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Abstract—Wireless Body Area Networks (BANs) have many
important applications such as wearable communication devices
and Internet-of-Things (IoT). Wireless propagation in on-body
channels has been measured and modeled in the past. However,
a crucial element that is usually ignored is the impact of the
body size of the user – a 50 kg person obviously creates a
different on-body channel than a 150 kg person. The status-quo
’one-size-fits-all’ approach to channel characterization in BAN is
thus incomplete. In this paper, we provide a detailed description
of a propagation measurement campaign that employs a self-
developed 4 × 4 Ultrawideband (UWB) Multiple-Input-Multiple-
Output (MIMO) array channel sounding system to perform BAN
channel sounding both in an anechoic chamber and indoor
laboratory environments. A total of 60 human subjects were
investigated in our work. These human subjects had widely
varying Body Mass Index (BMI) values, which were grouped
into three different categories, i.e., 20 per BMI category. Various
propagation properties such as path gain, frequency-decay factor,
shadowing gain, rms delay-spread, amplitude-fading and spatial
correlation are extracted for each on-body channel under con-
sideration. A comparison of statistics among the BMI categories
reveals considerable differences emphasizing the fact that the
aforementioned propagation properties are BMI dependent. Pa-
rameters such as path gain showed a monotonic decrease across
the BMI categories with values ranging from 1-2 dB to almost 13
dB in some channels. This paper proposes a propagation channel
model for the BMI dependent parameters and validates that it
can reproduce the measured channel capacities.

Index Terms—Body area network, body mass index, ultrawide-
band (UWB), statistical channel modeling, wireless propagation
measurements.

I. INTRODUCTION

IN recent years, there has been an increased interest in
Wireless Body Area Networks (BANs) because of their

potential application in areas such as healthcare monitoring,
surveillance and sports. Vital medical information of patients
such as body temperature, heart rate and blood pressure can
be obtained through biomedical sensors attached to the human
body and wirelessly transmitted to a hub node (typically a
cellphone) carried on the body [3]. Some of these sensors
have already started to permeate the market in the form of
pulse monitoring gloves, daily-exercise tracking wristbands
and other wearable IoT devices. Additional devices, partic-
ularly in patient monitoring, are expected to emerge in the
near future.

Seun Sangodoyin and A.F. Molisch are with the Department of Electrical
Engineering, University of Southern California (USC), Los Angeles, CA
90089-2560 USA. Part of this work will be presented at VTC 2017 [1] and
Globecom 2017 [2].

Ultrawideband (UWB) radio technology has been consid-
ered over the years as a promising candidate to enhance
communication and localization in scientific, military, and
industrial applications [4]–[7]. UWB signals are defined as
either having more than 20% relative bandwith or more than
500 MHz absolute bandwidth [8] and are permitted to operate
in the 3.1-10.6 GHz frequency band by the Federal Communi-
cations Commission [9] in the USA, while occupying 4.2-4.8
and 6-8.5 GHz bands in Europe, and 3.4-4.8 and 7.25-10.25
GHz bands in Japan [10]. UWB radio, due to its low power,
high data rate, and robustness to fading has been suggested as
the technology of choice for implementing BANs. Also, recent
suggestions for improving BAN communications includes the
use of Multiple-Input-Multiple-Output (MIMO) antennas to
increase channel capacity [11] and robustness of the channel
to fading [12].

In order to develop any reliable wireless system, it is
essential that the channel in which the system will operate
be characterized. Hence, comprehensive and realistic charac-
terization of the on-body channel with a realistic model is
essential.

It has been established through theoretical and practical
investigation that the characteristics of narrowband and UWB
channels are remarkably different [13]–[19]. Furthermore, in
BANs, electromagnetic (EM) waves transverse the human
body either via surface waves or diffraction mechanisms [12]
and it is expected that the human body tissues will have a
significant effect on the propagation especially when various
body types (with different dimensions and tissue properties)
are considered [20]. The Body Mass Index (BMI) is a measure
of human body fat based on height and weight [21], [22]
and can thus be anticipated to be a contributing factor to
the characteristics of any on/off body wireless propagation.
For medical applications, modeling the BAN on people with
very high BMI is particularly important, since it is exactly this
user group for whom medical BANs are especially relevant.
However, most previous measurements and models considered
test subjects with BMI < 25.

A. Related works
A number of papers [20], [23]–[49] in the literature have

provided BAN models in the cm (below 10 GHz) frequency
range.1 These models range from narrowband to ultrawide-

1There are also models for mm-wave BAN channels; due to the significantly
different propagation characteristics in that frequency range, we do not survey
them here.
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band and were derived either analytically, through numerical
simulation or by actual measurements.

We can categorize existing results as:

• Narrowband models: Refs. [23]–[34] provide path gain
models for propagation along/around the human body.
These papers are based on analytical computation [23]–
[28], numerical simulation [29], measurements with
phantoms [30], measurements with human test subjects
in an anechoic chamber [31], [32], indoor environment
[33] and outdoor environment [34]. The most common
frequency band for those measurements is 2.45 GHz
[23]–[27], [30], [32]–[34] although 915 MHz [28] and
4.5 GHz [31] have been measured as well. A Finite-
dimension time-domain (FDTD) simulation was done to
develop BAN models at 400 MHz and 900 MHz in
[29]. Narrowband static and dynamic measurements were
conducted around 402, 900 and 2400 MHz frequency
bands in [46]. These measurements made use of 20
human test subjects – both male and female. Also, a
dynamic characterization of BAN communication chan-
nel at 2.4 GHz was conducted on 8 adult subjects in
[47]. Narrowband measurements were conducted at 2.36
GHz using 5 adult test subjects performing ’everyday’
activity in [48] while 3 adult subjects were used for
narrowband measurement at 2.36 GHz in [49]. An open-
access database, which contains hundreds of hours of all
narrowband measurements conducted in [46]–[49] can be
accessed in [50].

• Ultrawideband models: Refs. [20], [35]–[42] also pro-
vides pathloss models. Analytical derivations are pro-
vided in [39], numerical simulations are done in [20]
while other papers were based on measurements in
anechoic chamber [36], [38], [40] and indoor/office are
provided in [35]–[37], [40]. The frequency bands used
varies from 3-6 GHz in [35], [37] to 2-8 GHz in [38]
and 3-10 GHz in [40], [44], [45].

Most of the above models, irrespective of the frequency
band, are based on measurements or analysis on a single
person or single phantom with the exception of [46]–[50], in
which narrowband measurements were conducted on a larger
sample size of test subjects. Furthermore, [41] analyzed the
difference between propagation characteristics of three people
with different weights. The measurement was conducted in the
UWB frequency band of 3-5 GHz in an anechoic chamber,
however the number of samples measured is too small to
render the results statistically significant. [43] studied the
effects of body shape and gender on BAN by conducting
measurements on a total of 16 people (8 males and 8 females),
however this was done for a narrowband channel (centered at
2.36 GHz). [42] conducted UWB measurements in the 3-10
GHz frequency band using 8 different human body sizes and
shapes. This was done using a small sample size and also
only the pathloss analysis was provided in the paper. We are
unaware of any ultrawideband measurement-based model that
characterizes the propagation channel responses based on the
BMIs of a number of people sufficiently large to render results
statistically significant.

B. Contribution

As can be seen from the literature review above, there
exist, to the best of our knowledge, no measurements detailing
ultrawideband MIMO BAN channels with a large sample
size of human subjects that allow analysis of different BMI
categories in an anechoic and indoor environment. In this
paper, we remedy this by investigating the impact that BMI
has on UWB-MIMO BAN channels. The contributions of this
paper can be summarized as follows:

1) We provide an extensive report on the channel mea-
surement campaign that employs our UWB MIMO ar-
ray system to perform the BAN propagation channel
measurement both in an anechoic chamber and indoor
laboratory environments.

2) We provide estimates and statistics of extracted propa-
gation channel parameters such as path gain, frequency-
dependency coefficient of the path gain, shadowing gain,
rms delay-spread, amplitude-fading and spatial correla-
tion coefficient.

3) We propose a UWB MIMO BAN propagation channel
model that takes the BMI of various people into con-
sideration. The model is validated by comparing derived
MIMO capacity values to those of the original measure-
ments.

4) We provide an implementation recipe, which can be used
to simulate BAN channels.

C. Organization

This paper is organized as follows. Section II describes
the measurement environment while section III describes the
measurement setup used in this campaign. Limitations of our
study are extensively discussed in section IV. Data evaluation
procedure and results are discussed in section V. The model
implementation recipe is provided in section VI, while the
model validation is presented in section VII. Conclusions are
inferred in section VIII.

II. MEASUREMENT ENVIRONMENT

The measurements were conducted at the UltRa Lab facility
[51] located at the University of Southern California (USC)
in Los Angeles, CA, USA. The experiments were performed
in both an anechoic chamber and indoor lab environments,
which are shown in Figs. 1(a) and 1(b) respectively. The
anechoic chamber is a 9.1 x 4.6 x 4.6 m Radio Frequency
(RF) shielded room, which serves as a controlled environment
with no reflections while the indoor lab is a 13.1 x 15.2 x 6.0 m
room mostly populated with plastic chairs, computers, metallic
workbench (labeled A) and two metallic pillars (labeled B),
and also houses the anechoic chamber.

The human subject was positioned on a floor tile (labeled
F) in the indoor lab while a platform (labeled P in Fig. 1)
was used in the anechoic chamber. Additional details about
the measurement environment are presented in [1].
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(a) (b)

FIG. 1: (a) anechoic chamber (b) indoor lab environment in
the Ultralab at USC

Item Manufacturer Model No.
VNA Agilent 8720ET
TX/RX RF switch Pulsar Microwave SW8RD13
coaxial cables RF Industries RFW-5950-96
UWB antennas XY XY3

TABLE I: Hardware used in the channel measurement

Parameter Setting
Bandwidth 8 GHz (2 - 10 GHz)

Center frequency, fc 6 GHz
Transmitted Power -10 dBm

Total number of Channels 16
Number of sub-carriers 801

delay resolution 0.125 ns
Frequency resolution 9.98 MHz

TABLE II: Measurement parameters

Channel Location
1 Front-to-Front (F2F)
2 Front-to-Shoulder (F2S)
3 Front-to-back (F2B)
4 Front-to-Hip (F2H)
5 Hip-to-Shoulder (H2S)
6 Hip-to-Back (H2B)
7 Hip-to-Leg (H2L)

TABLE III: On-body channels

III. MEASUREMENT SETUP

A task specific propagation channel sounder system was
developed for our BAN measurement campaign. Fig. 2 illus-
trates our setup. The measurements were performed in the
frequency domain using a vector network analyzer (VNA,
Agilent 8720ET) for a stepped frequency sweep conducted
for 801 frequency points within a range of 2-10 GHz. A
4-element switched arbitrary antenna array configuration (in-
cludes a combination of linear and/or rectangular) was used
at both the TX and RX ends with an in-house developed XY3
omni-directional antennas [52]. The antennas were placed 7.5
cm apart in the linear array configuration in most instances
while switching between array elements was performed by
Pulsar Microwave (SW8RD13) RF switches [53]. A list of all
equipment is given in Table I while all parameter settings for

the channel measurement are shown in Table II. An extensive
description of the channel sounding setup has been provided
in [1].

Different on-body channels measured in our campaign are
listed in Table III, while antenna placements on the body for
these channels are shown in Figs. 3(a) to 3(g). A total of 60
male subjects with ages 18 years or older with various BMIs
were considered. We could not conduct experiments with
female subjects since no female research personnel qualified
to work on this Instituitional Review Board (IRB) - approved
project were available to work with female test subjects. The
male test subjects were categorized according to their BMI
values following a conventional medical classification [54] as
shown in Table IV. The recruited subjects were later grouped
such that there were 20 candidates per BMI category.
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FIG. 2: UWB BAN measurement setup with harness on the
body

Category BMI Value Classification
1 18.5-24.9 normal
2 25-29.5 overweight
3 ≥ 30 obese

TABLE IV: International classification according to BMI

A key assumption for our measurement is that the channel
is static, which is fulfilled if there are no posture variations/
movements from the human subject or moving scatterers in the
environmental. We thus made sure of this in our experiment.
We made sure there were no moving scatterers in the vicinity
of our measurement setup, and also monitored and instructed
all test subjects to keep still while the measurements were
being conducted.

IV. LIMITATIONS OF OUR STUDY

While this study is, to the best of our knowledge, the first
of its kind (see Sec. I.A), the limited population used in our
study, the use of BMI as a suitable measure for categorizing
human body sizes and our choice of channel configuration
and measurement environment merits a discussion.
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FIG. 3: (a) F2F (b) F2S (c) F2H (d) H2S (e) F2B (f) H2B (g)
H2L

A. Limitation of population

One issue is the limited number (60) of test subjects.
Obviously, a larger number would result in a better statistical
viability of the model, but, the number of test subjects is

limited both by difficulties in recruiting, and the time effort of
measurements (see below). Furthermore, the current number
gives reasonable reliability (see Sec. VI.A).

A more serious constraint is the limited diversity of the test
population, specifically, our experiment used male subjects
between the ages of 18 and 24. It can be expected that in
particular women, with an inherently different body shape, and
children under the age of 18 (with unusual body shapes during
spurts of growth) could lead to significantly different results.
However, extending the test population was not possible for
two reasons: (i) having a statistically significant number in
each of the mentioned population groups would mean at least
tripling the number of measurements, leading to an impractical
time effort (just the measurements reported here extended over
a year, with the measurement on each test subject taking three
hours, and considerable coordination effort to accommodate
the volunteer test subjects). Furthermore, since we had no
female IRB (Institutional Review Board)-qualified researcher
on our team, we could not measure on female test subjects;
and measuring with underage test subjects creates obvious
permission issues.

To provide a comprehensive channel model that factors
in a larger and more diverse population, additional channel
measurements will need to be done. We encourage other
research using the population groups not considered in this
work to serve as a complement to our current work. Our setup
and analysis as described in Secs. III & V will easily transfer
to other groups/subpopulation of test subjects.

B. Limitation of BMI as a measure

The debate over the suitability of the BMI as a measure for
quantifying the human body fat has been going on for a while
and has been critically discussed in different works. While a
lot of works such as [55], [56], [57] and [58] have oppposed
the use of BMI as a valid measure for obesity, some works
such as [59] and [60] have supported it.

We can categorize the differing opinions as:
• Opposed: Ref. [55] tested the accuracy of the BMI by

comparing the adiposity status defined by BMI and dual-
energy X-ray absorptiometry (DXA) in a large popula-
tion. The conclusion of the work was that BMI misclassi-
fied adiposity status in approximately one-third of women
and men compared with DXA. [56] also inferred that the
accuracy of BMI in diagnosing obesity is limited, partic-
ularly for individuals in the intermediate BMI ranges, in
men and in the elderly. [57] stated that BMI has various
deficiencies as a measure of obesity and is an indirect
measure of body fat when compared with more direct
approaches such as bioelectrical impedance. Moreover,
BMI does not necessarily reflect the changes that occur
with age in a population. The proportion of body fat
increases with age, whereas muscle mass decreases, but
corresponding changes in height, weight and BMI may
not reflect changes in body fat and muscle mass. [58]
stated that consideration of changes in body composition
rather than BMI should be used as a measure for de-
termining obesity since weight variations have a bigger
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impact on the BMI values even when the individual’s
height remains the same, which is especially common in
adults.

• Support: In analyzing the measure of obesity and cardio-
vascular risk among men and women, [59] compared the
waist-to-height (WHtR) ratio and BMI and concluded that
BMI remained the most clinically practical measure of
adiposity. [60] argues for the use of BMI as the principal
and universal measure of obesity. [58] in contrast to its
eventual assertion, stated that in a large population, BMI
provides a useful surrogate index of obesity because it
corrects for individuals who are heavy by virtue of the
fact that they are also tall and that while BMI provides
no information regarding the composition of the weight,
or its distribution, it does not matter so much when the
study is conducted on a large population.

Many other works (not mentioned here for space reasons)
have provided various refinement of the BMI. In addition
to the contrasting opinions in different works, it suffices to
recall that the BMI is essentially height divided by weight. In
adults, height is a fixed quantity 2, so BMI serves as a proxy
for weight. In children/adolescents, both height and weight are
variable, thus a much more diverse range of body types can
be observed for a given BMI. Also, BMI has limitations not
only on quantifying body fat but also composition (muscle
vs fat as well as where the body fat is located). In a ’very
large-framed’ or muscular person, BMI may overstate body
fat, while conversely it may understate body fat for a ’very
small-framed’ person, someone with little muscle mass, or an
individual with excess body fat around the belly or midsection
with very small limbs.

We use BMI for categorizing different body sizes in BAN
propagation channel measurements and model for the follow-
ing pragmatic reasons: (i) it provides a single-parameter de-
scription of human body shape. This is vital for this measure-
ment campaign, because a description with a larger number
of parameters would need a larger number of test subjects to
obtain statistically viable results; yet for practical reasons a
significant increase in that number of subjects is not feasible
as discussed above. (ii) it can be measured in a standardized
way (as opposed, e.g., to torso circumference), and cheaply
(as opposed, e.g., to DXA). (iii) it is available for a very large
population group since weight and height is measured at every
doctor’s visit and often at home. Perhaps most importantly,
our measurements demonstrate that the standard deviation
of channel parameters, such as path gain within each BMI
category, is (slightly) less than the deviation between different
categories as shown in the probability distribution functions
(PDFs) plotted in Figs. 4(a) and 4(b). This demonstrates that
the BMI is a relevant metric for the impact of body shape on
radio propagation.

C. Limitation due to channel configuration and environment

On-body propagation channels measured in this work can
be categorized into Line-of-sight (LOS) channels (e.g., F2F,

2Note that the height of the test subjects used in our work ranges from
about 160 to about 187 cm.
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FIG. 4: PDF of the path gain in the (a) H2S in the anechoic
chamber (b) F2S channels in the indoor lab

F2H, F2S) and Non-line-of-sight (NLOS) channels (e.g., F2B,
H2B). It is important to note that in on-body propagation,
the term ”LOS” and ”NLOS” channels are only valid for
static measurements such as the ones presented in this paper.
As stated in [61], these terms are not valid in a dynamic
scenario as body movement would significantly change the
channel – obscuring the distinction between these two types of
channels. Also, some of the parameters extracted in this work
such as shadowing, amplitude fading and delay dispersion
(to be discussed in subsequent sections) are all empirically
determined in a static scenario.

Due to the amount of effort involve in this type of mea-
surement campaign and the configuration of our measurement
setup, some channels such as TX or RX at lower leg or lower
arm to other parts of the body were not measured. This could
prove insightful for the UWB wireless BAN modeling, we
hope any future research conducted in this field would take
these channels into consideration to complement the results
provided in this paper.

One important conclusion from the results of the current
measurements is that they provide a quantitative estimate
of the BMI influence in two extreme environments with no
(anechoic chamber) or very rich (indoor lab) scattering. BAN
channel measurements results conducted in other real-world
environments are anticipated to lie between those extremes.
It would indeed be interesting to measure the BMI impact
in a range of other environments as well. The logistics and
the sheer time effort of such measurements would have been
prohibitive in the current campaign, but we hope that this paper
can encourage studies of other researchers along those lines.
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V. DATA EVALUATION AND RESULTS

The transfer function of each on-body channel can be
represented as Hi,j,k,z,q,ψ,ξ, where i ∈ [1, 2, ..., I = 4] and
j ∈ [1, 2, ..., J = 4] denote the TX and RX antenna position
indices within the array, k ∈ [1, 2, ...,K = 801] represents
the frequency points, z ∈ [1, 2, ..., Z = 7] is the type of on-
body channel measured (see Table III), q ∈ [1, 2, ..., Q =
20] represents the index of people within a BMI category,
ψ ∈ [1, 2, ...Ψ = 3] indicates the BMI categories, and
ξ ∈ [1, ...,Ξ = 2] represents the environments with ξ = 1
as the anechoic chamber and ξ = 2 as Indoor Lab envi-
ronment, respectively. The transfer function Hi,j,k,z,q,ψ,ξ was
transformed to the delay domain by using an inverse Fourier
transform and a Hanning window (to reduce side-lobes). The
resulting impulse response is denoted as hi,j,n,z,q,ψ,ξ, using
similar index parameters representation as those of the transfer
function with the exception of the frequency bin index changed
to n ∈ [1, 2, ..., N = 801], where n indicates the delay
bin index. The instantaneous power-delay profiles (PDP) are
derived from the impulse responses by taking the magnitude
squared (Pi,j,n,z,q,ψ,ξ = |hi,j,n,z,q,ψ,ξ|2) of the impulse re-
sponse. The influence of small-scale fading is reduced by
averaging the PDP over all MIMO channels so as to obtain the
average power-delay-profile (APDP) as shown in (1). Sample
APDP plots obtained from some of the channels in the BMI
categories are shown in Figs. 5(a) & 5(b) below.

P̂n,z,q,ψ,ξ =
1

I

1

J

I∑
i=1

J∑
j=1

Pi,j,n,z,q,ψ,ξ (1)

To minimize the influence of noise in our data evaluation,
we implemented a noise thresholding filter that sets all APDP
samples whose magnitudes are below a certain threshold to
zero. The threshold value is chosen to be 6 dB above the
noise floor of the APDP [13]. Finally, a delay-gating filter was
implemented for the anechoic chamber measurements only,
which eliminated MPCs with an excess runlength (difference
between runlength and Euclidean distance between TX and
RX) larger than 4 m. The value 4 m was chosen because there
were no observable reflector/scatterer that could cause a MPC
with such a large excess runlength in the on-body channels.

In our data evaluation, we discuss the mode-of-propagation
of MPCs in on-body channels, path gain, shadowing, delay
dispersion, amplitude fading and spatial correlation. Extraction
procedure and results for each of aforementioned parameters
are discussed in subsequent sub-sections.

A. Mode of propagation of MPCs

In BAN, the Mode of Propagation (MOP) of an electro-
magnetic (EM) wave around the body has been classified
as either through-body penetration or via creeping waves on
the surface of the body, diffraction around the body or as a
result of reflections in the environment [29], [62], [26], [35],
[28]. While different on-body channels have different primary
propagation mechanisms, subsequently received MPCs could
stem from a combination of various MOPs. For example,
the F2F channel in an indoor lab environment, as shown in

Fig. 3(a) and APDP shown in Fig. 5(a), is more likely to
be dominated by the creeping waves on the surface of the
body while occurence of other MPCs is as a result of on-body
and indoor reflections [35], [63]. For the F2B channel (see
Fig. 3(e)), it can be deduced from the APDP (shown in 5(b))
that the first strongest peak corresponds to the MPC diffracted
around the human body while the second strongest peak is
mainly the result of ground reflection and subsequent MPCs
are due to reflections in the environment. This characterization
of the APDP from the F2B channel had been previously
mentioned in [35]. It is important to note that the general shape
of the APDP was the same at a particular on-body channels in
the different BMI categories, which simply implies a common
mode of MPC propagation within a channel irrespective of the
body type.
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FIG. 5: APDP from sample measured channels in the indoor
lab environment

B. Path gain Analysis

In the literature, path gain in narrowband channels is usually
modeled as being dependent on distance only; while path gain
in the UWB channel exhibits both distance and frequency
dependency [19], [63] and is written as

GL(f, d) =
1

∆f
· E


f+∆f/2∫
f−∆f/2

∣∣∣H(f̃ , d)
∣∣∣2df̃

 , (2)
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where H(f̃ , d)3 is the channel transfer function. E {·} is the
expectation taken over the fading.4 The frequency range,
∆f is chosen small enough so that diffraction coefficients,
dielectric constants, etc., can be considered constant within
that bandwidth. For our measurement, ∆f is chosen to be 200
MHz, which is sufficient to average out frequency-selective
fades.

As a consequence of the nature of our work, there are no
distance dependencies of path gain for each channel since the
channels were measured at a fixed TX-RX separation. The
path gain can be expressed as

GL(f, d0) = G0 · Xσ · GL(f), (3)

where G0, Xσ and GL(f) are the average path gain at a fixed
distance (d = d0), shadowing gain and frequency-dependent
path gain respectively. These parameters will be discussed in
detail subsequently.

1) Fixed distance path gain: For each test subject, we
compute the local mean power (Mz,q,ψ,ξ

0 ) as shown in (4))

Mz,q,ψ,ξ
0 =

N∑
n=1

P̂n,z,q,ψ,ξ, (4)

from which we then compute G0 as

Gz,ψ,ξ0 =
1

Q

Q∑
q=1

Mz,q,ψ,ξ
0 . (5)

Values for G0 obtained from our measurements are provided
in Table V. Sample cumulative distribution function (CDF)
plots for M0 in different BMI categories and environments for
example channel F2H are shown in Figs. 6(a) and 6(b).

It can be observed from Table V that G0 values differ
by only about 2 dB between BMI 1 and BMI 2 while the
difference to BMI 3 is much larger, namely 3-13 dB. It is
intuitive that the path gain is lower for BMI 3, since more
body mass needs to be transversed with exposure to more body
tissue, which will likely attenuate the transmitted signal. Also,
for channels on the front of the body, protruding bellies of the
BMI 3 subjects decrease the average path gain while the vari-
ation (shadowing) is increased. Path gain in the two different
environments (anechoic chamber and indoor lab) are similar
except for the ”Non-Line-of-Sight (NLOS)” channels (F2B,
H2B), where path gain values in the indoor lab environment
are actually higher than those of the anechoic chamber. This
can be explained by the fact that additional propagation paths
(from the TX via scatterers in the environment to the RX)
can be more efficient than the creeping/diffracted waves that
constitute the only propagation path in the anechoic chamber.

2) Frequency-dependent path gain: The frequency depen-
dency in the BAN UWB channel arises primarily from the

3We have used the transfer function notation as stated in [63].
4Note that due to the nature of our setup, there is no large-scale fading

created by movement along a trajectory; rather the ”shadowing” variable
introduced below describes as the different ”realizations” the results on the
different users. To simplify notation, we henceforth speak of ”fading” when
we mean small-scale fading arising from interference between multipath
components
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FIG. 6: Empirical CDF and corresponding Gaussian fit of path
gain for F2H channel in (a) anechoic chamber (b) indoor lab
environments.

frequency dependency of the antenna power density and gain
variation [64], [65], the tissue constituents of the human body,
and the physical propagation phenomena such as scattering
and diffraction [66] in the channel.

Following [67], [68], we model GL(f) as

GL(f) = ζ

(
f

f0

)−2κ

, (6)

where κ is the frequency decay factor, ζ is a normalization
constant, f0 is the center frequency. In our analysis, the
average of the frequency-decay factors, extracted separately
for each candidates in each BMI category is used for modeling
κ. While [69] has shown that κ can be different for each
multipath component, we use here (like most other papers
describing frequency dependence) a bulk model because we
did not have sufficient number of measurement points to
extract it for each path separately. All extracted κ values are
provided in Table V.

Although there has been some recent work done aimed at
de-embedding the antenna effect from the on-body propagation
channel [70], [71], it is important to note that any results
in our analysis represent the behavior of the radio channel
including both the physical propagation channel (human body)
and the antennas. Different antennas with consequently differ-
ent frequency dependent behavior could lead to significantly
different results. All other measurement campaigns that do not
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Average path gain, G0 (dB)
F2F F2B F2H F2S H2B H2L H2S

Anec. Ind. Anec. Ind. Anec. Ind. Anec. Ind. Anec. Ind. Anec. Ind. Anec. Ind.
BMI 1 -39.40 -40.78 -72.68 -63.62 -49.23 -50.69 -54.14 -55.63 -60.80 -58.61 -40.52 -41.14 -55.49 -61.29
BMI 2 -41.91 -41.66 -72.17 -65.98 -50.90 -50.18 -56.28 -56.43 -62.64 -61.21 -42.40 -41.69 -62.31 -62.16
BMI 3 -47.55 -45.76 -86.37 -74.57 -63.58 -62.32 -61.88 -61.68 -66.58 -65.44 -45.93 -49.64 -72.20 -71.26

Frequency-dependent decay factor (κ)
BMI 1 1.05 1.06 1.21 1.22 1.20 1.22 1.28 1.25 1.23 1.20 1.03 1.18 1.31 1.48
BMI 2 1.04 1.05 1.31 1.36 1.21 1.21 1.29 1.30 1.30 1.16 1.23 1.26 1.42 1.54
BMI 3 1.04 1.13 1.86 1.57 1.46 1.43 1.43 1.38 2.03 1.88 1.40 1.59 1.50 1.92

Shadowing gain, σs(dB)
BMI 1 2.69 4.55 8.57 6.65 5.88 7.12 5.26 5.61 6.67 7.04 5.24 4.48 3.20 4.00
BMI 2 3.50 4.21 5.54 3.77 5.61 6.06 5.13 5.34 7.21 2.91 4.06 6.11 2.90 5.33
BMI 3 4.27 2.55 2.90 5.88 5.22 3.54 3.07 3.40 8.07 3.16 3.16 1.90 4.37 2.59

mean rms delay-spread, µτ rms (dBs)
BMI 1 -90.74 -86.93 -91.28 -84.68 -91.94 -85.97 -89.84 -84.81 -92.13 -83.81 -90.62 -87.12 -88.62 -81.32
BMI 2 -90.82 -86.25 -93.06 -84.39 -91.53 -87.02 -88.28 -82.03 -90.11 -84.14 -90.76 -87.23 -88.18 -81.83
BMI 3 -96.09 -86.22 -102.81 -86.10 -94.52 -85.78 -92.52 -76.66 -88.83 -80.13 -116.28 -87.01 -90.85 -81.38

std. dev rms delay-spread, στ rms (dBs)
BMI 1 3.06 4.11 4.92 1.83 3.65 4.63 3.01 3.61 3.86 3.36 3.19 3.98 3.40 2.12
BMI 2 2.39 2.55 5.30 1.77 2.71 5.26 2.63 3.74 3.90 4.83 3.01 3.01 3.91 2.67
BMI 3 3.33 5.39 2.71 1.21 1.69 5.62 0.85 2.78 2.19 4.76 3.62 4.13 5.50 3.61

mean K-factor, µK (dB)
BMI 1 2.30 2.05 2.01 2.13 2.82 1.24 1.12 1.31 2.28 0.94 2.10 3.10 1.80 0.92
BMI 2 3.06 2.88 3.11 3.21 2.69 1.69 1.31 1.02 -1.23 -0.80 1.80 2.90 -1.23 -1.20
BMI 3 3.66 2.78 4.72 1.91 1.70 2.14 1.21 1.43 2.53 1.03 2.40 1.10 -1.56 1.27

std. dev K-factor, σK (dB)
BMI 1 0.58 0.89 1.39 0.67 2.27 1.11 0.80 1.04 0.32 0.84 0.55 1.40 1.70 2.34
BMI 2 1.53 1.19 2.22 3.06 1.11 1.19 1.19 1.93 2.12 1.08 1.10 0.82 1.80 2.30
BMI 3 3.04 0.83 0.78 2.11 1.08 1.18 1.07 3.20 1.12 0.67 1.72 0.93 3.1 2.10

TABLE V: Parameters extracted for various channels and BMI categories

use calibrated antennas have the same limitation.

C. Shadowing

Shadowing gain (Xσ) accounts for the fluctuations of the
received power for a given channel and environment type, as
well as BMI category, between different test subjects. The
standard deviation (std. dev) of shadowing gain computed from
all channels and BMI categories in the anechoic and indoor
lab environments are shown in Table V; it mainly ranges from
2.55 to 8.57 dB. There is very little difference between these
std. dev values among BMI categories and the environments.

In generic UWB propagation channel measurements [72],
[73], the shadowing gain has been characterized as a log-
normal distribution N(0, σs(dB)). This distribution for the
shadowing gain was also used in our work, even though the
generating mechanism is different. The lognormal distribu-
tion was validated by matching the empirical data to some
typical theoretical distribution such as lognormal, Nakagami,
Rayleigh, Ricean, and Weibull. The Kolomogorov-Smirnov
(K-S) hypothesis test was used to determine the goodness-
of-fit of these distribution at 5% significance level (Table VI).

As can be observed from Table VI, the lognormal distri-
bution gives the highest passing rate for both anechoic and
indoor lab environments. This observation holds for all BMI
categories and channels. A sample distribution for a select
channel (F2F) is shown in Fig. 7.
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FIG. 7: Empirical CDF and corresponding Gaussian fit for the
shadowing gain in the F2F channel of BMI 1 in both anechoic
and indoor lab environments.

D. Delay Dispersion Statistics

The rms delay-spread, τ rms is defined as the square-root
of the second central moment of the normalized APDP. This
parameter serves to compactly describe the effects of delay
dispersion in multipath propagation environments [74]. The
rms delay-spread was computed directly from the APDP as
described in [75].

We found rms delay-spread to be lognormally distributed
(with respect to the ensemble of subjects within a BMI
category). The CDF plots in Figs. 8(a) and 8(b) show that
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the logarithmic value of τ rms
z,ψ,ξ (with respect to 1 s) is well

approximated by a Gaussian distribution; this holds for all
the other BAN channels measured in various environments
as well. This was again validated with a K-S test using the
same distributions and significance level as for the shadowing.
Table VII compares the passing rate of the aforementioned
distributions for a sample channel (F2H-BMI 1) in both
anechoic and indoor environments. It can be observed from
the result that the lognormal distribution has the highest
passing rate. The statistical parameters (second-moment) for
the rms delay-spread values (expressed in dB) for all BAN
channels are shown in Table V. BMI 3 categories typically
have the smallest τ rms values. Also, as a consequence of
the environment, comparing rms delay-spread values between
BMI categories is more difficult in the indoor Lab environment
as scattered and reflected MPCs drown out the impact of
creeping or diffracted waves. Conversely, the measurements in
the anechoic chamber show a stronger dependence on BMI,
since there exist few or no reflections in the channel. Also,
the rms delay-spread values in the indoor lab environment are
larger than the anechoic due to the rich scattering environment.
Impact of MPC delay dispersion on BAN or Personal Area
Network (PAN) system performance have been studied in
papers such as [76] and [77].
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FIG. 8: Empirical CDF and corresponding Gaussian fit of τ rms

in the F2H channel in (a) anechoic chamber (b) indoor lab
environment

Distribution K-S (anechoic) K-S (indoor)
Weibull 78.28 57.00
Rayleigh 16.17 15.23
Rician 16.17 15.23

Lognormal 98.37 89.36
Nakagami 27.87 36.59

TABLE VI: Passing rate of K-S test at 5% significance level for
BMI 1 F2F channel

Distribution K-S (anechoic) K-S (indoor)
Weibull 55.16 45.24
Rayleigh 3.82 9.14
Rician 3.82 9.14

Lognormal 93.00 89.32
Nakagami 69.71 52.40

TABLE VII: Passing rate of K-S test at 5% significance level for
τ rms for BMI 1 F2H channel

E. Amplitude Fading Statistics

The variation in the received signal amplitude over the 4
× 4 MIMO UWB channel can be attributed to the small-
scale fading (SSF) on the body. This variation stems from
MPC interaction with local scatterers such as head, arm, etc
(depending on the channel measured), which exist within the
vicinity of the receiver.

Several channel measurements [13], [75], [78]–[81] have de-
scribed the SSF statistics as either lognormal, Rician, Rayleigh
or m-Nakagami distributed. In our work, the SSF statistics was
found to follow a Ricean distribution. This was investigated by
considering fading on sub-carriers in different sub-bands over
MIMO sub-channels. The chosen sub-carriers in contiguous
sub-bands are 200 MHz apart so to reduce the bias introduced
by possible correlation between sub-carriers [82]. An ensemble
of the amplitude at each such chosen sub-carrier and MIMO
sub-channels are used in modeling the Ricean distribution. The
K-factor is essentially constant over frequency, as verified by
computing K-factor for 1-GHz sub-bands (not shown here for
space reasons). The K-factor parameter of the Ricean distriibu-
tion was computed using the method of moments as described
by (1)-(9) in [83]. A distribution fit from sample measurement
data is provided in Fig. 9 below. Also, a K-S hypothesis test at
5% significance level was used to determine a goodness-of-fit
for the aforementioned empirical data as compared to typical
theoretical distributions such as Rayleigh, Ricean, Lognormal,
Nakagami, and Weibull. Table VIII compares the passing rate
of these tests for our measurement data. It is clear that the
Ricean distribution has a much higher passing rate.

The K-factor parameter of the Ricean distribution was
found to be lognormally distributed over the ensemble of all
subjects within a BMI category for each channel measured
for different environments. First and second moment values
for a logarithmic equivalent, i.e., Gaussian distributed K-factor
N (µκ(dB), σκ(dB)) statistics are provided in Table V. We did
not observe a significant K-factor dependency on BMI values
in our analysis.
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FIG. 9: Ricean distribution fit for small-scale amplitude fading
in F2F anechoic channel

Distribution K-S
Weibull 84.89
Rayleigh 58.43

Rician 98.50
Lognormal 75.78
Nakagami 92.58

TABLE VIII: Passing rate of K-S test at 5% significance level

F. Spatial Correlation

Correlation of the signals at different antenna elements
could have an adverse effects on the channel capacity of
a MIMO system. Correlation is influenced by the angular
spectrum of the channel as well as the arrangement and
spacing of antenna elements [84]. For antennas that have
been spaced half a wavelength apart, a uniform angular power
spectrum leads approximately to a decorrelation of incident
signals. A smaller angular spread of the channel leads to
an increase in correlation. For a given Signal-to-Noise Ratio
(SNR), maximum capacity is achieved when the channel
transfer matrix has full rank and the singular values of the
MIMO channel matrix are equally strong. If the fading of the
channel coefficients is correlated, this will lead to reduction
in the MIMO system capacity.

We approximated the spatial correlation matrix of the non-
LOS part of the channel (i.e., after the subtraction of the LOS
component) channel as the Kronecker product of the spatial
correlation matrix at the TX and RX sides such that

R = RTX ⊗ RRX (7)

where ⊗ denotes that Kronecker product and the matrices RTX

has as their entries the complex correlation coefficient ρj,i
between two sub-channels with ith and jth TX antenna ele-
ment.5 This approach is similar to what has been implemented
for different wireless channels in the literature [85], [86], [87]
and [88]; it is furthermore necessary in our case to obtain an
ensemble over which the expectation can be taken. We note
that even with this approximation, the ensemble size is on
the low side. Furthermore, we do not model the dependence
of the correlation on delay, but assume it is identical for all
delay bins (note that we have already subtracted the impact of
the LOS component, so that we only assume that the diffuse

5and vice-versa in the RX case

components are delay-independent). With this assumption, we
can then use the ensemble of subcarriers (with similar con-
straints as in Sec. V-E), at all RX antennas, as the ensemble,
thus greatly increasing the ensemble size and reducing random
variations. It must be noted, however, that by the very nature
of this process, we cannot extract delay dependence of the
correlation matrix.

For the various on-body channels analyzed, the spatial
correlation coefficients were usually approximately uniformly
distributed between 0 and 0.5-0.6. For example, in the F2F
channel (which can be considered a LOS channel - antenna
arrangements on the human body are shown in Fig. 3(a)),
the CDF plots of the spatial correlation between sub-channels
at the TX and RX, respectively over an ensemble of human
subjects within a BMI are shown in Figs. 10(a) and 10(b).
A simplified approach was used in modeling RTX and RRX

by having correlation coefficient value of 1 in the diagonal
of the correlation matrix while all off-diagonal matrix val-
ues are set to 0.3. We compared this approach to a more
complicated approach in which each correlation coefficient
was modeled by a uniform random distribution (over the
ensemble of test subjects), and the correlation between the
correlation coefficients of one user were taken into account
(thus ensuring, e.g., that ρ12 was always larger than ρ14). We
found that both the capacity distribution and the distribution
of the eigenvalues in the two modeling approaches (the simple
constant off-diagonal, and the more involved one) gave almost
the same results, and were well aligned with the correlation
coefficients as directly extracted from the measurements. We
also compared to the simple i.i.d. assumption, but found
significant differences in both the capacity distribution and
eignevalue cdf.

We did not observe any impact of BMI on the correlation
coefficient values. Given the fact that most of the sub-channel
exhibit low correlation coefficient, it is fair to expect a high
capacity value even for the LOS channels in all the environ-
ments. An extensive discussion on the MIMO channel capacity
values obtained in our work has been presented in [2].

VI. IMPLEMENTATION RECIPE

During simulations, we aim to create a frequency-selective
MIMO fading channel (H̄) with NT transmit and NR receive
antennas for BAN channels. The channel realizations can thus
be generated as follows:

1) Select an on-body channel, BMI category and environ-
ment desired.

2) Select a suitable frequency band and delay window for
the simulation. Also, select appropriate sampling grid to
create taps in delay.

3) From Table V, select corresponding values for G0, κ and
σs and then generate GL(f, d0) by using (3) .

4) Generate Pn for each delay tap using

Pn = GL(f, d0) · η · e−
τn−τ0
α (8)

where η is a normalization constant such that∑∞
n=0 e

− τn−τ0
α = 1

η and α is a realization of the τ rms. The
pdf of the rms delay-spread is lognormal; its parameters
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FIG. 10: Emprical CDF of the correlation magnitude for (a)
TX array for BMI 1 in anechoic for F2F channel (b) RX array
for BMI 1 in anechoic for F2F channel

are give in Table V. Note that this shape of the PDP
is not necessarily the one that was observed in our
measurements; however, due to the restriction on the
number of scenarios we could measure, a more detailed
modeling of the PDP is beyond the scope of the paper.

5) Compute the Fourier transform (F{·}) of Pn such that

Pf = F{Pn} (9)

6) Generate a matrix ĤLOS for the LOS component using
(10) and (11).

ĤLOS = a(p)a(q)T (10)

a(r) = e−j
2π
λ |
−→r i−−→r j | (11)

where |−→r i − −→r j | is the location vector of the array
antenna elements

7) Generate a residual matrix Ĥres as shown in (12).

vec(Ĥres) = R1/2vec(Hw) (12)

where the NTNR × NTNR matrix R1/2 is obtained
by factoring the total correlation matrix R, i.e., R =
R1/2R1/2. The spatial correlation matrix R can be gener-
ated using the simplified approach described in Sec. IV-F.
Hw is a complex i.i.d white Gaussian random matrix.

8) Generate a linear equivalent of the K (dB) from the
Gaussian distribution using corresponding moment values
in Table V.

9) Generate a realization of the propagation channel H̃ in
(13) by combining all the parameters above.

H̃ =
√
Pf

(√
K
K + 1

ĤLOS +

√
1

K + 1
Ĥres

)
(13)

10) Multiply H̃ by
(
f
fc

)−κ
to obtain H̄ as shown in (14)

H̄ = H̃ ·
(
f

fc

)−κ
(14)

VII. MODEL VALIDATION

The model presented in this work was validated by using the
channel capacity and by dividing each BMI category randomly
into two subgroups, extracted parameters for each of the sub-
groups, and comparing these parameters.

A. Capacity Approach

For each channel measured, an equal power capacity [44]
was computed by using the channel coefficients from H̄. The
CDF of the capacity (TX SNR = 68 dB) obtained from data
generated synthetically from our model and that computed
from the measurement data for each BMI category for the
F2F channel are compared in Figs. 11(a)-11(c) below. The
CDF was derived using an ensemble from candidates within
each BMI categories.

Visually, it is clearly observable (from the CDFs plots in
Figs. 11(a) to 11(c)) that the capacity results from the model
does have a good fit to that obtained from the measured data.
In addition to this visual confirmation, a maximum deviation
(Dv = Maximumx|Fmodel(x) − Fempirical(x)|) value6 metric,
which describes how closely the model and the empirical data
match was implemented. Dv is equivalent to the Kolmogorov-
Smirnov test statistic and has been extensively discussed in
[89]. The values of Dv between the CDFs for BMI 1, 2 and
3 as shown in Figs. 11(a) to 11(c) are small – confirming a
good fit and have been provided in Table IX.

Category Dv

BMI 1 0.18
BMI 2 0.12
BMI 3 0.16

TABLE IX: Maximum deviation Dv values for Capacity
CDFs for BMI 1, 2, 3 F2F channels

B. Sub-group Analysis Approach

For each BMI category, we randomly divided the mea-
surement data into two sub-groups (having equal number of
candidates) and extracted parameters such as G0 and mean

6where Fmodel(x), Fempirical(x) are the distributions obtained from model
and the empirical data.
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FIG. 11: Emprical CDF and model fit of capacity for (a) BMI
1 F2F (b) BMI 2 F2F (c) BMI 3 F2F

delay-spread τ rms for comparison in the F2F, F2H and H2S
channels. Similar parameters values between the two sub-
groups, which are also in agreement with the overall results
shown in Table V would corroborate the accuracy of our result
irrespective of the data size used. These parameters are shown
in Table X below.

It can be observed from Table X that the parameters from
different sub-groups for these channels in the same environ-
ments are similar (with a few exceptions, e.g., G0 for BMI 3
F2F, F2H Anechoic and H2S Indoor Lab) and are also close
to values provided in Table V, which supports the notion that
number of samples used in our analysis is in fact sufficient.

VIII. SUMMARY AND CONCLUSION

We conducted a BAN measurement campaign using a UWB
MIMO (4 x 4) antenna array channel sounder setup for various
on-body channels for different BMI categories in an anechoic
chamber and indoor lab environments. We extracted parame-
ters used for modeling a UWB BAN channel characteristics
with respect to various BMI categories. A summary of our
findings is presented as follows:

1) We observed that parameters such as path gain do in fact
vary for different BMI categories. The path gain values
were lower in BMI 3 than for BMI 1 and 2 by almost 13
dB in some channels.

2) Frequency-decay factor κ ranged from 1.03 to 1.92 and
did not vary much over BMI categories. However, this
parameter is notably a function of the antenna used in
our measurement.

3) Shadowing gain was modeled as lognormal distribution
with standard deviation values ranging from 2.5 to 8.5
dB. We observed that there were very little differences
between the std. dev values among BMI categories and
the environments.

4) The delay-spread statistics showed that the rms delay-
spread values tends to follow a lognormal distribution,
which is consistent with the previous literature. We ob-
served that BMI 3 categories typically have the smallest
τ rms values. Also, τ rms values are higher in the indoor lab
environment than in the anechoic chamber.

5) The amplitude fading statistics was modeled using a
Ricean distribution while the K-factor parameter was
found to be lognormally distributed over an ensemble
of subjects and did not show any dependence on BMI
category.

6) A Kronecker approach was used in modeling the spatial
correlation of the MIMO channel. A low correlation
was generally observed between the sub-channels. This
implies that a high capacity value can be obtained with
spatial multiplexing.

7) Based on these results, we provide a complete UWB
MIMO BAN channel model and give a step by step
modeling procedure. The results were validated by using
MIMO capacity values as a comparison metric and also
agreement between parameters extracted from sub-groups
of the data at each BMI category.

8) It is important to note that the modeling technique used
in this work is generic and can be adapted to any multi-
paramater body composition metric (other than the BMI)
in any future research.

Overall, it is clearly observable from the results and statis-
tics presented in this paper that the propagation channel
parameters for the UWB BAN channel does in fact differ
for different BMI categories. The status-quo BAN models are
incomplete, hence our work serves as either a complement to
pre-existing models or a replacement. Details such as those
provided in this work will be of great help for BAN systems
design and simulation in various environments.
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Anechoic - Average path gain, G0 (dB)
F2F F2H H2S

BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3
Sub-group 1 -39.72 -43.57 -44.13 -50.90 -51.04 -65.36 -59.14 -65.04 -67.90
Sub-group 2 -40.60 -44.21 -51.44 -50.74 -51.51 -60.75 -60.89 -63.39 -68.01

Indoor Lab - Average path gain, G0 (dB)
F2F F2H H2S

BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3
Sub-group 1 -42.60 -43.95 -47.02 -50.39 -51.35 -61.40 -60.17 -64.44 -73.10
Sub-group 2 -42.36 -43.40 -48.32 -48.80 -50.10 -63.59 -60.44 -62.30 -69.88

Anechoic - mean rms delay-spread, µτ rms (dBs)
F2F F2H H2S

BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3
Sub-group 1 -90.19 -91.02 -96.70 -91.81 -90.89 -94.37 -89.19 -88.44 -91.87
Sub-group 2 -90.50 -91.15 -95.48 -91.72 -92.38 -94.04 -88.35 -87.95 -90.15

Indoor Lab - mean rms delay-spread, µτ rms (dBs)
F2F F2H H2S

BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3 BMI 1 BMI 2 BMI 3
Sub-group 1 -87.88 -87.52 -86.14 -86.63 -86.27 -85.55 -80.91 -82.16 -82.52
Sub-group 2 -86.15 -86.40 -86.89 -85.71 -87.19 -86.21 -82.03 -81.55 -79.18

TABLE X: Parameters extracted from BMI categories sub-groups

Review Board (IRB) for granting the permission to conduct
the experiment.
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