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Abstract—An optimal data transmission and battery charging
policy for sensor networks, with solar powered nodes, is proposed.
A sensor node with multiple battery charging levels and solar
radiation states is considered. To model the sensor node behavior
we employ constrained Markov decision process, which achieves
an optimal stochastic policy, allowing sensor node to prolong its
battery lifetime with minimum data transmission rate constraint.
The Markov decision process based model is evaluated using
reported energy measurements for the existing platforms. The
performance evaluation results reveal, how the data transmission
rate should be controlled for different data arrival rates, while
taking into account the current battery state and the solar
radiation pattern. The proposed model is flexible and can
accommodate different number of charging/discharging levels as
well as radiation patterns.

I. INTRODUCTION

Wireless sensor networks have found their way in wide
variety of applications ranging from surveillance and tracking
to home automation and smart spaces for elderly assistance.
A major hurdle in their wide adoption is the limited lifetime
of their energy source, which can not be replaced easily
due to their location and often infeasibility to access the
sensor nodes. The need for miniaturized size of sensor nodes
does not allow to use larger batteries, which is essential to
ensure long lifetime and high transmission rate. In addition,
the slow progress of the battery technology (in contrast to
computing as well as communication technologies), leads to
the conclusion that a solely battery driven node architecture is
not a promising solution at least in near future [1]. Moreover,
frequent replacement of the batteries may not be a viable
option under many circumstances. A promising solution to
deal with energy supply problem is to employ sensor nodes
with energy harvesting capability [2][3], which can be based
on solar, wind, vibration, pressure to name a few. In this
paper we have selected solar powered sensor node architecture,
as solar cells are one of the most viable options for energy
harvesting purpose. However, improving the performance of
energy harvesting based sensor nodes, demands amelioration
both at communication protocols level as well as energy
harvesting techniques.

A systematic approach to build micro-solar powered nodes
for wireless sensor networks is outlined in [4]. In [5], a

methodology to perform the analysis and design of energy
harvesting nodes is proposed. The methodology in [5] is based
on the goal to increase the system availability, in contrast to the
objective of system lifetime maximization in case of battery
powered nodes. In addition, the existing modeling approaches
used in case of battery powered nodes are not suitable for
energy harvesting nodes since they do not account for the
uncertainty of the energy source. The related works in [6], [7]
consider the sleep and wakeup strategies for energy harvesting
based sensor node architectures. A Markov chain model to
account for the weather condition, solar radiation pattern and
channel state, is constructed in [6]. In particular, the solution
proposed in [6] uses a finite state Markov chain model for
solar energy harvesting based node architecture and proposes
policy parameter optimization for sleep-wakeup strategies by
employing game theoretic formulation. In another related
work, energy level of the solar powered node is modeled as
a stochastic process in [8] and non-cooperative interactions
among a large set of mobile nodes are studied. Stable strate-
gies are developed to characterize the stochastic evolutionary
game arising from nodal interactions. The game theory based
approaches mentioned above may provide optimal strategies,
but do not consider any performance demands required by the
application. In another related work in [9], the authors provide
a data transmission control mechanism using Markov decision
process (MDP) approach, but the proposed solution falls short
in outlining a battery charging model for energy harvesting
based node architecture.

In this paper, a solar powered sensor node architecture
is considered, where the battery charging process takes into
account the environmental conditions while the application
performance demands are incorporated in the form of data
transmission constraints. To achieve an efficient tradeoff be-
tween energy efficiency and data transmission rate, an op-
timal strategy needs to be developed. We propose Markov
decision process based solution approach, which provides an
optimal policy that satisfies the minimum data transmission
rate constraint for different battery states. The strategy aims
to maximize the ability of the sensor node to detect and
transmit an event of interest, while aiming to preserve the
battery energy level. It exploits the current battery state and
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Fig. 1. The state transition diagram for k battery charging states and three radiation patterns.

the resulting transmission rate for a given state. The rest of
this paper is organized as follows.

In Section II, we outline the system as well as node models.
A framework to achieve energy efficiency and performance
tradeoff optimally is proposed in Section III. The performance
evaluation results for the proposed framework are provided in
Section IV and finally we conclude our findings in Section V.

II. SYSTEM ARCHITECTURE AND NODE MODEL

We have considered a sensor network, where nodes are
powered with a rechargeable battery and a solar cell is used
for battery recharging. A solar cell is used to drive the node
as well as charge the battery during day time while a sensor
operates on battery during the night. To model the battery
charging and discharging process, we have employed a Markov
energy generation profile similar to the one used in [6]. The
solar powered node operates in event driven mode, where
data transmission decision is based on the current state of
the battery as well as on the weather conditions. In case of
an event, the sensor data is processed to extract information.
Transmitting information rather raw sensor data will result
in significant communication overhead reduction, but at the
expense of small computational overhead [10].

The battery charge level is modeled using multiple states
and the current battery state not only depends on the trans-
mission rate and duration of operation but also on the time of
the day parameter (e.g. sunny, cloudy, night), which accounts
for current solar radiation state. The decision of transmission
is a function of the current state of the battery as well as
the solar radiation state, which in the event of transmission
can lead to a battery state transition. To account for both the
battery state and the radiation state we have modeled the node
operation by using a two dimensional (2D) embedded Markov

chain associated with the MDP along with the control actions
and is shown in Fig. 1 [11]. Let ’s’ denotes the set of all
different states of the embedded Markov chain and is given
by

s = {sb,m| b ∈ {1, 2, · · · , N},m ∈ {d, c, n}} (1)

where sb,d, sb,c and sb,n, respectively, represent the node state
at day (d) when sunny, cloudy (c) and night (n) times, while
the battery state is b. The battery state b = 1 represents
the fully charged state while b = N being the completely
discharged state. Fig. 1 also shows the state transition proba-
bilities along with associated actions, which will be explained
in Section III. It should be noted that the state c also accounts
for the sun rise and sun set times. In the formulation of model
following assumptions have been considered:
• Event arrivals for all packets at an arbitrary sensor node

follow Poisson distribution with parameter λ also termed
as mean arrival rate.

• The time, a sensor node is in each battery state, is
independent-identically distributed for all states.

The above mentioned assumptions are not too restrictive and
in the presence of actions associated with data transmission,
allow us to model and solve the problem of optimal perfor-
mance tradeoff as a Markov decision processes.

III. DATA TRANSMISSION AND BATTERY CHARGING
TRADEOFF FRAMEWORK

We first outline details of different building blocks, which
are combined to form MDP framework. The proposed MDP
based solution achieves an optimal tradeoff between battery
charging/discharging pattern and the data transmission perfor-
mance.
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TABLE I
STATE TRANSITION PROBABILITIES.

qsh,msj,l (1) =

{
p′sh,msj,l

h ∈ {1, 2, . . . , k − 1}, j = h+ 1 m ∈ {d, c, n}, l = m

1− p′sh,msj,l
h ∈ {1, 2, . . . , k − 1}, j = h+ 1 m ∈ {d, c, n}, l = m

qsh,msj,l (0) =



psh,msj,l h ∈ {1, 2, . . . , k}, j = h m ∈ {d, c, n}, l = m

psh,msj,l h ∈ {1, 2, . . . , k}, j = h (m, l) ∈ {(d, c), (c, n)}
1− psh,msj,l h ∈ {1, 2, . . . , k}, j = h m = n, l = n

psh,msj,l h ∈ {1, 2, . . . , k}, j = h m = c, l = d,

1− psh,msj,m − psh,msj,l h ∈ {2, 3, . . . , k}, j = h, m = d, l = c

1− psh,msh,m − psh,msh,l − psh,msh,r h ∈ {2, 3, . . . , k}, j = h, m = c, l = d, r = n

A. Action Space

For every event arrival at the sensor node, a decision
whether to transmit data or to continue in sleep mode, is
made based on current state of battery as well as the current
charging conditions. Let A is the set of all possible control
actions in any state and A(sb,m), A(sb,m) ⊆ A, denotes the
subset of control actions which are possible in state sb,m. A
control action a in state sb,m related to data transmission is
of binary type and takes values of 0 and 1 corresponding to
no transmission and actual data transmission respectively.

B. State Dynamics, Cost Function and Policy

The system state dynamics are characterized by using
state transition probabilities, psh,m,sj,l of the Markov decision
processes when action a is chosen. Whenever an appropriate
action a ∈ {0, 1} is chosen it will result in an immediate
cost and a possible transition from current state sh,m to
new state sj,l. Depending on the battery charging level the
current state of a node may not change for either value of
the action a. This is denoted by two different self loops,
one for a = 0 and second for a = 1 in the state transition
diagram shown in Fig. 1. State transition probabilities, for the
two possible actions, are defined separately in Table I. For
action a = 1, state transition probability from battery state i to
i+1 (representing battery discharging) is denoted by p′sh,msj,l

,
while 1 − p′sh,msj,l

is the corresponding self-loop. The state
transition probabilities corresponding to action a = 0, account
for both battery charging phenomenon as well as transitions
due to the change in solar radiation state and are denoted by
qsh,msj,l(0). For qsh,msj,l(0), first row on the right hand side
corresponds to the self loop, the second row accounts for the
transitions due to the change in the solar radiation state from
d to c and from c to n, while the third row represents the
probabilities corresponding to state transitions from n to c.
The other entries for qsh,msj,l(0) are also defined in a similar
way and correspond to one of the state transitions shown in
Fig. 1.

For every state sh,m ∈ s, an action a ∈ A(sh,m) is chosen
based on policy ush,m

∈ U , where U is set of all admissible
policies and is given by

U =
{
u : S → A|ush,m

∈ A(sh,m),∀sh,m ∈ s
}
. (2)

The proposed Markov framework chooses a sequence of states
for the purpose of battery charging and data transmission
to provide optimal performance. For each transition from
state sh,m to sj,l, when action a is chosen, results a cost
Csh,msj,l(a) till next action has been taken. The mean expected
cost in state sh,m is obtained as

C̄sh,m
(a) =

∑
sj,l

psh,msj,lCsh,msj,l(a). (3)

In addition to the cost C̄sh,m
(a), a reward is accounted by

R̄sh,m
(a), earned for each state action pair as a result of

communication and is considered to be the product of the
information transmission rate and distance between transmitter
and receiver. On the other hand reward for battery charging
is modeled as the product of rate of charging and the idle
time with no transmission. Now the objective is to search an
optimal policy u∗ ∈ U , which minimizes the weighted cost
and reward for any arbitrary initial state.

C. Problem Formulation and Constraints

An optimum policy that achieves the tradeoff between node
performance and energy efficiency, is obtained by solving the
linear programming formulation using MDP, which is defined
as:

minimize
∑

a∈A(sh,m∈s)

{C̄sh,m
(a) + βkR̄sh,m

(a)}xsh,m
(a)

subject to∑
a∈A(sj,l)

xsh,m
(a)−

∑
a∈A(sh,m∈s)

qsh,msj,l(a)xsh,m
(a) = 0

sj,l ∈ s,∑
sh,m∈s

∑
a∈A(sh,m)

xsh,m
(a) = 1, 0 ≤ xsh,m

(a). (4)

In (4), xsh,m
(a) are the decision variables and are defined

as long run fraction of time for which the node is in state
sh,m when action a is taken. The first constraint in (4) is
the balance equation ensuring that long-run average number
of transitions out of state sj,l is equal to long run average
number of transitions into state sj,l. The second constraint
ensures that the decision variables are non-negative and their
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TABLE II
COST AND REWARD FOR DATA TRANSMISSION INTERFACE.

Communication UC864-E
Energy cost 980 mJ
Reward (Mbps-m) 1344

TABLE III
REWARD MODEL USED FOR BATTERY CHARGING.

Radiation state Associated reward
Day 1500 mJ
Cloud/Low-light 1200 mJ
Night 600 mJ

sum is unity. The choice of linear programming formulation
to solve MDP allows us to introduce performance constraints.

The relative values of transmission costs and battery charg-
ing rewards earned can result in a trivial solution of not
making any transmission at all. To get around this problem,
we introduce a minimum packet transmission constraint by
requiring a certain percentage of the events in state smk

to be
communicated. The modified problem after considering the
minimum performance constraint in (4) leads to:

minimize
∑

a∈A(sh,m∈s)

{C̄sh,m
(a) + βkR̄sh,m

(a)}xsh,m
(a)

subject to Rmin ≤
∑

a∈A(sh,m)|a=1

xsh,m
(a),

and constraints in (4). (5)

In (5), Rmin is the minimum data transmission rate required.
The optimal policy is evaluated offline and is implemented us-
ing lookup table approach. Due to the performance constraints,
the optimal policy may become a randomized policy, in which
case we choose optimal action a∗ ∈ A(sh,m) probabilistically
according to:

u∗sh,m
(a) =


x∗
sh,ma∑
a
x∗
sh,ma

a ∈ A(sh,m), sh,m ∈ s′

arbitrary otherwise
. (6)

In (6), s′ = {sh,m|
∑

a x
∗
sh,ma > 0}.

IV. PERFORMANCE EVALUATION RESULTS

For performance evaluation purpose, we have considered a
battery model with four states i.e. b ∈ {1, 2, 3, 4}, with b = 1
representing battery fully charged and b = 4 being the fully
discharged state. As mentioned in Section II, three radiation
states corresponding to day, night and cloudy/low-light are
considered. The transmission cost incurred by a node in each
state is measured in terms of its energy consumption given by
(C̄sh,m

(a)). The expression for transmission reward is obtained
by multiplying data transmission rate in Mbps and distance
in meters. The cost and reward parameter values, for radio
transceiver, used for performance evaluation are provided in
Table II.

Mean event arrival rate in each state follows Poisson distri-
bution and is denoted by λ. The reward earned as a result of

TABLE IV
STATE TRANSITION PROBABILITIES

Symbol Value Battery states
p′si,dsi,d 0.4 i ∈ {1, 2, 3}
p′si,csi,c 0.2 i ∈ {1, 2, 3}
p′si,nsi,n

0.1 i ∈ {1, 2, 3}
psi,dsi,c , psi,csi,n 0.2 i ∈ {1, 2, 3, 4}
psi,csi,d 0.3 i ∈ {1, 2, 3, 4}
psi,nsi,c 0.35 i ∈ {1, 2, 3, 4}
ps1,ds1,d , 0.8
psi,dsi,d , psi,dsi−1,d 0.4 i ∈ {2, 3, 4}
ps1,cs1,c 0.5
psi,csi,c , psi,csi−1,c 0.25 i ∈ {2, 3, 4}
psi,nsi,n 0.65 i ∈ {1, 2, 3, 4}
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Fig. 2. Data transmission pattern for different battery states as a function of
data arrival rate λ for day time solar radiations.

battery charging is obtained by using an appropriate amount
of energy recovered per unit time as discussed in [12]. The
reward values used for battery charging model are provided
in Table III. The state transition probabilities representing
system dynamics are tabulated in Table IV. The values for
state transition probabilities are selected to account for the day
night cycle as well as the weather conditions. To achieve the
minimum application performance requirements, we choose
Rmin to ensure that at least 5% of events are communicated.

The performance of optimal transmission policy is analyzed
by obtaining the long term average transmission patterns for
day, low-light and night conditions. Parameter λ is varied to
observe the effect of event arrivals as well as the corresponding
minimum rate requirement for different battery charge states.
The result in Fig. 2 shows a multiplicative increase in trans-
mission rate for battery state 1, as compared to battery state
2, during the day with an increase in event arrival. It is due
to the fact that with increase in event arrival rate, policy tends
to utilize the maximum transmission during the earlier states
of the battery, as high event arrival rate results in quicker
depletion of battery leading to reduction in transmission rate.

The result in Fig. 3 shows the transmission pattern for
cloud/low-light condition. Transmission rate in battery state 1
and battery state 2 associated with day and cloud are compar-
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Fig. 3. Data transmission pattern for different battery states as a function of
data arrival rate λ for cloudy/low-light conditions.

ative, however, there is an evident difference in transmission
rate of battery state 1 for both condition. It is also observed
that cloud state tends to utilize both battery state 1 and battery
state 2 with comparative transmission. The evident difference
in transmission pattern is mainly due to comparative high
charging and transmission rate for day as compared to cloudy
conditions. The optimal MDP based policy tend to conserve
and transmit mostly in battery state 1 of day condition, thereby
increasing the long term average transitions to battery state
2 in cloud state. It is for this reason that we observe high
transmission rate in battery state 2 as compared to battery
state 1 in cloud condition.

Transmission pattern for night is illustrated in Fig. 4, which
shows a low average transmission rate for only battery state
1. The transmission rates in battery states 2 and 3 are zero
in night conditions, since the corresponding reward is too low
to make transmission viable. Finally, we have compared the
transmission patterns for three radiation states (d, c and n)
and are shown in Fig. 5. The comparative transmission reveals
again a higher utilization in cloud state for low values of event
arrival rate due to comparative charging rate as compared to
day. Also the framework do not tend to utilize the last battery
state to depletion (battery state 3) by efficiently utilizing the
charging and transmission in day and low light condition.
In night state, however, a high event arrival rate and low
corresponding rewards do not make the transmission viable.
In either case, it fulfills the minimum transmission constraint
while eradicating the risk of battery depletion.

V. CONCLUSIONS

We propose an optimal battery charging and data transmis-
sion strategy for a solar powered sensor node architecture.
The user application performance demands are incorporated by
introducing a minimum transmission rate constraint. The per-
formance improvement problem is formulated as a constrained
Markov decision process and the resulting policy achieves an
optimal tradeoff between energy efficiency and communication
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Fig. 4. Transmission pattern for different battery states as a function of data
arrival rate λ for night time radiations.
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λ.

performance, by employing a stochastic policy to select an
appropriate action in each state.

The performance evaluation results reveal that when charg-
ing reward is low, the optimal policy is to transmit only when
battery is not depleted. For the case of moderate rewards,
state occupancy tends to equally utilize first few battery states,
however, the solution tries to keep a check on the transmission
rates as event arrival rate increases. The proposed solution can
also be easily extended for node architectures with additional
states as well as other performance constraints. However, an
increase in the number of states will result in an improved
model accuracy but at the cost of higher computation and
additional complexity.
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