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Abstract—The ability of distribution feeder microgrids to
operate as a controllable entity and participate in system-level
services is assessed in this paper. The concept of distribution
feeder microgrid is introduced. A control mechanism that fits this
architecture and fulfills performance criteria as well as stability
requirements is discussed in detail. Distribution feeder microgrids
when equipped with the proposed control mechanism is shown to
have the potential for increasing the heterogeneity of generation-
mix and unveiling the hidden capacity of under-utilized resources
that can be used in essential power system services. Simulation
results verify the envisioned advantages of the application.

I. INTRODUCTION
The observed fragility of the current power system infras-

tructure has raised many questions about its resiliency in
a future in which severe weather and events and malicious
attacks are likely to be more frequent [1]. There is also
a growing trend for deploying distributed resources due to
environmental concerns as well as financial incentives. These
resources include photovoltaic (PV) power generation, build-
ing energy systems and storage devices.
The intermittent nature of renewable resources, however,

places a barrier on their deployment beyond certain levels
[2]. New solutions, both infrastructure-centered and control
mechanism-centered, are needed to go beyond current limits.
We propose a control framework and a system architecture to
fully leverage the potential of distributed resources.
A microgrid-based architecture for a power grid is a viable

platform for our purposes. The utility distribution microgrid
is of interest in this study. In this structure, feeders that
adopt this architecture will provide levels of controllability
which are able to facilitate useful services to future power
systems with high levels of renewable penetration. An example
is the Borrego Springs microgrid, owned by SDG&E utility
company, which enables integration of a large amount of
intermittent PV power generation. This microgrid can be either
connected to the grid or work in an island mode if needed [3].
The control mechanism consists of two separate optimiza-

tion processes. A day-ahead scheduling problem is in charge
of determining optimal operating points for various resources
throughout a day. This optimized schedule is then combined
with a dynamic programming process, known as model predic-
tive control (MPC), to account for real-time deviations from
day-ahead forecasts [4], [5]. These deviations are fluctuations

in both the generated power from renewable resources as well
as the demand.
In the current system, large-scale generation fills the gap

between loads and intermittent renewable generation. It is able
to do that because of large amounts of rotating mass. As large
rotating mass is displaced by intermittent generation at the
transmission and distribution levels, the ability of the grid to
remain stable may be compromised. The framework presented
here turns the problem upside down. Rather than relying on
large inertia in the generation system, stability is maintained
by distribution feeders designed as controllable entities capable
of absorbing intermittency. The ability of distribution feeder
microgrids to perform this function results from a combination
of storage and control. Storage resources are heterogeneous.
Examples include battery systems, thermal storage devices and
even the thermal mass of buildings.
Despite their differences, all resources can be categorized

by their energy capacity, their power capacity and their ramp-
ing capacity. Resources with similar characteristics can be
associated with a specific task. For instance, fast-ramping
resources can be used to absorb high-frequency intermittency,
while slow but high-energy resources can be used to meet
the mismatch between peak load and peak solar generation.
As an example of the ability of this new architecture to
provide grid services, we use distribution feeder microgrids to
serve regulating services. We show how the scheduling/MPC
framework can readily adapt to this task.
The main contribution of this paper is two-faceted. First,

we pair the performance specifications of a resource with the
appropriate problem (e.g., slow, high-energy thermal storage
to peak-shifting). The second facet is that we propose a finan-
cially meaningful cost function for the dynamic programming
problem (MPC). This is in contrast to the typical quadratic
cost functions that researchers use when employing MPC
framework [5].

II. MODELING ENERGY STORAGE DEVICES

Implementation of the scheduling and MPC algorithms
discussed in section I requires a unified framework to model
the heterogeneous distributed resources that are present within
a distribution feeder. In this framework, all resources are
characterized by energy capacity, power capacity and ramping



rate. The state of each device at time step k can be described
by a 2 × 1 vector xk = (Ek, Pk)

T , where Ek is the energy
stored at time step k, and Pk is the instantaneous output power.
Negative power usually implies charging of a storage device.
Additionally, we assume that devices are controlled by a

ramp rate input signal, which is the time derivative of the
power signal. Given that the power Pk is the time derivative
of energy, each storage device can be described by a second-
order dynamical model. The three variables energy, power
and ramp rate are associated with constraints that determine
the specifications of a device. Each distributed resource is
characterized by an energy storage capacity. For the case of a
battery, this may be a finite limit, while a fuel cell powered
by natural gas has unlimited storage capacity. Power input
or output of devices is similarly constrained, as is ramp rate
capacity.
In summary, the dynamical model of each storage device is

described by a second-order difference equation(
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where ts is the sampling time, and

0 ≤ Ek ≤ Emax,
Pmin ≤ Pk ≤ Pmax,
umin ≤ uk ≤ umax.

(2)

The signal uk is the ramp rate associated with the device. As
discussed in the previous section, storage devices of interest in
this study include but are not confined to conventional ones.
Specifically, we see an opportunity in deploying unconven-
tional and generally under-utilized resources rather than simply
electrical storage for our control purposes. For example, ther-
mal mass associated with commercial-size building heating,
ventilation and air conditioning (HVAC) systems or aggregated
storage associated with residential thermostatically controlled
loads (TCLs) are two instances of the available facilities that
can find dual use as distributed resources [6].

III. CONTROL MECHANISM

Large scale adoption of feeder microgrids would shift the
current centralized generation paradigm to a more decen-
tralized one, which relies more heavily on renewable re-
sources. Consequently, the control infrastructure and mech-
anisms should also be changed to suit this paradigm shift.
The increased penetration of distributed resources requires
an increased level of decentralized control. A two-level op-
timization approach that is implemented on a distribution
feeder microgrid is proposed here: a day-ahead scheduling
combined with an MPC framework. The former is a single shot
optimization that takes place every 24 hours, while the latter
is a dynamic programming problem that balances resources in
real-time.
The day-ahead scheduling optimization occurs daily to

determine the set points of devices with 60 minutes time
resolution, that minimize operating costs. The optimization is
based on load and resource forecasts as well as energy tariff

structures. At a lower level, the MPC framework is applied to
compensate for real-time deviations from forecast values.
The optimal day-ahead scheduling process is beyond the

scope of this paper. We assume that an optimized schedule is
made available by either an on-site or a cloud-based service,
e.g. Toshiba’s micro-energy management system (μEMS) for
the former [7] and Lawrence Berkeley national lab’s Dis-
tributed Energy Resource Customer Adoption Model (DER-
CAM) for the latter [8].
Because no forecast is perfectly accurate, it is necessary to

make real-time adjustments that simultaneously minimize the
cost of deviations from the original schedule, maintain stability
and balance power flow. A model predictive algorithm is used
for this purpose. In this control technique, an optimization
problem is solved at each time step to specify a set of control
actions over a future period of time. The first calculated control
action, then, is applied at each time step to the system. The
process is repeated at each successive time step taking into
account the current state as well as the updated estimates of
future quantities. The control policy is evidently a feedback
system as it uses the current system state at each time step [4].
While the cost function in the day-ahead scheduling reflects
absolute costs, in the MPC process costs are those associated
with deviations from the optimized schedule. These costs can
be written as:

JMPC =
N∑

k=0

l(xk − xsch,k,uk − usch,k), (3)

where xk is the state, and uk is the control input at the time
step k. The state vector xk is the 2m × 1 column-vector of
aggregated state vectors xi,k: i = 1, . . . ,m associated with
each of the m available resources as xk = (xT

1,k . . .x
T
m,k)

T .
In the same fashion, the m× 1 control input uk is composed
of the single control input of each of the devices as uk =
(u1,k . . . um,k)

T . Moreover, the signals xsch,i and usch,i are
the corresponding scheduled values.
Rewriting the difference equation (1) as xi,k+1 = Aixi,k+

Biui,k and forming the corresponding matrices Ai and Bi, the
aggregated dynamics xk+1 = Axk + Buk can be described
by

A =

⎛
⎜⎜⎜⎝

A1 0 . . . 0

0 A2 . . . 0

...
...

. . .
...

0 0 . . . Am

⎞
⎟⎟⎟⎠ ,

B =

⎛
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B1 0 . . . 0

0 B2 . . . 0

...
...

. . .
...

0 0 . . . Bm

⎞
⎟⎟⎟⎠ .

(4)

The aggregated dynamics, in fact, act as a constraint on the
dynamic programming problem, the cost function of which
is stated in the eq. (3). In addition to the dynamics of the
system and the associated physical constraints of the resources
(shown in eq. (2)), another constraint should be added to
the optimization problem. This constraint results from the



requirement that the demand is perfectly met by the available
resources on the microgrid or in combination with a share from
the grid. This translates into the following equality constraint
for the dynamic programming problem of interest as:

(0 1 . . . 0 1)︸ ︷︷ ︸
2m×1

· xk = Pref,k, (5)

where Pref,k is the reference power demand at time step k.
Usually, the objective function of an MPC problem is

a summation of various quadratic costs, e.g. in the MPC
approach used by Anderson [5]. These kinds of costs result in
a convex optimization objective, provided that the associated
constraints satisfy the convexity conditions as well. The wide
availability of quadratic solvers makes this approach attractive.
A general form of such a cost function can be mathematically
formulated as:

JMPC =
N∑

k=0

(xk − xsch,k)
TQk(xk − xsch,k)+

(uk − usch,k)
TRk(uk − usch,k).

(6)

Although this class of cost functions has been widely
adopted because of its attractive features, it often does not
reflect real costs in the field. For example, the cost of fuel
for internal combustion engines or fuel cells is better approx-
imated by linear functions, while the degradation cost of a
battery which reflects the fact that the device degrades inde-
pendently of the direction of power flow, is well-approximated
by absolute value functions. Thus, in our study , the cost
function is a summation of linear and absolute value costs,
and can be represented as

JMPC =
N∑

k=0

QT
k (Ek − Ek+1) +Q

′T
k |Ek − Ek+1|. (7)

The objective function of eq.(7) combined with eqs.(2), (4) and
(5), that meet convexity criteria, makes the proposed dynamic
programming a convex optimization problem.
The MATLAB optimization toolbox contains a general yet

powerful function, named fmincon. This solver, however, is
not fast enough based on the fact that it has been designed for
general optimization problems. Instead, we utilize CVX, an
open-source toolbox for convex optimization problems avail-
able in public domain [9], [10]. This toolbox is developed for
disciplined convex programming, and thus, a good candidate
for our developed convex problem. Although, we developed
our application around this package, we used fmincon for
verification.

IV. RESOURCE CHARACTERISTICS AND CASCADING
MODEL PREDICTIVE CONTROL

Deviations from the schedule are mainly the consequence
of the fluctuations associated with either the load or renewable
power generation. The MPC process optimally dispatches
resources to compensate the mismatch between forecasts and
actual system state values. Because the number of resources
could be large, solution of this problem could become com-
putationally expensive. To reduce the size of the problem, we

match the characteristics of each resource to an appropriate
part of the mismatch frequency spectrum.
Some resources are able to respond effectively to rapid

variations, while some others are too slow. On the other
hand, fast devices do not have significant storage capacity
in general which constraints their usefulness in applications
where sustained power delivery or absorption is required. Slow
devices, such as energy batteries or thermal storage systems
are well-matched to the low-frequency part of the real-time
versus schedule mismatch spectrum. Thus, decomposition of
the deviations into various frequency bands seems reasonable.
The reference signal that must be tracked by resources

dispatch by the MPC controller results from the net effect
of deviation of renewable generation and the load from their
schedule counterparts. For reasons of computational efficiency,
we use a real-time digital series filter to decompose the
mismatch signal into three frequency bands. The linear filter
of interest has the general form of

yn =
L∑

k=0

ckzn−k +
L∑

j=1

djyn−j , (8)

takes a sequence of input sequence {zn} and produces the
output sequence {yn} [11]. In this study, L = 2 and M = 1.
For a band-pass filter with the lower and upper bands a and
b, respectively, the appropriate coefficients cks and djs are
determined as

c0 = − b
(1+a)(1+b) ,

c1 = 0,
c2 = b

(1+a)(1+b) ,

d1 = (1+a)(1−b)+(a−1)(1+b)
(1+a)(1+b) ,

d2 = − (1−a)(1−b)
(1+a)(1+b) .

(9)

that results in the transfer function

H(f) = (
ω

ω − ja
)(

jb

ω − jb
), (10)

with the poles at ω = ±ja and ω = ±jb. The application of
this filter is illustrated in Fig.1. The tracking signal shown in
the red is decomposed into a slow signal shown in green, a
medium speed signal shown in blue and a fast signal depicted
in purple. The time-scale characteristics of the slow, medium
and fast signals are respectively:
Hour: This time-scale is associated with the share of vari-

ations that are slow but have high levels of energy. Examples
of phenomena causing deviations in this time-scale are errors
in average cloud cover forecast which are typically provided
by the National Weather Service in 1 to 3 hour-long intervals,
or unpredicted failures in generation equipment. According
to the slow rate of change, the sampling frequency that can
capture this component can be in the order of a few minutes.
The resources needed for the control purposes do not need to
have a high ramp rate capacity, but they may need to have
considerable amounts of power and energy capacities.
Minutes: This time-scale is the part of the problem which

needs faster resources to respond, but not necessarily urging



Fig. 1. Decomposition of an arbitrary signal. The low frequency component
carries a higher level of energy, while the higher frequency content of the
signal encompass small values of energy.

a significant energy capacity. Medium-speed deviations could
be caused by demand-patterns or clouds intermittent occluding
the sun. The sampling frequency in this time-scale should be
in the order of about 10 seconds as highlighted in Fig.1.
Seconds: This category is addressing the portion of the

deviations associated with the fastest fluctuations caused by
start-up transient of devices or the edge of clouds passing in
front of the sun. Thus, the sampling frequency is in the order
of one second. The resources in this category need to have
the highest ramp rates. However, the energy capacity can be
relatively low.
Based on the above description, we consider a cascading

control mechanism to follow a tracking signal. The decompo-
sition component of the system subdivides the problem into
three subproblems in order to reduce the computational costs.
A schematic of this structure is shown in Fig. (2).

Fig. 2. Configuration of the studied control mechanism. The day-ahead
scheduling optimized set points are adjusted throughout the day by cascading
MPC structure.

In the cascading MPC framework, the low-frequency com-
ponent of the tracking signal is addressed first. The time
horizon for this component of the problem is 40 minutes
discretized into 20 steps, each with a 120 seconds duration.
Resources are allocated at each time step according to the
solution of the optimization problem. The medium frequency
tracking signal is obtained by first subtracting the low-
frequency response from the master signal and then applying
a band pass filter with appropriate range. The MPC algorithm
dispatches medium frequency resources with the time horizons
of 200 seconds discretized into 20 time intervals, each with 10
seconds duration. Finally, the high-frequency tracking signal
is obtained by subtracting the low and medium responses
from the master signal. Fast resources are similarly dispatched
by the MPC process on the time horizons of 20 seconds
discretized by 20× 1-second time steps.

V. NUMERICAL RESULTS

We evaluate the ability of the proposed structure in a
spinning reserves request problem. For this purpose, we use
a real-time pricing (RTP) mechanism to affect the amount of
load on the grid placed by the distribution feeder microgrid
in question. The characteristics of the resources are brought
in Table I, where we present a set of plausible specifications
of resources that could be found on a distribution feeder,
including conventional ones such as batteries, and unconven-
tional ones such as load-following chillers, ventilation fans and
TCLs. In addition, we assume that uncontrollable distributed
generations, in the form of a large PV array, is present in the
system.
We assume that the system is working based on a reg-

ular routine for which the day-ahead scheduling has been
previously solved. However, as a result of a system level
emergency, a rapid load-shed is requested from the microgrid.
To achieve the desired result, the system operator enacts step-
wise increase in the price of power from 8 AM to 10 AM. We
assume for the purpose of emergency response, the utility is
not able to provide advanced notice of energy prices.
The response of the microgrid to the assistance request

is shown in Fig.3. The blue curve represents the scheduled
power flow at the point of common coupling. The green curve
represents actual power flow that would have occurred without
an emergency request from the system. Finally, the red curve
depicts the actual power flow as a result of the system load
reduction request. In Fig.4, the total amount of power that the

TABLE I
RESOURCE CHARACTERISTICS

Resource Power capacity Energy capacity Ramp rate

Energy Battery [-250,250] KW 1000 KWH 1.67 %/sec
Chillers [-150,150] KW 300 KWH 0.56 %/sec

Ventilation system [-150,150] KW 300 KWH 20 %/sec

Ventilation system [-50,50] KW 100 KWH 40 %/sec
TCLs [-300,300] KW 25 KWH 100 %/sec
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Fig. 3. The response of the system for a load reduction request from the
utility; Blue: scheduled load at the coupling point, Green: actual demand in
the absence of emergency request, and Red: reduced load at the common
coupling point during the emergency.

microgrid was able to provide and the share of each resource
is shown during the request period.

VI. DISCUSSION

In this study we worked with 2 local resources in each
mode of the MPC problem. In real, the number of resources
can hypothetically increase to more than ten that consequently
increases the computational cost. Due to the real-time nature
of the problem, faster processors are essential, especially for
higher frequencies.
We also showed that solutions to MPC problem can be

obtained reliably using realistic cost functions. Additionally,
separation of the reference signal into various frequency bands
enabled us to save computational efforts, that can yield to
extending the horizon of the dynamic programming problem
to the order of an hour. This was done by increasing the sam-
pling period, and achieving the essential performance without
compromising system stability. As well as the computational
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Fig. 4. Contribution of the microgrid to the demand reduction request.
The upper plot depicts the total power that the microgrid was able to
provide for supporting the utility (10% load reduction on average), and
the bottom plot shows the share of each resource on the microgrid during
the emergency situation. The bottom plot shows that the medium and high
frequency components of the master signal are absorbed in the microgrid.

cost, deploying non-conventional distributed resources made
an opportunity to reduce the size of electrical storage.

VII. CONCLUSION

In this paper, we used a new methodology implemented
on a new architecture for the power system to integrate a
wider range of distributed resources into the generation-mix.
The cooperation between loads, generation and storage devices
via an MPC mechanism could make it possible to reduce the
size of electrical energy storage devices, and consequently the
integration cost in a consistent way independent of the nature
of the resources utilized. This is important as the share of
intermittent renewable resources is increases.
The connected nature of future devices through ever-

developing communication infrastructures also makes it pos-
sible to extend control levels over the loads. Thus, the pro-
posed framework will enable utility companies to go beyond
the current limits of deploying renewable resources on the
grid. This increased level of control could also increase the
resiliency of the whole grid against large failures. Application
of this method showed that the optimization is treatable at the
distribution level.
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