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ABSTRACT Owing to the variations in subject-specific body morphology and anatomy, the radiation
performance of a wireless device in the presence of human body is different across subjects. To quantify the
inter-subject variations, a large number of highly realistic human models are required. One recent approach
is the fast development of body models directly from medical images with machine learning. In this study,
a total of eighteen anatomical head models were developed using a fast machine learning approach and
were then adopted for large-scale evaluation of the inter-subject variations in antenna performance. The
antenna impedance, return loss (RL), total radiated power (TRP), directivity, radiation patterns, and specific
absorption rate (SAR) were investigated. The results show rather large variations in impedance, RL, and
SAR across subjects, while TRP, directivity, and radiation pattern are less likely to be affected by internal
tissue distributions when compared with homogeneous models.

INDEX TERMS Antenna performance, electromagnetic exposure, FDTD method, machine learning.

I. INTRODUCTION
In recent decades, the striking advances in wireless commu-
nication techniques have triggered various applications facil-
itating human daily lives [1]. Aside from general consumer
electronics such as mobile phones, virtual display systems,
smart watches, and headbands, there has been a trend toward
using personalized wireless devices for healthcare applica-
tions, associated with the aging population increase [2]. It can
be envisaged that multiple sensors/devices will be utilized on
the human body to form a wireless network, which not only
consists of wearable/implantable sensors, but also on-body
gateways.

A robust antenna design is essential to achieve high inte-
gration, long battery life, and robust performance for wireless
communication applications [3]. When operating in close
proximity to the human body, the antenna performance is
affected by the interaction with the human body, which

The associate editor coordinating the review of this manuscript and

approving it for publication was Wen-Sheng Zhao .

behaves as a lossy dielectric. As the wireless link budget is
tight, the radiation efficiency should be improved as much
as possible, considering that the wireless signal transmission
accounts for a large portion of the overall power consumption.

Characterization of the radiation performance will enable
manufacturers to determine how appropriate the wireless
devices will perform. In volunteer studies, user effects on
mobile phone antennas have been investigated by measure-
ments [4]–[6]. Reference [5] revealed a total radiated power
(TRP) standard deviation (SD) approximately 0.4 dB for a
mobile phone antenna operating at 1.8 GHz. In [6] and [7],
substantial shadowing effect from the body was observed at
15 GHz and 28 GHz for 5G networks using millimeter-wave
technology. However, it is difficult to fix the measurement
condition, resulting in additional variability [8]. In addition,
the specific absorption rate (SAR), which is the power depo-
sition per unit mass, averaged over 10 g of tissues, cannot be
measured in live humans.

In these circumstances, computational approaches are
often used. To achieve an optimized design, detailed human
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models should be considered in the design process to acceler-
ate the development and ease the tuning effort, especially for
personalized wireless devices [9]. The coupling between the
antenna and the human body has been studied by numerical
methods [10]–[16] and voxel-based human bodymodels. The
development of anatomical voxel human models from med-
ical images includes efforts for identifying and segmenting
each tissue/organ. Commonly used models include the TARO
and HANOKO models developed by NICT, Japan [17],
Virtual population models developed by IT’IS foundation,
Swiss [18], NORMAN [19], and NAOMI [20] developed by
the NRPB, UK. In these models, the tissue-specific dielectric
properties are uniformly assigned to each tissue. The auto-
matic segmentation accuracy is still a challenging topic and
in some tissues, its accuracy is limited to 80–90% in terms of
dice coefficient [21].

Furthermore, the existing voxel-based human models
were developed from magnetic resonance images (MRIs)
of specific subjects; therefore, it is difficult to conduct
group-level evaluation studies of wireless performance
(or personalized optimization of wireless devices), which
significantly depends on precise individual anatomical
models [22]. Moreover, the number of available models is
insufficient for inter-subject variation consideration. Further-
more, the dielectric properties are known to be subject-
dependent; for example, the dielectric properties of children
and elderly are different from those of adults due to different
water content and ion concentration [23].

Another metric to be evaluated in antenna design is SAR.
According to the international guidelines and standards of
electromagnetic safety [24], [25], the peak spatial-average
SAR (psSAR) that averaged over 10 g of tissue should be
assessed. The limit in the head is 2W/kg for the general public
from 100 kHz to 6 GHz. For compliance assessment of prod-
uct safety, a specific anthropomorphic mannequin (SAM)
head phantom filled with homogeneous tissue equivalent liq-
uid has been specified for psSAR measurements [26]. The
same phantomwas also adopted for the test of the over-the-air
(OTA) performance [27]. The dielectric properties for OTA
test are also directly adopted from those designed for the
SAR compliance measurement, with the original intention
of providing a slightly more conservative psSAR estima-
tion [28]. Uncertainties in using homogenous SAMphantoms
have been studied by comparing them with inhomogeneous
anatomical models [29]–[32]. In addition, studies on antenna
design with low SAR has been conducted widely [33]–[37].
However, these studies mainly focus on the electromagnetic
absorption inside the human model, and few studies have
been conducted on the subject-specific antenna radiation
performance.

The appropriateness of using a homogenous tissue sim-
ulant liquid for performance evaluation of personalized
wireless devices is unclear. Recently, machine learning
based techniques have been adopted for estimation of
tissue properties directly from medical images without
tissue segmentation [38]–[41]. In [38], the brain tissue

conductivities were derived from measured B1 map using a
dictionary-based algorithm. Reference [39] proposed a global
Maxell tomography for noninvasive estimation of electri-
cal properties from MRI. A convolutional neural network
architecture was proposed in [40] for automatic generation
of head models with non-uniform tissue conductivities from
T1 and T2 MRI scans, these models were then adopted
for evaluation of the induced electric field in brain during
transcranial magnetic stimulation. In general, the machine
learning based modeling techniques allow fast generation
of subject-specific body models, which can be utilized for
estimation of electromagnetic exposure doses, improvements
of brain stimulation apparatus [40] and radio-frequency
therapeutic applications [42]. In our previous work [41],
eight head models were developed from MRIs using a
deep learning approach with network architecture (known as
CondNet) without tissue segmentation because of image-
based dielectric property assignment, and were successfully
used for numerical dosimetry assessments. The feature of this
approach is that tissue-specific conductivity assignment is not
required. Thus, a smooth distribution of dielectric properties
and tissue densities can be provided. However, in that study,
we only considered the electromagnetic deposition in the
exposed heads. The applicability of the learning-based mod-
els for evaluation of the antenna-body mutual coupling has
not been thoroughly examined yet. Also, the limited number
of models used in that study is not enough to formulate a
robust statistical analysis.

In this study, CondNet is used to develop eighteen head
models from MRIs, hence permitting a large-scale analysis
of the effects on antenna performance due to head prox-
imity. The antenna radiation performances are evaluated in
thesemodels using the finite-difference time-domain (FDTD)
method [43]. The effects of inter-subject variations on the
antenna impedance, return loss (RL), TRP, directivity, radia-
tion patterns, and psSAR were comprehensively investigated
for the first time. Head models with homogeneous dielectric
properties were also adopted to distinguish the uncertain-
ties caused by the homogeneity of the tissue properties and
the outer head geometry. The remainder of this article is
structured as follows. Section II describes the machine learn-
ing approach for the development of head models and the
electromagnetic simulation method. In Section III, we first
present the results calculated using the eighteen head models
with homogeneous dielectric properties, and then the results
using learning-based head models with in-homogeneously
distributed dielectric properties, followed by a comparison
with segmented headmodels and validation. Section IV andV
discuss and summarize our contributions.

II. MODELS AND METHODS
A. HEAD MODELS
In this study, MRIs of eighteen subjects from the Brian
Mutlimodality dataset [44] have been adopted to develop
anatomical head models. Two model sets are considered: The
first set of models is provided with homogenous dielectric
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FIGURE 1. The machine learning architecture, CondNet, is used to generate head models in the form of conductivity, relative
permittivity, and density matrixes from T1 and T2 MRIs.

FIGURE 2. Distributions of relative permittivity (top) and conductivity (bottom) of eighteen head models developed from an MRI dataset using a
machine learning approach at 0.9 GHz.

properties, which are adopted from [27], as listed in Table 1.
Therefore, the difference between each head model lies only
in the head shapes. Hereafter, this set of models is referred to
as homogenous heads.

The second set of head models possesses non-uniformly
distributed dielectric properties, which are generated using
CondNet [41]. This deep learning architecture (shown in
Fig. 1) maps the MRIs to the 3D maps of dielectric properties

(σ , εr) and tissue density (ρ). The developed learning-based
head models are shown in Fig. 2.

CondNet architecture is a multi-track convolutional neural
network (CNN) that is designed to estimate dielectric proper-
ties and tissue density from anatomical information acquired
from an MRI. One potential advantage of CondNet is its
ability to estimate physical properties in a smooth pattern
that is highly related to the real distribution where sudden
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TABLE 1. Dielectric properties of the head tissue equivalent liquid.

value change is not common. Moreover, the computational
burden of intensive segmentation is not required. Note that
conventional voxel models were based on segmentation, and
thus the tissue dielectric properties suddenly changed at the
tissue boundary, resulting in an abrupt change in the power
absorption distribution [41].

In our previous study [41], we have proposed the concept
of CondNet for estimation of the non-uniformly distributed
dielectric properties and tissue density from MRIs for the
first time. However, we only considered the electromagnetic
deposition in the exposed heads. The applicability of the
learning based models for evaluation of the antenna-body
mutual coupling has not been thoroughly examined yet.
In addition, the number of models used in that study is not
enough to formulate a robust statistical analysis. In this study,
by comparisons with homogeneous and segmented models,
we demonstrated the applicability of the CondNet models for
evaluation of the head proximity effects on antenna radiation
performances. More importantly, a large number of head
models were developed, making it possible to investigate the
inter-subject variations of the head proximity effects in amore
appropriate way.

B. ELECTROMAGNETIC SIMULATION CONFIGURATION
The scenarios considered here are a half-wave dipole antenna
operated within close vicinity to the human head at 0.9, 1.8,
and 3.0 GHz. These frequencies are within the commonly
employed bands of several hundredMHz to around 3 GHz for
existingmobile communication services. The antenna lengths
are 157, 79, and 47mm, at 0.9, 1.8, and 3.0 GHz, respectively.

The feeding point location was 20 mm in front of and 50 mm
superior to the right ear canal. The distances between the
feeding point and head were 20 and 10 mm, respectively.

In-house software using the FDTD method [43] has been
used for electromagnetic analysis. A 15-layer convolutional
perfect matched layer (CPML) [45] is used to truncate the
simulation domain. The total computation domain consists
of 330 × 330 × 330 grids, with a spatial resolution of 1 mm.
The antenna parameters, including antenna impedance, RL,
directivity, horizontal radiation pattern, TRP, and psSAR
were calculated. All results were normalized to a net antenna
accepted power of 20 dBm.

III. RESULTS
A. EFFECT OF MODEL SHAPE IN HOMOGENEOUS HEAD
MODELS
We first evaluated the antenna parameters using eighteen
homogeneous head models as well as SAM phantom. The
calculated RLs, directivities, TRPs, and psSARs are listed
in Table 2. The mean RLs are higher than 7 dB for all simu-
lated cases, and generally decrease with frequency. The SDs
in RL also decrease with increased frequency. The highest
SDs are found to be 0.79 dB and 1.46 dB at 0.9 GHz, for
distances of 20 and 10 mm, respectively.

The calculated antenna patterns are shown in Fig. 3. In the
directions opposite to the human headmodel, the antenna pat-
terns of the homogeneous heads as well as the SAMphantoms
show similar shapes, with slight differences observed in the
direction toward the head. As seen in Table 2, the mean values
of antenna directivities revealed an increasing trend with the
frequency, for example, from 5.4 dBi at 0.9 GHz increasing to
8.09 dBi at 3.0 GHz for the antenna-head distance of 10 mm.
The directivity for a half-wave dipole antenna in free space
is 2.2 dBi (textbook). In the presence of the head model,
the lossy biological medium absorbs the EM power or blocks
the EM propagation in the direction toward the head, leading
to a higher directivity compared with that in free space. The
SDs in the directivities are rather small (<0.4 dB) for all
simulated cases.

TABLE 2. Mean and standard deviation of the antenna parameters for the eighteen homogeneous head models.
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FIGURE 3. Radiation pattern on the horizontal plane for 20 mm (left) and
10 mm (right) distances at frequencies of 0.9 (top), 1.8 (middle) and 3.0
(bottom) GHz. Gray dotted curves represent the averaged patterns of the
eighteen homogeneous head models, and purple dash-dotted curves
represent the SAM phantom patterns.

The calculatedmean TRPs show a steadily increasing trend
with frequency, as can be seen in Table 2. The highest mean
TRPs are found to be 77.9 mW and 49.4 mW at 3.0 GHz
for the 20 and 10 mm distances, respectively. A decreased
distance leads to lowered TRPs, indicating that more elec-
tromagnetic power is absorbed by the head. The RSD in the
TRP declines with frequency. The largest RSD in TRP was
found to be 5.6% and 11.5% at 0.9 GHz for the 20 and 10 mm
distances, respectively. The mean psSAR also increases with
frequency, and smaller distances lead to higher psSAR values.
The differences in psSAR among the eighteen homogeneous
heads are marginal, the highest RSD in psSAR is found to
be 3.7% at 0.9 GHz for a 20 mm distance, and 2.8% at
3.0 GHz for a 10 mm distance. For the antenna parameters
listed in Table 2, the largest SDs/RSDs tend to appear at a
lower frequency. This is mainly attributable to the longest
antenna arm; thus, the geometry variations of the headmodels
in the projection regions of the antenna are the largest.

The SAM phantom results are also listed in Table 2. The
largest differences in RLs and directivities between the mean
of the eighteen homogeneous heads and SAM phantom are

0.94 dB and 0.67 dB, respectively. The SAM phantom TRPs
are higher than the mean homogeneous head values. The
psSARs in the SAM phantom were lower than those in
the homogenous heads. This is because the SAM phantom
contains a low-dielectric plastic shell with a thickness of
approximately 2 mm, leading to a slightly larger distance
between the antenna and lossy head simulant. If the distance
is compensated by moving the SAM toward the antenna
by 2 mm, then the differences in TRP and psSAR between
homogeneous heads and SAM phantom are decreased.

B. EFFECT OF DIELECTRIC PROPERTIES IN
HOMOGENEOUS HEAD MODELS
The dielectric properties of the tissue-equivalent liquid are
allowed to have a 20% uncertainty from the targeted σt
and εr,t, as listed in Table 1, in accordance with the CTIA
test plan [27]. To investigate the effect of the variations of the
dielectric properties on the antenna performance, five cases,
listed in Table 3, are investigated.

The calculated RLs are shown in Fig. 4 a) for the eight
selected head models with varying dielectric properties. The
RL variations are generally within 1 dB at 1.8 and 3.0 GHz;
slightly larger variations are found at 0.9 GHz. In general,
the RLs are higher than 8 dB for most models and cases.

FIGURE 4. Parameters: a) Return loss, b) directivity, c) total radiated
power, and d) peak spatial-average SAR for homogeneous head models
with varying dielectric properties.

As seen in Fig. 4 b) and c), the directivity and TRP varia-
tions caused by the dielectric properties are trivial. Fig. 4 d)
and Table 4 show the variations in the psSAR; the largest
deviation from Case 0 is 14.8%. As a general rule, psSAR is
proportional to tissue conductivity but inversely proportional
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TABLE 3. Simulated cases for different dielectric properties of
homogeneous heads.

to permittivity [13]. This tendency is clearly observed by
Case 2 resulting in the highest psSAR and Case 3 resulting
in the lowest. In contrast, the deviations of Cases 1 and 4
from Case 0 are marginal. After applying the SAR correc-
tion method proposed in [13], the uncertainties in psSAR
caused by the variations in dielectric properties are mitigated,
as shown in Table 4, and the maximum relative deviations
from Case 0 are 4.4%.

TABLE 4. Maximum relative deviations in uncorrected and corrected
psSAR from case 0.

The radiation patterns for the five simulated cases of the
head model of subject No. 17 are shown in Fig. 5. As seen,
uncertainties in the dielectric properties within 20% do not
lead to noticeable changes in the antenna radiation patterns.

C. EFFECT OF MODEL INHOMOGENEITY
We then adopted the learning-based head models with inho-
mogeneous dielectric properties to evaluate the impedance,
RL, directivity, pattern, TRP, and psSAR. The results are
listed in Table 5. In general, larger SDs and RSDs are found
for the learning-based models compared with the homoge-
nous heads. The highest SDs in RL are found to be 1.4 dB and
3.3 dB at 0.9 GHz for 20 and 10 mm distances, respectively.
The directivity variances are rather low. The directivity SDs
are below 0.2 dB and 0.32 dB for 20 and 10 mm distances,

FIGURE 5. Radiation pattern when antennas are placed at a) 20 mm and
b) 10 mm from the homogeneous head model of Subject 17 with varying
dielectric properties.

TABLE 5. Mean and standard deviation of the antenna parameters for the
eighteen learning-based head models.

respectively. The largest RSD in TRP is 14% at 3.0 GHz for
a 10 mm distance. The largest RSD in psSAR was found to
be 15% at 1.8 GHz for a 20 mm distance. Detailed com-
parisons between the homogeneous and learning-based head
models are shown in Fig. 6–11.

First, we show the impedance dependence with antenna-
head distance. The real and imaginary impedance parts for
distances from 5 to 50 mm are shown in Fig. 6. As the
distance increases, the real impedance part first peaks at
approximately 0.3 wavelength (as seen for 3.0 GHz) and then
decreases to the free-space impedance (approximately 73�).
The imaginary part reaches a maximum at approximately
0.2 wavelength, and then gradually decreases. For a distance
of 5 mm, the largest impedance variations are observed.
Outliers are found at 0.9 GHz with a distance of <10 mm.
This is attributable to the geometrical shape of Subject No. 17,
whose right cheek is quite close to the lower tip of the antenna
arm at 0.9 GHz. Therefore, distances of less than 5 mm were
not considered in this study.

Comparisons of the RL calculated using the learning-based
and homogenous head models are shown in Fig. 7. For
the 10 mm antenna-head distance, the RL ranges from
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FIGURE 6. Dependence of impedance with distance between antenna
and head for homogeneous (left) and learning-based (right) head models
at frequencies of 0.9 (top), 1.8 (middle) and 3.0 (bottom) GHz.

FIGURE 7. Return loss for distances of a) 20 mm and b) 10 mm from the
learning-based and homogeneous head models. Yellow dots represent
mean values. Homogeneous and learning-based head models were
compared to clarify the effect of model inhomogeneity.

approximately 9 to 22 dB at 0.9 GHz, and ranges from 7 to
12 dB at 3 GHz for learning-based heads. Compared to homo-
geneous heads, wider interquartile ranges are observed for the
learning-based models, as expected. In general, the medians
are >10 dB at 0.9 GHz and <10 dB at 3.0 GHz.

Homogeneous head models tend to provide poorer (lower)
RL values, and a higher frequency results in smaller
variations.

Fig. 8 reveals that the differences in directivities between
the homogeneous and learning-based head models are
marginal. This suggests that the antenna directivity is
primarily dependent on the geometry of lossy medium,

FIGURE 8. Antenna directivities for distances of a) 20 mm and b) 10 mm
from the learning-based and homogeneous head models.

FIGURE 9. Total radiated power for distances of a) 20 mm and b) 10 mm
from the learning-based and homogeneous head models.

FIGURE 10. Peak spatial-average SAR for distances of a) 20 mm and
b) 10 mm from the learning-based and homogeneous head models.

while it is less dependent on the internal dielectric property
distribution.

The TRP and psSAR are shown in Fig. 9 and Fig. 10,
respectively. As seen, the difference in TRP between homo-
geneous and learning-based heads increases with frequency.
In most cases, the homogenous heads give higher median
and mean TRPs. The largest mean TRP difference between
homogeneous and learning-based heads is 32.7% at 3.0 GHz
for a 10 mm distance. The widths of the TRP interquar-
tile ranges are similar for both sets of models. The differ-
ences in psSARs were larger compared to the other param-
eters. In general, the inter-subject variations in psSAR for
learning-based heads are much larger than the homoge-
neous heads, especially at 3.0 GHz. In most simulated cases,
using homogeneous head models leads to more conservative
psSARs, the mean psSAR for a homogeneous head is 56.8%
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FIGURE 11. Radiation pattern on the horizontal plane for 20 mm (left)
and 10 mm (right) distances at frequencies of 0.9 (top), 1.8 (middle) and
3.0 (bottom) GHz. Red dashed and black dotted curves represent the
averaged patterns over the eighteen learning-based and homogeneous
heads, respectively. Purple dash-dotted curves represent the radiation
patterns for the SAM phantom.

higher than that for the learning-based head at 0.9 GHz for
a 10 mm distance. However, at 3.0 GHz, the median and
mean psSARs of learning-based heads are both higher than
those for homogeneous heads. This finding is in line with that
reported in [46]. When the distance between the antenna and
head is larger than a fraction of wavelength, an increase in the
psSAR in an anatomical head can be observed.

The radiation patterns are shown in Fig. 11. As seen, the
patterns in the directions opposite to the head models are less
affected by the models. Rather large variations in the patterns
are found mainly in the directions toward the head for the
10 mm distance at 1.8 and 3.0 GHz.

D. COMPARISON WITH SEGMENTED HEAD MODELS
Historically, voxel-based human models were developed by
segmenting anatomical tissues from medical images. The
results in [41] reveal that the internal SAR values calcu-
lated using the segmented model are more likely to cause

staircasing effects because of the hard discontinuity on the
tissue interfaces. In contrast, the learning-based head mod-
els provide more smoothly distributed dielectric properties,
and hence the electromagnetic doses inside the head models
are less affected by the staircasing effects around the tissue
interfaces.

Comparisons of the antenna parameters between the
eight selected learning-based and segmented head models at
1.8 GHz are listed in Table 6. As seen, the largest RL differ-
ence is 0.34 dB for Subject 42, and the difference between
the mean values is 0.06 dB. Differences in the antenna direc-
tivities are all below 0.1 dB. The TRP and psSAR values of
the learning-based head models also agree well with those
calculated using segmented models.

TABLE 6. Antenna parameters calculated using learning-based (L) and
segmented (S) head models at 1.8 GHz for a 20 mm distance.

Comparisons of the antenna radiation patterns on the hor-
izontal plane are shown in Fig. 12. As seen, the patterns are
almost identical for the learning-based and segmented heads.
The differences in the normalized electric field distributions
at time step 10000 for Subject 17 at 1.8 GHz are shown
in Fig. 13. Smoother internal electric field distributions are
observed for the learning-based models. The field distribu-
tions outside the head model in the left-half space for the two
models are almost identical, with small differences observed
in the right-half space of the simulation space. This also
verifies the finding that small pattern variations are only
observed in the directions toward the head.

E. VALIDATION
Validation of the calculations was confirmed by comparing
antenna parameters with commercial full-wave simulation
software XFDTD [47] using the SAM phantom. In the val-
idation, the distance between the antenna and SAM was set
to 20 mm, and the CAD-based SAM model was directly
imported into XFDTD for discretization. The results for 0.9,
1.8, and 3.0 GHz are listed in Table 7. As seen, the antenna
parameters calculated by the in-house program and XFDTD
are in good agreement. The largest discrepancies in RLs
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FIGURE 12. Radiation patterns of a) learning-based and b) segmented
head models for 20 mm distance.

FIGURE 13. Distributions of normalized electric fields on the cross
section at time step 10000. Antennas are placed at 20 mm from
a) learning-based and b) segmented head models of Subject 17
at 1.8 GHz.

TABLE 7. Comparison of antenna parameters calculated by in-house
program (I) and XFDTD (II).

and directivities are 0.95 dB and 0.25 dB, respectively. The
relative differences in TRP and psSAR were all below 5.2%.
The reason for such slight differences is suspected to be the
post-processing methods, the variations in the antenna posi-
tion [48], and the discretization of the CAD-based models.

IV. DISCUSSION
Recently, machine-learning approaches have been used to
develop human models [40], [41]. These approaches differ
from the traditional approach of segmenting MRIs to tissues
or organs, which inevitably requires the intervention of man-
ual efforts from experienced medical experts [41]. In [41],
a few head models were developed and only the SARs in the
heads were preliminarily evaluated. In this study, a large num-
ber of head models have been developed, making it possible
to quantitatively analyze inter-subject variations. The antenna

parameters, including RL, directivity, TRP, radiation pattern,
and psSAR, were evaluated for the first time using large-scale
head models developed by machine learning.

We also investigated the antenna parameters and psSAR
using homogenous head models; thus, the uncertainties
caused by the homogeneity of the tissue properties and the
head geometry can be distinguished. It is shown that using
the homogeneous models and SAM phantom with dielectric
properties adopted from the CTIA test plan are able to provide
acceptable far-field parameter estimations, such as directivity
and radiation patterns. The homogeneous heads generally
provide a conservative RL estimation, while an optimistic
estimation of TRP is observed compared with learning-based
heads. However, the discrepancies between homogeneous
and learning-based heads are expected to be higher for wear-
able or implantable wireless devices because of the close
contact with the lossy human tissues.

The SDs in directivity and TRP for homogenous and
learning-based heads are similar, indicating that these
far-field parameters as well as radiation patterns are less
likely to be affected by internal tissue distributions. The SDs
in RL are higher for learning-based heads than for homoge-
nous heads. The non-uniform dielectric property distributions
in learning-based heads contribute to a 1 – 2 dB increase
in the SDs in RL for a 10 mm distance (see Tables 2 and
5). Large inter-subject variation in psSAR is also observed
for the learning-based heads, compared to the homogeneous
ones. The discrepancies in mean psSARs between homoge-
neous and learning-based models are highly dependent on
frequency and antenna locations (see Fig. 10). Therefore,
insufficient accuracy in RL and psSAR can be expected when
using simplified body models in antenna design, and the
subject-specific model is preferred for incorporation in the
antenna design phase to minimize the possible parameter
deviations from design objectives, especially for personalized
applications.

In [32], the SAM phantom conservativeness in the eval-
uation of psSAR was investigated using nine anatomical
head models for mobile phones operated below 2 GHz.
Their results revealed that the psSAR evaluated with the
SAM phantom can be considered conservative. This ten-
dency is also observed in this study at 0.9 GHz and
1.8 GHz (see Fig. 10). However, at 3.0 GHz, the psSAR
assessed using the learning-based heads were higher than
those with the homogeneous heads and SAM phantom. This
issue requires further investigation, as the frequency bands
between 3 and 6 GHz have been allocated for 5G mobile
communication.

In addition, the uncertainties of the homogeneous dielec-
tric properties within 20% have little effect on the antenna
far-field parameters, such as directivity, TRP, and radiation
pattern. Relatively higher variations were found for RL and
psSAR due to changes in the dielectric properties of homo-
geneous heads. One method to overcome this problem is to
propose a compensation method with proper correction fac-
tors [13]; another is to develop proper dielectric properties for
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such humanmodels (homogenous or consists of several major
tissues/organs), which is suitable for commercial simulation
tools. These issues require further investigation.

Inter-subject variations in the antenna parameters have
been previously investigated by measurements. In [5], TRP
is evaluated from thirteen subjects when using mobile phones
with head proximity, the SDs are approximately 0.8 dB and
0.4 dB at 0.9 GHz and 1.8 GHz, respectively. In the mea-
surements, plastic support was adopted to adjust the mobile
phone to a relatively fixed position. When the antenna is
held by hand without precise positioning, the SDs increase to
approximately 2.7 dB and 2.8 dB, for 0.9 GHz and 1.8 GHz,
respectively. Our calculated SDs in TRP using eighteen
learning-based head models are about 0.2 dB and 0.4 dB for
20 and 10mmdistances, respectively. Similar SD values were
also found for homogenous heads. These values generally
agree with the measurement results. The slightly higher SDs
in the measured TRPs may be caused by the variation in
the mobile phone positions. In addition, the precise distances
between the antenna and head are unknown in the measure-
ment using real mobile phones. In our numerical simulations,
the antenna location is kept at a fixed location to the head.
For portable wireless devices, such as mobile phones, the
variability of the human body is small, and relatively large
uncertainties are caused by the source location [49].

In this study, the antenna is oriented parallel to the human
vertical axis to minimize the effect caused by the neck and
shoulder, which are not included in the MRIs. As revealed
in [11] and [50], the effects of the neck and shoulder on the
antenna performance are insignificant for a vertical dipole
antenna if the antenna-head distance is less than approxi-
mately 50 mm. The antenna was placed several centime-
ters from the ear canal in this study. This setting lowers
the uncertainty caused by the pinna. The significantly large
uncertainties caused by the complex shape of pinna [31]
may overwhelm the variation caused by the homogeneity of
dielectric property distributions, making it difficult to com-
pare homogenous and learning-based models. In addition,
the existing SAR measurement does not include the pinna.
In SAM phantom, pinna is constructed as a lossless ear
spacer.

V. CONCLUSION
In this study, a total of eighteen anatomical head models
were developed using a machine learning approach and then
adopted for large-scale evaluation of the inter-subject vari-
ations in antenna performance toward personalized wire-
less devices. Statistical analysis of the antenna impedance,
RL, TRP, directivity, radiation pattern, and psSAR were con-
ducted. The computation results show relatively large vari-
ations in impedance, RL, and psSAR among different head
models, while the internal tissue distributions are less likely to
affect the directivity and radiation pattern. Using headmodels
developed by the machine learning approach, robust evalua-
tions of the antenna parameters can be expected to provide
comparable results with the traditionally adopted segmented

models, significantly reducing the effort of segmenting each
tissue/organ. Using head models with homogeneous dielec-
tric properties adopted from the CTIA test plan is accept-
able for evaluating antenna far-field parameters, while less
accuracy is experienced for RL and psSAR. For frequency
bands above 6 GHz for 5G wireless communication, smaller
inter-subject variations in antenna parameter can be expected,
due to the shallower penetration depth and decreased antenna
dimension.
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