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Abstract—Islanded nanogrids (NGs) are autonomous systems
consisting of small-scale generation units including renewable
energy sources and traditional fuel generators and energy storage
systems (ESS) that typically serve few buildings or loads. This
work aims at developing and validating a new optimal energy
management (EM) algorithm for an islanded NG. To minimize
the generator’s operating cost and maximize battery availability
at each operating cycle, dynamic programming (DP) framework
is employed to solve the underlying optimization problem. The
goal of the proposed approach is to ensure the use of maximum
available solar power and to achieve optimal battery state of
charge (SOC). To meet that goal, the management of the ESS
is formulated as a stochastic optimal control problem, where
nonlinearities in the battery discharging process are considered.
A Markov model is constructed for predicting the probability
distribution of the solar production used in the stochastic DP
formulation. Simulation results are given to illustrate the efficacy
of the proposed DP-based approach compared to a rule-based
algorithm. Finally, a hardware-in-the-loop system is used to
evaluate the real-time operation of the proposed EM algorithm.

Index Terms—Stochastic optimization; Dynamic program-
ming; Time-variant Markov model; Nanogrids.

I. INTRODUCTION

There are several benefits in terms of financial, environmen-
tal and security aspects that motivate the installation of re-
newable energy sources (RESs). Distributed energy resources
(DERs) and energy storage systems (ESSs), at the level of
end users, cannot only shift peak demand and flatten the
consumption pattern but also empower the customers with a
level of utility independence [1]. The ecosystem of distributed
generation is generally divided into two main types, micro-
grids (MGs) and nanogrids (NGs) [2]. MGs, which constitute
various types of large scale DERs and ESS units connected
to the mains, can supply power to load demands generally
in the order of megawatts. NGs are normally composed of a
single type of RES, an ESS and a fuel/gas generator, with or
without the capability of connecting to the utility. Residential
NGs are typically designed to serve a single building and are
suitable for grid-tied and off-grid operation where maximum
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power levels are not greater than 10 kW. In case of a grid
service interruption, the grid-tied inverter stops the power
generation and the RES, ESS and/or the fuel generator form
an autonomous NG.

Due to the introduction of NGs, smart buildings are ex-
pected to be more self-sustaining with respect to their energy
needs [3]. The NG’s energy management system (EMS) is
responsible for maintaining the balance between the power
generated and demands during the islanded periods of opera-
tion, avoiding the complete discharge of the ESS by charging
them with available RES and/or fuel generator energy [4], [5].
EMS optimization in NGs and MGs has particularly gained
interest due to the stochastic behavior of RES and loads,
especially in residential systems.

Dynamic programming (DP)-based methods have been re-
cently employed in [6], in which authors used a Monte Carlo
simulation method to cope with uncertainties of the RES
generation, electricity pricing and load demand for a grid-
tied MG. In [7], authors developed an adaptive dynamic
programming (ADP) algorithm to solve the optimal battery
energy management and control problem in smart residential
NGs; however, stochasticity was not considered in the latter
work. Comparisons between DP and a rule-based scheduling
algorithm for photovoltaic (PV)/generator/batteries nanogrids
were presented in [8], [9]. In [9], a deterministic approach
was considered, while in [8] a semi-Markov model was used
to forecast the PV generation. References [8], [9] both assume
a linear process model in the DP problem formulation. A
multi-stage stochastic programming structure was proposed in
[10], where uncertainties in supply, demand and pricing were
considered for a grid-tied MG. Stochasticity in the DERs has
been studied in [11] by employing ensemble weather forecasts
and a robust linear program for optimizing a generator’s fuel
cost; this structure, however, only considered uncertainty in
the data obtained by the forecast models. Markov chains for
modeling uncertainty in the RES generation have been used
in [12], where a Stochastic Dynamic Programming (SDP)
algorithm was proposed to optimize the cost of the electric
grid energy consumption in wind powered NGs with ESS. In
[12], a linear optimization problem was considered and only
simulation results were provided.

SDP has also been used for the energy management of res-
idential nanogrids with electric vehicles (EVs), where several
authors have focused on proposing solutions to the underly-
ing optimization problem by considering stochasticity in the
behavior of the EV, i.e., mobility patterns and home loads.
In [13], stochastic models of plug-in and plug-out behavior,
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energy required for transportation, and electricity pricing were
used to minimize electric energy charging costs. A more recent
study in [14] proposed an SDP-based method for a smart
home, where a stochastic model was used for the load demand
and for the arrival and departure time of the pluggable electric
vehicles (PEVs). A Markov chain was used in [14] to model
the PEV plug-state. None of the aforementioned references
considered the use of renewable sources (and of course
stochasticity in the renewable energy generation). Authors in
[15] use an SDP-based optimization method in a residential
photovoltaic application, where the stochasticity is only related
to the EV trip time. The authors further proposed the use of
Neural Networks (NN) to provide a day-ahead forecast for
the PV generation. In our case, a simplified stochastic model
based on Markov chains is employed in the proposed SDP-
based energy management system.

This paper examines the scheduling of an autonomous
hybrid (PV and fuel generation) NG. The goal is to supply
the demand through optimal scheduling of the NG’s available
local resources. A stochastic dynamic programming (SDP)
optimization problem over a rolling horizon is formulated
for real-time control of the battery state of charge (SOC).
This paper is based on an early publication in [16]. The
contributions of this paper are: (1) developing a simplified
time-variant Markov model for the photovoltaic (PV) power
generation; (2) proposing a SDP optimization framework for
energy management of a hybrid NG in a rolling time horizon,
using the Markov model of PV generation; (3) defining a
new multi-objective optimization problem to achieve the least
cost operation, where the problem is formulated to minimize
the generation cost and maximize the availability of energy
stored in the battery at the beginning of next operating
cycle; (4) formulate a nonlinear optimization problem, where
nonlinearities in the discharging process of the batteries are
considered; (5) conducting a comparative study between the
proposed SDP framework and a rule-based method.

II. NANOGRID MODELING AND CONTROL

A. System Description
The residential NG used in this work is illustrated in Fig.

1. The ESS is an integrated solution of a bidirectional inverter
and a set of battery modules. The PV system is composed
of an arrangement of PV panels and a solar inverter that
always operate at maximum power point tracking (MPPT).
The fuel-based generator is a typical gas or liquid propane.
The EMS inside of the ESS receives information about the
PV production and load demand using external power meters.
The goal for the EMS is to minimize the generator’s fuel
consumption. Red arrows indicate the power flow in the
system. Models for each component are described as follows.

1) PV Energy Generation Model: The PV output is con-
nected to a dc/ac converter that only operates when an ac
voltage is present at its output. The energy produced by a
grid-tied PV system, EPV , can be estimated by

EPV [k] = (ηpvηinv)(APV I0[k]), (1)

where k is the discrete time index, and the time horizon is
divided into N equal intervals. Also, ηpv is the PV module

Fig. 1: Configuration of the nanogrid considered in this work.

efficiency, I0 is the solar irradiance measured in Watts per
square meter (W/m2), APV is the effective area, and ηinv is
the inverter efficiency, which is around 97%.

2) ESS Model: Energy storage systems in residential ac
coupled NGs are usually composed of a set of batteries and a
bidirectional converter. The energy capacity and density of the
system depend on the cells technology. The efficiency in the
energy conversion process is generally between 95% and 97%
during charging and discharging, respectively. The equations
of battery SOC and the energy stored in the battery EB can be
used interchangeably to describe the charging and discharging
behavior and the current and future state of ESS operation by
the following nonlinear equation

SOC[k] =
1

CB

N∑
k=1

(IB [k])∆t+ SOC0, (2)

where IB is the battery current, which is positive during
charging and negative during a discharging period, CB denotes
the battery storage capacity, SOC0 denotes the initial battery
SOC. The energy stored in the battery can be defined by

EB [k + 1] = EB [k] + (PB [k])∆t, (3)

where PB [k] is the charge or discharge power assumed to be
constant over the time period between [k∆t, (k+1)∆t), which
is positive during charging and negative during a discharging
period. We note that (3) holds true while the battery is charg-
ing. However, during discharging period, the process becomes
nonlinear following Peukert’s effect. According to Peukert’s
law, the battery discharge time (Lt) can be approximated by

Lt =
Cb

ÎB
, (4)

where
ÎB = (IBdis)

φ, (5)

with IBdis being the battery current during discharge and
φ ≥ 1 an exponent which describes the exponential nonlin-
earity of the discharging process in the battery. If we select
the parameter as φ = 1, (4) turns into a linear model which
fails to represent the inherent nonlinearity at high discharge
currents. The exponential nonlinear relation reveals that higher
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discharge currents lead to an exponentially smaller effective
capacity [17]. For a real battery, the exponent φ is greater than
unity. For a lead–acid battery, φ is typically between 1.1 and
1.3, whereas for a lithium-ion battery, this constant can vary
from 1 to 1.09 [18]. The effect can be also translated into the
battery power discharge and define a nonlinear term for the
energy stored in the battery based on (3) as

EB [k + 1] = EB [k] + (P̂B [k])∆t. (6)

Let us define the battery discharge power as:

P̂B = VB ÎB , (7)

P̂B = VB(IBdis)
φ, (8)

PBdis = VBIBdis , (9)

P̂B = VB(
PBdis
VB

)φ. (10)

For a Lithium-ion battery, it can be assumed that the battery
voltage is constant inside the linear operation region. Therefore

P̂B ≈ αv(PBdis)φ, (11)

where αv is a constant that could vary from 0.5 to 0.7 for
nominal battery voltage between 50V and 400V, which is
typically acceptable for commercially available battery storage
systems. Then, the nonlinear model for the energy stored in
the battery is given by

EB [k + 1] =

{
EB [k] + αv(PB [k])

φ∆t, ∀PB < 0

EB [k] + (PB [k])∆t, ∀PB ≥ 0
(12)

Constraints imposed on the NG by ESS are given by

Emin
B ≤ EB [k] ≤ Emax

B , (13)

Emin
B ≤ EB [k + 1] ≤ Emax

B , (14)

−Pmax
B−discharge ≤ PB [k] ≤ Pmax

B−charge. (15)

Constraints (13) and (14) impose allowable SOC limits while
(15) enforces charging and discharging power limits.

3) Demand Model: Using historic energy consumption
data, behavior of the load (EL) can be forecast. The load in
residential applications is seasonal and depends on different
factors such as weather, resident standard power usage habit,
household size, number of electrical appliances and usage.
Generally, autoregressive moving average (ARMA) models
have been used to forecast the load [19]. In this work, the
load (hourly data) forecast is based on a typical household
usage in Atlanta, GA.

4) Generator Model: A gas generator with the following
quadratic cost function is considered [20]:

Ck(EG[k]) = α1E
2
G[k] + α2EG[k] + α3, (16)

where EG is the energy generated, and α1, α2 and α3 are
coefficients obtained from generator’s power curve vs. the
amount of fuel consumed. The constraint imposed on the
NG by generator is defined by the generator maximum and

minimum power limits as

Pmin
G ≤ PG[k] ≤ Pmax

G . (17)

Another constraint imposed on the NG comes from the
power balance, where the generated energy (sum of PV and
gas generator) must be equal to the consumed energy (sum of
load and the battery energy discharged). The generator energy
required for cost calculations is then

EG[k] = EL[k] + PB [k]∆t− EPV [k] ≥ 0, (18)

where PB [k] can be positive or negative, where negative power
corresponds to battery discharge.

B. NG’s General EMS Operating Rules

A classical approach to the energy management (EM) on
off-grid NGs is based on a rule-based heuristic method, in
which the PV generated power is considered to be deter-
ministic and the actual values of PV generation and SOC
are utilized to determine the control policy for charging or
discharging the batteries. The control policy determines the
relation between PB as the control input and EB as the
system state. A rule-based EM algorithm of the NG under
consideration is shown in Algorithm 1. Note that whenever
the SOC reaches a predefined minimum level (SOCmin), the
controller starts charging the battery at a fixed, predetermined
power, PBfixed

, which is generally set to a low value to
minimize the fuel consumption. This algorithm is executed
every time step after the battery charging /discharging process
occurs.

Algorithm 1 Rule-based EM algorithm

1: procedure GENERATOR OFF
2: if SOC[k] > SOCmin & SOC[k] < SOCmax then
3: PB [k] = PPV [k]− PL[k]
4: if SOC[k] ≥ SOCmax then
5: PB [k] = −PL[k]
6: PG[k]← 0
7: if SOC[k] = SOCmin then
8: goto procedure GENERATOR ON.
9: procedure GENERATOR ON

10: PB [k] = PBfixed

11: PG[k]← PL[k] + PB [k]
12: if SOC[k] = SOCmax then
13: goto procedure GENERATOR OFF.

III. NANOGRID OPTIMAL ENERGY MANAGEMENT

A. Formulation of Nonlinear Optimization Problem

To achieve an optimal EM, the generation cost (16) has to
be minimized by finding the battery charging schedule PB [k]
while satisfying power balance equation and all aforemen-
tioned operational constraints over the entire operating time
horizon T . The EM problem is formulated as a finite horizon
constrained quadratic problem. However, the computational
complexity increases exponentially with T . Also, in practice,
accurate values of inputs (e.g., load profile and PV power)
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are not available for the whole operating horizon in advance.
Therefore, the solution to the original finite time horizon
problem can be approximated with that of the corresponding
receding time horizon (RTH) optimization problem. To ensure
a continuous optimal operation, an additional optimization
objective is added to the performance index function J , which
is the terminal cost to avoid depleting battery at the end of the
optimization horizon. The battery optimal scheduling for kth

time step (for any k ∈ {0, ..., N − 1}) can be represented by

min
PB [k]

J =

kf−1∑
k=k0

Ck(EG[k]) + γ(Emax
B − EB [kf ]),

s.t. EB [k + 1] =

{
EB [k] + αv(PB [k])

φ∆t, ∀PB < 0

EB [k] + (PB [k])∆t, ∀PB ≥ 0

Emin
B ≤ EB [k] ≤ Emax

B ,

Emin
G ≤ EG[k] ≤ Emax

G ,

Pmin
B ≤ PB [k] ≤ Pmax

B ,

EG[k] ≥ 0,
(19)

where k0 is the current time step, kf = N + k0 − 1 and γ
is a weight factor. The above optimization problem is solved
at every time step with updated inputs, and the first battery
charge/discharge (control action) is implemented as the opti-
mal control policy. More details about the RTH optimization
and its applications in EMS can be found in [21] and [22]. It
is noted that the above optimization problem is nonlinear due
to the battery dynamics appeared in the constraints.

B. Stochastic Optimal Energy Management

In practice, power output shows stochasticity due to un-
predictable behavior of solar and weather variations. The PV
generated power is first modeled as a time-variant Markov
process, and then the optimal EM problem is formulated as
an RTH quadratic program and solved using SDP.

A.1: PV Power Density Forecast using Markov Models

First-step Discrete-time Markov Model: This is a prob-
abilistic model, in which the transitions from one state to
another are directed by discrete probabilities obtained from
the statistics of real historical data. The transition matrix (TM)
M = [mελ] ∈ Rn×n serves as a probability model that
describes the transitions between states on the finite state space
S = {s1, ..., sn}, and whose entries are defined as

mελ = Prob(EPVk+1
= sλ|EPVk = sε), (20)

where sε is the state of EPVk = EPV [k] at the time instant k
and sλ is the state of EPVk+1

at (k+1)th time instant. A TM
with rows m1, ..,mn meets the following properties [23]:{∑n

λ=1mελ = 1 ∀ε ∈ {1, ..., n},
mελ ≥ 0, ∀ε, λ ∈ {1, ..., n}.

(21)

The probability that after the kth transition, the state is xk =
sλ, given that the initial state is EPV0

= sε, is defined by

Prob(EPVk = sλ|EPV0
= sε) = mk

ελ, (22)

where there is a time-variant Markov model with one TM for
each time instant.

Let πεk be the probability distribution of EPVk such that

πεk = Prob(EPVk = sε). (23)

In a Markov process, an initial probability distribution
can be propagated in time. Then, the propagation of the
distribution for future time instants is given by

πk =
n∑
ε=1

(πε0

N∏
k=1

Mk), (24)

where Mk is the TM of the kth time instant state transition.

Markov Chain for Predicting Hourly Solar Radiation:
Markov properties of the solar radiation have been studied
in [24]. Here, a discrete time-variant Markov model is used
for estimating the hourly clear index and generating the daily
shape of solar radiation on a monthly basis. The proposed
Markov model is a simplified version of that in [25]. We
leverage the nature of solar radiation (i.e., an average rising
behavior in the morning, an average falling behavior in the
afternoon, and a smooth behavior around noon) to extract
a time-variant TM for estimating the radiation in transition
between states for a 24-hour time horizon (N = 24). The
simplified Markov model proposed here obtains the daily
probability distribution of the radiation by dividing the day
into four different time zones, one for the sun rising (zone
T1), one for the mid day (zone T2), one for the sun falling
(zone T3), and finally one for the absence of sun (zone T0).
This is depicted in Fig. 2. For zone T0, the TM MT0

= 0n,n is
used. Due to a zero or a very low level of solar energy for this
zone, a null power generation is assumed. The zones T1, T2
and T3 are respectively denoted by the TMs MT1 , MT2 and
MT3 . The TM of each zone is determined separately using
the historical data related to that part of the day assumed to
be independent of the TMs of other zones. This results in
radiation transitions that may not infringe the statistics of other
transition frequencies.

Fig. 2: Four zones of operation considered in obtaining the
probability distribution of daily solar radiation.

In order to obtain the TM for the solar energy generation,
the generated energy (Wh/m2) is discretized in n states each
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representing a region of occurrence, i.e.,

s1 : 0 ≤ EPV [k] ≤
Emax
PV

n
,

...

sn :
(n− 1)× Emax

PV

n
< EPV [k] ≤ Emax

PV ,

(25)

where Emax
PV is the maximum hourly radiation level, and the

number of states, n, is determined based on Emax
PV .

From a set of historical hourly solar radiation data in one
month, the frequency of transitions from state ε to λ, fε,λ,
is found. Subsequently, the frequencies are converted into
probabilities

mελ =
fε,λ
Nfε,λ

, (26)

where Nfε,λ is the total transitions. At each time zone Tl,
where l ∈ {0, 1, 2, 3}, the same procedure is employed to
determine TM.

A.2: Optimal Energy Management using SDP

In this section, the proposed time-variant Markov model for
PV prediction is employed in NG’s EM problem formulated as
a stochastic time-varying optimal control problem. Using the
proposed stochastic EM approach, expected cost of NG oper-
ation is minimized over the operating horizon. The stationary
TMs are described as before.

Using the Markov model of the PV generation, considering
the battery energy and PV generation as the system states,
i.e., xk = [x1, x2]

T = [EB , EPV ]
T , and by assuming uk =

[u1] = [PB ] as the input vector and dk = [d1] = [EL] as the
load vector, the NG state-space model becomes:

xk+1 =



[
x1[k + 1]

x2[k + 1]

]
=

[
x1[k] + (u1[k])

φ∆t

hk(x2[k], wk)

]
, ∀u1[k] < 0

[
x1[k + 1]

x2[k + 1]

]
=

[
x1[k] + (u1[k])∆t

hk(x2[k], wk)

]
, ∀u1[k] ≥ 0

(27)
where wk is a random variable with independent samples and
hk is the probability density that satisfies

Prob{hk(si, wk = sj)} = mk
ij . (28)

To minimize the NG operational cost, sum of the gas gener-
ator cost over the optimization horizon should be minimized;
therefore, we consider the generation cost at time step k as
the stage cost gk defined by

gk = Ck
(
− x2[k] + d1[k] + u1[k]∆t

)
. (29)

Furthermore, the terminal cost gN is considered as

gN = ω1(E
max
B − x1[N ]), (30)

where ω1 is a weight on terminal cost. The terminal cost
enforces battery to stay sufficiently charged. With the stage
cost gk as the fuel generator cost, the expected performance
index function Js becomes Js = E

(∑N−1
k=0 gk+gN

)
, in which

E(·) denotes the expected value of the associated random

process. To minimize the NG operational cost, the expected
performance index function has to be minimized over the
control input u2 subject to state-space equations (27) and
physical constraints represented by (19). By applying Bellman
operator, the stochastic optimization problem is divided into a
recursive single step optimization

µ∗k(xk) = argmin
u1k

(Egf )

Egf = E
(
gk

)
+E

(
V ∗k+1(xk+1)

) (31a)

V ∗k (xk) = E
(
gk

)
+E

(
V ∗k+1(xk+1)

)
. (31b)

The above problems need be solved backward in time.
By solving the above time-varying SDP, the battery
charge/discharge policy is calculated and the first step control
input is implemented. Summary of the SDP algorithm is shown
in Algorithm 2.

Algorithm 2 Stochastic DP algorithm

1: procedure FUNCTION ASSIGNMENT
2: gk ← Ck(EG[k])
3: gN ← ω1(E

max
B − EBN )

4: V ∗N := gN
5: uk = [PB ]
6: xk = [x1, x2]

T = [EB , EPV ]
T

7: procedure MINIMIZATION
8: for k = N − 1 : 0 do
9: Solve (31a) for µ∗k(xk)

10: Update V ∗k (xk) using (31b)
11: u20 ← µ∗0

A.3: Real-Time SDP Implementation

The practical implementation and programming of the opti-
mization algorithm based on SDP is presented in the flowchart
diagram depicted in Fig. 3. Before proceeding with the de-
scription of the flowchart, it is worth mentioning that the SDP
algorithm needs to have information about the discrete state
values and the control input as defined in Algorithm 2. The
following definitions are made and corresponding information
is fed into the algorithm initially:

x1(·) ∈ Rn1 , x2(·) ∈ Rn, d1(·) ∈ RN , u1(·) ∈ Rn2 .

gN(·) : dim[gN(·)] = n1 × n

Mkt(·) : dim[Mkt(·)] = n× n

The algorithm is initialized at every control decision step
(k). The time horizon (N ) is assigned to a variable k which
is going to keep track of the rolling horizon iteration. For the
first iteration, a matrix Jtogo is filled with the coefficients
corresponding to the final cost that is desired to be achieved
from each one of the initial states. Depending on the current
time step in the optimization rolling horizon (k), the transition
matrix is copied into a variable P, following the procedure
described in section A.1. Three nested loops are used to
calculate the cost to go matrix for the current time horizon
step (k). A temporary cost vector Jo ∈ Rn2 is calculated
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using (31b). Here the value of the next state for x1(k + 1) is
calculated according to (3). This value is then used to obtain
the index (idx), which is the argument of the vector x1 for
the calculated value. f is a temporary variable used in the
expected value calculation. After all of the discrete values
for the input are considered, the minimum cost is stored in
the corresponding coefficient for the cost to go matrix and an
additional matrix U∗ is used to store the argument or index for
which this minimum is achieved. The iterations are completed
for all the possible states, and the cost to go matrix is used for
the following kth iteration. The beginning of the time horizon
is reached, and the current states are checked by assigning
their arguments to the variables idx1 and idx2, which are the
indexes to determine optimum value for the input from matrix
U∗.

start

k ← N

k = N ? Jtogo ← gN

P ← Mt

i ← 0

j ← 0

l ← 0

x1k+1
← x1(i) − u(l) × ∆t

J0(l) ←
n∑
f=0

P(j, f) × (stageCost + Jtogo(idx, f))

l ← l + 1

l = n2?

Jtogo(i, j) ← min(J0)

U∗(i, j) ← argmin(J0)

j ← j + 1

j = n?

i ← i + 1

i = n1?

k ← k − 1

k = 0?

uopt ← U∗(idx1, idx2)

End

iterate

iterate

iterate

iterate

no

no

no

no

Fig. 3: Flowchart diagram of the SDP algorithm

As an illustrative example, consider the diagram with only
few states shown in Fig. 4. An example of the transition
probability for the dynamic programming algorithm when

n1 = 3 and n = 3 is shown. Notice that the two states x1
and x2 form a 3 × 3 matrix with all the states options on
the time step k. The transition between states would have as
many options as admissible inputs are allowed by the transition
probability matrix; however, the total case of transitions could
vary depending on the system behavior. For this example, all
the transitions are possible which give 9 per state, in total
would be as many as 81 possible transitions (not drawn in
Fig. 4). In the figure, the 9 cases of transitions for the state
[x1(i = 2), x2(j = 2)] are defined by the arrows, and two
of them are specified. If the system is in the state [x1(i =
2), x2(j = 2)], then PV probability distribution is defined as
Prob(s22 → s02) = m22→02 which indicates the probability
that the system will be in the state [x1(i = 2), x2(j = 0)] at
the next discrete time k + 1 moment.

Fig. 4: An illustrative example for n1 = 3 and n = 3 at l = 0.
Transition probability diagram for different values of the PV is shown
here.

IV. SIMULATION AND HIL TEST RESULTS

For the purpose of verification and comparison of the
proposed optimal EM algorithm, simulation and real-time
hardware-in-the-loop (HIL) tests are performed in MAT-
LAB/Simulink environment and OPAL RT, respectively. The
main parameters of the NG (as shown in Fig. 1) are given
in Table I. The parameters are chosen based on an available
commercial prototype for residential applications. Simulations

TABLE I: Nanogrid parameters

Parameter Value Parameter Value
EmaxB 6kWh ω1 7× 108

EminB 300Wh Imax0 1.018kWh
m2

PmaxB−charge 4kW ηpv 0.19

PmaxB−discharge 3.5kW ηinv 0.98

PmaxG 8kW APV 18m2

PminG 0kW T 24 hours
PmaxPV 5kW ∆t 1 hour
α1 1.2898× 10−9 N 24
α2 1.3609× 10−4 n 22
α3 0.9117× 10−16 φ 1.09
n1 120 n2 115
αv 0.6 Gprice 0.5USD

thm

of the NG energy management start from the same initial



0093-9994 (c) 2020 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TIA.2020.2980731, IEEE
Transactions on Industry Applications

condition, i.e., EB(0) = Emax
B . In addition, the daily PV

generation profile is taken from the solar radiation data from
NREL database [26].

A. Results for the Simulated NG System

1) Evaluation of the Markov Model: In order to validate
the proposed model, 15-year solar radiation data of the month
of July of a site located in Elizabeth City, North Carolina,
extracted from the NREL database is used. The model is
learned using 13 years of data and validated on the other
two years data. The maximum hourly radiation of the site is
Imax0 = 1.018 kWh/m2, and the number of Markov model
states is considered to be n = 22 with the states taking values
as si ∈ {0, 1, ..., 21} for ∀i ∈ {1, ..., 22}.

In order to evaluate the performance of the proposed time-
variant Markov model, data from the average day of the two
years is selected. The results of the Markov model for each
hour have a probability distribution; the expected value of
each probability distribution is used for the evaluation of the
results. The PV output predicted by the proposed model for
the subsequent 24 hours is compared with the time-invariant
Markov model and the real data in Fig. 5. As observed, the
model is able to follow the real mean profile, while closely
approximating the standard deviation for the obtained data.
In order to show the improvements achieved by the proposed
model compared to the time-invariant model, the relative root
mean square error (RRMSE) is used to quantify the total
estimation error.
RRMSE value achieved by the proposed model is 9.14%,

whereas the error with the stationary (time-invariant) model
is 31.3%. Using the proposed model, the error considerably
decreases while the computational complexity nearly remains
the same. Next, simulation results using SDP are compared
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Fig. 5: Comparison of hourly mean and standard deviation between
proposed time-variant Markov model and the real data.

against those obtained from the rule-based algorithm.
2) Comparative Assessment of Rule-based EM and SDP-

based Approach: Two cases are simulated considering differ-
ent solar irradiance levels over a period of 72 hours. The first
one is shown in Fig. 6, where three consecutive days with good
irradiance are presented. The comparison between battery
SOC for rule-based (SOCBrule ) and SDP-based (SOCBsdp )
methods is shown in the third subplot. Generation power for
both algorithms is also shown in this figure. With the SDP
approach, the EMS is able to consume less generator power
over the three days and finish each day with a higher battery
SOC index. The rule-based algorithm charges the battery

whenever the energy stored in the battery is below 2 kWh.
On the other hand, the underlying optimization problem for
the SDP method is solved on a rolling horizon basis. The
prediction horizon is assumed to be 24 hours, and at each
hour, it determines the optimal policy for the next 24 hours.
The control policy for this case is the battery charge/discharge
power (control input) as a function of battery stored energy
and PV generated energy (which are the system states). Table
II shows the cost of operating the generator each day and
the availability index in Wh, which is the battery SOC at
the end of each day. Results showed that after the third
day of operation, the user could save up to 20% of the
generator’s cost if the SDP method is employed. Fig. 7 shows
the system behavior assuming that the second day irradiance
is proportionally lower than the other two days. In this case,
the total saving for operating the NG could be up to 7% if the
SDP algorithm is used.
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Fig. 6: Simulation results for three consecutive days with good
irradiance levels. (a) PPV (PV available power), (b) PL (load
power), (c) battery SOC, and (d) PG (fuel generator power).
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Fig. 7: Simulation results for three consecutive days, assuming
that the second day has a lower irradiance level. (a) PPV (PV
available power), (b) PL (load power), (c) battery SOC, and
(d) PG (fuel generator power).
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B. Real-time HIL Simulation Results

Fig. 8: Setup for the real-time Hardware-in-the-Loop
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Fig. 9: HIL results of 72 hours. (a) PPV (PV available power),
(b) PL (load power), (c) battery SOC, and (d) PG (fuel
generator power).

Performance of the two proposed methods (rule-based and
SDP) is evaluated using OPAL-RT Model-In-the-Loop real-
time experiments. The NG is implemented in the OPAL-RT
unit using dynamic models for the inverters, batteries, PV
panels and generator. The interface RT-lab is executed in
Laptop 1 of Fig. 8. The EMS is developed in Python and

TABLE II: Three days performance comparison using rule-
based and stochastic DP methods.

Generator fuel cost ($/day) Battery availability index (Wh)
Day Rule-based SDP Rule-based SDP

1 0.9291 0.8705 1,944 3,350
2 1.3936 0.9713 4,650 4,650
3 0.9291 0.7638 1,872 3,950

implemented in a RaspberyP i4 which receives the measure-
ment data and sends the control input via Modbus TCP/IP.
An overview of the experimental platform is shown in the
bottom half of Fig. 8. The HIL simulation results of the
generated power, consumption and the battery energy for the
two proposed energy management algorithms are illustrated
in Fig. 9 for a period of 72 hour. During this experiment,
nonlinear SDP algorithm uses a φ value of 1.09. At the
end of the first day, the SDP method exhibits better Battery
Availability Index than the rule-based method; however, in the
second day, it fails in obtaining a superior index than the
rule-based method. The situation is over ruled by the third
day when the SDP implementation is able to show better
performance. In general, the total generator operating cost
(for generator fuel consumption) using the rule-based approach
was US$3.5537, whereas the total cost for the generator usage
under the SDP-based method was US$2.8493, representing a
saving of 19%.

V. CONCLUSIONS

Two algorithms were devised in this paper aiming at
scheduling the battery charge and discharge in an NG supplied
by both traditional and renewable sources while considering
operational constraints to yield maximum financial and opera-
tional benefits. SDP was employed to achieve an optimal EM,
in which a nonlinear optimization problem was formulated
over a finite number of stages and on a rolling horizon basis.
The use of a time-variant Markov model was also proposed
in this paper. The simulation and HIL results confirmed that
the stochastic EM strategy was able to effectively cope with
the economical requirements much better than the rule-based
approach in an autonomous mode. Furthermore, the stochastic
approach could also cope with modeling and capturing uncer-
tainties in PV generation. The SDP-based approach guaranteed
the minimum operating cost by minimizing the fuel generator
operating times during each cycle, and simultaneously improv-
ing the availability of battery in the next cycle by elevating its
SOC at the end of each cycle.
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