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Real-time 3D temperature reconstruction in
microwave cancer hyperthermia from scarce
temperature measurements

Rossella Gaffoglio 1, Giorgio Giordanengo 1, Marco Righero 1,
Marcello Zucchi 2, Maryam Firuzalizadeh 2, Giuseppe Musacchio Adorisio 1,
Aurora Bellone 2, Alberto Vallan 2, Guido Perrone2 & Giuseppe Vecchi 2

Oncological microwave hyperthermia is a clinically proven sensitizer of radio-
and chemo-therapies; it acts by selectively increasing the temperature of
tumor cells by means of antenna applicators. Its current limitations mostly
come from the inability to reliably predict, and hence control, temperature
inside the patient during treatment, especially for deep-seated tumors.
Simulations are employed in treatment planning, but due to related uncer-
tainties invasive thermometry is necessary, usually via catheters. Being inva-
sive, their use must be minimized and provides very limited spatial
information. Here, we demonstrate an approach to obtain 3D temperature
information in real time from fewmeasurement points viamassive use of high-
performance simulations carried out prior to treatment. The proposed tech-
nique is tested both in a fully anthropomorphic in-silico scenario, and in an
experimental controlled setting. The obtained results demonstrate the
potential of the proposed method as a low-cost real-time temperature mon-
itoring technique in cancer hyperthermia. Use with intra-luminal, minimally-
invasive catheters is supported by the positive outcome experimentally
obtained using data points directly acquired in the trachea-mimicking phan-
tom structure.

Cancer is one of the major causes of death in the world, and numbers
are expected to significantly increase in the coming years also due to
the population ageing. In this scenario, research into techniques which
allow to increase the effectiveness of current treatments and improve
thequality of life (QoL) of cancer patients is of primary importance and
urgency.

Thermal therapies currently play a significant role in cancer
treatment, particularlywhen combinedwith other treatmentmethods.
Depending on the temperature reached, the treatment duration, and
themethodofheat administration, heat therapies canbedistinguished
into microwave hyperthermia, ablation (RF, microwave, ultrasound),
and laser therapy. While the aim of ablation is to shrink or destroy

tumor cells with temperatures above 60 °C, administered for a dura-
tion usually less than 10min1,microwave hyperthermia (HT) consists in
heating the tumor temperature to 42–44 °C for 60–90min, which
results in increased sensitivity of cancer cells to radiation and drugs.
HT has been clinically demonstrated as a means for improving the
treatment efficacy of radiotherapy and chemotherapy, without
increasing their long-term side effects2–6, proving particularly useful in
the treatment of recurrent cancers7–9.

The operational mechanism of hyperthermia consists in focusing
the electromagnetic field generated by an antenna applicator on the
tumor region, withminimal heating of the surrounding healthy tissues;
for deep-seated and sub-superficial tumors, this is achieved using a
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phased array applicator10,11. Hyperthermia treatment planning (HTP)
simulations are used to predict the distribution of specific absorption
rate (SAR) and temperature in the treated region of interest (ROI) and
find the antenna feeding coefficients which allow to selectively heat
the tumor region12–15. This can be obtained by optimizing the SAR
distribution in the ROI, using properly defined SAR-based objective
functions, or, directly, the temperature; whether one approach is
better than the other is still an open question in the scientific com-
munity, and both SAR-based and temperature-based optimization
routines are nowadays used in the clinical practice leading to com-
parable results16. Although being the basis of HTP, simulations cannot
be completely relied on for temperature monitoring, due to the high
uncertainty of crucial tissueproperties (suchasperfusion), and evenof
some model equations17–20.

Currently, the most accurate method of controlling the effective
temperature in clinical practice during HT treatments employs probes
encased in closed-tip catheters, which provide very limited spatial
information12,21. A technology under development is based on measur-
ing the temperature distribution by carrying out thermal treatments
inside anMRI environment22,23.MR thermometry is an evolvingfield, but
at present only provides relative temperature change data, is hampered
by field heterogeneity, subject to inaccuracies in the presence of (e.g.,
respiratory) motion, and has difficulties measuring in fatty tissues.
Widespread application of MR thermometry is also limited by the high
cost of operating MRI scanners, their scarce availability, and the chal-
lenges involved in applying thermal therapies inside an MRI system.
Other limitations of MR thermometry which affect more ablation than
hyperthermia (due to thehigher temperatures reached) are the artifacts
induced by local susceptibility changes, temperature-induced varia-
tions in tissue electrical conductivity, and gas bubble formation24,25.
Electrical impedance tomography (EIT) has also been proposed26–29 for
non-invasive and cost-effective thermometry, but it relies on sophisti-
cated simulations that suffer from large uncertainties.

The current lack of a method that allows to provide a real-time
temperaturemap in all points of the treated region is therefore evident,
and it is a problem that concerns not only HT but all thermal therapies.
The method proposed in this article consists in creating a patient-
specific set of temperature simulations in the ROI, corresponding to
different combinations of the constituent parameters (which are
known within large uncertainty ranges), and then match this set to the
scarce and limited data provided by a single closed-tip catheter to
obtain a realistic 3D temperature map of the patient in real time.

Computations are often not reliable per se since a large uncertainty
may affect how the parameters describing the underpinning physical
system are known20, andmeasurements are often scarce and affected by
unavoidable noise; hence complementing information from computa-
tional science and fromexperimentalmeasurements has recently gained
interest in the broad topic of digital twin30–35. This article describes a
coherent framework to seamlessly integrate these two sources of
information without resorting to the full machinery of Bayesian infer-
ence that is often employed—thus avoiding the related computational
burden in the online monitoring phase—and provide experimental vali-
dationof itsperformance in thecaseof temperaturemonitoringduringa
hyperthermia treatment using few temperature sensors. We used low-
discrepancy sequences for picking the combinations of the constituent
parameters when populating the set of patient-specific simulations. We
remark that the interest here is in exploring the space of different
combinations as much as possible and not in deriving any statistical
measure, as it is done in instances of the Monte Carlo method20.

Few attempts are reported in the literature aimed at enhancing
the accuracy of temperature simulations while minimizing invasive
thermometry. The approach proposed in this article leverages few
measured samples to continuously adapt the predicted temperature
distribution to better match the measured data, providing an updated
estimate of the patient’s temperature in real time. This differs from

anothermethod reported in the literature18,36, where tissue parameters
are estimated by fitting the simulated maps to temperature measure-
ments and used to predict the temperature evolution without any
explicit real-time check that the expected temperature matches the
real one. Existing approaches that explore the possibility to find a full
3D temperature map require optimization routines to run in post-
treatment, involving iterative thermal simulations and measured
data18,37; these techniques are indeed not intended to offer a real-time
feedback on the actual 3D temperature distribution, but rather to
provide benefits in subsequent treatments. The proposed method,
conversely, shifts the computational burden to the pre-treatment
stage, creating a patient-specific library of temperature maps that can
beused starting from thefirst application and allows to reconstruct the
temperature even in the case where crucial parameters, such as per-
fusion, vary over time. Another line of research38 blends a compact
representation of the time evolution of the temperature in the ROI
(based on a library of simulations, similarly to the method proposed
here) with data from MR thermometry. At a difference from the cited
approach38, however, that compact representation does not consider
the relevant issue of parameter uncertainty and MR thermometry
providesmore data points than temperature probes in a single closed-
tip catheter, at the price of requiring a more complex equipment. As a
further difference, the method proposed here may use any code to
populate the simulations library, commercial or developed ad-hoc,
without assuming a level of access to the inner working of the software
used tobuild the library of temperaturemaps that isdifficult to achieve
without developing an in-house code38.

Tests carried out both in a simulation scenario and in an experi-
mental testbed, specifically built to simulate a hyperthermia treatment
in the head andneck (H&N) region, are presented in this article to prove
the feasibility of the proposed method. An estimate of the true state of
the system is provided using the limited information from a single
catheter, which can also be far from the tumor site and even external to
the ROI, i.e. inserted in the part of the phantom that simulates the
trachea, so as to mimic a non-invasive intraluminal catheter. The tech-
nique demonstrated represents an efficient way of implementing a
feasible, real-time, full-3D thermometry in a minimally invasive way (if
not even non-invasive in the case of intraluminal catheters). Unlike MR
thermometry, the proposed approach also represents a low-cost and
easy-to-deploy method, which could favor, in the future perspective,
widespread use in the clinic of thermal therapies.

Results
Overview of the method and metrics
The standard HTP approach starts with the generation of a 3D seg-
mented model of the patient, obtained from CT and MRI scans (see
Fig. 1), which is then imported in a multiphysics simulation environ-
ment together with the model of the antenna applicator. Numerical
solvers in HTP involve the solution of Maxwell’s equations and the
bioheat thermal equation, using a set of dielectric and thermal para-
meters (Methods). The tissue properties assigned to relevant tissues
and organs of the segmented phantom are typically found in the lit-
erature, where they are reported with considerable uncertainty17–20.
These parameters, here named sbase (Fig. 1), are indeed estimated as
averages over different studies and measurements, and their values
can vary significantly18 under HT treatments, being temperature-
dependent. The simulated temperature map at time t, indicated as
F r, t;sbase
� �

, where rbelongs to the set ofmeshpoints in theROI, is not
reliable per se, due to the inherently uncertainty affecting the model’s
constituent parameters. Thismakes interstitial thermometry advisable
during treatment21, although it allows to control the effective tem-
perature in a very limited number of points—this means that a hotspot
that the patient does not yet perceive as pain could be present far from
the temperature probes and be dangerous especially in highly ther-
mosensitive regions (e.g., spinal cord).
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The technique proposed in this paper has the goal to use few
localized temperature measurements to provide a reliable temperature
map at any time and in the whole ROI. As depicted in Fig. 1, the core of
the proposed procedure lies in two fundamental steps: 1) the creation in
a pre-treatment stage of a library of multiphysics simulations reprodu-
cing the heating process in the ROI, obtained by purposelymutating the
constituent parameters sb, b= 1, . . . ,B, within realistic variation ranges
according to a low-discrepancy sequence (Sobol sequences are used); 2)
the acquisition of few measurement points eTðql, tÞ, l= 1, . . . , L, during
treatment. Thechallengeofproviding real-timemapsof the temperature
in the entire ROI during treatment is then addressed by selecting and
combining the elements of the ensemble of multiphysics simulations in
the way that best matches the scarce measurement data, leveraging the
available data to reduce the uncertainty that affects simulations. The
reconstruction process entails recovering the temperature map in the
3D space from a limited (noisy) set of real-time temperature measure-
ments acquired along the direction of afiber-optic thermometer. Froma
mathematical point of view, this corresponds to solve a constrained least
squares problem involving the set of multiphysics simulations and the
scarce available measurement points (Methods).

The feasibility of the proposed technique is here demonstrated in
two different scenarios. The first scenario is a completely in-silico
testbed designed following the ESHO guidelines39, realized in the
simulation software Sim4Life40 using state-of-the-art anthro-
pomorphic human body phantoms, where the effect of blood perfu-
sion is included. The second scenario is an experimental mock-up
reproducing a muscle-tissue equivalent phantom of the human neck

heated by a phased array applicator, which has the main purpose of
demonstrating the validity of the method in a system affected by real
experimental errors.

To assess the accuracy of the obtained results in accordance with
the current literature, we consider the median of the absolute tem-
perature differenceΔT between the target map and the reconstructed
temperature map T̂ r, tð Þ in the ROI, and the absolute difference of the
T50 and T90 parameters18,39, i.e., the temperature exceeded by 50%
and 90% of points in the tumor region. Although these median values
are measures of inaccuracy, we will refer to them as accuracies as
common in the related literature18.

The target map can be a simulated temperature map corre-
sponding to a given combinationof the constituent parametersor a set
of experimental points eT rm, t

� �
,m= 1, . . . ,M, distributed in the whole

phantom. The reconstructed temperature map is instead obtained by
applying the proposed method using the temperature information
providedby the targetmap in few spatial pointsql, l= 1, . . . , L, located
along the same direction and affected by noise (Methods).

In addition to the standard metrics, we also introduce the fol-
lowing goodness function gðχÞ:

g χð Þ= Vol r 2 ROI : ΔT ≤ χ
� �� �

Vol ROIð Þ ð1Þ

representing the relative size of the region where the absolute differ-
ence ΔT is below a certain threshold χ (°C). It should be noted that
g χð Þ= 1, 8χ, denotes perfect reconstruction.
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Fig. 1 | Proposedmethod. Flowchart reporting the approach used nowadays in the
clinic to perform HT treatments (State-of-the-Art (SoA) approach) and the pro-
posed methodology. As schematically depicted, the proposed method employs an
ensemble of simulations specific to each patient, built by considering purposely
mutated replicas of the patient obtained by varying the constituent parameters.

Matching such ensemble of simulations prepared in the pre-treatment stage to
limited and noisy data acquired during treatment guides the model towards the
true state of the system and reduces the uncertainty, providing a reliable 3D tem-
perature map of the entire region of interest in real time.
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When a large set of cases is included in the study, we denote as
L χ, ζð Þ the likelihood that a specified fraction (ζ ) of the ROI has an error
below a certain threshold χ, i.e., L χ, ζð Þ=P g χð Þ>ζð Þ, where gðχÞ is the
normalizedgoodness functiondefined in Eq. (1).Wefinally indicate as χ95
the minimum χ such that L χ, 0:95ð Þ>0:95, which represents the mini-
mum error threshold χ such that there is a 95% chance of having at least
95% of the ROI with an error lower than χ (among the number of cases
considered). Lower values of χ95 correspond to a better reconstruction.

In-silico testbed
The in-silico testbed was implemented by using the simulation software
Sim4Life V7.0.240, where a common hyperthermia applicator used to

treat deep-seated and sub-superficial tumors in the H&N region10,41 was
reproduced and optimized to heat a target volume placed inside a rea-
listic human phantom of the Sim4Life virtual population42. Figure 2a
shows the realistic human phantomDuke V3.0, which is a detailed, high-
resolution anatomical model of a 34-years-old male, developed from
high-resolution magnetic resonance image data42. A tumor mass with
non-uniform shape—resembling an irregular prolate spheroid—was
inserted into the phantom at a realistic position in the H&N region (see
Fig. 2a). The dimensions of the tumor target along the xyz axes are
16.5mm, 13.4mm, and 35.7mm, while the coordinates of its centroid
with respect to the considered reference system are xc = 18:02mm,
yc = 16:15mm, and zc = 1574:9mm. Following the HTP workflow, the

Catheter Case 1

Catheter Case 2

noiseless

baseline
(noiseless)

95°percentileaverage

a ranges, ranges,c d

z

yx

z

y

x

z

eb

Fig. 2 | In-silico testbed results: visualization of the reconstruction error for
two target maps and two different catheter configurations. a Fully anthro-
pomorphic humanphantomDukeV3.0 employed to simulate anHT treatment, using
a phased array applicatormade of eight patch antennas immersed in the water bolus;
the inset shows the tumor target position (highlighted in green). b The temperature
values eTðql, tST Þ used to perform the reconstruction are acquired in the spatial points
ql, l= 1, . . . , L, (black dots) distributed along the direction of a fiber-optic thermo-
meter insertedon the transversal (xy) planepassing through the tumorat its centroid;
from top to bottom the number of points considered are: L= 20 (case 1) and 7 (case
2). c, d Boxplots showing theminimum, maximum, median and interval between the
25th and the 75th percentiles of the set of thermal parameters (k and ω)

corresponding to key tissues in the ROI (M=muscle, F = fat + SAT, S = skin, T = tumor)
when a Sobol sequence is used to sample the parameters space; superimposed dots
represent the combinations of parameters ξa of two target maps F r, tST; ξa

� �
, a = 1

(c),a= 2 (d). eGoodness function gðχÞ, Eq. (1): rows refer to thecatheter cases (b), and
columns represent the target maps (c, d). The blue-dot line corresponds to the
reconstruction of the target map without noise; the blue-shadow region includes
2000 realizations of a Gaussian distribution function (μ = ±0:1 °C and σ =0:2 °C)
used to introduce an error on the target map, with the blue dashed line denoting the
average and the dash-dotted line indicating the 95th percentile; the red-dot line
expresses the discrepancy between the target field and the baseline map (SoA
simulation approach). Source data are provided as a Source Data file.

Article https://doi.org/10.1038/s41467-025-59748-5

Nature Communications |         (2025) 16:4824 4

www.nature.com/naturecommunications


dielectric properties were assigned to the segmented tissues according
to their baseline values, i.e., the values reported in the literature43, at the
operating frequency of 434MHz.

As illustrated in Fig. 2a, the considered HT applicator is a uniform
circular array with a diameter of 256.8mm consisting of eight patch
antennas immersed in water, positioned around the neck of the
phantom. The antennas are designed to work in the so-called water
bolus, a doughnut-shaped bag filled with circulating demineralized
water at a constant temperature in the range of 20–25 °C, used in the
clinical practice to avoid overheating of the skin and favor radiation
coupling into the body44,45. The geometrical parameters of the anten-
nas have been optimized to resonate properly at the operating fre-
quency. The length and the width of the optimized patch antennas are
31.0mm and 7.2mm, respectively, the height is 8.4mm, while the
distance of the feed to the edge is 4.96mm.

The antenna feeding coefficients were found by applying an
optimization approach commonly used in the clinical practice, aimed
at maximizing the specific absorption rate (SAR) in the tumor target,
minimizing the risk of overheating in the surrounding healthy regions13

(Supplementary Notes 1, 2). The temperature map in the ROI is then
obtained after assigning the thermal parameters to the different tis-
sues, setting the thermal boundary conditions (Methods), and using
the optimized SARdistribution as source termof the bioheat equation.
A total input power P0 = 52Wwas used, which proved to be a sufficient
value to reach a T50 parameter of 42.5 °C and amaximal normal tissue
temperature of 43 °C46, using the baseline thermal tissue parameters43.

Validation of the method using the in-silico testbed
Among the dielectric and thermal parameters assigned to the different
tissues of the phantom, perfusion is crucial for the calculation of the
temperature profile, being characterized by the largest uncertainty19.
In the considered testbed, we applied the proposed method to miti-
gate the error introduced by the uncertainty affecting thermal para-
meters, i.e., thermal conductivity (k) and perfusion (ω) (Methods),
assigned to the most relevant tissues in the considered ROI, i.e.,
muscle, fat (including the subcutaneous adipose tissue, SAT), skin and
the tumor mass. To build the library of multiphysics simulations the
selected 8 parameters are changed by employing a Sobol sequence to
explore the parameters space within the ranges of variation reported
in Table 118,43,47, while the other properties are assigned to the tissues
according to their baseline values43. Choosing rather wide ranges for
the considered parameters (as we did in Table 1) allows the method to
handle their uncertainty even under thermal stress.

Indicating with F r, tST; ξa

� �
a target temperature map obtained

by solving the steady-state bioheat equation when a set of values ξa is
assigned to the selected set of parameters, the proposed reconstruc-
tion method is applied assuming to know F r, tST; ξa

� �
only in the

spatial points ql, l= 1, . . . , L, distributed along the direction of a

catheter and affected by a normally distributed noise fN ðql;μ,σ
2Þ

(Methods).
Figure 2 reports the results concerning the application of the

proposedmethod to two targetmaps, for two different configurations
of the points used for the reconstruction and 2000 realizations of the
Gaussian error (μ= ±0:1 °C, σ =0:2 °C). The curves displayed in Fig. 2e
clearly show that the error obtained by reconstructing the targetmaps
with the proposedmethod is on average lower that0.6 °C in 95% of the
ROI, in each of the reported cases (see the dashed blue lines), although
the scarce points used in the reconstruction are affected by noise.
Figure 2e also shows that 95% of the ROI has an error lower than 0.9 °C
for 95% of the realizations. Moreover, for all the considered noise
realizations (blue shaded region), the achieved error is always sig-
nificantly lower than what would be obtained by simply using the
baseline values (red-dot line). The accuracy of the reconstructed
temperature can be quantified by the median of the difference ΔT
evaluated over the noise realizations, which is always lower than 0.1 °C
—while reaches about 0.9 °C when the baseline map is used. The T50
and T90 parameters can instead be predicted with a median accuracy
lower than 0.4 °C and 0.3 °C, respectively, with the proposed method,
and higher than 3 °C using the baseline map.

To provide a more comprehensive demonstration of the pro-
posed method, we applied the reconstruction procedure in a vast set
of cases including 8 catheters configurations (see Fig. 3a), 1860 com-
binations of the target and reconstruction maps, 100 noise realiza-
tions, reproduced for 3 different positions of the tumor target in the
phantom Duke and in Ella cV3.1, a 26-year-old fully anthropomorphic
female body phantom of the Sim4Life virtual population42 (Fig. 3b,
Methods). In each case, the reconstruction was performed using a
single catheter, and a set of spatial points ql spaced 2mm and 6mm
apart. This results in 18 to 30 sensor points along each catheter in the
first case, and 6 to 10 points in the second case, depending on the
position considered. The χ95 parameter evaluated over this large set of
cases is visualized in Fig. 3c: it is lower than 1.1 °C with the proposed
method while can reach 4.9 °C using the baseline map. The feasibility
of the proposed approach within this large set of cases can be quan-
tifiedby theT50andT90estimators (Table 2): theseparameters canbe
predictedwith amedian accuracy of 0.2 °Cwith the proposedmethod,
reaching about 4 °C using the baseline map. Further increasing the
spacing between the sensors to approximately 1 cm, resulting in only
4 sensors along the single catheter48, the accuracy of the T50 and T90
parameters does not change significantly (0.3 °C, IQR 0.5 °C).

To investigate the robustness of the proposed technique when
some of the patient parameters are not included in the library of
multiphysics simulations, we applied our method to a set of target
cases that exhibit variations in the dielectric parameters compared to
the baseline values, as well as in the phantom geometry. We con-
sidered 8 catheters configurations (see Fig. 3a), 100 noise realizations,
and 48 target maps including the unexpected variations (Methods),
using theDuke phantomwith the tumor in the positionT1 (Fig. 3b).We
introduced variations of 10–20% in the dielectric parameters, and
geometric displacements in the range ±5mm. The computed χ95
parameter (Fig. 3d) and the standard estimators (Table 2) confirm the
effectiveness of the reconstruction process.

While it cannot be formally excluded the existence of two sets of
parameters that correspond to two temperature distributions that are
similar at the measuring positions—and thus indistinguishable—and
different at all the other locations, this extensive numerical investiga-
tion shows that such problematic cases occur very rarely, if they even
occur at all, as the proposed method can reconstruct the temperature
distribution on a large portion of the ROI (95%) in almost all the tested
cases (95%) with an error lower than 1.1 °C.

The method’s capability to reconstruct temperature in real-time
andmanagenon-linearities in key tissueparameters, such as perfusion,
is demonstrated in Fig. 3e, f, where transient thermal reconstruction

Table 1 | In-silico testbed: baseline value and range of varia-
tion of the thermal properties considered in the reconstruc-
tion procedure

Tissue Parameter

k (W m−1 °C−1) ω (ml min−1 kg−1)

Baseline Min Max Baseline Min Max

Muscle 0.49 0.4018 0.56 39.147 19 442.818

Fat
(+SAT)

0.21 0.18 0.5018 33 20 25518

Skin 0.37 0.32 0.50 106 49 175

Tumor 0.5118 0.41a 1.5018 72.347 36.15b 84818

The values without a specific reference are derived from the IT’IS database43. The lower bounds
of thermal conductivity (k) and perfusion (ω) for the tumor have been fixed proportionally to the
percentageof variation in the corresponding skin ranges, i.e., a80%of thebaselinevalue; b50%of
the baseline value.

Article https://doi.org/10.1038/s41467-025-59748-5

Nature Communications |         (2025) 16:4824 5

www.nature.com/naturecommunications


functions are used to reconstruct two targetmaps47: one with constant
perfusion—as done so far—and the other incorporating a piecewise
linear temperature dependent perfusion formuscle, fat and tumor. For
both target maps, the reconstruction was performed in 800 cases,
obtained by considering the phantomDuke with the tumor in position
T1, 100 noise realizations and 8 catheters configurations with 6mm
spacing. The computed χ95 parameter is always lower than 1 °C for all
the considered times (Fig. 3e, f), while the T50 and T90 parameters

show a median accuracy in the range 0.1 ÷ 0.3 °C (IQR 0.2 °C) for both
target maps.

Experimental testbed
To experimentally demonstrate the proposed technique, we devel-
oped a fully working mock-up which reproduces a hyperthermia
treatment in the H&N region using a phased array applicator10,41 and a
simplified phantommimicking the characteristics of the human neck43

T1T2

T3

T2

T3

T1
x

y

ba

dc

fe

Fig. 3 | In-silico testbed results: general validityand robustnessof theproposed
method. aCandidate catheter positions considered for the single catheter, e.g., the
red one in the picture, inserted in the ROI of the anthropomorphic phantoms and
used for the reconstruction.bDifferent positions of the tumor target regions in the
two phantoms Duke V3.0 (top) and Ella cV3.1 (bottom). c, d Fraction of cases
considered in the study such that more than 95% of the points in the ROI have an
error lower than the threshold χ. The reconstruction procedure is applied to a large
number of cases, involving 1860 combinations of the target and reconstruction
maps, 100noise realizations and the twophantomswith different tumor’s positions

(c), and to a set of target cases that exhibit variations in thedielectric parameters, as
well as in the phantom geometry (d). e, f The curves reported in (c, d) are here
obtained at different times by considering transient reconstruction functions, the
phantom Duke with the tumor in position T1, 100 noise realizations, 8 catheters
configurations and two targetmaps: one obtained using optimized constant values
for blood perfusion and thermal conductivity as reported in the literature18 (e), the
other computed using a piecewise linear temperature dependent perfusion model
for muscle, fat and tumor47 (f). Source data are provided as a Source Data file.
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(see Fig. 4). The implemented antenna applicator is a circular array of
eight patch antennas with water substrate, centrally hosted on the
faces of an octagonal Poly(methyl methacrylate) (PMMA) container
(circumradius = 20 cm, height = 12 cm) (Fig. 4a, b). A PMMA cylinder
(outer diameter = 12.4 cm, inner diameter = 11.8 cm, height = 12 cm) is
placed at the center of the octagonal container and is used to house
the developed phantom, created with an agar-based recipe (see Sup-
plementary Note 3). Inside the cylinder reproducing the neck, a solid
and a hollow cylinder are positioned to mimic the presence of the
spine and the trachea, respectively. The outside walls of the octagonal
container are covered with thin copper foils, and the space between
the walls and the central phantom is filled with demineralized water to
mimic the effect of the water bolus.

To reproduce the cooling effect of blood flow in themajor vessels,
i.e., the jugular veins and carotid arteries, a system of pipes with
flowing water was inserted in the neck phantom, at specific positions
(Fig. 4c). This results in a decrease of the temperature achieved in the
nearby tumor mass; therefore, replicating this effect was crucial to
enhance the realism of the phantom.

The simulative counterpart of the implementedprototypehas been
realized in the simulation software COMSOL Multiphysics49 (Fig. 4a),
used both in the design process and for temperature control. The patch
antenna forming the array is the result of an optimization and refine-
ment procedure involving both the antenna as a single element and as
part of the applicator, aimed at minimizing the reflection coefficient at
the operating frequency (434MHz) (see Supplementary Note 3 for

Table 2 | In-silico testbed: median and inter-quartile range (IQR) of the standard estimators using the proposed method and
the SoA approach

Case study ΔT50 (°C) ΔT90 (°C)

Method (2mm) Method (6mm) SoA Method (2mm) Method (6mm) SoA

Fig. 3c
(8.9M cases)

Median 0.2 0.2 3.7 0.2 0.2 4.2

IQR 0.4 0.4 4.7 0.4 0.4 4.5

Fig. 3d
(38.4k cases)

Median 0.2 0.2 3.2 0.2 0.2 3.6

IQR 0.2 0.3 0.5 0.3 0.3 0.5

ba c d

fe

waterbolus

Fig. 4 | Experimental testbed: overview of the apparatus and results of the
heating session. To experimentally verify the proposed method, we developed a
mock-up reproducing anHT applicator for deep-seated and sub-superficial tumors
in theH&N region. Tomeasure the temperature in the realizedmock-up in different
locations and in real time, we used arrays of Fiber Bragg Grating (FBG) sensors,
inserted along the vertical (z) axis. a In-silico model realized in COMSOL Multi-
physics, reproducing the experimental prototype. b Experimental prototype.
cNeck cylinder including the tumor target, the FBG arrays, and the system of pipes

reproducing the cooling effect of blood vessels. d z-coordinates of the FBG sensors
along the Array 2 passing through the tumor target. e Overview of the complete
experimental apparatus. f Temperature read by the arrays of FBG sensors at the
beginning (upper row) and at the end (lower row) of the heating session; the
position of the different arrays on the xy plane is indicated in the upper row (right
picture) and reported in Table 3, together with the z-coordinates of the corre-
sponding FBG sensors. Source data are provided as a Source Data file.
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details). A SAR-based optimization approach was used to find the set of
antenna coefficients which maximize the deposited power (SAR) in a
spherical target region with radius 15mm, centrally located in the neck
phantom along the z-axis (zt = 0mm) and placed at the spatial coordi-
nates xt, yt

� �
= ð�20, � 18Þmm (being 0, 0ð Þ the coordinates of the

center of the neck cylinder on the xy plane) (see Fig. 4c, d).
Implementing a proper electronic control system was necessary

to apply the optimized feeding coefficients to the antennas of the array
applicator and keep them constant during the heating session, with
minimal losses (Methods). Figure 4e shows the experimental proto-
type with part of the electronic components. To mitigate the tem-
perature increase in the water bolus due to the electromagnetic
heating, the demineralized water was circulated and passed through
an external water-cooling radiator by means of two pipes and a pump
(see the in- and outflow directions of the pipes in Fig. 4e).

To measure the temperature in the realized mock-up in different
locations and in real time, a system of Fiber Optic Sensors (FOS) has
been considered. FOS interact minimally with the electromagnetic
field, due to their dielectric nature; as such, they are also recom-
mended in someguidelines for hyperthermiamonitoring46. Among the
available technologies, Fiber Bragg Gratings (FBGs) are the most
widespread for their excellent combination of well-controlled fabri-
cation process, robustness, and high sensitivity. FBGs allow for the
embedding of multiple sensors within the same fiber, enabling quasi-
distributed sensingwith fine spatial resolution. In particular, given that
the FBG arrays used for the experiments are fabricated using a femto-
second laser with the Point-by-Point (PbP) inscription method, the
spatial resolution can be varied according to the requirements set by
the application, being also even smaller than the physical spacing
between two consecutive gratings. In the presented work, a non-
uniform spacing was chosen, with higher density of the FBGs in the
central section of the array where the temperature gradient is expec-
ted to be larger. The optical fibers are standard SMF-28, and the
minimum spatial resolution is 5mm. The main drawback of FBGs, as
well as of all other FOS, is the intrinsic cross-sensitivity between tem-
perature and mechanical strain; however, this issue can be effectively
addressed by using a protective capillary, as employed in our setup. In
the experiment, five arrays of FBG sensors50 inserted in thin glass
catheters (OD = 1.5mm, ID = 1mm)were placed into the neckphantom
to measure the temperature along the vertical axis (see Fig. 4d). One
end of the capillary is closed, while the other end was sealed with
epoxy resin after the fiber was inserted. The FBG arraywas loosened to
allow free expansion within the capillary.

The FBG sensors are interrogatedusing a commercialfiber grating
analyzer (Luna’s Hyperion Si155), setting a sampling rate of 100Hz. To
reduce noise by a factor of 10, samples are averaged over a period of
1 s. A calibration of thewhole acquisition systemwasperformedbefore
the test, revealing an uncertainty of about 0.16 °C (coverage factor
K =2) for all the FBG sensors in a temperature range from 20 °C to
60 °C (see Supplementary Note 4 for details). The capillaries were
positioned inside the phantom before pouring the agar-based com-
pound thus ensuring a good contact and a small thermal resistance
between the agar mixture and the sensors.

Table 3 reports the coordinates on the xy plane of the arrays
numbered in Fig. 4f and the positions along the z-axis of the corre-
sponding FBG sensors (Fig. 4d). The Array 2 was inserted in the center
of the tumor target sphere, while the Array 5 was positioned in the
hollow cavity of the cylinder reproducing the trachea.

Figure 4f reports the temperaturemeasurements readby the arrays
of FBG sensors at the beginning (top row) and at the end (lower row) of
the heating session, where ton =0 min and toff = 160min respectively
indicate themoments at which the power supply (60W) was turned on/
off. As can be observed, at the initial time, all sensors were almost at the
same temperature, proving that the system was at the thermal equili-
brium with an average initial temperature T in = 20 °C. At the final time
toff , the temperature on the Array 2 placed in the tumor sphere is at its
maximum approximately 10 °C higher than on the Array 1, which is the
most distant from the target region. This confirms how the feeding
coefficients obtainedbymaximizing theSAR in the tumor sphere led toa
selective and significant heating of the target region.

Validation of the method using the experimental testbed
Following the procedure previously applied to the in-silico anthro-
pomorphic model, the information along a single array inserted in the
phantom is used to reconstruct the temperature in all the available
points, using a set of purposelymutated replicas of the system; this set
of reconstruction functions is generated in COMSOL Multiphysics by
solving the transient version of the heat equation.

In this scenario, the simulated temperature distribution is more
affectedbyuncertainties characterizing the dielectric properties of the
phantoms used in the prototype, i.e., the muscle-mimicking phantom
forming the neck and the tumor target (Table 4), and by the heat
transfer coefficients introduced to describe the heat exchange
between the system and the external environment. The involved
parameters are changed according to a Sobol sequence to build the
library of multiphysics simulations (Methods).

The goal of the proposed procedure is to use the experimental
temperature values provided by the FBG sensors at the time t in a set of
pointsql, l= 1, . . . , L, alongoneof the arrays (seeTable 3) toobtain the
temperature distribution in the entire phantom and then use all the
experimentally available points to validate the reconstruction process.

The difference between the reconstructed map and the experi-
mentalmeasurements is analyzed in termsof the normalized goodness

Table 3 | Experimental testbed: coordinates of the FBG sensors along the different arrays

Array x(mm) y(mm) z(mm)

1 33.94 33.94 25, 20, 15, 10, 5, 0, −5, −10, −15, −20, −25, −30, −35, −40

2 −20 −18 40, 30, 20, 15, 10, 5, 0, −5, −10, −15, −20, −30, −40

3 0 −18 40, 30, 20, 15, 10, 5, 0, −5, −10, −15, −20, −30, −40

4 20 −18 40, 30, 20, 15, 10, 5, 0, −5, −10, −15, −20, −30, −40

5 0 −37 40, 30, 20, 15, 10, 5, 0, −5, −10, −15, −20, −30, −40

The ðx, yÞ coordinates of the arrays are displayed on the neckmodel in Fig. 4f. The Array 2 passes through the tumor target centroid, while the Array 5 is inserted into the hollow cylinder reproducing
the trachea. The z-coordinates of the FBG sensors are indicated in Fig. 4d for the Array 2.

Table 4 | Experimental testbed: measured dielectric proper-
ties of the materials used in the prototype with the corre-
sponding variation ranges

εr(�) σ (S m−1)

Measured Min Max Measured Min Max

Muscle
phantom

58.69 46 70 0.95 0.6 1.1

Target
phantom

52.16 46 70 1.30 0.6 1.8

The measured dielectric properties were obtained with a dielectric probe (https://speag.swiss/
products/dak/dak-probes/) using the phantoms prepared for the experimental heating session.
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function gðχÞ defined in Eq. (1). Figure 5 shows gðχÞ evaluatedwhen the
temperature measurements along the Arrays from 1 to 5 are used
individually to perform the reconstruction at the end time
t = toff = 160min (solid red-dot curves); Fig. 5 also reports the normal-
ized goodness function gðχÞ obtained by computing the error between
the experiment and the ideal simulation model (dash-diamond green
line), obtained in COMSOL using the measured dielectric properties
(Table 4) and the heat transfer coefficients derived by directly fitting
themodel to all the available data (Methods). Thegray shaded region in
Fig. 5 corresponds to the envelope of the functions gðχÞ obtained by
considering the difference between each reconstruction function and
the experimental data. To estimate the effectiveness of the recon-
struction (solid red-dot lines in Fig. 5) it is necessary to consider the
similarity with the green curve, which provides the best possible
representation of the experiment with the implementedmodel. As can
be observed, the curves corresponding to the reconstruction (solid
red-dot lines in Fig. 5) closely approximate the curve of the idealmodel
for almost all the arrays used for the reconstruction, and the error
remains lower than what would occur on average by not applying the
proposed method (dashed black line in Fig. 5).

The accuracy of the predicted temperature is here estimated
using the absolute difference (ΔT) between measured and recon-
structed temperature values over all the available probes and during
the complete heating session (we considered 17 time samples). Table 5
shows the median and the IQR of ΔT evaluated when each array is
individually considered to perform the reconstruction. As can be

observed, the error achieved is included in the range 0.4÷0.6 °C,
resulting reasonably higher for the array farthest from the target
region (Array 1) and for the one inserted in the trachea (Array 5).

Discussion
One of the major drawbacks to widespread application of microwave
hyperthermia in cancer therapy is the lack of a temperature monitor-
ing system able to reliably trace (and even predict) the temperature in
the whole ROI throughout the entire duration of the treatment
(60–90min). Invasive thermal probes provide accurate thermometry
(about 0.2 °C accuracy51), but the information is strictly limited to a
scarcenumber of locations12, and their usemustbe reduced to thebare
minimumto avoid severe treatment-relatedmorbidities52. Simulations,
while able to provide the needed spatial information, are not reliable:
the main hurdle is the large uncertainty characterizing thermal tissue
properties, which vary among patients and under thermal stress18.
Other solutions to the temperaturemonitoring problem are still at the
research stage and often involve expensive and complex equipment,
as an MRI scanner23,53.

In this work, we have proposed a method which allows to obtain a
real-time 3D temperature map in the patient’s region of interest from
few, noisy, measurement points, which can also be intraluminal (non-
invasive), thus circumventing the issues of the other techniques. The
reliable reconstructed temperature map is intended to be used by a
treatment-supervising physician, or as feedback for automatic real-time-
adaptive treatment approaches13,54, to increase the efficacy and safety of
the procedure. The presented method has been verified in a specific
context, which is that of microwave hyperthermia, but the applicability
of the proposed technique extends to heat therapies in general, where
the ability to monitor temperature accurately becomes increasingly
crucial as the involved temperatures rise, along with the associated risk
of irreversible tissue damage (e.g., in ablation treatments25,55). Moreover,
we focusedourdemonstrationon theH&Nregion, a challenging sitedue
to tissue heterogeneity and the presence of thermosensitive regions like
the spinal cord; however, the presented technique could be generally
applied to all other regions where thermal therapies are used4,39.

Fig. 5 | Experimental testbed results: reconstruction error indicating the
fraction of points with an error below the threshold χ. The temperature map is
reconstructed using the experimental data along each array (from 1 to 5, as indi-
cated in the title of the different frames) and the normalized goodness function
gðχÞ, Eq. (1), is evaluated in all the available points, at the end time t = tof f = 160min
(solid red-dot lines). The function gðχÞ obtained by computing the error between

the experiment and the ideal simulation model (dash-diamond green line) is
reported for comparison, together with the envelope (gray shaded region) and the
average (dashed black line) of the functions gðχÞ evaluated by considering the
difference between each reconstruction function and the experimental data (note
that g χð Þ= 1, 8χ, denotes perfect reconstruction). Source data are provided as a
Source Data file.

Table 5 | Experimental testbed: temperature reconstruction
accuracy over all probes and the complete heating session
duration

ΔT (°C)

Array 1 Array 2 Array 3 Array 4 Array 5

Median 0.5 0.4 0.4 0.4 0.6

IQR 0.9 0.6 0.5 0.6 0.9
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To demonstrate the validity of the proposed method, we have
considered two different scenarios reproducing an HT treatment in the
H&N region. In the first scenario, we tested our procedure using fully
anthropomorphic phantoms; here, we reconstructed the temperature
map corresponding to a combination of thermal parameters of the
major tissues involved (targetmap) starting from fewnoisypoints along
a fixed direction. To perform an exhaustive analysis, the method was
applied to about two thousand target maps in a wide range of cases
(Fig. 3a–c). The T50 and T90 treatment quality parameters exhibit a
median accuracy of 0.2 °C (IQR 0.4 °C) over the large set of cases
considered (Table 2), strongly outperforming the performance
achieved with simulations based on literature values (SoA), i.e., 4 °C
median accuracy. The achieved accuracies align with the estimates
considered promising in the relevant literature18, suggesting that the
proposed method is a good candidate for accurate 3D temperature
dosimetry in HTP. Themethod proved to be robust against unexpected
variations in parameters not included in the reconstruction process, as
well as against geometric displacements (Fig. 3d). The T50 and T90
parameters can be predicted with a median accuracy of 0.2 °C, even
introducing variations of 10–20% in the dielectric parameters, and dis-
placements of the phantom in the range ±5mm (Table 2).

In the second scenario, the possibility to apply the proposed
technique in a non-invasive way, i.e., using RF-compatible intraluminal
thermometry, has been addressed; here, the procedure was experi-
mentally tested using a mock-up reproducing an HT treatment in the
neck region. Temperature monitoring was performed using arrays of
FBGs sensors. The median temperature accuracy reached when each
array is individually considered as known when performing the
reconstruction for all probes (along all the arrays) and for the complete
treatment duration is in the range 0.4÷0.6 °C (Table 5), demonstrating
acceptable values even when the array used for the reconstruction is
inserted into the phantom’s structure mimicking the trachea. Being
obtained in a real environment, these values represent an upper bound
to the accuracies estimated in this article, which could likely be further
enhanced by increasing control over the implemented setup.

In the proposed technique, mutated replicas of the simulated
system are used for the creation of a framework where these replicas
coexist and interactwith scarcemeasurements, to provide an estimate
of the true state with reduced uncertainty. In this perspective, the
proposed method could be applied in principle also when the mea-
sured data is only indirectly related to the physical quantities of
interest, by modeling the target system along with the measurement
process. This would allow the proposed method to be used not only
with fiber-optic temperature probes, but also with a set of scarce and
indirect measurements provided by non-invasive methods such as the
electrical impedance tomography26–29.

Possible limitations of the proposed technique are related to the
level of accuracy of the model used to describe the physics of the
system, which is the Pennes bioheat equation56 in the presented work.
Themethod could be applied in principle tomore complexmodels57,58,
where high-performance computing techniques will likely be required
to handle the higher computational burden. Further studies are also
planned to test the robustness of the proposed method in the pre-
sence of spatial inhomogeneities of crucial tissue parameters such as
perfusion.

The validation of the method using phantoms presented in this
article provides the necessary initial testing of the proposed technique.
The proposed method proves to be an effective solution to address the
problem of temperature monitoring: it strongly outperforms SoA
simulations based on literature values; it provides comparable accura-
cies as the optimization methods currently proposed in the literature18

but in real-time; it does not present the issues of MR thermometry; it is
low-cost andhas shown tobe effectivewith non-invasivemeasurements.

In light of the achieved results, we believe that this work and
future tests with clinical data could contribute to the development of

an effective means to plan and control HT treatments, enhancing the
application of HT in cancer therapies.

Methods
Proposed methodology
To describe the mathematical formulation of the proposed method,
let us indicate with T r, tð Þ the temperature distribution at the spatial
point r and time t. Given L temperature values eT ql, t

� �
, acquired in the

spatial points ql, l= 1, . . . , L, and inherently affected by measurement
uncertainties, we want to approximate the temperature distribution
T̂ r, tð Þ in the whole ROI as a finite superposition of B reconstruction
functions ϕb, i.e.:

T̂ r, tð Þ=
XB
b = 1

wb tð Þϕb r, tð Þ, ð2Þ

where wb tð Þ are the corresponding weights. The reconstruction func-
tions ϕb r, tð Þ used in Eq. (2) are temperature distributions obtained
with multiphysics simulations performed according to the clinical
practice by reproducing the hyperthermia applicator and the patient’s
ROI in a simulation environment59, where a set of constituent para-
meters is assigned to the model. Indicating with the N-tuple sb a set of
values assigned toN relevant parameters used in the simulation solver,
the reconstruction function ϕb in Eq. (2) can be expressed with the
notation F r, t;sb

� �
, where r belongs to the set of mesh points in the

simulated ROI.
Themain goal of the proposedmethod is the possibility to obtain

a real-time 3D reconstruction of the temperature distribution in the
patient’s region of interest (ROI) treated with a hyperthermia appli-
cator, using few spatially-limited (noisy)measurement points acquired
along the direction of a fiber-optic thermometer.

To mitigate the ill-posed nature of this inverse problem, regular-
ization techniques are employed. The weights wb in Eq. (2) are deter-
minedbyminimizing thediscrepancy between the data points eT ql, t

� �
,

l= 1, . . . , L, and the approximation given by Eq. (2) evaluated at the
same spatial positions and at the same time, namely T̂ ql, t

� �
. Among

the different regularization techniques tested60–62, the most robust
method was found to be the linear least squares problem, given by:

min
w2RB

XL
l= 1

XB
b= 1

wb tð ÞF ql, t; sb
� �� eT ql, t

� � !2

ð3Þ

with the following additional constraints:

XB
b= 1

wb = 1 andwb ≥08b = 1, . . . ,B: ð4Þ

The constrained least squares (CLS)method expressed by Eqs. (3)
and (4) is the approach used in all the examples reported in this article
to obtain the reconstructed 3D temperaturemap, Eq. (2), from a set of
few noisy temperature values. This CLS problem is solved using the
Matlab routine lsqlin, that recasts the problem as a quadratic one with
linear constraints and uses an interior-point method to solve it63,64.

In-silico testbed
The temperature values F ql, tST; sb

� �
, b= 1, . . . ,B, in Eq. (3) are eval-

uated by solving the steady-state version of the bioheat equation in the
ROI for B combinations sb of the selected set of parameters, while ql,
l= 1, . . . , L, indicate the points along a specific direction in the ROI,
mimicking the acquisition points of a fiber-optic thermometer. In the
examples reported in this article, two thermal parameters have been
varied for four tissues in theROI, for a total ofN =8 parameters, whileB
has been fixed to 70, that is a value for which by adding further
reconstruction functions the reconstructed map no longer varies
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significantly. Using a desktop computer with i7-7700 processor and 64
GB RAM, the computation of this set of maps took less than 5 h, con-
sidering 3.771 MCells in the ROI.

The L temperature values used for the reconstruction are
obtained from target maps F r, tST; ξa

� �
, where ξa, a 2 1, . . . ,Af g, are

combinations of the selected constituent parameters, corresponding
to sequence elements different from the sets sb, b 2 1, . . . ,Bf g. The
reconstruction of a target map using the pre-computed set of recon-
struction functions takes approximately 0.05 s. To assess the robust-
ness of the proposedmethod in the presence of noisy data, a Gaussian
noise is added to the temperature values used for the reconstruction,
which can be written in the form:

eT ql, tST
� �

=F ql, tST; ξa

� �
+ fN ðql;μ,σ

2Þ ð5Þ

where fN is a function generating an array of random errors, normally
distributed with mean μ and variance σ2. The target maps considered
in Fig. 2 correspond to two examples of Sobol’s extraction of the
parameters ξa; in the first case (ξ 1) the parameters are all in themiddle
of the corresponding variation ranges (see Fig. 2c), in the second case
(ξ2) the parameters alternate between the first and the third quartile
(see Fig. 2d).

In the more general study reported in Fig. 3c, the reconstruction
procedure was implemented by performing 10 permutations of 256
elements of a Sobol sequence, such that 70 maps served as recon-
struction functions, while the remaining maps were treated as target
maps. This was repeated for 3 tumor positions, two phantoms, 100
noise realizations and 8 catheters configurations (Fig. 3a, b) arranged
along the x- and y-axes starting from zc � 20mm to zc + 10mm, being
zc the z-coordinate of the tumor centroid. In the analysis reported in
Fig. 3d, we considered 40 target maps obtained by varying the
effective conductivity and the real relative permittivity of muscle, fat
(+SAT), skin and tumor according to a Sobol sequence within ±20%
and ±10% of their baseline values20, respectively, and 8 target maps
corresponding to a displacement of the phantomof ð�5, � 2, + 2, + 5Þ
mm along the vertical z-axis (Supplementary Note 2). For the tran-
sient studywe considered 140 reconstruction functionswith constant
perfusion values, evaluated at 10 times evenly spaced in the period
from 6 to 36min after the power-on, 1 tumor position (T1) in the
phantom Duke, 100 noise realizations and 8 catheters configurations
(Fig. 3a), for two different target maps: one with constant perfusion
values and thermal conductivity as optimized in the literature18

(Fig. 3e), the other with piecewise temperature dependent perfusion
values for themuscle, fat and tumor tissues47,65 (Fig. 3f). Each transient
thermal simulation required a computational time of approxi-
mately 30min.

Experimental testbed
Concerning the application of the proposed method to the experi-
mental testbed, the reconstruction functions in Eq. (2) are temperature
maps F r, t;sb

� �
, b 2 1, . . . ,Bf g, provided by COMSOL Multiphysics

using combinations of parameters sb including both the dielectric
properties of the phantoms (Table 4) and the heat transfer coefficients
used to model the heat exchange with the surrounding environment.

Tomitigate errors in the positioning of the array system along the
z-axis, the reconstruction functions F k r+Δzk ẑ, t;sb

� �
, where Δz is a

vector of shifts, are included in Eq. (2). In the described application of
the proposed method, we considered B=200 Sobol sequence varia-
tions sb, b 2 1, . . . ,Bf g, and a vector of shiftsΔz= ð�5, � 2, 0, 2, 5Þmm,
which resulted in having 1000 reconstruction functions. Using the L
acquisition points along one of the arrays to retrieve the weights with
the CLS method (Eqs. (3) and (4)), the other temperature values pro-
vided by the FBG sensors are used as benchmarks to establish the
accuracy of the reconstruction.

Modeling equations and parameters
In HTP simulations, a set of constituent parameters needs to be
assigned to the different tissues forming the patient’s segmented
phantom within the ROI to solve Maxwell’s equations and the bioheat
thermal equation. This applies to any situation where the heating of
human tissues due to electromagnetic radiation needs to be studied.
Concerning the electromagnetic analysis, the essential parameters
include the effective conductivity σ (S m−1) and the real relative per-
mittivity εr (dimensionless). These parameters play a critical role in
governing thebehaviorof electromagneticfieldswithin the tissues and
are essential for accurately predicting the specific absorption rate
(SAR) distribution during HT simulations, defined as:

SAR=
σ

2ρ
Ej j2, ð6Þ

where ρ (kg m−3) is the tissue density and E (V m−1) represents the
electric field generated by the HT applicator, obtained by solving
Maxwell’s equations in the ROI. Subsequently, the simulated SAR acts
as the external heating source in thermal simulations where the
Pennes’ bioheat equation (PBHE)56 or variations of this method57,58 are
employed tomodel the interaction between external heat sources and
human body tissues. In this article, we considered the time-dependent
Pennes’ bioheat equation, whose expression is given by:

ρCp
∂T
∂t

=∇ � k∇Tð Þ+ρSAR� ρbCp, bωρ T � Ta

� �
, ð7Þ

where T (°C) is the temperature, Cp (J kg−1 °C−1) is the tissue specific
heat, k (Wm−1 °C−1) is the tissue thermal conductivity, ρb = 1060 kgm−3

and Cp, b = 3890 J kg−1 °C−1 are the volume density and the specific heat
of blood, respectively, Ta (°C) is the arterial blood temperature, and ω
(mlmin−1 kg−1) is the tissue-specific volumetric blood perfusion rate. In
Eq. (7), the metabolic heat generation term is not reported, being
negligible with respect to the external heat source. Throughout the
article, when we mention steady-state bioheat equation, we imply a
vanishing time-dependent term (∂T=∂t) in Eq. (7). Conversely, if we
refer to not having bioheat contribution, wemean that the last term in
Eq. (7) (i.e., ρbCp, bωρ T � Ta

� �
) is neglected, and we simply indicate

Eq. (7) as heat equation.

Feeding coefficients optimization
A fundamental step in HTP consists in finding the optimal excitation
coefficients of the signals feeding a microwave phased array appli-
cator, which is typically used for the treatment of sub-superficial and
deep-seated tumors. The goal is to apply proper optimization techni-
ques to find the antenna coefficients that maximize the temperature
increase (to 42–44 °C) in the target region, minimizing the risk of
hotspots in healthy tissues. An approach to do this consists in finding
the set of antenna coefficients that maximize the specific absorption
rate (SAR) in the tumor target, using properly defined SAR-based
objective functions13,14,66; this optimization method exploits the well
assessed correlation between SAR, temperature increase, and clinical
outcome67, and only involves the electromagnetic fields, allowing to
formulate the optimization as a convex optimization problem with
respect to the unknown excitations66. Although computationally fast,
this method optimizes the temperature increase indirectly, and the
final temperature profile could be altered by the effect of thermal
boundary conditions68. Another approach used in the clinical practice
to find the antenna coefficients aims at directly optimizing the tem-
perature in the tumor region, using temperature-based objective
functions12,15. While directly addressing the quantity of interest, i.e. the
temperature distribution, this second method has a higher computa-
tional cost, solving the bioheat equation at each step of the
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optimization procedure, and is affected by the large uncertainty
characterizing thermal tissue parameters, such as perfusion19.

In the present work, a SAR-based optimization approach13 has
been applied in both the considered scenarios (i.e., in-silico and
experimental testbeds) to find the optimal excitation coefficients of
the array thatmaximize the deposited power in the tumor regionwhile
minimizing the risk of hotspots in the surrounding healthy tissues
(Supplementary Note 1).

Thermal boundary conditions
The thermal model needs to be completed by an initial condition
(T =T in at t = ton, being ton the initial time) and proper boundary
conditions (B.C.), which describe the thermal interaction of the system
with the surrounding environment. In the simulation scenarios
described in this article, the following convective heat flux boundary
condition was applied:

n̂ � k∇Tð Þ=hðText � TÞ, ð8Þ

where n̂ is the unit vector normal to the considered boundary,
h (W m−2°C−1) is the heat transfer coefficient, and Text (°C) is the
external reference temperature.

In the in-silico testbed, generated in the simulation software
Sim4Life40, boundary conditions have been set according to the cur-
rent literature18. A convective heat flux B.C. (Eq. (8)) was applied at the
interface between the neck and the water bolus, with h =82 Wm−2°C-1

and Text = 20 °C, and on the internal boundary of the trachea, with
h= 50W m−2°C−1 and Text = 30 °C69. Moreover, the initial temperature
T in in the tissues was set to 37 °C.

Regarding the in-silico model implemented in COMSOL Multi-
physics to provide the simulated temperature distribution in the
experimental testbed, thermal boundary conditions were set to
reproduce the experimental scenario as faithfully as possible. The
initial temperature in the simulated phantom was fixed according to
the average temperature T in = 20 °C read by the FBG sensors at the
beginning of the heating session (see Fig. 4f, time t = ton). The
boundary condition in Eq. (8) was applied at the following interfaces:
phantom upper boundary–air (htn), phantom lower boundary–air
(hbn), phantom lateral walls–water bolus (hwb). A heat flux boundary
condition was introduced at the interface between the bottom of the
phantom and the air since during the heating session the prototype
was lifted from the workbench with proper supports to avoid thermal
insulation. The temperatures (Text in Eq. (8)) of the surrounding air and
thewater boluswere set to 21 °C and 19.8 °C, respectively, asmeasured
during the heating session. An additional heat flux B.C. was added at
the boundaries of the silicon pipes reproducing the main vessels, with
h= 10 W m−2°C−1 and a controlled external temperature of 25.6 °C.

The presence of PMMA walls of non-negligible thickness around
the neck phantom makes it difficult to estimate the heat transfer
coefficients. Due to the high degree of uncertainty, all the heat transfer
coefficients were included in the proposed reconstruction procedure
and allowed to vary within wide ranges (10�80Wm−2 °C−1) for the
creation of the set of mutated replicas of the system. The heat transfer
coefficients used in the ideal simulationmodel are: htn = 30 Wm−2°C−1,
hbn = 20 Wm−2 °C−1, and hwb = 55 Wm−2°C−1, derived by minimizing the
discrepancy between all the measured temperatures and the corre-
sponding simulated values.

Electronic setup
The first element of the electronic chain is a signal generator (HP-
Agilent/Keysight 8648A) operating at 434MHz, whose output is con-
nected to a 1:8 power splitter to feed the antennas of the array. The
phase and the amplitude delivered to each antenna are voltage-
controlledbymeansof a phase shifter (PS) and a variablegain amplifier
(VGA), respectively. A closed-loop electronic control system was

implemented to correctly set the PS and VGA control voltages via a
microcontroller unit (MCU) and a 16-bit DAC board. The final stage of
the feeding chain consists in a Power Amplifier (PA) that boosts the
signal coming from each PS to the desired power level. During the
entire heating session the phases and the amplitudes provided to the
antennas were locked to the desired values by the electronic control
algorithm, with amaximumerror lower than 1° for the phase and equal
to ±0.03 dBm for the amplitude. This proves the efficacy of the
implemented closed-loop control algorithm and also the prototype’s
ability to maintain a constant feeding to the antennas.

Temperature acquisition system
The Fiber Optic Sensors (FOS) used in this work are arrays of Fiber
Bragg Grating (FBG) sensors. Other fiber sensor technologies rather
than FBG, such as those based on fluorescence or Fabry-Perot cavities,
are less suitable for embedding in a single fiber. Indeed, while quasi-
distributed sensing is still possible with these technologies, the sensor
designs would be bulkier and the interrogation systems more com-
plex. Distributed sensing methods, such as those exploiting Rayleigh
or Brillouin scattering, have also been investigated70, but these
approaches tend to be slower, less accurate, and more expensive than
FBG-based sensing.

The commercial interrogator employed in the experimental
testbed (Luna’s Hyperion Si155) has four independent inputs, allowing
for the acquisition of up to four FBG arrays. To increase the number of
monitored points, the setup also incorporates a four-port optical
switch connected to one of the interrogator channels. After averaging,
the temperature sampling rate—and thus the temporal resolution—
becomes 1 sample per second for the channels directly connected to
the analyzer (arrays 1,2,3 in Fig. 4f), and 1 sample every 6 s for the
multiplexed channels (arrays 4,5 in Fig. 4f). The full measurement
chain composed by the FBG arrays, the patch cords, the interrogator,
the optical switch and the acquisition and processing software was
calibrated just before the test using a temperature sensor calibrator
(Fluke 9142 field Dry-Well), a calibrated platinum sensor and a speci-
fically manufactured calibration aluminum insert with
2mm× 120mm holes.

Experimental testbed: dielectric parameters variation ranges
The phantoms used in the experimental prototype are the muscle
tissue-mimicking phantom filling the neck cylinder and the tumor
target sphere (see Fig. 4c). The tumor sphere was created with a dif-
ferent agar-based recipe with respect to the surrounding muscle
phantom, inwhich the electrical conductivitywas increased in order to
stress the differences in thematerial properties of the two compounds.
This was performed to capture the heterogeneity of human tissues
while using only two different types of phantoms.

The simulated temperature distribution obtained in the simula-
tion solver COMSOL Multiphysics can be affected by uncertainties
characterizing both the dielectric and thermal parameters of the
materials used in the prototype. Since the effect of blood perfusion is
not reproduced, and the thermal conductivity of the agar compound is
rather stable and do not differ for the two phantoms, only the uncer-
tainties in the dielectric properties were included in the reconstruction
procedure.

Table 4 reports the considered variation ranges for the dielectric
properties of the muscle and target phantoms. The real relative per-
mittivity of the two phantoms and the effective conductivity of the
muscle phantom were supposed to vary within ±20% and ±25%,
respectively, of the corresponding baseline values for the human
muscle tissue at 434 MHz43 (εr = 56:9, σ =0:805 S m−1). The upper
bound of the effective conductivity for the target phantom was
increased by approximately 60% of themaximum value for themuscle
phantom, to reflect the significant additionof salt in the recipeused for
the preparation of the target. Themeasured values reported in Table 4
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were instead obtained frommeasurements carried out directly on the
phantoms prepared for the heating session using a commercial
dielectric probe.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
All data generated in this study have beendeposited in theCodeOcean
database (https://doi.org/10.24433/CO.3617548.v1). Source data are
provided with this paper.

Code availability
All codes used in the analyses performed in this article are available on
Code Ocean (https://doi.org/10.24433/CO.3617548.v1).
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