imaging, multistatic radar imaging, 

torso imaging, lung cancer. 

I. INTRODUCTION 

 Ultra-wideband radar technique is a well-established 

approach that is being investigated for microwave medical 

imaging [1]-[8]. The contrast in the dielectric properties 

between healthy and unhealthy tissues at microwave 

frequencies enables the use of that technique for a range of 

medical applications, such as the detection of breast cancer 

[1]-[4], lung cancer [7], and brain stroke [8]. 

Various radar imaging techniques, such as delay-and-sum 

[1], space-time beamforming [2]-[3] and fast frequency domain 

[8] algorithms, have been established for medical imaging 

applications. All of those algorithms need a priori information 

on the wave’s propagation speed in the imaging domain. Thus, 

the effective dielectric constant of the domain is typically 

assumed in the homogeneous propagation models employed by 

those algorithms. However, due to the multiple reflection and 

refraction of the electromagnetic wave in a dispersive and 

heterogeneous environment, such as the human torso, the wave 

passes through different tissues and follows different paths 

depending on the transmitter-receiver location with respect to 

the imaged object. Therefore, each transmitting-receiving 
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antenna pair “sees” different effective permittivity, which is the 

average permittivity of tissues and space through which the 

electromagnetic wave propagates for a specific 

transmitter-receiver scenario. That effective permittivity thus 

depends on the location of the antennas with respect to the 

imaging domain in addition to properties of the imaged object 

and its location with respect to those antennas. Therefore, a 

method to accurately predict the location-specific dielectric 

properties of the imaged domain is required for successful 

radar-based imaging algorithms. 

Different methods to estimate the permittivity of the imaging 

domain were proposed [9]-[11]. In those methods, the time 

delay between two sets of measurements (with and without the 

imaging subject or with its metallic equivalent) are compared to 

determine the average permittivity of the subject. In [12], 

Multiple Signal Classification (MUSIC) technique was used to 

calculate the Time-of-Flight (ToF) of the signals through the 

imaged domain to estimate the average dielectric permittivity 

of the imaged object. Those techniques gave promising results 

for low-loss, frequency-independent and homogeneous objects. 

However, the heterogeneous objects with frequency dispersive 

properties, like human tissues, can lead to inaccurate ToF 

estimation [13] which subsequently result in inaccurate images. 

With the heterogeneous structure of human organs, which 

creates multiple signal paths and possible surface waves, the 

exact value and meaning of ToF are quite ambiguous. 

In [14], the dielectric constant of the imaged subject is 

modeled as a function of antenna’s position and imaged 

location within the imaging domain of a monostatic imaging 

system. The used dielectric model is specific to the imaged 

object and is thus highly sensitive to variations in the size and 

shape of that object. In addition, the location of the imaged 

object with respect to the antennas should be known and agree 

with a pre-defined value for an accurate estimation. In another 

approach, the most likely effective permittivity of the imaging 

domain is estimated by optimizing the image quality [15], [16]. 

Those works showed interesting results for monostatic head 

and breast imaging. However, they are time consuming if used 

in multistatic configurations with large imaging domains. In 

addition, they may converge on local maxima (ghost targets) in 

highly heterogeneous environments, causing inaccurate 

detection as they rely on finding one effective permittivity for 

the whole domain. In [17]-[18], the relative permittivity of 

biological tissues is expressed as a weighted sum of scattering 

parameters to determine the electrical properties of deep 

internal organs for monitoring purposes. However, that method 

needs the average permittivity and imaged object’s borders as a 
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priori information to reduce the training matrix size. In 

addition, the measurements are performed in a low frequency 

step for a two-layer structure, which is not applicable for 

ultra-wideband imaging techniques that deal with 

heterogeneous frequency dispersive tissues.  

A method to estimate the complex permittivity of the 

imaging domain using a statistical modeling technique is 

presented. It has the capability to accurately predict the 

effective complex permittivity seen by any imaging antennas 

across the whole used band. The proposed method does not 

require any predefined distance between the antennas and the 

imaged object, nor does it need the imaged object to be centered 

within the imaging domain. Also, the method does not need to 

know boundaries of the imaged object. Those three parameters 

are quite important in medical applications, where the distance 

between the antennas and the imaged object, which may have 

any shape or size, cannot be fully controlled or known. The 

performance of the proposed method is successfully verified by 

realistic simulations and validated by experiments on a human 

torso phantom with the aim to detect early lung cancer. 

II. PROPOSED METHOD 

Assume that an imaging domain is surrounded by Na 

antennas operating in a multistatic mode as shown in Fig.  1. 

The effective permittivity of the imaging domain seen by any 

antenna depends on properties, size and shape of the imaged 

object located in the domain. For a heterogeneous object with 

frequency dispersive properties, the effective permittivity seen 

by an antenna depends also on the location of that antenna with 

respect to the object and the used frequency. Thus, the 

assumption of one effective permittivity, or even the prediction 

of one effective value when using radar beamforming 

processing techniques does not really enable accurate imaging. 

Thus, a method that can predict the effective permittivity seen 

by any antenna is a must for accurate imaging. 

The effective permittivity can be expressed as a function of 

the scattering parameters. So, if a set of S-parameters are 

calculated for a specific imaging domain (i.e. specific antennas 

and array structure) with known properties, these parameters 

can be used to train the system to predict the effective complex 

permittivity when imaging an unknown object. In the work 

[17], such a function was solved using the ordinary least 

squares linear regression methods in a bi-static configuration. 

However, due to the large number of variables (S-parameters) 

in the adopted multistatic configuration, such a function leads 

to ill-posed problems, where more than one weighting factor 

satisfy the linear equation, leading to over or underdetermined 

equations.  

To address this issue, additional information must be 

introduced to the ill-posed problem to prevent over- or 

under-fitting. To that end, the problem is regularized by the 

spatial regionalization of the scattering parameters. Thus, the 

variogram [19], which describes the degree of spatial 

dependence of signals, is calculated for each receiver i: 

𝛾𝑖(ℎ) =
1

2|𝑁(ℎ)|
∑ |𝑆𝑖𝑗 − 𝑆𝑖𝑘|

2
(𝑗,𝑘)∈𝑁(ℎ)  (1) 

where, h is the distance between the jth and kth transmitting 

antenna locations, Sij is the received signal at ith antenna 

transmitted from jth antenna using Nf frequency samples, and 

N(h) denotes the set of pairs of observations ij and ik such that 

|rij – rik| = h and |N(h)| is the number of pairs in the set. Low 

values of h represent neighboring antennas, which receive 

highly correlated signals, and thus their corresponding γ is low, 

whereas antennas that are distant from each other (high values 

of h) deliver high values of γ. By using (1), each receiver in the 

multistatic configuration is presented by a function γ(h). 

Therefore, 0.5×Na×(Na+1) independent variables/signals are 

reduced to Na regularized functions that incorporate the spatial 

features of relevant signals.   

To link γ(h) with the dielectric properties of the imaging 

domain, the effective permittivity from the view point of ith 

receiver εi is modeled as 

𝜀𝑖 = 𝐟(𝑠)𝐰 + 𝑧(𝑠) (2) 

where s={γ, h} is the function’s input in which γ is calculated 

using (1),  f(s) = [1, γ, h, γ2, γh, hγ, h2] is a vector of quadratic 

regression function, and w is the 7×1 vector of regression 

coefficients to be calculated for a minimized error z(s). There 

are Nh functions of εi for h values extending from 0 to the length 

of the maximum axis of the elliptical antenna array. Those 

quadratic functions relate discrete values of γ to h and to ε. To 

obtain the best unbiased estimation of w, it is necessary to train 

the model using training samples, which are generated using 

the calculated S-parameters of the imaging domain when filled 

with uniform media that have certain assumed permittivity 

values (sample mediums). In that regard, the imaging domain 

(such as the ellipse in Fig. 1) is assumed to have Nε different 

permittivity values εn (n = 1 to Nε) and the corresponding 

multistatic S-parameters are calculated at each assumption. The 

calculated S-parameters are then used in (1) to obtain γ(h) and 

thus the corresponding training functions sn={γn, hn}(n = 1 to Nε) 

and f(sn). Assuming Nε different training samples with assumed 

permittivity values εn (n = 1 to Nε), (2) can be written in a matrix 

form as 

𝛆𝑖 = 𝐅𝐰 + 𝐳 (3) 

where εi = [ε1,…,εM]T is the vector of permittivity with the 

dimension of M (=Nε×Nh) × 1, F = [f(s1),…,f(sM)]T is the M × 7 

regression function matrix and z = [z(s1),…,z(sM)]T is the M × 1 

error vector. The matrix of coefficients estimator �̂�  (the  
Fig.  1. The used imaging domain. 
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notation ^ represents the estimated coefficient) can be 

determined subject to the minimization of the total sum of 

squares (TSS) of the error, z 

𝑇𝑆𝑆 = ∑ |𝑧(𝑠𝑛)|2𝑀
𝑛=1 = (𝛆 − 𝐅𝐰)𝑻(𝛆 − 𝐅𝐰) (4) 

The generalized least squares solution of w is then [20] 

�̂� = (𝐅𝑇𝐂−1𝐅)−1𝐅𝑇𝐂−1𝛆 (5) 

In this equation, C = [cij]  is an M × M stochastic-process 

correlation matrix with cij = ρ(si , sj) ,  i,j=1,...,M, where ρ is the 

correlation function between the permittivity values at samples 

si={γi, hi}, sj={γj, hj}. After testing different correlation 

functions, such as linear [21], Gaussian [22] and exponential 

functions [23], the latter is selected as it gives the best fit to the 

data.  

After finding �̂� for the designed imaging domain (antenna 

array and its structure), the training step finishes and the system 

is ready to be used to image an unknown object of any shape 

and size as long as it fits within that domain. In this case the 

permittivity value 𝜀�̂�  for the measured S-parameters in the 

presence of an unknown imaged object with s={γ, h} is 

approximated by [24] 

𝜀�̂�(𝑠) = 𝐟(𝑠)�̂� + 𝐜(𝑠)𝑇𝐂−1(𝛆 − 𝐅�̂�) (6) 

where, c(s) is the correlation matrix between the input s from 

the unknown object and the training samples. Finally, the 

observed effective permittivity by the ith antenna is calculated 

by averaging the permittivity values over all values of h: 

𝜀�̂�
𝑒𝑓𝑓𝑒𝑐𝑡𝑖𝑣𝑒 =

1

|𝑁ℎ|
∑ 𝜀�̂�(𝑠𝑗)

𝑁ℎ
𝑗=1  (7) 

In summary, the proposed method can be represented by the 

flowchart shown in Fig.  2 and explained by the following 

steps: 

 
                                 (a)                     (b) 

Fig.  2. Flowchart of the proposed method, (a) training and (b) imaging.  

a) Training; 

1. Calculate the multistatic frequency domain S-parameters 

for certain range of training mediums, 

2.  Regularize the S-parameters using (1), 

3. Determine the vector of the coefficients estimator �̂� , 

using (5), 

b) Imaging; 

1. Insert the object to be imaged in the imaging domain and 

collect the multistatic frequency domain S-parameters 

with the existence of the unknown imaged object, 

2. Regularize the measured S-parameters using (1), 

3. Estimate the effective complex permittivity vector using 

(6) and (7). 

4. Construct an image using the estimated permittivity values 

and proper imaging algorithm. 

III. VERIFICATION 

To verify the proposed method in medical applications, a 

realistic simulation environment for human torso imaging is 

established in ANSYS HFSS. An elliptical shaped antenna 

array is utilized to simulate a realistic scenario in which the 

distance between the antennas and the imaged object, such as 

the human torso, is not uniform (Fig. 3). The used antenna array 

consists of compact unidirectional ultra-wideband antennas 

[25]. A photo of the used antenna and its performance are 

depicted in Fig.  4. The utilized antenna has the dimensions of 

100 × 120 × 0.8 mm3 and operates across the band 

0.65-1.75 GHz with more than 10 dB return loss in free space 

and more than 20 dB mutual coupling between any two 

neighboring antennas of the array. In the training and imaging 

steps, a signal covering the frequency band 0.65-1.75 GHz at

 
Fig. 3. Training setup. 
 

 
(a) 

 
(b) 

Fig.  4. (a) The utilized antenna [25], and (b) its reflection coefficient. 
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10 MHz intervals is sequentially transmitted by one antenna, 

while all of the antennas receive the scattered signals, which are 

recorded for further processing. 

The required number of antennas for the proposed method is 

calculated by the degree of freedom (DOF) theory [26]. 

According to DOF, the imaging domain’s perimeter should be 

sampled at a rate equal to one half of the wavelength λ in air to 

get enough information from the inside of the imaging object: 

∆𝜙 = 𝜆/(2𝑎) (8) 

wherein, a is the radius of the imaging object. In this case, the 

number of DOF of the torso imaging system, and thus the 

minimum number of antennas required to collect the available 

information at the highest frequency is 2ka = 12. To investigate 

the effect of the number of antennas on the estimation accuracy, 

the estimation error for different number of antennas is 

calculated and plotted in Fig. 5. It can be seen from Fig. 5 that 

the estimation error decreases with the increase in the number 

of imaging antennas. However, there is no significant 

improvement in the estimation error when increasing the 

number of antennas to more than 12. This issue can be 

explained by the fact that increasing the number of antenna 

significantly means that neighboring antennas get closer to 

each other and they start to “see” the same effective 

permittivity from the imaged domain. Assuming 5% as an 

acceptable estimation error for the permittivity and 

conductivity [11], [17], at least 12 antennas are required to 

estimate those values in the considered torso imaging domain.  

In the training step, no object is inserted in the imaging domain. 

Instead, a uniform training medium with the height equal or 

more than the height of the antennas fills the whole imaging 

domain, while the dielectric properties of air is chosen for the 

medium around and behind the antennas. The number of 

training media, or samples (M), needed to train the method 

affects the estimation accuracy. Essentially, larger number of 

training samples means more accurate estimation of the 

permittivity, but at the expense of longer time for data gathering 

and model training. To determine a suitable number of samples, 

a design space including all possible combinations of 

permittivity and conductivity values is considered. Since the 

aim of this work is torso imaging, the design space is sampled 

using the ranges of εr = [1, 63] and σ = [0, 1.9] to cover all the 

permittivity values of human torso tissues. The time needed for 

recording the required data in simulations and training using 

three different permittivity and conductivity sampling intervals 

(∆εr , ∆σ) is provided in Table I. The computations are 

 
Fig.  5. Estimation error with number of antennas. 

TABLE I 
COMPUTATION TIME FOR DIFFERENT NUMBER OF SAMPLES 

[∆εr , ∆σ] [5 , 0.5] [2 , 0.2] [1 , 0.1] 

Number of samples (M) 65 315 1260 

Time for gathering data (h) 260 1260 5040 

Time for training (s) 164 3116 263520 

 

performed by a 3.4 GHz and 16 GB RAM personal computer. 

The time for data gathering is calculated by multiplying the 

number of simulations (M) in the required time for one 

simulation run (≈ 4 hours). It is clear from Table I that 5040 

hours (7 months) is needed to achieve perfectly accurate model. 

It is also clear that the required time to train the model 

dramatically increases with the increase in the number of 

samples. 

To find a suitable compromise between the high gathering 

and training time needed with large number of samples and 

estimation accuracy, the estimation errors for different 

sampling intervals are calculated based on Monte Carlo 

sensitivity analysis [27]. In that regard, one fixed value for each 

parameter (e.g. conductivity) is randomly selected within its 

range, while the other parameter (e.g. permittivity) is sampled 

at different intervals. The relevant S-parameters are then 

calculated when the imaging domain is filled with the sampled 

permittivity values. The obtained S-parameters are used in (1) 

to regularize the data, and the estimation error z(s) is calculated 

using (4), where w is replaced by �̂�. The estimation errors for 

different sampling intervals are plotted in Fig.  6 (a) and (b), 

respectively. It is clear from Fig.  6 that the error between the 

estimated and actual values of permittivity and conductivity 

increases by increasing the sampling intervals. According to 

Fig.  6, the maximum sampling intervals for the permittivity 

and conductivity are ∆εr = 2 and ∆σ = 0.2, respectively, to 

achieve less than 5% estimation error. Therefore, 315 training 

samples are required to fill the design space with ∆εr = 2 and 

∆σ = 0.2 sampling intervals. Fig. 7 (a) shows distribution of the  

 
      (a) 

 
       (b) 

Fig.  6. Estimation error against sampling size, for (a) relative permittivity and 

(b) conductivity. 
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(a) 

 
(b) 

Fig. 7. (a) Dielectric properties of the training samples along with the ranges of 

variations for dielectric parameters of human torso tissues (colored boxes), and 
(b) variation of relative permittivity (solid lines) and conductivity (dash lines) 

with frequency. 

 

complex permittivity values of the selected samples (blue dots) 

along with the range of values for the dielectric parameters of 

different human torso tissues (colored boxes). Variations of 

those parameters for some of the torso tissues with frequency 

are also shown in Fig. 7 (b). 

The calculated S-parameters for all of the training media are 

used to model the dielectric properties of the imaging domain 

using (1) – (5). Once the model is created, it can be used to 

estimate the dielectric properties of any imaged object using 

(7). While this model is exclusive to the trained imaging 

domain, i.e. the antenna array and size of the imaging domain, it 

is valid for imaging any object located within that domain.   

A. Simulations 

The system is used to image a three-dimensional human 

torso model (EMAG model) including all of the torso tissues 

with their realistic dispersive properties (Fig. 7). The torso 

model and a multistatic antenna array are integrated with a 

multistatic frequency-based radar imaging algorithm to form a 

microwave torso imaging system (Fig.  8). To emulate the 

scenario of lung cancer patient, a 1 cm radius sphere of tissue 

with tumor properties is inserted inside one of the lungs. 

The simulation is conducted in CST and the recorded 

S-parameters are regularized by (1). The regularized signals are 

then used for estimating the effective permittivity of the 

imaging domain by the obtained model in training using (6) and 

(7). The simulations are conducted for healthy (without tumor) 

and unhealthy (with tumor) cases to show effect of the change 

in the dielectric properties of the tissues in the estimation of the 

effective permittivity. The estimated relative permittivity and 

conductivity of the imaging domain at the center frequency 

 
(a) 

 
(b) 

Fig.  8. Simulation setup to image an object (human torso), (a) side view and (b) 

cross-section up view. 

 

 (1 GHz) from each antenna perspective are depicted in Fig.  9 

for both healthy and unhealthy cases. Their values for antennas 

1 and 4 over the used frequency band are also shown in Fig.  10.  

As it is clear from Fig.  9, the estimated permittivity and 

conductivity values of the unhealthy case is slightly larger than 

the values for the healthy one due to the presence of a small 

tumor with high dielectric constant in the unhealthy case. Of 

course, the slight difference in those values between healthy 

and unhealthy cases cannot be interpreted directly from Figs. 

9-10 to say whether a case is healthy or not. An efficient 

processing algorithm is still needed to create a clear image that 

enables accurate diagnosis. The target from those figures is to 

show that the proposed method is quite sensitive even to a very 

small variation in the effective permittivity due to a small 

abnormality, which means better diagnosis using the proposed 

method in combination with proper processing techniques. 

That difference is more evident in the antennas that are close to 

the tumor location, especially antenna 4. Most importantly, the 

dielectric properties from the view point of those antennas are 

lower than the observed values from the other antennas’ 

perspective due to the larger air gap between antennas 4 and 10 

and the torso. On the other hand, the antennas that are close to 

the torso, such as antennas 1, 2, 12, 6, 7 and 8, see the highest 

effective permittivity and conductivity. By using 

antenna-specific permittivity values in a radar-based imaging 

algorithm, the imaging results are expected to be more accurate 

and there is no need to adjust the distance between the antennas 

and the imaged object to be uniform.  

Fig.  10 demonstrates that the proposed method can estimate 

the complex permittivity of the dispersive imaging domain.
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(a) 

 
(b) 

Fig.  9. Estimated dielectric properties at 1 GHz for each antenna. (a) Relative 

permittivity, and (b) conductivity.  
 

 
(a) 

 
 (b) 

Fig.  10. Estimated dielectric properties for antenna 1 and 4 over the used 
frequency band. (a) Relative permittivity, and (b) conductivity. 

 

Since the torso includes many types of tissues with frequency 

dispersive properties, the estimated permittivity fluctuates over 

the investigated frequency band. The overall trend of the 

estimated relative permittivity of the torso indicates a decrease 

in value with frequency. This trend of variation follows the 

average trend of variation for the permittivity and conductivity 

of individual tissues as shown in Fig. 7 (b). The average values 

of the estimated relative permittivity and conductivity over all 

of the antennas and frequencies are [εr, σ] = [29.78, 0.90] and 

[30.96, 0.91], respectively. It’s worth noting that these values 

are the estimated permittivity of the whole imaging area, 

including the effect of the air gap between the antennas and the 

torso.  

To investigate the efficacy of the proposed method in the 

image reconstruction procedure, a frequency-based multistatic 

microwave imaging algorithm [8] is utilized to process the 

recorded data and create two-dimensional images. In this 

algorithm, a modified hybrid clutter removal technique [13], 

which combines the average subtraction and entropy-based 

filtering methods is applied to the raw signals: 

𝑆(𝑖, 𝑗; 𝑓) = {
𝑆𝑎𝑣𝑔

∗ (𝑓)

𝑆𝑚𝑒𝑎𝑠(𝑖, 𝑗; 𝑓)
   𝑒

𝐻3(𝑓) ≥ 𝑁𝑎
2/2

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 ,

  (9) 

where Smeas(i, j; f) is the measured signal at ith antenna, 

transmitted by j-th antenna at frequency f, and S*
avg is the 

average value of the signals that passes from the third-order 

Renyi entropy filter: 

𝐻3(𝑓) = −
1

2
𝑙𝑜𝑔 (∑ ∑ [𝑃(𝑖, 𝑗; 𝑓)]3𝑁𝑎

𝑖=1
𝑁𝑎
𝑗=1 ) 

 (10) 

where 

𝑃(𝑖, 𝑗; 𝑓) =
𝛽(𝑖,𝑗;𝑓)[𝑆𝑚𝑒𝑎𝑠(𝑖,𝑗;𝑓)−𝑆𝑎𝑣𝑔(𝑓)]2

∑ ∑ 𝑤(𝑛,𝑚;𝑓)[𝑆𝑚𝑒𝑎𝑠(𝑛,𝑚;𝑓)𝑒𝑖𝑘𝑟−𝑆𝑎𝑣𝑔(𝑓)]2𝑁𝑎
𝑛=1

𝑁𝑎
𝑚=1

  ,
 (11) 

The weight β adjusts the probability of the calibrated signals 

according to the corresponding wavenumber of receivers ki: 

𝛽(𝑖, 𝑗; 𝑓) = 𝑒−𝑖𝑘𝑖/|𝑟𝑖−𝑟𝑗| 
 (12) 

The clutter removal mitigates the effect of the clutter at all 

frequencies by applying the average subtraction in every 

frequency step and then using a modified entropy-based filter to 

remove the strong reflections from the outer layers (skin and 

muscle). 

After removing the strong reflections, the estimated 

permittivity values and the recorded signals are used by the 

imaging algorithm to show the distribution of power intensity 

inside the imaged region. The purpose of this technique is to 

image a slice of the three-dimensional torso facing the 

antennas’ ports. Therefore, the imaging region is segmented 

into 1 mm pixels and the power intensity at each pixel location 

(x, y) is calculated by superposition of scattering powers 

produced by different transmitters across the utilized frequency 

steps (fk = 1 to Nf) [8], 

𝐼(𝑥, 𝑦) =
1

𝑁𝑎
2 |∑ ∑ ∑ 𝑆(𝑖, 𝑗, 𝑓)𝐽1

2(𝑘𝑖𝑟)𝑒−𝑖2𝑘𝑖𝑟𝑁𝑎
𝑖=1

𝑁𝑎
𝑗=1

𝑁𝑓

𝑓=1
| (13) 

where S is the measured signal, J1(kir) is the Bessel function, ki 

= 2πf(εiμ)1/2 is the wavenumber and r is the distance from 

receiver to the pixel. In this equation, a pre-known average 

permittivity value is usually used to calculate the wavenumber. 

While, in this work, the estimated permittivity values from (7) 

which are specific to each antenna and each frequency step, are 

used to calculate the wavenumber. The reconstructed image can 

illustrate the location of tumor which has higher dielectric 

properties than the healthy tissues of the torso.  

Fig. 11 shows the reconstructed images using the traditional 

(one average value) and proposed antenna-specific permittivity 
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estimation methods for two different locations. The considered 

average permittivity values in the traditional method (Fig. 11 

(a) and (b)) are selected based on the best image quality 

technique. In this approach, the imaging domain is assumed to 

have different average dielectric constant values. The 

signal-to-noise ratio (SNR) metric of the obtained images from 

different assumed dielectric properties are then calculated by 

𝑆𝑁𝑅 = 10𝑙𝑜𝑔10 (
𝐼𝑡−𝐼𝑏

𝐶𝑏
) (14) 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

Fig. 11. Reconstructed images (a), (b) before, and (c), (d) after permittivity 

estimation. 

where It and Ib are the mean values of the detected target and 

background regions, respectively, and Cb is the standard 

deviation of the background. SNR reflects the contrast between 

the target and background. Higher value of SNR means higher 

image quality. Therefore, relevant dielectric properties of the 

image with the maximum SNR value are selected as the 

dielectric properties of the imaging domain. The obtained 

average permittivity values from the traditional method are 

[εr, σ] = [23, 0.8]. 

According to Fig. 11, the proposed method can successfully 

improve the image quality and detection accuracy.  It is clear 

from Fig. 11 (a) and (b) that even using one overall average 

permittivity value can cause wrong detections by producing 

false and ghost targets. This happens due to the multipath 

phenomena occurred in the inhomogeneous torso. On the other 

hand, Fig. 11 (c) and (d) illustrate that applying the estimated 

permittivity values to the imaging algorithm provides more 

accurate detections than the conventional method (Fig. 11 (a) 

and (b)). In addition, since the estimation of the permittivity is 

done from the antenna’s point of view, the non-uniform 

distance between the antennas and the torso does not affect the 

detection accuracy. Moreover, the distribution of the lung 

tissues with high permittivity values are also roughly revealed 

in those images. This achievement can lead to more reliable 

diagnosis of lung cancer and/or other relevant diseases. 

Although, the exact boundaries of lungs are not clearly 

displayed in the image, the image quality can be improved by 

increasing the number of training samples, however, at the 

expense of computational time and memory. It should be noted 

that strong reflections of the outer layers, including the skin and 

muscle tissues, are mitigated in the first step of the imaging 

algorithm by (9). Hence, those tissues are not shown in the 

reconstructed images. 

To investigate the quality and accuracy of the obtained 

images, SNR and the detection error (Δ) metrics [13] are 

calculated to quantify the images: 

Δ = ‖𝑝∗ − 𝛼‖ (15) 

where α is the real center and p* represents the center of the 

detected target. The location of the maximum value of the 

image is determined as the center of the detected target. Lower 

Δ means more accurate detection.  

Knowing the assumed target size and locations, the metrics 

are calculated for the reconstructed images in Fig. 11, and listed 

in Table II. The higher value of SNR and lower value of Δ for 

the images generated using the proposed method compared to 

the average permittivity method, demonstrate superiority of the 

proposed method.  

 

TABLE II 

IMAGE QUALITY USING CONVENTIONAL AND PROPOSED METHODS 

Method SNR (dB) Δ (mm) Figure 

Average value  7.01 13.12 Fig. 11 (a) 

Average value 3.34 19.90 Fig. 11 (b) 

Proposed   12.08 0.00 Fig. 11 (c) 

Proposed   11.50 1.12 Fig. 11 (d) 
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B. Experiments 

In order to validate the performance of the proposed method 

in realistic environments, experiments were performed using an 

integrated microwave torso imaging system. Fig. 12 shows the 

configuration of the system. The data acquisition system 

contains a wall-mounted tube that encloses the subject under 

test. Twelve antennas are assembled inside the outer layer of 

the system to form a circular shape multistatic antenna array.  

The inner cavity is designed in an elliptical shape to form 

similar structure to that of the human torso. The outer layer of 

the system is built using expanded Polyvinyl chloride (PVC) 

with properties that are radiofrequency (RF) transparent, and 

therefore, it does not affect the radiation performances of the 

antennas. The antennas are connected to a Keysight L4491A 

microwave switching system to scan the circumference of the 

torso. The switching network is connected to the ports of a 

Keysight N9923A FieldFox vector network analyzer (VNA). 

The VNA generates the required microwave signal and 

measures the frequency response of the connected antenna 

between 0.65 and 1.75 GHz. The VNA and the switches are 

controlled by a laptop connected via Ethernet and USB 

connections. A torso phantom comprised of lungs, heart and 

abdomen block in addition to complete thorax ribs and muscle 

tissues is utilized (See Fig. 12 (b)). A 1 cm radius sphere built 

from materials that mimic the dielectric properties of tumor is 

inserted inside the phantom’s lung to imitate a lung cancer 

scenario.  

To analyze the performance of the proposed method, the 

target is positioned inside the phantom’s lung. The phantom is 

then scanned and the collected data are used to estimate the 

permittivity of the imaging domain and construct an image of 

the phantom. Due to the complexity of the experiments and the 

huge number of required materials, the simulation-based 

training algorithm is used to estimate the permittivity values in 

experiments. To that end, the measured signals are calibrated 

by shifting the signals’ frequency and then multiplying them by 

the calibration factor a: 

𝑆𝑐𝑎𝑙(𝑓) = 𝑎𝑆𝑒𝑥𝑝(𝑓 − 𝑓0) (16) 

where, Scal is the calibrated signal at frequency f, Sexp is the 

measured signal of experiment, f0 is the frequency shift which is 

needed to calibrate the data against the variations in the 

resonant frequency of the simulated and measured 

S-parameters. The calibration factor a is calculated for a free 

space scenario, i.e. by dividing the shifted signals of 

measurement at free space (without phantom) 𝑆𝑒𝑥𝑝
𝑓𝑟𝑒𝑒

(𝑓 − 𝑓0) 

by the simulation signals at free space 𝑆𝑠𝑖𝑚
𝑓𝑟𝑒𝑒

(𝑓): 

𝑎 =
𝑆𝑒𝑥𝑝

𝑓𝑟𝑒𝑒
(𝑓−𝑓0)

𝑆
𝑠𝑖𝑚
𝑓𝑟𝑒𝑒

(𝑓)
 (17) 

The calibrated signals are then used to estimate the dielectric 

permittivity values and create the final image.  

The reconstructed image is shown in Fig. 13, where the small 

target is exactly detected in the imaging domain. The 

approximate distribution of the lungs tissues around the target 

can also be seen in this image.  

 
(a) 

 

  
                                                 (b)                                                       (c) 

 
Fig. 12. (a) Torso scanner opened to show its structure and then enclosing a 

torso phantom, (b) the utilized torso phantom with its inner organs, and (c) the 

tumor. 

 

 
Fig. 13. Resultant image from experiment. 
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IV. CONCLUSION 

A technique for an accurate estimation of the frequency 

dispersive complex permittivity of an imaging domain has been 

presented. The aim of the work is to improve the detection and 

imaging accuracy of multistatic microwave medical imaging 

systems. To that end, the complex permittivity from the view 

point of each element is estimated to enhance the image quality. 

In the proposed technique, the recorded S-parameters are firstly 

spatially regionalized, and then a spatial statistical model of the 

dielectric permittivity is produced using a set of training media. 

The obtained model is used to estimate the frequency dispersive 

complex permittivity of the imaging domain from the view 

point of each antenna. The estimated permittivity values are 

then used as a priori information in a multistatic 

frequency-based microwave imaging algorithm. The 

performance of the proposed method was tested using 

realistic-model simulations and experimentally verified in a 

torso imaging system where a lung tumor was successfully 

detected in a torso phantom. The comparison between the 

constructed images using the proposed and conventional 

methods shows superiority of the proposed method. In addition, 

by using the proposed method, there is no need to adjust the 

distance between the antennas and the imaged object to be 

uniform or even known as a priori information. This feature is 

quite important in clinical use of the imaging systems, where 

the imaged object can be located anywhere inside the imaging 

domain. 
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