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Abstract—In this paper, the concept of end-user driven micro
grid is introduced and an economic dispatch framework is
proposed for optimal power and battery scheduling of such
a micro grid. The main advantage is that unlike other cen-
tralized approaches reported in the literature, the proposed
architecture provides end-user flexibility, optimally manages the
battery minimizing the power required from the grid and at the
same time ensures grid level reliability. The proposed optimal
scheduling is first validated on a grid connected micro grid
including a photovoltaic (PV) farm and a battery, considering
the grid as a dispatchable power source. Then the architecture
is compared with one of the existing centralized optimization
approaches. To demonstrate the applicability and scalability,
the architecture is further evaluated on a modified IEEE 33
bus distribution feeder including multiple micro grids suitable
for real-time implementation. The test results indicate that the
approach is optimal, scalable, feasible, improves feeder reliability,
and provides maximum utilization of the PV arrays.

Index Terms—Battery power dispatch, economic dispatch,
grid connected end-user driven micro grid, optimal scheduling,
quadratic programming.

NOMENCLATURE

N Total number of samples

t Time instant

E(t) Instantaneous energy of the battery

dt Time interval

Pbatt(t) Instantaneous battery dispatch value.

Pmin
batt Minimum power rating of the battery

Pmax
batt Maximum power rating of the battery

Pload(t) Total load at instant t

Ppv(t) Photovoltaic generation at instant t

Pgrid(t) Power demand from the Electric grid

Pmin
grid Minimum power demand from the Electric grid

Pmax
grid Maximum power demand from the Electric grid

P2(t) Total power from PV plus the battery

SOC State of charge at the Battery

MG Micro grid

Aeq Coefficient matrix of equality constraints

A Coefficient matrix of inequality constraints

beq Vector for constant coefficients

b Vector for constant coefficients of inequality

constraints
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H Symmetric matrix describing the coefficients of

the quadratic terms

C Vector of linear terms

l Vector of lower bound of variables

u Vector of upper bound of variables

x Solution vector

I. INTRODUCTION

IN order to satisfy the increased electricity demand and

global environmental regulations, recently there is a move

towards realizing a non fossil fuel based power grid. Grid

connected renewable power systems have gained great interest

in this respect. One of the main renewable energy based energy

resources is PV systems. As opposed to wind farms that are

mainly controlled and regulated by the utility, PV farms are

distributed across the regulated and non-regulated business.

A major challenge for PV generation is in managing the

intermittent energy production with varying power demand.

On the source side, one way of mitigating this intermittency is

to provide additional energy storage system (ESS) to the PV

farm. This is mainly provided using battery energy storage

system (BESS). Especially in the power distribution set up,

such a discrete energy system consisting of distributed energy

resources including storage, generation and load management

can be developed, namely micro grid. A micro grid can operate

in parallel with another micro grid as well as independently

from the main grid or connected to the grid. Several ap-

proaches have been proposed for energy management and

control of micro grid with renewable sources and storage

especially with PV [1], [2]. Most of such previous approaches

discussed regulated (controlled by the utility) management of

micro grids.

As opposed to utility driven micro grids, end-user driven

micro grids are managed by the end-users. Such micro grids

normally exist at the low voltage end of the power distribution

feeder (either at 120V or at 480V level) and connected to

the utility through inverters. Normally these systems are seen

as roof-tops or community level installations. Such micro

grids can provide higher reliability, optimal active power

balance (a mechanism in which the local power is utilized

to the maximum and at the same time grid constraints are

satisfied) and enhance customer participation. However, the

main challenges of such installations are a) the visibility issue

related to the power usage as these installations are mostly

behind the meter (BTM) and b) the issues related to the usage

of the electricity based on the need and comfort of the end-user

versus economic and reliable operation of the utility.
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Thus, a coordinating energy management architecture that

considers the end-user need and economic and reliable opera-

tion of the grid is essential [3]–[7]. The coordination feature is

mainly to achieve an integrated decentralized and centralized

dispatch inspite of the respective modes of operation of the

micro grid. Such micro grid energy management systems

(EMS) should minimize the operation costs considering the

reliability of the grid, and at the same time, allow end-user

flexibilities such as using the micro grid energy resources

based on the end-user needs. An economic dispatch approach

can perform optimal power and battery scheduling considering

utility side and end-user side objectives. Utility side applica-

tions could focus on optimizing properties of micro grid output

for distribution upgrade deferral which means delaying the util-

ity investments in distribution system upgrades, transmission

support, and others, while the end-user side’s objective is to

maintain the demand flexibility.

Most of the earlier work related to micro grid management

considered battery constraints to complete a centralized grid

power flow optimization problem [8]–[10] such that it benefits

the utility. Such centralized model collects all the necessary

information for micro grid scheduling and performs centralized

operation and control. The main drawbacks of the centralized

scheme are reduced flexibility for the end-user and in adding

new components, and extensive computational requirements.

For example, if a new energy resource (device) is added to

the grid or is out for maintenance then the EMS operation is

interrupted to add/remove device specific constraints from the

algorithm that implements the EMS. Further, any change of

a particular unit dispatch would require a new optimal power

flow to be run for the system, because they are all integrated in

a single optimization problem. In addition, the dynamic nature

of energy storage dispatch creates time domain couplings

among all decision variables as well as stochastic variables

like loads and renewable power. This poses challenges for the

computational complexity of centralized formulation.

The issues with centralized formulation can be avoided with

decentralized or distributed formulations. In the distributed

scheme each component of the micro grid is considered

separate and makes its own decisions. The optimal schedule

is obtained by iterative data transfers among the components.

Since the micro grid is integrated with storage it makes the

optimization problem dynamic, i.e., it is time dependent. Dif-

ferent optimization techniques have been used to formulate this

type of dynamic scheduling problem [8], [11]–[19]. References

[12]–[16], [20], [21] used dynamic programming to solve

the dispatch problem. References [22], [23] proposed model

predictive control (MPC) based controller to control the output

of BESS which is used in micro grid management. In [24], a

distributed EMS is implemented based on alternating direction

method of multipliers (ADMM) where dispatch information

is passed between generators and BESS with a goal to meet

the total demand. In [25], a distributed formulation of the

economic dispatch is shown where the goal is to maximize

the profit for each energy resource. The main issues with

distributed framework is that maximum benefits for the utility

are not always satisfied and it is also difficult to maintain grid

level stability.

In our previous work [26], we proposed a dynamic opti-

mization approach that reduces the grid operational cost, and

at the same time, maximizes the PV output power based on

optimal scheduling of the battery. This paper is an expanded

version of [26] where the the proposed quadratic programming

based optimal power scheduling approach is enhanced to pro-

vide optimal dispatch of the battery that enables grid reliability,

economic dispatch and end-user flexibilites. The evaluation is

done on utility scale real-life grid models.

The main advantages of the proposed approach are:

• The methodology provides economic dispatch by only

using the micro grid tertiary control for calculating the

active power set points such that the micro grid uses

minimum power from the grid and the battery dispatch is

optimized based on short-term PV generation data.

• The method works effectively with multiple micro grids

and the grid reliability is maintained.

• The approach is scalable and can be implemented in real

systems interconnected with power distribution grid.

• The approach provides end-user flexibility and at the same

time ensures grid requirements.

The paper is organized as follows. In section II theoret-

ical framework and problem formulation is discussed. This

includes the fixed and predictive horizon methodologies. In

section III simulation results for the proof-of-concept and

integrated multiple micro grids connected to a distribution

feeder are presented. Section IV concludes the work.

II. ECONOMIC SCHEDULING OF END-USER DRIVEN MICRO

GRID

Conventional framework for a grid connected micro grid

economic dispatch problem can be found in [27]–[32]. In such

framework a centralized economic dispatch optimization is

performed integrating micro grid devices such as BESS and

renewable energy resources. In this paper, the concept of end-

user driven micro grid is introduced for the first time. Then,

an optimization framework is proposed to satisfy user-defined

load (flexibility), maximizing the renewable energy based

power extraction and at the same time ensuring minimum

power import from the grid while honoring grid reliability. In

this section, we will first define the end-user driven micro grid,

and provide the proposed dynamic economic dispatch opti-

mization framework including the formulation of the objective

function and constraints. Further, we will discuss the adaptivity

of the method to fulfill end-user and utility requirements and

show the closed-loop implementation flowchart.

A. Customer-driven Micro Grid and End-user Driven Micro
Grid

Electric power micro grids have been broadly classified

as utility micro grids, industrial/commercial micro grids and

remote/residential micro grids [5]. In recent years, a new

paradigm of micro grids is being introduced to bring near real

time information and control at the customer end. This type

of micro grids is termed as customer-driven micro grid [5]. A

customer-driven micro grid is a type of micro grid which can

import or export real and reactive power when operated in grid

connected mode and can also operate in islanded mode [4]. The
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Fig. 1. Grid architecture for dynamic dispatch.

customer-driven micro grid provides a complete framework for

the design, operation and economics of the micro grids from

the customer standpoint. In this paper, the concept of end-

user driven micro grid is introduced. The characteristics of

end-user driven micro grid are: a) end-user should be able to

drive, control and manage the micro grid, b) end-user driven

micro grid should be able to sell power to the utility, c) it

should be able to share active or reactive power with the

utility grid, and d) it should be able to work in islanded

mode. The main difference between a customer-driven and

end-user driven micro grid is that in the former type, customer

can consume or sell power to another entity apart from the

utility grid; on the contrary in the latter type, end-user can

consume and share power only with the utility grid. As more

distributed energy resources are connected to the end-user the

necessity for optimal management of distributed resources and

a framework for reliable operation of these micro grids with

the utility grid is becoming increasingly more important.

B. Overview of the Micro Grid Economic Dispatch

Consider an end-user driven micro grid shown in Fig. 1

which includes a PV farm, local load and a battery energy

storage connected to the grid. Let P2 represents the total power

which is the algebraic sum of the PV plus the battery. The

objective of the economic dispatch is to minimize the cost

of the power from the grid at the point of common coupling

(PCC) in this case P2, and at the same time, dispatch the

battery for optimal micro grid scheduling. The optimization

problem is formulated for a full day operation of the mi-

cro grid. The micro grid economic dispatch has a dynamic

formulation due to the presence of energy storage which is

a time dependent constraint with power and energy limits.

This dynamic optimization problem thus provides the dispatch

solution at every time stage dependent on the solution of

all other time stages. For example in a dynamic economic

dispatch for a daily operation, the dispatch solution at noon

will depend on the state of the system at that instant and also

the past states of the system. In static economic dispatch, the

dispatch solutions in a particular time stage only depend on

the criteria of that time stage and are independent from the

dispatch solutions at other time stages.

Fig. 2. Flow chart of dynamic optimization algorithm.

C. Proposed Dynamic Economic Dispatch

For the proposed dynamic economic dispatch, a quadratic

programming based approach is used to optimize grid cost,

which is considered quadratic with linear constraints. Details

of a quadratic programming approach is as shown in Fig. 2.

1

2
· xT ·H · x+ CT · x (1)

A · x ≤ b (2)

Aeq · x ≤ beq (3)

l ≤ x ≤ u (4)

Subsection D discusses the formulation of the objective

function and constraints, subsection E discusses modification

of the formulation to enable a predictive horizon approach and

subsection F illustrates the implementation procedure.

D. Formulation of Objective Function and Constraints for the
Proposed Approach

Based on (1)−(4), an objective function, as shown in (5),

is proposed for dynamic optimization. It includes the cost

function for the grid and battery and other sources available in



4

the micro grid. Considering a quadratic and convex function,

the overall formulation can be represented as

T∑
t=1

[F (Pgrid(t))] (5)

Pgrid(t) + P2(t) = Pload(t) (6)

P2(t) + Pbatt(t) = Ppv(t) (7)

Pgrid
min(t) ≤ Pgrid(t) ≤ Pgrid

max(t) (8)

P2
min(t) ≤ P2(t) ≤ P2

max(t) (9)

Pbatt
min(t) ≤ Pbatt(t) ≤ Pbatt

max(t) (10)

Emin(t) ≤ E0 +

N∑
t=1

Pbatt(t) · dt ≤ Emax(t) (11)

where T is the time horizon of the optimization problem and

N is the total number of samples.

It is worth noting that the PV and battery operating costs are

not incorporated here. This is due to the fact that as a rate pay

incentive case, the end-user battery cost is considered always

lower than the grid power and thus the cost is insignificant.

This is proven in the simulation section. The battery is modeled

with minimum and maximum charging and discharging limits.

The constraints are formulated such that the load demand is to

be met by the PV farm output. The economic dispatch problem

is to determine the optimum dispatch of the battery at any

given time that minimizes the cost while satisfying the demand

and operating limits. Pgrid(t), P2(t), Pbatt(t) are the control

variables representing power flows from the grid, PV and

battery to the load, respectively, at any given time. Equation

(6) implies that the total power supplied by the PV and battery

plus the grid must be equal to the load. The constraint in (7)

implies that the sum of the battery charging or discharging

power and the power supplied directly to the load from the

PV is equal to the PV output at that time. During the period

of low PV power generation, based on (6), P2(t) is increased

to match the bus load and Pgrid(t) is decreased. However, as

the PV generation is low, the Pbatt(t) is decreased inheriting

a negative sign to satisfy (7). As the PV generation increases

and if excess generation is available after satisfying the load,

then Pbatt(t) is increased to satisfy (7), and hence, the battery

charges. All the other dispatch variables are constrained by

minimum and maximum values as specified by (8)−(11). The

algorithmic flow chart is represented in Fig. 2.

1) Formation of the Bounded Constraints: Let us consider

the bounded constraints as shown in (12)−(14). The lower

bound and upper bound vectors are represented as shown and

then concatenated to form the vectors as required. Here N

denotes the total number of samples or time scale considered.

Since the solution vector consists of three variables the size

becomes 3N .

[
Pgrid

min
]

N×1

≤ [
Pgrid(t)

]
N×1

≤ [
Pgrid

max
]

N×1

(12)

[
P2

min
]

N×1

≤ [
P2(t)

]
N×1

≤ [
P2

max
]

N×1

(13)

[
Pbatt

min
]

N×1

≤ [
Pbatt(t)

]
N×1

≤ [
Pbatt

max
]

N×1

(14)

2) Formation of the Equality Constraints: There are two

equality constraints in the above problem as mentioned in (6)

and (7). A diagonal identity matrix is considered to implement

the above constraint. Such an Aeq matrix is formed as shown

below in (15)⎡
⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎡
⎢⎣
1 . . . 0
...

. . .
...

0 . . . 1

⎤
⎥⎦
⎡
⎢⎣
1 . . . 0
...

. . .
...

0 . . . 1

⎤
⎥⎦
⎡
⎢⎣
0 . . . 0
...

. . .
...

0 . . . 0

⎤
⎥⎦

⎡
⎢⎣
0 . . . 0
...

. . .
...

0 . . . 0

⎤
⎥⎦
⎡
⎢⎣
1 . . . 0
...

. . .
...

0 . . . 1

⎤
⎥⎦
⎡
⎢⎣
1 . . . 0
...

. . .
...

0 . . . 1

⎤
⎥⎦

⎤
⎥⎥⎥⎥⎥⎥⎥⎥⎦

︸ ︷︷ ︸
2N×3N

(15)

where the structure of the solution vector x is given by

⎡
⎢⎢⎢⎢⎣

[
Pgrid(t)

]
N×1[
P2(t)

]
N×1[

Pbatt(t)
]

N×1

⎤
⎥⎥⎥⎥⎦

︸ ︷︷ ︸
3N×1

(16)

Similarly, the beq matrix is formed by⎡
⎢⎣
[
Pload(t)

]
N×1[
Ppv(t)

]
N×1

⎤
⎥⎦

︸ ︷︷ ︸
2N×1

(17)

3) Formation of the Inequality Constraints: The inequality

constraint in (11) is separated into lower and upper limits. The

energy stored in the battery at each instant of time is dependent

on the charge stored in the battery at the previous instant of

time and the (charge/discharge) Pbatt(t) solution, so we need

to sum the Pbatt(t) solution of previous instants of time. The

above constraint can be divided into two inequality constraints.

Upper limit of inequality can be written as

N∑
t=1

(Pbatt(t) ∗ dt) ≤ Emax − E0 (18)

where the A matrix as shown in (2) is formed by concate-

nating matrices (19) and (24).

⎡
⎢⎢⎣
⎡
⎢⎣
0 . . . 0
...

. . .
...

0 . . . 0

⎤
⎥⎦

N×N

⎡
⎢⎣
0 . . . 0
...

. . .
...

0 . . . 0

⎤
⎥⎦

N×N

⎡
⎢⎣
1 ∗ dt . . . 0

...
. . .

...

1 ∗ dt . . . 1 ∗ dt

⎤
⎥⎦

N×N

⎤
⎥⎥⎦

︸ ︷︷ ︸
N×3N

(19)

The b1 matrix is formed as shown below[
Emax − E0

]
N×1

(20)

Lower limit of inequality can be written as

Emin ≤ E0 +

N∑
t=1

(Pbatt · dt) (21)
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Fig. 3. Flow chart for predictive horizon based optimization.

By converting the above equation into a standard form, we get

Emin − E0 ≤
N∑
t=1

(Pbatt · dt) (22)

−Emin + E0 ≤ −
N∑
t=1

(Pbatt · dt) (23)

The A2 and b2 matrices are formed as shown below.⎡
⎢⎢⎣
⎡
⎢⎣
0 . . . 0
...

. . .
...

0 . . . 0

⎤
⎥⎦

N×N

⎡
⎢⎣
0 . . . 0
...

. . .
...

0 . . . 0

⎤
⎥⎦

N×N

⎡
⎢⎣
−1 ∗ dt . . . 0

...
. . .

...

−1 ∗ dt . . . −1 ∗ dt

⎤
⎥⎦

N×N

⎤
⎥⎥⎦

︸ ︷︷ ︸
N×3N

(24)

[
E0 − Emin

]
N×1

(25)

Concatenating the b1 and b2 matrices to form the b matrix as

shown in (2).

A =

[
A1
A2

]
2N×3N

, b =

[
b1
b2

]
2N×1

(26)

E. Predictive Horizon Based Optimization

To illustrate the effect of moving time horizon, a predic-

tive horizon based optimization is designed that modifies the

optimization discussed in the previous section. The concept

is based on receding horizon control [33], [27], and [34].

Fixed horizon optimization leads to a dispatch schedule, which

begins at the current time and ends at some future time. Thus it

does not have information regarding the future PV generation

and thus the optimal value is not dynamically proven to be

optimized. In the predictive horizon approach, PV generation

is used for a moving horizon ensuring cost reduction of power

from the grid over that horizon. Fig. 3 shows the algorithm

Fig. 4. Proposed overall architecture for operation of end-users driven micro
grids with utility power grid.

for predictive horizon based optimization for a day (24 hrs).

In this method, dynamic optimization is performed at each

time step and only the first value of the optimization is

used in the current step. For next time step, the window is

moved in time and optimization is performed again. In other

words, this method constantly looks for a time horizon in near

future and can adjust according to the forecast errors due to

passing of clouds or other uncertainties. It can be seen that the

proposed approach can provide load schedule set by the end-

user (flexibility) and the approach maximizes the local energy

resource usage.

F. Framework for Operation With Utility Power Grid

In order to apply the proposed method to a grid connected

end-user driven micro grid, security constraints of the intercon-

nected grid needs to be considered. Previous section discuss

how the local optimization is performed considering end-user

flexibility and local economic benefits. To enable grid level

reliability and stability, it has to be made sure that the active

power imported or exported to the utility from the micro

grid satisfies the voltage security constraints of the grid. To

ensure that this condition is satisfied, a framework is proposed

that demonstrates the reliable operation of the utility grid

with the local optimization of end-user driven micro grids.

Fig. 4 illustrates the proposed framework for integrated grid

operation.
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In this approach, first, steady state analysis (e.g., power

flow) is performed at the utility grid to find out the weak

and strong voltage buses in the network. Then, using the

Jacobian matrix voltage sensitivities of the weak and strong

voltage bus is calculated with respect to the active power of

micro grid connected buses. Equations (27)−(31) calculate the

sensitivities of weak and strong buses. Then using (32)−(33)

the maximum and minimum active power range for each of

the micro grid connected bus is calculated. If the active power

from or to the micro grids exceeds these threshold values

then the voltage constraints in the utility grid is violated. The

maximum and minimum active power flow obtained after this

analysis is then passed to the micro grids as set points. This is

then used as a constraint in the local optimization formulation

of micro grid as explained in 3. This ensures that although

the micro grids are economically dispatched to benefit the end

users, it also keeps the active power flow within the designated

range for reliable operation of the utility grid. Please note that

power flow is generally performed by all utilities as a part of

Distributed Management System (DMS) function every 15 to

30 min. This closed loop integration thus allows grid reliability

and at the same time provide scheduling capability for the grid

based on grid level applications.

[
ΔP
ΔQ

]
=

[
JPθ JPV

JQθ JQV

][
Δθ
ΔV

]
(27)

ΔV = JR
−1 ·ΔP (28)

JR = [JPV − JPθJ−1
QθJQV ] (29)

SV weakj =
ΔVweak

ΔPj
, j = 1 : m (30)

SV strongj =
ΔVstrong

ΔPj
, j = 1 : m (31)

Pminj =
1

SV strongj
· (Vmax − vj)− Pj , j = 1 : m (32)

Pmaxj = Pj +
1

SV weakj
· (Vj − vmin), j = 1 : m (33)

where ΔP is the vector active power deviation for the

micro grid connected buses, ΔQ is the vector reactive power

deviation for the micro grid connected buses, m is the total

number of buses where micro grid is connected, SV weakj
is the sensitivity of weak bus voltage with respect to the

active power of jth micro grid connected bus, SV strongj
is the sensitivity of strong bus voltage with respect to the

active power of jth micro grid connected bus, Pmaxj is the

maximum power allowed at the jth micro grid connected bus,

and Pminj is the minimum power allowed at the jth micro

grid connected bus.

III. SIMULATION RESULTS AND DISCUSSION

The illustration of the dynamic optimization and the pre-

dictive optimization is first evaluated on a small test system

for one micro grid. Then the proposed framework in Fig. 4 is

implemented and evaluated on a real-time practical IEEE test

system considering multiple end-user driven micro grids.

Fig. 5. Proof of concept system representation.

N · dt = 24(hr), N · 3

60
= 24(hr), N = 480 (34)

A. Proof of Concept

A small test system as shown in Fig. 5 is used first to

demonstrate the effectiveness of the proposed method. For the

simulation purpose it is assumed that the micro grid is always

connected to the grid. The micro grid devices and its ratings

are shown in Table I. The assumed cost function is presented

in Table II. The day-ahead forecasted PV power generation

utilizing the data acquired from a Southern U.S. location is

used for the analysis. Half an hour interval data is read from

the data set and the PV generation profile is extracted as shown

in Fig. 6. The number of samples obtained from the initial

data is based on (34).

TABLE I
Simulation Parameters and Values.

T 24 hr
dt 30 min

BESS 1 MWhr/250 kW
Load 500 kW

TABLE II
Quadratic Cost Coefficients.

Cost function x2 x Constant
Coefficient 0.1 12.6 8

1) Results and Discussions − Fixed Horizon Optimization
Considering One Full Day: Fig. 6. shows the dispatch

schedule for a full day. During the early morning and night the

load is met by the battery and the grid. The battery dispatch is

106 kW during the morning time and 108 kW during evening.

As the PV generation increases it produces more power than

required by the load. This allows the battery to be charged

and also satisfy the load requirement. However, the charging

power is optimized such that there is a uniform value of 23

kW power flowing back to the grid so that the overall cost

function is minimized. Fig. 7 shows that the SOC has hit the

lower limit of 0.2 and also the upper limit of 1 and hence

the battery is fully utilized. The cost for the above dispatch

schedule was $297.68. Please note that when the SOC is 20

or 100 percent the battery has been considered fully utilized.

2) Results and Discussions − Predictive Horizon: In this

approach, the battery schedule is determined considering a one

day horizon optimization. For the full day horizon the dispatch

set points obtained for the present day also takes the next day

PV power profile into consideration. As shown in Table III the

cost for N = 48 is higher as compared to the cost calculated

in fixed horizon optimization which is $297.68.



7

TABLE III
Cost of RHC With Various Horizon Size

Samples N=48 N=24 N=12 N=5
Cost($) 309.99 308.95 306.46 278.95

From Fig 8 and Table III, we can observe that as the

window size is reduced, the overall cost for predictive horizon

based optimization is found to be reduced. For a lower value

of window size, the battery discharges more, and hence, the

power demanded from the grid is reduced. However, when

the window size increases, as it sees the full next-day PV

generation schedule, it will give a lower dispatch set point.

Even though the cost is higher, the advantage is that the SOC

of the battery will be higher at the end of the day. So for the

next day the battery power can be used to satisfy the loads and

hence grid power required will be reduced. If an opportunity

cost is added for the conserved SOC then the overall cost is

seen to be lower.

3) Comparison Between Fixed and Predictive Horizon Opti-
mization: To demonstrate the advantage of using the predictive

horizon modification both the algorithms were run for three

consecutive days considering sunny and cloudy weather days.

In fixed horizon case at the end of each day the battery SOC

was updated to 100%. If SOC was below a particular value
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Fig. 6. Simulation results based on dynamic optimization.

12:00 AM 8.00 AM  4:00 PM 12.00 AM
TIme

0

0.2

0.4

0.6

0.8

1

1.2

SO
C

State of Charge

SOC hits limit

Charging

Discharging

Fig. 7. SOC during optimal dispatch.

12:00 AM 8.00 AM  4:00 PM 12.00 AM
Time

-200

-100

0

100

200

Po
w

er
 (K

W
)

N=48 N=24 N=12 N=5

Fig. 8. Predictive horizon battery dispatch for various horizons.

12.00 AM 12.00 PM 12.00 AM 12.00 PM 12.00 AM 12.00 PM
Time

-200

0

200

400

600

800

1000

Po
w

er
 (K

W
)

Ppv Pbatt Pgrid Pload

Fig. 9. Predictive horizon 3- day dispatch.

12:00 AM 12:00 AM 12:00 AM 12:00 AM 12:00 AM
Time

-200

0

200

400

600

800

1000

Po
w

er
 (K

W
)

Ppv Pload Pgrid PbattNo Dispatching 
as SOC has

reached limit

Fig. 10. Fixed horizon 3 day dispatch.

12:00 AM 12:00 AM 12:00 AM 12:00 AM
Time

0

0.2

0.4

0.6

0.8

1

1.2

SO
C

SOC Fixed Horizon Dispatch SOC Predictive Horizon Dispatch

Predictive Horizon
Dispatch saves 

energy for
next day

Fig. 11. SOC comparison for predictive and fixed horizon dispatch.

then the cost for the next day was increased by 10% assuming

that the grid demand will be higher for the next day. This is

done to bring an economic significance to the reduced battery

discharge at the end of the day for the predictive horizon

optimization dispatch. Fig. 9 and 10 show the comparison

of battery dispatch values and the power consumed from grid

for predictive horizon and fixed horizon based dispatch. Fig.

11 shows the SOC for both of these dispatch methods.

TABLE IV
Cost of 3 Days Predictive Optimization

Days Day 1 Day 2 Day 3 Total
Cost($) 309.99 514.70 408.69 1233.38

TABLE V
Cost of 3 Days Fixed Optimization

Days Day 1 Day 2 Day 3 Total
Cost($) 297.68 566.26 450.29 1314.37

From Fig. 11 it can be seen that the SOC in the case of

fixed horizon dispatch has hit the lower limit by midnight of

the first day, however, the SOC is about 0.6 (i.e., 60 %) in the

predictive optimization case. Hence, the battery can take part

in the next day dispatch schedule. This illustrates the fact that

the predictive horizon dispatch manages the SOC better than

the fixed horizon dispatch which is helpful to tackle future

uncertainties in PV power. The net cost was calculated and

shown in Tables IV and V. It can be observed from the PV
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Fig. 12. IEEE 33 bus distribution network.

power profile of Figs. 9 and 10 that Day 1 is sunny, Day 2 is

cloudy and Day 3 is partly cloudy. This is also evident from the

results of Tables IV and V. Day 1 consumes less grid power

and Day 2 consumes more grid power. Moreover, for the first

day the fixed horizon optimization gave a lower cost compared

to predictive optimization. But for Day-2 since the battery

is fully discharged the cost for fixed horizon optimization

is higher. Hence considering three consecutive days the total

cost is $81 higher for fixed horizon optimization compared to

predictive horizon optimization.

B. Application of Proposed Method on a Distribution Feeder

A modified IEEE 33 bus distribution feeder evolved from

[35] is used to show the optimized operation of the feeder

if there are multiple end-user driven micro grids. A modified

schematic diagram of the system including the configuration

of the micro grid is shown in Fig. 12. Micro grids can be

connected at different buses for different case studies. In this

set up, the batteries are considered dispatched according to the

economically dispatch values obtained from the optimization

Fig. 13. Experimental setup.

methods mentioned in the previous sections. The voltage

profile of the feeder along with the SOC management of the

energy storage devices are compared for Receding Horizon

Control (RHC) and fixed horizon methods. Voltage profiles of

the sensitive buses are marked in red in Fig. 12. Four case

studies are performed. Case 1 shows the comparison of the

proposed approach with the centralized optimization approach.

Case 2 and 3 show the scalability of the proposed approach

for multiple micro grids connected in a distribution feeder. In

Case 2, two micro grids are located near by and in Case 3 two

micro grids are located at different parts of the feeder (see Fig.

12). Case 4 demonstrates the necessity of coordination between

local optimization and DMS. Fig. 13 shows the experimental

setup for implementing the developed method. A model of

the distribution system is illustrated in real-time platform. The

algorithm for optimization is implemented in MATLAB 2016b

software and run on a separate work station with a CPU clock

time of 2.5 Ghz. MATLAB function ”quadprog” is used to

solve the formulated dynamic optimization problem. It takes

on an average of 80 sec to run the optimization for a time

horizon of 4 days. Power flow of the system under study is

run in Real Time Digital Simulator (RTDS). After obtaining

the state variables from the RTDS a static Jacobian based

analysis is performed to find the voltage sensitivity of the weak

and strong buses. In the system under study, bus 18 is the

weak bus and bus 2 is the strong bus. Using the sensitivities

values the maximum and minimum power allowed for each

of the micro grid buses are calculated. This is then passed

to the local optimization of each of the micro grids which

generates the dispatch values for the micro grid to follow.

Table. VI summarizes the maximum and minimum dispatch

values calculated from steady state sensitivity analysis.

TABLE VI
Parameters for Voltage Sensitivity Analysis

Cases MG SV weakj SV strongj Pmaxj Pminj

Case 1 MG1 0.515 0.1 713 kW -400 kW
Case 1 MG2 0.505 0.094 717 kW -294 kW
Case 2 MG1 0.495 0.15 722 kW -433 kW
Case 2 MG2 0.505 0.094 717 kW -294 kW

1) Case 1: In this case, the results from the proposed

approach are compared with a centralized dispatch [16], [20].

We name this as centralized optimization. In the centralized

optimization algorithm the power transaction between the grid

and micro grid is determined by the centralized dispatch. Then

the Pgrid obtained is used as a net load for the bus where

micro grid is connected and an optimal power flow is solved.

Fig. 14 shows the comparison of grid power, battery power

and the state of charge of battery for both the approaches

for fixed load and Fig. 15 shows the comparison for varying

load. It can be seen that the centralized optimization approach

requires more power to be consumed from the grid compared

to the proposed optimization algorithm. Also, large battery idle

period can be seen in the case of centralized optimization.

Tables VII and VIII further quantify the cost of grid power

and shows that the proposed approach saves more compared

to the conventional centralized approach for both fixed and

varying load. For the varying load condition total kWh of the

battery with the proposed approach is 780 kWh for 3 days
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Fig. 14. Case 1: Comparison of proposed approach and centralized approach
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Fig. 15. Case 1: Comparison of proposed approach and centralized approach
for varying load a) PV power and load power b) grid power, c) battery
power and d) state of charge of battery.

and with the centralized approach the battery output power is

550 kWh. This shows that the proposed approach can use the

battery more efficiently.

2) Case 2: In this case, as mentioned, two micro grids MG1

and MG2 are connected to two adjacent buses of the feeder,

TABLE VII
Cost Comparison Between Proposed and Centralized Approach With Fixed

Load

Days Day 1 Day 2 Day 3 Total
RHC($) 534.25 632.7258 536.7758 1703.8

Centralized($) 546.4786 631.01 539.0671 1716.6

TABLE VIII
Cost Comparison Between Proposed and Centralized Approach With

Varying Load

Days Day 1 Day 2 Day 3 Total
RHC($) 518.4685 623.22 532.2858 1668.7

Centralized($) 518.4685 622.83 533.6113 1674.9
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Fig. 16. Case 2: Predictive horizon 3 day dispatch for MG1 and MG2.
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Fig. 17. Case 2: Fixed horizon 3 day dispatch for MG1 and MG2.

i.e., bus 24 and bus 25, respectively. The load at bus 24 and

bus 25 is changed to 500 kW from 420 kW and 400 kW

from 420 kW, respectively. The PV farm rating and the battery



10

12:00 AM 12:00 AM 12:00 AM 12:00 AM 12:00 AM
Time

0

0.2

0.4

0.6

0.8

1

1.2
SO

C

SOC Fixed Dispatch SOC RHC Dispatch

Predictive Horizon
Dispatch saves 

energy for
next day

Fig. 18. SOC comparison for predictive and fixed horizon dispatch.
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Fig. 20. Case 3: Predictive horizon 3 day dispatch for MG1 and MG2.

configurations are the same for both micro grids. PV power

profiles of both PV farms are almost the same as these micro

grid buses are considered to be geographically close. One

day from each season is randomly chosen for the PV power

profile (i.e., total 4 different seasonal days) to demonstrate the

application of the proposed method in different seasons.

Figs. 16 and 17 show battery dispatch values, grid power,

load power, and PV power for predictive horizon and fixed

horizon based dispatch, respectively. Fig. 18 also illustrates the

comparison between the SOC for predictive horizon and fixed

horizon based optimization method. It shows that predictive

horizon method manages the SOC well and SOC is higher

compared to the fixed horizon method which is consistent with

the results in previous sections. It has been observed that for

both predictive horizon and fixed horizon method voltages of

all the buses are well within the limit which is 0.9 pu to 1.1 pu

for this feeder. The total loss in the active power is also affected
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Fig. 21. Case 3: Fixed horizon 3 day dispatch for MG1 and MG2.
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Fig. 22. Case 3: Total active power loss comparison for 3 days.

because of minimizing the power consumed from the grid.

From Fig. 19 it can be seen that the active power loss in the

feeder is less if battery is dispatched based upon optimization

considering cost. For fixed horizon, feeder loss is improved by

6.03% and for predictive horizon, loss is improved by 5.18%

compared to the base case where no micro grids are connected.

Improvements in voltages are summarized in Table IX.

TABLE IX
Voltage Profile Improvement for Case 2

Bus Number Bus 2 Bus 22 Bus 25 Bus 18
Predictive Horizon(%) 0.0185 0.3950 0.4879 0.1386

Fixed Horizon(%) 0.0221 0.4710 0.5817 0.1653

3) Case 3: In this case, MG1 is placed at Bus 22 and

MG2 is placed at Bus 25. This case is presented to show

the effectiveness of the proposed method if the micro grids

are not geographically at close proximity. Since two micro

grids are located in two different place the PV power profile

is considered different for both the PV farms. For analysis

purpose, the load at Bus 22 is modified from 90 kW to 100

kW and at Bus 25 load is modified from 420 kW to 500

kW. Figs. 20 and 21 show the optimization results for

predictive horizon and fixed horizon dispatch respectively. Fig.

22 illustrates the active power profile comparison. It can be

seen that the improvement in losses with fixed horizon and

predictive optimization are 4.11% and 4.26%, respectively. The

voltage improvements are quantified in Table X.

4) Case 4: This case demonstrates the usefulness of defin-

ing maximum and minimum power for each of micro grid
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TABLE X
Voltage Profile Improvement for Case 3

Bus Number Bus 2 Bus 22 Bus 25 Bus 18
Predictive Horizon(%) 0.0164 0.2677 0.2130 0.0704

Fixed Horizon(%) 0.0172 0.2808 0.2267 0.0740
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Fig. 23. Case 4: Predictive horizon 3 day dispatch for MG1.
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Fig. 24. Case 4: Predictive horizon 3 day dispatch for MG1.

connected bus from the DMS. The experimental set-up for this

case is similar to the one in Case 2. In this case no maximum

and minimum power limit is enforced on the grid power. It can

be seen from Fig. 23 that the active power consumed from the

grid for MG1 is greater than the maximum allowed power

which is from Table. IV is 713 kW. Fig. 24 illustrates the

voltage level of the weakest bus in the feeder which is 18.

It can be seen that the voltage goes below the low voltage

limit (0.9 p.u) as the power absorbed from the grid by MG1 is

more than the maximum power allowed to be consumed from

the grid for MG1. So, based upon the steady state analysis in

the DMS it is important to always update the maximum and

minimum power for each micro grid location.

5) Effect of Battery Cost on The Optimization Result: In

this section, the cost function of the battery is added in the

objective function of the proposed optimization formulation

in (5)− (11). For the cost function of the battery a simple

function like a thermal generator is used. The coefficients of

the cost function are a = 0.01, b = 3.2 and c = 2. The

objective function in (5) is replaced by (35). Then the Case

1 is run again to see the difference in the grid and battery

power profile for discarding the battery cost. From Fig. 25 it

is observed that there is no noticeable change in the grid and

battery power for MG1. Similar affect is seen for MG 2 as

well. Similar observations are made for detailed battery cost

model as well.

T∑
t=1

[F (Pgrid(t)) + F (Pbatt(t))] (35)

6) Overall Analysis: The proposed architecture proves to

have the capability to include grid economics, reliability and

stability criteria and maximum utilization of the PV and battery
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Fig. 25. Comparison of battery dispatch for MG1 with and without battery
cost.

system and can be easily integrated with the existing power

distribution infrastructure. The method can also be easily mod-

ified to accommodate more constraints and scenarios based

upon real-time operations. For example, an uncertainty matrix

that considers the forecasting errors or change in weather

pattern can be included. Also ramp rate constraints for the

batteries can be imposed. The approach can also be used to

size the battery energy storage more effectively.

IV. CONCLUSIONS

In this paper, a new concept of end-user driven micro

grid is introduced and an optimal power scheduling approach

for the battery dispatch in the micro grid is illustrated. The

main contribution of the paper is that unlike other centralized

approaches reported in the literature, the proposed archi-

tecture provides end-user flexibility, optimally manages the

battery minimizing the power required from the grid and at

the same time ensures grid level reliability. After evaluating

the proof of concept, the proposed optimal scheduling is

compared with one of the existing centralized optimization

approaches. Furthermore, the scalability of the algorithm on

a power distribution feeder is illustrated with two micro grids

connected at different points. Test results demonstrated that

the proposed approach perform better than the centralized

approach in terms of optimal battery scheduling, end-user

flexibility, and minimizing the overall cost. Moreover, the real-

time implementation showed that the proposed architecture

is feasible and scalable, and it also ensure the grid level

reliability.
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