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ABSTRACT We address channel characterization and modeling for medical wireless body-area networks

(WBANs) based on the optical wireless technology. We focus on the intra-WBAN communication links,
i.e., between a set of medical sensors and a coordination node, placed on the patient’s body. We consider
a realistic mobility model, e.g., inside a hospital room, which takes into account the effect of shadowing
due to body parts movements and the variations of the underlying channels. To take into account the
global and local user mobility, we consider a dynamic model based on a three-dimensional animation of
a walk cycle, as well as walk trajectories based on an improved random way-point mobility model. Then,
Monte Carlo ray-tracing simulations are performed to obtain the channel impulse responses for different
link configurations at different instants of the walk scenarios. We then derive first- and second-order
statistics of the channel parameters such as the channel DC gain, delay spread, and coherence time,
and furthermore, propose best fit statistical models to describe the distribution of these parameters for a
general scenario.
INDEX TERMS Wireless body-area networks, optical wireless communications, channel modeling,

channel characterization, ray tracing, user mobility.

I. INTRODUCTION

T

HE GLOBAL increase in life expectancy and the
increase of chronic and cardiovascular diseases have
resulted in a growing interest in developing medical telemonitoring and telecare systems [1]–[4]. These systems can be
realized through the use of medical on-body sensor networks,
also known as wireless body-area networks (WBANs). They
consist of networks of medical sensors located inside, on,
or outside the human body. The sensors are connected to a
central coordinator node (CN), located on the body, which
collects the incoming data and typically forwards them to an
access point (AP). This latter, in turn, performs preprocessing on this data before transmitting them, e.g., to a medical
center, where they are stored and analyzed by the medical
staff.
Medical WBANs have specific requirements that differentiate them from other networks, including high reliability,

low energy consumption, and high data security [5]–[7].
When based on the radio-frequency (RF) technology, they
should also ensure a low specific absorption rate (SAR)
level, as considered in the IEEE 802.15.6 standard [5], [8].
Since most currently-proposed WBAN solutions use RF
waves in the unlicensed industrial, scientific, and medical
(ISM) frequency band, there is a high risk of electromagnetic interference with the other existing networks. Moreover,
RF links are in general more subject to channel time variations due mainly to small-scale fading [9], [10]. These
considerations have motivated the investigation of alternative (or complementary) technologies such as optical
wireless communications (OWC) for medical WBANs [7].
Here, the main advantages of OWC include their immunity
to external interference, not being affected by small-scale
(multi-path) fading, as well as their inherent security due to
the confinement of light in indoor spaces [6].
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A. CHANNEL CHARACTERIZATION AND MODELING,
STATE OF THE ART

Obviously, accurate characterization and modeling of the
optical channel is a prerequisite to the design of efficient
transmission techniques ensuring the requirements of medical WBAN systems. Extensive work has been done so far
on wireless optical channel modeling and several methods
have been proposed to calculate the optical channel impulse
response (CIR) mainly for the case of a static indoor channel [11], [12]. The pioneering works were these of [13]–[15],
which are based on a time-domain ray-tracing approach.
Some other works such as [16]–[18] used a Monte Carlo
ray-tracing (MCRT) based approach with the advantage of
faster computation. Reduced computational time can also be
achieved by switching to the frequency domain by estimating the channel transfer function [19]. The accuracy of these
algorithms was verified experimentally using infrared (IR)
sources, e.g., in [20], [21].
An important point is to model time-varying channels,
whose their dynamics can be taken into account by adding
a mobility model to the previous methods. For instance, a
statistical modeling approach was proposed in [22], [23],
based on a large set of CIRs generated through simulations.
Meanwhile, it was shown that the line-of-sight (LOS) channel gain follows a modified Gamma distribution, whereas
the channel gain including LOS and diffuse components
follows a modified Rayleigh distribution [23]. In [24], the
effect of shadowing on a visible-light communication (VLC)
system using multiple LEDs was investigated. An algorithm
accounting for the human body shadowing effect was also
proposed in [25]. Also, [26] investigated via simulations and
experimentally an indoor VLC channel considering random
movements of people, concluding a Rayleigh distribution
for the channel gain. A distance-dependent VLC path loss
model was presented in [27] for a user moving along different
trajectories in a furnished indoor environment. Lastly, [28]
studied the influence of random device orientations on the
statistics of the received signal-to-noise (SNR) for a mobile
user.
A few studies have considered channel characterization
for optical WBANs in the IR band such as the work in [29],
which was based on MCRT simulations using a dedicated
software, called RapSor [30]. On the other hand, channel
characterization for extra-WBAN links (i.e., between a CN
and an AP located in the room) was considered in [31]–[34],
where user mobility was considered based on uniformly
distributed random user positions and orientations of the
sources/detectors. The patient’s body was modeled by a
simple rectangular surface in [31], [33], and by a combination of three rectangular volumes in [34], whereas a static
three-dimensional (3D) model was used in [32]. Recently,
in [35], we considered extra-WBAN channel characterization and modeling using a similar MCRT approach as in the
present work.
Notice that channel modeling for RF-based WBANs is
a rather well-explored topic. For instance, in [36]–[38], an
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avatar derived from an animation software was used to characterize the intra-WBAN channels for different scenarios
including walking, running, and getting up from a chair. A
similar approach was adopted in [39] to study a dynamic
soldier-to-soldier communication scenario. Another approach
considered a mobility model based on motion capture
(MoCap) data to study the extra-WBAN channel [40], [41].
Analytical models were also proposed to describe body postures and movements, as well as node mobility patterns, such
as in [42], [43].
B. MOTIVATIONS AND MAIN CONTRIBUTIONS

In this work, we focus on channel characterization and
modeling of intra-WBAN optical links. For the sake of user
convenience, we exclude the use of the VLC technology
and consider IR links between sensors and the CN. The
main issue here resides in the mobility that requires accurate modeling by taking into account an acceptable level of
body details and local mobility of body parts, in contrast
to the previously-proposed simplified models presented in
Section I-A. This accuracy is required since the movements
of the body parts change the link geometry (related to body
posture) between the transmitter (Tx) and the receiver (Rx),
which could occasionally result in or LOS blockage or beam
shadowing. Moreover, body movement inside a room exhibits
a correlation between consecutive sequences of the walk
trajectory, which needs to be taken into consideration for a
realistic channel model. As a result, appropriate non-uniform
mobility modeling needs to be considered within this context.
To the best of the authors’ knowledge, there is no reported
work on optical WBAN channel modeling that considers
the effects of mobility and shadowing due to the body
parts as well as a realistic body movement inside an indoor
environment, which is the main contribution of this paper.
We propose a dynamic model based on a 3D animation
of the walk cycle to model body parts movement. We
also introduce a modified random waypoint (RWP) mobility
model to generate a realistic random trajectory of a patient
inside a room, similar to some recent works in the RF
domain [36]–[38], [41], [42]. Regarding the optical WBAN
system, we consider a star network topology where 10 sensors located on different positions on the patient’s body are
connected to a CN. We study two possible locations for
this latter, i.e., on the shoulder or the hip of the user as
suggested by [29], [34]. We adopt the MCRT method to
obtain the CIRs for the given configurations and at different
instants of the walk scenario. We then derive first-order and
second-order statistics for channel parameters such as the
channel DC gain, delay spread, and coherence time. Based
on these results, we provide a best-fit model to describe the
statistical distributions of these parameters.
The particularity of our study is to provide valuable
insight into the special characteristics of the optical WBAN
channels, given the fundamental differences with RF-based
WBANs, for instance, concerning high sensitivity to body
shadowing and the absence of small-scale fading.
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C. PAPER ORGANIZATION, NOTATIONS, AND
ACRONYMS

The remainder of the paper is organized as follows. After
introducing the theoretical concepts behind CIR computation via the MCRT approach in Section II, we describe
the adopted methodology for the simulations in Section III.
Next, we present in Section IV the simulation results on the
temporal evolution of the channel gain and delay spread,
as well as on their statistical distribution for the underlying
intra-WBAN links. Lastly, Section V concludes the paper.
Notations: Boldface uppercase and lowercase letters are
used for matrices and vectors, respectively. Also, δ(·) denotes
the Dirac delta function, (.)T stands for vector transpose, ·
denotes Euclidean norm, (.) is the scalar vector product, and
ω
 denotes the direction of the geometric vector ω, and 
represents the hemisphere around a reflection surface. Lastly,
 denotes array of geometric vector directions.
ω
NOMENCLATURE

3D
Three Dimensional
ACF Auto-Correlation Function
AIC
Akaike Information Criterion
AP
Access Point
BRDF Bidirectional Reflectance Distribution Function
CAD Computer-Aided Design
CIR
Channel Impulse Response
CN
Coordinator Node
ECG Electrocardiogram
EEG Electroencephalogram
FWHM Full Width at Half Maximum
IR
Infrared
ISI
Inter Symbol Interference
ISM
Industrial Scientific and Medical
LED Light Emitting Diode
LOS Line-Of-Sight
MCRT Monte Carlo Ray-Tracing
NLOS Non-Line-Of-Sight
OOK On Off Keying
OWC Optical Wireless Communication
PDF
Probability Distribution Function
RF
Radio Frequency
RWP Random WayPoint
Rx
Receiver
SN
Sensor Node
SNR Signal-to-Noise Ratio
STL
Standard Tessellation Language
Tx
Transmitter
VLC Visible Light Communication
WBAN Wireless Body-Area Network.
II. MODELING OF DYNAMIC CHANNEL

This section presents the basic theoretical concepts behind
our approach for dynamic optical channel modeling. These
concern the potential equation and its relation to CIR, and
the RWP mobility model. Although, as we will explain later,
we use the Opticstudio software for channel characterization,
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FIGURE 1. Illustration of potential function: a) single reflection case, b) LOS case,
c) multiple reflection case.

it is quite useful to relate the theoretical concepts to the
software parameters and outputs for a better understanding
of the method used.
A. POTENTIAL EQUATION

The potential equation is a recursive relation that expresses
the potential of a surface to illuminate a virtual Rx. For a
S)
surface located at a given position xS , its potential W(xS , ω
 S after reflection
to illuminate a Rx at xR along the direction ω
on a surface at position y (see Fig. 1(a)) is given by [44]:


 

 y cos θy dω
 S ) + fy ωy , ω
 S W y, ω
 y,
W(xS , ωS ) = g(xS , ω
y

(1)
where θy is the angle between the surface normal at y and the
 S ) is a visibility function
outgoing direction ω
 y , and g(xS , ω
which equals 0 if the path from xS to xR is obstructed,
 S ) here indicates the LOS
and 1 otherwise. In fact, g(xS , ω
path, whereas the integral term describes the reflective paths.
 y, ω
 S ) is the bi-directional reflection distribution
Also, fy (ω
function (BRDF) at point y. The total power Pe emitted by
the source located at xS can be written as:

Le (xS , ω
 S ) cos θS dω
 S dAS ,
(2)
Pe =
AS S
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where AS is the surface of the source and S is the upper half
S)
hemisphere centered around the point xS . Also, Le (xS , ω
 s , expressed in
is the radiance leaving xS in the direction ω
 S and the surW m−1 sr−1 , and θS is the angle between ω
face normal to xS , see Fig. 1(a). The corresponding received
power Pr at xR is related to the potential at xS as follows [45]:

Pr =
Le (xS , ω
 S )W(xS , ω
 S ) cos θS dωS dAS .
(3)
AS S

For the LOS contribution, as illustrated in Fig. 1(b), the
potential W(xS , ω
 S ) equals 1. We assume that the detector
surface AR and the source surface AS are negligible compared
to the distance d between xS and xR . Also, denoting by θR the
angle between ω
 S and the normal vector of the detector nR ,
we have dωS ≈ cos θR AR / d2 . Then, from (3), the received
power from the LOS is (see Fig. 1(b)):
P(0)
S)
r = Re (ω

cos θS cos θR
AR ,
d2

FIGURE 2. Illustration of the RWP mobility model for a node initially located at P0 .

(4)

where the superscript .(0) stands for the zero-reflection path,
 S ) is the radiant intensity of the
i.e., the LOS. Also, Re (ω
source expressed in W sr−1 . For a contribution that undergoes k reflections before arriving at the Rx, see Fig. 1(c), the
corresponding received power P(k)
r can be written using (1)
and (3) in recursive form as follows:
 


=
.
.
.
Gk (x, ω)dω
(5)
P(k)
k . . . dω1 dωS dAS ,
r
AS S 1

k

where j denotes the hemisphere around the reflection
surface xj . Also,
 = Le (xS , ω
Gk (x, ω)
 S ) cos θS AR
×

k


cos(θR )
dk2



 j−1 , ω
fx j ω
 j cos θxj ,

(6)

 denote the sets of the intersection points
where x and ω
S, ω
1, . . . , ω
 k , respectively.
xS , x1 , . . . , xk and directions ω
Here, dk is the distance between the Rx and the last
 j−1 , ω
 j ) is the BRDF at xj .
intersection point xk , and fxj (ω
Equation (5) can be solved by deterministic [13] or nondeterministic approaches such as Monte Carlo integration
methods [17]. Denoting the estimated received power by P̂r ,
the basic Monte Carlo method for solving (5) consists of
taking Nrays samples from the hemisphere around xS and
taking the average. For a given sample i, we denote by xi
 i the sets of intersection points xiS , xi1 , . . . , xik and
and ω
 i1 , . . . , ω
 ik , with the occurrence probability
directions ω

iS , ω
 i ) = kj=1 p(xij , ω
 ij ). We have:
p(xi , ω
1
Nrays

Nrays

 Gk (xi , ω
 i)
,
 i)
p(xi , ω

(7)

i=1

where the term in the summation corresponds to the power
of the ith sample, that we denote by Pr,i .
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(5 m ×5 m).

B. RWP MOBILITY MODEL

j=1

P̂r =

FIGURE 3. Spatial node distribution according to RWP in a rectangular area of size

By the RWP model, a mobile node chooses a random destination point Pm within the movement area A according to
a uniform distribution, and moves toward it with a constant
speed vm (chosen randomly from an interval [vmin , vmax ]),
see Fig. 2. After reaching Pm , it stops for a random pause
time before choosing a new destination point Pm+1 and
moves toward it with a new speed vm+1 . These steps are
repeated until the simulation time is reached. For instance,
an n-step walking process can be described by the couplets
{(P0 , v0 ), (P1 , v1 ), . . . , (Pn , vn )}. Note that, for simplicity,
in this work, we do not consider any pause time for the
mobile node.1 This way, the RWP model becomes similar to the random walk model. Denoting by x and y the
Cartesian coordinates of a given position, the spatial distribution fXY (x, y) of positions in a rectangular area of size
a × a can be approximated by [46]:


36 2 a2
a2
fXY (x, y) ≈ 6 x −
y2 −
.
(8)
4
4
a
This distribution for the case of a rectangular room of dimension (5 m ×5 m) is shown in Fig. 3. We note that the positions
1. The reason is to simplify the “synchronization” of the local and global
mobility models, as will be described later in Section III-D.
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FIGURE 4. Adopted simulation methodology.

near to the room center have a higher probability than those
at the corners, which is rather realistic for the movement of
a person inside a room.
C. CHANNEL CHARACTERIZATION

In this work, we use the non-sequential ray-tracing feature
of Opticstudio from Zemax [47], which is a licensed optical design software for MCRT simulations. The advantage
of Opticstudio is its ability to model complex 3D environments. The ray-tracing output consists of a detailed database
file of the generated rays, including their power and optical
path length after each reflection. The CIR, h(t), can then be
estimated as follows.
Nrays

di
1 
,
(9)
Pr,i δ t −
h(t) =
Nrays
c
i=1

where c is the speed of light and di is the total distance that
the ith ray has traveled before reaching the detector. We use
several metrics to analyze the obtained simulation results,
including the channel DC gain and delay spread. The DC
gain H0 is defined as [48]:

H0 = h(t)dt.
(10)
Also, the root mean squared (RMS) delay spread τ0 of the
channel is defined by [6]:
τ0 =

∞
0 (t

− τ )2 h2 (t)dt

∞ 2
0 h (t)dt

,

(11)

where τ is mean excess delay, given by:
τ=

∞ 2
0 th (t)dt
.
∞ 2
0 h (t)dt
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2p(p + 1)
,
+ 2p + 
Np − p − 1

III. NUMERICAL SIMULATION OF INTRA-WBAN LINKS
A. SIMULATION METHODOLOGY

The block diagram of our simulation methodology is given in
Fig. 4. The first step consists in building the 3D scene inside
the Opticstudio simulator. The 3D objects are either created
from built-in objects or imported using a 3D computer-aided
design (CAD) software such as Blender [50] (Block 1 in
Fig. 4). We then define the reflective properties of these
objects (e.g., the BRDF of the different surfaces), as well
as the properties of the sources and detectors, i.e., Tx radiation pattern, detectors field-of-view (FOV), detector area, etc.
(Block 2 ). By adding up these 3D objects, we construct
the environment and its constituent reflectors (Block 3 ).
The next step is to include the mobility model (Block 4 ).
We use a Python script to load a set of Nconfig configurations describing objects’ movements and orientations during
the consecutive snapshots of a mobility scenario. Once the
configuration is loaded, the script runs the non-sequential
ray-tracing tool from Opticstudio (Block 5 ) that will be
used to estimate the CIR for the given configuration, as
explained in Section II-A. Afterward, based on the calculated CIRs, e.g., using MATLAB (Block 6 ), we analyze
different channel metrics and their statistics (Block 7 ).

(12)
B. SENSOR PLACEMENT

For the case of dynamic WBAN channels, we will consider
their statistical modeling by fitting the histogram of the channel gains to a given probability density function (PDF) such
as Rayleigh, lognormal, Weibull, Nakagami, etc. To find
the best fit model, we use the Akaike information criterion
(AIC), defined as [49]:
ˆ
AIC = − log L |x

ˆ
where log(L(|x))
is the log-likelihood of the estimated
model parameters  of size p, conditioned on the data samples x of size Np . The model corresponding to the minimum
AIC value provides the best fit to the data.
To characterize channel time variations, we also consider
the channel coherence time that is approximated by the time
for which the autocorrelation function (ACF) falls below a
certain value, e.g., 0.5 [6].

(13)

We consider a set of 10 sensors nodes (SNs) on the patient’s
body, as shown in Fig. 5(a). The sensor positions correspond
to the most likely placements for potential applications such
as electroencephalogram (EEG: SN1 and SN2), electrocardiogram (ECG: SN3, SN4, and SN6), insulin pump (SN8),
etc. To study the effect of CN placement, we consider two
potential positions as suggested in [29], [34], i.e., on the
shoulder and the hip, denoted by CN1 and CN2, respectively. Considering these two different CN locations provides
VOLUME 1, 2020

used file format in CAD tools to describe surfaces of a 3D
object. It consists of a set of vertices, edges, and faces to
define the shape of the object. Vertices are defined by their
corresponding 3D coordinates and faces by the vertices that
delimit them, as well as by their normal vector nface . We represent the patient’s body by a set of 902 vertices, connected
into 1800 triangular faces, as shown in Fig. 5(a), allowing
sufficient precision for the simulations. We then place each
SN on a triangular face, where its position and orientation are
defined by the face center coordinates and its normal vector
nface , respectively. To direct the node, initially oriented along
z, towards the face’s normal vector nface = (nx , ny , nz )T , we
apply the Davenport yaw-pitch-roll intrinsic chained rotation [52] to the reference vector z = (0, 0, 1)T , as illustrated
in Fig. 5(b). The corresponding rotation matrix, taking into
account roll, pitch, and yaw rotations around x, y, and z,
respectively, can be expressed as:
R = Rx (φ)Ry (θ )Rz (0)
⎛
cos θ
0
cos φcos θ
= ⎝ sin φsin θ
− cos φsin θ
sin φ

⎞
sin θ
− sin φcos θ ⎠. (14)
cos φcos θ

Here, φ and θ denote the roll and pitch angles, respectively.
We have set the yaw angle to zero because such rotations
are included in the rotations of the corresponding faces. In
fact, as shown in Fig. 5, the orientations of the nodes, and
hence the vectors nnode are changed following the body’s
position and local mobility. Therefore, the yaw angle, which
is with respect to nface , is set to zero without having an
impact on the orientation of the node, as its corresponding
rotation only tilts the node around z in the xy plane of the
face. The orientation of the node is hence obtained from
nnode = nface = R z and (14):


φ = atan2 −ny , nz , with φ ∈ [ − π, π ],
θ = arcsin nx , with θ ∈ [−π/2, π/2],
(15)

FIGURE 5. Illustration of the STL model of the body; (a) considered placements of
 node vectors; (b) xyz intrinsic rotations made
SNs and CNs with the corresponding n
 face of the triangular face: the Cartesian
to direct the node along the orientation n
coordinates after roll-pitch-yaw rotations (in order) are denoted by xy  z  (after roll
rotation), x  y  z  (after pitch rotation), and x  y  z  (after yaw rotation).

sufficient insight on the channel statistics for different potential SNs. Note that, the selected location for the CN impacts
the reliability of the links between the CN and SNs for the
intra-WBAN links, as well as that of the link between the
CN and the AP for the extra-WBAN link (given that the AP
is likely placed on the room ceiling or wall). For CN1, the
links are less sensitive to shadowing from body parts than
for CN2, where they can be impacted by the arms of the
user. Also, since CN2 is around the center of the network,
there is less difference in its distance to the SNs, compared
to CN1.
We model the human body by a 3D STL (Standard
Tessellation Language) mesh object [51], which is a widely
VOLUME 1, 2020

where atan2 stands for the two-argument arctangent [53].
Table 1 summarizes the SN and CN positions on the
body and their corresponding rotation angles, as well as the
Cartesian coordinates of the unit vector nnode (after rotation) for the anatomical position configuration (i.e., at rest
position). The considered body height, width, and depth are
(1.7 × 0.3 × 0.2) m3 , which correspond to the typical body
shape of an adult person.
C. USER MOBILITY MODELING

To account for user mobility, we should consider at the
same time the local mobility, which concerns body parts
movements, and the global mobility, which concerns the
movements of the whole body inside the room. We describe
the local mobility of the body by a 3D animation of a walk
cycle created (manually) using the Blender software [50].
Guidlines for creating the animation can be found in [54].
The animation consists of a set of Nf = 27 frames, representing the body at different instants of the walk cycle,
765
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TABLE 1. Sensor and coordinator node positions and orientations as considered in Fig. 5(a). The last column indicates the corresponding cartesian coordinates of the unit
 node (after rotation).
vectors n

FIGURE 6. Illustration of the local mobility during a walk cycle.

as illustrated in Fig. 6.2 Note that as the result of this
body movement, the positions and orientations (i.e., angles
φ and θ ) of the SNs will change since the body configuration
is different from one frame to another. To account for these
changes, we use (15) to calculate the new SNs’ positions
and orientations in each frame (based on the position and
orientation of the corresponding faces on the mesh object).
This way, the set of five matrices X, Y, Z, φ, and θ of size
(Nf × 12) will represent nodes movements along the walk
cycle (10 SNs plus 2 CNs). The minimal and maximal ranges
of variations of φ and θ for each sensor and coordinator node
during local mobility are provided in Appendix A.
As concerns the global user mobility, as discussed in
Section II-B, we use the RWP model to generate a random
sequence of trajectory points {(Pxi , Pyi ), (Pxi+1 , Pyi+1 ), vi },
with i referring to a given time instance. We then calculate the appropriate time step t that synchronizes the local
and global mobility models. By this approach, consecutive
animation frames are changed each t, which is calculated
based on the distance dcycle traveled by the user during a
walk cycle with a velocity vuser , as follows:
1 dcycle
,
(16)
Nf vuser
Referring to the general model in Section II-B, here,
for the sake of simplicity, we consider a constant speed
of vuser = 0.45 m/s for all user movements, which is a
t=

2. Note that here we consider the case of “normal” walking, which is
reasonable for the case of medical surveillance of patients or elderly people,
considered in this work. For studying specific walk scenarios with more
precision, a more detailed model based on motion capture could be used.
766

reasonable value. Also, considering a reasonable dcycle of
2 m [55], [56], and setting Nf = 27, which has been verified
to capture the movement pattern, we have t ≈ 0.17 s.
Note that with the classical RWP model, the user moves in
a straight line from one point to another, producing a sharp
rotation when reaching a waypoint. To consider a more realistic model, we propose here to improve the RWP model by
moving the user along a curved path rather than straight
lines. For this, we interpolate over the waypoints using a
3-order polynomial. Note that the spatial node distribution
with this proposed approach is close to that with the classical
RWP model, shown in Fig. 2, yet with slightly more spreading with respect to the center of the room. However, due to
this 3-order polynomial interpolation, the actual user speed
varies between 0.06 and 1.36 m/s, with the mean 0.38 m/s
and the standard deviation 0.19 m/s. The higher speed values correspond to straight trajectories and the lower values
are obtained near to rotation points. It is worth mentioning
that this interpolation will also affect the degree of arms and
legs swing. Nevertheless, for the sake of modeling simplicity, we do not modify the motion cycle accordingly, as this
is a rather minor issue, given the relatively low speed (walk
scenario) and relatively large coherence times (around a few
seconds, as we will show later in Section IV-E). Overall,
the interest of the proposed mobility model is the adequate
description of realistic walk scenarios by favoring the positions in the vicinity of the room center and by taking into
account a more smooth walk trajectory (avoiding sharp rotations). This especially concerns the statistics of channel time
variations, where by avoiding unrealistic abrupt changes in
the node direction, the estimated ACF and channel coherence
time (see Section IV-E) are more realistic.
The resulting model can be described by the matrix
[px , py , γ ], where, for instance, px is the vector of x coordinates Pxi of the considered trajectory points, and γ is
the vector of rotation angles γi , corresponding to the global
rotation around z of the body, after the ith time instance:
γi = arccos

vi · nbody
,

vi  nbody 

(17)

where vi is the corresponding instantaneous velocity and
nbody = −y is the initial vector normal to the body.
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TABLE 2. Simulation parameters.

FIGURE 7. Top view of the typical user trajectory generated with the proposed
improved RWP model for Np = 588 positions.

Figure 7 illustrates the top view of a typical trajectory
inside the room, generated using our proposed method. We
can see that the generated trajectory is smooth and more
realistic than the classical RWP (compare with Fig. 2).
FIGURE 8. A snapshot of the simulated random walk inside an empty room with

D. ENVIRONMENT DESCRIPTION AND PARAMETERS
SPECIFICATION

We consider at each SN an IR LED at λ0 = 850 nm
wavelength with full width at half maximum (FWHM) of
λ = 30 nm, modeled by the typical Lambertian radiation
of order m = 1. For CNs, we consider a photo-detector of
1 cm2 active area (considered as typical value in the related
literature) without any lens, and the Rx FOV is assumed to
be 60◦ . Since in this work we are interested in the effects
of body shadowing and user mobility on the channel metrics, we consider the case of an empty room as illustrated
in Fig. 8 of dimension (5 × 5 × 3) m3 , with plaster walls and
ceiling, and pinewood floor. The classical Lambertian BRDF
is used for the materials [11] while taking into account the
wavelength dependency of their reflectivity as in [18], [57].
The body itself is assumed to be absorbent, given the low
reflectivity of skin, compared to that of the walls [58]. Note
that by assuming an absorbing body, we are considering
the worst-case scenario where we have the maximum effect
of beam shadowing. At least 3-order reflections are considered for beam propagation. Note that, although the room
dimension can affect channel characteristics such as the DC
gain and the delay spread, it has a negligible effect on their
overall trend [23]. Also, given the typically low data-rates
that are used in medical WBANs, the room furniture has a
negligible impact on the main characteristics of the channel [31], [59]. At each user position, and from each SN,
Nrays = 2.5 × 107 rays are used for MCRT simulations
with Opticstudio, insuring sufficient accuracy in the obtained
CIRs. Table 2 summarizes the main parameters we use in
our simulations.
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Opticstudio.

IV. NUMERICAL RESULTS

We provide here a set of simulation results to characterize
the intra-WBAN IR optical channel. We consider three different cases of standing, local mobility, and global mobility
configurations:
• In the standing configuration, the body is in anatomical
position at the center of the room, which is the worst
case for NLOS links as the distance from the reflectors
is maximal. We have Nconfig = 1.
• For the local mobility configuration, the body has a
fixed position at the center of the room but moves its
parts (i.e., arms, legs, etc.) following the walk cycle
described in Section III-C. Indeed, the interest in considering the local mobility case is to gain insight into
the effects of body parts movement. For this case, we
have Nconfig = Nf = 27.
• The global mobility case involves both the movements
of the body inside the room (according to the proposed
modified RWP model) and the local mobility of the
body parts. Considering a simulation time of 100 sec,
the total number of samples for the particular trajectory
in Fig. 7 is Np = 588. We have Nconfig = Np .
The analysis of the obtained simulation data is presented in
the following subsections.
A. CHANNEL DC GAIN

First, to study the channel attenuation, we analyze the average channel gain H̄0 and its standard deviation σ0 for each
767

HADDAD et al.: CHANNEL CHARACTERIZATION AND MODELING FOR OPTICAL WBANs

TABLE 3. Mean H0 (in dB) and standard variation σ0 of the channel gain for different

TABLE 4. Mean H0 (in dB) and standard variation σ0 of the channel gain for different

intra-WBAN links corresponding to CN1, for the three considered configurations.

intra-WBAN links corresponding to CN2, for the three considered configurations.

intra-WBAN link in the three above mentioned configurations. These results are presented in Tables 3 and 4 for the
cases of CN1 and CN2, respectively.

intra-WBAN links corresponding to CN1, for the three considered configurations.

TABLE 5. Mean and standard deviation (in ns) of the RMS delay spread for different

1) STANDING CONFIGURATION

Obviously, for this configuration, we have H̄0 = H0 and
σ0 = 0. We can see that those SNs which have the same
orientation as the CN (e.g., SN7 for CN1, and SN9 for
CN2) have a higher H̄0 (around −53 dB) compared to the
other sensors. This can be explained by the presence of a
strong first-order reflection contribution and would suggest,
when it is possible, directing the nodes towards the same
reflection surfaces, especially for sensors that do not move
considerably. We can also see that SNs that are partially
blocked by the body have a lower H̄0 , which shows the
impact of body shadowing on the channel gain. This is the
case for most links to CN1; for instance, H̄0 = −57.5 and
−57.1 dB for SN2 and SN4, respectively. We notice a higher
H̄0 for SNs located on the lower part of the body for the
case of CN2, with differences with respect to CN1 case on
the order of 2 to 3 dB. For SN2 and SN4, we have similar
results for CN1 and CN2, whereas for SN1 and SN7, H̄0 is
about 2 dB higher for CN1. Lastly, note that the relatively
low difference between the channel gains of different links
can be justified by the relatively high reflectivity of walls
in the case of IR transmission.
2) LOCAL MOBILITY CONFIGURATION

We observe similar behavior in H̄0 as in the previous case.
For the case of CN2 (located on the right side of the hip)
and compared to the standing configuration, we notice that,
reasonably, H̄0 decreases for SNs located on the right side of
the body, whereas it increases for SNs on the left side. For
the case of CN1, we notice an increase in H̄0 for SN1 and
SN7 and a decrease of it for the other SNs. Focusing on σ0 ,
we notice that it is, in general, higher for the case of CN2
compared to CN1: it ranges between 0.15 to 0.86 dB for
the former case and between 0.21 to 1.11 dB for the latter
case. For both CNs, the largest σ0 values are observed for
SNs placed on the legs and arms, while the lowest values
are observed for SNs that are rather fixed during the local
mobility (e.g., SN1 and SN7, placed on the head and the
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shoulder, respectively). An exception concerns SN8, which
experiences periodic shadowing from the right arm, which
makes its variations more important despite its relatively low
mobility.
3) GLOBAL MOBILITY CONFIGURATION

We observe a similar trend as in the previous case with
a general increase in H̄0 for all links on the order of
1 dB. This was expected since with the body rotations and
movements, for the positions that are close to the walls,
we get a higher H̄0 . Compared to the local mobility configuration, here σ0 increases for all SN links due to more
significant mobility, ranging in 0.59 to 1.36 dB for CN1 and
0.65 to 1.83 dB for CN2, while following a similar trend as
observed for the local mobility case. This shows that body
position and orientation inside the room have a large impact
on the variations of H0 .
Comparing the cases of CN1 and CN2, as expected, a
higher H̄0 is obtained for SNs located on the upper part of
the body in the case of CN1, and vice versa. For instance,
the difference between H̄0 for the cases of CN1 and CN2 is
about 2.81 dB for SN1 and −3.5 dB for SN10. Concerning
σ0 , we notice that in general using CN2 results in higher σ0
compared to CN1. This can be explained by the fact that for
the former case, the corresponding links experience more
significant movements and frequent shadowing.
B. DELAY SPREAD

To evaluate the channel frequency selectivity, we have calculated the average delay spread τ¯0 and its standard deviation
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FIGURE 9. H0 variations and its mean value (in dB) for the cases of CN1 and CN2 in the local mobility configuration.

TABLE 6. Mean and standard deviation (in ns) of the RMS delay spread for different
intra-WBAN links corresponding to CN2, for the three considered configurations.

στ for the three above-mentioned configurations. Results are
presented in Tables 5 and 6 for the cases of CN1 and CN2,
respectively.
For the standing configuration, τ¯0 = τ0 and στ = 0; with
τ0 ranging from 4 to 12 ns for the case of CN1 and from
6 to 10 ns for the case of CN2. We notice slight variations
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in τ¯0 for the local and global mobility cases. It can decrease
or increase depending on the corresponding position of the
SN and the CN; for a given user position, the proximity to
room walls could then result in a shorter or a longer path
length. For the local mobility case, the changes in τ¯0 with
respect to the standing configuration are less than 1.1 ns for
CN1 and less than 2.2 ns for CN2. These variations are less
than 2.5 ns for the case of global mobility.
As concerns the delay spread standard deviation, for
the cases of CN1 and CN2, respectively, στ ranges in
0.1 to 1.3 ns and in 0.2 to 1.9 ns for the local mobility
configuration, while it ranges in 0.6 to 2.5 ns and in 1.7 to
3.5 ns for the global mobility configuration. The reason for
the increase in στ for the global mobility case is that, compared to the local mobility case where the user is at the center
of the room, here we experience more important variations
of the link path length. For instance, for the positions close
to the walls, links will have relatively shorter path lengths
when the user is facing the wall, and inversely, they will have
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FIGURE 10. H0 variations and its mean (in dB) for the cases of CN1 and CN2 over the global mobility trajectory.

longer path lengths when the back is against the wall. This
results in more significant variations in τ0 , thus a larger στ .
These results indicate that, when using a simple modulation technique such as on-off-keying (OOK), the communication channel can be considered as frequency non-selective
roughly for data rates up to approximately 5 Mbps (considering a rather loose upper bound of 20 ns for τ0 ), where
no channel equalization is required at the Rx. Given that
the data rates in typical intra-WBAN applications are less
than 1 Mbps [5], [7], we can effectively neglect the channel
delay dispersion in practice.
C. CHANNEL DYNAMIC BEHAVIOR

In order to evaluate the channel dynamics resulting from
the user local and global mobility, let us investigate more
closely the variations of the channel DC gain over time.
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This provides insight on the trend and the nature of the
time variations of the channel DC gain (e.g., probable periodic patterns, stationarity properties, etc.) and its temporal
correlation characteristics.
1) LOCAL MOBILITY

Figure 9 shows the time variations of H0 for the cases of
CN1 and CN2 in the local mobility configuration, where the
abscissa represents the local mobility cycle, i.e., the frame
number (see Fig. 6) normalized with respect to the total
number of frames Nframe = 27. During the walk cycle, there
is a periodic change of relative positions and orientations of
the CNs and SNs. Also, link shadowing may occur resulting
from body parts movement. For the body located at the center
of the room and oriented toward one of the walls, these
changes cause channel gain variations on the order of 0.2 to
VOLUME 1, 2020

2 dB for CN1, and 0.2 to 4 dB for CN2. This is consistent
with the results presented in Section IV-A. A more detailed
description of these results is provided in Appendix B.
An important point is to study the effects of Tx halfangle and room dimensions on H0 , which are not easily
predictable. Indeed, for instance, a narrower Tx beam would
imply more multipath reflections due to the increased LOS
blockage probability whereas a wider beam could result in
decreased LOS path gain and an effectively increased contribution of the multipath reflections. To investigate this, we
have repeated the simulations by changing the Tx Lambertian
order m from 1 to 45, and the room size from (5 × 5) to
(10 × 10); results are not shown for the sake of brevity.
Interestingly, we globally noticed the same trend as before
with increasing m, with an increase in H0 variations around
1 dB compared with m = 1; lower variations were noticed
for the case of CN2 except for SN6. For this latter, LOS
(present when the left leg is sufficiently raised) is mostly
lost with a more directional beam. Also, when enlarging
the room size, we again noticed the same global trend for
all SNs, with a decrease in H0 around 0.48 dB per 1 m2
increase in the room size. Thus, the important result is that
changing m or room size does not affect the general trend
of the variations of the channel parameters.
2) GLOBAL MOBILITY

Figure 10 shows the time variations of the DC channel gain
for CN1 and CN2 during the global mobility scenario, where
the abscissa represents the absolute time, in accordance with
what is represented in Fig. 7. We can see that generally,
global mobility implies channel gain variations by adding
a random component, as compared to the periodic local
mobility case. We can see that a straight walk towards a wall
increases the channel gain, while rotations can increase or
decrease it. This underlines the significant impact of user and
body parts movement on the optical intra-WBAN channel.
The presented results also show more significant variations
of H0 for the case of CN2. This can be explained by the
fact that CN1 is mostly oriented toward the ceiling during
the walk cycle, and consequently, it is less affected by the
variations of body proximity to the walls due to rotations.
Similar to the case of local mobility (see Section IV-A2), the
link between SN8 and CN2 experience periodic obstructions
as a result of the right arm swinging back and forth during
the walk cycle.
D. STATISTICAL ANALYSIS OF CHANNEL GAIN

Here, we present a statistical analysis of the DC channel
gain H0 for different SNs and CNs with the aim of proposing statistical models for their variations for the case of
global mobility. Such a best-fit statistical channel model is
in particular useful for the theoretical performance evaluation and the link physical layer design without resorting to
timely numerical simulations of the optical channel. For this
purpose, based on the AIC metric, described in Section IIC, we have looked for the best fit of the corresponding
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FIGURE 11. Illustration of best-fitting PDFs to the ensemble of H0 related to CN1.

data obtained from the simulations to Gaussian, Lognormal
(LN), Rician, Gamma, Nakagami, and Weibull distributions.
Globally, the best fit was obtained for LN, Gamma, and
Nakagami PDFs, recalled in the following.
• LN:


−(ln(x) − μ)2
1
fX (x) =
,
(18)
√ exp
2σ 2
xσ 2π
•

•

where μ and σ stand for mean and standard deviation.
Gamma:
1
x
xa−1 exp − ,
(19)
fX (x) = a
b (a)
b
where a and b are the shape and rate parameters,
respectively, and (·) is the gamma function.
Nakagami:

2α α 2α−1
α
fX (x) =
(20)
x
exp − x2 ,
α
(α)ξ
ξ

where α and ξ are the shape and scale parameters.
The corresponding fitted PDF parameters for each SN link
together with the AIC values are presented in Appendix C,
Tables 10 and 11, for the cases of CN1 and CN2,
respectively.
Obviously, with this separate characterization of the different SN links, the estimated parameters highly depend on
the exact locations and orientations of the sensors on the
body. A more interesting approach is to find a global statistical model for the ensemble of the simulated H0 , i.e.,
corresponding to all links connecting a CN to different
SNs. Compared to the SN-dependent distributions presented
above, the obtained model will be simpler and more practical, i.e., with fewer parameters, but at the expense of less
fitting accuracy. In fact, the SN-dependent model is useful
for investigating special applications such as EEG and ECG
recording, while the global model can be used as a generic
channel model. Figures 11 and 12 illustrate the results of
best-fit to different considered distributions, for the cases of
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TABLE 7. Estimated parameters of best fit distributions to H0 for the ensemble of
simulated data.

FIGURE 13. ACF for the links between different SNs and CN1.

FIGURE 12. Illustration of best-fitting PDFs to the ensemble of H0 related to CN2.

CN1 and CN2, respectively. The best-fit model, according
to the AIC criterion, for the case of CN1 corresponds to the
Nakagami distribution, whereas the Gamma distribution provides the best-fit for links related to CN2. Table 7 presents
the corresponding parameters of the two best-fit distributions
together with the AIC values. Like for the case of individual
SN characterization, Gaussian, Weibull, and Rician distributions showed less tight fits. We suggest to use the Gamma
distribution for both CN1 and CN2 cases since for the former, the difference between the corresponding Nakagami
and Gamma PDFs in Fig. 11 is insignificant and AICs from
Table 7 are rather close. Note that our results are consistent
with the shadow fading models proposed for the case of
RF-based WBANs, see for instance [8], [9].

FIGURE 14. ACF for the links between different SNs and CN2.
TABLE 8. Channel coherence time: delays (in seconds) corresponding to 90 % and
50 % of the ACF.

E. CHANNEL COHERENCE TIME

Another important aspect in the design of appropriate signaling schemes concerns the statistical properties of the channel
time variations. For this, we consider the ACF of the channel DC gain and coherence time for the different links. For
instance, assuming a stationary channel, ACF indicates the
correlation between different observation times, while the
channel coherence time determines the packet length and the
intervals of pilot transmission (used for channel estimation
and probably for adaptive power control at the Tx) [9].
Figures 13 and 14 show the ACF of each SN link for
the cases of CN1 and CN2, respectively, which are obtained
based on the global mobility scenario. We notice an exponential decrease trend for all links, which is modulated by some
oscillations whose frequency is related to the movements of
the corresponding SN during the walk cycle. We notice such
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oscillations even for SNs that experience small body swing
movements, i.e., SN3, SN8, however, with small amplitudes.
Indeed, SN3 on the torso is less affected by body movements
than those SNs on the legs or arms.
Based on these results, we have estimated the channel
coherence time as the delay at which the ACF drops by 50 %
and 90 %, that we will denote by Tc,50 and Tc,90 , respectively.
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The corresponding values are presented in Table 8. We notice
a larger coherence time for SNs on the head and the torso,
compared to those on the arms and the legs. For example,
Tc,50 equals 1.01 and 2.09 sec for the links from SN5 and
SN8 to CN2, respectively, which confirms a more stable
channel for the latter link due to lower mobility.
Focusing on Tc,50 , for instance, we note that it is on the
order of hundreds of milliseconds to a few seconds, ranging between 0.78 to 3.27 sec for CN1 and between 0.95 to
2.26 sec for CN2. These relatively long coherence times indicate that optical intra-WBAN links have a slow time-varying
nature, compared to their RF counterparts for which the
coherence time is on the order of 0.025 to 0.07 sec [60], [61].
As a result, optical WBAN links benefit from larger packet
sizes, a lower pilot overhead, and the possibility of using
a simpler adaptive transmit power control over successive
packets.

Gamma distributions were found to provide the best AIC fit
models for the channel attenuation.
Lastly, regarding channel time variations, optical intraWBAN links were shown to have a slower time-varying
nature (thus, of higher stability), as compared to their RF
counterparts; the corresponding coherence times ranging
between a few hundred milliseconds to a few seconds.
Note that the presented study was based on considering
the typical body shape and dimensions of an adult person.
The choice of body shape will determine the propagation of
the rays in the vicinity of the human body. i.e., which rays
will be absorbed by the body and which will be traced. The
presented analysis, however, remains valid for the general
case, in particular regarding the mobility effect. For example,
for the case of a child, most propagation properties with
respect to the local and global movements remain the same.
Future work will focus on the design of efficient signaling
schemes for intra-WBAN links.

V. CONCLUSION

APPENDIX A
ANGLES RANGE OF VARIATION FOR EACH NODE

We investigated channel modeling and characterization for
optical intra-WBANs links, i.e., between a set of SNs and a
CN, during a walk scenario. The presented study provides
useful insights into the effects of local and global user mobility and the corresponding beam shadowing. These effects
were investigated using a realistic dynamic model based on
a 3D animation of the walk cycle and a modified RWP
mobility. MCRT-based simulations were then done using the
Opticstudio software to obtain the CIRs for a set of SN and
CN configurations at different instants of the walk scenario.
The considered configurations cover the most likely locations of the CN and the SNs for a practical implementation
of a medical WBAN. We presented comprehensive numerical results on the channel first- and second-order statistics,
namely the DC gain, delay spread, ACF, and coherence time.
The positions and orientations of SNs and CNs along with the
body geometry were found to have a significant impact on the
channel gain statistics. Nevertheless, overall, the channel can
be considered as frequency non-selective for data-rates up to
5 Mbps when using the simple OOK signaling, for example.
Consequently, ISI can be neglected for most medical WBAN
applications.
For the case of local mobility with the body located at
the center of the room and oriented toward one of the walls,
we showed periodic changes of the channel gain with variations on the order of 0.2 to 4 dB. Changing the Tx beam
divergence or the room size was found to affect negligibly
the general trend of the channel parameters variations. On
the other hand, global mobility was shown to cause a higher
attenuation and more significant random variations of the
channel gain, compared to the local mobility case. Based
on the datasets obtained from simulations, we proposed
best-fit models to describe the statistical distributions of
the channel parameters, which are particularly helpful for
studying the channel behavior (and consequently, the link
performance) for physical or upper layer design. LN and
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We provide here the minimal and maximal variations of φ
and θ for each node, which are summarized in Table 9.
APPENDIX B
DETAILED DESCRIPTION OF CHANNEL TIME
VARIATIONS FOR THE CASES OF LOCAL AND GLOBAL
MOBILITY
A. LOCAL MOBILITY CASE

For the results presented in Fig. 9, the time variations of H0
depend on the movement pattern of the body parts. We can
explain these variations based on SNs locations as follows:
• Sensors on the left arm: For those sensors on the left
arm (i.e., SN4 and SN5), H0 experiences the same
pattern for both CN1 and CN2 cases, where it varies
by 2 dB when the left arm changes its orientation during the walk cycle. For the case of CN2, H0 is also
affected by the partial shadowing of the link by the
right arm. The link from SN5 to CN2 experiences also
a partial body shadowing when the left arm is behind
the body.
• Sensors on the head and the shoulder: For SNs
that move moderately such as SN1, SN2, and SN7, we
logically observe only relatively small variations of
about 0.7 dB due to the small changes of relative orientation angles. We also notice the same shadowing
effects of the left arm for the link between SN2 and
CN2, as before.
• Sensors on the legs: H0 varies about 2 dB for the
sensors on the legs (i.e., SN6, SN9, and SN10). For
CN1, H0 variations between SN6 on one hand, and
SN9 and SN10, on the other hand, have opposite phases.
For CN2, SN9 and SN10 have their highest H0 when
they have the same orientation. Also, due to the presence
of a LOS between SN6 and CN2, H0 increases considerably when the left thigh is raised to its maximum
level.
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TABLE 9. Ranges of variations of φ and θ for each sensor and coordinator node.

TABLE 11. Estimated parameters of best fit distributions to H0 for the case of CN2;
global mobility configuration.

TABLE 10. Estimated parameters of best fit distributions to H0 for the case of CN1;
global mobility configuration.

for the case of CN2, whereas, for the SNs located on the
upper part of the body, a higher H0 is obtained with CN1.
This is consistent with the observations on the average H0
made in Section IV.A. For SN2, which is located on the
head side, we see similar results for CN1 and CN2.
Lastly, for SN3 and SN5 located on the torso and the arm,
we globally observe a local mobility pattern scaled by the
global mobility variations.
APPENDIX C
BEST-FIT PDFS FOR H0 FOR INDIVIDUAL SN LINKS

•

Sensors on the torso: We note that shadowing from the
right arm experienced by SN8 has the same variation
pattern for both CNs. Here, as concerns SN3, it additionally experiences left arm shadowing for the link
with CN2.

We provide here detailed data on the best-fit PDFs to the
H0 variations for each link between the SNs and the CNs.
These are summarized in Tables 10 and 11 for the cases of
CN1 and CN2, respectively.
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