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Abstract—Body Sensor Networks (BSNs) consist of miniature
sensors deployed on or implanted into the human body for
health monitoring. Conserving the energy of these sensors, while
guaranteeing a required level of performance, is a key challenge
in BSNs. In terms of communication protocols, this translates to
minimizing energy consumption while limiting the latency in data
transfer. In this paper, we focus on polling-based communication
protocols for BSNs, and address the problem of optimizing the
polling schedule to achieve minimal energy consumption and
latency. We show that this problem can be posed as a geometric
program, which belongs to the class of convex optimization
problems, solvable in polynomial time. We also introduce a
dynamic priority vector for each sensor, based on the observation
that relative priorities of sensors in a BSN change over time.
This vector is used to develop a decision-tree based approach
for resolving scheduling conflicts among devices. The proposed
framework is applicable to a broad class of periodic polling-based
communication protocols. We design one such protocol in detail
and show that it achieves an improvement of approximately 45%
over the widely accepted standard IEEE 802.15.4 MAC protocol.

I. I NTRODUCTION

Body Sensor Networks (BSNs) enable continuous, non-
intrusive and remote health monitoring, and are widely con-
sidered as the next step in health care technology. In general,
a BSN consists of a powerful, externally worn Central Control
Unit (CCU) and multiple wearable or implantable sensor
nodes, as shown in Figure 1. These miniature sensors are
severely energy-constrained since they run either off a small
form factor battery or use energy scavenging techniques. Asa
result, minimizing energy consumption is an important focus
of BSN research.

As noted in [1], energy-efficient operation of BSNs can be
achieved at different levels, such as low power RF transceiver
design [2], network architecture [3], energy scavenging [4] and
energy-efficient communication protocols [5]. Since wireless
communication is the main factor in energy consumption,
efficient communication protocols have emerged as an active
area in BSN research, and are the focus of this paper.

Communication protocols for BSNs must be designed so as
to minimize energy consumption, while providing low latency,
especially for medical alarms. As BSN technology emerges,
there is a need for a broad analytical framework that can model
the effect of changing parameters and technologies on the
performance of the communication scheme. The framework
must enable the network designer to consider constraints
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Fig. 1. An illustration of a BSN deployment. The sensors couldinclude
implantable or wearable, and the CCU is typically a pager-style device or a
software module within a cellphone.

imposed by individual sensors and the BSN application, and
accordingly design a communication protocol that optimizes
energy consumption and latency. To this end, we propose a
convex optimization framework to design the communication
schedule in a BSN to achieve an optimal tradeoff between
energy consumption and latency.

Communication protocols for BSNs can be broadly divided
into contention-based schemes, such as 802.15.4 and polling
or round-robin based schemes, such as Bluetooth. BSNs are
well-suited for polling schemes due to their small scale,
presence of a powerful Master node and data collection at
sensors occurring as periodic measurements. In this paper,we
focus on polling-based communication protocols. Developing
an optimization approach for contention-based protocols will
be developed in our future work.

Our contributions in this paper are as follows:

• We show that the schedule design of polling schemes
can be analytically posed as a geometric program which
belongs to the class of convex optimization problems.
This problem has a polynomial time solution, and the
solution provides optimal performance in terms of energy
consumption and latency. This formulation also provides
a decomposable notion of utility corresponding to indi-
vidual sensors.

• We use time-varying features of individual sensors to
indicate the dynamic relative priorities among sensors.
Based on these priorities, we develop a decision-tree



TABLE I
TABLE OF NOTATION USED.

Symbol Parameter
Si ith sensor
Bi Buffer size ofSi

Mi Individual Measurement size ofSi

SFi Measurement frequency ofSi

RPi Initial, relative rank ofSi

FVi(t) Feature vector ofSi at time t
T Duration of CCU time slot

DT Data transfer sub-slot
AL Alarm subslot
Ti Data Update period/Polling interval ofSi

based approach to resolve scheduling conflicts.
• Using the proposed framework, we design a polling-

based communication protocol and show, via simulation,
that it achieves approximately 45% reduction in energy
consumption compared to the widely accepted standard
IEEE 802.15.4 MAC protocol, while satisfying latency
requirements.

The rest of the paper is organized as follows. Section II
introduces the network model considered. We present the
convex optimization framework for optimal schedule design
in Section III, followed by the tree-based collision resolution
function in Section IV. We use results from Sections III and IV
to develop a polling-based communication protocol in Section
V. Section VI presents our simulation results, which illustrate
the benefit of our proposed approach. Section VII concludes
the paper.

II. N ETWORK MODEL

The BSN consists of a CCU (Master) node andN medical
sensorsS1, ..Si, ..SN (Slaves). The transmission rate used by
the CCU and all the sensors isDR bps. Each sensorSi has
a buffer of sizeBi bits and collects measurement samples of
lengthMi bits at a frequencySFi Hz. Based on the importance
of the physiological parameter being monitored, each sensor
is also assigned a relative rankRRi between 1 toN , such
that RRi 6= RRj for i 6= j. For example, an ECG sensor will
often be ranked higher than a temperature sensor. The above
mentioned parameters do not change with time and can be
modeled as static features of a sensor.

Further, for each sensor, there are several time-varying
factors such as detection of out-of-range physiological values,
remaining buffer space and remaining energy level, that af-
fect its relative priority in the BSN. We also include these
dynamic factors as features of a sensor. Thus, the overall
feature vector representing a sensor is composed of static and
dynamic components. It is represented as a tupleFVi(t) =
{SFi,Mi, Bi, RRi, I(AD), RB(t), RE(t)}, whereI(AD) is
an indicator function, which is 1 if the sensor has recorded
Abnormal Data (i.e. out-of-range medical parameter values)
and 0 otherwise,RB(t) indicatesRemaining Buffer space at
time t, RE(t) is the Remaining Energy. Each sensorSi can
now be completely described at any timet, using its feature
vectorFVi(t).

A. Communication Protocol Model

In this paper, we address a broad class of polling-based
communication protocols. Time is slotted into units of length
T , and a partDT of this is used for data transfer. The
remaining portion ofT is assumed to be reserved for alarm
reports or control information. Each sensorSi is assigned
periodic slots separated by polling intervalTi, and is polled
for data at those slots.Ti’s are also called data update intervals
and are integral multiples of slot lengthT . When polled by
the CCU, the sensor replies with its collected data during the
DT subslot. A separate mechanism is used for theAL subslot,
which allows the sensors to initiate alarm reports to the CCU.
The notation is summarized in Table I.

In order to achieve energy-efficient network operation, it
is crucial to use an efficient polling mechanism. Timer-based
sleep-wakeup scheduling is inefficient due to clock drifts and
idle listening in guard bands. Addressable RF wakeups [6]
are more suitable for BSNs, since they enable the CCU to
wake up individual sensors without any power consumption at
the sensor end. The sensors uses only an antenna and passive
circuit elements to harvest the RF energy transmitted by the
CCU, and drive an interrupt wake up the radio. In this paper,
we assume the use of RF triggered wakeups as the polling
mechanism.

III. O PTIMIZATION FRAMEWORK FORENERGY AND

DELAY M INIMIZATION

In this section, we address the problem of designing an
optimal polling schedule and map it to a convex optimization
problem. Since the occurrence of alarms is rare, the opti-
mization focuses on regular data reports. Alarms are expected
to have minimal effect on the overall energy consumption,
and can be handled on a protocol to protocol basis. We
develop constraints based on physician requirements, datarate
of the wireless medium and the hardware specifications of the
sensor nodes. Noting a tradeoff between latency and energy
consumption, we formulate a convex cost function that is used
to optimize these performance metrics. The problem of interest
is then to determine optimal values of polling intervals foreach
of the N sensors to achieve a globally minimum cost.

A. Optimization Constraints

Based on the health condition of the patient and the level of
monitoring required, the physician can specify a recommended
data update intervalTir for each sensorSi, which acts as an
upper bound on its data update interval. This gives the first
constraint on the value ofTi as:

0 < Ti ≤ Tir ; for i = 1, 2, ..., N (1)

Since each sensorSi collects measurements of lengthMi

at a frequencySFi, the data collected during timeTi is given
by SFi ·Mi ·Ti. Between two updates, a sensor must fill only
a specified fractionxi of its buffer1. Hence, this data should

1The entire buffer is not filled since that could lead to overflow if the sensor
cannot transmit the data to the CCU immediately.



not exceedxi · Bi. Further, for each data update, there is an
overhead (Ov) of additional bits due to factors such as pilot
and sync, security, error correction and control information.
Thus, each update consists of (SFi ·Mi ·Ti+Ov) bits. In order
to ensure that old data does not accumulate in the buffer, all
the data collected by a sensorSi during the periodTi must
be reported to the CCU in the following update. Given the
transmission rate asDR and the length of the data transfer
subslot asDT , the total data that can be transferred isDT ·DR
bits, imposing the following constraint onTi’s:

(SFi · Mi · Ti) ≤ xi · Bi and

(SFi · Mi · Ti + Ov) ≤ DT · DR

i.e. Ti ≤ min(
xi · Bi

SFi · Mi

,
DT · DR − Ov

SFi · Mi

) ; for i = 1, ..., N

(2)

Finally, we consider the constraint based on total number
of available time slots. Each slot defined by the CCU is of
lengthT , which gives1/T slots in a unit time interval. Since
each sensor occupies1/Ti slots in this interval, and each slot
can be assigned to at most one sensor, we get the constraint:

N∑

i=1

1

Ti

≤
1

T
(3)

B. Cost function formulation

The overall cost function is based on energy consumption
and latency as the two metrics of network performance. We
present the formulation of energy consumption and latency
objective functions, followed by the combined cost function.

1) Energy consumption: As discussed for (2), sensorSi

sends (SFi · Mi · Ti + Ov) bits in each update. The duration
of this data burst is given by(SFi · Mi · Ti + Ov)/DR s. If
the power consumption of the sensor radio in transmit mode
is Ptxi, the energy consumption for this burst is given by
Ptxi · (SFi · Mi · Ti + Ov)/DR. Since a sensorSi performs
1/Ti updates in a unit time interval, the energy consumption
in this interval is:

Ei =
1

Ti

· Ptxi · (
SFi · Mi · Ti + Ov

DR
)

=
Ptxi · SFi · Mi

DR
+

Ptxi · Ov

Dr · Ti

= E0 + Ei(Ti) (4)

where the termE0 represents the minimum energy required
to transmit the generated data andEi(Ti) is the variable
component, which represents the protocol-based overhead.
SinceE0 is independent of the optimization variablesTi, only
Ei(Ti) is considered as the energy cost for each sensor.

Since the importance of energy consumption could be
unequal for different sensors (for example, implanted sensors
are more energy constrained than wearable ones), the overall
objective functionE for the BSN is a weighted sum of
individual Ei(Ti)

′s:

E =
N∑

i=1

αiEi(Ti) =
N∑

i=1

αi ·
Ptxi · Ov

DR · Ti

(5)

whereαi is the relative weight assigned to energy consump-
tion at SensorSi, with 0 ≤ αi ≤ 1. A sensor that is more
energy constrained is assigned a higher value ofαi

2.
2) Latency: The latency is defined on a per sample basis,

as the time interval between collection of the sample by
a sensor and its transfer to the CCU. Each sensor collects
measurement samples at a constant rate, and reports a set of
measurements to the CCU once everyTi s. Since the duration
of the data update (≤ DT ) is much lower thanTi, it can
be considered instantaneous and the average latency for a
measurement sample is given asLi = Ti/2.

In the latency objective function of the entire network,
the contribution due to each sensor depends on the sensor’s
priority. Hence, the overall latency function is represented in
the form of a weighted sum as:

L =

N∑

i=1

βi ·
Ti

2
(6)

where βi is the weight assigned to SensorSi, and 0 ≤
βi ≤ 1. A higher value ofβi indicates a higher priority of
minimizing the latency of sensorSi

2.
3) Cost Function: The overall cost function is a weighted

sum of the objective functions (5) and (6), where theλ is a
dimension equalizer used to combine the energy and latency
terms. Parameterλ can also be interpreted as a relative weight
that reflects the importance given to data report latency relative
to energy consumption. If latency is not considered important
in a particular BSN application,λ can be set to zero, to achieve
minimum energy consumption. Thus, the overall cost function
is:

C = E + λ · L

=

N∑

i=1

(αi ·
Ptxi · Ov

DR
·

1

Ti

+ λ ·
βi

2
· Ti) (7)

which is convex in the optimization variablesTi.
Combining the constraints in (1), (2) and (3) with the cost

function in (7), the final optimization problem can be written
as:

minimize
N∑

i=1

αi ·
Ptxi · Ov

DR
·

1

Ti

+ λ · βi ·
Ti

2

s.t. (8)

0 ≤ Ti ≤ min(Tir,
xi · Bi

SFi · Mi

,
DT · DR − Ov

SFi · Mi

)

N∑

i=1

1

Ti

≤
1

T

2The specific values ofαi andβi are assigned based on the BSN application
and the patient’s health condition.



where the optimization is over the variablesTi for i =
1, 2, ..N . This is a geometric program, which can be trans-
formed into a convex optimization problem and is solvable in
polynomial time [7].

Given the additive form of the overall cost functionC, the
individual cost contributionCi of each sensor nodeSi can be
obtained from (8) as:

Ci = αi ·
Ptxi · Ov

DR · Ti

+ λ · βi ·
Ti

2
(9)

This value reflects sensorSi’s share of the total cost and the
utility per sensor can be defined as the negative of this cost.

IV. RESOLUTION OFSCHEDULING CONFLICTS

Due to device heterogeneity in BSNs, the optimalTi values
for different sensors obtained from (8) are typically unequal.
We first show that unequal polling intervals lead to scheduling
conflicts, and then present a dynamic function for resolving
such conflicts.

Consider sensorsS1 andS2, with data update periodsT1 =
3 · T andT2 = 5 · T respectively, whereT is the slot length.
Let polling slots numbered(1, 4, 7, ...) be assigned toS1 and
slots(2, 7, 12, ...) to S2. BothS1 andS2 will be scheduled for
Slot 7, resulting in a scheduling conflict. A BSN with multiple
heterogeneous devices, will have such conflicts between two
or more devices.

A naive solution is to always assign the slot toS1 and
scheduleS2 at a subsequent slot. However, such a solution is
not suitable for BSNs, since the relative priorities of sensors
may vary with time, as noted in Section II. Hence, we need a
temporal function that computes the relative priorities ofthe
sensors at the time of conflict, and returns a single sensor
with highest priority, denoted asMax Priority Sensor. The
first available slot is then assigned to this sensor, and this
process is repeated with the remaining sensors till all sensors
are assigned unique slots.

We now describe the design of this function.
Consider the feature vector representationFVi(t) =
{SFi,Mi, Bi, RRi, I(AD), RB(t), RE(t)} of each sensor,
introduced in Section II. We note that the parametersSFi, Mi

andBi do not affect the relative dynamic priority of a sensor.
Hence, we consider a subset{RRi, I(AD), RB(t), RE(t)}
of FVi(t) to evaluate the priority of sensorSi at time t.
Further, these features are sorted in decreasing order of
importance. Since out-of-range data reports might indicate
a medical condition, it is commonly given the highest
importance, while the remaining factors can be ordered based
on the specific BSN application.

Then, starting with the first feature, the value of each suc-
cessive feature is compared for the set of conflicting sensors,
till a unique,Max Priority Sensor is identified. This structure
can be represented as a decision tree, where each node is a
condition based on a particular feature. Starting from the root
of the tree, the tree is descended using the following rule:

Fig. 2. An example of a decision tree for resolving schedulingconflicts is
shown. The outcome of the tree is the index of the highest priority sensor,
denoted asMax P Si.

At EACH node of the tree
IF only one sensor satisfies the condition

Choose it as theMax Priority Sensor and exit
ELSE IF multiple sensors satisfy the condition

Descend to the Left Child
ELSE Descend to the Right Child

Fig. 2 shows one such tree, corresponding to the order:
{I(AD), RB(t), RE(t), RRi}. We note that since no two
sensorsSi and Sj have relative ranksRRi = RRj (Section
II), a single highest priority sensor is always identified at
this node. This tree-based approach enables a simple software
implementation, allowing the scheduler to make fast decisions.
The worst case computation time depends on the depth of
decision tree, given by the number of features compared.

We note that this collision resolution function leads to a
modification of the original, optimal schedule. However, with
sufficiently short time slots, scheduling conflicts are infrequent
and the network performance is not affected adversely. To
verify this, we combine the optimization framework and the
collision resolution function to design a polling-based commu-
nication protocol, and show that it significantly outperforms
the IEEE 802.15.4 MAC protocol.

V. PROPOSEDCOMMUNICATION PROTOCOL

In this section, we present a protocol based on the concepts
in Section III and IV, and use it to evaluate the performance
achieved by the proposed optimization framework.

The CCU divides time into slots of lengthT , further
subdivided into Data TransferDT and AlarmsAL subslots.
Based on known sensor parametersMi, SFi and Bi, the
polling intervalsTi for the N sensors are computed, using
(8), and are further rounded off to integral multiples ofT .
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Fig. 3. The timing cycles for the CCU and a sensor in EZ-MAC are
illustrated. The CCU periodically broadcasts the DATA and ALARMS beacon
to indicate the start of theDT and theAL subslot respectively. The sensors
respond to data queries inDT subslots and report alarms in theAL subslot.

Data polling occurs during theDT subslot, based on the
derived polling schedule. At each subslot, the CCU pushes
the scheduled sensors, if any, into a priority queue and sorts
them in order of priority using the tree-based priority function.
The highest priority sensor is polled during thatDT subslot
while the remaining sensors in the queue are reconsidered in
the next slot. If at any slot, the queue is empty, the CCU
remains idle.

The AL subslot uses a TDMA architecture, with separate
intervals dedicated to each of theN sensors. The CCU
indicates the start of the ALARMS period by broadcasting
a beacon containing interval assignment information and a
synchronization timestamp. A sensor, on recording an alarm,
wakes up, listens for the CCU beacon, and transmits the
alarm packet during its assigned interval. Given the short
duration of eachAL subslot, the sensors can be assumed
to remain synchronized throughout the interval. This design
of the AL subslot ensures that the protocol is collision-free
and guarantees an alarm report latency bounded byT . The
implementation details of the protocol are shown in Figure 3.

VI. SIMULATION RESULTS

In order to evaluate the performance of the protocol devel-
oped in the previous section, an extensive simulation using
OPNET Wireless Module [8] was performed. We consider
a BSN consisting of 8 sensor nodes operating on both, an
ICU patient and a healthy person. Our protocol is compared
against a similar BSN operating with the IEEE 802.15.4 MAC
protocol, which is currently widely used for BSNs. The open
source 802.15.4 OPNET implementation by [9] is used.

A. Parameter Selection

As shown in Table II, the BSN consists of 1 CCU con-
trolling 8 wearable sensors (1 ECG, 1 EEG, 1 SpO2, 3
accelerometers, 1 glucose and 1 temperature sensor). The
network is operated at 2.4 GHz and all the sensors are assumed
to use Chipcon CC2420 radios, with current and voltage
ratings specified by [10]. The data rate used is 250 kbps and
the packet size for both protocols is 116 bytes.

Since alarm latency can be critical in BSNs, and is bound
by slot lengthT in our protocol, the slot duration (similarly,

TABLE II
PARAMETER VALUES OF SENSORS

Sensor SFi (Hz) Mi (bytes) Ti (s)
Sc. 1 Sc. 2

ECG 256 4 8 2.886
Accelerometers 50 2 81 3.53

Glucose 15 2 270 6.6
EEG 256 4 8 2.886
SpO2 20 1 250.2 5.58

Temperature 1 1 351 7.893

TABLE III
DUTY CYCLES OFSENSORS(IN %)

Sensor EZ-MAC 802.15.4
Sc. 1 Sc. 2 Sc. 1 Sc. 2

ECG 3.29 3.41 7.14 7.68
Accelerometer1 0.36 0.41 0.72 0.81
Accelerometer2 0.35 0.39 0.69 0.77
Accelerometer3 0.36 0.40 0.7 0.78

Glucose 0.16 0.18 0.2 0.28
EEG 3.3 3.4 7.01 7.43
SpO2 0.07 0.09 0.11 0.15

Temperature 0.008 0.009 0.011 0.0114

the Beacon Interval in 802.15.4) is set asT = 0.5 s, with
the data transfer and alarm subslots set asDT = 0.4 s and
AL = 0.1 s respectively. In order to ensure fair comparison
between the two protocols, the 802.15.4 MAC is allowed to
buffer packets and transmit at intervals equal to those chosen
in our protocol3.

Parameters such asSFi and Mi are chosen for individual
sensors, as recommended by physicians, and are detailed in
Table II. All sensors are assumed to have equal sized memory
buffers of 16 kB and for comparison with 802.15.4, overhead
Ov is 120 bits. With these parameters, the polling intervalsTi

were calculated under the convex optimization framework in
Section III using the CVX package in MATLAB.

As mentioned previously, two different scenarios were ex-
amined, namely a healthy patient (Sc. 1) where minimizing
energy consumption is more important than latency, and an
ICU patient (Sc. 2) where latency is more critical. Though
the sampling frequencies in either scenario are the same,Ti’s
are adjusted to reduce data report latency in Sc. 2. For these
reasons, the relative weightλ in (8) is set as 1e-9 and 1e-5 for
Sc. 1 and Sc.2 respectively. The derivedTi values are shown
in Table II.

B. Performance Evaluation

In order to better understand the differences in energy
consumption, our protocol was compared with 802.15.4 over
a 86,400 s. (1 day) period. The duty cycle of each sensor
is calculated as the ratio of the sum of transmit and receive
duration to the total duration of the simulation. In Table III,
the resulting duty cycles of all sensors are given, and for
both scenarios, our protocol was found to be nearly half
the duty cycle of 802.15.4 MAC. This is due mainly to the
elimination of contention and idle listening. As shown in

3If buffering is disabled, energy consumption in 802.15.4 is much higher.
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(a) Scenario 1: Healthy Person- 42.5 % lower energy con-
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(b) Scenario 2: ICU Patient- 46.8% lower energy consump-
tion than 802.15.4

Fig. 4. Comparison of energy consumption of BSN in our protocoland
in 802.15.4 for 2 scenarios is shown. Our protocol outperforms 802.15.4
significantly in both scenarios.

Fig. 4, a comparison of the energy consumption of the two
protocols yields similar results. Our protocol yields an energy
reduction of 42.5% and 46.8% for Sc. 1 and Sc. 2 respectively.
The absolute values of energy consumed are not discussed
since they are radio-dependent.

To verify the desired alarm latency, we simulated alarms at
random time intervals in our protocol and observed the latency.
As an example, the alarm latency of the ECG sensor is shown
in Fig. 5, and as expected is bound by the CCU slot time of
0.5s. Finally, no packet collisions were observed in the 86,400
s. long simulation, confirming that our protocol is collision-
free.

VII. C ONCLUSION

In this paper, we showed that the design of an optimal
schedule in polling-based communication protocols for BSNs
can be posed as a geometric program. This can be solved in
polynomial time by transforming it into a convex optimization
problem. We also proposed a tree-based priority decision
function for resolving scheduling conflicts. A specific protocol
design based on this framework was designed and compared to
the widely accepted IEEE 802.15.4 standard. Results obtained
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Fig. 5. Alarm latency at the ECG sensor. Alarms are generated at random
times and latency is observed to be upper bound byT = 0.5 s. Other sensors
showed similar results.

through simulations showed a significant reduction in energy
consumption, thus illustrating the efficacy of our approach.
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