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Abstract—A challenging aspect of mobile communications con-
sists in exploring ways in which the available run time of terminals
can be maximized. In this paper, we present a detailed electrochem-
ical battery model and a simple stochastic model that captures
the fundamental behavior of the battery. The stochastic model is
then matched to the electrochemical model and used to investi-
gate battery management techniques that may improve the energy
efficiency of radio communication devices. We consider an array
of electrochemicalcells. Through simple scheduling algorithms,
the discharge from each cell is properly shaped to optimize the
charge recovery mechanism, without introducing any additional
delay in supplying the required power. Then, a battery manage-
ment scheme, which exploits knowledge of the cells’ state of charge,
is implemented to achieve a further improvement in the battery
performance. In this case, the discharge demand may be delayed.
Results indicate that the proposed battery management techniques
improve system performance no matter which parameters values
are chosen to characterize the cells’ behavior.

Index Terms—Battery management, energy consumption, wire-
less communication systems models.

I. INTRODUCTION

A S THE POPULARITY of radio communications in-
creases, the reliability and energy capacity of batteries

becomes a critical issue. Indeed, a greater battery capacity
means a longer run time of the terminals. The design of
low-energy protocols and architectures must take into account
battery performance, and a tractable representation of the
battery behavior must be included in the model of the overall
communication system. Moreover, due to the disparity in
the rate of technological advance in batteries and in portable
communications equipments markets, software solutions that
increase the amount of energy that a battery can deliver are
worth exploring.

In this paper, we present an electrochemical battery model [1]
that represents the underlying electrochemical phenomena, and
we introduce a stochastic battery representation that, thanks to
its simplicity, can be used to develop a broad category of proto-
cols for energy efficient communications. The stochastic model
is matched to the electrochemical model for the particular case
of a lithium-ion battery, and a comparison between the results
obtained is shown.

We then explore ways in which the energy efficiency of mo-
bile wireless communications can be enhanced through the use
of improved energy-efficient battery management techniques.
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In [2], the authors introduced a discharge shaping algorithm to
optimize the gain obtained from the pulsed discharge of a single
cell1 . Here, we consider a battery package ofcells and apply
simple scheduling techniques to efficiently distribute the dis-
charge demand among the cells. In thedelay-freeapproach the
power supply is provided as soon as required. By using the pos-
tulated stochastic battery model, we show that a significant im-
provement in battery capacity is achieved. When scheduling al-
gorithms are used in conjunction with discharge shaping, the
battery is always able to deliver its maximum available capacity
even for high discharge demand rates. In this case the price to
pay is an additional delay in the power supply. This approach is
nameddelayed delivery.

The reminder of the paper is organized as follows. Section
II introduces some background on batteries and their perfor-
mance. Section III presents the electrochemical battery model
and shows results for the single cell. Section IV introduces the
stochastic model and shows how accurate the postulated sto-
chastic model is compared to the electrochemical model. Sec-
tion V describes the proposed delay-free and delayed delivery
battery management techniques, and presents some results. Fi-
nally, Section VI concludes the paper.

II. BACKGROUND ON BATTERY PERFORMANCE

An electrochemical cell is characterized by the initial open-
circuit potential ( ), i.e., the initial value of potential of the
fully charged cell under no-load conditions, and the cutoff po-
tential ( ) at which the cell is considered discharged. Two pa-
rameters are used to represent the cell capacity: thetheoretical
and thenominalcapacity denoted by and , respectively. The
former is based on the amount of active materials2 contained in
the cell and is expressed in terms of ampere-hours; it represents
the maximum available capacity of a cell. The latter represents
the ampere-hours obtained from a cell when it is discharged at
a specific constant current to a specific cutoff potential. Both
and vary for different kinds of cells and values of discharge
current; however, is always much less than. To measure the
cell discharge performance thespecific power (energy)is con-
sidered, i.e., the power (energy) expressed as watt (watt-hour)
per kilogram delivered by a fully charged cell at a specified cur-
rent of discharge.

The ideal electrochemical cell should be able to provide a
very high energy, and to handle all the desired levels of power.
In practice, the energy that can be obtained from a cell is fun-
damentally limited by the quantity of active material contained
in the cell, and greatly depends on the intensity of the discharge

1A battery consists of one or morecells, organized in an array. Each cell con-
sists of an anode, a cathode, and the electrolyte that separates the two electrodes.

2Chemical materials that originate electrochemical reactions within the cell.
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current, the state of charge and whether the discharge is constant
or pulsed.

Under constant discharge, a cell can provide a certain value of
current, called thelimiting current [3], [4]. Above this threshold,
the concentration of active materials within the cell becomes
nonuniform, the cell potential drops quickly below the cutoff
value, and, even if the theoretical capacity of the cell has not
been exhausted, the cell is considered discharged.

Under a pulsed discharge profile, the battery is able to re-
cover charge during the interruptions of the drained current, so
calledrest time periods. During rest time periods, active mate-
rials, that have been consumed at the electrode-electrolyte inter-
face by electrochemical reactions, are replaced by new materials
that move from the electrolyte solution to the electrode through
diffusion. The concentration gradient of active materials there-
fore decreases and charge is recovered [3], [5]. As shown by
several experimental tests [6]–[8], this charge recovery mech-
anism, so-calledrecovery effect, can lead to a significant im-
provement in battery performance when a pulsed discharge is
implemented. It is observed that [5]: 1) by using a pulsed dis-
charge, a higher specific power can be drained from the cell for a
constant delivered specific energy. In fact, by properly choosing
the pulse and the idle time duration, pulses of amplitude equal to
several times the limiting current value can be obtained and 2)
for a fixed power level, the delivered specific energy is greater if
a pulsed discharge is used. In fact, with pulsed discharge, the ac-
tive materials at the electrode-electrolyte interface are partially
recovered depending on the drained power and on how long the
idle periods are. Ideally, the cell would be exhausted only when
all the active materials in the cell have been exploited.

The benefits of pulsed discharge continue to hold if the dis-
charge is composed of pulses superimposed on a constant back-
ground current [9], [10]. Such discharge patterns are likely in
communication devices where the baseband and RF parts need
a constant supply, but load changes occur whenever the system
passes from the idle to the active state or the radio transceiver
switches from receive to transmit mode. An application of the
pulsed discharge technique and its benefits can be observed in
GSM and other TDMA based systems, where a high current is
needed from the battery just during the packet transmission time
(e.g., 557 s in GSM), otherwise a value of current about ten
times lower is drained [11].

The phenomenon of charge recovery that takes place under
bursty or pulsed discharge conditions is, therefore, identified
as a mechanism that can be exploited to enhance the battery
capacity in portable communications devices. These facts sug-
gest that in applications that can tolerate bursty transmissions,
there might be an opportunity to enhance battery discharge time
by controlling the instants of transmissions. In order to explore
these possibilities systematically, it is imperative that we have a
reasonable model for battery behavior.

III. ELECTROCHEMICAL BATTERY MODELS

Several electrochemical models can be found in the literature
for different battery technologies [1], [9], [12]. These models
give a detailed representation of the underlying electrochemical
phenomena; they are based on PDE (partial differential equa-

Fig. 1. Dual-insertion lithium cell consisting of composite negative and
positive electrodes and electrolyte.

tion) systems and typically involve a large number of parame-
ters that depend on the particular type of cell. The independent
variables of the PDE system are the spatial coordinateand
the time ; the dependent variables are the concentration of the
chemical materials, the drained current , and the
cell potential .

As an illustrative example, consider the model of a dual
lithium ion insertion cell shown in Fig. 1, which is often used to
supply portable devices. (The list of used symbols is reported
in Appendix.) At the electrolyte, we have [1]

(1)

(2)

Equations are solved by using the boundary condition

at for (1) (3)

and the initial condition . At the cathode, we have

(4)

(5)

(6)

(7)

(8)

The unknown variables arein (4), in (5), in (6), in (7),
and in (8). The system is solved with the following boundary
conditions

at for (4) (9)

at for (5) (10)

at and for (6) (11)

at for (6) (12)

at for (7) (13)
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Fig. 2. Specific energy versus discharge demand rate obtained through the
electrochemical model for different discharge profiles. Each profile corresponds
to a different mix of 100 and 110 A/mpulses; in the legend the percentages of
110 A/m pulses are reported.

at for (7) (14)

and initial conditions: and . A
similar system of equations can be written for the anode.

Under a stochastic discharge profile, these equations are
solved by considering the current that is drained from the cell
as a stochastic variable. At each current pulse, we can derive
the cell potential and, hence, the energy delivered by the pulse;
the discharge process ends as soon as the cell potential drops
to the cutoff value.

We have obtained plots assuming that the time scale is di-
vided into time slots with duration equal to 1 ms and that the
discharge process is composed of pulses occurring at stochastic
time instants according to a Bernoulli distribution. Pulses have
a constant duration equal to 1 ms (i.e., equal to one time slot).
The electrochemical model was numerically solved by using a
program developed by Newmanet al. [13]. The program was
modified to let the discharge of the cell be driven by a stochastic
process (i.e., a Bernoulli driven discharge process). Results re-
late to the first discharge cycle of the cell; thus, discharge al-
ways starts from a value of positive open-circuit potential equal
to 4.3071 V. We assume that the cutoff potential is equal to 2.8 V,
and we take the current density at each pulse as a varying param-
eter of the system. In practice, the cutoff potential, the pulse du-
ration and the current density depend on the particular applica-
tion (cellular phone, cordless phone, etc.) and on the technology
that is used to build the electronics of the device. The values of
the parameters that we consider are reasonable for the use in
portable communication devices and at the same time allow us
to run the program for a reasonable duration of time. Results
are plotted as functions of the discharge demand rate, which is
expressed as number of discharge pulses per time slot (i.e., as
ms ) and coincides with the Bernoulli probability that a dis-
charge pulse occurs in a time slot.

Fig. 2 illustrates the delivered specific energy for different
discharge profiles. Each profile corresponds to a different mix
of 100 and 110 A/m pulses drained from the cell. (Labels in
the plot refer to the percentages of 110 A/mpulses.)

Fig. 3. Specific power versus discharge demand rate obtained through the
electrochemical model for different values of current density.

Looking at the 0% and 100% curves, corresponding to 100
and 110 A/m discharge respectively, we can see that as the
discharge demand rate decreases, the obtained gain dramatically
increases for both the values of current density since the chance
to recover for the cell increases. This proves that a significant
improvement in performance of real batteries is possible when
a stochastic pulsed discharge is used.

Fig. 2 also shows that higher current density pulses may
degrade performance, even if the percentage of higher current
pulses is really small. This phenomenon takes place whenever
the current density drained from a cell exceeds the specified
limiting value and, therefore, the concentration gradient of
active materials becomes significant (see Section II). The
limiting current density depends on the cell technology but
typically the current density required in communication sys-
tems is higher than the limiting value. Thus, applications that
involve the use of different levels of power (e.g., routing inad
hoc networks, power control in CDMA systems, etc.) should
carefully administer the available battery capacity depending
on the values of drained current density and cutoff potential of
the cell. It is worth noticing that for a low discharge demand
rate the curves corresponding to 10% and 100% overlap since
the idle time between pulses is sufficiently long for the cell to
recover.

Fig. 3 presents the behavior of the specific power per pulse
versus the discharge demand rate obtained from the electro-
chemical model as the current density varies. This plot shows
that the level of specific power remains roughly constant no
matter what discharge demand rate is used.

The set of results that we can derive through the electro-
chemical model, however, is limited because as the drained cur-
rent and the cutoff potential decrease, the computation time be-
comes exceedingly large. In the next section, we present a more
tractable parametric model that captures the essence of the re-
covery mechanism.

IV. STOCHASTIC BATTERY MODELS

We model the battery behavior mathematically in terms of
parameters that can be related to physical characteristics of the
electrochemical cell [2], [14]. The proposed stochastic model
focuses on the recovery effect that is observed when a pulsed
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discharge is applied, and neglects all the other phenomena rep-
resented in the electrochemical model. It is clear that when the
focus is on improving the understanding of cell behavior or on
cell design, a stochastic approach is not suitable and an electro-
chemical model must be used.

Let us consider a single cell and track the stochastic evolu-
tion of the cell from the fully charged to the completely dis-
charged state. Models for arrays of cells can be developed from
this simple cell. Discharges occur at stochastic instants deter-
mined by the discharge pattern and recovery may occur when-
ever there is no discharge. The amount of capacity that has to be
supplied per discharge request is considered equal tocharge
units.

Each fully charged cell is assumed to have a theoretical ca-
pacity equal to charge units, and a nominal capacity equal to

charge units. The nominal capacity,, is much less than in
practice and represents the charge that could be extracted using
a constant discharge profile. Our ultimate goal is to extract an
amount of charge that exceedsthrough pulsed discharge.

The recovery effect is modeled as a decreasing exponential
function of the state of charge and discharged capacity. Such a
model was used in [15], in a nonstochastic setting. To model
more accurately real cell behavior [11], the exponential decay
coefficient is assumed to take different values as a function of
the discharged capacity.

The resulting cell behavior is a transient stochastic process
that tracks the cell state of charge. The cell state of charge cor-
responds to the open-circuit potential of the cell, i.e., the pa-
rameter that appeared in the electrochemical model. The sto-
chastic process starts from the state of full charge ( ),
denoted by , and terminates when the state 0 (corresponding
to a discharged cell) is reached, or the theoretical capacityis
exhausted.

Let us define to be the probability that charge units are
required in one time slot, i.e., the probability that discharge
requests arrive. Thus, in each time slot, the cell has probability

to move from state to , with , where the
positions corresponding to add to the probability to
move to 0.

During the discharge process, different phases can be identi-
fied according to the recovery capability of the cell; indeed, as
charge units are drawn off, the recovery capability of the cell de-
creases. Let be the number of discharge phases that char-
acterize the discharge process; each phase( )
starts right after charge units have been drained from the cell
and ends when the number of drained charge units reaches the
value . We have = 0 and , while for
( ) proper values are chosen in order to match
the discharge of the cell to experimental results as it will be
shown in Section IV-B.

The probability to recover one charge unit in a time slot, con-
ditioned on being in stateand phase is

(15)

Fig. 4. Stochastic process representing the cell behavior.

where and depend on the recovery capability of the
battery. In particular, a small value of represents a high cell
conductivity, while a large corresponds to a high internal re-
sistance, i.e., a steep discharge curve for the cell. The value as-
sumed by depends on the current phaseand is related to
the cell potential drop during the discharge process, and there-
fore, to the discharge current. In this way, the effect of the
discharge current value on the recovery process is represented
while maintaining model simplicity.

We assume that is a constant, whereas is a piecewise
constant function of the discharge phase; thus, it changes value
in correspondence with the variable.

The probability to remain in the same state of charge while
being in phase is

(16)

(17)

A graphical representation of the stochastic process is shown
in Fig. 4; a list of symbols used for the stochastic model is re-
ported in Appendix.

A. Performance Analysis

We assume that time is discretized into slots with unitary
length and we define ajob arrival as the event that one or more
discharge requests arrive in a time slot.

The time period between the end of service of a job and the
arrival of the next job at the cell is the cell rest time and is de-
noted by . When an arrival occurs, the required charge units
are drained in a time slot duration. We define the cell rest time
and the following time slot, where the arrival takes place, as a
cycle time. Then, we model the discharge process of the single
cell by considering just the time instants corresponding to the
end of cycle times.

In each of the discharge phases the transition probabilities,
and ( ; ) are constant

values; we start our analysis by conditioning on the cell being
in the generic phase( ). Let us denote by the state
of the cell at the th cycle time. Since given and , the
recovery is independent of the number of charge units delivered,
for and we can define

charge units delivered

(18)

with and . It can be shown that

arrival of requests

recovered charge
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(19)

Likewise,

arrival of requests

recovered charge

(20)

arrival of requests

recovered charge

(21)

where

arrival of requests

arrival of requests (22)

Since the cell state of charge cannot exceed, starting from
state a cell can recover at most charge units in a rest
time period. The probability to recover ( )
charge units during a rest time period,, can be easily derived
by inspection of Fig. 4,

recovered charge

(23)

for ,

recovered charge

right transitions, transitions

from a state to itself

(24)

We define as

charge units

delivered (25)

with , , and .
It can be shown that, for , we have

(26)

(27)

(28)

Equations (26)–(28) can be solved iteratively for each possible
value of and ( ) with the boundary
conditions

for and (29)

The probability that the discharge process passes from phase
to phase at the end of cycle times and having delivered
charge units, is equal to the probability to deliver charge
units in cycle times without leaving phase, multiplied
by the probability to deliver charge units during the last
cycle time. Clearly, this can be easily computed once we solve
(26)–(28).

At this point, we can derive the average number of charge
units, , drained from a cell during the discharge process.
For the sake of simplicity, let us consider just two phases of
discharge ( = 1, 2). Three different events may occur: 1) the
discharge process ends in the state 0 aftercycle times while
being in phase and having delivered ( ) charge
units; 2) the discharge process ends in the state 0 aftercycle
times while being in phase and having delivered (

) charge units; or 3) charge units are delivered aftercycle
times without having the process reached state 0.

Since the cell is assumed to be in phase 1 and stateat the
beginning of the discharge process, the probabilities of the three
events are

units delivered, charge delivered in

if or

if and

(30)

where the first equation holds when phase 1 is never crossed,
while the second equation holds when phase 1 is crossed during
the th cycle time

units delivered, charge delivered in
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(31)

where charge units are delivered in phase 1, while
crossing phase 1, and in phase 2 ( )

units delivered

(32)

where the first term is the probability that( ) charge
units are delivered in cycle times and in the th
cycle time; the second term is the probability thatcharge units
are delivered while being in phase 0, while crossing phase
1, and the remaining during phase 2 ( ).

Thus, we have

charge delivered in

charge delivered in

(33)

The mean number of discharge requests that have been served,
, results as the ratio of the average number of charge units

drained from the cell to the number of charge units delivered
per discharge request: .

We consider as a performance index the ratio ofto the
number of discharge requests that can be served by the cell under
constant current discharge, we have

(34)

Notice that represents the capacity gain that is obtained from
the discharge process with respect to the cell nominal capacity;
greater is, higher the delivered capacity. However, since the
delivered capacity can not exceed the theoretical capacity,can
be at most equal to .

B. Validation of the Stochastic Model

In this section, we present a comparison between results ob-
tained through the electrochemical model of the dual lithium
ion insertion cell and those derived from the stochastic model.
The discharge demand is assumed to be a Bernoulli-driven sto-
chastic process.

Results obtained from the stochastic model are derived under
the following assumptions: = 1, = 3, equal to the
number of pulses obtained through the electrochemical model

Fig. 5. Gain obtained under pulsed discharge with respect to constant
discharge for different values of drained current density. Results derived by
using the electrochemical (e) and the stochastic (s) model are compared.

under constant discharge, andequal to the number of pulses
obtained through the electrochemical model under a discharge
demand rate equal to 0.1.

Fig. 5 presents the behavior of versus the rate at which
the current pulses are drained for three values of current den-
sity: = 90, 100, and 110 A/m. As it can be seen, the curves
obtained from the electrochemical and the stochastic models
match closely.

The procedure to fit the two sets of curves is straightforward.
Indeed, looking at the results obtained through the electrochem-
ical model, we can identify for each curve about three regions
as the discharge demand rate varies. Notice that the number of
regions is related to the number of discharge phases, that can be
set up equal to 3 for most cell technologies. In each region, the
curve is well approximated by an exponential function with a
certain parameter. Therefore, to fit the curves obtained through
the electrochemical and the stochastic frameworks, we take
= 0 and vary the parameters and ( ) of
the stochastic model according to the considered value of cur-
rent density. Following this procedure, we obtain a maximum
error equal to 4% and an average error equal to 1%.

Fig. 6 shows the same curves derived from the electrochem-
ical model and from a simplified version of the stochastic model.
The simplified stochastic representation of the cell is obtained
by considering the parameter to be independent of the dis-
charged capacity. In particular, here is a constant value eq
ual to: . In this case, we
have a maximum error equal to 44% and an average error equal
to 14% for = 110 A/m , and a maximum error equal to 14%
and an average error equal to 5% for= 90 and 100 A/m.

We point out that the validation of the stochastic model
through the dual lithium ion insertion cell was a natural choice
since lithium-based batteries are widely used in portable
devices and also because of the availability of the program de-
veloped by Newmanet al. [13] that models this cell. However,
a validation of the stochastic model for other cell technologies
can be done by considering proper PDE electrochemical
models [9], [12]. Once we have the electrochemical model
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Fig. 6. Gain obtained under pulsed discharge with respect to constant
discharge for different values of drained current density. Results derived by
using the electrochemical (e) and the simplified stochastic (ss) model are
compared.

Fig. 7. Margin of improvement for the capacity delivered by an array ofL = 2

cells.

for the considered cell technology, curves representingas
a function of the discharge demand rate can be derived. The
parameters of the stochastic model are set up following the
procedure described above.

V. BATTERY MANAGEMENT TECHNIQUES

In this section, we use the presented stochastic battery model
to explore ways in which the energy efficiency of mobile wire-
less communications can be enhanced through the use of im-
proved energy-efficient battery management techniques.

We consider a battery package ofcells that can be selec-
tively scheduled. Fig. 7 illustrates the case for= 2. A capacity
equal to can be drained from each cell by means of a constant
current discharge. However, by using a proper pulsed discharge
technique, the region of delivered capacity can be increased. Our
goal is to find methods to extend the region of delivered capacity
up to the maximum limit ( ). Indeed, in the presence of bursty
data traffic, we may be able to adjust traffic arrivals and battery
discharge profile so that the recovery mechanism can be fully
exploited.

We first review some results related toload balancingthat
are close to our problem. Then, we apply the load balancing al-
gorithms to battery management. We consider both adelay-free

anddelayed deliveryapproach. The former implements a sched-
uling scheme among the cells and provides the power supply as
soon as required; the latter uses scheduling algorithms in con-
junction with discharge shaping, so that an additional delay is
introduced in the power supply.

A. Related Work on Load Balancing

Load balancing algorithms are classified as static or dynamic
depending on whether they depend on the current state of the
system nodes. Dynamic load balancing policies improve load
distribution at the expense of additional communication of the
system status and processing overhead. Static algorithms have
better performance when the system load is light to moderate or
when the cost of the communication among the nodes is high.

In [16], it is proved that the shortest queue (SQ) policy max-
imizes the system performance if queues have infinite capaci-
ties and the service time distributions are exponential; in [17],
it is proved that the SQ policy is optimal for a broader class of
service time distributions, i.e.,increasing with likelihood ratio
distributions. However, the SQ scheme seems more suitable for
centralized systems, while for distributed systems randomized
load balancing schemes are well applicable.

Static randomized algorithms have been studied in [18] where
Karpet al.show that two hash functions instead of one provide
an exponential improvement in the maximum load of a hash
bucket.

In [19] and [20], dynamic randomized schemes are consid-
ered. Thesupermarketmodel is analyzed and an important
result is derived. In this model, customers arrive as a Poisson
process at servers; each customer choosesservers at
random from the servers and waits for service at the one with
the shortest queue. It is shown that using= 2 choices yields
an exponential improvement in the customer’s mean waiting
time over the case = 1. Also it is shown that for no
significant improvements accrue relative to= 2. Then, to
reduce the number of choices (i.e., the cost of the scheme),
threshold modelsare examined. In this case, a customer can
make a second choice only if the load at the first server exceeds
a certain threshold.

B. A Delay-Free Approach

Similarly to load balancing, the objective here is to find a
scheduling policy that efficiently distributes the discharge de-
mand among cells connected in parallel.

We first apply to the cell array two different static policies,
i.e., policies that are independent of the cells state of charge, and
we compare their performances. We assume that the battery dis-
charge demand is driven by Poisson-distributed requests arrivals
with rate , at each time slot the probability thatdischarge re-
quests arrive is: , and the probability that
the job inter-arrival time is equal totime slots is geometrically
distributed

inter arrival time (35)

Also, we assume that at each job arrival the time necessary to
drain the required current supply is always equal to one time
slot.
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Fig. 8. Scheduling algorithms applied to the cells discharge. (a) Random (RD).
(b) Round robin (RR).

The first technique that we consider is a random scheme, in-
dicated by RD, such that a job arrival is directed to each of the

cells with probability equal to , regardless of the number
of discharge requests constituting the job. The discharge request
arrival process at each cell is still Poisson but with rate equal to

. A graphical representation of the RD scheme is given in
Fig. 8(a).

The second technique is the round robin (RR) scheduling
shown in Fig. 8(b). The job arrivals are directed to the cells by
switching from a cell to the next one. In this case, the distri-
bution of the job interarrival times is derived by convolving
probability functions, whose expression is written in (35). For

, we have

inter arrival time

(36)

The behavior of the capacity gainis derived for delay-free
schemes as a function of the average discharge request arrival
rate . We assume = 25, , and .

Fig. 9 shows analytical results obtained for two different
values of . Clearly, for both the RD and the RR schemes
the gain that we obtain increases as decreases, i.e., as the
charge recovery capability of the cells improves. However,
since the rest time duration under the RR technique is always
twice the rest time that a single cell would experience, the RR
outperforms the random scheme.

The performance of a modified RR algorithm, that operates
taking into account the cell state of charge in the job assignment
to the cells, has been derived by simulation. We call this scheme
thebest-of-two(BT) policy since it is close to the dynamic load
balancing method where customers choose the best of
servers randomly chosen. As we can see looking at Fig. 9, an
improvement is obtained in the behavior ofwith respect to

Fig. 9. Gain obtained applying different discharge techniques forL = 2,
N = 25, T = 200, andg varying. RD = random; RR = round robin; BT
= best-of-two.

the results presented for the RR method, especially when
. However, every time a cell is drained (i.e., a service is

required), the state of the server changes; therefore, we need
to monitor and compare the cells status whenever we have to
assign a job to a cell. The discharged capacity of the cells can
be tracked thanks to smart battery packages [21] but the system
complexity may increase significantly and the delay due to the
overhead may not be negligible.

We conclude that an efficient way to discharge a battery is
to guarantee to each cell a rest time long enough to recover. A
relevant performance improvement is achieved by adopting a
simple round robin technique and this improvement is evident
no matter which values for the cells parameters are considered.

C. A Delayed Delivery Approach

Here, we consider battery management techniques that in-
volve a coordination among the cells of the array and drain cur-
rent from the cells according to their state of charge.

Our goal is to monitor the cells status and make them recover
as much as they need to obtain the maximum available capacity
from the discharge process.

We define a lower threshold for the cell state of charge such
that whenever the state of charge drops to this value, the cell is
considerednot activeand current cannot be drawn off until re-
covery occurs. The event of the cell state of charge dropping to
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Fig. 10. Throughput obtained using the proposed delayed delivery
techniques.L = 2, T = 200, g = 0:05 andM varying. RR = round robin;
BT=best-of-two.

a certain threshold can be easily revealed by the control appa-
ratus present in smart battery packages; the acquisition of the
information is, therefore, considered instantaneous.

Among the set of active cells, the RR and the BT schemes
are applied as described in Section V-B. Whenever the state
of charge of a cell drops to the value of threshold, the cell is
removed from the set of active cells and allowed to recover. If
none of the cells is active, the discharge requests that arrive are
buffered and served as soon as a sufficient amount of charge is
recovered. We also assume that if a cell becomes inactive while
serving a discharge request, the remaining necessary charge is
drained from the next active cell.

As the discharged capacity becomes close to the value of the-
oretical capacity, the adopted scheme is suspended and cells are
discharged as long as their voltage drops to the cutoff value.

In this scheme, an important parameter for the cell behavior
is the difference between the initial value of charge,, and the
charge threshold that is chosen. We denote this quantity by.

Fig. 11. Throughput obtained using the proposed delayed delivery techniques.
L = 2, T = 200, g = 0:001 andM varying. RR = round robin; BT =
best-of-two.

Results obtained by simulation are presented in Figs. 10–11
for , , and varying. We de-
rive the throughput, computed as the ratio of the number of dis-
charge requests that have been served to the discharge process
duration. Note that here the capacity gain, previously consid-
ered, is always equal to , that is its maximum value, since
the introduced delay is sufficient to let the cell recover all the
available charge.

Curves in Figs. 10 and 11 are obtained for= 0.05 and
= 0.001, respectively. For = 0.05 and both the RR and BT
schemes, performance improves as smaller values ofare con-
sidered. However, for any value of , the throughput decreases.
This is because, as soon as the discharge process starts, the cell
quickly reaches the value of the threshold, that is far away from
the initial charge. At this point, the recovery probability is low
and the delay before being able to resume the discharge process
becomes large; thus, the time period needed to drain from the
cell the total number of available charge units increases. When
this phenomenon takes place, we have to reduce the cell load
by using a larger array of cells so that we move to the more
favorable region of operation. Also, we note that when we are
in the region where the battery operates correctly (i.e., the dis-
charge demand rate is less than 0.6) the BT policy outperforms
the RR scheme. However, we recall that the improvement in per-
formance presented by the BT algorithm must be balanced with
the increased system complexity. Note that, in this study, we
considered the time necessary to compare the cells status to be
negligible.

For = 0.001, the results shown in Fig. 11 present a much
higher throughput since the recovery capability of the cells is
much superior. In this case, larger values ofgive better per-
formance since now cells are able to quickly recover even when
their state of charge is greatly reduced relative to the initial
value. The BT gives the best performance for any value of the
discharge demand rate; however, we still notice that for both the
schemes the throughput starts decreasing at a certain point.

In Fig. 12, we presents the same curves obtained with ,
and considering for and for
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. As expected, in this case the throughput always
increases as the discharge demand rate grows.

The proposed battery management techniques provide a sig-
nificant gain in performance and this is achieved with a reason-
ably small additional delay in the discharge demand supply for
all values of the considered cell parameters. The improvement
relative to a simple round robin scheme is evident; however, in
this case a smart battery package has to be used and greater com-
plexity is involved.

VI. CONCLUSION

In this paper, we presented a stochastic battery model that
closely matches results obtained through an electrochemical
model. Thanks to its simplicity, the postulated model can be
used for the design of low-power communication systems and
energy aware communication protocols.

We used the stochastic model to explore battery management
techniques that improve the battery capacity and, therefore, the
run time of communications devices. A battery package com-
posed of an array of cells was considered. The combination
of the charge recovery mechanism with discharge management
techniques applied to the cells array showed an increase in the
battery performance.

Analytical results indicated that performance can be signifi-
cantly increased without introducing any delay in the discharge
demand supply by implementing a round robin scheme. More-
over, it was shown by simulation that a battery is able to de-
liver the maximum available capacity at the cost of a fairly small
additional delay and complexity when scheduling is combined
with a simple discharge shaping technique.

Fig. 12. Throughput obtained using the proposed delayed delivery techniques.
L = 4, T = 200, andg varying. RR = round robin; BT = best-of-two.

APPENDIX I
LIST OF ACRONYMS

BT Best-of-two.
CDMA Code division multiple access.
GSM Global system mobile communications.
PDE Partial differential equation.
RD Random.
RF Radio frequency.
RR Round robin.
SQ Shortest queue.
TDMA Time division multiple access.

APPENDIX II
LIST OF SYMBOLS

Electrochemical Battery Model.
Electronic current density (A/m).
Ionic current density (A/m).
Superficial current density (A/m); .
Pore-wall flux across interface between electrolyte
and electrode (mol/m/s).
Difference between the cathode potential and the
electrolyte potential (V).
Open-circuit potential (V).
Concentration of electrolyte in the electrolyte.
Concentration of the active material in the solid ma-
trix.
Transference number of the positive active material.
Faraday’s constant (96,487 C/eq).
Universal gas constant (8.3143 J/mol/K).
Temperature (298.15 K).
Conductivity of the electrolyte (S/m).
Conductivity of solid matrix (S/m).
Charge number.
Stoichiometric coefficient of active materialin the
electrode reaction.
Specific interfacial area (m ).
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Radius of cathode material (m).
Porosity of the cathode.
Diffusion coefficient of electrolyte, (m/s).
Diffusion coefficient of lithium in the solid matrix
(m /s).
Thickness of the electrolyte (50m).
Thickness of the composite positive electrode (m).
Thickness of the composite negative electrode
( m).
Thickness of the cell; .
Reaction rate constant at cathode/electrolyte inter-
face (m /mol/s).
Maximum concentration in solid (mol/m).
Transfer coefficients.

Stochastic Battery Model.
Amount of capacity that has to be supplied per
discharge request.
Theoretical capacity of the cell.
Nominal capacity of the cell.
Probability that charge units are required in one
time slot.
Number of discharge phases.
Duration of discharge phase, expressed as
number of drained charge units.
Exponential decay coefficient; it is related to cell
conductivity.
Exponential decay coefficient; it is related to cell
potential drop during the discharge phase.
Probability to recover one charge unit in one time
slot, conditioned on being in stateand phase .
Probability to remain in the same state of charge,
conditioned on being in stateand phase .
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