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Abstract—This paper presents a data-driven approach of
finding optimal scheduling policies for a solar-powered sensor
node that attempts to maximize net bit rates by adapting its
transmission to the changes of channel fading and battery
recharge. The problem is formulated as a discounted Markov
decision process (MDP) framework, whereby the energy harvest-
ing process is stochastically quantized into several representative
solar states with distinct energy arrivals and is totally driven by
historical data records at a sensor node. We evaluate the average
net bit rate of the optimal transmission scheduling policy, and
computer simulations show that the proposed policy significantly
outperforms other schemes with or without the knowledge of
short-term energy harvesting and channel fading patterns.

I. INTRODUCTION

Recently, energy harvesting has become an attractive al-

ternative to overcome energy exhaustion problems in wireless

sensor communications by scavenging ambient energy sources

to replenish the power supply [1]. Though energy supplies

from the environments enable sensor nodes to function for an

infinite lifetime, management of the harvested energy remains

a crucial issue due to the uncertainty of battery replenishment.

In fact, ambient sources occur randomly and sporadically in

nature, and this leads to various design considerations for

energy management, since overly aggressive or conservative

use of the harvested energy may either run out of the energy

in the battery or fail to utilize the excess energy.

Energy generation models play an important role in the

implementation of an energy harvesting system. In general,

they can be categorized into two classes: deterministic mod-

els and stochastic models. For deterministic models, energy

arrival instants and amounts are assumed to be known in

advance by the transmitter [2]. Recently attention has shifted

to stochastic models by accommodating energy management

to the randomness of energy renewal processes. Commonly

used models include Bernoulli process [3], Poisson process

[4], exponential process [5], and two-state Markov models

[6], etc. However, there has been little research to validate

the assumptions, along with exact physical interpretation, of

the aforementioned stochastic models. The mismatch problem

between the theoretical models and the real-world data can

severely degrade the performance of energy harvesting nodes.

Resource management has been investigated in the literature

to harmonize the energy consumption with the battery recharge

rate. With deterministic energy profiles, a utility maximization

framework was investigated in [7] to achieve smooth energy

spending. With stochastic models, the authors of [5] designed

a threshold to decide the transmission timing based on the

importance of a data message. Some works resorted to a

Markov decision process (MDP) for maximizing long-term

utilities in energy harvesting systems [8]. However, none of

these works linked the solar irradiance data, gathered by an

energy harvesting node, to the constructions of the design

frameworks and the optimal transmission policies.

In this paper, we present a data-driven stochastic scheduling

policy for point-to-point energy harvesting sensor commu-

nications. We maximize the long-term net bit rates of the

communication link by adapting transmission to the source’s

knowledge of its current battery and channel status. A data-

driven stochastic model is proposed by quantifying energy

harvesting conditions into several representative solar states,

whereby the underlying parameters enable us to capture the

dynamics of the harvested energy through real data records.

The transmission scheduling problem is then formulated as a

discounted MDP and solved by a value iteration algorithm.

Since the exact solar state is unknown to the sensor, the belief

state information is computed to decide whether to transmit

or keep silent based on the present irradiance measurement.

Finally, we compare the proposed policy with other existing

schemes by computer simulations.

II. STOCHASTIC ENERGY HARVESTING MODELS

We begin with an example to justify the rationality of

the proposed energy harvesting models. Consider a real data

record of irradiance (in units μW/cm2) for the month of June

from 2008 to 2010, measured by a solar site in Elizabeth City

State University, with the measurements taken at five-minute

intervals [9]. In Fig. 1(a), the time series of the irradiance is

sketched over twenty-four hours for June 15th, 2010, along

with the average results for the month of June in 2008 and

2010. The evolution of the diurnal irradiance follows a very

similar time-symmetric mask, whereas the short-term profiles

of different days can be very different and unpredictable. By

considering the irradiance from seven o’clock to seventeen

o’clock for June in 2008, 2009 and 2010, Fig. 1(b) shows the

histogram plotted against the irradiance on the x-axis, which

represents the percentage of the occurrences of data samples

in each bin of width 103 μW/cm2. It is seen that the irradiance
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Fig. 1. Toy examples of solar irradiance measured by a solar site in Elizabeth
City State University. (a) Time series of the daily irradiance in June. (b)
Histogram of the irradiance during a time period of seven o’clock to seventeen
o’clock for the month of June from 2008 to 2010.
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Fig. 2. Gaussian mixture hidden Markov chain of the solar power harvesting
model with the underlying parameters (μj , ρj) (NH = 4).

behaves like a mixture random variable generated by a number

of normal distributions.

The aforementioned observations motivate us to describe

the evolution of the irradiance via an NH -state solar power

harvesting hidden Markov model in Fig. 2, where the un-

derlying normal distribution for the jth state is specified by

the parameters of the mean μj and the variance ρj . The

solar irradiance can be classified into several states SH to

represent energy harvesting conditions such as ‘Excellent’,

‘Good’, ‘Fair’, ‘Poor’, etc. Let S
(t)
H be the solar state at time

instant t. We assume that the hidden Markov model is time
homogeneous and governed by the state transition probability

P
(

S
(t)
H = j

∣

∣

∣
S

(t−1)
H = i

)

= aij , for i, j = 0, . . . , NH − 1.

Let x =
{

X(1) = x1, . . . , X
(T ) = xT

}

be observed data

over a measurement period of T , corresponding to hidden

states s =
{

S
(1)
H = s1, . . . , S

(T )
H = sT

}

. The parameters

of the model are thus defined as Θ = {µ, ρ,a}, where

µ =
[

μ0, . . . , μ(NH−1)

]T
, ρ =

[

ρ0, . . . , ρ(NH−1)

]T
, and

a =
[

a00, a01, . . . , a(NH−1)(NH−1)

]T
. The probabilistic model

can be trained by an expectation-maximization (EM) algo-

rithm, which is a general method of finding the maximum-

likelihood (ML) estimate for the state parameters of underlying

distributions from incomplete observed data, as follows [10]:

Θ
(n) = arg max

Θ

Es

[

log P (x, s|Θ)|x,Θ(n−1)
]

(1)

= arg max
Θ

∑

s
log P (x, s|Θ) · P

(

x, s|Θ(n−1)
)

,

where Θ
(n) is the estimation update at the nth iteration. The

estimation can be efficiently carried out using well-known

forward and backward procedures. The reader can refer to [10]

TABLE I
TRAINING RESULTS OF THE HIDDEN MARKOV SOLAR POWER

HARVESTING MODEL.

(a) Mean, variance and steady state probability.

State (SH = i) 0 1 2 3

μi (104 μW/cm2) 1.75 4.21 7.02 9.38

ρi 0.65 1.04 2.34 0.54

P (SH = i) 0.16 0.36 0.21 0.27

(b) State transition probability.

aij j = 0 j = 1 j = 2 j = 3
i = 0 0.979 0.015 0.006 0
i = 1 0.005 0.988 0.007 0
i = 2 0.006 0.009 0.975 0.010
i = 3 0 0 0.007 0.993

for details. The training results with respect to the example

above are shown in Table I and Fig. 1(b), where the irradiance

measurements are performed from seven o’clock to seventeen

o’clock. We can observe that the histograms of the training

results and the measurement data in Fig. 1(b) behave quite

similarly. Also in Table I, the transition probabilities from the

current solar state to the other adjacent states are very small.

The transmission strategy is usually designed on the basis of

the required numbers of energy quanta during a management

period TL. Here, we map the solar power harvesting model

into a discrete energy harvesting model. Let PU be the basic

transmission power level of sensor nodes, corresponding to

one unit of the energy quantum EU = PUTL during the

management period. In addition, for the harvested solar power

PH , the obtained energy over TL is given by EH = PHTL.

The numbers of harvested energy quanta, Q, at t = nTL are

given as

E
(n)
C = E

(n−1)
R + EH ; (2)

E
(n)
R = E

(n)
C − QEU , Q =

⌊

E
(n)
C /EU

⌋

, (3)

where E
(n)
C and E

(n)
R are the accumulated and the residual

energy in the capacitor at t = nTL, and ⌊·⌋ is the floor func-
tion. By assuming that the harvested power level is quasi-static

over many power management runs, it can be analyzed that if

qEU ≤ EH ≤ (q + 1)EU for some q, then the probability of
the number of energy quanta, Q, can be computed as

P (Q = i) =

⎧

⎨

⎩

EH−qEU

EU
, i = q + 1 ;

1 − EH−qEU

EU
, i = q ;

0, otherwise .

(4)

When a sensor node is operated at the jth solar state with the

normal distribution N (x;μj , ρj), the obtained energy EH is

again a normally distributed random variable, which is equal

to the solar power per unit area x multiplied by the solar

panel area ΩS , the time duration TL and the energy conversion

efficiency ϑ, i.e., EH = xΩSTLϑ. The conversion efficiency of
an energy harvesting device typically ranges between 15% and

20% [1]. Thus, the mean and variance of EH are respectively

given as μ̄j = μjΩSTLϑ and ρ̄j = ρjΩ
2
ST 2

Lϑ2, and the

probability of the number of energy quanta is calculated by
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using (4), as follows (The detailed derivation is skipped due

to the limited space.):

P (Q = i|SH = j) (5)

=

⎧

⎪

⎨

⎪

⎩

∫ (i+1)EU

iEU

(i+1)EU−EH

EU
N (EH ; μ̄j , ρ̄j) dEH , i = 0 ;

∫ (i+1)EU

iEU

(i+1)EU−EH

EU
N (EH ; μ̄j , ρ̄j) dEH

+
∫ iEU

(i−1)EU

EH−(i−1)EU

EU
N (EH ; μ̄j , ρ̄j) dEH , i �= 0 .

III. DATA-DRIVEN STOCHASTIC SCHEDULING POLICY

USING MARKOV DECISION PROCESS

Consider a point-to-point communication link with two

sensor nodes, where a source node intends to convey data

packets to its sink node. Each data packet consists of LS

data symbols at a rate of RS (symbols/sec), and the packet

duration is given by TP = LS/RS . The design framework

is solved through the MDP, which is mainly composed of the

state space, the action set, and the state transition probabilities.

It is operated on the time scale TL, covering D data packets,

i.e., TL = DTP . Let S be the composite state space of the

solar state H = {0, . . . , NH − 1}, the channel state C =
{0, . . . , NC − 1} and the battery state B = {0, . . . , NB − 1},
i.e., S = H× C ×B, where × denotes the Cartesian product.

We describe each component of the MDP in the following.

Scheduling Action: When the action w ∈ {0, 1} is chosen
by the sensor node, the transmission power is set as wPU

during the management period TL. If w = 0, the node
remains silent without transmitting data packets; otherwise,

it consumes one energy quantum for data transmission.

Channel State: The wireless channel is quantized using a fi-

nite number of thresholds Γ = {0 = Γ0,Γ1, . . . ,ΓNC
= ∞},

where Γi < Γj for all i < j. The Rayleigh fading channel is
said to be in the ith channel state, if the instantaneous channel
power, γ, belongs to the interval [Γi, Γi+1). The stationary
probability and the transition probability for the finite-state

Markov channel can be determined according to [11].

Battery State: When the sensor node is run at the nth

battery state, the available energy in the battery is stored up to

n energy quanta. The state transition probability for the nth

battery state and the wth scheduling action under the jth solar

state can be constructed by exploiting (5), as follows:

Pw (SB = k| (SH , SB) = (j, n)) (6)

=

⎧

⎨

⎩

P (Q = k − n + w|SH = j) ,
k = n − w, . . . , NB − 2 ;

1 −
∑NB−2−n+w

i=0 P (Q = i|SH = j), k = NB − 1 ,

for n = 0, . . . , NB − 1 and w ∈ W � {0, min {n, 1}}.
MDP State Transition: Since the transition of the channel

and battery states are independent of each other, the transition

probability from the state (SH , SC , SB) = (j, i, n) to the state
(SH , SC , SB) = (j′, i′, n′) with respect to the action W = w
can be formulated as

Pw ( (SH , SC , SB) = (j′, i′, n′)| (SH , SC , SB) = (j, i, n))

= P (SH = j′|SH = j) P (SC = i′|SC = i)

· Pw (SB = n′| (SH , SB) = (j, n)) , (7)

where the transition probability of the solar states can be

directly obtained from the training results in (1).

Reward Function: We adopt the average net bit rate as our

reward function. Let Pe,b ((SC , SB) = (i, n)) be the average
bit error rate (BER) at the ith channel state and the nth battery

state when the action w = 1 is taken. By using the upper bound

of the Q-function Q (x) ≤ 1
2 exp

(

−x2

2

)

, it is computed as

Pe,b ((SC , SB) = (i, n)) =

∫ Γi+1

Γi
αQ

(√

βPU γ
N0

)

1
γ0

e

(

−
γ

γ0

)

dγ

∫ Γi+1

Γi

1
γ0

e

(

−
γ

γ0

)

dγ

≤
α

βγU+2

e

(

−
Γi
γ0

)

− e

(

−
Γi+1

γ0

) (8)

·

(

e

(

−
(βγU +2)Γi

2γ0

)

− e

(

−
(βγU +2)Γi+1

2γ0

)
)

� η (i, n) ,

where α and β are modulation specific constants for a 2χ-

ary modulation scheme, N0 is the noise power, and γU =
PUγ0/N0 is the average signal-to-noise power ratio (SNR)

with respect to the basic transmission power level. Hence, the

probability of successful packet transmission (i.e., all χLS bits

in a packet are successfully detected) is expressed as

Pf,k ((SC , SB) = (i, n)) = (1 − Pe,b (i, n))
χLS . (9)

The retransmission mechanism is employed if the sensor

fails to decode the received data packet. Let Z be the total

number of retransmissions required to successfully convey a

data packet. The number of effective data packets during each

management period is in average given as [12]

DE =
D

E [Z]
=

TL

E [Z] TP

=
TLPf,k (i, n)

TP

. (10)

From (8)-(10), the net bit rate is lower bounded by

Gw ((SC , SB) = (i, n)) =
1

TL

DEχLS (11)

≥
1

TP

χLS (1 − η (i, n))
χLS .

The reward function can therefore be defined as

Rw ((SC , SB) = (i, n)) (12)

=

{

0, w = 0 ;
1

TP
χLS (1 − η (i, n))

χLS , otherwise .

IV. OPTIMIZATION OF SCHEDULING POLICIES

The main goal of the MDP is to find a decision policy

π(s) : S → W that specifies the optimal action in the

state s and maximizes the objective function. The expected
discounted infinite-horizon reward is formulated by using (12):

Vπ (s0) = Eπ

[

∞
∑

k=0

λkRπ(sk) (sk)

]

, sk ∈ S, π (sk) ∈ W ,

(13)

where Vπ (s0) is the expected reward starting from the initial
state s0 and continuing with the policy π from then on, and
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0 ≤ λ ≤ 1 is a discount factor. It is known that the optimal
value of the expected reward is unrelated to the initial state if

the states of the Markov chain are assumed to be recurrent.

The well-known value iteration approach can be applied to

iteratively find the optimal scheduling policy:

V w
i+1 (s) = Rw (s) + λ

∑

s′∈S
Pw (s′| s) Vi (s′),

s ∈ S, w ∈ W ; (14)

Vi+1 (s) = max
w∈W

{

V w
i+1 (s)

}

, s ∈ S , (15)

where i is the iteration index, and the initial value of V0 (s)
is set as zero for all s ∈ S. The update rule is repeated
for several iterations until a stop criterion is satisfied, i.e.,

|Vi+1 (s) − Vi (s)| ≤ ε.
In practice, the channel state can be reliably known at the

transmitter via feedback channels, while the belief of the solar

state can be estimated from the observation. Let x(t) be the av-

erage value of the measured solar data during the tth manage-

ment period, and ζ
(t−1)
j = P

(

S
(t−1)
H = j

∣

∣

∣
x(1), . . . , x(t−1)

)

be the belief of the jth solar state according to the historical

observation up to the (t − 1)th management period. With the

solar power harvesting model, the belief information at the tth

period can be updated via Bayes’ rule as follows:

ζ
(t)
j =

∑NH−1
i=0 ζ

(t−1)
i aijfj

(

x(t)
)

∑NH−1
j′=0

∑NH−1
i′=0 ζ

(t−1)
i′ ai′j′fj′

(

x(t)
)

, (16)

where fj (x) � N (x;μj , ρj) is the normal distribution func-

tion. The final task is to apply the belief information ζ
(t)
j for

deciding the scheduling action at each management period.

Assuming that the current channel and battery states are known

at each period, the action corresponding to the jth solar state

is chosen with probability proportional to ζ
(t)
j .

V. SIMULATION RESULTS

We evaluate the performance of the proposed data-driven

scheduling policy by computer simulations, and set NH = 4,
NB = 12, and NC = 6. The data record of the irradiance
collected by the solar site in Elizabeth City State University in

June from 2008 to 2012 is adopted throughout the simulation

[9]. A four-state solar power harvesting model is trained

using the data in 2008, 2009 and 2010, where the underlying

parameters are given in Table I. The irradiance data of the

subsequent two years, 2011 and 2012, are then applied for

performance evaluation. The stopping criterion ε is selected
as 10−6. Other simulation parameters are listed in Table

II. A normalized SNR γC is defined with respect to the

transmission power of 103 μW. A myopic policy is included
for performance comparisons, and it attempts to transmit data

packets at the basic transmission power level as long as the

energy storage is non-empty. We also compare the proposed

scheme with a deterministic scheme in [7], called t-time fair
rate assignment (t-TFR), which requires perfect knowledge
of the channel fading and energy harvesting patterns over a

short-term period t for transmission scheduling.

TABLE II
SIMULATION PARAMETERS

Symbol rate (RS ) 100 kHz

Packet size (LS ) 103 symbols

Modulation type (α, β)
QPSK: (1, 2)

16QAM: ( 3
4
, 3

15
)

Policy management duration (TL) 300 sec

Basic action power (PU ) 40 × 103 μW

Solar panel area (ΩS ) 1 cm2

Energy conversion efficiency (ϑ) 20%

Channel quantization levels (Γ) {0, 0.3, 0.6, 1.0, 2.0, 3.0,∞}

Channel Model Jakes’ model

Normalized Doppler frequency (fD) 0.05

Discount factor (λ) 0.99
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Fig. 3. Average net bit rates of the proposed and benchmark policies.

The average net bit rates of the proposed and benchmark

scheduling policies are shown in Fig. 3. It is seen that the

maximum net bit rates provided by our proposed policy are

approximately given by 60×103 bits/sec and 120×103 bits/sec

for QPSK and 16QAM, respectively. With a fixed modulation

scheme, the proposed policy offers significant performance

gains over the myopic policy by taking advantage of channel

diversity gains. A closer look at this figure reveals that the

performance gap between these two policies becomes wider

as the modulation level increases. When compared with the

Two Hour-TFR scheme, the proposed policy can still achieve

better performance, no matter which modulation type is used.

VI. CONCLUSIONS

In this paper, we have studied the problem of maximiz-

ing long-term net bit rates in sensor communications that

solely rely on solar energy for data transmission. Based on

a developed node-specific energy harvesting model, a data-

driven MDP framework was formulated to obtain the optimal

transmission scheduling policy in response to the dynamics

of channel fading and battery storage. The proposed data-

driven approach was rigorously justified by the real data

of solar irradiance. The proposed optimal scheduling policy

was shown to achieve significant gains over other radical

approaches, while it did not require non-causal knowledge of

energy harvesting and channel fading patterns.
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