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Abstract

Smart meters in microgrids enable fine-grained monitoring and control of individual building
demands. Possibilities are being explored globally to leverage these smart meter capabilities for
demand side management (DSM), particularly to advance rural electrification in emerging con-
texts. Simulating different microgrid configurations and operating strategies before implement-
ing them is valuable for providing reliable service to customers and keeping expenses low. This
dissertation focuses on the design, development, and implementation of a simulation tool that
quantitatively compares microgrid operating strategies and sizing options. To this end, the tool’s
pre-processing engine accepts arbitrary parameters for probability distributions to characterize
loads and nondispatchable supplies (e.g., wind and PV). This dissertation presents methods to
compute probability distributions for the aggregate system demand from individual load dis-
tributions that characterize each consumer. Further computational methods are given to derive
probabilistic estimates of aggregate loads reduced by DSM. These probability underpinnings
create effective system-level models for simulation studies of energy management schemes. The
models of aggregate load behavior and probabilistic supply are used in a simulation model that
includes dispatchable generation and storage components to perform Monte Carlo simulation
studies.

This dissertation describes the rationale and modeling parameters for different components
in the simulation tool. The tool allows different rule-based energy management strategies to
be implemented and compared, with certain supplies and storage options being controllable
while others are driven by external factors. To account for the wide range of possible out-
comes that occur in a real-world system, the tool is fundamentally probabilistic and runs its
MATLAB/Simulink-based microgrid model with Monte Carlo methods. The loads can be desig-
nated Markovian or independent-in-time. The Energy Manager makes dispatch decisions with
limited knowledge of the rest of the system, similar to controllers in real-world microgrids. The
Energy Manager also limits certain loads with DSM to meet system goals, e.g., to reduce the
incidence of power cuts or limit fuel-burning generation. The Energy Manager can prioritize
renewable generation, energy storage, etc. as desired by the microgrid operators. To demon-

strate the simulation tool, this dissertation concludes with case studies based on a microgrid in
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Rwanda. The case studies provide examples of how smart meters, which are able to control
residential demand, can benefit microgrid operations. The deployment of DSM strategies us-
ing smart meters is shown to reduce the occurrence and duration of power cuts when system

demand exceeds the total available supply.
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Chapter 1

Introduction

The US Department of Energy (DOE) defines a microgrid as "an integrated energy system con-
sisting of interconnected loads and distributed energy resources." DOE adds that coordination
is key and the term microgrid does not apply to "a group of individual generation sources that
are not coordinated" [55]. The International Council on Large Electric Systems (CIGRE) further
clarifies that the term microgrid applies exclusively to such an energy system on a distribution
network (no high voltage or transmission lines), i.e., a single bus power system [10]. A microgrid
is called islanded when it has no connection to a utility grid (no infinite bus in the system) and
a lack of grid services like operating reserves. Challenges arise in islanded microgrids when the
installed generation has insufficient capacity to meet growing demand and when this genera-
tion is increasingly supplied by intermittent renewable sources. The integration of smart meters
into islanded microgrids brings the system managers new operational flexibility and monitoring
capabilities. Specifically, smart meters with load management functionality allow demand side
management (DSM) at fine time granularities and on a load-by-load basis [18]. This dissertation
focuses on modeling and simulation of smart-meter-enabled (SME) islanded microgrids with
DSM capabilities.

Load management is a valuable feature for microgrids, which typically lack some dispatch-
able features of transmission networks like spinning reserves and grid-scale storage (e.g., pumped
hydropower reservoirs). With these limitations, SME microgrids can employ dispatch strategies

that are often time-dependent and combine control of loads and supplies. In addition, the grow-
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ing availability of lead acid batteries in rural developing contexts makes storage charging and
discharging an important consideration in dispatch strategies [28]. On the demand side, load
management is increasingly flexible with smart meters capable of load attenuation, i.e., reducing
individual loads to a power limit (or cutting certain loads entirely) to avoid a full system power
cut or localized brownout [18]. This method of limiting loads, attenuating individual loads to
fixed power limits without cutting any load entirely, will be termed clipping in this dissertation.
As microgrids are becoming equipped with smart meters capable of clipping, flexible DSM tech-
niques that use clipping can be tested and evaluated in simulation [61], [59], [60], [58]. Simulation
tools that incorporate these new operational choices are valuable for smart microgrid planning
and operations, allowing investors and microgrid managers to anticipate the options for load
management to choose and operate energy assets accordingly.

In recent years microgrid managers have begun clipping for load management in select mi-
crogrids of Haiti, Nigeria, Tanzania, and Bhutan [18], [51]. Microgrids consist of significantly
different architectures and equipment mixes depending on a region’s infrastructure and level
of development. Microgrids in the developing world constitute a special case, where customer
demand is unpredictable and often grows rapidly when electricity becomes available for the first
time. These microgrids often suffer from insufficient supply when customer loads exceed the
levels anticipated during microgrid planning [18]. Islanded microgrids that run independently
of any larger grid are a staple for electricity distribution in the developing world. They prove
especially important in rural areas where utility grids are limited in their coverage or reliability.

Expanding electricity access provides many economic and developmental benefits. Average
income, quality of life, health, and access to information all increase when a community first re-
ceives access to electricity [76]. As this access becomes a higher priority in the developing world,
distributed energy systems are necessary where utility grids are limited or absent altogether [69].
Many developing countries have little capital allocated to utility grid infrastructure, and these
countries often lack any private firm equipped to provide widespread energy access [54]. For
these reasons, microgrids are a desirable solution for expanding energy access. In Rwanda, for
example, the national utility Rwanda Energy Group (REG) anticipates 48% of the population will
receive power from microgrids indefinitely, with no plan to connect these (typically rural) homes

to the national grid [25]. With microgrids proliferating and smart meters becoming more afford-
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able, the process of incorporating smart meters into microgrid operations is rapidly spreading
across the developing world. For energy development in these countries, a tool that models smart
meter capabilities is necessary for efficiency in microgrid planning and management. Given the
high variability of instantaneous demand and available supply in developing world microgrids,
a tool that models more than anticipated cases (or an average/expected case) would be helpful,
specifically a tool that models the full range of possible situations stochastically. In general, an
effective simulation tool for microgrids must model the physical elements in sufficient detail
to obtain useful results but keep these models simple enough to produce system-level metrics
efficiently.

This dissertation presents a simulation tool called the Probabilistic Load-Attenuating Smart
Microgrid Simulator (PLASMIS). PLASMiS models and evaluates microgrid operating strategies
for different generator and load types, integrating dispatchable and nondispatchable' supplies
with energy storage and various types of loads (controllable and uncontrollable). Among the
supply options modelled in PLASMIiS are renewable sources, specifically photovoltaics (PV)
and wind. These are modeled as nondispatchable with probabilistic natural resource inputs.
Renewables can also be modeled in PLASMiS as dispatchable with time-dependent limits on
their outputs. PLASMIS is especially designed to simulate and compare microgrid operationing
strategies, e.g., dispatch strategies for battery storage and smart meter load management. Testing
across this breadth of inputs, PLASMIS is also useful for microgrid planning and the cost-effective
implementation of smart meters. With stochastic models defining loads and nondispatchable
supplies, PLASMiS uses Monte Carlo simulation to probabilistically characterize the full range
of possible supply and demand profiles.

This dissertation makes contributions by developing:

¢ A formula for computing aggregate Markov transition matrices to characterize the sum of
independent Markovian random variables (RVs), with derivation (Chapter 3, Sections 3.3

to 3.4).

¢ Computational methods for bounding the value of aggregate clipped load, given aggregate

unclipped load (Chapter 3, Section 3.5)

1Nomdispatchable supplies are driven by external factors (e.g., solar irradiance or wind velocity) that are modeled
as stochastic. Thus nondispatchable generation is left uncontrolled by PLASMIiS.
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A rationale for modeling generation and storage dispatch with load clipping as a DSM

technique (Chapter 4)

¢ PLASMIS, a probabilistic simulator for microgrids for evaluating microgrid operations and

planning by quantitative metrics (Chapter 5)

* A rationale for sizing generation in case studies as a first pass for microgrid planning

(Chapter 6, Sections 6.2 and 6.6)

¢ Case studies modeled after rural microgrids in Rwanda, tested in PLASMiS (Chapter 6,

Sections 6.3 to 6.4)

¢ Case study results demonstrating the effects of changing clipped load power limits and the
number of clipped loads, both demonstrated with the Rwanda microgrid model (Chapter
7)

* A quantitative justification for the intelligent use of load clipping to mitigate power cuts in

islanded microgrid operations. (Chapter 7)

These contributions fall into several major categories. The first two are mathematical deriva-
tions for reducing computational complexity and forecasting given a state change, respectively.
The remainder of the contributions detail a probabilistic model for simulating islanded, SME
microgrids and the introduction of a new tool (PLASMiS) to perform these simulations with
different DSM and operating strategies.

The following chapters describe the context and motivation for this work, the simulator ra-
tionale and design, and different uses for PLASMiS demonstrated in the aforementioned case
studies. Chapter 2 shares background, including an overview of prior microgrid simulation
tools and their differences from PLASMIS. Chapter 3 explains the mathematical derivations of
probabilistic models used for microgrid simulations over the full range of their supply and de-
mand scenarios. Chapter 4 gives the modeling approach for real-world microgrid components
simulated in PLASMIiS, with discussion of rule-based energy management. Chapter 5 shows the
design rationale and structure of PLASMIiS from pre-processing to Monte Carlo simulation to

post-processing. Section 6 explains the design of case studies to demonstrate certain capabilities
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of PLASMIS. Chapter 7 describes the tests performed and results of these case studies. Finally,
Chapter 8 presents conclusions including directions for future work that can be carried out to

extend the capabilities and applications of PLASMiS.



Chapter 2

Background and Related Work

2.1 Introduction

Microgrids are growing in popularity around the globe. They serve as research topics for the aca-
demic community, as investment opportunities in the power industry, and as sources of energy
security for consumers themselves. Smart meters provide a fertile area for microgrid research,
since they can enable real-time load control while also producing data at high granularity for
aggregation and analysis [58],[61],[59]. Prior research on SME microgrids includes recent field
implementations and a range of deterministic models and simulators [18],[51]. In this chapter,
a summary of popular microgrid simulation tools reveals significant modeling support that ad-
dresses microgrid planning and sizing. Studies performed with the existing tools demonstrate
many options made possible with smart meters, including quantitative microgrid planning and
economic analyses. Simulating operational strategies is less often supported with widely avail-

able simulators.

2.2 Smart Meters in Microgrids

Smart meters deployed in microgrids are starting to enable real-time load aggregation measure-
ments as well as fine-grained monitoring and control, including load clipping to prevent power
cuts [60],[18],[58]. This new functionality makes it possible to envision and implement new

operating strategies for microgrid managers [59],[60],[61]. Load clipping reduces instantaneous
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demand to prevent power cuts when system demand exceeds supply. By using smart meters,
dispatchable supplies can be controlled and demand limited to avoid power cuts [36], [72]. The
demand-side smart meters referenced in this dissertation are of the type currently deployed
across Africa, Latin America, and India, which range in price from $9 to $87 [56]. The units
available for developing contexts can be for AC or DC systems [13], [2], and they are designed to
run for 10-15 years [78]. Taking the SparkMeter as a prime example, the smart meters modeled
in this dissertation are equipped to limit demanded power to a clipped power limit [53]. This
limit is specified by a central gateway controller that maintains wireless two-way communication
with all smart meters in the microgrid while storing their data to the cloud [44]. Load clipping is
a type of DSM enabled by certain smart meters, including the SparkMeter, that have been intro-
duced in the field around 2010 [18], [51]. Microgrids instrumented with these smart meters need
not rely on traditional hard-coded, binary control from simple current limiters. On the economic
side, electricity pricing can be tied to clipping limit, incentivizing customers to accept clipping
since doing that gives them a discount on power. Customers choosing lower clipping limits gives
the microgrid manager more flexibility to smooth or flatten the load curve in peak hours and
thus reduce the likelihood of a power cut. Dispatch schemes that dynamically dispatch gener-
ation and energy storage can be paired with load clipping to further decrease the incidence of
power cuts [66]. Broad categories of supply, storage, and demand inputs an SME microgrid with

these capabilities is shown in Fig. 2.1, and Chapter 4 gives further details on each labeled item.

Dispatchable Controllable
Generation Loads

\‘//\@gy Manager — .
Exogenousl ~ Unm

Generation~— Loads

\/

Storage

Figure 2.1: Schematic diagram of an SME microgrid with clipping DSM [77]
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In practice, smart meters are increasingly being installed in the Organisation for Economic
Co-operation and Development (OECD) nations as well as developing countries. Major elec-
tronics and controls companies such as Eaton, Siemens, and Schneider Electric are selling smart
meters together with microgrid controllers as they propogate SME microgrids in Western nations
[77]. This dissertation focuses instead on microgrids in developing countries. In these contexts,
microgrids are proliferating as the demand for smart meters grows year over year [12], with
notable increases especially across Africa and the Middle East [78]. Africa specifically sees rapid
adoption of the technology, given the lack of legacy infrastructure or expectation from the gen-
eral public of a centrally managed power system (i.e., a utility grid). Given these two factors
rural communities in Africa are skipping traditional energy technologies which, once in place,
have kept more developed nations from adopting the latest infrastructure technologies includ-
ing smart meters [78]. Load clipping is essential for preventing power cuts in these microgrids
where demand growth that is often unpredictable strains microgrid systems with undersized

generation and limited capital for new generation [18], [43].

2.3 DSM Techniques

Relevant work on microgrid operations focuses on DSM options with charging and discharging
of storage elements. Much of the previous DSM research focuses on load shifting, especially
with heating, ventilation, and air conditioning (HVAC) and electric vehicle (EV) loads. Wei et al.
model EV charging as a time-shiftable load and control the power delivered to each EV battery
for a given time interval [71]. Niinisto describes a load shifting algorithm that smooths forecast
error from aggregated demand and weather-dependent generators [48]. As with dynamic load
shifting, scheduling loads beforehand must follow constraints to meet consumer needs (e.g., not
scheduling appliances to run at a future time when they are no longer useful) [71]. Temporarily
cutting certain loads entirely is another DSM technique. Grids have historically been able to cut
individual loads, either when a given load exceeds a current or power limit (e.g., with breakers
and fuses) or when a customer’s credit for electricity runs out (e.g., with a prepaid electricity
meter) [57]. The research presented in this dissertation considers the contributions of smart

meters in dynamically clipping loads, a DSM method that is new to the modeling landscape.
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Load clipping in SME microgrids has been implemented in several incarnations throughout
the developing world. The GridShares program in Bhutan installed smart meters in 90 homes
and runs them with clipping automatically applied when microgrid voltage falls below a thresh-
old value. Clipping in their implementation is prescribed and rigid, performed equally across
all customers with the voltage threshold enforced at all times [51]. More variation in clipping
options are introduced by SparkMeter through their instrumented microgrids in Haiti and Tan-
zania. Their smart meters apply different peak power limits to different customers based on the
electricity tariff chosen by the customer. Higher tariffs correspond with higher peak power limits.
Customers pre-pay for electricity at a tariff level corresponding to the clipping limit they choose.
The microgrid manager can actuate the meters together or each meter separately as needed, e.g.,
to cut off service to a business that has stopped paying for electricity [18]. This dissertation
work assumes load-clipping functionality in the smart meters modeled here, focusing on SME
microgrids like that of SparkMeter, where loads can be constrained to peak power limits of ar-
bitrary magnitude. GridShares and SparkMeter have each demonstrated viable smart meters for

clipping, and they have verified load clipping in the field with these devices.

2.4 Simulation Tools for Microgrids

Planning for DSM, supply sizing, and microgrid operations enables less onsite engineering and
troubleshooting, which reduces costs for installation and maintenance. Certain planning tasks
for grid development, e.g., sizing of PV, have been the focus of research using computational op-
timization methods without the need for a dedicated simulation tool [49],[39]. These approaches
typically optimize for a specific context or goal, e.g., maximum power generated from solar en-
ergy over a typical day based on conditions at a selected site [65],[40]. Optimizing the topology
of an electrical network is similarly a research topic often addressed algorithmically (e.g., with
machine learning) [21]. Microgrid testbeds provide a physical platform for testing [66], but these
require much higher upfront capital than a software-based simulation tool. A simulation tool
can model microgrids of different designs with arbitrary user-defined inputs, offering greater
flexibility than a testbed, computational exercise, or purely algorithmic approach.

Testing microgrid strategies and designs in simulated case studies before implementing them
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in practice can save microgrid developers significant time and money. Developers therefore
choose simulation tools to reduce risk and improve rates of return [19]. Approaches to opti-
mally plan and model transmission networks (topology, phase balance, and power flow) have
been in use for over a century [26], while dynamic, quantitative modeling of distribution-level
microgrids is a much more recent development. Current simulators often focus on microgrid
planning, as designers and project managers aim to minimize the large capital outlay required
for building and maintaining a microgrid [9]. Three popular tools that address planning con-
cerns are described below. Two other topics less frequently addressed by microgrid simulators
are daily operations and dispatch. These prove important from a business perspective given the
economic imperative to fund a microgrid day-to-day through generated income. The most pop-
ular microgrid simulation tools available today do not allow offline assessment and evaluation of
supply dispatch and load clipping strategies, which leaves microgrid operators relying on broad
rules of thumb, real-time experimentation, and intuition when implementing load clipping.

One factor that has limited the scope of microgrid simulation is the preponderance of deter-
ministic simulators and those focused on transmission-level systems [14]. To address inherent
variation in supply and demand levels, probabilistic modeling and dynamic control options are
needed to prevent power imbalance in the microgrid system. Three tools that are currently
available, both deterministic and probabilistic, are described below.

The Hybrid Optimization Model for Electric Renewables (HOMER) is a popular simulator
for microgrid planning, specifically for sizing of generation and storage. HOMER models real
power and chooses the optimal sizes and generation types to supply given microgrid loads and
meet other objectives (e.g., maximum income, minimal emissions, etc.) [50], [17]. HOMER is fun-
damentally deterministic but can perform boundary analysis (evaluating max/min cases) with
variability parameters input by the user [74]. HOMER runs with one-hour time increments. Re-
garding dispatch strategies, HOMER performs simulations in two preset dispatch strategies and
compares the two. These fixed strategies are cycle charging, where the generators are deployed
to charge the battery storage, and load following, where the generators provide just enough
power to meet load without battery charging [9]. HOMER’s optimization criteria are focused on
maximum net income, with consideration of depreciation and life cycle costs. HOMER allows for

DSM by accepting schedules for certain time-flexible loads. The user can also designate primary
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loads (that must be met on a certain schedule), deferrable loads (loads that can be met flexibly
within a given time span), and thermal loads (demand for heat, e.g., with CCGT generation) [37].

GridLAB-D is a popular simulator for power network design, specifically planning distribu-
tion systems. GridLAB-D models reactive as well as real power. It integrates coupled differential
equations and can operate with time steps of less than one second [63]. GridLAB-D is determinis-
tic and does not have the capacity for probabilistic analysis. In terms of dispatch, GridLAB-D per-
forms standard economic dispatch and includes models of power electronics components (e.g.,
inverters and variable capacitive loads). GridLAB-D incorporates a wholesale market model and
price-responsive appliance controls (sending setpoints based on the market electricity price) to
reduce peak demand or maximize microgrid income. GridLAB-D models reactive power control
by managing certain capacitive and inductive loads in the system according to the needs of the
distribution network. For example, GridLAB-D performs Volt/ VAR control to switch capacitive
elements on and off in order to maintain a desired voltage [8].

The Stochastic Techno-Economic Microgrid Model (STEMM) is a microgrid and electricity
market simulator for economic planning and generation sizing. STEMM is built using the
general-purpose quantitative modeling tool Analytica [73]. STEMM models real power and
characterizes loads and nondispatchable supplies from user-specified parameters for certain dis-
tributions. STEMM employs Monte Carlo methods for probabilistic analyses, which it applies to
optimal generation planning to maximize economic returns. For example, STEMM was recently
used to optimally size new PV arrays for maximum net income in a microgrid with diesel gen-
eration and battery storage [75]. In its advanced economic model STEMM also accounts for non-
technical losses due to operational inefficiencies, power theft, and non-payment [73]. STEMM
can take parameters for a set of probability distributions as inputs to characterize uncertain load
inputs. The storage subsystem models a lead acid battery bank. STEMM focuses on maximizing
economic returns, accounting for expenses funded by income dependent on electricity pricing.
STEMM tracks the net present value of capital equipment and the price elasticity of demand.
The tool employs load scheduling DSM, similar to HOMER [73]. In its discrete timeline, STEMM
has a one-hour time step like HOMER [75].

STEMM is well suited to microgrid planning and supply sizing, with its Monte Carlo anal-

ysis ideal to assess the full range of operating conditions and choose a microgrid’s generation



CHAPTER 2. BACKGROUND AND RELATED WORK 12

accordingly [73]. At present, STEMM is internal to Carnegie Mellon University, where it was
developed in the Department of Engineering and Public Policy. The software is currently being
re-coded in Python for a web-based platform, to be released publicly by the end of 2019.

These popular simulators have many similarities. STEMM, HOMER, and GridLAB-D all
feature dispatchable battery storage in hybrid microgrids with renewable and fossil-burning
generators [8], [59], [73], [68]. All three simulators model controllable generation as dispatchable
and perform economic dispatch at each time step. STEMM, HOMER, and GridLAB-D model
dispatching generation and managing storage using an implicit controller that assumes suffi-
cient knowledge of the system at all times. They do not have an explicit model of the power
system "plant” providing signals to a separate controller, which could have limited knowledge.
PLASMIS, on the other hand, has a realistic signal flow model and explicit energy manager (EM)
model. In this approach the EM with limited knowledge forecasts load and nondispatchable sup-
ply which are fully known in its distribution network model. The EM thus can be configured to
work with imperfect or noisy information to provide the network with dispatch commands. Like
STEMM, PLASMIiS accounts for generation losses due to machine inefficiencies [73]. In contrast
to STEMM, PLASMIS is best equipped to compare and evaluate different operating strategies,
with given generator types and sizing fixed [61], [59].

PLASMIS runs in discrete time like HOMER and STEMM. PLASMIS, however, runs with a
basic one-minute time step, a much finer granularity than the one-hour time step of HOMER and
STEMM. Flexibility in sample times is built into the PLASMiS EM, which sends setpoints and
state commands to the plant at a constant EM sample time, an arbitrary number of minutes (a
positive integer, i.e., greater than or equal to the time step used in the plant). In the dissertation
case studies the EM makes dispatch decisions every 10 minutes (the EM sample time), with
supply and demand in the plant model changing every minute (the plant sample time) [61], [59].
Regarding microgrid economics, PLASMiS can compute gross income from electricity tariffs
charged over time, but the tool is more focused on dynamic energy management to reduce a
microgrid’s loss of load probability (LOLP). PLASMiS employs load clipping to prevent power
cuts and increase energy sold.

In contrast to the three established tools, PLASMIS is a probabilistic simulator for testing and

comparing operating strategies. HOMER and GridLAB-D, as well as some of the most common



CHAPTER 2. BACKGROUND AND RELATED WORK 13

transmission network simulators (e.g., PowerWorld [14]), are deterministic and use load and
supply curves that are entirely specified [47]. Thus these simulators do not address the path-
dependent nature of individual loads [14]. PLASMIS differs from other tools by characterizing
loads and nondispatchable supplies stochastically using arbitrary, discrete probability distribu-
tions that can be both time-dependent and characterized by Markov models. PLASMIiS combines
these input distributions through matrix operations into aggregate distributions, which reduces

computational complexity [75], [73], [58], [61], [59].

2.5 Probability Background

PLASMiS models each probabilistic quantity (e.g., a load) at a given time as a random variable
(RV). An RV is a real-valued function of the outcome of an experiment. In this dissertation,
the RVs for different probabilistic quantities are independent with a probability mass function
(PMF) for each time step. A PMF is the discretized form of a probability distribution. In PLAS-
MiS, PMFs are used rather than continuous probability distributions to characterize probabilistic
quantities that take certain discrete values with specified likelihoods [27].

Individual demands are characterized in PLASMIS as probabilistic quantities, as are natural
resources (e.g., solar irradiance and wind velocity). These probabilistic quantities are modeled
as random processes (time-sequenced RVs) sampled from time-of-day-dependent PMFs over
ranges of integers corresponding to discretizations of the value-space for the quantities. Each
probabilistic quantity is modeled by an RV that is either independent in time (no dependence on
the value for a given time step on any other time step) or a Markov model (dependent on that
quantity’s value in the prior time step).

This dissertation denotes time steps by k, k + 1. Instances of the same quantity (e.g., load) at
different time steps are denoted by an index I. With a slight abuse of notation, both an RV and
its value will be referred to by the same lower case letter, e.g., x.. Whether an RV or its value is
meant in a given instance will be evident from the context.

Each RV in PLASMIS is sampled as index values corresponding to probabilistic quantities
(load power, solar irradiance for PV, wind speed for wind turbines, etc.). In PLASMiS all load

PMFs and Markov transition matrices (to be discussed below) have rows and columns discretized
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to demand levels at a granularity of €, a positive power increment (e.g., in Watts) that is uniform
across all RVs that are aggregated together. Since the first entry in each PMF vector (length M)
corresponds to the zero case, € maps the sampled index i to the power level of (i — 1)e Watts.
Similarly, stochastic supply resources like solar irradiance and wind speed each have a constant
resource increment (e.g., { m/s for wind speed). The output value corresponding to an index i
corresponds to resource level (i — 1)¢ m/s. These resource levels and load power values are then
fed into the generator models discussed in Chapter 4.

Each RV x! that is independent in time has a PMF P,fl. The PMF for quantity / is a column

vector of length M' with entries
PEli] = Pr{xk =i},i € [1: M'] @.1)

In PLASMIS all probabilistic quantities (e.g., loads and nondispatchable supplies) are inde-
pendent from each other, i.e., the joint probabilites of two such probabilistic inputs (represented

by RVs indexed I and m) are
Prixl =i,x" = j} = Pr{x} = i}Pr{x}" = j} (2.2)

This independence does not hold for RVs of different time steps for a given probabilistic

quantity if that quantity is Markovian.

2.5.1 Markov Models

Markovian RVs by definition have values that are not independent in time but depend on one or
more past values. Each Markovian RV modeled in this dissertation is characterized by a discrete-
time Markov chain, i.e., the RV sample value for the next time step depends on only the current

RV value such that

Prixl,, =ilxi =a,xb=b,...,xL =j} = Pr{x}, = i|xl = j} (2.3)

The conditional PMF is a row vector of length M' populated with conditional probability
values

p~

k+1|x]’{=j[i] = pr{x;ﬁl = l’xll( = ]}\V/Z,] el: Ml] (24)

in this case with all possible k + 1st values conditioned on k" value x} = .
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To match a given microgrid’s time-based characteristics, in PLASMIS the k to k + 1 transition
probabilities are time-of-day dependent rather than being time-homogenous [70]. Each Marko-
vian RV is characterized by an array of time-of-day-dependent Markov transition matrices Xi Al

The [i, j]th element of X]lc Ak is conditional probability

Xjali, 1= Prixg, = jlxg = i} (2.5)

Since the probabilities of an RV transitioning from a given state to each of the other possible
states sums to one, each row must sum to one and is a conditional PMF. Thus X,l( Alk is a right
stochastic matrix [24]. X,ﬂ 41|k 18 @ square matrix of size M! x M!. To probabilistically determine

the value of xi_,, X,l( Ak 18 narrowed down to one row according to the value of xi. The value

xt, is then sampled stochastically from the remaining row.

Whether a given RV xf{ is independent in time or Markovian, the value of the initial RV, xé,

is sampled from PMF Pgl (length M) rather than from a transition matrix.

2.5.2 Aggregate Probabilistic Quantities

The sum of RVs is itself an RV [27]. A sum of RVs is termed an aggregate RV for the purposes of

this dissertation. The aggregate RV for the sum of g independent RVs at time k will be termed
Lo
ay = Zxk (2.6)
1=1

where q € Z*. The PMF characterizing the sum of independent RVs is the convolution of their
PMFs [27]. For an aggregate RV a; representing the sum of g = 2 example RVs x| and x{, the
aggregate PMF is defined

Pe=py «pY 2.7)

f

where individual RVs xf{ and x; are assumed to be recorded in the same increment (discretization
of the RVs’ value-spaces). For computational benefits this dissertation develops a method for
aggregating Markovian RVs and computing an aggregate Markov transition matrix Ay +1jks @s

discussed in Chapter 3.
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2.5.3 Monte Carlo Methods

Since the simulation input curves for loads and nondispatchable supplies are generated by ran-
dom sampling, a high enough number of iterations characterizes a full range of possible out-
comes for the dispatch strategy being tested. This testing from repeated random sampling to
generate quantitative results is termed a Monte Carlo method, and each run of the simulator is
a single Monte Carlo iteration [35].

The simulator inputs RV are sampled for each Monte Carlo iteration. Certain RVs are aggre-
gated before sampling (e.g., small loads like homes) into a single aggregate RV for input to the
simulator. Other RVs are sampled individually (e.g., industrial loads, nondispatchable supplies,
etc.). When there are many independent instances of a quantity, such as multiple demands from
houses, aggregating independent RVs allows computationally efficient sampling and clipping

without the need to track the individual RV values, as discussed in Chapter 3.



Chapter 3

Probabilistic Load Models

3.1 Introduction

This chapter presents techniques for modeling individual and aggregate loads in their clipped
and unclipped states. To improve performance in PLASMIS, this chapter sets out to compute an
aggregate Markov transition matrix Ay, ; of the same form and function as the individual load

Markov transition matrix D!

ek but for g summed load RVs. The aggregation process reduces

the computational complexity of stochastic sampling (the result of pre-processing in PLASMIS)
and running simulations. With the introduction of clipping, a state change complicates load
characterization and sampling. This chapter gives mathematical definitions of clipping and com-

putations of clipped aggregate loads that are used to model clipping DSM.

3.2 Notation for RVs

Loads are modeled as Markovian and characterized by transition matrices following the notation
in table 3.1. PLASMIS also has the option of modeling loads and nondispatchable supplies as
independent in time, i.e., not Markovian and with no path dependency. In the case studies of
this dissertation (Chapters 6-7), nondispatchable supplies are modeled as independent in time
to demonstrate the independent-in-time option with PLASMiS. Independent-in-time quantities
are not modeled with transition matrices but instead with PMFs, computed according to (2.7) for

aggregate supplies.

17
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Table 3.1: RVs Used in PLASMiS

Physical Quantities RV Type Increment [Units]
40 Home Loads d,l( Markovian, transition matrix Dll( Hlk edI[W]
Hospital Load d,{{ Markovian, transition matrix Dg” k edH[W]
Factory Load d]’: Markovian, transition matrix D,f Alk edF[W]
Aggregate Home Load Markovian, transition matrix Ay edI[W]
Wind Speed s’ Nondispatchable Supply - Independent in time cls]
Solar Irradiance stV Nondispatchable Supply - Independent in time U[WWZ]

3.3 Computing Aggregate Transition Matrix with Convolution

The aggregate PMF denoted P characterizes an independent-in-time aggregate load. P is com-

puted by convolving g individual load PMFs P,fl’ (length M! for each load I), so P! has length
N=1-g+) M (3.1)

P} is computed by iteratively applying (2.7) pairwise until all g individual load PMFs have
been convolved. Because a sum of independent RVs is itself an RV (which can then be added
to another RV, etc.), the PMF can be computed for the aggregation of an arbitrary number of
RVs but represented at each computational step as the sum of two RVs [27]. For the following
computations the aggregate of 4 > 1 independent RVs will be defined in terms of its final

aggregation step, as two individual RVs being summed as follows.
a =dp +d? (3.2)

where d? can represent the previous aggregation of ¢ — 1 RVs.

If the individual load RVs x} being aggregated are Markovian, then the aggregate RVs ay are
Markovian. Whether or not the RVs are Markovian, an initial aggregate PMF Pj is computed
by iteratively applying (2.7) as described above to characterize the initial aggregate RV ay. For a
Markovian aggregate RV, the sample values after time 0 will be determined using time-specific
aggregate transition matrices. The aggregate Markov transition matrix Ay, will be a square
matrix of size N X N to characterize all possible values of the aggregate load at k and k + 1. To

function like individual transition matrix Dll{ Ak but for aggregate loads, Ay, must also be a
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right stochastic matrix [24]. The elements of Ay, are defined as conditional probabilities
Appeli, j1 = Priaga = jlaxy = i}Vi,j € [1: N] 3.3)

By the definition of conditional probability

Pr{iag =j, ax =i}
Pr{a, =i}

Agaapeli 1= (3.4)

The vector of denominator elements Pr{a; = i} is PMF P{ computed by (2.7). Therefore each
element P[] is the constant denominator for the corresponding i'" row in Ay +1k- The numerator
of (3.4) is the [i, j]th element of the joint probability matrix, termed Ay, and consisting of the
joint probabilities of dependent RVs 4y, and a;. Expanding the numerator term of (3.4) with the

aggregate RV definition in (3.2) gives

Apprp = Priaga =j,ax =i} (3.5)
N N

=Y Y Pr{de,=ndiy=j—ndi=md;=i—m} (3.6)
m=1n=1

Invoking independence between the two RVs produces

A = Priaga = j,ar = i} (3.7)
N N

= Pr{di, = n,di=m}Pr{d, =j—n,di=i—m} (3.8)
m=1n=1

= PI}+1,k ® PI?+1,k (3‘9)

where the symbol ® designates 2D convolution. The numerator of (3.4) is joint probability

matrix Dllc .1 defined for customer ! with elements

Diailisjl = Pridy,, = j,dj = i} (3.10)
= Pr{d.,, = j|d\ = i} Pr{d} = i} (3.11)
= Diyayili, /IPI] (312)

Thus the entire Ay, matrix is computed with 1D and 2D convolution operations by

Ak = (@iag(PL,y ) (Do @ Di ) (3.13)
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3.4 Computing Aggregate Transition Matrix with FFT

An operation equivalent to the 2D convolution is computed in the frequency domain using the
fast Fourier transform (FFT). Specifically, the 2D convolution of two 2D matrices in the spatial
domain is equivalent to computing the FFT of these matrices and then the elementwise product
of their frequency domain counterparts. Taking the nonnegative real part of the inverse FFT gives
the same result as a 2D convolution in the spatial domain [81] [16]. The FFT runs most efficiently
on matrices sized according to powers of two. After padding the square input matrices from
their initial size to the next power of two in both dimensions, a PLASMiS pre-processing script
aggregates the matrices pairwise for efficiency until the total desired aggregate count is reached.
Runtime tests in MATLAB demonstrate the FFT method with this pairwise aggregation runs
more efficiently than the equivalent with 2D convolution. For these reasons PLASMiS computes
aggregate loads by adding sample paths from the component aggregates, each representing a
customer count that is a power of two. For example, an input of 20 customers would be generated
from summing sample paths of 4-customer and 16-customer aggregates. In this way PLASMiS

computes aggregate Markovian loads using FFT in MATLAB/Simulink.

3.5 Modeling Load Clipping

The EM is a controller for the entire microgrid that sends and receives signals with the installed
smart meters. Along with setpoints for dispatchable generators, the EM decides and sends the
command when clippable loads should be clipped or the system’s power cut. While a load goes
to 0 when cut, its clipped value depends on the unclipped value and a constant load limit L. In
this dissertation’s case studies, clipping is a binary operation. In the clipped state all clippable
loads are clipped, whereas in the unclipped state no loads are clipped. Furthermore, the case
studies model one tier of clipping (i.e., the same constant clipping limit applied to all clippable
loads).

This dissertation defines the action of clipping as either (1) leaving the unclipped sample
value unchanged by clipping if it is between 0 and L or (2) bringing the clipped value exactly to

L if the unclipped sample is above L. As with the unclipped load RV, the clipped load RV can
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be characterized by a PMF (e.g., P,ffl‘k). The clipped load PMFs are zero for all values above L.
As with unclipped loads, each RV of aggregate clipped loads is the sum of all individual clipped
load RVs being aggregated. Similarly the value of each aggregate clipped load RV is sampled
from its aggregate clipped load PMFs, calculated as the one-dimensional convolution of all the

individual clipped load PMFs.

3.5.1 Precise Computation of Clipped Aggregate Loads

To incorporate dependency on the past state a Markov model can be implemented for each
load, as introduced in Chapter 2, section 2.5. For the following discussion of an individual
load, simplified notation is used without the load index i. At first glance an implementation of
Markovian decision making between clipped and unclipped states requires transition matrices
for each potential switch between states (unclipped to clipped and clipped to unclipped) for
each k to k + 1 transition. Markov transition matrices conditioned on the previous clipping state
can be created from the joint probability distributions P(dy,,, di.1, d}, di). The transition matrices
can be constructed by summing over the entries not at play in a given transition (e.g., summing
over di and dj,; when going from the clipped to unclipped state, dj to dj,1). The conditional

probabilities can be computed as follows.

P(di_ﬂ/ dk+1/ di/ dk)
P(dy, dy)

P(dS,, dgon |d5, dy) = (3.14)

The calculation of P(dj,1|d}) provides an example of how probabilities with clipping state
transition can be calculated.

Pgs1,dp) = ), Pldjsy, disa, di, di) (3.15)

C
dk+1 ’dk

P})= ). P(df,y, dre, df, di) (3.16)

dk+l/di+] /dk

Pd ,dc ZC Pdc /d /dcld
Py = D) i P ot T B0 6.17)
P(dy) e,y Ppyq, i, di, di)

In this way, each time step’s load PMF depends on the previous load value and whether that

load value occurred in a clipped or unclipped state. After calculating the conditional probabilities



CHAPTER 3. PROBABILISTIC LOAD MODELS 22

characterizing the load change at each change of clipping state, sample paths for demand can be

constructed within each simulation run.

3.5.2 Estimating Clipped Aggregate Loads for Computational Feasibility

The above-described method of constructing all possible sample paths offline, for each Monte
Carlo iteration before the microgrid model is run, has a computational expense that becomes
exponentially greater when the possibility of a discrete state change is added, e.g., to model
clipping. Once probabilistic loads are aggregated for computational tractability, the individual
load levels are no longer tracked. Tracking of the aggregate alone introduces the problem of
uncertainty as to how much an aggregate load will be reduced by clipping the individual loads
to a power limit. Since clipping is employed to reduce load and prevent a power cut, the benefit
from clipping (i.e., the level of load reduction achievable) is important for simulations. Compu-
tations of clipping benefit in the best case (maximum load reduction) and worst case (minimum
load reduction) follow below, with simplified notation for clarity. Since clipping benefit at k is
computed from sample unclipped load at k with no time transition, the simplified notation ex-
cludes the time subscript (k, k + 1, etc.). Without loss of generality, given g independent RVs for
the individual unclipped loads, indices are assigned to order the loads by increasing value, i.e.,
At <d? <. <A<

Simplifying the notation of (2.6), a is defined as the aggregate unclipped load of g customers,
the sum of d'Vi € [1 : g]. Each individual load value d' falls within nonnegative constant bounds

dand d, ie.,

(S

<d <d (3.18)

Each load value d' is clipped to value
d = min(d’, L) (3.19)

where L is the constant, nonnegative power limit imposed on each load by clipping. The sum of

all g clipped loads constitutes the clipped aggregate load

q .
a‘ = Zmin(dl, L) (3.20)
i=1
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When a is sampled from aggregate probability distributions, individual d’ values are not
tracked. This provides benefits of faster runtime and reduced complexity of Simulink inputs,
but without individual loads tracked to compute individual and aggregate clipped loads. To
characterize the clipped aggregate load a probabilistic model is therefore constructed. To estimate
clipped aggregate a° for a given a value, we calculate the maximum and minimum levels of load
reduction (a — a°) that can be achieved by clipping over all possible distributions of individual,
unclipped load values that could sum to the given unclipped aggregate value of a. The value of
L and the time-of-day dependent, unclipped aggregate load (computed in Sections 3.3-3.4) are

given for the following computations of aggregate clipped load.

Maximum Load Reduction from Clipping (i.e., Best Case)

The maximum load reduction from clipping aggregate load, i.e., the best case result of clipping,
is found by maximizing the quantity a — a. Since a is constant, this maximum load reduction cor-
responds to minimizing a°. By the definition of a° in (3.20), the combination of individual loads
that produces maximum aggregate load reduction from clipping is calculated by the following

minimization problem.

q
i d,L
Jnin, L min@, L)
q
subject to a:Zdl (3.21)
=1
d<d <d

Within the quantity to be minimized, the load limit L is constant so only the unclipped
values below L (i.e., all d' < L) are reduced by clipping. Thus maximum reduction by clipping

will follow for d' values that satisfy the following maximization problem.
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=t
%
-

di
jdb, .., ds P
. q, )i
subject to a = ;d (3.22)
d<d <d
g <q

With optimal d' values, the clipped aggregate load becomes
I
a°=) d+(@—j—1L (3.23)
i=1

The optimal (i.e., minimum) solution for load reduction due to clipping is a — a®* such that

a=md+d"™ +(q—m—1)d
a* = md + min(@d™, 1) + (g — m — 1)l
The load of unspecified value d"*! can be divided as d"*! = d + §*!. Unclipped aggregate a

then determines m and §"*!. For simplicity we define constant 1 as the number of maximized

loads (H), ie,n=q—m—1.

a=(q—nd+o"" +nd
a=qd+5" +n(d— d)
a—qd =05+ n(d—d)
n=(a—qd)/d—d—o""/d-d

Since d < d™1 < d,0< ¢l <d—d. Thus

5m+l
= <1 (3.24)

which simplifies 1, the integer number of maximized loads, to

nzv—ﬂ
d—d

Unclipped load value d"*! is then computed d"*! = a — md — nd. Of the other individual loads,

m take value d and (g — m — 1) take value d while unclipped. This arrangement of load values
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sums to a° and is optimal (i.e., results in maximum a — a‘). We prove by contradiction for the

two possible cases of how the aggregate load is shared between the individuals.

Proof a — a®* is the Maximum Load Reduction From Clipping

e Case 1) m = j and unclipped aggregate a = md + (g — m)d. The clipped aggregate is a° = md +
(g —m)L. We prove the optimality of a* by contradiction. We assume a° is suboptimal (not the
minimum given a), and we change an individual unclipped load to reduce a. Only the loads
that exceed the minimum can be reduced, thus we reduce (m + 1) load from d to d"™*! < d.
Constrained by fixed aggregate constant a, one of the minimal loads of value d must be in-
creased. The clipped aggregate becomes a° = (m —1)d + min(d™, 1) + min(d™*,[) + (g—m—1)L
Because d < d™ < d"*1 g is greater than a*. This results in a contradiction, and thus the
assumption cannot hold. a“* is optimal, i.e., minimized given a. Thus clipping benefit a — a° is

maximized.

e Case 2) This more likely case has one individual load value d"*! between extremes d and
d. The unclipped aggregate is a = md + d"*! + (; — m — 1)d and the clipped aggregate a®* =
md + min(d"*!,1) + (g — m — 1)I. As with case 1, we prove a° is minimal by contradiction.
Assuming a®* is suboptimal and can be reduced, we reduce d"*!. To maintain the sum a,
load m must be increased from d to d" > d. The clipped aggregate becomes a¢ = (m — 1)d +
min(d™, 1) + min(d"™*, 1) + (g — m — 1)L. ac is greater than a“*. The only remaining option to
adjust a°* is to reduce one of the maximized individual loads from d to d"*? < d. Load d"*!
must be increased by the amount of the d"*2 reduction to maintain 4, leaving clipped aggregate
a’ = (m)d + min(d™*, 1) + min(d™*2,1) + (g —m — 2)I. Given constant a, clipped aggregate ac" =
a®*. This results in a contradiction, i.e., a“* is optimal and cannot be reduced given a. Clipping

benefit a — a° is maximized.

Minimum Load Reduction from Clipping (i.e., Worst Case)

The worst case for clipping occurs with the combination of individual load values (unclipped)

that yields the minimum load reduction from clipping. This load reduction a — a° is minimized
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by maximizing a°. The maximum clipped demand is calculated with the following optimization

problem:

9 .
max min(d', L
..., 1 ; (. 1)

1. .
subjectto a=) d'
i=1

d<d <d
The solution is

d=a/qVicl:q (3.25)

We prove by contradiction that the solution is optimal.

Proof Load Levels d' = a/q Provide Minimum Load Reduction from Clipping

For g customers, we look at all possible levels of clipped load. The customers are independent
and each clippable to power limit L. RV a represents the aggregate load before clipping. Under
clipping, each of the customers will be limited to consuming L (or left unchanged if already at or
below L) once clipping is implemented. Depending on the values of d, .. .,d7 (before clipping),

the benefit from clipping will fall in one of the following two cases:

e Case1)a < gL. With each individual load at or below L, the aggregate load will not be reduced
by clipping. One feasible solution that meets this criterion has the aggregate load evenly
distributed across the g customers d*,...,d7 = a/qg < L. No customer is above the clipped
power limit so a — a® = 0. Zero load reduction is by definition the minimum possible load
reduction, since clipping DSM cannot create load (i.e., a negative load reduction is impossible

from clipping).

e Case 2) a > qL. In this case, at least one of the customers is above the power limit before
clipping is implemented. Thus clipping will always result in some positive load reduction.
By the logic seen in the 2-house scenario, in the worst case here all customers are at or above
L. Their clipped values are maximized (each equal to L) and the clipped aggregate is thereby
maximized (a° = gL). One feasible solution of this form similarly sees the load evenly dis-
tributed across the g customers dl,...,d1=aqa /q < L. To prove by contradiction, we assume

this solution is suboptimal and that changing individual load value(s) will increase a“. We
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move an individual load d! below L, which requires another load to increase such that the
sum of loads still equals a. When clipped to L, this increased individual load will be reduced
more than before the change, while the reduced load will remain unchanged at its lower value
(d* < L) after clipping. The adjustment of individual values yields a higher load reduction
under clipping and a lower resulting aggregate (a° > gL). With any individual load dropping
below L the solution produces more reduction in clipping (less optimal) than the previously
found solution. A contradiction, therefore the solution originally proposed (with all individual
loads at or above L) is optimal. Thus the worst case clipping benefit is a —a“ = a — gL > 0. One
solution of this form has the aggregate unclipped load spread equally between the individual

loads.

Thus we have proven that for n houses, in both possible cases, a worst case solution (yielding

minimum a — a°) has the aggregate load equally distributed between all g4 customers.

3.5.3 Clipped Values Used in PLASMiS

The computations of minimum and maximum possible clipping benefit at each time step are
implemented in PLASMIS to construct curves of estimated aggregate clipped loads. For the
case studies in this dissertation, the estimate for clipped aggregate used in the simulator is the
minimum possible clipped result averaged with the maximum possible clipped result. The EM
similarly receives a computed estimate of aggregate clipped load, which the user can choose
to be the minimum possible result, the maximum possible result, or some combination of the
two. The EM uses this estimated value in a clipped state to allocate storage and dispatchable
generation such that it meets the clipped aggregate load with little or no excess power generated.
In a cut state, the EM uses the forecast of estimated clipped aggregate load to determine when
storage and dispatchable generation are sufficient to bring the system back into a clipped state
(i.e., meeting aggregate clipped load) and thus end the power cut.

Though the large loads (e.g., hospitals and factories) are kept unclipped in the case studies
presented here, these large single loads can be tracked precisely when clipped. In a real world
microgrid, the power levels of large loads would typically be known by the microgrid opera-

tor in clipped and unclipped states. For this reason they would not require their clipped load
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to be estimated. In the PLASMIS EM, these large loads are sensed separately from the aggre-
gate load, so large single loads can be known precisely in their clipped and unclipped states.
Probabilistic quantities (loads and nondispatchable supplies) are assumed to be independent in
PLASMIS, so the tool computes PMFs and transition matrices based on the aggregate RV formu-
lae in section 3.3. The probabilistic quantities are then fed into the PLASMiS Simulink model as
time-sequenced microgrid inputs, as described in Chapter 4.

A constant clipping limit L and fixed number of clippable homes make over-clipping common
in the case studies, as shown in Chapter 7. If the percentage of clippable homes is too high or the
clipping limit L too low, the decision to clip all clippable loads at certain times in the simulations
are necessary to prevent cuts but overly conservative in the level of clipping. The clippable loads
are reduced more than necessary in these cases of over-clipping, so energy that could be sold
to willing customers is left on the table and the microgrid income is suboptimal. Extending the

model to allow a dynamic clipping level is discussed as future work in Section 8.2.



Chapter 4
Modeling Islanded Microgrids

4.1 Introduction

The aim of scientific modeling is to approximate the physics of real-world systems, in this case
real power distribution in a microgrid network. In this approximation the goal is to achieve
technical accuracy while maintaining a reasonable level of computational efficiency, so hundreds
to thousands of simulations can be run in a matter of minutes. To reach this balance, PLAS-
MiS assumes each microgrid it models to be a single-bus, lossless, balanced power system that
meets all reactive power requirements internally [67]. The single-bus assumption describes a
distribution system that does not step voltage up or down, although transformers and related
power electronics may be incorporated in the models of individual nodes in the network (e.g.,
in a generator model). These assumptions are made to facilitate a real-power-based model of a
distribution network.

In the physical systems being modeled, clipping levels can be changed remotely by wireless
communication. The clipping levels are based on customer preferences and microgrid inputs
(weather conditions, equipment failures, etc.), as discussed in Section 2.3. The priority levels
(specifying the order of dispatch) for dispatchable supplies and load clipping are also controlled
remotely and can be easily changed depending on generator conditions and economics (e.g., fuel
or battery storage prices). The EM in PLASMIiS runs with different dispatch options that are
enabled by this functionality, and PLASMiS can be used to quantitatively compare alternative

dispatch strategies.

29
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Figure 4.1: Simulink model schematic

PLASMIS supports the development of energy management strategies for microgrids that
include fine-grained control of demand through smart meters at the residential load level [58],
[61], [59]. Arbitrary combinations of loads, storage, and generation with orderings for dispatch
and DSM can be constructed with control diagrams and functions in Simulink. The overall
structure of the PLASMiS Simulink model is shown in Fig. 4.1. Each block in the figure is a
subsystem containing the subsystem dynamics as well as the data input files required to run the
simulation for a given set of data.

The Simulink models of the microgrid components are based on abstractions of more detailed
models for the operation of each subsystem found in the literature [29]. Since the objective is to
evaluate energy management strategies, details of fast transient dynamics are not necessary. We

assume each subsystem is equipped with an internal control system and all the necessary elec-
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tronics (e.g., current limiters and DC/AC inverters) operate stably and reliably in the modeled
regime without performance degradation over time [33]. The following paragraphs describe the
models comprising each of the Simulink components in the modeled microgrid network. The
values used in Simulink for the case studies, and the sources of these values, are described in

Chapter 6.

4.2 Loads

In PLASMIS, individual loads could constitute demand viewed at the granularity of specific ap-
pliances, but in the case studies individual loads correspond to buildings (e.g., homes, hospitals,
businesses, and factories). Lighting and cell phone charging constitute the majority of loads
in rural developing regions, and load clipping does not damage these devices as it could for
larger appliances [18]. All loads in the modeled microgrids are assumed to be unharmed by load
clipping to an arbitrary clipped power limit L.

The full demand in the microgrid model consists of clippable and unclippable loads. For the
case studies, home loads d! are added to unclippable larger loads (a hospital !’ and a factory
df) as presented in Table 3.1. Summing Q total homes plus the larger individual loads produces

total unclipped microgrid demand

Q
ag =Y di+df +dg (4.1)
=1

where all three terms are Markovian and the Zlel d! term is computed as described in Section 3.3.
If at k the EM’s unclipped load forecast cannot be met, the clipped aggregate load is computed
instead. Q° is defined as the number of clippable homes of Q total homes. Indexing such that
homes 1 to Q° are clippable and homes Q¢ + 1 to Q are unclippable, the total clipped system load
becomes

C

Q
ap=Y dl+ Y di+dl +df (4.2)
I=1 r=Q°+1

If this clipped load cannot be met, a power cut results at k with no home loads being met,

storage at zero charging or discharging power, and all generation cut to zero except backup
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diesel generation, which runs only during power cuts to meet the hospital and factory loads
" = gy g (4.3)

While the microgrid is in a power cut state, PLASMiS compares the level of available supply
against the EM clipped load forecast at each time step to bring the system out of a cut as quickly
as possible.

As discussed in Chapter 3, the loads that constitute these aggregates are modeled as Marko-
vian probabilistic quantities, so each one’s sample value at k + 1 depends on its value at k. Indi-
vidual load RVs d! can be aggregated for computational feasibility according to Sections 3.3-3.4.
The sample values for these RVs, summed with the large load RV values, constitute the sample
values for the aggregate RVs in (4.1)-(4.3). Each load is specified by a Markov transition matrix
for each ten-minute time interval. As detailed in Section 2.5.1, these matrices are narrowed to
PMFs and sampled to generate load sample values. From these samples taken every ten minutes,

the Simulink model estimates power values at one-minute granularity by linear interpolation.

4.3 Nondispatchable Supplies

Nondispatchable supplies are driven by an external input (e.g., a natural resource) and are
not controlled by PLASMIS. The external inputs are modeled as time-of-day dependent, non-
Markovian probabilistic quantities as presented in Table 3.1, and these probabilistic inputs make
the nondispatchable supply power levels probabilistic as well. The plant accepts any value re-
ceived from a nondispatchable supply, since these supply values are nonnegative and driven by
renewable resources without burning fuel. Thus the nondispatchable generation inputs are al-
ways considered beneficial and not limited by the network model in PLASMiS. Nondispatchable
supplies are only curtailed in the case of a power cut, when all supplies are set to zero except
backup fuel-burning generators. Nondispatchable supplies are not controlled in PLASMiS. Wind
and PV are the two nondispatchable supply types modeled in the case studies. Both types de-
pend on the weather in a given day. PLASMIiS accounts for the weather-based differences by
classifying each day-length simulation as either sunny, partly cloudy, or overcast and adjust-
ing the level of solar and wind resources accordingly. Details of the weather considerations are

described further in Section 6.2.
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4.3.1 Wind Power Generation

Wind turbines constitute a nondispatchable supply producing power
st = pwntR*v{Cp /2, (4.4)

with constants p the air density (constant 1.1839 kg/m? at sea level and T=25°C) and Cp the
power coefficient (assumed constant 0.4). R is the constant turbine radius, selected as 1m. This
is representative of small-scale wind turbines from commercial vendors such as Pika and Nature
Power that range from 0.9m to 1.5m in radius and are rated for low wind conditions (less than 10
m/s, approximating wind speed in the proposed microgrid area in Rwanda) [4]. vy is the wind
speed at k, which PLASMiS samples every 10 minutes as a probabilistic quantity. As specified
in Table 3.1, wind speed is sampled stochastically from PMFs that are independent in time (not
a Markov model) but dependent on the time of day [59]. The wind speed data on which these
PMFs are built in the case studies come from meteorological service Meteoblue, as discussed
in Section 6.2. s is the power generated at k, which is provided to the Simulink model as
a nondispatchable supply on a ten-minute basis. As with load, the Simulink model estimates
power values at one-minute granularity by linear interpolation between the ten-minute power

inputs.

4.3.2 PV Solar Power Generation
Similarly, PV panel output produces power s given by
sPV = ST (1 — 0.005(T™ — 25)), (4.5)

where I is solar irradiance at k, T?"" the ambient temperature (°C) at k, S the array area, and 7
the system efficiency (assumed constant at 20%, a typical value) [34]. As with wind velocity, the
Simulink model stochastically samples solar irradiance I; on a ten-minute basis from time-of-day-
specific PMFs. As listed in Table 3.1, these PMFs are independent-in-time and not Markovian.
The PMFs are dependent on the time of day such that radiation ramps up then down with
the arc of the sun and goes to zero between the times of sundown and sunrise [59]. The solar
irradiance data on which these PMFs are built in the case studies come from meteorological

service Meteoblue, as discussed in Section 6.2. Power output s/ is provided to the Simulink
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model as nondispatchable generation. As with wind power, the Simulink model estimates PV

power at a one-minute granularity by linear interpolation between the ten-minute power inputs.

4.4 Dispatchable Supplies

Dispatchable supplies are commanded to a certain power output within a defined range by a mi-
crogrid manager, EM, or secondary frequency control system in PLASMiS. Supplies classified as
dispatchable include gas turbines, dieselgenerators, and hydropower [67]. PLASMIS computes
and compares microgrid performance for different strategies of dispatching generation, storage,
and load clipping. For rural microgrid scenarios and generator options of East Africa, few sup-
plies are typically available (i.e., few physical generators). Given the remote, uncommercialized
nature of the typical sites, the choice of supply technologies is also often limited. Generally one
to three different dispatchable generation technologies (e.g., hydro, gas turbine, and diesel gener-
ation) are available in the region. Each installation having a small generation capacity means the
cost of dispatch is essentially proportional to the volume of fuel burned and/or labor required
for operations and maintenance (O & M). A fixed slope curve (cost vs. power output) for each
generator provides a good approximation of that generator’s cost to run. This approximation
makes it straightforward to solve the optimization problem of ordering dispatchable generation
for minimum cost. Specifically, doing economic dispatch at each EM sampling time is a strict
ordering problem where all the generators are in fixed hierarchy due to their constant slope cost
curves. Generator ramping limits do not affect economic dispatch in PLASMIiS because the EM’s
sampling time is ten minutes, longer than the maximum one minute ramp-up or ramp-down
time of the relevant dispatchable supplies (hydro, diesel, and battery discharging).

AC generators overheat and fail prematurely when they are routinely run below a machine-
specific minimum power level (i.e., below a power bandwidth commonly specified by the man-
ufacturer). Dispatchable generators (e.g., hydro and diesel) are therefore limited in their output
capacities to be either off (zero output) or within a positive power bandwidth (between power
limits s*™" and s"™%* specific to generator i). The PLASMiS model assumes that hydro flow and
diesel supply is plentiful, so the desired power between the minimum and maximum limits can

always be generated.
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The power output in the generator models is updated at each one-minute time increment
k. The setpoint for each dispatchable generator i is decided by the EM and sent to the plant’s
generator model i at the EM time granularity (10 minutes in the case studies). Generator i’s

power output is then decided in the plant according to a simple selection function of form

x, if logical =1
SELECT(x,y,logical) = (4.6)

y, otherwise

To determine the logical value used in (4.6) a second function is used.

0, ifx=y
NEQ(x,y) = 4.7)
1, otherwise

Calling (4.6) and (4.7), generator i's power output is set to

sty = SELECT(sf™", s + Asl, NEQ(sEM/, sEMAy) (4.8)

where sfM’i is the k™" set point from the EM, and s,fff’i the set point for time k+1. As} is the

change in generator i’s output commanded by automatic generation control (AGC), explained

further in Section 4.6.

4.4.1 Micro Hydro

Power output from a micro hydro plant is designated s/ and computed according to (4.8). Hy-
dropower in simple terms is the conversion of potential energy in water into kinetic energy used
to spin a turbine, which in turn spins an electric generator. PLASMiS models small hydro plants
as run-of-river systems without pumped storage but sufficient head and flow to be dispatched
at will up to a rated max power output. The commanded hydropower setpoint is limited both
by maximum and minimum rated power and by ramping limits that depend on the installed
machinery (e.g., sluice gates that are adjusted manually or automatically).

For the case studies ramping is assumed to take at most 1 minute (the model’s time step for
plant operations) between 0 (generator off) and the maximum rated hydro output. For the case

studies, the hydro plant is assumed to be equipped with an on-site dump load or diversion load
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(e.g., heating coils [62]) common in East African micro hydro sites. This allows the plant output
in PLASMIS to be set anywhere from zero to the maximum, i.e., the minimum limit is set to
zero and no discrete on/off command is necessary for hydro. Even when load falls below what
would be a real-world generator’s lowest nominal power output the plant can still be run and all
unused power released as waste heat into the air or water.

This flexibility to choose an arbitrary level of hydropower output up to a rated maximum with
no penalty or modeled resource depletion introduces the possibility of running hydro constantly
at its maximum power output. Rather than running micro hydro at maximum power unneces-
sarily and assuming it to be a zero cost generation source, PLASMiS ramps hydro output up
and down as needed to ensure aggregate supply matches total load. This avoids generating

unnecessary waste heat with overproduction of hydropower.

44.2 Diesel Generator

Power output from a diesel generator is designated s; and computed according to (4.8). The
diesel generator is modeled as dispatchable with a sampling time of one minute for conservative
testing, to account for the machine inertia and governor control system [79]. As with micro
hydro the diesel generator is assumed to be fully dispatchable (from zero to maximum rated
power output if needed) within the sampling time, following given maximum and minimum
power limits. Discussion of nominal sizing and choice of limits is given in Section 6.4. The

PLASMIS Simulink model assumes fuel is available as needed.

4.5 Energy Storage with Batteries

Battery storage is modeled in both the EM and the plant as an energy reservoir model. Energy
stored in the battery is calculated as a running sum of all charging and discharging steps [41].
To account for physical limits and to prevent overheating, the reservoir model assumes some
constraints on flow (i.e., charging and discharging rates) [33]. The maximum charging and
discharging are limited dynamically based on the instantaneous battery energy. The limits come
from curves that relate the battery’s state of charge (SOC) to the maximum feasible power input

and output. These curves come from battery specifications published by industry and specific to
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the battery chemistry (e.g., lead acid or lithium ion) [2], [3]. In the PLASMiS Simulink model,
these max charge and discharge curves are referenced at each time step to limit battery power
output based on the current SOC. This improves the accuracy of the EM when commanding
battery setpoints while also using the battery setpoints to choose dispatchable generator setpoints
and the DSM state (clipped or cut load).

In the plant, the power outputs are integrated over the discrete time steps to track battery energy.
For each battery bank (index j) the power output at k is termed b{;. With constant plant sample

time At of one minute, the battery energy B{; .1 is equal to

Bl,, =Bl — b x At (4.9)

Note the sign for the change in energy is negative since the sign of battery power matches
the supplies. In other words, battery power is signed positive when the battery is discharging
(acting as a supply) and negative when the battery is charging (acting as a load). The updated
battery energy is sent to the EM to limit its battery power command, as discussed in the following
paragraphs.

In the case studies, one lead acid battery bank is modeled to fit the battery applications most
prevalent in East African power systems. Models of lithium ion batteries have been implemented
and tested in prior case studies [59]. Switching between the two battery types or simulating
microgrids with both types is straightforward in PLASMIS. The two battery chemistries differ
in their charging rates, where the recommended rates are 2.5 to 5 times faster for lithium ion
batteries [3]. For both battery types the extreme regions of SOC, 90-100% and 0-10%, necessitate
slower charging and discharging, respectively [33].

Each battery bank power output b{; is specified at k by any level between the maximum
charging rate (negative) and maximum discharging rate (positive), limited by the energy level
Bi. Upper and lower energy thresholds are set thresholds are set in PLASMIS to limit charging
and discharging, respectively. In the case studies, for example, a 10% SOC lower threshold is in
place for the system to note when discharging should not be continued. This signals to the EM
that charging is needed. It also reduces the incidence of operating the batteries at SOC extremes

in order to extend their cycle life.
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4.6 Network and AGC Models

As shown in Fig. 4.1, the power levels from the loads, storage, and generation subsystems feed
into the network block, which sums instantaneous generation, storage, and demand to determine
the difference between the generated power and the aggregate load, termed the system delta. The
system delta is then allocated to adjust the total generation up or down to match the total load.
This allocation is accomplished by adjusting each dispatchable supply that’s currently turned on
(nonzero output) through a model that approximates how AGC systems adjust power output
by multiple generators [32]. A typical AGC system of secondary frequency control is based on
droop characteristics for each generator, and unmet demand is served by adjusting the setpoints
of dispatchable generation to shift the generator droop curves for full demand to be met at
nominal frequency. Given the real-power-based model in PLASMiS, with no model of frequency,
the AGC functionality simplifies to constant distribution factors that allocate unmet demand
between the dispatchable supplies in fixed proportions.

The so-called AGC block (shown in Fig. 4.1) adjusts the commands for dispatchable gener-
ation, sending generator-specific power deltas to the dispatchable generator models. The power
deltas from the AGC block are portions of the system delta, split between the generators accord-
ing to constant generator-specific distribution factors. The generator subsystems in turn adjust
their power outputs as allowed by their ramping limits and max/min output limits. If the system
delta is negative, indicating oversupply, the running dispatchable generators will be accordingly
decreased by the AGC block. This is consistent with real world AGC systems sending com-
mands to reduce generation when generators start spinning faster (increasing inertial energy in
the system) to absorb oversupply [45]. If the system delta is positive, the AGC block accordingly
increases dispatchable generation. If the dispatchable generators’ limits will not accommodate
the full increase commanded by the AGC block, a nonzero value of unmet delta is fed into the
cutoff logic block. An unmet delta with a magnitude above the positive maximum delta limit
induces a power cut, which sends a state change signal to the EM and the plant models (load,

generators, and battery storage).
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4.7 Power Cuts

A cutoff signal results in zero storage output and zero supply except backup diesel generation
for the few large loads. Consequently, no loads are met in a cut except those with backup
generation. In the case studies the hospital and factory are equipped with backup generation.
By the nature of building-specific emergency generators, backup supply is not managed by the
EM but by the consumers that own the backup generator(s). As with energy sold using diesel
generation, PLASMIS tracks the energy generated from backup diesel generation. Once the cutoff
logic block declares a cut, the EM must then decide when the system can be brought back online

from a power cut to the clipped state, a decision made according to the algorithm in Section 4.8.

4.8 Energy Manager

Every ten minutes the energy manager sends new supply and storage setpoints, as well as clip-
ping and cutting states for the system, as summarized in Fig. 4.2. Whether or not a cut is in
place, the plant measurements (cutoff state, clipped state, generator outputs, and storage levels)
are sent to the EM subsystem to choose the next system states and setpoints. The EM estimates
present demand by summing instantaneous generation, unmet load delta, and charging or dis-
charging power from the battery storage subsystem. The EM computes an estimate of load using
this estimate of actual load together with unclipped and clipped load forecasts (expected outputs
from the load forecast PMFs for the upcoming load).

From this estimate of the next load, the EM subtracts nondispatchable generation to compute
a forecast of unmet demand. The EM then chooses setpoints for the storage and dispatchable
supplies to send this unmet demand to zero. If dispatchable supplies and storage meet this
remaining demand entirely, the EM has no need to limit demand with clipping or a power cut.
If unmet demand cannot be eliminated, the EM sends state commands for clipping or a power
cut as needed. If the forecast for unclipped demand can be fully met, the EM commands the
unclipped and uncut state. In short, the EM chooses setpoints for storage and dispatchable
generation to prevent power cuts and avoid load clipping. PLASMIS allows different dispatch

schemes to be evaluated and compared on how well they meet these goals and others (e.g.,
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Figure 4.2: Energy manager schematic

reduction of fuel-burning generation).

In the dispatch step, dispatchable generation and storage are assigned setpoints every ten
minutes in priority levels based on the time-dependent, state-dependent dispatch order set in
the dispatch strategy block. The first priority supply option is dispatched first as needed to
its maximum value, then the second priority supply, etc., until either the unmet load estimate
for the coming time step is provided or all dispatchable generation and available discharging
are allocated. The dispatch order and time-based limitations (e.g., on battery discharging) are
changeable in PLASMIS, and the settings for this dissertation’s case studies are as follows.

Hydropower is the first dispatchable supply option deployed at all times. The next resource
dispatched is energy stored in batteries, provided the strategy allows for storage discharging at
the given time (see case study 2). Finally, diesel generation is dispatched to cover any demand
unmet by hydro and battery discharging. Once such priority levels are set for a specific microgrid
design, dispatch order in the EM can depend on simulation time and the boolean state values

for clipping and cutting, as shown in Algorithm 1.
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Algorithm 1: Energy Manager Dispatch Scheme
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net_unclipped_load=estimated_unclipped_load-power_pv-power_wind;
net_clipped_load=expected_clipped_load-power_pv-power_wind;
if discharge_allowed_flag(t) % storage discharge allowed then
‘ max_generation=max_hydro+max_storage_discharge+max_diesel;
else
‘ max_generation=max_hydro+max_diesel;
end
if max_generation < net_unclipped_load then
bool_clip=1 % clip
net_load=net_clipped_load;
else
bool_clip=0 % unclip

net_load=net_unclipped_load;

end

if max_generation<net_load then

bool_cutoff=0 % Power cut, i.e., zero load met;

Zero dispatch set hydro, diesel, and battery power setpoints to zero);

else

bool_cutoff=1 % No power cut

if discharge_allowed_flag(t) then

Dispatch (in the following order) to meet net_load or maximize supply outputs
1. Hydro

2. Storage discharge

3. Diesel

else

Dispatch (in the following order) to meet net_load or maximize supply outputs
1. Hydro

2. Diesel

end

end
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Lines 1-2 define the net load (clipped and unclipped) to be met by dispatchable genera-
tion and storage discharging. Depending on the clipping state the system demands, the EM
will choose between these two quantities for the load to meet with dispatchable generation and
storage. Lines 3-7 depend on boolean discharge_allowed_flag(t), which equals one if storage dis-
charging is allowed based on the time of day. If so, the maximum feasible discharge level (based
on current SOC) is added to dispatchable generation, and together they constitute total available
generation. If discharge_allowed_flag(t) equals zero, no discharging is allowed so total available
generation is the sum of dispatchable generation (hydro and diesel in the case studies).

In lines 8-14, the EM determines if this total available generation will meet unclipped load,
and if not the clipping state is set to one (i.e., clippable loads to be clipped). In this case
net_clipped_load is set as net load for dispatchable generation and storage to meet. Otherwise
the clip state is set to zero (i.e., all loads unclipped), and net load is set to net_unclipped_load.
Lines 15-17 do the equivalent check to see if a power cut is necessary, and if so the cutoff state
is set to zero (i.e., a system-wide power cut), as are all the dispatchable generation and storage
setpoints. Lines 18-30 apply if no power cut is needed. The cutoff state is set to one (i.e., no
power cut). Finally, the EM allocates generation and (if allowed) storage discharging to meet net
load. The dispatch order can be arbitrarily defined by the user.

This algorithm prescribes that, except during a power cut, the EM seeks for each k to meet
total unclipped demand from (4.1). The EM estimates this aggregate load through probabilistic
demand forecasts adjusted according to an estimate of the most recent unclipped load. If the EM
calculates it cannot meet unclipped demand, it seeks instead to meet the aggregate clipped load.
If the EM calculates that available supply cannot meet its probabilistic clipped load forecast, then
it sends the state signal for the microgrid to enter a power cut.

While the microgrid is in a power cut state, the EM checks its clipped load forecast at each
sample time to decide if the system can be brought back online out of the cut. Throughout a
power cut, the EM continues forecasting unclipped aggregate load and clipped aggregate load
to maintain reference points for deciding when to end the power cut and what setpoints will be
needed from dispatchable generation and storage immediately following a cut. If at any time
during a cut the EM forecast in (4.2) can be met with available generation and storage, the EM

returns the system to the clipped state and ends the power cut.
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The outputs from the dispatch algorithm serve as system-wide state commands (for clipping
and cutting) and as setpoints for the supply and storage subsystems in the plant. The clipping
state applies fixed limits to clippable demand and adjusts supply and storage setpoints accord-
ingly. The cut state sends the met load, supplies, and storage to zero one minute after cutting
is commanded. With these state and setpoint commands the EM controls the load, supply, and

storage subsystems described in this chapter.



Chapter 5

Simulation Tool

5.1 Overview

Developed in light of the context in Chapter 4, PLASMIS is designed to model a broad range
of microgrid systems. PLASMIS is built in MATLAB and Simulink, since the latter provides
a graphical interface for building simulation models that can be run in Monte Carlo simula-
tion from MATLAB command files. Simulink is particularly useful for implementing control
strategies based on real-time feedback from the dynamic elements modeled in the system being
controlled. In PLASMIiS the options of dispatchable generation and storage with clippable loads
provide flexibility for control [67]. After offline pre-processing of inputs and sampling to con-
struct paths for each load and nondispatchable supply, the Simulink model described in Chapter
4 is called for each Monte Carlo iterations, as summarized in Fig. 5.1. At each iteration the tool
collects results from simulating the specified microgrid in operation and processes this data for
diverse and practical metrics to evaluate microgrid performance. The data gathered is sent to
the MATLAB workspace, saved, and analyzed in post-processing to compute metrics like energy
sold and the lengths of clipping and power cuts.

Pre-processing is carried out in the MATLAB workspace to establish the input data for
demands and nondispatchable supplies in all the Monte Carlo iterations. Next, the Simulink
model is run once for each Monte Carlo iteration, using the respective inputs prepared in pre-
processing. The Monte Carlo runs are managed by a MATLAB script that calls the Simulink

model for each run and collects the simulation data in the MATLAB workspace for post-processing.
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Figure 5.1: PLASMS top level schematic

The post-processing step computes the metrics of interest using data from the entire set of sim-

ulations [58], [61], [59].

5.2 Pre-Processing

Pre-processing performs the steps shown in Fig. 5.2. A simulation data file loads constant
initial conditions, generation and storage limits, sample times, and signal hold lengths into the
MATLAB workspace. Constant time-sequenced distribution parameters are also specified for
the probabilistic quantities (loads and nondispatchable supplies). From these parameters the
pre-processing script generates PMFs and (for Markovian quantities) transition matrices for each
time step. Small loads undergo the load aggregation step, where clippable and unclippable
demands are aggregated separately. Large loads are kept individual to be tracked outside an
aggregate, as a microgrid would desire for a large customer who might be helpful for load
shedding or other grid services on high demand days. Like large loads, resource distributions
for nondispatchable supplies are constructed and kept separate from each other (not aggregated)
for stochastic sampling.

For each of the probabilistic quantities in the system (whether aggregate or left individual),
a dedicated script then generates a random sample path for every Monte Carlo iteration from
the quantity-specific probability distributions. After sampling, clipped load is computed for the
clippable aggregate demand, as discussed in Section 3.5. Nondispatchable supply power curves

(e.g., wind and solar) are computed from the sampled resource levels. The banks of supply and
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demand sample paths are saved to run with different dispatch schemes and constant limits in

the Simulink model. To test such a scheme, the power profiles are then fed into the Simulink

model for Monte Carlo simulation.

5.3 Monte Carlo Simulation

After constant limits, initial conditions, and simulation inputs are generated in pre-processing,

the Simulink model is run for a set number of Monte Carlo iterations. As discussed in Section

4.8, the Simulink model tests one dispatch strategy at a time. Probabilistic quantities do not

depend on dispatch strategy, though dispatch decisions can cause them to be clipped or cut for

certain time steps. Unlike the probabilistic quantities, dispatchable supplies and storage levels
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are determined in the Simulink model at each run. Models of the specific subsystems in the
Simulink model are described in Chapter 4.

For each Monte Carlo iteration, Simulink sends to the MATLAB workspace several types of
computed data: demand levels, generation levels, storage levels (power and total energy), clip
state, and cutoff state. In the MATLAB workspace, these data are logged according to the number
of their Monte Carlo iteration and the simulation time step (corresponding to time of day in the
case studies of this dissertation). On the supply side, these data generated in Simulink include
the power levels of each type of generation over time, including backup generation deployed
during power cuts (for loads with onsite backup generators). Similarly on the demand and
storage sides, the power levels are recorded with any periods of clipping and cutting, and these

data are also sent to post-processing.

5.4 Post-Processing

The post-processing step organizes and analyzes the data generated in Simulink. Data on the
state of the network provide instances over time of demand clipping and power cuts. The post-
processing calculations presented in this dissertation compute the length and variation of clip-
ping and cutting instances over each 24-hour simulation period for the given microgrid configu-
ration and dispatch strategy [59]. The computed metrics and raw data from Simulink are saved

for further performance metrics to be computed in the future.



Chapter 6

Scenario for Case Studies

6.1 Introduction

For the case studies, the islanded distribution network being modeled and its input sizes are
based on off-grid power systems in Rwanda. Supply technologies (PV, wind, hydro, and diesel
generation) as well as storage type (12v lead acid car batteries) match what is available for
purchase in the region. The loads also match typical demands in Rwanda, namely homes, a
hospital, and a small manufacturing facility. This chapter describes the rationale behind the
generation and storage sizing of the nominal system design to meet the aggregate load. The
chapter concludes with testing the nominal design for the average sunny day case, when PV and

wind are most readily available.

6.2 Factors to Choose Nominal System Design

Before generation and storage sizing is chosen for the case study microgrid, the load and a legacy
power plant (hydro) are assumed to be in place. The details and sizing of these given components
are described in Table 6.1, and these components with the desired additions are shown in Fig.
6.1.

The solar and wind resources change depending on the weather. To characterize the day-
to-day weather in Kigali, Rwanda, PLASMIS uses city-specific weather data aggregated by Me-

teoblue from NOAA /NCEP measurements [5]. Meteoblue is a meteorological service spun out
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Table 6.1: Sizes and types of given microgrid inputs

Microgrid Component Max Power (kW) Type
Load 40 Houses 0.25/house, 10 in agg. Markov load model
Hospital 4 Markov load model
Factory 4 Markov load model
Micro Hydro Plant 15.5 Dispatchable
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Figure 6.1: Schematic of microgrid component inputs for case studies

from the University of Basel to serve the agriculture, PV, and wind power industries. Meteoblue
classifies days throughout a year as sunny, partly cloudy, or overcast, and then it gives the inci-
dence and resource levels for each day type. Solar irradiance tends to be highest on sunny days,
slightly lower on partly cloudy days, and lowest on overcast days, peaking around midday for
all three weather types. Wind velocity similarly depends on weather and in Kigali tends to hover
near its daily maximum between 10am and 6:30pm [7]. The numerical differences between these
resource levels are reflected in the PLASMiS PV and wind models, and in pre-processing the
fraction of days of each weather type is also specified. For Rwanda, with its two rainy seasons
and two dry seasons annually, each year has on average 21% sunny days, 69% partly cloudy

days, and 10% overcast days [7].
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6.3 Demand

The load model aggregates 40 home loads plus one hospital and one factory load, as shown in
Fig. 6.1. Average house demand is plotted in Fig. 6.2, along with maximum and minimum
single house demand attainable from the Markovian distributions for each time of day. The two-

peak load behavior follows roughly from models of weekday demand in [23]. In pre-processing,
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Figure 6.2: Maximum, minimum, and average load of a single house over one day

Markovian discrete probability distributions for each home load are aggregated and sampled
for all Monte Carlo iterations as discussed in Chapter 3, section 3.3. In each iteration’s call to
Simulink, the hospital and industrial loads are added to the aggregate home load. The number
of homes that are clippable by the EM is varied in different tests.

Average aggregate demand is plotted in Fig. 6.3. The hospital and industrial loads have
maximum demands of 4kW each. The homes consume between 0 and 250W depending on the
time of day, and clippable homes are assigned various clipped power limits L (in 10W increments)

as commanded by the EM. The 250W peak demand for homes is based on the first-access energy
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Figure 6.3: Average unclipped aggregate load (40 houses, a hospital, and a factory) over one day, with single house
load plotted below for scale

capacity provided in Rwanda by German PV kit supplier Mobisol [46]. Mobisol sells 200W home
systems that power a TV, a mobile charger, and 25 compact fluorescent light (CFL) bulbs [46].
Thirty watts was chosen as the minimum clipped power limit to test because this level is sufficient
power capacity for home lighting and cell phone charging in newly electrified households in rural
East Africa. The World Bank reports two CFL bulbs can be powered simultaneously with 24W
[30], and 1-2 cell phones can be charged with the remaining 6W [52]. Furthermore, previous
research with SparkMeter chose 30W as the lowest clipped power limit [18]. For comparison
of operating strategies in the case studies, different numbers of houses are made clippable. In
the case studies, the example microgrid is tested with the following different numbers of houses

clippable: 32 houses (80%), 20 houses (50%), 8 homes (20%), and 0 homes.
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6.4 Generation

The dissertation case studies model a microgrid with four supply technologies plus battery stor-
age to meet time-dependent loads of multiple sizes throughout each 24-hour simulation. The
chosen PV supply models an array of 10 Polycrystalline Silicon solar cells, similar to panels man-
ufactured by BYD and used in Rwanda’s first grid-scale solar installation [6]. Each panel has
peak power output W, = 300W [1]. For the array as a whole this produces peak power output of
3kW at midday on a standard sunny day.

The wind supply has slightly lower capacity and is a model of 19 wind turbines similar to
BONUS turbines examined in 2013 for installation in Rwanda [42]. Each turbine has peak power
output W, = 150W, a capacity matching the Rwandan government’s pilot proposed in 2008 [64],
[15].

The diesel supply models a generator rated to maximum 1kW output, with a minimum
output of 0.5kW when turned on. The nominal output (upper limit) is selected to exceed the
load unmet by hydro and battery discharging. The lower limit is selected as 50% of the upper
limit to protect the generator from damage due to underloading [31]. This diesel generator size
also matches previous research in PV-battery-diesel generation sizing for energy-poor African
communities [22].

The largest generation source is a micro hydroelectric plant of maximum 15.5kW output, as
discussed in Section 6. The plant is assumed to be a legacy installation where the size is given.
This makes the addition of PV, wind, and diesel generation more economical for meeting the

aggregate load than the alternative of expanding or adding hydroelectric capacity.

6.5 Storage

In PLASMIS, storage is modeled as a centrally controlled battery bank serving the entire mi-
crogrid, with no load having its own energy storage system. As such, storage has zero power
output during power cuts. PLASMIS assumes no loss of charge when battery storage is sitting
unused (neither charging nor discharging). Battery storage is modeled with two options for

battery chemistry (lead acid and lithium ion), different levels of stored energy to start the simu-
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lations, and multiple sizes for a battery bank. A model of 12V lead acid car batteries was chosen
for the case studies to match the battery chemistry and individual battery size most commonly
available for microgrids in East Africa and other developing contexts. Rather than maximum
energy, charging and discharging rates (in units of power) became the limiting factor given the
slower rates for lead acid as compared to lithium ion. Addressing this constraint when planning
a real-world microgrid, practitioners advise oversizing a battery bank. They propose a maximum
energy level high enough that the SOC will stay above 50% in daily operations [38],[80].

The number of 12V batteries in the battery bank model was chosen to provide 1.5kW of
discharge capacity at a C-rate of 0.2, a common rate maintained by standard power electronics
for lead acid batteries [20]. To meet these specifications the case study microgrid has a storage
model of 250 batteries controlled as a single deployable storage resource. A hydro supply as
sized above proves to be the primary generation source for charging battery storage, since the
full hydro capacity is not needed in late night/early morning hours to meet demand. The battery
SOC therefore stays near 100% from the simulated day’s start time (12AM) until peak demand
in the late afternoon and evening, when PV has dropped off. After the evening peak, hydro
again charges the battery to nearly 100% by the end of the simulated 24-hour day. To mimic a
real-world microgrid and ensure the simulation’s ending SOC approximates its starting SOC, the

SOC for the start of each simulated day is chosen to be near 100%, specifically 95%.

6.6 Nominal Design Sizing and Results for Average Sunny Day

The specifics of supply, demand, and storage sizing for the nominal system are detailed below in
Table 6.2 and Fig. 6.4 to meet the load defined in Section 6.3. These sizes are chosen to provide
sufficient power from generation and available battery discharging to meet the unclipped aggre-
gate demand throughout the average sunny day in central Rwanda. Specifically, the maximum
diesel generation and battery discharge power were chosen such that, when added to the maxi-
mum hydropower output, these supplies would exceed the demand unmet by nondispatchable
supplies PV and wind. After subtracting PV and wind, the demand that remains is termed net
load in Fig. 6.4, and this net load is plotted for both the clipped and unclipped cases. Overlaid

across the net load curves are the stacked supply options at their maximum outputs. Note that
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Table 6.2: Generation and storage specifications for nominal microgrid design

Technology Max Power (kW) Type
Supply PV Array 4.6 Nondispatchable (driven by resource)
Wind Turbines 29 Nondispatchable (driven by resource)
Diesel Generator 2 Dispatchable
Micro Hydro 15.5 (given) Dispatchable
Storage Battery Bank 1.5 (discharge) 120 kWh max energy
2.1 (charge) Disharges (acts as supply)
and charges (acts as load)
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Figure 6.4: Net aggregate load (demand minus PV and wind power) on average sunny day, overlaid with maximum
supply outputs

battery storage, for example, could not be run at this maximum constantly without periods of

charging.

In the nominal system operations, 80% of the 40 homes are clippable (i.e., 32 clippable homes).

Their clipped power limit L = 150W, from 250W maximum unclipped demand. This clipping

rationale is reflected in the net clipped aggregate load curve, and this L value is also used in
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Case Study 1 (Section 7.2).

The baseline test for PLASMiS with this microgrid scenario is the average sunny day’s de-
mand and nondispatchable supply levels modeled with the chosen sizes for generation and stor-
age. As shown in Fig. 6.5 from testing on the average sunny day case, the supply and storage

curves are not cut short by clipping or a power cut at any point. The nominal sizing is successful
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Figure 6.5: Generation and battery powers stacked to show total supply throughout the average sunny day

to avoid clipping and cuts on the average sunny day. Note that hydropower exhibits occasional
peaks (e.g., around 12:30PM in Fig. 6.5) when it is the final dispatchable supply in the generation
mix, as it is whenever the diesel generator is turned off. These unneccesary peaks result from
imperfect load forecasting in the EM and conservative dispatching of hydropower.

As expected with the supply upper limits specified in Fig. 6.4, diesel runs for under two
hours and only in the evening peak demand hours, when PV is unavailable. Because battery
discharging is prioritized before diesel generation, the nominal microgrid design supplies less
than 1% of the day’s needed energy from diesel generation, as shown in Fig. 6.6. Overall the

nominal design runs as expected for the average sunny day, since the EM meets unclipped load
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throughout the day with little reliance on diesel generation.

7% PV

1% Wind
< 1% Diesel

91% Hydro

Figure 6.6: Breakdown of energy by supply technology on the average sunny day
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Chapter 7

Case Studies

7.1 Introduction

Example applications of PLASMIiS are demonstrated in the case studies. Testing for N = 500
Monte Carlo iterations shows the range of outcomes for 500 sample paths of each load and
nondispatchable supply input, which vary across three weather types according to the seasons
in Kigali. The 500 iteration count was chosen by a standard method of varying the number
of samples (from thousands down to 100) and comparing the averaged results for each sample
count. The sample count selected is the lowest for which the averaged results converge to within
around 1% of the results from higher sample counts. This method produced the sample count of
500 when applied to testing microgrid operation strategies in PLASMIS.

The first case study below demonstrates how Monte Carlo analysis shows a wide range of
performance for the nominal case, revealing state changes (clipping and power cuts) not dis-
cernible from the average day analysis given in Section 6.6. The second case study shows how
varying the number of clippable loads affects the levels of energy sold and the likelihood of
power cuts and clipping. The third case study explores the effects of changing the clipped power
limit for a fixed number of clippable houses. The final study looks at adjusting both of the vari-
ables, clipped power limit and number of clippable houses, to demonstrate operational insights
across two dimensions. Specifically, Case Study 4 aims to find the best operating point for a

given performance metric, in terms of clipping limit and the portion of clippable loads.
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7.2 Case Study 1: Monte Carlo Methods Applied to Nominal Design

The first case study entails further analysis of the nominal system that is tested on the average
sunny day in Section 6.6. Specifically, Case Study 1 tests the nominal mode of operation with
80% of homes clippable to a 150W limit, and this Monte Carlo analysis results in no power cuts.
The average outputs of generation and storage are plotted in Fig. 7.1.

From 9:30AM to 2:30PM the averaged hydro command signal chatters (see the red curve in
Fig. 7.1). As expected, only the last supply dispatched has a chattering signal in such periods,
and that last supply is hydro when diesel generation is off. Chattering in these simulations
is due to imperfect load forecasting in the EM, which translates to hydro setpoints that are
too low when aggregate demand is falling overall. The AGC subsystem corrects the imperfect
setpoints and restores hydro output to its needed level in order to meet unclipped demand. The
chattering behavior in the simulation results occurs because PLASMiS does not model the details
of generator dynamics. In the generator’s power output, the machine inertia prevents such quick
spikes (<1 minute) from being implemented in practice. The hydro generator will therefore run
according to the smoother, higher-output curve profile in these hours with the signals for lower
setpoints coming every 10 minutes but not reducing the power generated to a level that could
being total supply below aggregate unclipped demand.

Whereas the microgrid could meet full, unclipped load throughout the average sunny day
with no clipping or power cuts, Monte Carlo analysis shows around one in five days require
clipping with the nominal design, though always in short periods (typically fewer than 10 min-
utes of clipping per day). Fig. 7.2 shows the lengths of clipping for each of the 500 test days.
While the longest clipping occurs on overcast days, as expected, clipping also occurs on occa-
sional sunny and partly cloudy days. With probabilistic analysis, therefore, PLASMIiS generates
example sunny days where the supply is insufficient for unclipped demand. DSM is necessary
even though the average sunny day required no clipping or power cuts with the same supplies
and dispatch scheme. Table 7.1 gives the maximum, minimum, and average lengths of clipping
for the days of each weather type. As explained in Section 6.2, 21% of days are modeled as
sunny, 69% as partly cloudy, and 10% as overcast. Note from the minimum row in Table 7.1 that

certain days of each weather types have no clipping or cutting at all. As expected, clipping on
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Figure 7.1: Stacked generation and storage outputs averaged across 500 test days with nominal system design (Case

Study 1)

Table 7.1: Lengths of clipping in minutes/day for three weather types and overall(Case Study 1)

Sunny Partly Cloudy Overcast Overall

Maximum 10 10 40 40
Average 0.22 0.55 1.28 0.55
Minimum 0 0 0 0

partly cloudy days goes longer on average than on sunny days. On overcast days the average
length of clipping is over twice the average on partly cloudy days. Fig. 7.3 shows the generation
breakdown in terms of energy. The total clipping on any day is 40 minutes or less, with most
days experiencing no clipping at all, so a grid operator may test reduced levels of clipping to
increase energy sold, as discussed in Sections 7.3 and 7.4. Averaging across the 500 Monte Carlo
iterations, energy from diesel generation remains below 1% of total energy. The portion of energy
from PV and wind have increased when compared with the average sunny day results because
both hydro and diesel output are usually reduced in clipped periods. PV and wind, by contrast,

continue unchanged during clipping, with all of their power output used by the microgrid except
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Figure 7.2: Lengths of clipping ordered from shortest to longest for Monte Carlo iterations with nominal design
(Case Study 1)

during power cuts. These are some insights Monte Carlo analysis provides beyond the average

day scenario by generating a range of energy and clipping/cutting outcomes.

7.3 Case Study 2: Varying Number of Clippable Loads

A microgrid operator or automated controller can choose different numbers of customers to
clip depending on the limitations of the aggregate supply. In practice, utilities and microgrid
operators communicate the clipping limit(s) to customers ahead of implementation. Utilities and
microgrid operators alike communicate the clipping power limit(s) to affected customers, often
providing the customers some compensation, e.g., lower electricity tariffs or a bill credit [11].
With sufficient clipping DSM the microgrid can serve its customers with reliable power, avoid
power cuts by clipping low-tariff customers, and use limited supply to serve high-priority loads
(e.g., hospitals, industrial loads, and security lights) [58].

To increase energy sold, the grid operator may decide to clip fewer customers and thereby
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Figure 7.3: Breakdown of energy by supply technology over 500 test days for 150W clipping limit, 80% of homes
clippable (Case Study 1)

limit fewer demands in the clip state. This case study looks at results of clipping 0, 20%, and
50% of houses. All of these scenarios are compared with the nominal design in which 80% of
houses clippable. The clipping limit is kept constant at the nominal value of 150W for this case
study. Simulations with 20% of homes clippable produce the average supply and storage curves
in Fig. 7.4. In this average power plot a slight dip due to clipping is apparent from 6:30-8 PM in
the hydro and diesel power curves, and then a further dip from cuts follows around 8-9 PM.

A comparison between the 20% and 80% clippable houses is shown in Fig. 7.5, presenting
each iteration day’s total time in the clipped or cut state. The nominal mode of operation with
80% of houses clippable (Case Study 1) results in no power cuts and a maximum clipping time
of 40 minutes/day. Reducing the number of clippable houses decreases the aggregate load re-
duction from clipping. Clipping only 20% of houses causes certain high demand periods that
required only clipping in the nominal case to now require power cuts bookended by periods
of clipping. Fig. 7.6 presents the lengths plotted in Fig. 7.5(b), now separated into lengths of
(a) clipping and (b) power cuts with 20% of homes. The maximum length of clipping in a day

has risen to 28 minutes, and the maximum length of power cuts is 56 minutes in a day. While
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Figure 7.4: Stacked generation and storage outputs averaged across 500 test days with 20% of home loads clippable
(Case Study 2)

diesel generation still produces under 1% of the total energy, and percentage breakdown of the
generation technologies matches the nominal case (Fig. 7.3), the energy from diesel generation
does increase. This rise results from operating backup generation during power cuts to supply
the hospital and factory loads. Total energy sold goes down because the majority of consumers
are cut entirely. Overall, reducing the number of clippable homes causes a degradation in qual-
ity of service and in the operator’s bottom line. The cause is limited generation capacity and
insufficient DSM intervention to reduce load when it exceeds available generation.

The case of no clipping has more drastic degradation, as shown in the clipping times of Fig.
7.7. On certain days the evening supply capacity (when PV is absent) becomes too small to meet
unclipped demand. Power cuts last up to 124 minutes and occur on 6% of days. Dispatch of
the full generation and storage assets in the test microgrid are insufficient to meet load on these
days, i.e., the supplies are undersized for the demand and demonstrate the need for DSM. With

no clipping capability, the reliance on diesel is also increased to 4% of the total energy (see Fig.
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Figure 7.5: Length of time in the clipped or cut state with (a) 80% of houses clippable and (b) 20% of homes clippable,
all to limit L=150W (Case Study 2)

7.8) and an average of 12.6 kWh generated daily from diesel (see Table 7.2).
The case of 50% clipping is also tested for comparison, and it confirms the following general
pattern given a 150W clipping limit. As shown in Table 7.2, when 50% or more of houses are

clippable power cuts do not occur and clipping times remain essentially constant. The final

Table 7.2: Clipping, cutting, and energy sold, variation by portion of houses clippable to 150W limit (Case Study 2)

Percentage of Houses Clipped
0 20%  50% 80%

Clipping Time Maximum | N/JA 28 10 40

(min/day) Average | N/JA 09 0.5 0.6
Minimum | N/A 0 0 0

Power Cut Time Maximum | 124 56 0 0
(min/day) Average | 2.09 0.8 0 0
Minimum 0 0 0 0

Average Energy Sold | Renewable | 319.7 2934 2979  293.7
(kWh/day) Diesel 122 0.8 1.0 0.7

two rows of Table 7.2 document how energy sold decreases when more than 50% of homes
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Figure 7.6: Length of (a) clipping and (b) power cuts ordered from shortest to longest for 20% of homes clippable to
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Figure 7.8: Breakdown of energy by supply technology over 500 test days with no clipping (Case Study 2)

are clipped. In other words, clipping 80% of homes to a 150W limit is over-clipping, and the
microgrid operators in this case leave available energy unsold.

Energy sold peaks for the 50% clippable case, though at the same time energy from diesel
generation is higher than cases of more houses clippable and less energy sold. The dispatch
strategy in place, outlined in Algorithm 1, deploys diesel generation before clipping DSM, but a
change in the EM could change these priorities to clip loads before burning diesel. In this case
total energy sold would be reduced, but diesel generation would only be deployed to prevent
a power cut or to provide backup power for high priority loads in the case of a general power
cut. The monetary and environmental costs of burning diesel would be decreased, but with the

tradeoff of reducing energy sold and potentially lowering customer satisfaction.

7.4 Case Study 3: Varying Clipped Power Limit

Grid managers experiment with changing the clipping limits for clippable homes to increase
energy sold to those homes. As a test of such a change, Case Study 3 starts by examining the

same microgrid operating with a constant clipping limit L = 30W (rather than 150W nominal).
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As with Case Study 2, 20% of the houses are clippable. With a 30W clipping limit no cuts result
on any of the 500 days, since the 30W clipping limit reduces aggregate load sufficiently for the
supplies and storage discharging to always meet clipped load. The longest clipping on any test
day is 6 minutes, and as with the nominal scenario clipping only occurs on overcast days.

The third case study also looks at the clipping limits between 30W and 150W, aiming to
increase energy sold to clippable customers. Table 7.3 presents the maximum, minimum, and
average lengths of clipping and power cuts for each of the Monte Carlo iterations. The bottom
two rows show total energy supplied with each different clipping limit in effect. To consider
strategies where renewable generation is prioritized, the total energy is divided between

renewable and diesel generation.

Table 7.3: Clipping, cutting, and energy sold, variation by clipping limit for 20% of homes clippable (Case Study 3)

Clipped Power Limit
30W  60W 90W 120W 150W
Clipping Time Maximum 10 10 11 33 28
(min/day) Average 051 047 055 053 0.87
Minimum 0 0 0 0 0
Power Cut Time Maximum 0 20 20 74 56
(min/day) Average 0 004 006 034 083
Minimum 0 0 0 0 0
Average Energy Sold | Renewable | 293.4 296.8 293.5 296.7 2934
(kWh/day) Diesel 0.8 1.0 0.8 1.0 0.9

This table shows that different conclusions emerge depending on the strategic goal. Given a
tixed 20% of homes clippable, if the microgrid operator wants to assure fewer than one power
cut each 500 days then 60W is the best clipping limit. If, however, the microgrid operator accepts
occasional power cuts up to 20 minutes in length, statistically occuring once every 500 days,
then the 90W limit is an improvement because energy sold is highest for this limit. The average
clipping time per day is also low die 90W limit, with a maximum of 11 minutes daily clipping

observed. Adjusting variables for the operator’s specific goal is further discussed in Case Study

4.
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7.5 Case Study 4: Two Variable Analysis

Mathematically choosing the best operational point in terms of multiple variables requires find-
ing local extrema. One common approach to find local minimums and maximums involves
adjusting the variables around a limited region in their value spaces. This region of focus is one
that yields promising results from initial tests at a rougher granularity.

For the case study microgrid scenario, the metric chosen to rank options in this case study
is average daily time the system is in the clipped or cut states. Priority is also given to options
that yield zero power cuts over all the Monte Carlo iterations, and to maintain a high quality of
service the least clipping that will accomplish the zero cut case is preferred. The clipping limit
range of 90W to 220W for 50-80% clippable loads appears promising in light of prior case studies’
results. Testing at a finer granularity within this region suggests to minimize average clipped
or cut time without unnecessarily clipping customers the operating point should be a 90-180W
clipping limit with 50% clippable homes. The surface in Fig. 7.9 shows this trough, where the
90W limit, 50% clippable pairing is optimal in terms of minimizing average time the system was
either clipped or cut. Furthermore, this operational point had zero power cuts throughout Monte
Carlo analysis. This optimal operating point is highlighted with the left white dot on the surface.

Average time system is clipped or cut (min/day) Average Time Clipped
m0.5-1 1-15 152 m2-25

or Cut (min/day)
2.5

2
15
1
0.5

0

10%

N
\)
» ¢ @ 50%
of © 60%
\f‘)Q « . 70% Percentage of homes clippable
Clipping Limit S o 0%
B0

Figure 7.9: Average daily time in either the clipping or cut states, as affected by variation in clipping limit and
percentage of houses clippable. Optimal operating points highlighted in white (Case Study 4)

Marginally worse for low average clipped or cut time is the connected right dot (150W limit, 50%

of homes clippable). This operating point produces on average 0.01 minute more clipping per
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day than the optimum, while on the metric of energy sold it performs better given the higher
clipping limit. Clipping more than 50% of homes or clipping to a lower limit than 90W lowers
aggregate load unnecessarily, which in practice could reduce both grid income and customer
satisfaction.

The green area extending left from the highlighted white line along the percentage axis (i.e.,
scenarios of 50% or more houses clippable) constitute extremes of clipping that is unnecessary;,
and these operating points result in over-clipping. This nearly flat portion of the figure shows
increasing the number of clippable houses does not reduce the average time in clipped or cut
states. The increase in clippable homes over this range does, however, drastically decrease the en-
ergy sold to customers, thus reducing grid income. Similarly, clipping limits lower than 90W for
the > 50% clippable cases result in over-clipping based on the size and load variation of the case
study microgrid. Performance in terms of minimizing time in the clipping or cut states does not
drop even by moving the clipping limit lower or the clippable percentage higher than the opti-
mum described. With results like this tailored to their specific microgrid scenario (whether built
or in planning stages), microgrid operators can ensure they are not over-clipping and thereby
leaving energy unsold. More specifically, they can identify the highest clipping limit(s) that will
serve their operational goals and the minimum number of loads to clipped at a given time in

order to meet those goals.



Chapter 8

Conclusions and Future Work

8.1 Summary of Contributions

This dissertation has presented background and applications surrounding PLASMIiS, a prob-
abilistic simulator for microgrids. PLASMIiS evaluates microgrid operations and planning by
quantitative metrics. The tool models microgrid inputs probabilistically and accounts for load
clipping DSM from smart meters as an operational decision for energy management.

The contributions of this dissertation include derivations for probabilistic models, a rationale
for modeling microgrid energy management, and results from this modeling approach. Regard-
ing the mathematics, Chapter 3 gives derivations for aggregate transition matrices and PMFs to
characterize a microgrid’s probabilistic quantities as RVs. The aggregation step in pre-processing
reduces computational expense and runtime for the microgrid simulation steps. These RVs are
designated either independent in time or Markovian. Markovian loads are modeled in their un-
clipped and clipped states as dependent RVs, conditioned on the prior time step’s sample value.
Applying probability theory to bound and estimate load clipping DSM provides a Markovian
approach to aggregate load modeling and intelligent dispatch of generation and storage.

The probabilistic nature of inputs in PLASMIS, discussed in Chapter 4, is one of its primary
contributions to the microgrid simulation landscape. PLASMIS allows arbitrary, discrete proba-
bility distributions to characterize microgrid inputs at each time step, with or without Markovian
dependency. This level of control over load characteristics, and the matrix-based method pre-

sented for aggregating load distributions, are enabled by the user-defined probability models
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[59].

As demonstrated in Chapters 6 and 7, PLASMIiS probabilistically models SME microgrids
both for average day scenarios and across hundreds of days with different parameters (e.g.,
weather types). Specifically, the tool runs Monte Carlo simulations on microgrid models, as
discussed in Chapter 5, to generate numerical results and quantitatively evaluate rule-based
operating and dispatch strategies.

Finally, the case studies in Chapter 7 show through simulations that sufficient load clipping
reduces the incidence of power cuts in an islanded microgrid scenario. Case studies demonstrate
the effects of changing storage discharge strategy, clipped load power limits, and the number of
clipped loads. Results come from an islanded SME microgrid model based on data from central
Rwanda, with parallels to microgrid scenarios across East Africa. The case studies provide
insight into changing the clipped power limit for individual consumers, the number of consumer
loads clipped, and the rationale for dispatching stored energy.

The results in Chapter 7 show that clipping customers is a DSM technique that can both
reduce the incidence of power cuts and increase the levels of energy sold. The results also
demonstrate that more clipping is not always better, but in fact an optimal level of load clipping
exists depending on the grid operator’s goals, e.g., maximizing renewable energy sold or mini-
mizing the incidence and duration of power cuts. The example presented found that half of the
option space for clipping decisions constituted over-clipping and did not serve the operator or
customers optimally. Rather, these operating points unnecessarily clipped customers such that
total energy sold was reduced and the time spent in power cut or clipping states was not reduced

when compared to the optimal setting which allowed moderate clipping of half the house loads.

8.2 Future Work

The case studies in Chapter 7 demonstrate how load clipping can increase grid reliability and
energy sold. In addition to lowering the incidence of power cuts, clipping and cutting individ-
ual loads can reduce the amount of fuel-burning generation required to operate the microgrid.
This research is therefore a first step in determining the target number of homes in which to

install smart meters and the pricing (tariffs plus unit and installation costs) that would improve
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environmental sustainability as well as profitability. PLASMiS can model the number of loads
in an existing system to project financial results of instrumenting specific loads with smart me-
ters. In this way PLASMIS can de-risk plans to incorporate smart meters into legacy systems by
providing established microgrid operators an evaluation tool [66], [58].

One area for future work is dynamic clipping levels, both in terms of changing clipped power
limits and changing the number of clippable loads. Dynamic clipping would benefit microgrids
by ensuring sufficient clipping and preventing the over-clipping discussed in Case Study 4. The
precise level of clipping needed varies depending on unclipped load and stored energy, among
other factors. The levels of nondispatchable supplies further affect the level of clipping needed,
and these supply levels change based on the day’s weather.

As discussed in Chapter 3, the choice of computing aggregate loads rather than each indi-
vidual load improves computational efficiency and runtime in PLASMIS. This decision to track
aggregate loads rather than individuals unfortunately prevents knowing or controlling individ-
ual load levels. Approximation is therefore required so long as this aggregation approach is kept.
Using the methods of clipped aggregate estimation from Section 3.5, the instananeous level of
clipping benefit (i.e., aggregate load reduction from clipping) could be chosen dynamically with
a slightly modified EM model. This method assumes no results are needed regarding which
loads (or how many) are clippable at a given time. Similarly, the exact clipping limit imposed on
clipped loads is unknown in this method. Aggregate load reduction alone is prescribed, rather
than individual load clipping limits or instantaneous state (clipped or unclipped).

A method which would allow dynamic changes to the number of clippable loads could come
from a more sophisticated EM model with multiple discrete options for clippable and unclip-
pable aggregate load curves. In pre-processing, a few pairings of clippable and unclippable
aggregate loads could be computed for different breakdowns of the total aggregate load. This
would allow the needed clippable and unclippable subsets to be combined pairwise depending
on the number of clippable loads chosen at a given time by the EM.

Modeling a utility grid connection in modeled microgrids would extend the usefulness of
PLASMIS beyond the scope of islanded microgrids alone. The simplest utility grid connection
would sell power to the microgrid but not buy power generated in the microgrid. A one-way

utility grid connection of this sort would be modeled as a supply similar to hydro. A more
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general model of utility grid connection would allow power to flow both ways and would be
modeled like battery storage. Constraints on power flowing in or out of a utility grid could
be limited based on time of day (e.g., if the utility only sells power to the microgrid at low
demand hours when its supply resources are typically below maximum output). Alternatively,
the power demanded and/or sold from the utility grid could be generated randomly with time-
of-day-dependent probability distributions either Markovian or independent in time. In this
most generalized model of a utility grid connection, power curves would be generated with
probabilistic models as discussed in Chapter 3. If the utility grid both buys and sells power,
the resulting probability distributions could be sampled to produce positive or negative power
values any given time step.

Regarding storage, battery scheduling can be optimized with plots of battery charging and
discharging limits over the time required to charge and discharge. These plots (characterizing
lead aid and lithium ion batteries, respectively) have been generated from industry specifications
for future use with PLASMIS. The plots would prove useful in an EM that forecasts demand in
advance or a controller that prioritizes complete charging or discharging at certain times of day.
Depending on how long a full charge or discharge will take from the present SOC, the EM could
schedule when to begin charging or discharging for a projected length of time.

Electricity pricing is important for incentivizing customers to change their demand patterns
and for supporting the microgrid infrastructure financially. The tests presented in this disserta-
tion, specifically case studies 3 and 4, show scenarios more energy can be sold by clipping than
by leaving loads unclipped. Optimization with respect to pricing, and especially tiered pricing
for customers with different clipping plans, is left for future work. To smooth the aggregate
load curve and prevent rolling blackouts, electricity pricing can be tied to clipped power limits,
enforced as needed by clipping DSM. Price incentivizes could lead consumers to accept lower
limits at times of clipping, which could flatten the load curve and reduce the likelihood of power
cuts.

Enhancing the tool with electricity pricing metrics requires tailoring for the specific objectives
of a project owner (e.g., a microgrid operator) or stakeholders/shareholders (e.g., customers that
collectively plan or run a microgrid). The utility function to optimize will differ depending on

the chosen party of interest. The party of interest also affects the choice of dispatch, DSM, and
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storage strategy. A microgrid operator, for example, will likely seek to maximize net income and
protect the generation and storage assets, even if this means a higher incidence of clipping and
cutting. A cooperative of customers purchasing power, on the other hand, will typically seek to
improve quality of service and minimize the incidence of clipping and cutting.

Another area to enhance the tool is by incorporating certain real-world artifacts like loss of
communication between smart meters and the EM. Communication loss could be simulated as a
dynamic change in the number of clippable loads, where only loads in current communication
with the EM are in fact clippable for a given time step. Simulations that vary the number of clip-
pable loads could be constructed by computing and varying multiple pairwise combinations of
clippable and unclippable loads, as described in the above discussion of dynamic clipping. This
would allow the needed clippable and unclippable subsets to be combined pairwise depending
on the number that have instantaneously lost communication with the EM, making those loads
temporarily unclippable. Different combinations of clippable and unclippable loads could be
generated probabilistically to account for levels of communication loss that vary stochastically
throughout each day.

Finally, questions of equity and customer choice are vital to socially-conscious and envi-
ronmentally sustainable microgrid development. For example, a model that includes customer
choice could probabilistically model individual customers opting not to be clipped at certain
times (i.e., temporarily becoming unclippable at their own discretion). Future work includes ap-
plying PLASMIS to address equity in energy access, reliable distribution, and affordable pricing.
The tool can be used to develop metrics and incentives for social equity and sustainability in

microgrid contexts.
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