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Abstract—Focusing on movements of a human participant
performing physical-therapy exercises, this paper presents an
algorithm that predicts the received signal strength indicator
(RSSI) of wireless sensor nodes attached to the user. The body
area network (BAN) formed by the nodes is a motion capture
system that measures joint angles of the user at the shoulder
and elbow. In order to predict the RSSI, we first show that
the wireless signal experiences severe attenuation from human-
body shadowing even though distances between transmitters
and receiver are less than 3 meters. Second, we show that
the RSSI fluctuates periodically with regular body movements
(i.e., physical-therapy exercises). We then model the movements
using k-means clustering and Markov chains and determine
the probability distribution of the RSSI at each state in the
movement. Finally, the RSSI is predicted with a maximum a
posteriori probability (MAP) detector. Experimental results show
that the RSSI can be predicted with a root mean square error
(RMSE) of 3.7 dB, which is an error within 4.2% of the average
RSSI level, and when a prediction is made, it is valid for the
next 1083 milliseconds (ms) on average.

I. INTRODUCTION

BANs present potential benefits in healthcare practice,
which include diagnosing, personalized medication, and fast
emergency response [1]. However, whether they are able to
meet requirements by applications such as physical therapy
remains unclear [2]. For example, maximizing network life-
time by minimizing bit error rate and transmission power in
the presence of human-body shadowing is a challenging task.

The algorithm developed in this paper is based on the idea of
predicting received power from measurements of human-joint
angles. An algorithm of this type can be used for minimizing
bit error rate by controlling transmission power according to
the algorithm’s predictions or for scheduling packet trans-
missions when wireless links are reliable according to the
algorithm’s predictions too. The algorithm is implemented on
a BAN for motion capture [3] that consists of sensors placed
on the upper upper-arm and forearm of the user. The BAN
can measure movements at the shoulder and elbow joints, and
the proposed algorithm is able to predict future RSSI values
of the BAN’s sensors and future joint-angle values of the user.

The organization of the paper is as follows. The related work
and contributions are discussed in Section II. The hardware
and software of the BAN are described in Section III. The
algorithm to predict the RSSI from upper-limb joint angles is
presented in Section IV. The experimental evaluation of the
algorithm is performed in Section V. Conclusions and future
work are presented in Section VI.

II. RELATED WORK

The RSSI has been extensively studied for BANs. In [4],
an opportunistic medium access control (MAC) protocol for
BANs is presented. In their BAN implementation, Shimmer2r
wireless sensor nodes [5] are used to measure body motion.
The periodic fluctuations in the signal strength are determined
by the changes in the relative positions of the limbs of a
walking person. In their approach, the data are transmitted
when the RSSI is high in order to reduce the packet error
rate. In [6], the effects of human-body shadowing on RSSI are
investigated based on the Fresnel-Kirchhoff diffraction theory
in two different environments: living room and office setting.
Hence, a diffraction-based model is developed to determine
network link connectivity as a function of the locations of
stationary and moving obstacles, and based on the model, a
MAC protocol is developed that uses relay nodes when the
shadowing is strong enough to inhibit one-hop communication.
In [7], the influence of the human body, included gender
(male/female) and node location, to the RSSI is evaluated
experimentally. The results show an average attenuation of 26
dB regardless of gender.

The MAC protocols in the previous related work are based
on the current RSSI. Different from the related work, this
paper contributes an algorithm that does not react to the current
RSSI but predicts it so that MAC protocols can schedule
packet transmissions from knowledge of the immediate future
RSSI, not the current RSSI. The predictions are based on
a Markovian model of the body movement of the user and
the relation between the movement and RSSI. This prediction
technique has not been implemented and evaluated experimen-
tally before to the best of our knowledge.

Several machine-recognition techniques have been used [8]
to address the problem of human-movement recognition. In
these techniques, the first step is to obtain measurements of
the human body such as joint angles or 2D and 3D coordinates
of body parts [9], [10], [11], [12], [13]. This can be done by
different means such as video tracking or motion sensors. For
example, in our BAN for motion capture [3], joint angles are
measured with Shimmer2r wireless sensors that have a 3-axis
accelerometer, gyroscope, and magnetometer each. Then, after
the parameters have been measured, a dimensionality reduc-
tion such as Principal Component Analysis can be performed
on the data in order to reduce redundancy. Finally, the non-
redundant data are used to estimate the parameters of the sys-



tem model selected for characterizing the human movement.
These models include Bayesian tracking [9], hidden Markov
chains [10], linear [11], switching-linear [12], and non-linear
dynamical systems [13].

Based on the ideas and results from these papers, the main
contributions of this paper are the following:
• The RSSI of the wireless sensor nodes of a BAN for

motion capture are measured. The measurements are
performed indoors on periodic arm movements for phys-
ical therapy. The results show fluctuations of ±11.0 dB
around an average RSSI of −61.2 dB due to human-body
shadowing on the transmitted wireless signal.

• Periodic arm movements are modeled as Markovian sys-
tems in which the states represent clusters [14] of arm
positions that are similar to one another (Fig. 3).

• The RSSI is also modeled using clusters, and the proba-
bility mass function (PMF) of the RSSI being in one of
the clusters is determined. This PMF is determined for
each of the clusters that represent arm positions. The re-
sults show high correlation between the arm position and
RSSI. On average, the RSSI cluster can be determined
from the arm-position cluster with 81% certainty.

• An algorithm is developed that predicts the next RSSI
cluster from the current arm-position cluster. The exper-
imental evaluation shows that RSSI predictions can be
made with an average error of 3.7 dB, which is 4.2% of
the average RSSI.

III. BODY AREA NETWORK FOR MOTION CAPTURE

The BAN for motion capture considered in this paper
consists of the hardware and software components shown in
Fig. 1 [3]. The hardware includes two Shimmer2r wireless
sensor nodes positioned on the user’s wrist and elbow that
measure the alignment of the user’s arm with respect to the
gravity and magnetic fields of the earth. These sensor nodes
connect wirelessly to a receiver, and the receiver connects to a
laptop through one of the laptop’s universal serial bus (USB)
ports. Also, a desktop computer connects to the laptop through
the Internet. The software includes three applications. The first
application runs on the two sensor nodes in order to perform
measurements of the earth’s gravity and magnetic fields and
to transmit the measurement data. The second application is
a server which runs on the laptop. The server forwards the
packets transmitted by the wireless sensor nodes to any clients
that connect to it. The third application is the client which runs
on the desktop. The client processes the measurement data in
order to calculate the joint angles of the user’s arm.

A. Hardware Description

The wireless sensor nodes are Shimmer2r nodes [5]. These
sensors integrate the Texas Instrument MSP430 MCU and
the IEEE 802.15.4-compliant CC2420 transceiver [15]. Each
sensor periodically measures the alignment of its three coor-
dinate axes with the earth’s gravity and magnetic fields. It
then transmits the measurements wirelessly in the form of
packets to the receiver. The receiver is a Shimmer Span unit

Fig. 1. Body Area Network for Motion Capture

which is also IEEE 802.15.4 compliant. Each wireless sensor
node has an identification (ID), and the two sensors (Fig. 1)
transmit packets at an average rate of 18 packets per second
combined. Each packet carries a three-dimensional sample of
each field (i.e., gravity and magnetic), node ID, packet number,
and RSSI. The receiver determines the RSSI of each received
packet and populates the RSSI fields of the packets before
forwarding them to the server. In order to reduce measurement
errors of the arm’s joint angles, the wireless sensor nodes need
to be positioned according to the protocol outlined in [3] for
measuring upper-limb kinematics.

B. Software Description

The wireless sensor nodes and receiver are programmed
using TinyOS [16], an operating system designed for low-
power wireless devices, and the nesC programming language
[17]. The server that runs on the laptop is the SerialForwarder
application which is part of TinyOS. The receiver is pro-
grammed with the RssiDemo application which is also part of
TinyOS. When the SerialForwarder server starts, it connects to
the RssiDemo application, and this application determines the
RSSI of every received packet and forwards the packets to the
server. The client application that runs on the desktop is written
in the C# programming language1. When the client starts, it
connects to the server and receives a stream of all packets
transmitted by the sensors. The client processes the packets
according to the algorithm in [3]. The algorithm determines
the joint angles with every received packet and creates a log
file as a Matlab script with the following information: packet
rate, RSSI, joint angles, and timestamp. The previous items
are determined for every received packet. Therefore, the log
file is updated at a rate of 18 new entries per second (i.e., 1
entry per packet); an entry consists of the previous items.

The joint angles describe the arm position as follows [3].
Positions of the upper arm relative to the thorax (i.e., at the

1The source code of the client and wireless sensor nodes can be downloaded
from http://myweb.lmu.edu/gvejarano/WIMUMocapSystem.zip



(a) Shoulder angles:
α1, α2, α3

(b) Elbow angle: σ1 (c) Elbow angle: σ2

Fig. 2. Arm Model

shoulder joint) can be approximated with three rotations [18]
that are denoted with α1, α2, and α3 (Fig. 2a). These are
rotations of the humerus bone (i.e., upper arm) at the gleno-
humeral rotation centre (i.e., shoulder joint). The elevation of
the humerus as it moves away from and toward the thorax
is α1 (i.e., flexion, extension, adduction, and abduction), the
cardinal direction of the humerus (i.e., north, south, east,
west) is α2 (i.e., transverse flexion, extension, adduction, and
abduction), and the internal/external rotation of the humerus2

is α3. Positions of the forearm relative to the humerus (i.e.,
at the elbow joint) can be approximated with two rotations
[18]: the flexion and extension at the elbow (Fig. 2b) that are
denoted with σ1, and the axial rotation of the forearm (Fig. 2c)
that is denoted with σ2 (i.e., pronation, supination).

The algorithm for predicting the RSSI is written in Matlab,
and it operates based on the data in the log file. Therefore, the
current implementation of the algorithm does not operate in
real time3. It divides the data in the log file into two parts. The
first part is used to determine the parameters of the clusters,
Markovian model, and MAP detector. We refer to the first
part as the training data. The second part is used to validate
the RSSI predictions, i.e., the RSSI predictions are compared
to the RSSI measurements in the second part in order to
determine the error and duration of the predictions. We refer
to the second part as the validating data.

IV. RSSI-PREDICTION ALGORITHM

The algorithm for predicting the RSSI describes the arm’s
movement as different positions in time. First, it determines
the period of the movement using autocorrelation. Second,
it classifies the joint-angle measurements into clusters which
represent arm positions. Arm positions, described by the joint-
angle measurements, that are similar to each other belong
to the same cluster4. This classification of joint angles is

2If the humerus is thought of as a cylinder with an axis between the centers
of any two circumferences of the cylinder, the internal/external rotation is the
rotation along this axis towards/away from the thorax.

3The real-time implementation of the algorithm would require writing the
algorithm as part of the client in C#. The client would then need to notify
the wireless sensor nodes of the predictions so that they can respond to the
future levels of human-body shadowing.

4We refer to these clusters as position clusters for the rest of the paper.

TABLE I
AVERAGE JOINT ANGLES FLUCTUATION

Minimum (o) Maximum (o) Range (o)
α1 84.7 106.0 21.3
α2 −8.3 52.5 60.8
α3 −28.1 26.7 54.8
σ1 1.6 86.1 84.5
σ2 −17.2 59.9 77.1

done using k-means clustering [14], and the silhouette statistic
[19] is used to determine the optimal number of position
clusters. The optimal number therefore maximizes the av-
erage silhouette. At this point, the algorithm maps similar
arm positions to the same position cluster, so it no longer
differentiates among arm positions that belong to the same
position cluster. Third, the arm movement is modeled as a
sequence of positions that transition from one position cluster
to another with some transition probability. Therefore, the
arm movement is modeled as a discrete-time Markov chain
with finite state space, where states correspond to the position
clusters.

The RSSI of a node is also classified using k-means
clustering and the silhouette statistic5, and the PMF of which
RSSI cluster the RSSI belongs to at each position cluster is
estimated. Finally, the RSSI can be predicted as follows. Given
the position cluster the current arm position belongs to, the
following most probable position cluster is determined. From
the PMF of the RSSI clusters at the predicted position cluster,
the algorithm decides that the future RSSI will be at the RSSI
cluster of highest probability.

The different parameters of the RSSI-Prediction Algorithm
(i.e., movement period, number of position and RSSI clusters,
centroids of position and RSSI clusters, time duration of
position and RSSI clusters, cluster-transition probabilities, and
RSSI PMFs) are determined from the training data as follows.

A. Determining the Period of Arm Movements

Joint angles α1[n], α2[n], α3[n], σ1[n], and σ2[n], where
n denotes the n-th measurement, change periodically when
the arm position follows a periodic movement. The period of
the movement is determined from the joint angle that has the
largest average fluctuation. For example, consider the circular
arm movement shown in Fig. 3, which shows three positions
of the movement. The arm moves from the first position in
Fig. 3a to the second position in Fig. 3b; it then moves to the
third position in Fig. 3c, and it returns to the first position.
This cyclic movement is repeated for 60 seconds (s). Fig. 4
shows the values of the joint-angles and RSSI of the wireless
sensor node positioned at the wrist for a time window of 27
s which corresponds to the training data. Table I shows the
average fluctuation of the joint angles. Joint angle σ1[n] is the
angle with the largest average fluctuation. Therefore, σ1[n] is
used to determine the period of the movement.

Once the joint angle of maximum average fluctuation is
identified, its linear autocorrelation function is calculated,

5We refer to these clusters as RSSI clusters for the rest of the paper.



(a) First Position (b) Second Position (c) Third Position

Fig. 3. Periodic Arm Movement

Fig. 4. Joint Angles and RSSI Fluctuation

and the period of the movement is determined from the
distance between the two consecutive largest maximums of
the autocorrelation. The period of the movement in Fig. 3 is
found to be 62 measurements, which corresponds to 3469 ms.

B. Classification of Arm Positions

Let the n-th measurement of the joint angles be a moving
point µ[n] in the five-dimensional space generated by the
joint angles, i.e., µ[n] , (α1[n], α2[n], α3[n], σ1[n], σ2[n]).
Therefore, µ[n] represents the position of the arm at the
instant of the n-th measurement. The five-dimensional space
is divided into clusters, denoted by Cp(m) where m is the
cluster number. These are the position clusters described in
Section IV. A cluster is defined by its centroid. All the points
in the space that are closest to the centroid belong to that
cluster, where distance between two points is defined as the
Euclidean distance. Therefore, arm positions that belong to the
same cluster are similar to each other. In order to determine
the centroids, the k-means clustering algorithm [14] is used.
The initial centroids that the algorithm is loaded with are
determined as follows. Let N be the number of arm-position
measurements in the training data, and k be the number
of clusters. The first initial centroid is the average of the
N measurement points. The next initial centroid is selected
from the remaining measurement points such that the average
among the distance to the previously selected initial centroids
is maximum. This is repeated until there are k initial centroids.

The silhouette statistic [19] is used to estimate the number
of clusters in a given data set. In this step, we define the

(a) Joint Angles (b) RSSI

Fig. 5. Average silhouette value when 1, 2, . . . , 6 clusters are considered

dissimilarity between any two points as the distance between
them, and then for each point µ[n] and number of clusters k,
the silhouette width s(µ[n], k) is defined as follows. If µ[n]
is the only point in its cluster, s(µ[n], k) = 0. Otherwise,
let d(µ[n], k) be the average dissimilarity between µ[n] and
all other points in its cluster, and let d(µ[n], k, Cp(m)) be the
average dissimilarity between µ[n] and all points in cluster
Cp(m), where m = 1, 2, . . . , k. Also, let dC(µ[n], k) be the
minimum d(µ[n], k, Cp(m)) among all clusters that µ[n] does
not belong to. Then, the silhouette of µ[n] is determined as
follows.

s(µ[n], k) =
dC(µ[n], k)− d(µ[n], k)

max (dC(µ[n], k), d(µ[n], k))

Hence, points with large s(µ[n], k) (i.e., s(µ[n], k) ≈ 1) are
very well clustered; a small s(µ[n], k) (i.e., s(µ[n], k) ≈ 0)
means that the point lies almost equally distant to two clusters,
and points with negative s(µ[n]) (i.e., s(µ[n], k) ≈ −1) are in
the wrong cluster.

Let the average silhouette when the number of clusters is
k be s(k) = 1

N

∑N
n=1 s(µ[n], k). The optimal number of

clusters, denoted by kopt, is the one that maximizes s(k),
i.e., kopt = argmaxk=1,2,...,N s(k). Fig. 5a shows the average
silhouette s(k) for the position of the arm movement of Fig. 3,
and Fig. 5b shows the average silhouette s(k) for the RSSI of
the same arm movement6.

From Fig. 5a, the average silhouette for the arm positions
of the movement in Fig. 3 is maximum when the number of
clusters is kopt = 3. Also, from Fig. 5b, the optimal number
of clusters for the RSSI of the same movement is kopt = 2.

Finally, the time duration of the clusters is determined as
follows. Consider one cycle of the periodic arm movement.
Each point µ[n] in the cycle belongs to one and only one
cluster. Consider the number of points in each cluster. The
time duration of a cluster is the average number of points it
has per cycle across all cycles in the training data.

C. Prediction of Arm Positions

In order to predict the next arm position from a current
position, the arm movement can be interpreted as a discrete
time sequence of different states in which states correspond

6In the RSSI clustering, the point µ[n] denotes the RSSI of the packet
received with the n-th measurement. Therefore, in RSSI clustering, µ[n]
moves along a one-dimensional space.



to the clusters determined in Section IV-B. The next state can
be predicted from the current state as a Markov chain.

The training data consists of a sequence of states
Sp[1], Sp[2], . . . , Sp[Np], where Np is the number of states
in the training data, and Sp[i] can take on values in
{Cp(1), Cp(2), . . . , Cp(kopt)} for all i = 1, 2, . . . , Np. There-
fore, the process starts in one of these clusters and moves
successively from one cluster to another. If the chain is in state
Sp[i] = Cp(m1), it jumps to state Sp[i + 1] = Cp(m2), where
m1,m2 = 1, 2, . . . , kopt, with transition probability denoted
by P(m1,m2).

The sequence of states in the training data is shown in
Table II. The cluster transition probabilities determined from
the sequence of states are shown in Table III where columns
and rows represent the current and next state respectively.

D. Prediction of the RSSI

The RSSI is also classified into clusters following
the same procedure of Section IV-B. The set of RSSI
clusters determined using the procedure is denoted by
{CRSSI(1), CRSSI(2), . . . , CRSSI(kopt)}7. The RSSI is also mod-
eled as a sequence of states in the same way that arm-
positions were modeled in Section IV-C. Therefore, the
RSSI in the training data forms a sequence of states
SRSSI[1], SRSSI[2], . . . , SRSSI[NRSSI], where NRSSI is the num-
ber of RSSI states in the training data, and SRSSI[i] can
take on values in {CRSSI(1), CRSSI(2), . . . , CRSSI(kopt)} for all
i = 1, 2, . . . , NRSSI. Therefore, the RSSI starts in one of these
clusters and moves successively from one cluster to another.

While the arm follows a periodic movement, the arm-
position states Sp[1], Sp[2], . . . , Sp[Np] take on different values
that cause the RSSI states SRSSI[1], SRSSI[2], . . . , SRSSI[NRSSI]
to take on different values as well. For example, if
the arm position is such that there is human-body
shadowing, the RSSI signal jumps to a state of low
RSSI. In order to quantify this relation, the joint
probability that the arm-position and RSSI states are
at an arm-position and an RSSI cluster simultaneously
(i.e., P (Sp[i] = Cp(m1), SRSSI[i] = CRSSI(m2))) is
determined. This probability is calculated from
the sequences of states Sp[1], Sp[2], . . . , Sp[Np] and
SRSSI[1], SRSSI[2], . . . , SRSSI[NRSSI] obtained from the training
data. For the arm movement of Fig. 3, the joint probability is
given in Table IV.

The RSSI is predicted from the current arm position using a
MAP predictor as follows. Consider the current arm-position
state Sp[i] = Cp(m1) which can always be determined from
the last received measurement. First, the value of the next arm-
position state Ŝp[i+1] is predicted as given in (1)8. Then, given
the predicted arm-position state Ŝp[i+1], the next RSSI state

7The optimal number of RSSI clusters is not necessarily equal to the optimal
number of arm-position clusters. For example, according to Fig. 5, the optimal
number of clusters kopt for arm positions and RSSI of the arm movement in
Fig. 3 is 3 and 2 respectively.

8The probability P (Sp[i+ 1] = Cp(m2)|Sp[i] = Cp(m1)) can be deter-
mined from Table III.

ŜRSSI[i + 1] is predicted as given in (2). In other words, the
prediction of the next RSSI state is done by first determining
the next most probable arm-position state given the current
one, and then, the next RSSI is predicted assuming that the
next arm-position was predicted successfully.

Ŝp[i+ 1] =

argmax
Cp(m2)

P (Sp[i+ 1] = Cp(m2)|Sp[i] = Cp(m1)) (1)

ŜRSSI[i+ 1] =

argmax
CRSSI(m2)

P
(
SRSSI[i+ 1] = CRSSI(m2)|Sp[i+ 1] = Ŝp[i+ 1]

)
(2)

The prediction of the next RSSI state is valid for a finite
amount of time. This time corresponds to the time duration
of the position cluster predicted for Ŝp[i + 1] in (1), and the
duration of a cluster corresponds to the average number of
measurement points µ[n] in the cluster per movement cycle
(see Section IV-B). For example, from the results in Fig. 5a,
there are three arm-position clusters for the arm movement in
Fig. 3, and the average number of measurement points µ[n]
per movement cycle in the training data is 12, 27, and 20
respectively, i.e., in one movement cycle, the arm-position is in
clusters Cp(1), Cp(2), and Cp(3) for 12, 27, and 20 consecutive
measurements on average respectively. Therefore, given that
the sampling rate is 18 samples per second (see Section III-A),
the clusters have durations of 667 ms, 1500 ms, and 1111 ms
respectively, and the period of the arm movement is 3278 ms.

Finally, the value of the predicted RSSI is equal to the
centroid of the RSSI cluster predicted for the next RSSI state
in (2). For example, from the results in Fig. 5b, there are
two RSSI clusters for the arm movement in Fig. 3, and the
centroids are −59.4 dB and −66.8 dB respectively.

V. EXPERIMENTAL EVALUATION

The validating data described earlier in Section III-B are
used in order to evaluate the accuracy of the RSSI predictions.
The predicted RSSI values are compared with the RSSI values
measured by the receiver and recorded in the validating data.
Let N be the number of RSSI measurements in the validating
data, and let R[n] and R̂[n] be the measured and predicted
RSSI for the n-th transmitted packet in the validating data
respectively. The error e[n] = R̂[n]−R[n] is shown in Fig. 6a,
and its distribution in Fig. 6b. As expected, the error shows a
periodic behavior. When the arm position is close to one of the
centroids, the RSSI predictions are more accurate, and as the
arm moves away from a centroid in the direction of another
centroid, the RSSI predictions become less accurate. In other
words, the error is close to zero when the arm position is
close to a centroid, and the error is different from zero when
the arm position is not close to any centroid. Therefore, as
the arm moves periodically along the the centroids, the error
increases and decreases periodically. According to Fig. 6b, the



TABLE II
SEQUENCE OF STATES IN THE TRAINING DATA

i 1 2 3 4 5 6 7 8 9
Sp[i] Cp(2) Cp(3) Cp(1) Cp(2) Cp(3) Cp(1) Cp(2) Cp(3) Cp(1)

i 10 11 12 13 14 15 16 17 18
Sp[i] Cp(2) Cp(3) Cp(1) Cp(2) Cp(3) Cp(1) Cp(3) Cp(1) Cp(2)

i 19 20 21 22 23 24 25 26 27
Sp[i] Cp(3) Cp(1) Cp(2) Cp(3) Cp(1) Cp(2) Cp(3) Cp(1) Cp(2)

TABLE III
STATE TRANSITION PROBABILITIES OF ARM POSITION

Cp(1) Cp(2) Cp(3)
Cp(1) 0.00 0.89 0.11
Cp(2) 0.00 0.00 1.00
Cp(3) 1.00 0.00 0.00

TABLE IV
JOINT POSITION AND RSSI STATE PROBABILITIES

Cp(1) Cp(2) Cp(3)
CRSSI(1) 0.08 0.44 0.25
CRSSI(2) 0.12 0.02 0.09

(a) Error of the RSSI Predictions (b) Error Distribution of the RSSI
Predictions

Fig. 6. Experimental Results

error tends to zero, and it can take on values as large as−14 dB

with small probability. The RMSE σR̂ ,
√

1
N

∑N
n=1 |e[n]|2

is 3.7 dB, which is 4.2% of the average RSSI.

VI. CONCLUSIONS AND FUTURE WORK

An algorithm to predict received power in a wireless body
area network was presented. It makes the predictions from
periodic human motion such as physical therapy, and it is
based on modeling the motion as a Markov process so that
given the current body position in the movement, the next
position is predicted. Given that different positions cause
different levels of received power due to shadowing of the
transmitted signals, the power can be predicted. The technique
was evaluated on a periodic arm movement. The accuracy
of the predictions was evaluated by comparing them with
measurements of the received power. The error was found
to be periodic with root mean square error of 3.7 dB which
corresponds to 4.2% of the average received power.

Future work includes movements that involve more complex
trajectories and other body parts. Also, a distributed version
of the proposed algorithm will be considered. Finally, the
proposed algorithm will be evaluated on link-scheduling and
transmission-power-control in BANs.

REFERENCES

[1] M. Hanson, H. Powell, A. Barth, K. Ringgenberg, B. Calhoun, J. Aylor,
and J. Lach, “Body area sensor networks: Challenges and opportunities,”
IEEE Computer, vol. 42, no. 1, pp. 58–65, Jan 2009.

[2] E. Miluzzo, X. Zheng, K. Fodor, and A. T. Campbell, “Radio
characterization of 802.15.4 and its impact on the design of mobile
sensor networks,” in EWSN’08. Berlin, Heidelberg: Springer-Verlag,
2008, pp. 171–188. [Online]. Available: http://dl.acm.org/citation.cfm?
id=1786014.1786030

[3] D. Meng, T. Shoepe, and G. Vejarano, “Accuracy improvement on the
measurement of human joint angles,” Biomedical and Health Informat-
ics, IEEE Journal of, 2015, accepted for publication.

[4] K. S. Prabh and J.-H. Hauer, “Opportunistic packet scheduling in body
area networks,” in EWSN’11. Berlin, Heidelberg: Springer-Verlag,
2011, pp. 114–129. [Online]. Available: http://dl.acm.org/citation.cfm?
id=1966251.1966262

[5] Shimmer. Shimmer2r wearable wireless sensor. [Online]. Available:
http://www.shimmersensing.com/

[6] S. Singh, F. Ziliotto, U. Madhow, E. Belding, and M. Rodwell, “Block-
age and directivity in 60 ghz wireless personal area networks: from
cross-layer model to multihop mac design,” IEEE J. Sel. Areas Commun.,
vol. 27, no. 8, pp. 1400–1413, October 2009.

[7] C. Oliveira, L. Pedrosa, and R. Rocha, “Characterizing on-body wireless
sensor networks,” in NTMS’08, Nov 2008, pp. 1–6.

[8] P. Turaga, R. Chellappa, V. Subrahmanian, and O. Udrea, “Machine
recognition of human activities: A survey,” IEEE Trans. Circuits Syst.
Video Technol., vol. 18, no. 11, pp. 1473–1488, Nov 2008.

[9] D. Ormoneit, H. Sidenbladh, H. Sidenbladh, M. J. Black, and T. Hastie,
“Learning and tracking cyclic human motion,” in NIPS’01. The MIT
Press, 2001, pp. 894–900.

[10] M. Suk, A. Ramadass, Y. Jin, and B. Prabhakaran, “Video human motion
recognition using a knowledge-based hybrid method based on a hidden
markov model,” ACM Trans. Intell. Syst. Technol., vol. 3, no. 3, pp.
42:1–42:29, May 2012.

[11] N. Vaswani, A. Roy-Chowdhury, and R. Chellappa, “”shape activity”:
a continuous-state hmm for moving/deforming shapes with application
to abnormal activity detection,” IEEE Trans. Image Process., vol. 14,
no. 10, pp. 1603–1616, Oct 2005.

[12] A. Bissacco, “Modeling and learning contact dynamics in human mo-
tion,” in CVPR’05, vol. 1, June 2005, pp. 421–428 vol. 1.

[13] J. Wang, D. Fleet, and A. Hertzmann, “Gaussian process dynamical
models for human motion,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 30, no. 2, pp. 283–298, Feb 2008.

[14] A. K. Jain and R. C. Dubes, Algorithms for Clustering Data. Upper
Saddle River, NJ, USA: Prentice-Hall, Inc., 1988.

[15] T. Instruments. 2.4 ghz ieee 802.15.4 / zigbee-ready rf transceiver.
[Online]. Available: http://www.ti.com/lit/ds/symlink/cc2420.pdf

[16] Tinyos documentation wiki. [Online]. Available: http://tinyos.stanford.
edu/tinyos-wiki/index.php/Main Page

[17] P. Levis and D. Gay, TinyOS Programming. Cambridge University
Press, New York, USA: Cambridge University Press, 2009.

[18] G. Wu, F. C. T. van der Helm, H. D. Veeger, M. Makhsous, P. V.
Roy, C. Anglin, J. Nagels, A. R. Karduna, K. McQuade, X. Wang,
F. W. Werner, and B. Buchholz, “Isb recommendation on definitions of
joint coordinate systems of various joints for the reporting of human
joint motion part ii: shoulder, elbow, wrist and hand,” Journal of
Biomechanics, vol. 38, no. 5, pp. 981 – 992, 2005.

[19] P. J. Rousseeuw, “Silhouettes: A graphical aid to the interpretation and
validation of cluster analysis,” Journal of Computational and Applied
Mathematics, vol. 20, no. 0, pp. 53–65, 1987. [Online]. Available:
http://www.sciencedirect.com/science/article/pii/0377042787901257


