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Abstract: Increasing penetration of intermittent and variable renewable energy sources (RESs) has significantly com-
plicated smart grid operations. The uncertain nature of RESs may cause increased operating costs for committing costly
reserve units or penalty costs for curtailing load demands. In addition, it is often desired to control and coordinate a
battery energy storage system (BESS) in an efficient and economical way, especially for islanded microgrid. To address
these issues, an approximate dynamic programming (ADP) approach is proposed to investigate the optimal operation of
energy systems in islanded microgrid considering stochastic wind energy and load demands. A battery control strategy
is also presented to maintain the battery state of charge in a certain range which will help to increase the battery lifetime
in the future. The traditional dynamic programming (DP) approach is also implemented to validate the percentage of
optimality of the proposed ADP approach for stochastic case studies. The simulation results show that the proposed ADP
approach can obtain competitive percentages of optimality with around 50% less computational time compared to the
traditional DP approach. Again, the proposed ADP approach is also validated on a large data sample case and achieved
18.77 times faster response than the traditional DP approach.

Key Words: Near optimal control, battery energy storage system (BESS), islanded microgrid, approximate dynamic

programming (ADP), dynamic programming, state of charge (SOC).

1 INTRODUCTION

Nowadays, due to the integration of different energy sys-
tems in the smart grid, the balancing between power gener-
ation and load demand becomes a critical problem. Specif-
ically, due to the intermittent nature of renewable energy
sources (RESs), power system optimization becomes sig-
nificantly complicated [1]. The battery energy storage sys-
tem (BESS) has been recognized as the most promising ap-
proach to overcome these challenges and to increase the
efficiency of the power supply by smoothing load fluctu-
ations. Therefore, in recent years, the goal has been to
find an optimal control approach for investigating the op-
timal operation of energy systems in the smart grid con-
sidering stochastic RESs and load demands, as well as the
battery lifetime characteristics, becomes an interesting re-
search field.

In recent years, most of the published works focus on deter-
ministic microgrid operations [2]-[9]. Although, stochastic
optimization has been researched for bulk power systems
in the literature [10]-[13]. However, stochastic optimiza-
tion for the microgrid has not been well documented in the
literature [14]. Again, due to the uncertain nature of RESs,
the deterministic optimization may fail to ensure the power
quality. Therefore, in this paper, the goal is to consider
the stochastic nature of RESs and the load demand for the
stochastic optimization of an islanded microgrid.
Stochastic dynamic programming (DP) approaches are
generally used to solve sequential decision problems with
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stochastic variables. However, conventional techniques
like backward dynamic programming, policy iteration,
value iteration, etc., are not feasible to solve the problem
with large state spaces because they are computationally
intractable [15]. This scenario is known as “curse of di-
mensionality” [16]. In this paper, an approximate dynamic
programming (ADP) is proposed to overcome these prob-
lems. The ADP approach solves the stochastic optimiza-
tion problem approximately very close to the optimal point
using significantly fewer computational resources [17]. In
[18]-[20], the ADP has implemented as an intelligent con-
troller to develop internal goal representation for online
learning and optimization. Several existing publications
have proposed the ADP approach for solving stochastic op-
timization problem of a grid-connected microgrid without
considering the battery lifetime characteristics [21]-[23].

Motivated by the above mentioned literatures, an ADP ap-
proach is proposed to investigate the optimal operation of
energy systems in an islanded microgrid. A battery control
strategy is also implemented to maintain the healthy oper-
ation of BESS. The impact of battery lifetime parameters
are also considered. The contribution of this paper is four-
fold, (a) the energy optimization problem for islanded mi-
crogrid is formulated as a Markov decision process (MDP)
considering stochastic wind energy and load demand, (b) a
state of charge (SOC) based battery control strategy is pro-
posed to increase the battery lifetime, (c) the performance
of the ADP approach is compared with the traditional DP
approach in terms of percentage of optimality and compu-



tational time, (d) the performance of the ADP approach is
also justified using large data samples and compared with
the traditional DP approach.

The rest of this paper is organized as follows. The model
description and problem formulations of the islanded mi-
crogrid is presented in Section 2. In Section 3, the proposed
ADP and the DP approaches are demonstrated. Simulation
setup and results analysis are carried out in Section 4. Fi-
nally, the conclusions are drawn in Section 5.

2 MODEL DESCRIPTION AND PROBLEM
FORMULATIONS

A islanded microgrid model is investigated where the sys-
tem is designed with a wind turbine, a battery bank, and
a diesel generator as power supply units. Load demand is
used to represent the demand unit. In the model, the diesel
generator is used as the backup power source. When the
SOC of the battery goes below a certain limit, the wind tur-
bine and diesel generator units are responsible to charge the
battery. The problem is formulated over a finite horizon of
time as 7 = {0, At, 2At,..., T — At, T — 1}, where At =1
hour is the time step and 1" = 25 hours.

At any time instance ¢, the state variable can be written as,

Sy = (By, Wy, Dy) (D

where, By, W;, and D; are the amount of energy in the
storage device at time ¢, in kW h, net amount of wind power
available at time ¢, in kW and power load demand at time
t, in kW, respectively.

In the model, the transferring power from one unit to an-
other unit is assumed as action. There are five different
actions in the model and using these allocation actions, a
five-dimensional, nonnegative decision vector can be de-
fined as,

wd

_ gd _bd _wb
a; = (ay

gb\T
7at 7at 7at 7a’t) ZO,atGXt,teT (2)

where, x; represents feasible action space and a;’ stands

energy transferred from 7 to j at time ¢. The superscript
w, d, g and b represent wind power, load demand, diesel
generator and battery, respectively.

2.1 BESS MODEL

The BESS is one of the major power supply units of the
islanded microgrid. The battery control strategy impacts
the performance of the overall system significantly.

The SOC of the BESS should be within a certain range as,

SOCmin S SOC S SOCmaw (3)

where, SOC),4. and SOC,,;,, are the upper limit of bat-
tery state of charge and the lower limit of battery state of
charge, respectively.

The SOC of the BESS for the next time step is determined
by the SOC' value at present time step and the charging/
discharging battery power during the present time period.
The equation for determining the next hour SOC' can be
expressed as,

abd

- Bc¢d

¢°(af” + aj)

SOCt+At = SOCt + BC

“4)
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where, B¢ is the energy capacity of the storage device, in
EW h, ¢¢ is the charging efficiency of the device and ¢ is
the discharging efficiency of the device.
The daily operational cost function of the battery can be
expressed as,

CBESS — ¢, PBAt (5)

For the instance ¢, the discharging energy from the BESS
can be calculated as,

PtB - agdAsoc (6)
where, a’? represents the amount of energy transferred
from the battery to the load demand and A, is the effec-
tive weighting factor which is determined from the battery
SOC for each time period. In this paper, SOC,,;, is de-
fined as 0.5 and from the manufactures’ data, it is found
that when the battery SOC' is greater than 0.5, the effec-
tive weighting factor maintains an approximately linear re-
lationship with the battery SOC as [22], [24],

)\soc:p*SOC+q (7)

In the equation, p and ¢ are the two empirical parameters.
The equation of the battery wear cost can be written as,

= $1B°N,6

where, ¢ is the depth of discharge (DOD) of BESS and N,
is the corresponding number of life cycle at rated DOD.
Since the DOD can vary in between the allowable range (0
to 50 % DOD for this study), corresponding life cycle NV,
is also varied.

2.2 DIESEL GENERATOR MODEL

In the islanded microgrid, diesel generator is one of the
core power supply units which is generally served as a
backup energy source. The fuel consumption (L) of the
diesel generator can be expressed as,

Cu ®)

Ly = (Lo X Pratea + L1 x P/™") €))

where, Ly and L; are the fuel consumption curve fitting
coefficients, where the values are set as 0.08415 and 0.246
respectively based on the recommended value from [25].
The actual output power of the diesel generator, P7“", can
be calculated as,

gen
Pt

= ad + af (10)

The power limit of the diesel generator can be expressed
as,
kgenprated < Ptgen < Prated

(1)

where, the value of kg, is set to 0.3 based on the manu-
facturer’s suggestion [9].

The daily operational cost function of diesel generator can
be calculated as,

Ci?en = Otdie—fuel + Cdie—om + Cdie—loss (12)

where, Ctd’e*f“el, Claio—om and Cgie_10ss is the fuel cost,

operation and maintenance cost, and life loss cost of the



diesel generator, in $, respectively. The fuel cost of the
. die— fuel
diesel generator C; , can be expressed as,

cdiemfuel — py I, (13)

where, F represents the fuel price, in $/L.

2.3 THE STOCHASTIC WIND ENERGY AND
LOAD DEMAND AND TRANSITION FUNC-
TION

The stochastic wind power is modeled using a bounded 1st-
order Markov chain as,

Wip1 = min{maz{W; + w1, Winin }s Winaz - (14)

where, Wi < Wi < Winee and w4 g i.1.d random vari-
ables that can be either uniformly or pseudonormally dis-
tributed.

The stochastic load demand can be written as,

Dyt = min{maz{D; + ®7,1, Dimin}, Dimaz}  (15)

where, (I)EH i.i.d random variables that are pseudonor-
mally N(0,22) discretized over noise {0, 41, +-2}.
For the transition function of exogenous information, let
E,= (Wy,Dy) and Sy = (By,E;), where I, is the vector of
exogenous information and F; is independent of B;. The
next-hour exogenous information can be written as,

Eip1=Ei+ e (16)

where, e;41 = (wi41,d¢+1); The next-hour exogenous in-
formation e; 1 is independent of Sy and a;.

2.4 THE BATTERY CONTROL STRATEGY

A battery control strategy is presented in Figure 1. Accord-
ing to the control strategy, the battery SOC' is measured
and monitored by the energy management system. In the
model, there is a parameter named set-up SOC (SOClj;y,)
which is defined by the operator. When the battery SOC is
greater than SOCY,,, the BESS serves as the power supply
unit with the wind energy and the decisions of the diesel
generators are assumed as (. At this time, the batteries
can be in charge, discharge, or standby mode depending
on wind power generation and load demand. If the bat-
tery SOC is below or equal to its lower limit SOC,,;,,
the diesel generator starts as the backup power supply unit,
while the lead-acid batteries turn into the charging pro-
cess and the decision of the battery is defined as 0. When
the SOC rises above SOCjy,, the diesel generator stops
and the lead-acid batteries serve as the power supply units
again. When the SOC of the BESS is in-between SOCy,
and SOC,,;,, then both the BESS and diesel generator
serve as the power supply units. When battery SOC' be-
comes equal or less than SOC,,;,, then only diesel gen-
erator operates with wind turbine as power supply units to
fulfill the demand and to charge the battery.

2.5 THE OBJECTIVE FUNCTION AND CON-
STRAINTS

For the cost function, the daily operational cost of diesel
generator and BESS are combined with two weights. The
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Provide battery SOC
information to the system

No

Find the actions using equations
(20) to (24) and a??=0

Check
Find the actions using only

equations (20) to (24)

SOC <SOCyin ?

Calculate the operational cost of
the system using equation (17)

C(Sy, ar)

Figure 1: The proposed battery control strategy algorithm
for battery SOC.

cost function can be written as,

C(S;,ar) = My x CI™ + My x CPESS (17)
where, M; and M are the weights.
The goal is to minimize total cost of operation in islanded
microgrid. The total system objective function over a finite
horizon of time can be expressed as,

!

V = min E| (18)

at€x
tEXt ;

C (S, ar)]

Il
o

where, E[.] is the expectation operator.
The goal is to find a set of actions (a;) so that the total
system objective function V' can be minimized as,

a; = arg min V (19)
atEXt
The set of constraints are as follows,
a?? + af? + a2 = D, (20)
at® +at < W, (21)
B¢ - B
a + af® < min(———,9°) (22)
’ At
gb gd
ai” +ail” <Gy (23)
B - Bmzn
ab? < mm(tT,wd) (24)

where, 1¢ is the maximum charging rates of the device, in
kW h/At, 1)@ is the maximum discharging rates of the de-
vice, in kW h/At, By,ip is the minimum limit of the stor-
age device, in kKW h and Gy is assumed as the available
energy capacity of the diesel generator, in kW. The avail-
able energy capacity of the diesel generator depends on the
fuel availability. In this paper, it is assumed that enough
fuel is available to satisfy the load demand and to charge
the BESS.



3 PROPOSED APPROACHES

3.1 DYNAMIC PROGRAMMING APPROACH

For finding the optimal solution of stochastic problems,
Bellman’s optimality equation can be expressed as [26],

atEXt

Vi (S) = min [C(Sy,a0) + Py(s'|Se, an) Vi an(s)].

(25)
where, Pi(s | Sy, a;) is the probability of going from state
S; to state s for the decision a; which is known as condi-
tional transition probability, and where V7, o, = 0.

For a given sample path w, the MDP can be simulated by
solving the decision as,

7 (Sy(w)) = arg min [C(Sy(w), ar)

atEXt

) (26)
+ ) Pi(s [Se(w), ar)o],

where, v = V;j_m(s/ |Si(w),a;) and Sy (w)
SM (S, (w), TIF (Sy(w)), Wiy1(w)). Here, SM(.) is the
system model which describes how a system evolves from
St to St ¢ using action a; and new exogenous informa-
tion Et+At as, St+At = SJ\/[(St, ag, Et-ﬁ-At)'

A statistical estimated value of the optimal policy for the
stochastic transition from the current state S; to s can be
written as,

K
V= 2SSO I (Si). @)
k

=1 ter

where, K is the total number of sample paths,
{w!,...,w®}. 1In this paper, this statistical estimated
value is used as expected value function.

3.2 PROPOSED APPROXIMATE DYNAMIC PRO-
GRAMMING APPROACH

The Bellman’s equation can be written as an expectation
form as,

V(S = Jnin [C(St, ar) + E{V 1 (Se41)[Se}]. (28)
where, S; 1 depends on both S; and a. It is usually trou-
blesome to solve the optimization program efficiently with
traditional DP approaches due to the curse of dimensional-
ity [?]. A post-decision formulation of Bellman’s equation
is formulated to overcome the problem as,

Vi (Se) = min [C(S, ar) + Vi (S7)]-

atEXt

(29)

where, S{ is called post-decision state which can be de-
fined as the state instantly after the current decision a; is
made, but before the arrival of any new information.

The value function of the post decision state V,*(S¢) can

be expressed as,
VE(SE) = E{V 1 (Se+1)[S{ } (30)

Vi1 (5i) = BV (S0)[S7 1 }- GD
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Table 1: The Proposed Algorithm

Step 0.

a. Initialize V,*°(s) = 0 for each seS, and t < T — 1.

b. Set V" (s) = 0 for each seS, and n < N.

c. Setn=1.

d. Initialize S3.
Step 1. Choose a sample path w™.
Step 2. Fort < (T'—1):

a. Solve:
6" = min [C(S7, ar) + V= (S2(S7 o))

b. If t > 0, update V7" using,
VET(SES) = (1= an—1)VETTH (ST + an—1™.

c¢. Find the post-decision state:
SPm = SM(SE,ap).

d. The next pre-decision state:
S;n«l»l = SI\J(S:La CL?, Et"rl(wn))'

Step 3. If n < N, increment n and return Step 1.

The proposed algorithm is presented in Table 1. Initially, a
suitable value function approximation V,*(Sf") is assumed.
Then, n numbers of sample paths are chosen in step 1. In
step 2a, the value of being in state .S}* is calculated and
the post-decision value function approximation is updated
in step 2b. In step 2b, a,—1 is known as a “’stepsize”,
and generally takes on values between 0 and 1. It is of-
ten defined as ”smoothing”, a "linear filter” or “’stochastic
approximation”. The post-decision state is figured out in
step 2c and the next pre-decision state is found in step 2d.
Finally, in step 3, if the number of iteration is less than the
maximum number of iteration, the n is incremented and the
system is returned to step 1.

4 SIMULATION SETUP AND RESULTS
ANALYSIS

In this section, the numerical and graphical simulation re-
sults are presented by investigating the proposed ADP ap-
proach where the traditional DP approach is used to val-
idate the proposed approach. This section is parted into
three sub-sections. All the simulation parameters and the
information about simulation environment is presented in
section 4.1, the simulation results for stochastic case study
are shown in section 4.2 and the computational time analy-
sis for large data samples are presented section 4.3.

4.1 SIMULATION SETUP

The battery parameters are summarized in Table 2. The
other major parameters like maximum and minimum lim-
its of wind energy, load demand, and power generation of
diesel generator are presented in Table 3.

To validate our proposed algorithm, the percentage of opti-
mality (%) is calculated as,

v
% of optimality = 7= X 100% (32)
where, V is defined as the estimated value obtained from
the proposed ADP approach and V'* is the optimal value
obtained from the traditional DP approach.



Table 2: Battery Parameters

Battery Lead-Acid
Type 2V/1000 Ah
Quantity 75
Capacity 150 kWh
Minimum limit 75 kWh
Cycle life 1000 @ 50% DOD
Charging and discharging efficiencies 80%
(¢ and ¢)
Maximum charging and discharging rates 50 kWh
(¢° and %)
Battery cost $80 per kWh
Installation cost $20 per kWh
Transportation cost $20 per kWh
Table 3: The System Parameters
Name Demand Diesel Wind
(kW) generator (kW) | energy (kW)
Maximum 50 70 50
Minimum 20 21 0

Simulation results are shown in the rest of these sections.
The simulations are conducted in M AT LAB 2015b envi-
ronment using a computer with 3.60 GHz Intel Core i7 —
4790 CPU processor and 8 GB RAM.

4.2 STOCHASTIC CASE STUDY

For stochastic analysis, the noise supports are introduced
to create noise that can be either uniformly or pseudonor-
mally distributed. Though the probability distribution and
noise supports are kept same for load demand at each time
step, however different probability methods are used for the
wind energy presented in the second column of Table 4. In
Table 4, U and N functions are represented as uniform and
pseudonormal probability distribution, respectively. The
next-hour wind energy and load demand are obtained us-
ing the probability distribution functions [24]. For all test
problems, SOC;, is assumed as 0.6.

Table 4: Results for Stochastic Test Problems.

No. wy coen | ¢oBESS Vv % of opt.
$) $) $) (%)
1 U(-1,1) | 162.58 1845 | 90.52 | 98.62 %
2 | N(0,1.0%) | 158.36 14.01 86.19 | 98.02 %
3 | N(0,3.0°) | 16575 | 20.47 | 93.11 | 98.13 %
4 | N(0,0.5%) | 16438 | 21.06 | 92.72 | 99.17 %
5 | N(0,2.5%) | 159.06 1585 | 87.46 | 98.66 %
6 | N(0,1.5%) | 161.14 | 21.53 | 91.34 | 99.05 %
7 | N(0,3.5%) | 16330 | 20.82 | 92.06 | 98.37 %
8 | N(0,4%) | 16546 | 2158 | 9352 | 98.45%

The probability distribution functions for stochastic wind
energy are presented in column No. 2 of Table 4. The
stochastic simulation results are also shown in Table 4. Ac-
cording to Table 4, the daily operational cost of the sys-
tem for problem 2 is obtained as $86.19, where the op-
timal value is obtained from DP as $87.93, and then the
percentage of optimality is calculated as 98.02% which is
very promising. The other results are also validated that the
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Figure 2: The computational time comparison between the
DP and ADP.

ADP can obtain at least 98% of optimality for the stochas-
tic case study. The computational time to solve the prob-
lem for the traditional DP and ADP approaches are also
reported in Figure 2. For example, to solve problem No.
4, the computational time cost for the ADP and DP are ob-
tained as 382.44 seconds and 724.41 seconds, respectively.
In Figure 2, the other results are also justified that, the pro-
posed ADP approach takes almost 50% less computational
time than the traditional DP approach. The results prove
that the proposed ADP approach can be a powerful tool of
solving stochastic optimization problems.

4.3 COMPUTATIONAL TIME ANALYSIS

10000

8000

6000 -

4000 -

Time (Seconds)

2000 -

o
ADP

DP

Figure 3: The computational time comparison between the
DP and ADP for large data samples using test problem No.
4 of Table 4.

The performance of the proposed ADP approach is also
validated using relatively large data samples where 0.5 mil-
lion of data samples are taken into consideration for each
time step. The stochastic test problem No. 4 of Table 4 is
used for this analysis. The proposed ADP approach solved
the test problem with the computational time as 476.37 sec-
onds for 1000 iterations and the near optimal value of the
daily operational cost is found as $96.98. The statistical es-
timated value using the traditional DP approach is obtained
as $97.79 with the time cost as 8,940.83 seconds which
is 18.77 times higher than the proposed ADP approach in
terms of computational time. The computational time com-
parison for this experiment is presented in Figure 3.



5 CONCLUSION

In this paper, a computationally efficient ADP approach
is proposed to investigate the optimal operation of energy
systems in an islanded microgrid considering the stochas-
tic wind energy and the load demand. Simulations with
different case studies are conducted to validate the effec-
tiveness of the proposed ADP approach. The traditional
DP approach is adopted to validate the proposed approach.
The results showed that the proposed ADP approach can
achieve at least 98 % of optimality for the stochastic case
study with around 50 % less computational time. The com-
putational time comparison is justified for large date sam-
ples where the proposed ADP approach achieved the so-
lution approximately with 18.77 times faster than the tra-
ditional DP approach in seconds. From the simulation re-
sults, it can be concluded that the proposed ADP approach
can be a powerful software for the stochastic power system
optimization problems in future.
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