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ABSTRACT

True to any profit-generating endeavors, the concept of
reducing costs in order to maximize profit has always been
there. In the context of islanded microgrids utilizing
renewable energy, this comes in the form of reducing fossil
fuel consumption, with the added bonus of also reduced CO,
emissions. In the case of microgrids with multiple parallel
operated diesel generators, there exists an optimal dispatch for
the least amount of diesel consumed at any given loading
condition. This paper presents a dispatch optimization
algorithm for droop-controlled islanded microgrids in the
form of a MINLP.
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1. INTRODUCTION

1.1 Background

While the general concept of microgrids is nothing new, the
increasing penetration of distributed generation, partly due to
the rise of renewable energy usage, allowed microgrids to be a
potentially profitable economic endeavor. The adoption of
microgrids can offer several economic, environmental, and
technical advantages; for consumers, these advantages are the
availability and reliability of electricity, reduced emissions,
and potentially lower electricity prices.

As a profit-driven venture, there is always an interest in
keeping the costs low while maintaining the reliability of
operation high. Within the context of microgrids, the
operating costs is determined by how the resources are
allocated in order to meet the required load (promptly called
the dispatch). Identifying the best-case dispatch involves
forecasting the upcoming demand and availability of
resources and then allocating these resources in a way that
reduces the cost of operation.
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1.2 Motivation and Objectives of the Study

This study is intended to be a follow-up of an earlier study that
focuses on electrical load forecasting on the context of
microgrids. The previous study focused on properly
predicting the upcoming parameters, such as the availability
of electrical resource, environmental parameters, and
historical load data, all utilized on determining the next-hour
dispatch [1]. ANNSs were the regression method of choice due
to the non-linear nature of the parameters; furthermore, due to
their flexibility, ANNs have already been utilized on several
fields of application including clinical testing [2]-[5], security
[6], identification [7], [8], and even traffic control [9].

This study, on the other hand, focuses on optimizing the
dispatch of a microgrid for the next hour given the demand
and availability of the resources. However, while similar
studies about optimizing microgrid resources have already
been done on the subject matter, few studies have done an
optimization problem based on dispatch that revolves in
controlling multiple parallel generator sets with differing fuel
curves. The study aims to provide optimization on microgrids
given this scenario, with an additional restriction that these
gensets are droop-controlled: meaning that the load between
the operational gensets are shared in proportion to their
maximum capacity (i.e. same load percentage for every
operating generator).

This specific scenario leads to different functions and
constraints compared to the typical linear optimization found
in majority of earlier dispatch optimization studies, which
merits an investigation in itself. In addition, this study will
offer a comparison between multiple solvers for the derived
optimization problem.

2. RELATED LITERATURE

There is no shortage of previous studies that focuses on
optimizing power system dispatch using various optimization
methods not limited to microgrids. The focus of these studies
are commonly oriented on reducing operational costs (termed
as the economic dispatch or ED) but occasionally also aiming
for the least emission (called the emission or environmental
dispatch).



While being a relatively old study, the work of Gaing [10]
remains one of the most referenced study related to economic
dispatch. The study focuses on using Particle Swarm
Optimization (PSO) as the method of choice on arriving with
the ED considering the constraints of the generator(s). It
concludes the paper by stating that PSO as being superior than
Genetic Algorithm (GA) during tests. It should be noted,
however, that their objective function is purely linear.

As another old study, Park et. al. [11] also did a PSO on ED
with consideration for non-smooth cost function and
compared with several other numerical methods, assessing
that their derived modified PSO has shown superiority to
other tested approaches.

Recent studies maintain the same concept but with a couple of
variations. Studies such as [12] and [13] still focuses on ED
but includes transmission losses. Some studies include
environmental/emission reduction as part of the optimization
such as [14] and [15].

It is necessary, however, to differentiate optimization schemes
that focus on microgrids, as the dispatch constraints are
different primarily due to the existence of energy storage
systems (ESS), which [16] demonstrates by offering an
in-depth analysis on how to define the costs within a DC
microgrid, Some examples of studies involving dispatch
optimization in microgrids are [17], [18], [19], and [20].

3. METHODOLOGY

3.1 Data gathering

3.1.1 Modelling the Microgrid

The single line diagram of the microgrid architecture to be
used as a model in this study is shown in Figure 1.

To consumer
distribution

Figure 1: Microgrid Architecture for the Study

This microgrid design is loosely based from one of the
microgrids in the country: the Paluan Microgrid in the island
of Mindoro which also sports two megawatts of solar panels.

The microgrid model is primarily comprised of a 2MW PV
array source, three different gensets with different ratings that
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have a combined capacity of around 1.9 MW, a Li-ion based
energy storage system that can provide/accept 400kW while
having a capacity of around 1.6 MWhr, and the necessary
inverters for converting the resulting DC voltage from the PV
array and batteries to AC and vice versa.

The components selected to
components is listed in Table 1.

represent some of the

Table 1: Specific Microgrid Components for Modelling

Microgrid Component Specific Model

Battery Tesla Powerpack [21]

Diesel Generator 1 Baudouin 6M33 [22]

Diesel Generator 2 Atlas Copco QAC1100 [23]

Diesel Generator 3 Volvo TAD1641GE [24]

Each component has their own specification which affects
their impact on the optimization of the microgrid model
dispatch. These specs necessary for modeling the dispatch are
listed below (Table 2).

Table 2: Specific Microgrid Components for Modelling

Microgrid Component Necessary Specifications

Battery Max Power (kW., kW)
Max Storage (KWHr)
Efficiencies (Mpatt.c, Npatt,d)

Diesel Generator/s Max Power (kW)

Fuel Consumption (F)

The max power of the diesel generators is represented by their
corresponding characteristic curves. For approximation
purposes, their characteristic curves can be represented by the
following equation:

F= FyY,

gen + Flpgen

1)

3.1.2 Meteorological Data and Hourly Load Profile

In order to assess the viability of multiple optimization
algorithms, a proper source of data related to microgrid
operation is necessary.

Ideally, utilizing data obtained from an actual microgrid
would be the best case. In real time, this may involve
installation of monitoring systems. Such a concept can even
extend to wireless sensor networks (WSN) [25], which by
itself is another field of study that can has seen use from home
automation [26] to weather tracking [27]. Multiple
WSN-related studies have already been published, some
relating to signal propagation between its nodes [28], [29].

However, since microgrids in general are run by private
entities, it is hard to obtain permission to utilize sensitive
information used by these companies. Thus, this study opts in
using publicly available data. For irradiance values that
represent the power from the PV array, the data was obtained
from the National Renewable Energy Laboratory (NREL)



[30]. For the hourly electrical demand, information taken
from the National Grid Corporation of the Philippines
(NGCP) [31] will be normalized to fit the selected microgrid
model. The location of the hypothetical microgrid is set to be
located at the capital of the Philippines, Manila.

3.2 Optimization

3.21  Objective Function and Constraints

The calculation of operational costs involves the following
parameters and characteristics of equipment within the
microgrid ecosystem:

e The (anticipated) available power from the PV array

e The (anticipated) next hour load

e The current available energy stored in the battery

e The specifications/characteristics of the components

There are several assumptions involved in the process,
including:

e Outside of the efficiency ratings of the components
stated above, other possible causes of electrical loss
(such as wiring resistance, transformer, aging) are
assumed negligible.

e The solar panels are installed horizontally with
respect to the surface of the earth, meaning that the
obtained Global Horizontal Solar Irradiance from
NREL is useable in representing solar power.

e When more than one genset is dispatched, the
gensets distribute the load between them through
droop control, meaning that each genset assumes a
portion of the load proportional to its rated power.

The primary aim of the optimization problem is to reduce
operational cost by minimizing the diesel consumption, which
is represented by the following objective function:

minmi e€{0,1} D= Z?:l m; (FO,L'Y:qen,i + Fl,ipgen,i) (2)

where Fy;Yyen i + Fi i Pgen,; is the fuel consumption of genset
i (if it was operational), m; is the state of operation of genset i
(0 if off, 1 if on), and n the amount of gensets on the model.

The constraints are as follows:

Pload = Pbatt + PPV + Pgen (3)
Equation (3) states that the amount of power supplied by the
PV array (Pev), the diesel generator (Pg.) and battery (Ppa,
could be negative if charging instead) should be equal to the
power demanded by the load (Poag)-

Pgen = 7iﬁL=1 minen,i (4)
The total amount of power supplied by the diesel generators is

the sum of the individual power provided by the generators. It
may seem that the binary variables (m;) indicating the
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operation of each generator may seem redundant, but the
following constraint necessitates the use of those variables.

Pgen‘i Pgen‘z — Pgen‘i

Pgen,max,2

)

Pgen‘max‘i Pgen‘max‘i

Equation (5) indicates the percentage of output of each
generator with respect to their own maximum capacity should
be equal between all generators. This constraint represents the
droop control for parallel operation.

P <P

gen,i = L genmax,i (6)
Lastly, this constraint indicates that each individual generator
has its own maximum capacity that it cannot exceed.

3.2.2  Other Constraints and Post-Processing

There are two additional *should-be’ constraints that had to be
given extra consideration due to their interaction with each
other.

MPP
Ppy < Ppy

()
(8)

_Pbatt,c/d < Pbatt < Pbatt,c/cl
Equation (7) indicates that the maximum power that the PV
array can provide is limited by the maximum power point
(MPP) that it can provide given the current irradiance.
Equation (8) states that whether the battery is charging or
discharging, the maximum that the battery can provide or
intake is limited by the battery’s maximum charge/discharge
power flow (Ppacw). Furthermore, Ppy is also bound by
several other limits, such as its current contained charge and
the maximum energy the battery can contain.

The dilemma between these two constraints is that in the
scenario that there is excess power from the PV source,
ideally it should be redirected to the battery if there is still
room for charge. However, in order to achieve this would it
would necessitate a separate function that maximizes charging
power before tapering the amount drawn from the solar
panels, possibly interfering with the original objective of
reducing fuel consumption.

In order to simplify the solving process, Ppy, is instead set to its
MPP while the lower bound of P, was removed, and the
remaining issues concerning charging power, actual energy
provided by the PV array and the resulting energy stored in
the battery (for use on the next hour iteration) was calculated
post-optimization.

3.2.3  Solvers

The resulting functions are comprised by binary and
continuous variables, and is categorized as a Mixed Integer
Non-Linear Programming (MINLP) problem. While there are
multiple solver algorithms that can be used for such an
optimization problem, this study opts in evaluating the three



following deterministic MINLP solvers: SCIP, BONMIN,
and BARON.

SCIP, short for Solving Constraint Integer Problems, is a
software framework intended for constraint integer
programming  problems.  Originally  developed by
T.Achterberg [32], SCIP touts itself as one of the fastest
non-commercial solvers for Mixed Integer Programming
(MIP) and MINLP. This study utilizes v5.0.1 [33] through the
OPTI Toolbox [34].

BONMIN (Basic Open-source Nonlinear Mixed Integer
Programming) is a dedicated general MINLP solver
developed as part of a collaboration between Carnegie Mellon
University and IBM Research [35]. Being the default MINLP
of the aforementioned OPTI Toolbox, it is considered for this
study due to its accessibility.

Lastlyy, BARON (Branch-and-Reduce  Optimization
Navigator) is a computational system for solving NLPs and
MINLPs. Developed as early as 1996 [36], BARON has
several publications connected to it [37] and is also accessible
under MATLAB with an interface that can be utilized by the
OPTI Toolbox.

The three methods above were evaluated by [38] with
competitive results, while SCIP and BARON even rank high
against other third-party MINLP benchmarks [39].

Initially, there was an attempt to include Genetic Algorithm
(GA) as a comparison point representing heuristic solvers
against the earlier stated deterministic solvers, but the
implementation intended to be used (thru MATLAB’S
Optimization Toolbox [40]) does not accept integer
programming combined with both linear and nonlinear
equalities, and even after working around this limitation the
documentation states that the procedure can fail [41].
Moreover, preliminary results showed that nearly 70% of the
optimization iterations did not satisfy the constraints, and thus
the idea of utilizing GA was abandoned entirely.

4. RESULTS AND DISCUSSION

The study utilizes hourly data for the whole month of
December 2015, which equates to 744 data points to be
solved. In order to evaluate the performance of the three
MINLP solvers, both the capability to solve the function as
well as the speed of each algorithm was measured.

Utilizing the tic toc function of MATLAB, it is possible to
measure the amount of time it takes for the optimization
function to arrive in a solution.
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Figure 2: Processing Time per Iteration

Table 3: Geometric Mean of Execution Time
Geometric Mean of Execution Time
BARON SCIP BONMIN
0.20393 0.02066 0.12588

As shown in Figure 2 and Table 3, SCIP posted the fastest
processing time out of the three. BONMIN, while having a
geometric mean that is less than BARON, actually posted a
higher average time to complete multiple iterations due to
some outliers in the data.

Table 4: Successful Solution Finding
BARON SCIP BONMIN
100% 100% 91.13%

On all iterations did BARON and SCIP found the solution to
the optimization problem, and their respective results are
100% the same. BONMIN, on the other hand, found solutions
for 678 out of the 744 iterations with very similar results to the
other two (Table 4). Judging from the failed solutions, there
seems to be an issue with resolving the integer programming
part but even adjusting the relevant parameters did nothing to
the results.

In order to validate the impact of the optimization, the results
obtained through the presented MINLP can be compared with
a non-optimized dispatch which relies on power reliability, in
which all gensets will be providing power once the PV array
and battery handle the demand by themselves.
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Figure 3: Gallons Consumed for the first 48 hours



Table 5: Total Diesel Consumption for the Month
Total Gallons Consumed

Optimized | Full Droop
88188470.50 | 94662238.00

Comparing the diesel consumption of the two dispatch (Table
5) implementations shows the optimized dispatch consumes
6.84% less the amount of diesel compared to the reference.

5. CONCLUSION AND RECOMMENDATIONS

The study aimed to achieve an optimization algorithm that can
reduce the operational cost of microgrids with
droop-controlled gensets thru reduction of diesel
consumption, and the results have shown that it was
successful in doing so. While the study uses a specific
configuration of a microgrid in order to demonstrate the
problem, the derived MINLP problem can be utilized on any
configuration of microgrids with multiple droop-controlled
diesel generators.

Through the course of experimentation, multiple MINLP
solvers were utilized and compared to each other, with SCIP
coming out on top against BARON and BONMIN for this
specific application. While these three solvers were judged to
be enough for the purposes of this study, there are still
multiple MINLP solvers that can be evaluated further, some
accessible through GAMS distribution [42].
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