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Confocal microwave imaging for breast cancer detection relies on accurate knowledge of the average dielectric properties of the
patient-speciﬁc breast. When accurately estimated, coherent addition will occur at the tumor site, producing a clear and sharp
image thereof. Conversely, if the average dielectric properties are poorly estimated, a blurred, unfocused image will be reconstructed, potentially obscuring cancerous lesions. Several methods have been proposed to estimate the patient-speciﬁc average
dielectric properties, for example, time-of-ﬂight estimation. However, such methods are speciﬁc to the individual imaging
hardware, can be susceptible to multipath propagation and assume the chosen paths are representative of the whole
volume. In this paper, a novel method to estimate the patient-speciﬁc average dielectric properties is presented, based on
focal quality metrics (FQMs); used historically to measure the clarity and focus of microscopic or digital photographic
images. These FQMs are applied to confocal microwave breast images to assess their focus, and hence estimate the patientspeciﬁc average dielectric properties. In this way, FQMs can be used to generate the optimum microwave image of the breast.
The performance and robustness of these FQMs for microwave breast imaging applications is examined in this paper and
preliminary results are presented and discussed.
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I.

INTRODUCTION

Over the last 15 years, confocal microwave imaging (CMI) has
emerged as a promising diagnostic method for breast cancer
detection. CMI has the potential to provide a safe, nonionizing, and comfortable method for breast cancer screening
[1–3]. An early-stage study looked at the variability in measurements with repeated scans of healthy volunteers over a
2–8 month period, conﬁrming that the scan was comfortable
and identifying some areas of variability between scans [2].
Another study considered nine patients, with breasts both
with and without disease, with many of the reconstructed
images being consistent with the clinical history of the
patient [1]. A larger, more recent study with 86 patients has
shown a sensitivity of 74% comparing well with radiological
results on the same sample. Considering only the dense
breasts, sensitivity was 86%, which is better than the radiological results for the same subset of patients [3]. These
studies have also highlighted the requirement for good estimates of the patient-speciﬁc dielectric properties in order to
create a sharp and focused image of the breast. Consequently,
a number of these groups have begun to examine new
methods to estimate the patient-speciﬁc average dielectric properties, as part of the breast imaging process [4–9]. In this paper,
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a new method to estimate the average dielectric properties is
presented and evaluated.
The physical basis for CMI is the dielectric contrast
between healthy and cancerous breast tissue [6] and the
ability to identify the source of reﬂected microwave energy
from within the breast. The source of the reﬂected energy is
a signiﬁcant dielectric scatterer, and its precise location can
be established using an estimate of the average dielectric properties of the breast. The average dielectric properties of the
breast are used by the CMI beamformer to calculate the
speed of propagation within the breast, and ultimately reconstruct an image of the breast [10]. An incorrect estimate of the
average dielectric properties reduces coherent addition at
dielectric scatterer locations, which in turn reduces the magnitude of the image at these locations and increases the clutter in
the image. This can make tumor detection more difﬁcult or in
some cases impossible.
In light of the importance of the average dielectric properties as an imaging parameter, several methods to estimate the
patient-speciﬁc average dielectric properties have been developed. These include methods to estimate the average dielectric
properties from time-of-ﬂight signals in the original patient
scan [8, 9] as well as average dielectric properties estimation
from a separate scan with additional hardware [4, 5, 11, 12].
A simpliﬁed inverse scattering problem was used in [9] to estimate the average dielectric properties from the original backscattered signals. Time-of-ﬂight measurements were used to
estimate interior properties in numerical studies [8], while
promising multipath propagation measurements were used
in some experimental studies [4, 5, 11, 12].
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In summary, these methods are reliant on transmitted
signals through the breast.
Although most prototype microwave breast imaging prototypes do collect multistatic signals, these methods are still susceptible to interference from multipath propagation, which
can distort the properties estimate. Furthermore, the effective
average dielectric properties of any given propagation path are
not necessarily the same as the effective average dielectric
properties of the imaging volume.
An ideal method is independent of acquisition hardware
(monostatic or multistatic) and can estimate the effective
dielectric properties of the imaging volume. Parameter
search methods measure properties of the image to determine
the effective dielectric properties. By measuring features of the
reconstructed images and not the backscattered signals, parameter search methods are independent of the acquisition
hardware and imaging algorithm.
Recently, parameter searches have been applied to beamforming, both for stroke and breast cancer detection [6, 7,
13, 14]. The metrics developed for stroke detection, [13, 14],
require estimating the effective dielectric properties for multiple entry points to the imaging domain. This method is difﬁcult for breast cancer detection due to the number of antenna
positions required, so many more variables would be needed.
A custom metric was developed in [6, 7] to reward images
containing one bright response with fewer other large
responses in the image (a high signal-to-clutter ratio). It also
weights responses by their distance from the skin, taking into
account that artifacts from skin removal are likely to occur
there. When applied to simulated, experimental and clinical
data in [6], this has shown promising preliminary results.
This paper proposes focal quality metrics (FQMs) as suitable ﬁtness functions in a parameter search. FQMs are algorithms that estimate the degree of focus of a whole image,
or locally in the neighborhood of a given pixel of the image.
Many families of FQMs have been developed and both theoretically and experimentally veriﬁed for over forty years [15,
16]. The wide variety of algorithms that have been developed
provides opportunities to use multiple FQMs measuring different aspects of the image together to increase the robustness
of the parameter search. Previous work has indicated that the
properties of a good CMI image are similar to those of a clear
and focused image [17, 18]. This paper investigates this correlation in more detail and proposes FQMs as a suitable ﬁtness
function for a parameter search to estimate the effective
average dielectric properties of the breast.
The FQMs presented in this paper (summarized in Section
II) are analyzed to see if image quality is correlated with a wellfocused image. If good correlation is established, then there is
potential to use the FQM as a method to ﬁne-tune the average
dielectric properties estimate, and consequently to optimize a
microwave breast image.
The remainder of the paper is structured as follows: Section
III describes how the chosen FQMs are evaluated in terms of
ﬁtness and the images on which they are analyzed; Section IV
describes the results and Section V concludes the paper.

commonly modeled as convolution with a point-spread function [19–21]. Similarly, an incorrect estimate of the effective
average dielectric properties means that the backscattered
signals are out of phase after synthetic focusing. This means
that rather than coherent addition at the locations of dielectric
scatterers, this energy is instead spread around the site of the
dielectric scatterer, an effect similar to convolution with a
point spread function. This indicates that FQMs may be suitable for assessing image quality without a priori knowledge of
the imaging domain.
A well-focused image contains a large number of sharp
edges and thus a lot of high-frequency spatial content. A
defocused image or blurred image, on the other hand, contains
less high-frequency spatial content. Therefore, the majority of
FQMs estimate the frequency content of images and can be
broadly classiﬁed based on their method of action for frequency content estimation. In this paper, ﬁve FQMs were
described and compared. One metric from each of the families
of algorithms identiﬁed in a recent review of FQMs were
chosen in this paper [16].
FQMs are often used for auto-focus, which is where the
FQMs are used in a parameter search to ﬁnd the optimal
focal length, such as in microscopy [15, 22, 23] and telescopy
[24, 25] where the properties of the optimal image are well
deﬁned and the type of image does not vary. Additionally,
FQMs have been used in more challenging situations such
as digital still cameras [21, 26, 27]; and digital video [28]
where the types of images vary from case to case (landscape,
interior, portraits) and there are strict performance criteria
in video in particular.
As well as auto-focus, FQMs have been used in:
† shape from focus (also known as depth from focus or range
from focus), which is where depth information about a
scene is inferred from the focal quality of various regions
of the image [29–31];
† multi-focus, an application where multiple images of a
scene taken at different focal lengths are fused to form
one image with all objects in focus [32].
This paper analyzes FQMs for the novel application of
effective average dielectric property estimation for CMI.

A) Gradient-based FQM (FG)
High-pass ﬁltering is analogous to differentiation. Thus, the
spatial derivative of the image can be used as a FQM, as this
rewards the higher frequency content in the image and is correlated with quality. Approximations to the ﬁrst derivative or
gradient of the image have been widely used as FQMs [15, 16,
21, 32–35]. The ﬁrst-order difference is a computationally efﬁcient method to estimate the spatial derivative and is used in
this work. In this case, a FQM based on the maximum value of
the absolute value of the gradient for each dimension of the
image is considered.
FG =

II.

FOCAL QUALITY METRICS

This paper analyses FQMs to investigate they correlate with
the qualities of a good image. In an optical system, a defocused
image is blurred in comparison to a focused image, which is

X 
Y


1 
max ID (x, y),
XY x y D[{X,Y}

(1)

where X and Y are the dimensions of the image and IX and IY
are the ﬁrst-order differences along the X and Y dimensions,
respectively.
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B) Laplacian-based FQMs (FL)

III.

Although FG uses ﬁrst-order differentiation to estimate image
quality, second order differentiation has also been applied in
the Laplacian-based methods. The energy of the Laplacian is
a commonly used FQM [16, 20, 25, 36] and can be approximated as:

Traditionally, CMI systems are evaluated using signal-to-mean
and signal-to-clutter metrics [42]. These metrics compare the
energy of the tumor to the background energy in the image,
however, do not provide much information about how the
quality changes as the effective average dielectric properties
used in image reconstruction change. Section IIIA considers the
metrics that are traditionally used to evaluate FQMs, and how
these can be used in the context of CMI to evaluate the suitability
of the FQMs for estimating the average dielectric properties.

FL =

X 
Y
1 
(L∗ I)
XY x y

(2)

EVALUATION OF FQMS

using the discrete approximation of the Laplacian, L, deﬁned as:
⎛

1
1
L = ⎝4
6
1

4
−20
4

⎞
1
4 ⎠.
1

A) Characteristics of an effective FQM
(3)

C) Wavelet-based FQM (FW)
The discrete wavelet transform (DWT) measures the frequency
content of an image and hence the image quality. The highfrequency sub-bands of the DWT have been used as FQMs
[16, 37–39]. Using a ﬁrst-level DWT and a db6 ﬁlter
(Daubechies ﬁlter with six vanishing moments), the absolute
sum of the resulting three detail sub-bands is used in this work:
FW

X 
Y 
 
 

1 
ILH (x, y) + IHL (x, y) + IHH (x, y), (4)
=
XY x y

where the ﬁrst-level detail sub-bands are given as ILH, IHL, and
IHH.

D) Fourier-based FQM (FD)
The discrete cosine transform is a Fourier-based transform
that directly measures the frequency content of an image to
infer the image quality, which has been used in FQMs [16,
28, 40, 41]. In particular, comparing the ratio of the AC and
DC energy has been used:
X 
Y
1 
FD =
XY x y



Fx,y (n, m)2
,
Fx,y (0, 0)2

(n,m)=(0,0)

(5)

where Fx, y is the DCT of the N × M sub-block centered at
(x, y). M ¼ N ¼ 8 is used in this work.

E) Statistics-based FQM (FS)
FQMs have also been constructed by analyzing the grey-level
luminance of the image. The variance of the gray-level luminance is a commonly used statistic and is analyzed in this
paper [16, 21, 26, 32–35]:
FS =

X 
Y
1 
(I(x, y) − I)2 ,
XY x y

where I is the mean of the image.

(6)

Commonly identiﬁed characteristics currently used to evaluate FQMs in other applications are:
† Accuracy: that the extremum of the curve lies at the correct
value [19, 33, 35];
† Reproducibility: that the extremum lies at the top of a
narrow peak [19, 32, 33, 35];
† Broad range: that the extremum lies at the top of a peak
with broad tails in either direction [19];
† Generalizability: that the FQM is appropriate for many different types of images, objects and textures and can be used
with different imaging settings [19, 32];
† Monotonicity with respect to blur [32].
These characteristics have been evaluated in different ways
in different contexts. Some commonly evaluated qualities of
the FQM curve are: range of peak [33–35, 40]; width of
peak [33–35, 40]; number of false extrema [33–35, 40]; accuracy of peak [33–35]; and noise level [35].
Not all evaluation criteria are directly applicable to CMI as
it is assumed by these metrics that the FQM should decay
monotonically in either direction from a single global
extremum. Instead, the FQM curve is compared to the similarity of the images to the best-case image. The best-case
image is formed at the true average value of dielectric properties measured at the center frequency of the excitation pulse.
The similarity of the images is calculated using Structural
Similarity (SSIM) index [43]. The two curves (the FQM
curve and the similarity curve) are then compared using the
Spearman Rank Correlation coefﬁcient, r, which measures
how well the correlation between two variables can be
approximated by a monotonic function. This addresses the
characteristics of reproducibility, range and monotonicity.
The accuracy is evaluated by comparing the average dielectric properties predicted by the FQM to the best-case average
dielectric properties measured at the center frequency of the
excitation pulse.
The generalizability of each FQM is estimated by testing in
a variety of scenarios: in numerical models and experimental
phantoms, with tumors of different shapes and sizes in different locations.
The FQMs are then ranked according to each evaluation criterion (correlation and accuracy), ﬁrst within each FQM family
and then globally. A global rank for each FQM is then computed by adding the ranks of the individual criteria [33].

B) Experimental evaluation
The ﬁnite-difference time-domain simulations of the breast
used for the evaluation of the FQMs are described in this
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section. Homogeneous and heterogeneous breast models were
used to evaluate the FQMs.
The homogeneous breast interior has dielectric properties
of 1r ¼ 3.74 which is the same as the matching medium in
which the breast is immersed which is in the range of
adipose tissues identiﬁed in [44, 45]. A realistically-shaped
skin layer with dielectric properties 1r ¼ 35.14 was used while
tumors have dielectric properties of 1r ¼ 60.33. Spherical
tumors with various radii ranging from 3 mm to 5 mm were
randomly placed within the breast, resulting in twenty different models. One sample model is illustrated in Fig. 1(a).
The heterogeneous breast interior was taken from the
MRI-derived three-dimensional breast models from the
University of Wisconsin–Madison (ID: 071904) [46]. Eight different heterogeneous models were simulated, consisting of a
realistic tumor generated as described in [47] with an approximate radius of 12 mm. The tumors were positioned in one of
eight positions within the breast, where positions were chosen
in accordance with locations with high tumor incidence [47].
Dielectric properties for ﬁbroglandular tissues were also
chosen in accordance with [44, 45], ranging from 32.7 to
46.8. A sample tumor position and heterogeneous model is
shown in Fig. 1(b). All relative permittivity values are reported
for the center frequency of the excitation pulse.
A single-cycle sine wave modulated by a Gaussian pulse
with a center frequency of 6 GHz and bandwidth of 6 GHz
was used to excite the breast model. A cylindrical array of
equally-spaced antennas was simulated, which illuminated
the breast model sequentially, as shown in Fig. 1. The tumor
response was isolated by using ideal skin subtraction, which
allows for the image quality to be assessed without artifacts
from skin subtraction algorithms.
Images were generated using a monostatic Delay-and-Sum
beamformer [10]:

I(r) =

Nc
T


0

The propagation delay for each channel, tc (r), is estimated
based on the average dielectric properties, speciﬁcally the
average relative permittivity:

tc (r) =

d d√
=
1r .
c c0

(8)

Two hundred and one images, ranging from 1r ¼ 3 to 1r ¼
23 were reconstructed (I ) and the best-case image was
selected using the metrics described in Section II.
The proposed algorithms are independent of the type of
beamformer used as the algorithm analyses properties of the
generated images and not of the signals.

IV

RESULTS

This section details the results of evaluating the FQMs listed in
Section II by the method explained in Section III.
The results are presented in three parts:
(1) Firstly, the effect of an incorrect estimate of the average
dielectric properties is demonstrated by examining the
images generated at varying values of assumed average
dielectric properties, as shown in Fig. 2. Figure 2(a) to
2(h) shows the coronal cross-section of the breast image
at the tumor location, generated using average dielectric
properties of 1r ¼ 3, 4, 5, 5.2, 6, 7, 8, 9 respectively;
(2) Secondly, the FQMs are evaluated quantitatively by measuring the accuracy of the estimated average dielectric
properties and calculating the correlation of the FQM
curve to the ideal in Section IVA;
(3) Thirdly, the FQMs are evaluated qualitatively by comparing the shapes of the ideal and FQM curves in Section
IVB.

2

Sc (t − tc (r))

(7)

c

where Sc is the response of each multistatic channel in the
time-domain sampled at 80 GHz, Nc ¼ 190 is the number of
multistatic channels for twenty antennas. T, the windowlength, is 330 ps, the length of the excitation pulse in the
time-domain.

A) Quantitative evaluation
Using the homogeneous models described in Section III, the
accuracy and monotonicity of each of the ﬁve FQMs described
in Section II are listed in Table 1. The average, m, and the
standard deviation, s for each criterion is shown. For all
models, the best-case average dielectric properties is 1r ¼
5.2. FL, FS, FG and FW all accurately predict the best-case

Fig. 1. Cross-sections of a homogeneous (a) and a heterogeneous (b) breast model used in this study. Antenna positions are indicated in white.
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Fig. 2. Panels (a)–(h) show images reconstructed with permittivities, 1r [ {3, 4, 5, 5.2, 6, 7, 8, 9} respectively from the heterogeneous model in Fig. 1(b). Panels
(c)–(e) show the best localization and least clutter as it closest to the best average relative permittivity, while other images are successively poorer.

Table 1. Accuracy and correlation to the similarity curve results using
homogeneous models.
Metric

FL
FG
FS
FW
FD

Correlation (r)

Accuracy

m

s

m

5.01 (4)
5.05 (3)
5.30 (2)
5.20 (1)
3.03 (5)

0.38
0.27
0.66
0.49
0.09

20.83
20.93
20.89
20.88
20.32

s
(4)
(1)
(2)
(3)
(5)

0.15
0.07
0.10
0.14
0.31

Best-case average relative permittivity, 1r ¼ 5.2.

Table 2. Accuracy and correlation to the similarity curve results using
heterogeneous models.
Metric

Correlation (r)

Accuracy

0.19
0.18
0.18
0.18
0.15

Fig. 3. This ﬁgure compares the FQM curves. For the given model
(cross-section as shown in Fig. 1(b)), the normalized value of each FQM is
shown. For comparison, the similarity curve is also shown (denoted S). This
is calculated by comparing each image to the best-case image using SSIM.
The best-case image is chosen by using the exact average relative
permittivity of the imaging volume. All but FD follow the same trend as the
similarity curve. In this scenario, the curves overestimate as er ¼ 6.3, higher
than the average dielectric properties.

average relative permittivity to within D1r ¼ 0.2. FW is the
most accurate in these test cases on average. FG has the
highest value of r, with the smallest standard deviation. FD
does not estimate the average dielectric properties well in
these cases and is poorly correlated with the ideal curves.
FD estimates average dielectric properties of 1r ¼ 3 for
nearly every test-case, which is the lowest value in the analyzed range.
Similarly, the heterogeneous results are described in
Table 2. Four metrics perform similarly in the more realistic
scenarios, FG, FS, FW, and FL have similar values for accuracy. These four metrics estimate a value of 1r ≈ 5.7 which is

10% higher than the true value of 1r ¼ 5.2. However, as
shown in Figs 2(c) and 2(e), reconstructed images within
the range 1r ¼ [5, 6] do correctly identify the tumor location.
For all metrics, the correlations with the ideal curve are worse
than in the homogeneous case. This is due to the increased
number of scatterers in the models. Reconstruction at
certain values of average dielectric properties can cause coherent addition at other points within the breast due to reﬂections
from ﬁbroglandular tissues. These images can then be
rewarded resulting in the poorer correlation with expected
curve.
Images reconstructed with underestimated average dielectric properties have a lot of clutter. Fourier-based metrics
(FD) directly measure the spatial frequency content of the

FL
FG
FS
FW
FD

m

s

m

5.74 (1)
5.76 (2)
5.76 (2)
5.79 (4)
3.65 (5)

0.43
0.45
0.45
0.45
0.54

20.70
20.69
20.69
20.69
20.74

s
(2)
(3)
(3)
(3)
(1)

Best-case average relative permittivity, 1r ¼ 5.2.
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Fig. 4. Panels (a)–(h) show the metric FD for the images in Fig. 2. Images in (f)–(h) are of very low magnitude, due to the small magnitude of the original images;
however, images in (c)–(e) are of lower mean magnitude than (a) and (b); making it difﬁcult to distinguish the best-case images from other images using this
metric.

image and can reward this structured clutter, resulting in the
consistent underestimation of the average dielectric properties
seen in both homogeneous and heterogeneous models as
shown in Fig. 4.

appropriate average dielectric properties and reconstruct a
clear and focused image for the clinician.
Further work in this area will focus on considering the
optimal FQM or optimal combinations of FQM for CMI
applications in experimental and clinical scenarios.

B) FQM curves
The FQM curves for all ﬁve FQMs described in this paper over
the given average dielectric properties range are shown in
Fig. 3. Additionally, the ideal curve as described in Section
IVA is also shown. By comparing the curves visually, FL,
FS, FG, and FW all identify 1r ¼ 6.3 as the average in this
case. Although this is greater than the mean properties as
can be seen in Fig. 2, an image reconstructed with this estimate
does show the tumor in the correct location.
Matching the quantitative analysis, FD does not identify the
average dielectric properties and neither is the shape of the
curve correct as the value of FD is too large at the lower end
of the average dielectric properties range. Figure 4 shows the
values of FD for the images in Fig. 2. The images in Figs
2(a)–2(d) are of similar maximum magnitude; however, the
images further away from the correct average dielectric properties (Figs 2(a) and 2(b)) have more clutter in the image. This
clutter is rewarded by FD as seen in Figs 4(a) and 4(b). This
makes it difﬁcult to distinguish images near the best-case
(Fig. 4(d)) from images with similar maximum magnitude
but lower signal-to-mean ratio (Fig. 4(a)).

V.

CONCLUSIONS

Although preliminary, these data indicate that properties of
clear and focused images are similar to the properties of a
good CMI image. This correlation indicates that FQMs
could potentially be used in a parameter search algorithm to
estimate the average dielectric properties of the breast in
CMI. A correct estimate of the average dielectric properties
is important in realistic screening scenarios when this value
changes from patient-to-patient and is difﬁcult to estimate
in advance. These FQMs could be used to help select the
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Montréal, Canada, 2016.
[8] Saraﬁanou, M. et al.: MUSIC processing for permittivity estimation
in a Delay-and-Sum imaging system, in 7th European Conf. on
Antennas and Propagation (EuCAP), Gothenburg, Sweden, 2013,
839–842.
[9] Winters, D.W.; Bond, E.J.; Van Veen, B.D.; Hagness, S.C.: Estimation
of the frequency-dependent average dielectric properties of breast
tissue using a time-domain inverse scattering technique. IEEE
Trans. Antennas Propag., 54 (11) (2006), 3517–3528. ISSN
0018-926X, 1558-2221. doi: 10.1109/TAP.2006.884296.
[10] Hagness, S.C.; Taove, A.; Bridges, J.E.: Two-dimensional FDTD analysis of a pulsed microwave confocal system for breast cancer detection: ﬁxed-focus and antenna-array sensors. IEEE Trans. Biomed.
Eng., 45 (12) (1998), 1470–1479.
[11] Bourqui, J.; Fear, E.C.: Dielectric permittivity estimation of biological
tissues using sensor array technology, in 2015 IEEE MTT-S 2015 Int.
Microwave Workshop Series on RF and Wireless Technologies
for Biomedical and Healthcare Applications (IMWS-BIO), Taipei,
Taiwan, 2015, 125–126, IEEE.
[12] Bourqui, J.; Fear, E.C.: Average breast permittivity measurements:
preliminary results from current patient study, in 2016 10th
European Conf. on Antennas and Propagation (EuCAP), Davos,
Switzerland, 2016, 1–4, IEEE.

[24] Bufﬁngton, A.; Crawford, F.S.; Pollaine, S.M.; Orth, C.D.; Muller,
R.A.: Sharpening stellar images. Science, 200 (1978), 489–494.
[25] Muller, R.A.; Bufﬁngton, A.: Real-time correction of atmospherically
degraded telescope images through image sharpening. JOSA, 64 (9)
(1974), 1200–1210.
[26] Chern, N.K.; Neow, P.A.; Ang, M.H. Jr.: Practical issues in pixelbased autofocusing for machine vision, in IEEE Int. Conf. on
Robotics and Automation, 2001. Proc. 2001 ICRA., vol. 3, Seoul,
South Korea, 2001, 2791–2796, IEEE.
[27] Lee, J.-H.; Kim, K.-S.; Nam, B.-D.; Lee, J.-C.; Kwon, Y.-M.; Kim,
H.-G.: Implementation of a passive automatic focusing algorithm
for digital still camera. IEEE Trans. Consum. Electron., 41 (3)
(1995), 449–454.
[28] Baı̈na, J.; Dublet, J.: Automatic focus and iris control for video
cameras, in 5th Int. Conf. on Image Processing and its
Applications, Edinburgh, UK, 1995, 232–235, IET.
[29] Helmli, F.S.; Scherer, S.: Adaptive shape from focus with an error
estimation in light microscopy, in Proc. of the 2nd Int. Symp.
Image and Signal Processing and Analysis, ISPA 2001, Pula,
Croatia, 2001, 188–193. IEEE.
[30] Krotkov, E.; Martin, J.-P.: Range from focus. in 1986 IEEE Int. Conf.
on Robotics and Automation. Proc., vol. 3, San Francisco, CA, USA,
1986, 1093–1098, IEEE.
[31] Nayar, S.K.; Nakagawa, Y.: Shape from focus. IEEE Trans. Pattern
Anal. Mach. Intell. , 16 (8) (1994), 824–831.

[13] Guo, L.; Abbosh, A.M.: Optimization-based confocal microwave
imaging in medical applications. IEEE Trans. Antennas Propag.,
63 (8) (2015), 3531–3539. ISSN 0018-926X, 1558-2221. doi:
10.1109/TAP.2015.2434394.

[32] Huang, W.; Jing, Z.: Evaluation of focus measures in multi-focus
image fusion. Pattern Recognit. Lett., 28 (4) (2007), 493–500. ISSN
01678655. doi: 10.1016/j.patrec.2006.09.005.

[14] Mohammed, B.J.; Bialkowski, K.S.; Abbosh, A.M.: Radar-based timedomain head imaging using database of effective dielectric constant.
Electron. Lett., 51 (20), (2015), 1574–1576.

[33] Firestone, L.; Cook, K.; Culp, K.; Talsania, N.; Preston, K.:
Comparison of autofocus methods for automated microscopy.
Cytometry, 12 (3) (1990), 195–206.

[15] Brenner, J.F.; Dew, B.S.; Horton, J.B.; King, T.; Neurath, P.W.; Selles,
W.D.: An automated microscope for cytologic research a preliminary
evaluation. J. Histochem. Cytochem., 24 (1) (1976), 100–111.
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