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Abstract
Microgrids, distributed energy generation and storage systems, are radically changing the status
quo in electricity generation. An isolated microgrid is one that is permanently disconnected from
the larger power grid due to technical, economic or efficiency constraints. Isolated microgrids
enable provision of electricity in remote areas that currently have no access to the electrical state
grid. However, energy management of an isolated microgrid poses challenges of efficiency and
reliability. This thesis adopts an approximate dynamic programming approach to mathematically
model energy management of an isolated microgrid, using Princeton University’s microgrid as a
case study. It simulates a hypothetical environment where Princeton University generates all of its
own electricity using its existing resources and additional dispatchable generation and/or a
battery. Adding dispatchable generation generally decreases demand shortage and percentage of
outages. Increasing dispatchable generation also decreases the size of battery required for the
microgrid. Due to the marginal increase in levelized cost of energy generation but far greater
reliability benefits, it is always preferable to include both a battery and a dispatchable generator to
the setup. The cost-preferred technology setup, with an additional 14MW in dispatchable
generation and a 0.71MWh battery, has a net present cost in the range of $55milion to $85million
and a levelized cost of approximately $70.3/MWh. This thesis illustrates that it is feasible to
reliably operate Princeton University as an isolated microgrid given some additional dispatchable
generation and a battery of storage capacity in the range of 330kWh to 880kWh.
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Introduction
“Status quo, you know, is Latin ‘for the mess we’re in’.” – Ronald Reagan

On the first day of Princeton University’s international student orientation, one freshman
from India finds it quite odd that there is no water “geyser” (electric water heater) in her
dormitory bathroom. It is six-thirty in the morning. Instead of waiting for twenty minutes for the
water to heat up, as she would’ve done everyday before going to school back home, she hesitantly
turns the knob and—voilà—hot water gushes out joyously. Back in her room, she flicks the
switches on and light floods the room. Suddenly, she wonders who is delivering this electricity
and running the invisible electric geyser that guarantees hot water in her bathroom. Could such
reliable electricity also be ensured in places with absolutely no access to electricity?
Electricity is expected to be delivered to the average consumer through large power grids
via utility companies. Traditionally, electric power is generated at centralized power plants,
transported over long distances through a national or state grid and distributed by a utility
company to the end user after necessary adaptation for residential or commercial purposes.
This status quo is being revolutionized as the end user is taking on the role of both
consumer and producer of electricity through the implementation of distributed energy resources
(DER). Distributed energy resources, including both distributed generation (DG) units and
distributed storage (DS) units, are smaller power sources close to the end user’s premises that can
be aggregated to provide power necessary to meet host loads [1], [2].
With the source of electricity moving closer to the end user, conventionally massive,
centralized and government-regulated energy management systems are being complemented or
replaced by local energy management systems called microgrids. Microgrids can be described as
1

systems with distributed generation units, distributed storage units and an associated cluster of
loads that can be operated and coordinated locally to reliably supply electricity. Microgrids can
form intentional islands in the larger electrical distribution system and can be disconnected from
or reconnected to the regional/state electric power system with minimal disruption to local loads.
An isolated microgrid is one that is permanently disconnected from the larger power grid due to
technical, economic or efficiency constraints. Isolated microgrids are gaining currency in remote
areas and parts of developing countries with no access to the larger state grid. An isolated
microgrid could be the answer to the freshman student’s question on providing access to
electricity to those in need —but what does it really take to manage an isolated microgrid?
Energy management of an isolated microgrid poses challenges of efficiency and
reliability. This thesis explores the feasibility of operating an isolated microgrid, using Princeton
University’s microgrid as a case study. The goal is to both mathematically model and simulate the
management of an isolated microgrid that executes reliable supply-side and demand-side
management of electricity without having the luxury of depending on the larger power grid. The
additional complexities of a combined heat and power (CHP) plant and the integration of highly
variable sources of renewable energy such as solar power render the modeling of such an isolated
microgrid even more challenging. The analysis lends support to a larger body of research that
seeks to assure end users like the freshman student above of always-available electricity supply,
even when all of the electricity is generated right on campus premises.
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1.1 Structure and Characteristics of Microgrids
The concept of microgrids was first introduced in technical literature as a solution to
reliably integrate distributed generation (DG) units, distributed storage units (DS) and
controllable loads [3],[4]. In the absence of a standardized definition, microgrids can have any
arbitrary configuration as long as there is a local source of energy generation, some associated
energy consumption elements and a connection to the larger power grid called the Point of
Common Coupling (PCC) [5]. A simple representation can be seen below[2]:

Figure 1-1: Diagrammatic Representation of a Microgrid
A microgrid can operate in grid-connected mode i.e. when a microgrid is connected to the
larger power grid, as well as in isolated or stand-alone mode, when it is disconnected from the
larger grid. The microgrid must handle transitions between the two modes seamlessly. Generally,
microgrids function in grid-connected mode. This allows the microgrid to purchase a portion of
its electricity needs from the larger power grid when electricity prices are cheap or if there is a
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peak power deficit. Any excess power generated in the microgrid can be supplied to the larger
grid during peak power conditions or for ancillary services, frequency or voltage regulation and
load shifting. This two-way power flow provides higher reliability and better power quality to end
customers and alternative sources of dispatchable power to the public utility companies [5]. In
stand-alone mode (an islanded/isolated/independent microgrid), the power generated within the
microgrid and any temporary power transferred to/from distributed storage units must balance the
demand from local loads or at least the most critical loads [6]. Disconnection or islanding of the
microgrid at the PCC can be intentional or unintentional. Intentional disconnection can be due to
scheduled maintenance or when degraded power quality in the larger power grid can endanger
microgrid operations. Unintentional disconnection can occur due to faults or during emergency
situations such as storms etc.
Microgrids in permanent stand-alone mode that do not have a PCC or their PCC is
permanently closed off are called isolated microgrids. Isolated microgrids can be intentionally set
up in remote areas, which the larger power grid cannot cater to due to reasons of economic or
technical feasibility. Several evolved versions of microgrids such as Active Distributions Systems
(ADS), cognitive microgrids, Virtual Power Plants (VPPs) exist; and microgrids have also been
studied as the main building block of Smart Grids. Discussion on these evolved cousins of the
microgrid is beyond the scope of this thesis and for an in-depth outline the reader is referred to [5]
and [7]. Reports on policymaking for microgrids and the economics of microgrids can be found
in [8] and [9]. Microgrid management is often viewed in literature as an optimization problem, as
visualized in Figure 1-2 below. A brief primer on generation (supply-side), consumption
(demand-side), energy storage and optimization of the three aspects is provided in the following
sub-sections:
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Figure 1-2: Schematic Representation of Microgrid Optimization [10]

1.1.1 Demand Side
The demand side is an aggregation of all the energy-consumption elements or loads. This
represents all the various lighting or heating, ventilation and air conditioning (HVAC) needs of
the end user. Loads can be categorized as:
1) Critical loads: which must be met at all times. These are power supplies to essential
processes. For e.g. on a college campus this would be power supply to the medical center,
fire station, police office and research centers which preserve equipment, consumables or
flora and fauna in specific temperature and environmental conditions.
2) Curtailable loads: which can be temporarily lowered, for e.g. air conditioning systems.
3) Reschedulable loads: which can be flexibly shifted to avoid penalties associated with peak
demand or overloading. Some energy-intensive activities are monitored and moved
backwards or forwards in time, for e.g. the production of chilled water can occur at night
5

instead of during the day when demand for electricity is high.

1.1.2 Supply Side
Supply side comprises all DG units that provide electricity generated locally to the microgrid. DG
units can be categorized as:
1) Dispatchable: The power output of a dispatchable DG unit can be fully controlled
externally. Dispatchable units can be fast-acting or slow-response but are typically
conventional sources of energy e.g. diesel generators, gas turbines etc.
2) Non-dispatchable: Power output of a non-dispatchable DG unit cannot be controlled.
These are typically Renewable Energy Sources (RES) generating intermittent power that
depends directly on real time weather conditions such as wind speed, temperature or
irradiance e.g. photovoltaic (PV) panels, wind turbines, fuel cells etc.
Supply side in a microgrid could mean a stand-alone wind turbine or a more complex
cogeneration or combined heat and power (CHP) plant. In grid-connected mode, the microgrid
receives electricity supply from the larger power grid via a utility company, and can also sell
locally generated excess electricity back to the main grid.

1.1.3 Energy Storage
Energy storage contributes to flexibility in power control management within the
microgrid, especially when the microgrid includes intermittent, non-dispatchable DG units such
as solar PV panels or wind turbines. DS units can be used for peak-shaving, storing the locally
generated energy until it is needed and for catering to reschedulable loads. Long-term storage
options include batteries and on a smaller scale, short-term batteries include flywheels and super
capacitors. With increased usage of plug-in hybrid electric vehicles (PHEV), the storage capacity
of electric cars can also be leveraged. An extensive table of applications for DS units can found in
[11].
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1.1.4 Optimization for the microgrid
There are several differences between energy management for microgrids and bulk power
generation which make optimization for microgrids difficult and complex:
1) Microgrids may require joint optimization of both electrical and thermal energy and
coordination across multiple DG/DS units and loads.
2) There is more uncertainty in microgrids due to intermittent power supply from nondispatchable RES, fluctuating demand schedules, unpredictability of future energy
demands and if the microgrid is in grid-connected mode, from dynamic energy prices
offered by the larger power grid. This adds another degree of freedom to the
optimization.
3) A microgrid may be required to perform more nuanced services such as providing prespecified power quality or preferential services to some critical loads.
4) Microgrids are inherently more complex in configuration than a simple parallel ordering
of generation units as seen in power plants.
5) Many optimized variables are integer or binary variables as they represent whether
specific piece of equipment is running or not. This intrinsically renders the optimization
problem to be complex.
Chapter 3 presents optimization formulations that account for these complexities. Note that
microgrids also present operational challenges in the design of control and protection systems.
Smooth electrical control of phase, frequency and voltage of components is assumed in this
thesis. In reality, microgrids and especially isolated microgrids may face stability issues and low
inertia that can lead to frequency deviations. Isolated microgrids are significantly more
challenging, as the critical demand-supply equilibrium requires implementation of accurate load
sharing mechanisms amongst DG and DS units to balance sudden active power mismatches [5].
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1.2 Motivation
Besides the complex academic challenge posed by the optimization formulations, there
are several other motivations for pursuing the research question: what would it take to manage
Princeton University as an isolated microgrid?
Microgrids are a fascinating innovation in the field of distributed energy and propose a
future where the consumer could produce his own electricity. Not only does this revolutionize
economics of public utilities as known today and offer higher power (figuratively!) to the end
customer, it could also provide additional benefits of increased reliability. Microgrids also offer
significant advancements in energy efficiency, deployment of renewable energy sources and
promotion of smart grid technologies. Increased research focus on microgrids thus has multiple
positive consequences on these associated areas.
Further, research on microgrids is at an exciting nascent stage with seminal texts being
less than a decade old. In fact, key research papers on the topic such as [5] and [7], were in the
process of being accepted by journals during the writing process of this thesis. This thesis aims to
contribute concrete analysis from simulations of a real world scenario to this growing area of
research.

1.2.1 Why Princeton University’s microgrid as a case study?
Princeton University’s existing grid-connected microgrid is already highly efficient and
environmentally efficient, with a combined heat and power (CHP) or cogeneration plant that
utilizes waste heat from electricity generation to produce steam, hot water and chilled water.
Thus, the energy efficient university microgrid was an appropriate model for this exploration of
the feasibility of isolated microgrids.
In fact, the first ever mention of the term “microgrid” was done in conjunction with CHP
as the key energy generation unit:
8

“If combined heat and power at residential, industrial plants or commercial building can
be achieved, the efficiencies can be higher than conventional central generation plants.
The smallness of these new distributed generation along with the low voltages at the
interface create a new class of problems which requires innovative approaches to
managing and operating the distributed resources. One such concept is the microgrid” [3].
The author’s personal association with the university also enabled procurement of historical data
and access to experts and managers at the Princeton University facility.

1.2.2 Why an isolated microgrid?
The feasibility of isolated microgrids is of interest for their:
1)

High impact use cases in remote areas and developing countries (see next section)

2) Reliability during emergency situations such as storms
Over the last two years, the Princeton University microgrid has been hailed due to its ability to
disconnect from the state grid completely and generate all of its electricity on its own for short
periods of time, such as during Hurricane Sandy in October 2012.

Figure 1-3: Hurricane Sandy Press Coverage of Princeton University’s microgrid
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Ted Borer, Plant Manager of the University Facility says "For a day and a half, we had to
generate everything the campus needed, we didn't know about Hurricane Sandy 20 years ago
[when the microgrid was first established], but we knew there are things that make the [utilitycompany] grid unreliable … Now, we can run the campus as an electric island in times of crisis"
[12]
In Figure 1-4 below, notice that approximately 33% of the campus demand is satisfied using
purchased electricity before the day of the hurricane, when this drops to zero.

Figure 1-4: Campus Power Use during Hurricane Sandy
Running the Princeton University microgrid in stand-alone mode could also be an alternative
during holiday breaks; such as winter months when several campus residential buildings are
empty and electricity prices are relatively expensive.
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1.2.3 High impact use cases in developing countries
The strongest motivation for exploring long term, stable isolated microgrids comes from
its uses in remote areas and parts of the world that do not have access to the state or national grid.
It is too expensive, leaky and cumbersome for the state or national grid to connect to roughly 300
million Indians living in 80 million households — about a quarter of the author’s home country’s
population of 1.2 billion [13].

Figure 1-5: Press Coverage on High Impact Use Cases of Isolated Microgrids

Recently, this strong need for electricity has begun to be catered to by five private
companies which operate off-grid, isolated microgrids in rural villages primarily powered by
solar photovoltaic (PV) panels [14]. Together they serve about 125,000 households, a tiny
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fraction of the country’s overall power needs but have already generated immense economic
benefits for the communities they operate in [15], [16]. Operating these localized systems as a
long-term solution requires tackling operational difficulties as well as multiple economic
concerns such as articulating cost recovery, establishing tariff structure, metering arrangements
and ownership regulations[17]. Some of the operational difficulties mentioned include the joint
optimization of supply and demand and the joint optimization of heat and electricity supply –
both areas where this thesis could serve as a sample study.
A recent report on photovoltaic microgrids in India argues that “villages and remote
hamlets that are off the main grid can leapfrog into sustainable power access via solar PV
(photovoltaic) mini-grids as a long-term solution rather than as a stop-gap till the time the grid
comes” [18] While this thesis does not directly tackle the financial, technical and social issues
associated with long-term microgrid deployment, it serves as a sample study on modeling the
demand-side and supply-side management of a long-term, stable isolated microgrid that
incorporates solar power and thus assists in providing evidence for assessing the practicability of
the above claim.

12

1.3 Literature Review
A hierarchical approach is widely adopted in literature for designing microgrids’ control
systems since several control and operational decisions need to be made. A primary, secondary
and tertiary level of control is proposed in [19].

Figure 1-6: Hierarchy of Microgrid Control

Primary control (also known as local control or internal control) deals with local
measurements at the equipment level: output control responsible for tracking voltage and currents
and power sharing control responsible for adequate share of real and reactive power mismatches
[20]. Secondary control or the Energy Management System (EMS) deals with the reliability and
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economics of the microgrid operation and is the highest hierarchical level in control of isolated
microgrids. Tertiary control deals with coordinated operation of multiple microgrids and the
larger power grid. This thesis focuses on developing and simulating reliable and economical
secondary control for isolated microgrids.
Within secondary control, centralized and decentralized approaches have been identified. The
decentralized approach gives greatest possible autonomy to the different DERs and loads and
aims to minimize cost of operating the grid to the extent possible i.e. using no more of something
than is necessary. Multi agent systems (MAS) are suggested in technical literature [21], [22] and
[23]. For a brief overview of MAS the reader is referred to [5]. On the other hand, the centralized
approach consists of a central controller that takes in:
1) relevant information from each DER unit and load
2) cost functions, technical characteristics/limitations, network parameters, models of
operation
3) information from forecasting systems (local load, solar power available etc.)
to determine an appropriate unit commitment and economic dispatch policy. The schematic in
Figure 1-2 is that of a centralized approach to microgrid control. Several variants of the approach
have been recommended and for further details the reader is again referred to [5]. Currently,
Princeton University utilizes such a centralized approach through the ICETEC® software system.
Most importantly, a centralized approach is recommended as most suitable for an isolated
microgrid [20]. We propose a centralized type of secondary control in this thesis.
Regardless of what the centralized approach algorithm is, two possibilities for
implementation are offered in [24]: real time optimization and expert systems. In the latter
implementation type, computationally taxing optimization is avoided and results of a pre-run
optimization are stored as a finite set of control options. During actual microgrid operation, a
rule-based technique decides which option to apply given the past, current, and predicted future
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states of the system. In this thesis, we simulate a centralized approach using real-time
optimization, as computation is not time-consuming for isolated microgrids with a limited
number of DER units.
The majority of research with a centralized secondary control adopts mathematical models of the
microgrid’s operation and components with emphasis on Mixed-Integer Linear Programming
(MILP) formulations [10],[23],[25],[26] and [27]. These do not account for the distribution of
equipment in the system as modeling the system increases the complexity of the formulations and
increases the computational times to obtain the solution. Moreover, many research papers
adopting the MILP methodology do not consider RES in their mathematical formulations, as
renewable energy is intermittent and cannot be controlled.
Recent research has suggested that system unbalance may have an important effect on the
optimal operation of microgrids (especially isolated microgrids) and this may require detailed
modeling of the system to properly manage reactive power requirements and non-negligible
system losses[20]. A problem decomposition approach which optimizes at the level of lines,
transformers, loads, generators and energy storage is presented as an alternative to MILP
formulations by [20] for an isolated microgrid and by [28] for integration of intermittent RES.
This thesis formulates and implements a detailed three-phase centralized approach to
simulate an isolated Princeton University microgrid. We attempt to completely separate the
design of the model from the design of policies and adopt an approximate dynamic programming
approach to focus purely on modeling the campus energy supply and demand [29].
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1.4 Thesis Overview
Chapter 1 offered a brief introduction to the structure and characteristics of microgrids, a
review of approaches to microgrid management in technical literature and the author’s
motivations for pursuing the research question: what would it take to feasibly operate Princeton
University as an isolated microgrid?

Figure 1-7: Overview of Thesis
Chapter 2 contains background on the components of the Princeton University microgrid and a
summary of the assumptions made in order to simulate it as an isolated microgrid. In Chapter 3,
mathematical formulation of the three models that make up the overall simulation model is
presented. Chapter 4 reviews how the simulator assimilates these models to execute simulations
for multiple days at once. Chapter 5 details methods attempted to generate solar power forecasts
for the simulator. Analysis of simulation results, divided into battery storage analysis and
generation capacity analysis, can be found in Chapter 6. Conclusions, suggestions for further
research and main contributions of this work are highlighted in Chapter 7.
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2

Energy Management at Princeton University
This chapter provides an overview of the Princeton University microgrid. Section 2.1

gives a snapshot of the components of the Princeton University energy network. Section 2.2
summarizes existing tertiary and secondary control of the university microgrid. Section 2.3
reviews assumptions made in this thesis to simplify and model the university microgrid.

2.1 Components of the Princeton University
Microgrid

Figure 2-1: The Princeton Energy Plant and TES tank

Princeton University currently operates an energy facility that provides electricity, steam,
and chilled water to power, heat, and cool over 180 buildings on the university campus. Existing
energy management at the University is already highly advanced, with an environmentally
efficient combined heat and power (CHP) or co-generation plant. Princeton’s CHP leverages
what standard power plants would consider “waste” heat in flue gas and converts it into steam
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and chilled water. The main components of the Princeton power plant are outlined in Table 2-1
below:
Energy Equipment

Rating

Electricity
Gas Turbine Generator (1)
Solar Photovoltaic System

15MW
5.3MW

Steam Generation
Heat Recovery Boiler (1)
Auxiliary Boilers @ 150 ea. (2)

180,000 #/hr
300,000 #/hr

Chilled Water Production
Steam-Driven Chillers (3)
Electric Chillers (5)
Thermal Storage (TES) Tank (1)

10,100 Tons
10,700 Tons
40,000 Ton-hours

Peak Demand
27MW
(summer)

240,000 #/hr
(winter)

Off-season Peak
Demand
17MW

167,000
(summer)

10,000 Tons
(peak discharge)

Table 2-1: Energy Equipment at Princeton
Distributed generation contains both a dispatchable source, a General Electric LM-1600
gas turbine that burns natural gas or diesel fuel and a non-dispatchable renewable energy source
(RES) in the form of 16,500 solar photovoltaic panels. Waste exhaust gas from the gas turbine is
fed as input to the auxiliary boilers and the Heat Recovery Steam Generator (HRSG) to produce
hot water/steam for research equipment (autoclaves, storage spaces etc.), dining hall dishwashers,
humidifiers and comfort heating in winter months. See a snapshot of the co-generation process
below in Figure 2-2.
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Figure 2-2: Snapshot of the Co-generation Process
The 2.6 million gallon thermal energy storage (TES) tank of chilled water, allows
production and storage of chilled water at night, when electric demand is low, and distributes the
chilled water during the daytime when electricity imported from the grid is expensive. By acting
as a “battery” of chilled water, the TES tank enables continued distribution of air conditioning
should a chiller or boiler break down[30]. The heating, cooling and electricity is delivered to
campus energy users using underground pipes and distribution lines that are is useful from both a
perspective of aesthetics and safety from storms, falling trees and high winds.
Due to its co-generation capabilities and ability to integrate non-dispatchable solar power,
the Princeton microgrid is 80% efficient and saves 27,900 metric tons of carbon emissions each
year[30]. These very capabilities however, also pose demand-response challenges when
considering implementation of an independent microgrid. Princeton’s microgrid generally
functions in grid-connected mode and does not support its entire load using in-house generation.
While the cogeneration plant can generate at least 15MW of electricity on any given day1, the

1

This 15MW does not meet the daily average electric power needs for Princeton University of
approx. 16 MW. Average obtained from Ted Borer, Princeton University’s Energy Plant manager.
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University usually finds it cheaper to purchase a proportion of its electricity from the PJM
Interconnection grid (via the utilities company PSEG).

Figure 2-3: Princeton Energy Flows in Fiscal Year 2013
As shown above in Figure 2-32, 58% of the total electricity needs of the campus in the
fiscal year of 2013 (1st July 2013-30th June 2014) was met using purchased electricity from the
grid.
The Princeton energy facility visualized above in Figure 2-3 runs 24/7 and 365 days a
year, optimizes energy costs for all steam, chilled water and power supplied around the 9.5
million sq. ft. large campus and utilizes an energy scheduling policy to both purchase from and
sell to the larger PJM grid.

2

Figure 2-2 and 2-3 obtained from Ted Borer.
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2.2 Existing Energy Management Policies
The Princeton University microgrid has a give and take relationship with the PJM grid.
PJM Interconnection is a regional transmission organization that coordinates the movement of
wholesale electricity in a grid, spanning states such as Pennsylvania, New Jersey, Maryland,
Delaware, Illinois, Ohio etc. [31]. The university purchases and sells to this grid through the local
utility company Public Service Electric & Gas or PSEG.
When campus power use is high or utility power is inexpensive, the microgrid draws
from the PJM grid by hedging its power purchases based on real-time prices in the PJM grid’s
locational marginal pricing (LMP) based market. Conversely, when campus demand is low,
Princeton's microgrid can contribute excess power generated to the larger power grid. Princeton
also sells into PJM’s ancillary markets, offering frequency regulation and synchronous reserve
services. Thus, the microgrid can rely on the larger power grid for back-up power should its own
equipment fail but separate and function independently if the larger grid has turned unreliable,
such as when Hurricane Sandy hit New Jersey.
To execute these market-based strategies, the university uses commercial software called
ICETEC®. ICETEC governs the microgrid’s secondary and tertiary control i.e. both the
management of the plant assets as well as the microgrid’s interaction with the larger PJM grid. It
calculates real time market analytics, such as volatility index (VIX) models of the PSEG prices
and market forwards and futures of underlying fuels. It also maintains a database of Princeton’s
energy data, incorporates real-time weather forecast information and controls the efficiency and
availability of all the different plant assets [32].
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Figure 2-4: Snapshot of the ICETEC interface
ICETEC enables the Princeton microgrid to be a market participant by allowing marketsensitive dispatch while meeting all of campus load. In the snapshot of the ICETEC terminal
above, the TES tank is being charged (green) only when price of imported electricity falls (blue
line) [32].
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2.3 Assumptions for an Isolated Microgrid
Several simplifications and assumptions are made to model the Princeton University
microgrid. Since we do not have access to the proprietary algorithms ICETEC uses, we adapt the
SMART-ISO simulator built by PENSA lab in the department of Operations Research &
Financial Engineering at Princeton University[33]. SMART-ISO is a highly detailed simulator of
the PJM power grid. This adaptation is reasonable for three reasons. First, microgrids are
acknowledged throughout literature as “small-scale versions of the centralized electricity
system”[10]. Second, since Princeton has a give and take relationship with the PJM grid and
follows a similar three phase ‒ day-ahead, hour-ahead and real-time ‒ energy scheduling policy, it
is apt to modify a simulator originally built for the PJM grid. Third, since we are modeling an
isolated microgrid, the lack of interaction with a larger power grid justifies the lack of any tertiary
control and the lack of a transmission network.
Another simplification made is in the energy scheduling of the TES tank. Currently, the
TES tank is charged/discharged based on the corresponding price of electricity being offered in
the PJM grid. This usually causes the TES tank to be charged at night, when electricity is cheap
and demand is low, while the majority of energy discharge takes place during the day when
demand for chilled water is high and price of imported electricity is also high. In Figure 2-5
below, price of electricity is in red and the storage of the TES tank is in green for the sample
period of February 22-24 2015. The TES tank functions like a battery- energy can be
instantaneously dispatched at all times whenever it is required by campus.
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Figure 2-5: Storage in TES tank (green) and price of imported electricity (red)

In our theoretical day-ahead model below, the charging/discharging of the TES tank
occurs on a simple time scale. The TES tank is charged for a minimum time period (a tunable
parameter which can be tweaked) when campus demand for electricity is low and power (chilled
water) flows from the tank to campus for consumption as required. Thus, there are no mutually
exclusive online/offline or charge/discharge states. The implemented simulator however treats the
TES tank as a naïve battery, it is charged when excess power is generated and discharged as per
demand requirements.
Finally, a major simplification made is that chilled water and steam demand is converted
into electrical demand in order to capture the entire campus energy demand. Three methods are
attempted in order to ensure this conversion is done as realistically as possible and finally,
method 2 that provides the second highest estimate of total energy demand is chosen3.

3

See Appendix A.1 for a walkthrough of all three methods and sample calculations for 1st January

2015 0:00.
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Figure 2-6: Modeling Legend for Conversion of Steam and Chilled Water Load

As per Figure 2-6, this summates the end-user’s demand on campus for electricity (1),
steam (2) and chilled water (3) but ignores energy consumption by different plant assets.
However, it is reasonable to assume that 1 MW of generated electricity produces 1000 lb/h of
“free” steam which is used by the TES system since in our implemented simulator we model the
TES system as a naïve battery or form of pumped storage which requires almost no extra
electricity to operate. The other methods attempted reveal that the steam consumed for the
operation of the TES tank is minimal i.e. (7)+ (8) + (9) is not much larger than (2). See Appendix
A.1 for details.
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3

Problem Formulation and Modeling
Supply side optimization for the isolated Princeton University microgrid will occur in

three phases: day-ahead unit commitment, intermediate-term unit-commitment and real-time
economic dispatch. Unit commitment (UC) is the process of deciding when and which DG units
to start up and shut down. Economic dispatch (ED) is the process of deciding what the individual
power outputs of the scheduled DG units should be at each point in time.

Model

Frequency

Planning Horizon

Description

48-hrs

Increments/
Step-size
1hr

Day-ahead Unit
Commitment

Once every day
at noon

Intermediate Term
(Hour-ahead) Unit
Commitment

Every 30mins at
(⋅)hr 45mins
and (⋅)+1 hr
15mins

2-hrs 15-min

15mins

-Turn DG units
on/off

Real time Economic
Dispatch

Every 5mins

15-min

5mins

-Ramp up/down
DG units, TES and
boilers to meet real
time demand

-Turn TES tank
on/off
-Update forecasts
of demand and
supply of solar
power each hour

Table 3-1: Planning Models for the Princeton Microgrid

In

our

mathematical

model,

day

ahead-unit

commitment

primarily

models

charging/discharging the Thermal Energy Storage (TES) Tank and updates forecasts for demand
and supply of solar power. Intermediate-term or hour-ahead unit commitment decides whether to
turn the dispatchable DG units i.e. the gas turbine or other alternatives on/off. Economic dispatch
decides how much the generators, boilers and TES tank needs to be ramped up or down in order
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to meet real-time energy demand. This is primarily reactive but we model economic dispatch at
the five-minute step size to account for the continuous nature of dispatch of energy from the TES
tank. We follow the notation format outlined by Powell in [29], [34] and [35]. The modeling of
the dispatchable DG units is similar to Steven Chen’s senior thesis on the hour-ahead unitcommitment problem [36]. Since there are no slow generators in our isolated microgrid and we
forecast for solar power, certain variables and constraints in our model are changed. We also
introduce a third real time economic dispatch model that is not attempted by any previous theses
on the topic.
Before describing the model, it is important to explain the notation used. The unit
commitment models presented in this chapter are information processes with a lag so all decision
variables are denoted with:

xt ,t ',i = Decision about generator i, made at time t, executed at time t’>t
The adapted SMART-ISO will run the day-ahead UC model at noon to make decisions in 1-hour
step sizes for the next 48 hours, and the intermediate-term UC model to make decisions for the
next 2-hour 15-min period in 15-minute increments. For example, in the day-ahead model the
notation above could be t = noon of the current day, while t’ will be some hour in the model’s
48hr planning horizon. In this model, the times denoted by t’ will be indexed 1,...T, where T is the
number of increments in the planning horizon (48 hours in this case). The subscript i ∈I G denotes
a dispatchable DG unit where IG is the set all dispatchable DG units. Any renewable energy
sources (RES) such as solar PV panels will be treated separately as exogenous information since
their output can be forecasted but not controlled.
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3.1 Day-ahead Unit Commitment Model
The day-ahead unit commitment (UC) problem is solved once each day at noon. This is a
fairly large integer program spanning approx. 48 hours in hourly increments. Day-ahead UC
decides when to charge/discharge the Thermal Energy Storage (TES) tank and accounts for
forecasts of demand and supply of solar power for the week.

3.1.1 Forecasting
The system receives rolling-horizon forecasts of the campus demand for electricity ft ,tD,elec
, steam
'
, chilled water ft ,tD,chill
and the forecast of supply of solar power available ft ,tS ' at each time
ft ,tD,steam
'
'
increment t i.e. each hour t in the day-ahead model. This forecast is replaced by actual demand
and solar power available in the intermediate-term UC model. To eliminate duplication of
notation, we keep the replacement of forecasted values by actual values (for demand and solar
power available) exclusive to the intermediate-term UC model. The real time economic dispatch
model accounts for changes in these actual values. The forecast for the total campus demand for
energy is the sum of the forecasts for the total demand for electricity, steam and chilled water:
ft ,tD' = ft ,tD,steam
+ ft ,tD,elec
+ ft ,tD,chill
'
'
'

3.1.2 List of Variables
Table 3-2: List of Variables in Day-ahead Unit Commitment Model
Variable
Definition
Thermal Energy
Storage (TES)
tank Parameters

CtTES

Variable cost ($/MW) of operating TES tank at time t

max
RTES

Maximum amount of energy (MW) that the TES tank can store (Note that we
use power units MW instead of energy units MWh to make matters simple)

full
τ TES

Maximum time in number of increments the TES tank can be charged for, set
to be ≥ 1 (assuming once we begin supplying power to the TES tank, we do so
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for a minimum of 1hr), also interpreted as time required to reach full capacity
min
τ TES

Minimum time in number of increments the TES tank must be charged for, set
to be ≥ 1 (assuming once we begin supplying power to the TES tank, we do so
for a minimum of 1hr)

max
pTES

Maximum amount of power that can be supplied to campus (MW) by TES
tank

min
pTES

Minimum amount of power that can be supplied to campus (MW) by TES tank

System
Parameters

Rt ,TES

Amount of energy stored (MW) by the TES tank at time t

Decision
Variables

wt ,t ',TES

TES charging status
⎧1 if TES tank is charging i.e. taking power as an input at time t'
wt ,t ',TES = ⎨
otherwise
⎩0

wton,t ',TES

Begin TES charging status
⎧1 if TES tank begins taking power as an input at time t'
wton,t ',TES = ⎨
,∀t'=1,...T
⎩0 otherwise

wtoff,t ',TES

Begin TES discharging status
⎧1 if TES tank stops taking power as an input at time t'
wtoff,t ',TES = ⎨
,∀t'=1,...T
otherwise
⎩0
Power supplied to campus (MW) by TES tank at time t’

pt+,t ',TES
pt−,t ',TES

Power consumption by/input to TES tank at time t’

Transition
Variables

wt ,TES

ntcharge
,TES
ntdischarge
,TES

TES charging status at the last time increment t=T of the planning horizon
⎧1 if TES tank is charging i.e. taking power as an input at time t=T
wt ,TES = ⎨
otherwise
⎩0
Number of consecutive 1-hour increments TES tank has been charging (taking
in power as an input) by t = T.
Number of consecutive 1-hour increments TES tank has been discharging (not
taking in any power) by t = T
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φtcharge
,TES

Minimum charging time indicator
⎧1 if TES tank does not satisfy the
⎪
charge
φt ,TES = ⎨
minimum charging time requirement at time t=T
⎪0
otherwise
⎩

Table 3-2: List of Variables in Day-ahead Unit Commitment Model

3.1.3 State Variable
State variable is the least amount of information that is both necessary and sufficient for the
decision-making process. According to Powell, state variable is the “minimally dimensioned
function of history that is necessary and sufficient to compute the decision function, the transition
function and the contribution function” [35]. The state variable for the day-ahead model is the
least amount of information that is both necessary and sufficient for making the charging and
discharging decisions for the TES tank:

{

St = wt ,TES , wton,TES , wtoff,TES , ntcharge
, ntdischarge
,φtcharge
, ft
,TES
,TES
,TES

}

Although ft is not directly utilized by the charging/discharging process of the TES tank, we
identify it as part of the state variable here because it is updated in every time increment of the
day ahead model with new forecasts. It is also necessary information that is derived by the nested
intermediate-term UC horizons (and consequently the nested real time economic dispatch
horizons) from the current day-ahead UC horizon. This is crucial for say, the key demand
satisfaction constraint expressed in Section 3.2.7 below that ensures forecasted demand is
satisfied by scheduled power generated by online DG units at that time.

3.1.4 Decision Variables
The decision variables in the day-ahead model decide when power is to be supplied to the
π
TES tank. Decision variables are specified by some policy X (St ) which is established at time t.
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A policy!! is defined by Powell as any mapping from state St to a feasible decision xt. In other
words, a policy is “a rule or function to determine a decision given the available information in
the state St” [35]. For each time increment i.e. each hour in the day ahead model, there are
decision variables that identify when the TES tank is to be charged and for how long:

⎧1
wt ,t ',TES = ⎨
⎩0

if TES tank is charging i.e. taking power as an input at time t'
,∀t'=1,...T
otherwise

⎧1
wton,t ',TES = ⎨
⎩0

if TES tank begins taking power as an input at time t'
otherwise

,∀t'=1,...T

⎧1
wtoff,t ',TES = ⎨
⎩0

if TES tank stops taking power as an input at time t'
otherwise

,∀t'=1,...T

The decision variables for the day-ahead unit commitment model can be represented as:

X π (St ) =

{w

t ,t ',TES

, wton,t ',TES , wtoff,t ',TES

}

3.1.5 Exogenous Variables
Wt+1 is exogenous information that is unknown at time t and first becomes known at time t+1.
(W1, W2,…,WT) is a series of random variables that captures the evolution of loads, generation of
solar energy, sudden spikes and troughs in demand response, generator failures, updating of
weather forecasts etc. At every time increment t of a day-ahead planning horizon, our vector of
forecasts ft is provided by an exogenous forecasting service, so we are given the forecast directly
(rather than the change in the forecast).

ft = ( ft ,t ' )t '>t
= ( ft ,tD' , ft ,tS ' )
Thus,

Wt =

{f }
t

,∀t = 1,...,T

This vector of forecasts serves to inform the nested intermediate-term UC horizon and the real31

time economic dispatch model and is updated in the latter model. At time t’, ft ,tD' and ft ,tS ' are
S
replaced by Dt ' and pt ' in the real time economic dispatch model (see Section 3.3.4). As

explained above, these forecasts are also crucial in identifying the power committed by
dispatchable generators for time t’ in the intermediate-term unit commitment problem (see
constraint 7 in Section 3.2.7). Chapter 4 assimilates these disparate parts in the overall simulation
model.

3.1.6 Transition Functions
The transition function determines the transition from St to St+1 i.e. from 1-hour increment t to
t+1.

St+1 = S M (St , X π (St ),Ŵt+1 )
S M (⋅) is the transition function which takes as input the state variable at time t, decisions
implemented at time t and exogenous information that arrives in the time period t to t+1 (fully
known at time t+1); to output the state variable for the next time increment St+1.
The following transition functions govern when power is to be supplied as an input to charge the
TES tank.
1. TES Charging Status Indicator Transition Function:

wt+1,TES

on
⎧1
if wt+1,TES
=1
⎪⎪
off
= ⎨0
if wt+1,TES = 1
⎪
⎪⎩ wt ,TES otherwise

The TES tank charging status indicator becomes 1 in the same time increment that the
power supply to the TES indicator is turned on and the power input supply decision
variable becomes 1. The second scenario is when the TES tank stops charging i.e. taking
power input supply. Otherwise, the charging state of the TES tank does not change.
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2. Consecutive Charging Time Transition Function:

charge
nt+1,TES

⎧1
⎪⎪
= ⎨0
⎪ charge
⎪⎩ nt ,TES + 1

on
if wt+1,TES
=1
off
if (wt+1,TES = 0 or wt+1,TES
= 1)

if (wt+1,TES = 1 and wt ,TES = 1)

The first scenario is when the TES tank begins charging at time t+1. In the second
scenario, the consecutive charging time counter is set to 0 if the TES tank is already in a
discharge mode or if it is turned off at t+1. If the TES tank continues charging at time
t+1, the consecutive charging time counter is incremented by 1.
3. Consecutive Discharging Time Transition Function:

discharge
nt+1,TES

⎧1
⎪⎪
= ⎨0
⎪ discharge
⎪⎩ nt ,TES + 1

off
if wt+1,TES
=1
on
if (wt+1,TES = 1 or wt+1,TES
= 1)

if (wt+1,TES = 0 and wt ,TES = 0)

The first scenario is when the TES tank stops taking power as an input and goes into
discharge mode at time t+1. In the second scenario, the consecutive charging time
counter is set to 0 if the TES tank is already charging or if it is turned on at t+1. If the
TES tank continues in discharge status at time t+1, the consecutive discharging time
counter is incremented by 1.
4. Minimum Charge Time Satisfaction Transition Function:

charge
φt+1,TES

⎧0
⎪⎪
= ⎨1
⎪ charge
⎪⎩φt ,TES

min
if (ntcharge
≥ τ TES
and wt ,TES = 1)
,TES
min
on
if (ntcharge
< τ TES
and (wt ,TES = 1 or wt+1,TES
= 1))
,TES
on
if (wt ,TES = 0 and wt+1,TES
= 0)

The first scenario occurs when the TES tank fulfilled the minimum charge time
requirement in the last time increment. The second scenario is when the minimum charge
time requirement is not satisfied during this time increment because the TES tank has just
turned on or if the amount of time increments it has been charging by time t is less than
the minimum charge time requirement. The indicator stays the same if TES tank was
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neither charging in the last increment or began charging at time t+1.

3.1.7 Objective Function
Powell states that the “objective requires finding the policy that minimizes expected costs” and
thus our objective function is a minimization over policies π of an expected sum of contribution
functions [29].
T

(

min E π ∑ C St , X tπ (St )
π ∈Π

t=0

)

Notice that the notation E π conveys that the exogenous information might depend on past actions.
We are looking for the best function or policy π for making decisions. The objective in the dayahead unit commitment model is to minimize the total expected cost of operation of the Princeton
University microgrid:
T

(

min E π ∑ C St , X tπ (St )
π ∈Π

t=0

)

The contribution function for the day-ahead unit commitment problem is a sum of the cost of
generating electricity from DG units and the cost of operating the TES tank. Solar power is
considered “free” and not included in the contribution function:

(

) (

)

(

C St , X π (St ) = CtTES × pt−,TES + ∑ Ct fuel
× ptG,i
,i
i∈I G

)

3.1.8 Constraints
The constraints on the system parameters in the day-ahead horizon apply on the functioning of
the TES tank. Intra-horizon constraints apply on hours within each planning horizon of 48 hours.
The Inter-horizon constraints account for the scenario when the TES tank has still not satisfied
the minimum charging time requirement at the end of a planning horizon:
Intra-Horizon Constraints
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1. TES charging/discharging status constraints:

(w

on
t ,t ',TES

)

+ wtoff,t ',TES ∈{0,1}

,∀t ' = 1,...,T

The TES tank must only be in one of the following states at time t’: beginning charging

(

)

or beginning discharging i.e. when wton,t ',TES + wtoff,t ',TES = 1 . Obviously, a TES tank can be in
neither of these states as well if it is already charging or discharging:

(w

on
t ,t ',TES

)

+ wtoff,t ',TES = 0

2. TES charging/discharging status transition constraint:

wt ,t '+1,TES − wt ,t ',i = wton,t '+1,i − wtoff,t '+1,TES

,∀t ' = 1,...,T -1

The TES tank cannot both begin charging and discharging in a single 1-hour increment
i.e. [t’, t’+1].
3. Minimum charging/discharging time constraint:
on
t ,t ',TES

w

+

min
min(T ,t '+τ TES
−1)

∑

wtoff,t '',TES ≤ 1

min
if τ TES
> 1,∀t ' = 1,...,T

t ''=t '+1

This ensures that the TES tank begins discharging only after the minimum charge time
requirement has been satisfied.
4. Maximum charge time constraint:
wtoff,t '',i = wton,t '−τ min ,TES
TES

min
,∀t ' = (τ TES
+ 1),...,T

The maximum charge time constraint ensures that the TES tank stops taking power as an
input in the increment immediately after it has completed its minimum charge time
requirement. The inter-hour transition version of this constraint will tackle the scenario
when charging finishes after the current planning horizon.

Inter-Horizon Constraints:

35

1. TES charging/discharging status constraints carried over to the next planning horizon:

wt ,t ',TES − wt ,TES = wton,t ',TES − wtoff,t ',TES

,t ' = 1

The TES tank cannot simultaneously both be beginning charging and discharging as it
transitions from the last increment of the previous horizon t’-1=T to the first increment of
the next horizon t’=1. The input parameter to the model is the charging status from the
previous planning horizon.
2. Minimum charging/discharging time constraint carried over to the next planning horizon:

φ

charge
t ,TES

+

min
min(T +1,τ TES
−ntcharge
,TES )

∑

t ''=1

wton,t '',TES ≤ 1

(

)

min
min
if min(T + 1,τ TES
− ntcharge
) > 1,τ TES
> 1,φtcharge
> 0 ,∀t ' = T
,TES
,TES

This constraint ensures the minimum charge time is not violated when the TES tank
transitions to the next planning horizon. It is off by one term to account for a minimum
min
charge
charge time that is greater than 1 1-hour time increment. When min(T + 1,τ TES − nt ,TES )

=1, the generator is forced to discharge during the first increment of the new horizon but
this constraint ensures the minimum charge time requirement is not violated in all other
scenarios as well.
3. Maximum charge time constraint carried over to the next planning horizon:

wtoff,Τ w

TES ,TES

=1

(

)

w
min
if Τ TES
≤ T and τ TES
> 1 and φtcharge
>0 ,
,TES

w
min
where Τ TES
= min(T + 1,τ TES
− ntcharge
) is the maximum charge time
,TES

The TES tank must quit charging exactly at the upper bound, only after the minimum
charge time requirement is satisfied. This constraint applies when the TES tank began
charging in the previous horizon but the minimum charge time had not been satisfied in
the previous horizon. It states that the upper bound must be less than T+1 ensuring that
the TES tank will quit charging within this horizon. If the upper bound is equal to T+1,
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the TES tank stops taking in power in a later horizon (this is tackled by constraint 2
above even though in our setup we will never have a minimum charging time greater than
the standard planning horizon of 48 hours).
3.4.8.3

Upper and Lower Bound Constraints

The decision variables are governed by the following upper and lower bound constraints:
1. TES charging status indicator constraints:

wt ,t ',TES ∈{0,1}

,∀t ' = 1,...,T

2. Begin Charging indicator constraints:

wton,t ',TES ∈{0,1}

,∀t ' = 1,...,T

3. Begin Discharging indicator constraints:

wtoff,t ',TES ∈{0,1}

,∀t ' = 1,...,T

4. Output bound constraints:
min
max
pTES
≤ pt ,t ',TES ≤ pTES

,∀t ' = 1,...,T
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3.2 Intermediate-term Unit Commitment Model
The intermediate term unit commitment problem is solved every 30 minutes to determine
which (if any) DG/DS units are to be turned on or off. This is solved every 30 minutes over a 2hour 15-min horizon roughly divided into 15-minute increments.

3.2.1 List of Variables
This list contains all the variables associated with turning the DG units on/off in the
intermediate term (hour-ahead) unit commitment model. As explained above, the hour-ahead
model also schedules decisions at one point in time but implements them at later times. For
example, the variable xt ,t ',i = Decision about generator i, made at time t, executed at time t’>t
where i ∈I G and t’=1,…,T. Since our intermediate-term unit commitment model has a planning
horizon of 2 hours and 15 minutes with time steps of 15 minutes, T=9.
Table 3-3: List of Variables in Intermediate-term Unit Commitment Model
Variable
Definition
Generator
Parameters

Ct,ifuel

Variable fuel cost ($/MW) for generator i at time t

pimin

Minimum power output (MW) for generator i

pimax

Maximum power output (MW) for generator i

τ iwarmup

Minimum warm-up time in number of increments for generator i. By default,
set = 2 as the gas turbine generator warms up in 30 mins.

τ ionline

Minimum online time in number of increments for generator i, set to be ≥ 1

τ ioff

Minimum off time in number of increments for generator i. By default, set = 0
as we need to run at least 1 of the gas turbine generators at all times.

Δ up
i

Ramp-up rate (MW/increment) for generator i, must be >0

Δ idown

Ramp-down rate (MW/increment) for generator i, must be <0

System
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Parameters

Dt '

Actual demand at time t’ > t

Ctshortage
'

Penalty ($/MW) for power shortage at time t

Decision
Variables

wt,t ',i

Warming up status
⎧1 if generator i is warming up at time t'
wt ,t ',i = ⎨
⎩0 otherwise

wt,ton',i

Begin warming up status
⎧1 if generator i begins warming up at time t '
wton,t ',i = ⎨
⎩0 otherwise

ut ,t ',i

Online status
⎧1 if generator i is online at time t '
ut ,t ',i = ⎨
⎩0 otherwise

yton,t ',i

Going online indicator
⎧1 if generator i goes online at time t '
yton,t ',i = ⎨
⎩0 otherwise

ytoff,t ',i

Going off indicator
⎧1 if generator i goes offline at time t '
ytoff,t ',i = ⎨
⎩0 otherwise

pt,tG ',i

Committed power generation (MW) by generator i at time t’

ε t,t '

Slack variable representing power shortage at time t’

Transition
Variables

wt,i

Warming up status at time t=T, the last increment of the hour-ahead planning
horizon
⎧1 if generator i is warming up at time T
wt ,i = ⎨
otherwise
⎩0

ut,i

Online status at time t=T, the last increment of the hour-ahead planning
horizon
⎧1 if generator i is online at time T
ut ,i = ⎨
⎩0 otherwise
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ntwarmup
,i

Number of consecutive 15-min increments generator i has been warming up by
t=T

ntonline
,i

Number of consecutive 15-min increments generator i has been online by t = T

ntoff,i

Number of consecutive 15-min increments generator i has been off by t = T

φtwarmup
,i

Minimum warmup time indicator
⎧1 if generator i does not satisfy the min.warmup time at T
φtwarmup
=⎨
,i
⎩0 otherwise
Minimum online time indicator
⎧1 if generator i does not satisfy the min. online time at T
φtonline
=⎨
,i
⎩0 otherwise
Minimum off time indicator
⎧1 if generator i does not satisfy the min. off time at T
φtoff,i = ⎨
⎩0 otherwise
Power generated (MW) by generator i when time t=T

φtonline
,i

φtoff,i

pt,iG

Table 3-3: List of Variables in Intermediate-Term Unit Commitment Model

3.2.2 State Variable
The state variable at time t for the intermediate-term unit commitment model is:

{

St = (wt ,i )i ,(ut ,i )i ,(ntwarmup
)i ,(ntonline
)i ,(ntoff,i )i ,(φtwarmup
)i ,(φtonline
)i ,(φtoff,i )i
,i
,i
,i
,i

}

The functioning state of the generator is represented by the warming up status and the online
status wt,i and ut,i (if both are 0 then the generator is off). At least one of the three variables:
ntwarmup
,ntonline
and ntoff,i should be non-zero. Out of the three minimum time indicators, at most one
,i
,i

of φtwarmup
,φtonline
and φtoff,i can be non-zero. At the end of each planning horizon, the parameters in
,i
,i

St about the state of each generator are carried over to the next planning horizon to allow for
reasonable transition in generator state. The state variables then adopt the following definition:
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⎧1
wt ,i = ⎨
⎩0
⎧1
ut ,i = ⎨
⎩0

if generator i is warming up at the end of planning horizon
otherwise
if generator i is online at the end of planning horizon
otherwise

ntwarmup
= number of time increments generator i has been warming up at the end of planning horizon
,i
ntoff,i = number of time increments generator i has been off at the end of planning horizon
⎧1 if generator i satisfies min. warmup time requirement at the end of planning horizon
φtwarmup
=⎨
,i
otherwise
⎩0
⎧1 if generator i satisfies min. on time requirement at the end of planning horizon
φton,i = ⎨
otherwise
⎩0
⎧1
φtoff,i = ⎨
⎩0

if generator i satisfies min. off time requirement at the end of planning horizon
otherwise

Note that when we write the final state variable for the simulation, the intermediate-term unit
IT
commitment model is represented as S d ,m,n where time t above is used to denote the nth 15-min

increment of the intermediate-term horizon m, occurring on day-ahead horizon d of the
simulation.

3.2.3 Decision Variables
Decision variables are chosen at time t for each time increment t’=1,…,T. In our model, T=9 as
there are nine 15-min increments in each 2-hr 15-min planning horizon of the intermediate-term
unit commitment model. For each time increment, there are decision variables that identify how
much power will be supplied by each generator at a given time and an overall slack decision
variable:
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⎧1
wt ,t ',i = ⎨
⎩0
⎧1
wton,t ',i = ⎨
⎩0

if generator i is warming up at time t'
otherwise

⎧1
ut ,t ',i = ⎨
⎩0
⎧1
yton,t ',i = ⎨
⎩0

if generator i is online at time t'
otherwise

,∀i ∈I G ,t ' = 1,..T

if generator i goes online at time t'
otherwise

,∀i ∈I G ,t ' = 1,..T

⎧1
ytoff,t ',i = ⎨
⎩0

if generator i goes offline at time t'
otherwise

,∀i ∈I G ,t ' = 1,..T

,∀i ∈I G ,t ' = 1,..T

if generator i begins warming up at time t'
otherwise

ptG,t ',i = Committed power (MW) by generator i at time t'

,∀i ∈I G ,t ' = 1,..T

,∀i ∈I G ,t ' = 1,..T

ε t ,t ' = Slack variable representing any power shortage at time t' ,∀i ∈I G ,t ' = 1,..T
The decision function outputs decision variables for all t’=1,..T and the set of dispatchable
generators i ∈ IG. Expressed in matrix form, the decision variables are as follows:

X π (St ) =

{(w

) ,(wton,t ',i )t ',i ,(ut ,t ',i )t ',i ,( yton,t ',i )t ',i ,( ytoff,t ',i )t ',i ,( ptG,t ',i )t ',i ,(ε t ,t ' )t '

t ,t ',i t ',i

}

= xt

3.2.4 Exogenous Variables
The demand load and the solar power available are the only random components in this model:

Dt ' = actual campus energy demand at time t'>t
p tS' = actual solar power available at time t'>t

{

}

Thus, Wt = Dt , p tS . The exogenous variables in the intermediate-term UC model replace the
forecasts already made for demand load and solar power in the day-ahead model for hour t’>t:
ft = ( ft ,tD' , ft ,tS ' )t '>t At time t, the following must be satisfied:
ft ,tD' = ft ,tS ' + ∑ ptG,t ',i
i∈I G

The forecasted demand for time t’ must be satisfied by the forecasted supply of solar power and
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the committed power generation scheduled for generator i for time increment t’. In the equation
above, both sides of the equation are random at time t but are replaced by actual values at time t’
as in the equation below.

Dt ' = ( ptS' + ptG' )

3.2.5 Transition Functions
The following transition functions are intra-hour: they are calculated iteratively at the 15-min
time increment t=0,1,2,…,T-1 to determine the state variables for t’=1,2,…T. At time t = T the
same transition functions hold except they now function as inter-hour and carry over information
about generator states from one planning horizon to the next horizon. Thus, the transition function
at time t = T determines the state variable for the beginning of the next intermediate-term UC
horizon at t=0.
1. Online Status Transition Function:

ut+1,i

on
⎧1 if yt+1,i
=1
⎪⎪
off
on
= ⎨0 if (yt+1,i = 1) or if (wt+1,i
= 1)
⎪
⎪⎩ut ,i otherwise

The first scenario shows that the online status state variable becomes 1 in the same time
increment that the online indicator decision variable becomes 1. The second scenario is
when the online status is set to 0 as generator i is turned off or begins warming up at time
t+1. Otherwise, the online state of generator i does not change.
2. Warming up Status Transition Function:

wt+1,i

on
⎧1 if wt+1,i
=1
⎪⎪
on
off
= ⎨0 if (yt+1,i
= 1) or if (yt+1,i
= 1)
⎪
⎪⎩ wt ,i otherwise

In the first scenario, the warming up status becomes 1 as generator i begins warming up
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at time t+1. The second scenario is when the warming up status becomes 0 as generator i
turns off or goes online at time t+1. Otherwise, the warming up state of generator i does
not change.
3. Consecutive Warm-up time Transition Function:

warmup
nt+1,i

⎧1
⎪⎪
= ⎨0
⎪ warmup
+1
⎪⎩ nt ,i

on
if wt+1,i
=1

if ((ut+1,i = 1) or if (ut+1,i = 0 and wt+1,i = 0))
if wt+1,i = 1

The first scenario is when generator i begins warming up at time t+1. In the second
scenario, the consecutive warm-up time counter is set to 0 if generator i is already online
or if it is already off at t+1. The third scenario is if generator i continues warming up at
time t+1, the consecutive warm-up time counter is incremented by 1.
4. Consecutive Online time Transition Function:

⎧1
⎪⎪
online
nt+1,i
= ⎨0
⎪ online
⎪⎩ nt ,i + 1

on
if yt+1,i
=1

if ((wt+1,i = 1) or if (u t+1,i = 0 and wt+1,i = 0))
if ut+1,i = 1

The first scenario is when generator i goes online at time t+1. In the second scenario, the
consecutive online time counter is set to 0 if generator i is already warming up or if it is
already off at t+1. If generator i continues in its online state at time t+1, the consecutive
online time counter is incremented by 1.
5. Consecutive off time Transition Function:

off
nt+1,i

⎧1
⎪⎪
= ⎨0
⎪ off
⎪⎩ nt ,i + 1

off
if yt+1,i
=1

if ((ut+1,i = 1) or if (wt+1,i = 1))
if (wt+1,i = 0 and ut+1,i = 0)

The first scenario occurs when generator i goes offline at time t+1. In the second
scenario, the consecutive off time counter is set to 0 if generator i is already warming up
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or already online at t+1. If generator i continues in its offline state at time t+1, the
consecutive off time counter is incremented by 1.
6. Minimum warm-up time satisfaction Transition Function:

warmup
φt+1,i

⎧0
⎪⎪
= ⎨1
⎪ warmup
⎪⎩φt ,i

if (ntwarmup
= τ iwarmup and wt ,i = 1)
,i
on
if (ntwarmup
< τ iwarmup and (wt ,i = 1 or wt+1,i
= 1))
,i
on
if (wt ,i = 0 and wt+1,i
= 0)

The first scenario occurs when generator i fulfilled the minimum warm-up time
requirement in the last time increment. The second scenario is when the minimum warmup time requirement is not satisfied during this time increment because generator i has
just begun to warm up or if the number of increments it has been warming up by time t is
still less than the minimum required time. The warm-up indicator stays the same if the
generator was neither in the warming-up state in the last increment nor does it begin
warming up at time t+1.
7. Minimum online time satisfaction Transition Function:

on
φt+1,i

⎧0
⎪⎪
= ⎨1
⎪ on
⎪⎩φt ,i

if (ntonline
≥ τ ionline and ut ,i = 1)
,i
on
if (ntonline
< τ ionline and (ut ,i = 1 or yt+1,i
= 1))
,i
on
if (ut ,i = 0 and yt+1,i
= 0)

The first scenario occurs when generator i fulfilled the minimum online time requirement
in the last time increment. The second scenario is when the minimum online time
requirement is not satisfied during this time increment because generator i has just
finished warming up and gone online or if the amount of time increments it has been
online by time t is less than the minimum required time. The online indicator stays the
same if the generator was neither in the online state in the last increment nor does it go
online at time t+1.
8. Minimum off time satisfaction Transition Function:
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off
φt+1,i

⎧0
⎪⎪
= ⎨1
⎪ off
⎪⎩φt ,i

if (ntoff,i ≥ τ ioff and (wt ,i = 0 and ut ,i = 0))
off
if (ntoff,i < τ ioff and ((wt ,i = 0 and ut ,i = 1) or yt+1,i
= 1))
off
if ((ut ,i = 1 or wt ,i = 1) and yt+1,i
= 0)

The first scenario occurs when generator i fulfilled the minimum off time requirement in
the last time increment. The second scenario is when the minimum off time requirement
is not satisfied during this time increment because generator i has just turned off or if the
amount of time increments it has stayed offline by time t is less than the minimum
required time. The offline indicator stays the same if the generator was either warming up
or in the online state in the last increment and thus does not go offline at time t+1.
9. Going online indicator Transition Function:
on
t+1,i

y

⎧⎪1
=⎨
⎩⎪0

warmup
if (wt ,i = 1 and φt+1,i
= 0)

otherwise

A generator can only go online if it was warming up in the last time increment and has
satisfied its minimum warm-up time requirement in the previous time increment.
warmup
Conversely, if the conditions (wt ,i = 1 and φt+1,i
= 0) hold true then the generator must

go online.
10. Other requirements:

(

on
off
wt+1,i
= 1 ⇒ φt+1,i
= 0 and (wt ,i = 0 and ut ,i = 0)

)

If generator i begins warming up in time increment t+1, this means the generator must
not have been online or warming up in the previous time increment and it satisfied the
minimum off-time requirement in the previous time increment. However, the converse

(

)

off
= 0 and (wt ,i = 0 and ut ,i = 0) , it is not
does not apply i.e. given the conditions φt+1,i

guaranteed that the begin warm-up indicator can be set to 1. Thus the above is denoted as
a unidirectional conditional requirement.
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(

)

off
on
yt+1,i
= 1 ⇒ φt+1,i
= 0 and ut ,i = 1

Similarly, if generator i turns off in time increment t+1, this means the generator was
online and satisfied the minimum online time requirement in the previous time increment.
Again, the converse does not necessarily apply.

3.2.6 Objective Function
In the intermediate-term UC problem, our contribution function that we minimize is the expected
total cost of power generation:

(

)

(

) (

C St , X π (St ) = ∑ Ct fuel
× ptG,i + Ctshortage × ε t
,i
i∈I G

)

Ct fuel
is the variable fuel cost ($/MW) of running generator i at time t and ptG,i is the power output
,i
of generator i at time t. ε t is the slack variable for the amount by which demand exceeds
generated output and is penalized by the cost of underage Ctshortage .
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3.2.7 Constraints
The constraints on the decision variables can be either intra-horizon or inter-horizon.
Intra-horizon constraints are concerned with specifying restrictions on the system parameters at
time increments within a single 2-hour 15-minute planning horizon. Inter-horizon constraints
apply on the system when the model is transitioning from one planning horizon to the next.
Intra-Horizon Constraints:
1. Generator Capacity constraints:

ptG,t ',i ≤ pimax × ut ,t ',i

,∀i ∈I G ,t ' = 1,...,T

ptG,t ',i ≥ pimin × ut ,t ',i

,∀i ∈I G ,t ' = 1,...,T

Each generator in the online state must produce within its maximum and minimum
capacity limits respectively. Also, the constraints above specify that when the generator is
G
not online i.e. ut ,t ',i = 0 , the power output produced must also be zero pt ,t ',i = 0 .

2. Generator warming up/online/off status constraints:

(w
(w

on
t ,t ',i
t ,t ',i

)

+ yton,t ',i + ytoff,t ',i ∈{0,1}

)

,∀i ∈I G ,t ' = 1,...,T

+ ut ,t ',i ∈{0,1}

,∀i ∈I G ,t ' = 1,...,T

Constraint 1: Each generator must only be in one of the following states at time t’:
beginning warm up, going online and turning off i.e. when

(w

on
t ,t ',i

)

+ yton,t ',i + ytoff,t ',i = 1 . A

generator can be in none of these three states as well if it is already online/warming

(

)

up/offline: wton,t ',i + yton,t ',i + ytoff,t ',i = 0 . Constraint 2: A generator cannot be both warming up
and online simultaneously at time t’. Obviously, a generator may be in neither state, i.e. it
may be offline.
3. Generator warming up/online/off state transition constraints:
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wt ,t '+1,i − wt ,t ',i = wton,t '+1,i − yton,t '+1,i

,∀i ∈I G ,t ' = 1,...,T -1

ut ,t '+1,i − ut ,t ',i = yton,t '+1,i − ytoff,t '+1,i

,∀i ∈I G ,t ' = 1,...,T -1

(1− wt ,t '+1,i − ut ,t '+1,i ) − (1− wt ,t ',i − ut ,t ',i )
= ytoff,t '+1,i − wton,t '+1,i

,∀i ∈I G ,t ' = 1,...,T -1

Constraint 1: A generator cannot both begin warming up and go online in a single fifteenminute increment i.e. [t’, t’+1].
Constraint 2: A generator cannot both begin warming up and turning off in a single
fifteen-minute increment i.e. [t’, t’+1].
Constraint 3: A generator cannot both go online and turn off in a single fifteen-minute
increment i.e. [t’, t’+1].
Together these three constraints ensure that the order of state transitions is not violated,
i.e. a warming up state is followed by an online state, an online state is followed by an off
state and an off state is followed by a warming up state.
4. Minimum warm up/online/off time constraints:
on
t ,t ',i

w

+

min(T ,t '+τ iwarmup −1)

∑

yton,t '',i ≤ 1

if τ iwarmup > 1,∀i ∈I G ,t ' = 1,...,T

t ''=t '+1

yton,t ',i +

min(T ,t '+τ ionline −1)

∑

ytoff,t '',i ≤ 1

if τ ionline > 1,∀i ∈I G ,t ' = 1,...,T

t ''=t '+1

ytoff,t ',i +

min(T ,t '+τ ioff −1)

∑

wton,t '',i ≤ 1

if τ ioff > 1,∀i ∈I G ,t ' = 1,...,T

t ''=t '+1

Constraint 1, 2 and 3 ensure that a plant cannot turn on, turn off or begin warming up
until the minimum warm up time, minimum online time and minimum off time
respectively have been satisfied.
5. Maximum warm up time constraint:
yton,t '',i = wton,t '−τ warmup ,i
i

,∀i ∈I G ,t ' = (τ iwarmup + 1),...,T

The maximum warm up constraint ensures that the generator turns on in the increment
immediately after it has completed its minimum warm up time. The inter-hour transition
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version of this constraint will tackle the scenario when warm-up time finishes after the
current planning horizon.
6. Ramping constraints:

ptG,t '+1,i ≤ ptG,t ',i + Δ up
+ yton,t '+1,i × ( pimin − Δ up
)
i
i

,∀i ∈I G ,t ' = 1,...,T − 1

ptG,t '+1,i ≥ ptG,t ',i + Δ idown − ytoff,t '+1,i × M

,∀i ∈I G ,t ' = 1,...,T − 1

Constraint 1: The magnitude of each generator’s increase in power output over a step size
up
must not exceed the ramp-up rate Δ i >0. The exception to this is the scenario when the

generator is going online and it must immediately begin producing at its minimum power
min
output pi .

Constraint 2: The magnitude of each generator’s decrease in power output over a step
down
size must not exceed the ramp-down rate Δ i <0. The exception to this is the scenario

when the generator is turning off and its output must immediately go to zero.
Together these constraints ensure the generator does not violate its maximum ramp up
and ramp down rates. The exceptions are when the generator is going online or turning
off.
7. Demand satisfaction constraint:

ε t ' + ∑ ptG,t ',i + ft ,tS ' ≥ ft ,tD'

,∀t ' = 1,...,T

i∈I G

Total power output from DG units and solar power must satisfy forecasted demand for
each time period. We use the slack variable ε t ' in an attempt to prevent infeasibility of
the linear program in case there is a shortage of power supply and demand cannot be
satisfied.
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Inter-Horizon Constraints:
These constraints apply when the model is transitioning from one intermediate-term
planning horizon to the next i.e. when t’=1 and t’-1=T from the previous planning
horizon.
1. Generator warming up/online/offline constraints carried over to the next planning
horizon:

wt ,t ',i − wt ,i = wton,t ',i − yton,t ',i

,∀i ∈I G ,t ' = 1

ut ,t ',i − ut ,i = yton,t ',i − ytoff,t ',i

,∀i ∈I G ,t ' = 1

(1− wt ,t ',i − ut ,t ',i ) − (1− wt ,i − ut ,i )
= ytoff,t ',i − wton,t ',i

,∀i ∈I G ,t ' = 1

The input parameters to the model are the warming up wt,i and online ut,i statuses from the
previous planning horizon. Together these constraints ensure the correct order of state
transitions is maintained as the model progresses from one horizon to the next (generator
i cannot simultaneously be both going online and beginning warm up, going online and
turning off or beginning warm up and turning off as it transitions from the last increment
of the previous horizon to the first increment of the next horizon).
2. Minimum warm up/online/offline constraints carried over to the next planning horizon:

φ

warmup
t ,i

+

min(T +1,τ iwarmup −ntwarmup
)
,i

∑

yton,t '',i ≤ 1

t ''=1

(

)

if min(T + 1,τ iwarmup − ntwarmup
) > 1,τ iwarmup > 1,φtwarmup
> 0 ,∀i ∈I G ,t ' = T
,i
,i

φtonline
+
,i

min(T ,τ ionline −ntonline
)
,i

∑

ytoff,t '',i ≤ 1

t ''=1

φ

off
t ,i

+

min(T ,τ ioff −ntoff
,i )

∑

t ''=1

wton,t '',i ≤ 1

(

)

if τ ionline > 1 and φtonline
> 0 ,∀i ∈I G ,t ' = T
,i

(

)

if τ ioff > 1 and φtoff,i > 0 ,∀i ∈I G ,t ' = T

The three constraints above ensure the minimum warm-up, online and off times are not
violated when the generator transitions to the next planning horizon. Constraint 1 is off
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by one term to account for minimum warm-up times that are greater than 1 fifteen-minute
warmup
− ntwarmup
) =1, the generator is forced to go online
time increment. When min(T + 1,τ i
,i

during the first increment of the new horizon but this constraint ensures the minimum
warm-up times are accounted for in all other scenarios as well.
3. Maximum warm-up time constraints carried over to the next planning horizon:

yton,Τu ,i = 1
i

(

)

if Τ ui ≤ T and τ iwarmup > 1 and φtwarmup
> 0 ,∀i ∈I G
,i
where Τ = min(T + 1,τ
u
i

warmup
i

−n

warmup
t ,i

) is the maximum warm-up time

A generator must go online exactly at the upper bound, after the minimum warm-up time
is satisfied. This constraint applies when the generator had been warming up in the
previous horizon but the minimum warm-up time had not been satisfied in the previous
horizon. It states that the upper bound must be less than T+1 ensuring that the generator
will go online within this horizon. If the upper bound is equal to T+1, the generator goes
online in a later hour (this is tackled by constraint 1 above of 2) Minimum warm-up,
online, offline constraints carried over to the next planning horizon).
4. Ramping constraints carried over to the next planning horizon:

ptG,t ',i ≤ ptG,t ',i + Δ up
+ yton,t ',i × ( pimin − Δ up
)
i
i

,∀i ∈I G ,t ' = 1

ptG,t ',i ≥ ptG,t ',i + Δ idown − ytoff,t ',i × M

,∀i ∈I G ,t ' = 1

These constraints ensure the ramp-up and ramp-down rates are not violated between
consecutive time increments unless generator i is going online or is being turned off.
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Upper and Lower Bound Constraints:
The decision variables in the intermediate-term UC model are governed by the following
upper and lower bound constraints:
1. Warming up status indicator constraints:

wt ,t ',i ∈{0,1}

,∀i ∈I G ,t ' = 1,...,T

2. Begin warming up indicator constraints:

wton,t ',i ∈{0,1}

,∀i ∈I G ,t ' = 1,...,T

3. Online status indicator constraints:

ut ,t ',i ∈{0,1}

,∀i ∈I G ,t ' = 1,...,T

4. Going online indicator constraints:

yton,t ',i ∈{0,1}

,∀i ∈I G ,t ' = 1,...,T

5. Going offline indicator constraints:

ytoff,t ',i ∈{0,1}

,∀i ∈I G ,t ' = 1,...,T

6. Output bound constraints:

pimin ≤ ptG,t ',i ≤ pimax

,∀i ∈I G ,t ' = 1,...,T

7. Slack variable constraints:

0 ≤ ε t ,t ',i ≤ ∞ ,∀i ∈I G ,t ' = 1,...,T
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3.3 Real time Economic Dispatch Model
Real-time Economic Dispatch decides how much the generators, boilers and TES tank
need to be ramped up or down in order to meet real-time energy demand. This model is solved
every 5 minutes with a 15 minute horizon subdivided into 5-minute increments. Note that the 15minute horizons of the real-time economic dispatch model coincide with the 15-minute
increments of the intermediate-term UC model.

3.3.1 List of Variables
Table 3-4: List of Variables in Real time Economic Dispatch Model
Variable
Definition
Thermal Energy
Storage (TES)
Tank
Parameters
Maximum storage capacity (MW) for TES tank
R max
TES

min
RTES

Minimum storage capacity (MW) for TES tank

η

Overall efficiency of storage of the TES tank

η−

= η Efficiency of charging the TES tank (power to storage)

η+

=

υ TES

1

η

Efficiency of discharging the TES tank (power from storage)

Fraction of full recharge time represented by time step Δt : t → t + 1
Δt
=
time required for a full charge e.g. 8hours

State Variables

RtTES

Amount of energy stored in TES tank at time t (measured as power in MW)

Dt

Demand at time t

CtTES

Variable cost ($/MW) of operating TES tank (price of supplying TES tank
with input of power when charging)

Ct fuel
,i

Variable fuel cost ($/MW) for generator i at time t

ptS

Amount of solar power available from PV panels at time t
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Amount of dispatchable power generated by generator i at time t

ptG,i

Decision
Variables
pt+,TES

Power output from TES tank to meet campus demand (MW) at time t

pt−,TES

Power supplied to charge TES tank (MW) at time t

εt

Slack variable representing power shortage at time t

Exogenous
Variables

D̂t+1

Change in campus energy demand between t and t+1

S
p̂t+1

Change in amount of solar energy available between t and t+1

Table 3-4: List of Variables in Real-Time Economic Dispatch Model

3.3.2 State Variable

{

( )}

St = RtTES , Dt ,CtTES , ptS , ptG,i

i

The state variable consists of the controllable physical state – the amount of energy stored in the
TES
TES tank Rt and all other information we need to know at time t in order to model the ramping

decisions of the DG units for the next time step: the demand, the amount of solar power available
and the amount of power committed by generators at time t.

3.3.3 Decision Variables
Decision variables in the real-time economic dispatch model are the power flows to pt−,TES and
from pt+,TES the TES tank, and the ramping up and down of the amount of power generated by
each DG unit p̂tG,i :
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pt−,TES = amount of power supplied to TES tank from time t → t+1
pt+,TES = amount of power supplied to campus by TES tank from time t → t+1
p̂tG,i = change in the amount of power generated by generator i from time t → t+1
The power flow to meet campus demand for chilled water pt+,TES and the reactive tuning decisions
for each generator p̂tG,i are contingent on the demand at time t+1.

{p

X π (St ) =

+
t ,TES

, pt−,TES , p̂tG,i

}

3.3.4 Exogenous Variables
The change in campus energy demand and solar power available from time t to t+1 are random
variables which are known only in real time:

D̂t = change in actual campus energy demand from time t → t+1
p̂tS = change in actual solar power available from time t → t+1
Thus,

Wt+1 =

{ D̂ , p̂ }
t

S
t

It is important to distinguish between the exogenous variables of the real time economic
dispatch model and the intermediate-term UC model: in the real time model, the exogenous
information is the increase/decrease in actual demands and solar power available whereas in the
intermediate term UC model, exogenous information is the actual hourly demands and solar
power. Note that our vector of forecasts ft is also provided by an exogenous (commercial)
forecasting service but as explained above, we already account for this external information in the
day-ahead model.

3.3.5 Transition Functions
The transition functions for real time economic dispatch are:
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1. TES Amount of Energy Stored Transition Function:
TES
Rt+1
= RtTES + υ TES ⎡⎣η − pt−,TES − η + pt+,TES ⎤⎦

The amount of energy stored in the TES tank evolves over time: it is the level of energy
stored in the last time period plus the power being sent to the TES tank pt−,TES minus the
power flow from the TES tank to meet campus demand pt+,TES .
2. Transition Function for Evolution of Actual Solar Power:
S
pt+1
= ptS + p̂tS

As explained above, the initial estimate of the amount of solar power available at time t
S
S
and t+1 is made at the start of each day-ahead planning horizon t*<t : ft*,t
and ft*,t+1

and this is utilized by the intermediate-term UC model. However, the real-time economic
dispatch model deals exclusively with actual values. The evolution of actual amounts of
S
S
solar power available, from pt to pt+1 as we move from time t to t+1 is captured by the

transition function above.
3. Evolution of Dispatchable Power Generated Transition Function:
G
pt+1,i
= ptG,i + p̂tG,i

,∀i ∈I G

The power committed by the dispatchable generators ptG,i is already scheduled by the
intermediate-term UC model but the above tuning decision (ramping up or down the
amount of power generated by the DG unit) is done by the real-time economic dispatch
model to react to actual instantaneous demand.
4. Evolution of Demand Transition Function:

Dt+1 = Dt + D̂t
Again, the initial estimate of the demand available at time t and t+1 was made at some
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D
D
time t*<t : ft*,t
and ft*,t+1
. This is replaced by into actual demands by the intermediate-

term UC model and the real-time economic dispatch model maps the evolution in actual
demand through the above transition function i.e. from Dt to Dt+1 as we progress from
time five-min increment t to t+1.

3.3.6 Objective Function
The objective in the real-time economic dispatch model is the same as that in the day-ahead unit
commitment model: to minimize the total expected cost of power generation and cost of storing
energy in the TES tank.
T

(

min E π ∑ C St , X tπ (St )
π ∈Π

t=0

)

The contribution function for economic dispatch remains the same as that in the day-ahead UC
model:

(

) (

)

(

C St , X π (St ) = CtTES × pt−,TES + ∑ Ct fuel
× ptG,i
,i
i∈I G

)

3.3.7 Constraints
The constraints on the system parameters in the real-time model are those governing the TES tank
and those maintaining equilibrium between supply and demand of electricity.
1. TES Tank Storage Capacity Constraints:
min
max
RTES
≤ RtTES ≤ RTES

,∀t=1,...,T

The amount of energy stored in the TES tank must be within the minimum and maximum
capacity of the tank.
2. Demand satisfaction constraint:
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ε t + ∑ ptG + ptS ≥ Dt

,∀t = 1,...,T

i∈I G

Total power output from DG units and solar power available must satisfy actual demand
for each time period. The slack variable ε t is an attempt to prevent infeasibility of the
linear program in case there is a shortage of power supply and demand cannot be
satisfied.
The following upper and lower bound constraints apply on the model’s variables:
1) TES output constraints:
min
max
pTES
≤ pt+,TES ≤ pTES

,∀t = 1,...,T

The supply from the TES tank to meet campus demand must not violate its minimum and
maximum
2) Generator output bound constraints:

pimin ≤ ptG,i ≤ pimax

,∀i ∈I G ,t = 1,...,T

The power output from each dispatchable generator must be within its minimum and
maximum capacity limits.
3) Generator ramping constraints:

⎧⎪≤ Δ up
if change in power output is positive p̂tG,i ≥ 0
i
p̂ = ⎨ G
,∀i ∈I G ,t = 1,...,T
down
G
⎩⎪| p̂t ,i |≤| Δ i | if change in power output is negative p̂t ,i < 0
G
t ,i

The reactive increase and decrease in a generator’s power output must be less than the
generator’s ramp-up and ramp-down rates respectively.
4) State variable constraints:

Dt ≥ 0

,∀t = 1,...,T

ptS ≥ 0

,∀t = 1,...,T

Demand and solar power available can be zero but cannot be negative.
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4

The Simulation Model
In this section we assimilate the day-ahead unit commitment, intermediate-term unit

commitment and real-time economic dispatch models. Our adapted SMART-ISO for isolated
microgrids follows a three phase planning procedure similar to the one used currently by PJM
Interconnection to manage the PJM state grid (and thus presumably by ICETEC in its interaction
with the grid). Recall the distinct features and purposes for each of the three models from Table
2-1 (reproduced below).
Model

Frequency

Planning Horizon

Description

48-hrs

Increments/
Step-size
1hr

Day-ahead Unit
Commitment

Once every
day at noon

Intermediate Term
(Hour-ahead) Unit
Commitment

Every 30mins
at (⋅)hr 45mins
and (⋅)+1 hr
15mins

2-hrs 15-min

15mins

-Turn DG units
on/off

Real time
Economic Dispatch

Every 5mins

15-min

5mins

-Ramp up/down
DG units, TES
and boilers to
meet real time
demand

-Turn TES tank
on/off
-Update forecasts
of demand and
supply of solar
power each hour

The overall simulation model runs all three of these models in parallel. Apart from
ensuring a straightforward transition of the individual models from one horizon to the next, the
overall model also ensures smooth interaction between the models when it comes to sharing
forecasts and data.
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4.1 Model
The overall simulation model encapsulates the nested decision-making that occurs as a result of
the interaction between the day-ahead UC, intermediate-term UC and real time economic
dispatch model.
o

Day- ahead UC model: time is measured in terms of planning horizons d ∈[0, D s − 1] and
sub-divided into hours h ∈[0,T d − 1] .

o

Intermediate-term UC model: time is measured in 2hr 15-min planning horizons

m ∈[0, M d − 1] and sub-divided into 15-min increments n ∈[0, N m − 1] .
o

Real time Economic Dispatch model: time is measured in 15-min horizons n ∈[0, N m − 1] and
subdivided into 5-min increments s ∈[0,S n − 1] .

If we run a simulation for say, 8 days, we will be simulating approximately 4 day-ahead planning
horizons. Each time index begins at zero and ends at one less than its corresponding upper limit.
Thus day-ahead planning horizons range from 0 to 3 inclusive etc.

4.1.1 State Variable
The state variable at day-ahead horizon d, intermediate-term horizon m and real-time economic
dispatch horizon n can be written as follows:

{

S d ,m,n = S dDA ,S dIT,m,n ,S nRT

}

IT
DA
where S d is the state variable for the day-ahead horizon d, S d ,m,n is the state variable for nth

RT
increment of the intermediate-term horizon m, day-ahead horizon d and finally S n is the state

variable for real-time economic dispatch horizon n that coincides with the nth increment of the
intermediate-term horizon (both are 15 minutes long). The difference between the f(d,m,n)
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indexing in the simulation model and the time t indexing in the individual models is resolved as
follows:
o

Day- ahead UC model: Time t represents hour h of the planning horizon d:

{

S dDA = w( d ,h),TES , w(ond ,h),TES , w(offd ,h),TES ,n(charge
,n(discharge
,φ(charge
, f( d ,h)
d ,h),TES
d ,h),TES
d ,h),TES

o

}

Intermediate-term UC model: Time t represents the 15-min increment n of the intermediateterm planning horizon m. It is important to keep track of which day-ahead horizon d, this
intermediate-term UC model is scheduled for since, as explained above, the intermediateterm UC model derives the forecasted loads and solar power available each hour from the
day-ahead model. These forecasts are required to schedule the online/offline states of
dispatchable generation.

{

S dIT,m,n = (w( m,n),i )i ,(u( m,n),i )i ,(n(warmup
) ,(n(online
) ,(n(offm,n),i )i ,(φ(warmup
) ,(φ(online
) ,(φ(offm,n),i )i , f( d ,m,n)
m,n),i i
m,n),i i
m,n),i i
m,n),i i

o

}

Real time Economic Dispatch model: Time t represents the 5-min increment s of the nth

increment of the intermediate-term UC model. Recall that the nth increment of the
intermediate-term UC model corresponds with the nth real-time planning horizon.

{

(

S nRT = R(TES
, D( n,s) ,C(TES
, p(Sn,s) , p(Gn,s),i
n,s)
n,s)

)}
i

4.1.2 Decision Variables
Decision variables are decided in each implementation using a policy π. Thus, they can also be
DA
DA,π
(S dDA ), xdIT,m,n = X IT ,π (S dIT,m,n ) and xnRT = X RT ,π (S nRT ) . The decision
expressed as xd = X

variables are defined as follows:
o

Day- ahead UC model: xdDA =

{(w

on
off
) ,(wh,h',TES
) d ,(wh,h',TES
)d

h,h',TES d

} is the day-ahead

augmented matrix for horizon d in the day-ahead UC model. X DA,π (⋅) takes in the day-ahead
DA
state variable S d and returns three two-dimensional matrices, each of size T d × 1 where T d
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is the number of hours in the planning horizon.
o

Intermediate-term UC model: The hour-ahead augmented matrix for intermediate-term
horizon m occurring during day-ahead horizon d:

{

xdIT,m,n = (w( m,n),n',i ) n',i ,(w(onm,n),n',i ) n',i ,(u( m,n),n',i ) n',i ,( y(onm,n),n',i ) n',i ,( y(offm,n),n',i ) n',i ,( p(Gm,n),n',i ) n',i ,(ε ( m,n),n' ) n'

}

IT
X IT ,π (⋅) takes in the intermediate-term state variable S d ,m,n and returns seven two-

dimensional matrices, each of size N m × | I G | where N m is the number of 15-min increments
in the mth intermediate-term planning horizon and I G is the set of all dispatchable DG units
used in the simulation.
o

Real time Economic Dispatch model: The real-time economic dispatch model has the
capability to react instantaneously to the actual demand quantities and solar power arriving
each minute. However, we model the decisions at a 5-minute level through the real-time
economic dispatch decision matrix: xnRT =

{p

+
( n,s),TES

}

, p(−n,s),TES , p̂(Gn,s),i . X RT ,π (⋅) takes in the

RT
real-time state variable S n and returns three two-dimensional matrices. The first two are of

size S n × 1 where S n =3 is the number of 5-min increments in the nth increment of the
intermediate-term planning horizon. The third is of size S n × | I G | where I G is the set of all
dispatchable DG units whose power output can be ramped up or down.
Together, the decision variables for the overall simulation model can be written as:

{

xd ,m,n = xdDA , xdIT,m,n , xnRT

}

4.1.3 Exogenous Information
The exogenous information Ŵ

for the overall simulation model consists of the

S
D
S
forecasted solar power and demands: f d ,h,s and f d ,h,s . f d ,h,s is the vector of forecasted solar

power available from PV panels in MW for sub-hourly five-minute increment s, hour h of day64

ahead planning horizon d. Note that this vector of forecasts that is updated each hour h of the dayahead model is oblivious to the intermediate-term UC model and real-time economic dispatch
model. This exogenous information arriving does not know which hour-ahead horizon is running
at which increment etc. In contrast, the actual solar power data arrives every 5 minutes as p̂(Sn,s)
in the real-time economic dispatch model and is summed up at the nth 15-minute increment and
every planning horizon m of the intermediate-term UC model. Together, we refer to this vector of
s
actual solar power available over an entire day-ahead planning horizon d as pd ,m,n (s) .

Since the five minute step-size is consistent for both the f(d,m,n) simulation model and
the f(d,h,s) format of forecasts, there is no need to do any linear interpolation to generate values
finer than those available in five-minute step sizes. However, the intermediate-term UC model
and the real-time economic dispatch model must ensure accurate retrieval of forecasts from the
f(d,h,s) repository of forecasts stored by the day-ahead model using some algorithm or function
Ωπ that depends on a policy π:

pds ,m,n (s) = Ωπ ( f dS,h,s )
The above function ensures accurate conversion from the f(d,h,s) format of forecasts to the
f(d,m,n) format used by the simulation model.
D
Similarly, f d ,h,s is the vector of forecasted demand in MW for sub-hourly five-minute

increment s, hour h of day-ahead planning horizon d and is exogenous information to the
intermediate-term UC model and the real-time economic dispatch model. Again, the actual
demand quantities arrive every 5-minutes as D̂( n,s) in the real-time economic dispatch model and
are summed up at the nth 15-minute increment and every planning horizon m of the intermediateterm UC model in order to schedule the warming up/online/offline states of dispatchable
generators. We refer to the vector of actual demands over an entire day-ahead planning horizon d
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as Dd ,m,n (s) . For conversion from the f(d,h,s) format of forecasts to the f(d,m,n) simulation model,
we use a similar algorithm as above, Λπ contingent on policy π:

Dd ,m,n (s) = Λπ ( f dD,h,s )
Note that in our model we assume we are not required to interpolate demand and solar power
forecasts at a more granular level than the 5-minute sub-hourly increment level it already arrives
in. It is assumed that any generator ramp-ups or ramp downs that are required by the system at a
finer level can be handled without forecast values – they are truly real-time!

4.1.4 Transition Function
Apart from the intra-horizon and inter-horizon transition functions that apply on each of
the three models above, certain transition functions are also necessary to incorporate changes
made by the intermediate-term UC model and real-time economic dispatch model into the dayahead model. The day-ahead UC model must compute end-of-horizon transition variables to
successfully carry over the decisions made by the intermediate-term UC model and real-time
economic dispatch to the new day-ahead planning horizon. Let d and h be the day and hour
indices of the current day-ahead planning horizon and the last hour of the current day-ahead
planning horizon, respectively. Additionally, let m be the intermediate-term UC planning horizon
and n the real time economic dispatch horizon immediately before the current day-ahead horizon
ends i.e. before the model transitions to d’ and h’. We can write the transition function for the
simulation model as:

( {

}

S dDA' = S M S dDA , X DA,π (S dDA ), X IT ,π (S dIT,m,n ), X RT ,π (S nRT ) ,Ŵd ',h'

{

)

}

where Ŵd ',h' = f dS,h,s , f dD,h,s . Notice that we choose to express the overall simulation model’s
transition function in terms of a more comprehensive transition function of the day-ahead model
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that incorporates hour-ahead X IT ,π (⋅) and real-time X RT ,π (⋅) decision-making. The above
transition function simply ensures that the correct d index is referred to by the f(d.m,n) modeling
system utilized by the intermediate-term UC model and real time economic dispatch model. It
could encapsulate two scenarios.
Scenario 1: Along with the day-ahead model, m and n simultaneously complete their horizons and

{

} {

transition to m’ and n’ i.e. S dIT,m,n ,S nRT → S dIT',m',n' ,S n'IT

S d ',m',n' = S M

({ S

DA
d

} occurs simultaneously as S

}{

DA
d

→ S dDA' .

}{

,S dIT,m,n ,S nRT , X DA,π (S dDA ), X IT ,π (S dIT,m,n ), X RT ,π (S nRT ) , Ŵd ',h' ,Ŵm',n' ,Ŵn'

})

Scenario 2: The intermediate-term UC and real-time economic dispatch horizons may be midDA
DA
session and continue in the same horizons m and n respectively while S d → S d ' .

S d ',m,n = S M

({ S

DA
d

}{

}{

,S dIT,m,n ,S nRT , X DA,π (S dDA ), X IT ,π (S dIT,m,n ), X RT ,π (S nRT ) , Ŵd ',h'

})

DA
DA
The advantage of writing the transition function with a focus on S d → S d ' is that we do

not explicitly need to identify when the intermediate-term UC model transition and real time
economic dispatch model transition

{S

IT
d ,m,n

} {

,S nRT → S dIT',m',n' ,S n'IT

}

occurs – an unwarranted task

for a model with three overlapping sub-models such as ours. The details of these individual
models’ transition functions have already been covered in Chapter 3.
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4.1.5 Objective Function
The objective function for the overall simulation model is as follows:

(

)

⎡ ∑
∑ C TES × p(−,dπ,h),TES
⎢ d∈[0,Ds −1] h∈[0,T d −1] ( d ,h)
min E ⎢
π
⎢+
π
× p(Gd,,m,n)
(s,i) + C(shortage
× ε (πd ,m,n) (s,i)
∑d ∑m C(fuel
d ,m,n,s),i
d ,m,n,s)
⎢ ∑G ∑s
⎣ i∈I d∈[0,D −1] m∈[0,M −1] n∈[0,N −1]

(

) (

)

⎤
⎥
⎥
⎥
⎥
⎦

This is a minimization of the expected sum of the day-ahead TES tank operation costs and the
dispatchable generation costs incurred in real-time across all day-ahead simulations. In the above
objective function, we make it explicit that the minimization is done over policies associated with
−,π
tunable parameters. The decision variable vector p( d ,h),TES is dependent on policy π through the

G,π
π
day-ahead implementation X DA,π (⋅) and the vectors p( d ,m,n) (s,i) and ε ( d ,m,n) (s,i) are dependent on

policy π through the intermediate-term and real-time implementations X IT ,π (⋅) and X RT ,π (⋅) . All
the constraints of Chapter 3 apply to the overall simulation model.
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5

Generating Solar Power Forecasts
Princeton University’s current energy management system ICETEC receives a rolling-

horizon Intellicast® weather feed every hour for the next 24-hours. ICETEC does not use these
S
forecasts to explicitly predict solar power f d ,h,s (in kW) but uses proprietary algorithms to

estimate cloudiness, cooling load and steam forecasts for the next day. Since we do not have
access to the proprietary algorithms the software uses we must generate our own realistic solar
power forecast vector for the simulator. In this section, we attempt three simple techniques of
generating solar power forecasts using the archive of raw weather forecast data, ‘spot’ (actual)
weather conditions recorded and the actual solar power received from the PV panels. This archive
of historical data is accessible from ICETEC’s iTrend® database.

Figure 5-1: ICETEC Weather Forecast Terminal

Weather forecast data consists of forecasts received by the system at time t for future times t’.
Spot weather conditions consist of actual weather conditions that were logged at times t’. The 9
forecast variables and the 6 spot metrics recorded are:
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Forecast Variables (9)
u1 : Enthalpy
u2 : Relative Humidity
u3 : Dew Point Temperature (°F)
u4 : Temperature (°F)
u5 : ‘Feels Like’ Temperature (°F)
u6 : Heat Index
u7 : Pressure
u8 : Wind Chill Temperature (°F)
u9 : Wind Speed (Miles/hr)

Spot Metrics (6)
v1 : Enthalpy
v2 : Relative Humidity
v3 : Dew Point Temperature (°F)
v4 : Temperature (°F)
v5 : Vapour Pressure
v6 : Water Content

Table 5-1: Forecast Variables and Spot Metrics
The distinction between the representations ui ∀i =1,..9 and vj ∀j =1,..6 for forecast and
spot variables respectively, is necessary for accuracy. The notation ui is used when forecast
weather information is used both to generate regression coefficients (β i) and later as an input (xi)
in the canonical regression equation: y = β x + α . The notation vj is employed when spot data is
used to generate regression coefficients but the inputs in the equation are corresponding forecasts
of the same metrics. For example, if the spot enthalpy is used to generate the regression
coefficient (β 1), the enthalpy forecast is used to provide input (x1), to the equation. This is to
ensure chronological accuracy as the system does not know the spot enthalpy of time t’ in
advance at time t. Note that this means some spot variables such as vapour pressure and water
content cannot be used as corresponding forecast variables do not exist.
Of the three techniques attempted, only the first utilizes the archive of weather data to
establish a statistical relationship between weather conditions and available solar power. The
second technique considers the solar power data as a time series and extracts a trend. Finally, the
third technique adds noise to the actual data in order to generate a ‘randomized’ power forecast.
Note that several complex forecasting algorithms exist but implementation of these algorithms
was beyond the scope of this thesis.

The following sections summarize each of the three

techniques attempted and describe the rationale behind the final selection of the technique
eventually used to generate forecasts for the simulations.
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5.1 Method 1: Using Linear Regressions
The functional form of the relationship between actual solar power (kW) and weather conditions
is as follows:

Solar Power = min(-3177.73 + 22.39v1 + 26.80v2 − 122.06v3 + 116.66v4 + 1408.39x, 0)
where
v1 = Enthalpy
v2 = Relative Humidity
v3 = Dew Point Temperature ( ! F)
v4 = Temperature ( ! F)
x = Sunset Indicator (1 between sunrise and sunset, 0 otherwise)
The simple linear model S = -3177.73 + 22.39v1 + 26.80v2 − 122.06v3 + 116.66v4 + 1408.39x
was obtained by performing linear regression by backward elimination on the 6 variables
available in the spot weather data from 1st January 2014 to 31st December 2014.
We add an artificial indicator variable x to the list of explanatory variables in table 5-1
and call it the “sunset indicator”. This indicator ensures the regression equation does not predict
solar power after sunset and before sunrise. The variable is calculated using the solar power data
itself and is 1 only when non-negative solar power is recorded in the iTrend database.
By sequentially eliminating the variable with the highest p-value, i.e. the least significant variable
to the model, variables such as water content and vapour pressure are eliminated (in that order)
until all of the resulting variables are significant to the model. Note that eliminating these metrics
is doubly useful, as these spot metrics do not have corresponding forecast data available.
In order to reaffirm the equation generated via backward elimination, the alternative
forward selection strategy was also implemented. Variables with the smallest p-value were
introduced to the model on a step-by-step basis until none of the remaining variables had a p71

value lower than the default significance level of 5%. The final equation produced by this method
was exactly the same as the one produced above using the backward elimination strategy.
Negative output from the regression equation is coerced to zero, as we cannot have negative solar
power values in our model.
In order to test whether these chosen explanatory variables in fact contribute to a useful
model and address the question “Is this model any good at all?” we execute the F-test with the
hypotheses:
H0: The model contributes nothing useful and all the slope coefficients
β1 = β 2 = .... = β k = 0
HA: At least one of the slope coefficients β j is not 0.
The ANOVA table listed as part of the regression output provides an F-statistic of 2155 on 5 and
8753 degrees of freedom, which is certainly large enough, and far away from 1 to reject the
default null hypothesis4. Checking the F-statistic provides the assurance that this simple linear
regression model is at least better than simply using the means. Further, the p-value for each
coefficient is significant (less than 0.05) and thus each explanatory variable contributes
something useful to the final model [37].
This model has an adjusted R-squared value of 0.5515 i.e. it accounts for only 55.15% of
variability in solar power5. However, this model offers the highest adjusted R-squared value
amongst all the linear regressions performed using the archive of weather data. See table 5-2:

4
5

F(5,8753) = 2155 (p < 0.05). See Appendix A.2.
See Appendix A.2.
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No.

Regression Equation

1.

S = - 3177.73 + 22.39v1 + 26.80v2 − 122.06v3

Adjusted F-statistic
R2
0.5515 F(5,8753)=2155

+ 116.66v4 + 1408.39x
2.

S = - 2657.40 − 13.81u1 − 7.66u2 − 21.99u3 − 26.94u4 +70.77u6 0.5352

F(9,33929)=4342

+ 81.12u7 − 5.58u8 − 4.34u9 + 1554.94x
3.

S = -195.38 − 13.34u1 − 7.89u2 − 21.63u3 − 27.47u4 + 70.62u6

0.5351

F(8,33930)=4884

0.4808

F(8,2964)=345

− 5.54u8 -4.40u9 + 1555.67x
4.

S = - 5180.86 +50.26u1 − 3.078u2 − 22.97u3 + 8.44u4
+ 171.37u7 − 1.53u8 − 5.134u9 + 1014.86x

Table 5-2: Regression Equations from different Model Selection Strategies and Data

The regression coefficients in equation (1) are obtained by performing linear regression on spot
data from the entire year (January 1, 2014 to January 1, 2015). Equation (2) is the result of a
model created using backward elimination on forecast (as opposed to spot) variables for data for
the entire year. Equation (3) uses the same forecast data over the same time duration as (2) but
employs the forward selection strategy for variable selection. Equation (4) is a monthly equation
and only uses forecast data from the sample month of January to create its linear model via
backward elimination.
For a sample week – week 1 in January – it appears as if equation (4) the January forecast
(pink) gives a prediction closest to the actual solar power received (black). However, all four
regression equations grossly overestimate the amount of solar power available during the day.
Notice also that during some periods the forecasted power is time-shifted ahead indicating that
despite the inclusion of the artificial ‘sunset indicator’, the forecasts are not very sensitive to the
cyclical pattern of sunrises and sunsets. See Figure 5-2 below:
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Figure 5-2: Regressed Forecasts & Actual Solar Power for Jan’14 Week 1

For the entire month of January, we see that the spot forecast is closest to actual solar
power for the peaks i.e. it is better at predicting high amounts of solar power when available, for
example 7th Jan below in Figure 5-3. Since it has the highest R-squared value of 0.5515, we use
the spot forecast for comparison with the “forecast” vectors generated using other methods.

Figure 5-3: Regressed Forecasts & Actual Solar Power for January
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5.2 Method 2: Extracting Time Series Trends
Solar power received (kW) can be considered as a time series – a sequence of data points
consisting of successive measurements made over a time interval. Decomposing the time series
into the trend component, a seasonal component and a random component, we obtain the long
term evolution seen below in Figure 14 for week 1 in January 2014 [38]. We assume this trend
line serves as an extremely accurate forecast of solar power (kW).

Figure 5-4: (a) Time Series Decomposition (b) Actual vs. Trend for Jan’14 Week 1
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5.3 Method 3: Adding Noise
Finally, we can generate a forecast vector by randomizing the actual solar power available. We
use the following algorithm to do so:
Randomizing Algorithm
For each solar power value S in kW
Random number
N=R*1000
Upper bound
Lower bound
Forecast value

U= S*1.1*1000 + N
L= S*0.5*1000
F=[RANDBETWEEN(L, U)]/1000

// randomly generated by the system
// where R ∈{0.01,1}
// 110% of the actual value + N
// 50% of the actual value
// Randomly choose a
// number* between U
// and L

return F
*Multiplication, followed by division by 1000 is required to ensure the final number is a decimal
value and not just an integer.

This randomized “forecast” is sensitive to long term cyclical changes in sunlight as the ‘forecast’
vector is derived from the data itself but due to the nature of the algorithm above, the forecast
predicts rapid variations in solar power received each minute.

Figure 5-5: Randomized Forecast for Jan’14 Week 1
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5.4 Selection of Final Forecast Data
Each of the three forecasting methodologies offers a tradeoff between accuracy and realism. Spot
regression, while the best out of all the model selection strategies attempted in Method 1, has the
lowest accuracy. Model diagnostics indicate that this low accuracy could be the result of data that
is not fully normal and that violates the principle of homoscedasticity – as the variance in the
residuals does change as a function of the fitted values (for further reference, see the Normal Q-Q
plot and Scale-Location plot in appendix A.3). As seen in Figure 5-6, this forecast overestimates
solar power whenever it is available. It is important for our model to be conservative about the
amount of solar power received in order to ensure precise unit commitment of dispatchable
generators that meets the bulk of demand in the isolated microgrid. We reject this method even
though it would be implementable in real-life and theoretically has a high R-squared value.

Figure 5-6: Comparison of three forecasting methodologies for Jan’14 Week 1

The extraction of a time series trend in Method 2 (green in Figure 5-6) provides a forecast
that is highly accurate and sensitive to every major peak and trough in irradiance. In terms of
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implementation, the method would also be replicable in real-life, as it is possible to build an autoregressive integrated moving average (ARIMA) model or another forecasting model off the time
series of historical data. However, given the inherent unreliability of weather forecasts, this
smooth forecast is unlikely to be very realistic. We reject this extremely accurate method as well
in favor of the more suitable randomized forecast from Method 3.
For the purposes of use with a simulator, method 3’s forecast is most suitable. It offers
rapid variations in potential solar power available – as would occur in real life and would thus test
the load-following capabilities of the dispatchable generators in the simulator, a goal that is
important to the overall success of the simulations. See Figure 5-7 below which shows the rapid
fluctuations in irradiance (green) and hence power generated from solar PV panels (red) recorded
during a 24-hour period. Note that unlike method 2’s forecast, this forecast would not be
replicable in real life but for the purposes of the simulator, it offers a conservative and close
approximation of the real-world scenario.

Figure 5-7:ICETEC terminal of Real-time Irradiance vs. Solar Power recorded
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6

Analysis of Simulation Results

The goal of modeling an isolated microgrid is to tackle the following questions:
1) What is the best technological setup to meet the bulk of campus energy load?
2) How big of a battery would be needed to minimize outages and real-time generation?
Sections 6.2 and 6.3 tackle each of the above questions respectively. These questions are
evaluated in specific demand scenarios. Section 6.1 explains the rationale behind the choice of
specific monthly data and common terms that are used for analysis in the following sections.

6.1 Analysis of Princeton Energy Flow Data
The nature of electricity demand changes according to season. As sample winter, summer,
spring and fall months for this study, we consider January, July, April and October respectively.

Figure 6-1: Electric Demand for sample day in each Season

As seen in Figure 6-1, the daily peak demand in the summer month of July (red) occurs
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around noon when demand for air-conditioning and cooling is greatest. Conversely, the daily
peaks in the winter month of January (black) occur early in the morning and in the evening when
demand for heating and hot water is highest. Demand in the ‘shoulder’ fall and spring months is
variable with no specific daily demand pattern.
Historically, the largest peak demand occurs in the summer month of July, followed by
the fall and spring months of October and April respectively (refer to Figure 6-2). Due to the
inherent uncertainty of the nature of demand in these shoulder months, we focus on these two
months in section 6.3 when introducing a battery to the technological setup.

Figure 6-2: Historical Electric Demand Peaks (1983-2014)

Throughout this chapter, we evaluate demand-response and supply-side management
using two energy metrics, total demand shortage (MWhr) and maximum demand shortage
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(MWhr) as well as two measures of electricity: peak demand shortage (MW) and percentage of
outages. Maximum Demand Shortage (MWhr) is the product of peak demand shortage (MW) and
the time period the peak demand shortage was experienced for:
Max Demand Shortage ( MWhr) = Peak Demand Shortage ( MW ) × Time (hr)

In calculating percentage of outages, an ‘outage’ is defined as any instance (five-minute
increment) when greater than 0.01% of total demand remains unsatisfied. This definition of an
outage is highly conservative. In real world scenarios, if power generation meets ~99% of total
power demand, the remaining unsatisfied demand is registered as a brownout (a drop in voltage in
electrical power supply, experienced by the user through the dimming of lighting). In fact, an
outage, as defined in IEEE Std. 100-1992, does not refer to a specific phenomenon, but rather to
the state of a component in a system that has failed to function as expected[39]. However, this
conservative choice of 0.01% and use of the term ‘outage’ was made to allow for our simpler DC
system simulation that does not account for power losses during DC to AC conversion.
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6.2 Generation Capacity Analysis
In this section, we tackle question (1) and explore technological setups that would
optimize microgrid management for Princeton. The current energy generation assets Princeton
University owns (see Table 2-1) are insufficient to satisfy all of campus energy demand. First, we
assess the impact of adding generators to the existing technological setup and thus increasing
rated power capacity of the entire plant. Second, we explore how demand response changes if we
break down the same amount of rated power into multiple generators.
N.B.: For each technological setup tested below, a 31-day simulation is run for each of
the four seasonal months using data from the year 2014. Day 0 of the simulation is discarded
because it takes time for all the generators in the setup to come online in tandem and start
producing power. The outage metrics are calculated for the remaining 30-day output.

6.2.1 Step-wise additions to Generation Capacity
We consider combinations of three specific Wärtsilä® tri-fuel engines that can run on
natural gas, light fuel oil (LFO) or heavy fuel oil (HFO) [40].
Technical Data
(60HZ/720RPM)
Power, electrical

Unit

9L34DF
small
4
(4170)

16V34DF
medium
7
(7430)

20V34DF
large
9
(9340)

Heat Rate

kJ/kWh

8048

8048

8036

Electrical
Efficiency

%

44.7

44.7

44.8

Total Co-gen
Efficiency
(including HRSG)

%

90.7

90.7

90.8

Ramp Rate

% /min

>100

>100

>100

Start Time
(Cold Start)

min

<10

<10

<10

Start Time
(Warm Standby)

min

<6

<6

<6

MW
(kW)
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Stop Time
(100% to zero)

min

<1

<1

<1

Table 6-1: Wärtsilä Tri-Fuel Engine Configurations
These engines which have been implemented as both power plant and marine engines,
were recommended due to their fast ramp rates and start-up speeds, providing power to the grid in
less than 1 minute and full plant load in less than 5 minutes from hot standby6. Given these
engines are tri-fuel, are of a different make than General Electric (which manufactures the
existing GE LM-1600 gas turbine owned by Princeton) and are of different rated power capacities
is an additional benefit in ensuring that the power facility has a diversity of assets to rely upon.
We add the generators to the existing technological setup in 5 combinations:
Setup

Description

Additional
Capacity
Breakdown
-

Total
Additional
Rated Power
-

Overall Rated
Dispatchable
Power (excl. solar)
15MW

Case 0

No Addition

Case 1

Small + Large

4MW + 9MW

13MW

28MW

Case 2

Medium + Medium

7MW + 7MW

14MW

29MW

Case 3

Medium + Large

7MW + 9MW

16MW

31MW

Case 4

Large + Large

9MW + 9MW

18MW

33MW

Case 5

Small + Medium +
Large

4MW + 7MW
+ 9MW

20MW

35MW

Table 6-2: Combinations of Different Technological Setups
Running a simulation for each of the four months for these six scenarios, we obtain the
following trends in energy and power statistics. See Appendix B.1 for corresponding tables of
numerical statistics, including case 0 with no additional generators which is not represented in
Figure 6-3 due to the disparity in numerical scale.

6

Initial ideas on brands and potential portfolio of technologies to be considered for this study

were obtained from Ted Borer.
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(a) Peak Demand Shortage (MW)

(b) Total Demand Shortage (MWhr)
Figure 6-3: (I) Summary of Simulation Output for 5 Technological Setups
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(c) Maximum Demand Shortage (MWhr)

(d) Percentage of Outages (%)
Figure 6-3: (II) Summary of Simulation Output for 5 Technological Setups
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The first trend we see in the summary plots of Figure 6-3 is that as the amount of
additional power supply increases from case 1 to case 5, all four metrics of demand shortages
decrease and the sharpest decline occurs for the month of July. The peak demand shortage drops
from 24.5MW to 1.0MW for July as we progress from case 0 with no additional generators to
case 5 (an additional 20MW in dispatchable generation)7. Similarly, total demand shortage drops
from 6955.98MWhr to 0.24MWhr and percentage of outages declines from 98.53% to 0.03% for
July as we move from no additional generators to case 5. The probability of any five-minute
increment in the month of July having an outage is a very acceptable 0.03% with case 5.
Secondly, we see that adding generators has a more complex effect than simply forcing
all the outage metrics to decline. For example, the peak demand shortage for April increases 17%
from 1.68MW to 1.96MW as we move from the setup in case 4 to case 5. However, this does not
translate into an increase in energy outage metrics. Total demand shortage and maximum demand
shortage decline by 49% and 44% respectively since the peak demand shortage in case 5 occurs
for a shorter time period (6.9mins in case 5 as opposed to 14.3mins in case 4). We address the
question of whether the odd increase in peak demand shortage could be due to an increase in the
number of generators (despite the increase in rated power capacity) in Section 6.2.2 below.
A third noteworthy trend is that across all four metrics, there is limited improvement in
outage metrics as we progress from case 4 (additional 18MW) to case 5 (additional 20MW) for
the winter month of January. Progressing from case 4 to case 5 produces a total demand shortage
decline of only 0.03MWhr, a 19% decline. See Figure 6-3 (b). Further, the percentage of outages
decreases only by 0.012%. This further raises questions on the limited benefits of operating (or
even acquiring) a third generator, for only select months.

7

See Appendix B.1 for demand shortage statistics for case C0 with no additional generators.
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Figure 6-4: Peak Overages for each Month

Finally, the fourth observation from the primary set of simulations above is that the
magnitude of overages (when power supply exceeds demand) depends heavily on the month i.e.
the nature of demand. Figure 6-4 above displays peak overages, the highest excess supply
generated per month. Overages are denoted on the negative scale, greater excess supply of power
leads to a more negative value on the chart above. The peak overages in October and April are an
entire order of magnitude above corresponding values for January and July. This could be due to
high volatility in demand caused by hurricanes, scheduled outages, school holidays or drastic
fluctuations in weather (not uncommon for NJ). In Figure 6-5, we zoom in on unsatisfied demand
on 14th October 2014, the day when October’s peak shortage of demand was observed. The peak
in unsatisfied demand is followed by a sharp trough. Again, the negative unsatisfied demand
denotes an overage and is subsequently observed for all setups except case 5.
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Figure 6-5: Unsatisfied Demand on October Peak Day

In contrast, no such behavior is observed for other months. Conspicuous overages for
corresponding peak days in January and April occur only for case 4 –with two large (each of 9
MW) generators. There are no overages observed for the peak day in July. See Figure 6-6 below.

a) January

(b) April
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(c) July
Figure 6-6: Unsatisfied Demand on Peak Days in January, April and July

Case 5 does not appear to have any noticeable overages in the graphs of Figure 6-6,
although, tiny overages on the order of 0.5kW consistently occur throughout the generation
schedule. While power wastage due to overages is not a reliability concern, it would be useful for
environmental objectives to be able to use this excess supply of power for later consumption i.e.
load shifting purposes. This is undertaken in section 6.3 wherein overages are used to recharge a
battery that is introduced to the technological setup.
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6.2.2 Modularization of Generators
In this section, we break down the same rated power capacity to explore whether
modularization affects the monthly demand shortage metrics. We seek to answer the question:
does increasing the number of generators while keeping the same overall power capacity offer
more agility in demand-response according to our adapted simulator?
We break down the additional rated power capacity of 20MW in case 5 above to the three
hypothetical setups below with the same ramp rate, warm up time and other technical details as
the Wärtsilä medium (7MW) generator. The economic minimum set for each generator is ~40%
of its rated power, consistent with the range of Wärtsilä 34DF multi-fuel engines which have
economic minimums of 30% of maximum load [40].

Setup

Description

Additional
Capacity
Breakdown

Total
Additional
Rated Power

Overall Rated
Dispatchable
Power (excl.
solar)
35MW

Case 5.1

1 generator

20MW

20MW

Case 5.2

2 generators

10MW + 10MW

20MW

35MW

Case 5.3

3 generators

4MW + 7MW
+ 9MW

20MW

35MW

Table 6-3: Modularization of Case 5 Rated Power Capacity

Running a simulation for each of the 4 months for the three setups, we see that there is no
clear trend that applies to all the months. Specific to July, all four metrics including the
percentage of outages, are at their lowest when 2 generators are used. For July, case 5.2 with 2
generators appears to be the most optimal setup.
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(a) Peak Demand Shortage (MW)

(b) Maximum Demand Shortage (MWhr)

Figure 6-7: (I) Modularized Generation Summary Plots

By contrast, January has the worst performance with 2 generators. As seen in Figure 6-7
(a) and (b), not only do metrics associated with peak demand increase, the total demand shortage
Figure 6-7 (c) and percentage of outages Figure 6-7 (d) also increase for case 5.2.

(c) Total Demand Shortage (MWhr)

(d) Percentage of Outages

Figure 6-7: (II) Modularized Generation Summary Plots

The above set of simulations indicate that simply increasing the number of generators
does not affect agility in demand response and might even make control of the microgrid
complex. A more detailed comparative analysis between generator setups with strong load
following capabilities (>100% min) and low economic minimums is required.
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6.3 Battery Storage Analysis
Section 3 assesses the impact of introducing a battery to the technological setup. First, we
explore the tradeoff between battery size and generator size. The proposed hypothesis is that
increasing battery size should minimize the amount of real-time generation required and thus, the
size of rated dispatchable generators necessary. Second, we investigate what the associated costs
might be for procuring and operating these battery + generator setups.

6.3.1 Methodology
Mathematically, we model the battery as follows:
Parameters: R max

R max = maximum capacity of battery (MWhr)

{ }

State Variables: St = Rt

= storage level of battery (MWhr) at time t

Rt

Exogenous Variables: Wt+1 =

{ D̂

unsatisfied
t

, p̂tS −unused , p̂tG−unused

}

D̂tunsatisfied = unsatisfied demand (MW) at time t
p̂tS −unused = unused solar power (MW) available at time t
p̂tG−unused = excess power (MW) generated by DG units at time t

{

Decision Variables: xt = at ,dt

}

at

= amount of energy added to the battery (MWhr) over the time increment t → t+1

dt

= amount of energy removed from the battery (MWhr) over the time increment t → t+1

Note that the amount of energy added to and removed from the battery do not truly live
up to the definition of a decision variable as for this experiment at and dt are decided
automatically using the following function:

(

)

at = p̂tS −unused + p̂tG−unused × 0.0833
dt = D̂

unsatisfied
t

× 0.0833

The multiplication by 0.083 converts the power variables D̂tunsatisfied , p̂tS−unused and p̂tG−unused
in MW into energy variables in MWhr. Five minutes approximately equals 0.0833hr
(3sf).
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Transition Functions:
Rt+1 = Rt + at − dt

Over each 5 minute time increment t → t + 1 , the next storage level of the battery is the
previous storage level plus the energy added to the battery minus the energy removed to
satisfy unsatisfied demand.
Objective:
The objective for each trial is to ensure that there are no outages. Again, note that we
choose not to write an objective function as a minimization over policies π for this
exploratory experiment as we have restricted ourselves to a single policy: one that
ascribes dt = D̂tunsatisfied × 0.0833 and automatically forces post-battery unsatisfied demand
to be zero.
Constraints:
There is only 1 significant constraint, the battery storage level must never exceed the
capacity of the battery:

Rt ≤ R max

,∀t=1,...,T

Note that we allow storage level to be negative in order to estimate the additional
required storage capacity we must add to the battery.
There are usual positivity constraints on the decision variables: at ≥ 0,dt ≥ 0 for all time
increments t.

Note that a salient assumption made while conducting battery storage analysis is that the
battery is fully-charged at the start of the month. Once the battery is modeled and implemented
for a trial, we employ the following policy: if the battery storage level goes negative, we seek the
magnitude of the minimum (most negative) battery storage level reached and add this to the
existing battery size. This larger battery capacity is used for future trials until the battery storage
level never becomes negative.
If the battery storage level remains positive in the first trial, the unused battery size is
estimated and deducted from the battery size. The trial is repeated with a smaller battery size.
Overall, the objective for all the trials is to reduce the size of the battery i.e. Rmax required while
ensuring no outages occur. Next, we repeat the above procedure for increased real time
generation – minimizing or maximizing the size of the battery as required.
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6.3.2 Results
For this section, we focus only on the “shoulder” months of October and April, months
with large fluctuations and no specific daily demand patterns (Recall Figure 6-1). For April, we
evaluate introducing battery storage for all six scenarios: C0 to C5. For October, we only evaluate
the specific cases C0, C1 and C2 when severe peak demand shortages are observed8. Scenarios
C3,C4 and C5 with additional generation capacities of 16MW onwards are not considered as it
would be redundant and cost-ineffective to procure both large generators and a battery when
October has close to zero demand shortage under C3,C4 and C5.
For October, we begin by introducing a fully charged battery of 1200MWhr to the
existing technology owned by Princeton University. Note that we decided to use a 1200MWhr
battery since the peak demand shortage observed in October under C0 with no additional
generators was 18.60MW and a battery of this size would be able to offer to a peak discharge of
20MW. For trial 1 for each of the cases, we begin with an initial sized battery for which the peak
discharge rate is equivalent to the month’s peak shortage of demand.
Introducing a fully charged 1200MWhr battery to scenario C0 for October, it is evident
that a larger sized battery with greater capacity is required. Although peak discharge from the
battery is equivalent to the peak shortage of demand in October, the consistent shortage of
demand requires a larger battery than the one provided, one with a capacity of at least 1567.16
MWhr:

8

See table in Appendix B.1 for October’s peak demand shortages across technological setups.
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Figure 6-8: Battery Storage Level and Demand for October C0

Notice in Figure 6-8, that since we cap the size of the battery, at 1200MWhr for the first
trial and later 1567.15MWhr for the second trial, we are unable to take full advantage of overages
or excess solar power available. For example, when the unsatisfied demand goes negative around
time increment 4000, the excess power supply available during this time could be used to charge
a larger battery than the one provided. While it would be environmentally beneficial to be able to
store and minimize power wasted due to overages, it is assumed that the cost of a larger battery
would prevent this from being a pragmatic choice.
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Repeating the above process for October’s cases C1 and C2, it is noted that as we
increase the rated generation capacity, a smaller sized battery would be needed.
October Peak
Setup
Shortage of
Demand
(MW)
Case 0 18.60

Peak Discharge
of Trial 1’s
Initial Battery
(MW)
20.00

Trial 1
Initial
Battery Size
(MWh)
1200.00

Trial 2
Battery
Size
(MWh)
1567.69

Recommended
Battery Size
(MWh)
1567.69

Case 1

5.37

5.37

322.20

8.06

8.06

Case 2

0.74

0.74

44.40

0.06

0.06

Table 6-4: Battery Sizes for October

Plotting battery storage level and demand for October’s Case 1 and Case 2 reveal that a
battery of size 8.06MWh and 0.06MWh would be required only for 3.43% and 3.11% of the time
respectively. In Figure 6-9, we see that a total demand shortage of 8.048MWh is experienced for
a period of approximately 24 hours around time increment 4000. This is also the time period in
which the 5.37MW peak demand shortage is observed.

Figure 6-9: Battery Storage Level and Demand for October C1
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The above experiment is redone for all of April’s cases C0 through C5 and a similar trend
is observed, validating our hypothesis: the size of battery required drastically reduces as real-time
generation is added. Case 0 for both April and October confirm that it would be infeasible to
replace the grid (case 0) with just a battery due to the enormous size of a suitable battery required.
April
Setup

Case 0

Peak
Shortage of
Demand
(MW)
15.81

Peak Discharge
of Trial 1’s
Initial Battery
(MW)
15.83

Trial 1
Initial
Battery Size
(MWh)
950.00

Trial 2
Battery
Size
(MWh)
2012.26

Recommended
Battery Size
(MWh)

Case 1

3.36

3.36

201.60

0.88

0.88

Case 2

1.87

1.87

112.20

0.71

0.71

Case 3

2.25

2.25

134.85

0.38

0.38

Case 4

1.68

1.68

100.77

0.47

0.47

Case 5

1.96

1.96

117.39

0.33

0.33

2012.26

Table 6-5: Battery Sizes for April

Typical battery sizes for microgrids are on the order of 100kWh [41]. Given the sets of
simulations for both October and April, we see that it would in fact be feasible to reliably
(without any outages) operate Princeton University as an isolated microgrid with some additional
dispatchable generation and a battery of storage capacity in the range 330kWh to 880kWh.
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Figure 6-10: Battery Storage Level and Demand for April C1-C5

Moreover, as seen in Figure 6-10, batteries of sizes 330kWh to 880kWh are required for
<50% of the month to cater to peak demand shortages under our strict zero-outage policy. In an
AC setup wherein small fluctuations in power supply are registered as permissible voltage
fluctuations, smaller sized batteries than the ones recommended by the adopted methodology
should be required.

98

6.3.3 Cost Analysis of introducing Battery Storage

In order to put the above battery sizes in context, we investigate associated costs of
procuring and running a battery of the sizes recommended for the month of April, since April had
the higher required battery sizes of the two months examined. Given the net present cost of
acquiring and operating setups for April for 20 years, the cost-optimal setup would be a
0.71MWh battery and two additional 7MW Wärtsilä® generators with a cost of approx. $57.6
million9. With tweaked financial assumptions, this cost can be as high as $80million10.
This analysis confirms the deduction above, that it would in fact be possible to reliably
operate Princeton University as an isolated microgrid given some additional dispatchable
generation and a battery of storage capacity 710kWh.
C#

Battery
Size

Additional Total Capital
Generation Cost (mm)
Capacity

Maximum Utilization
of Setup’s Additional
Generators
Demand
Net
satisfied
Present $
by
Cost (mm)
additional
generators
(MWh)
($)
$1,779.82

C0

(MWh)
2012.26

(MW)
-

($)
$402.45

C1

8.06

13

$48.53

9360

C2

0.71

14

$50.66

C3

0.38

16

C4

0.47

C5

0.33

Actual Utilization of
Setup’s Additional
Generators
Demand
Net Present
satisfied by $ Cost
additional
(mm)
generators
(MWh)
-

($)
$1,779.82

$60.07

4040

$57.46

10080

$57.64

6414

$55.84

$57.82

11520

$65.50

6355

$62.96

18

$65.05

12960

$73.72

6913

$70.75

20

$72.24

14400

$81.74

6082

$77.66

Table 6-6: Cost of Increasing Battery Sizes

9

More information in Appendix C.1
See Sensitivity Analysis Trial 2 of Appendix C.2.

10
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Further, as deduced in the previous section, the non-optimal scenario C0 where we use a
battery to replace the entire grid would be infeasible not only due to the enormous size of the
battery but also because of the high upfront capital cost and net present cost11.
Another way of measuring the ‘true cost’ of storing energy using a battery is through the
popular metric, the levelized cost of electricity (LCOE). LCOE, measured in cents/kWh or
$/MWh is a “convenient summary measure of the overall competiveness of generating
technologies. It is the cost (in real dollars) of building and operating an energy asset over an
assumed financial life and duty cycle” [42]. LCOE can be calculated as follows:
I t + M t + Ft
(1+ r)t
t=1
LCOE =
n
Et
∑ (1+ r)
t
t=1
n

∑

where
I t = Investment expenditures in the year t
M t = Operations and maintenance expenditures in the year t
Ft = Fuel expenditures in the year t
Et = Electricity generation in the year t
r = Discount rate
n = Life of the system

The numerator is the NPV of the fuel costs, capital costs and operations/maintenance
costs per year over a span of n years. The denominator is the amount of electricity generation
over time. We calculate LCOE values for the entire technological setup (including existing DG
units, PV panels, additional DG units and batteries) and assume a time period of n = 20 years12.
Different reference data and financial assumptions than the one used for calculating the net

11

Assumptions and reference data used for NPV calculations for the values in table 6-5 can be
found in Appendix C.1
12
A comprehensive list of financial assumptions and reference data used for LCOE calculations
can be found in Appendix C.2
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present cost above is used. Calculating the LCOE yields table 6-7:
C#

Battery
Size

Total
Dispatchable
Generation

Solar
PV

C0

(MWh)
2012.26

(MW)
15

C1

8.06

C2

NPV of
System
(mm)

LCOE

LCOE

(MW) ($)
5
5,215.71

NPV of
Additional
Generation +
Batteries (mm)
($)
5,167.65

($/MWh)
6024.9

(cents/kWh)
60.25

28

5

128.55

80.62

83.3

8.33

0.71

29

5

108.69

62.12

70.3

7.03

C3

0.38

31

5

114.21

70.37

73.8

7.38

C4

0.47

33

5

117.68

76.31

76.0

7.60

C5

0.33

35

5

120.55

81.38

78.0

7.80

Table 6-7: Levelized Costs of Setups C0-C6 with Batteries
These values are comparable with those found in literature. In the graph reproduced
below of generator-battery setups with different lead-acid batteries, the reference values are
somewhat higher as they are calculated over a shorter plant life than the 20 years considered for
our calculations[43]. LCOE decreases with a longer assumed system life. Repeating our
calculations for a span of 10 years raises the LCOE of the optimal setup C2 to $74.2/MWh.

Figure 6-11: Reference LCOE values for generator and lead-acid battery setups
101

Lead-acid batteries generally used for frequency regulation are chosen for comparison as
these have an ability to provide quick spurts of electricity when required – an important
consideration for isolated microgrids. Literature values can also be obtained for average levelized
costs of separate energy technologies in [42] and [44]. Together, these references imply that the
LCOE values calculated are in the ballpark of values found across technical literature.
Notably, the increase in levelized costs as we progress from C2 to C6 in table 6-6
validates our earlier assumption for October: that it would be cost-ineffective to procure both
more dispatchable generation capacity and a battery for scenarios C3, C4 and C5. The most costeffective setup with both a battery and additional generators is C2 – an additional 17MW in
dispatchable generation and a 0.71MWh battery with a LCOE of $70.3/MWh or 7.03cents/kWh.
Calculating the LCOE without the batteries, i.e. using only the NPV cost of the
dispatchable generators and the operating and maintenance costs of the solar panels in the
numerator, three key observations can be made. First, it can be seen in Figure 6-12 that the lowest
LCOE is for C0 when there are no additional generators. This indicates that levelized cost alone
cannot be used as a metric to make an informed decision about technologies since we know that
under C0, there are both large demand shortages and a high percentage of outages.
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Figure 6-12: Levelized Costs for Setups C0-C6 with and without batteries

Second, it is evident in Figure 6-12 that the levelized costs with and without batteries are
similar for scenarios C3 through C613. This causes us to revise the induction made earlier using
table 6-6. If it costs marginally a few more cents per kWh to acquire and operate a battery in the
long term horizon of 20 years, it is advisable to invest in both a battery and a generator as this
would offer greater reliability.
In order to develop a sense of how sensitive these calculations are to the financial
assumptions made during the NPV calculations, we replace the actual simulator output values
used for energy generation Et in the denominator with maximum generation possible. For
example, we make the gross assumption a 15MW generator is on for all 8760 hours in a year. We

13

See Appendix C.2 for financial assumptions and reference data used for LCOE calculations.
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call this Method 2 in Figure 6-13 below:

Figure 6-13: Sensitivity analysis of LCOE with and without batteries

Conducting this sensitivity analysis downsizes levelized costs across all the scenarios.
The cost-optimal scenario with additional generation still remains C2. Given both methods of
cost analysis and assuming a battery of size 0.71MWh that can handle a peak demand shortage of
at least 1.87MW commercially exists for implementation with microgrids, the best technological
setup for Princeton’s isolated microgrid would be two 7MW generators and a battery of size
0.71MWh in addition to the existing generation assets as this would have the lowest levelized
cost of $70.3/MWh.
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7

Conclusion
This chapter summarizes the conclusions of the simulations from Chapter 6 and reviews

implications of each on feasibly operating a reliable, sustainable and affordable isolated
microgrid. This is followed by an outline of the limitations of our model and the assumptions
made during the simulations. The chapter closes with suggestions for future areas of research on
the topic of isolated microgrids and specifically Princeton University’s microgrid.

7.1 Results and Implications
Simulations were run for 30-day periods for a wide range of technological setups and
scenarios using data from the year 2014 for one of the four months: January, July, October or
April.
1) Step-wise additions to Generation Capacity: Adding combinations of Wärtsilä® generators to
increase the dispatchable generation capacity of the Princeton University co-gen facility from
the existing 15MW to 35MW decreased all four central metrics of total demand shortage,
peak demand shortage, maximum demand shortage and percentage of outages experienced. If
we assume no batteries are allowed for the setup and fix the acceptable threshold value of
peak demand shortage to 2.0MW, percentage of outages allowed to a strict 0.15% and both
total demand shortage and maximum demand shortage to 0.5MWh, introducing an additional
20MW in dispatchable generation assets would allow Princeton University to run feasibly as
an isolated microgrid. The highest percentage of outages possibly observed in such a scenario
would only be 0.14% in the month of October and close to zero in all other months.
Relaxing the total demand shortage threshold to 0.9MWh and keeping all other
assumptions and thresholds constants, only an additional 18MW in dispatchable generation
capacity would be required to operate an isolated Princeton microgrid. Limited improvements
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in outage metrics were observed when progressing from an additional 18MW to an additional
20MW generation capacity, especially in the months of January and October. This implies
that the performance of an isolated microgrid is contingent on the daily demand pattern for
electricity, which evolves according to seasons. Perhaps it would be more practical to operate
the university microgrid in isolated mode only for part of the year. A pragmatic choice for a
month in which the microgrid could be operated in isolated mode could be the winter month
of December, when the majority of faculty, staff and students are away for holidays and daily
demand pattern is similar to that in January.
Further, it was observed that peak overages in the “shoulder” months of October and
April are an entire order of magnitude above corresponding values for January and July
across all technological setups. Peak demand shortage was also the highest in the month of
April when an additional 18MW (represented as case 4) or 20MW (case 5) was added in
dispatchable generation. In contrast, October had the lowest peak demand shortage values
under case 4 and case 5. These distinctive overage and outage metrics for the fall and spring
months could be explained due to the high volatility in demand patterns caused by storms,
hurricanes, scheduled outages, school holidays and other fluctuations in weather, which are
not uncommon for New Jersey in these months. The same reasons of storms and drastic
weather patterns threatening grid reliability would make it appealing to disconnect from the
grid and operate in isolated mode in these months. The low peak demand shortage and high
peak overage metrics make October a good candidate month to test operating the microgrid in
islanded mode.
2) Modularization of Generation Capacity: If we break down the same amount of rated power
into multiple generators, no clear trend can be observed when comparing the performance of
setups with one, two or three generators. Across all four metrics, the setup with two
generators performed the best in July and the worst in January. The lack of trends across
months implies that agility in demand response is not simply a function of the number of
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generators present. Although more generators improve reliability (as generators may break
down), increasing the number of generators may make control more complex. The impact of
modularization of generation capacity on the performance of an isolated microgrid requires a
more thorough investigative study comparing more permutations of differently sized
generators.
3) Tradeoff between Battery Storage Size and Real-time Generation:

Increasing real-time

dispatchable generation assets decreases the amount of battery storage capacity required to
completely avoid any outages. Given the sets of simulations for both October and April, we
see that it would in fact be feasible to reliably (without any outages) operate Princeton
University as an isolated microgrid given some additional dispatchable generation and a
battery of storage capacity in the range 330kWh to 880kWh.
4) Cost Analysis of Introducing Battery Storage: Post calculation of levelized costs, it is
observed that it would be worth the initially high capital cost of a battery to always include a
battery in the technological setup for the microgrid. The best technological setup, with an
LCOE of $70.3/MWh or 7.03cents/kWh, adds 14MW in additional dispatchable generation
capacity and a 0.71MWh battery to the existing generation assets. As a form of comparison,
the cost of electrical usage on campus is approximately 5.8cents/kWh during intermediate
demand times [32]. Given a ±10% allowance in accuracy of the LCOE calculated, it may not
be economically viable to completely isolate from the grid for the University. It will likely be
more beneficial for the University to maintain its microgrid in grid-connected mode and make
an educated decision about isolating from the grid when grid unreliability or electrical price
spikes are anticipated.
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Summarizing insights from all the conclusions, we gather that:
(1) Increasing dispatchable generation decreases demand shortage metrics and
percentage of outages.
(2) Modularization of generation capacity does not necessarily mean greater reliability.
(3) Battery storage along with dispatchable generation can ensure close to zero demand
shortages. Further, increasing dispatchable generation decreases the size of battery
required for the microgrid.
(4) Cost-wise, it is always preferable to have a technology setup with batteries and
dispatchable generators rather than without batteries for an isolated microgrid. This is
also advisable for reliability reasons.
(5) The best technological setup for an islanded Princeton University microgrid, given
analysis of data from the month of April would be C2: 0.71MWh battery, two 7MW
generators in addition to the existing generation assets. This would have a net present
cost in the range of $55 million - $85million, depending on financial assumptions
made.
(6) The cost-preferred technology setup would have an LCOE of 7.03 cents/kWh, which
is 17% more expensive than the current cost of electrical usage during intermediate
demand times.
From a research perspective, the main contributions of this work have been:
(1) Establishing a mathematical model for secondary control of an isolated microgrid.
(2) Providing trends using simulator-generated output on the demand-shortage behavior
in isolated microgrids.
(3) Proposing the cost-optimality of always incorporating battery storage in isolated
microgrids if additional dispatchable generation also needs to be included.
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7.2 Limitations
Several assumptions were made to simplify modeling and implementing an isolated
microgrid management system. These assumptions limit how closely the model represents realworld scenarios and it is thus important to recognize these limitations.
First, the demand for steam and chilled water was converted to units of electricity in
order to capture the entire energy demand for Princeton University and make the data compatible
with the adapted SMART-ISO simulator. While all attempts were made to employ realistic
conversion units, this assumption is inherently impracticable. A quick-fix improvement would be
to only use electrical load values for the simulations. A more complex improvement would be to
build a simulator that accurately represents the components of Princeton University’s cogeneration plant. Tarun Sinha’s thesis involved construction of such a simulator but for a gridconnected microgrid.
Second, the simulator does not model the TES tank accurately. The actual TES tank can
be scheduled to charge and discharge on a time schedule, i.e. using electricity to charge at night
and discharge during the day. The simulator’s TES tank is naïve in that it performs load-shifting
to leverage overages and minimize demand shortages but it does not follow a time-based
schedule.
Third, the simulator does not model a grid network or convert DC to AC. This prevents a more
detailed analysis of any power interruptions that may occur due to transient faults in the
transmission system. There are power losses during conversion from DC to AC, which would
need to be considered to make the analysis more accurate. Incorporating conversion from DC to
AC would allow some demand shortages to be evaluated as voltage fluctuations and would relax
the highly conservative definitions used for an “outage” in this thesis.
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7.3 Extensions and Further Areas of Research
Extensions should make the economic analyses and comparisons between technological
setups more robust. The analysis presented in this thesis can be replicated using data from a
longer time horizon and account for future increases in demand as the University increases both
the number of buildings on campus as well as the size of the student body. As seen in the graph
below14, peak campus demand for electricity has been consistently increasing over the past thirty
years. A more detailed life cycle cost analysis would facilitate investment decisions in additional
equipment that would be required for an isolate microgrid - a battery, more generators or more
solar panels.

Figure 7-1:Increasing Trend in Campus Monthly Peak Demand for Electricity

Another extension, with valuable impact on Princeton University’s long-term strategic

14

Obtained from Ted Borer.
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planning, could be to conduct a detailed study on the impact of increasing solar penetration on
demand response – both for an isolated and grid-connected microgrid. Princeton University
currently owns a large expanse of land near the existing 27-acre field of solar panels and thus
increasing solar power harnessed by increasing the number of solar panels could be a possible
next step given the outcomes of the study.

Figure 7-2:Increased Solar Penetration (Simulated)

Additionally, the effect of the variability in quality of solar forecasts on the performance
of the hour-ahead and day-ahead scheduling algorithms presented in this thesis could be
evaluated.
A third extension could be an investigation into electricity prices that PSEG offers to
Princeton University during different months. The goal would be to explore if there would be any
months in which it would be cheaper to operate an isolated microgrid and not purchase electricity
from the grid.
Further areas of research on the Princeton University microgrid, not necessarily focusing
on its potential as an isolated microgrid, could examine inclusion of other technologies to
Princeton’s orchestra of generation assets. For example, instead of tri-fuel engines considered in
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this thesis, a gas reciprocating engine or a fuel cell could be considered.
Finally, systematic research should be conducted on the types of batteries that would be
most efficient and cost-effective for an isolated microgrid. Aqueous Hybrid Ion (AHI) batteries
are compared with lead acid (PbA) batteries in [45] and AHI batteries are claimed to be better
candidates for off-grid microgrids. Specific case studies of battery use with isolated photovoltaic
microgrids in developing countries have been done in [18] and [46]. More research in the area,
including the possibility of using car batteries, can be done to reaffirm or challenge these claims.
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7.4 Final Remarks
Isolated microgrids could mean the difference between access and no access to electricity
in remote areas and parts of developing countries. Managing an isolated microgrid is however a
complex, messy problem that is cross-functional and requires concerted analysis by research
communities spanning operations research, economics, electrical engineering, systems
engineering and environmental engineering. Using Princeton University’s microgrid as a case
study, this thesis formulates a mathematical model for control of an isolated microgrid.
Simulations performed show that operating the Princeton University microgrid in isolated mode
is feasible with additional dispatchable generation capacity, and reliable with both additional
dispatchable generation capacity and a battery. Additional research done to make battery storage
affordable will help facilitate adoption of the technology in areas without access to electricity.
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Appendix A
A.1 Steam and Chilled Water Demand Conversion
Sample Calculations are for 1/1/2014 00:00. Modeling Legend:

Method 1
Campus Electricity Load (MW)

Legend
(1)

Sample
13.82

Comments
Database value

Total Chilled Water Load (MW)

+ (3)

+ 1.24

1 refrigeration ton = 1.0kW

Boiler Generated Steam (MW)

+(9)

+0.0127

44.787 thousand lb/h
Divide lb/h by 34.5 to get boiler hp.
1 boiler hp = 9.8107kW
= ((44.787/34.5)*9.8107)/1000

HRSG generated steam
{Electricity needed to run HRSG
(MW)}

+(7)
+(8)

+1.77

72.5 decatherms of gas used by
HRSG over 5 min-increment.
12 5-min increments in an hour
1 decatherm = 293.07kWh
= (72.5*293.07) / 12

Total Campus Demand (MW)

16.8
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Method 2
Campus Electricity Load
(MW)
Total Chilled Water Load
(MW)
Campus Steam Load (MW)

Legend
(1)

Sample
13.82

Comments
Database value

+ (3)

+ 1.24

1 refrigeration ton = 1.0kW

+(2)

+0.0409

=((144.027/34.5)*9.8107)/1000
44.787 thousand lb/h
Divide lb/h by 34.5 to get boiler hp.
1 boiler hp = 9.8107kW
= ((44.787/34.5)*9.8107)/1000
*Note that there is some
underestimation of energy as the
electricity and steam required to run
the TES tank are neglected.
However, we assume that 1MW of
electricity generation produces 1
thousand lb/h of ‘free’ steam in the
co-gen plant which is used by the
TES tank.

Total Campus Demand
(MW)

15.1

Method 3
Co-gen Turbine Power (MW)

Legend
(6)

Sample
7.49

Comments
Database value

PSEG Imported Power (MW)

+ (5)

+ 5.91

Database value

Solar Power Utilized (MW)

+ (4)

0

Database value

Total Chilled Water Load (MW)

+(3)

1.24

1 refrigeration ton = 1.0kW
*No Steam Load accounted for since
the boilers operate sparingly and
much of the steam is generated ‘free’
with the electricity through HRSG.
Since Turbine Power double counts
some of the electricity required for
the Chilled Water & TES tank,
ignoring steam load yields a
comparable value to the other
methods.

Total Campus Demand (MW)

14.6
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A.2 Forecast Generation - Relevant Regression Output
Regression
squared:

Output

for

Regression

Equation

with

Highest

Adjusted

R-

> summary(spotback)
Call:
lm(formula = spot14$SolarPower ~ vec.sunset + spot14$spot.dewtemp +
spot14$spot.enthalpy + spot14$spot.relhumidity + spot14$spot.temp)
Residuals:
Min
1Q Median
3Q
Max
-3677.2 -497.8
49.1
295.1 2881.2
Coefficients:
Estimate Std. Error t value Pr(>|t|)
(Intercept)
-3177.730
309.055 -10.282 < 2e-16 ***
vec.sunset
1408.400
22.534 62.501 < 2e-16 ***
spot14$spot.dewtemp
-122.060
8.990 -13.577 < 2e-16 ***
spot14$spot.enthalpy
22.390
7.221
3.101 0.00194 **
spot14$spot.relhumidity
26.802
3.614
7.416 1.32e-13 ***
spot14$spot.temp
116.654
7.731 15.090 < 2e-16 ***
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1
Residual standard error: 916.1 on 8753 degrees of freedom
Multiple R-squared: 0.5518, Adjusted R-squared: 0.5515
F-statistic: 2155 on 5 and 8753 DF, p-value: < 2.2e-16
ANOVA table for Regression Equation with Highest Adjusted R-squared:
> anova(spotback)
Analysis of Variance Table
Response: spot14$SolarPower
Df
Sum Sq
Mean Sq
F value
Pr(>F)
vec.sunset
1 7505598682 7505598682 8942.7052 < 2.2e-16
spot14$spot.dewtemp
1
5736731
5736731
6.8352 0.008953
spot14$spot.enthalpy
1 850207186 850207186 1012.9974 < 2.2e-16
spot14$spot.relhumidity 1 491929761 491929761 586.1202 < 2.2e-16
spot14$spot.temp
1 191106902 191106902 227.6984 < 2.2e-16
Residuals
8753 7346379394
839298
--Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1

***
**
***
***
***
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A.3 Model Diagnostics for Spot Regression
The Normal Q-Q plot is light-tailed (top right) violating the normality condition. The
Scale-Location plot (bottom left) shows that variance of residuals changes whereas the random
variables should have equal variance to satisfy the homoscedasticity condition.

The plot below shows that several of the explanatory variables are correlated, violating
the independence assumption.
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Appendix B
B.1 Demand Shortage Statistics for Runs
Peak Demand Shortage (MW)
Scenario CASE 0: CASE 1:
No
13MW
Addition
Jan-14
11.46
1.31
Jul-14
24.54
11.54
Oct-14
18.60
5.37
Apr-14
15.81
3.36
Total Demand Shortage (MWhr)
Scenario CASE 0: CASE 1:
No
13MW
Addition
Jan-14
2024.97
0.65
Jul-14
6955.98
384.06
Oct-14
2890.83
8.20
Apr-14
2063.49
1.16

CASE 2:
7MW+7MW

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

0.00
10.53
0.74
1.87

0.00
7.10
0.00
2.25

0.31
1.21
0.00
1.68

CASE 2:
7MW+7MW

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

0.13
266.24
0.16
1.16

0.13
72.01
0.10
0.64

0.16
0.39
0.10
0.88

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

0.00
27.20
0.00
0.27

0.03
0.14
0.00
0.40

Maximum Demand Shortage (MWhr)
Scenario CASE 0: CASE 1: CASE 2:
No
13MW
7MW+7MW
Addition
Jan-14
637.45
0.50
0.00
Jul-14
3069.16
68.29
54.76
Oct-14
591.42
7.72
0.06
Apr-14
455.93
0.41
0.67

Percentage of Outages* (%)
Scenario CASE 0: CASE 1: CASE 2:
CASE 3:
CASE 4:
No
13MW
7MW+7MW 9MW+7MW 9MW+9MW
Addition
Jan-14
95.89%
0.09%
0.00%
0.00%
0.01%
Jul-14
98.53%
14.32%
9.46%
3.74%
0.07%
Oct-14
88.86%
0.54%
0.19%
0.16%
0.15%
Apr-14
78.96%
0.38%
0.21%
0.14%
0.14%
*Assuming an ‘outage’ is whenever >=0.01% of total demand remains unsatisfied.

CASE 5:
9MW+7MW
+4MW
0.00
1.01
0.00
1.96

CASE 5:
9MW+7MW
+4MW
0.13
0.24
0.09
0.44

CASE 5:
9MW+7MW
+4MW
0.00
0.08
0.00
0.23

CASE 5:
9MW+7MW
+4MW
0.00%
0.03%
0.14%
0.08%

Peak Overages# (MW)
Scenario CASE 0: CASE 1:
CASE 2:
CASE 3:
CASE 4:
CASE 5:
No
13MW
7MW+7MW 9MW+7MW 9MW+9MW 9MW+7MW
Addition
+4MW
Jan-14
-0.001
-0.001
-0.001
-0.001
-1.724
-0.001
Jul-14
-0.001
-0.001
-0.001
-1.844
-1.282
-1.844
Oct-14
-13.537
-18.372
-19.483
-16.504
-17.666
-15.666
Apr-14
-10.224
-10.998
-9.000
-9.357
-10.998
-8.998
#Assuming an ‘overage’ is whenever power supply exceeds demand. Displayed as a negative number.
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B.2 Tuning the definition of an outage
Outage defined as >=0.1% of total demand remains unsatisfied
Percentage of Outages* (%)
Scenario
CASE 0:
CASE 1:
No
13MW
Addition
Jan-14
95.891%
0.093%

CASE 2:
7MW+7MW

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

CASE 5:
9MW+7MW
+4MW

0.000%

0.000%

0.012%

0.000%

Jul-14

99.525%

14.178%

9.399%

3.692%

0.069%

0.035%

Oct-14

88.796%

0.532%

0.185%

0.162%

0.139%

0.139%

Apr-14

78.762%

0.370%

0.185%

0.127%

0.139%

0.069%

Outage defined as >=0.01% of total demand remains unsatisfied
Percentage of Outages* (%)
Scenario
CASE 0:
CASE 1:
No
13MW
Addition
Jan-14
95.89%
0.09%

CASE 2:
7MW+7MW

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

CASE 5:
9MW+7MW
+4MW

0.00%

0.00%

0.01%

0.00%

Jul-14

98.53%

14.32%

9.46%

3.74%

0.07%

0.03%

Oct-14

88.86%

0.54%

0.19%

0.16%

0.15%

0.14%

Apr-14

78.96%

0.38%

0.21%

0.14%

0.14%

0.08%

Outage defined as >=0.001% of total demand remains unsatisfied
Percentage of Outages* (%)
Scenario
CASE 0:
CASE 1:
No
13MW
Addition
Jan-14
97.50%
36.74%

CASE 2:
7MW+7MW

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

CASE 5:
9MW+7MW
+4MW

35.29%

35.42%

35.91%

35.38%

Jul-14

99.69%

36.26%

32.68%

27.29%

24.27%

24.35%

Oct-14

88.65%

30.43%

30.51%

30.24%

29.66%

29.53%

Apr-14

85.69%

31.60%

30.12%

30.66%

30.34%

31.25%

Outage defined as >=0.0001% of total demand remains unsatisfied
Percentage of Outages* (%)
Scenario
CASE 0:
CASE 1:
No
13MW
Addition
Jan-14
97.50%
51.11%

CASE 2:
7MW+7MW

CASE 3:
9MW+7MW

CASE 4:
9MW+9MW

CASE 5:
9MW+7MW
+4MW

50.20%

50.25%

50.32%

50.17%

Jul-14

99.69%

54.99%

52.67%

49.29%

47.40%

47.77%

Oct-14

88.65%

47.07%

47.26%

46.92%

46.38%

46.39%

Apr-14

85.69%

47.35%

47.67%

48.22%

47.70%

48.44%
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Appendix C
C.1 Method 1: Net Present Cost Calculations
Maximum and Actual Demand in April over 20 years
Table of Inputs:
Cost per capacity (USD/MWh)
(a)
Design Life/payment period (years)
(b)
Discount Rate (%)
Annual Payment (USD/MWh)
(c)
Cost per capacity ($/MW)*
Fuel costs (USD/MWH)
Fixed O&M costs ($/MW-yr)*
Variable O&M costs ($/MWh)
Annual Inflation in Natural Gas prices*

Reference
[46]

Battery

[46]
[46]
[47]
[32]
[48]
[48]

Wartsila engines
200,000
20
10%
80,400

10%
3,608,696
50.18
13000
4
1.00%

* Indicates estimated or assumed.
(a) The system is assumed to be operated only in April each year. The demand satisfied in MWh is considered for 2
runs: an actual run (Actual Demand) and the maximum demand that can be satisfied (Maximum Demand).
(b) For the Wartsila engines only fuel costs and fixed + variable O&M costs are considered for the period of 20 years. .
(c) Total Capital Cost of a Wartsila 6L34DF (de-rated 2300kW) was given as $8,300,000 in the project proposal. It is
assumed the cost per capacity ($/MW) would be similar for the 34DF range of engines.

NPV Calculation Methodology:
Use the inputs above to calculate Net Present Cost of Batteries + Additional Generator Setups in
both Maximum and Actual Demand Scenarios.
1. Sample Battery Calculation for Case 2:
Annual Payment
(1+ r)t
t=20

Cost = Capital Cost + ∑

⎧⎪ 0.71× 80400 0.71× 80400
0.71× 80400 ⎫⎪
= (200,000 × 0.71) + ⎨
+
+ ...
⎬
1
2
(1+ 0.1)
(1+ 0.1)20 ⎭⎪
⎩⎪ (1+ 0.1)

{

}

= 142000 + 51,895 + 47,177 + ...+ 8485 = $627,988

2. Sample Generator Calculation for Case 2 (Maximum Demand):
Fixed O&M + Variable O&M + Fuel
(1+ r)t
t=20

Cost = Capital Cost + ∑

⎧ (13000 × 14) + (4 × 10080) + (50.18 × 10080)
⎫
+ ⎪
⎪
1
(1+
0.1)
⎪
⎪
= (3,608,696 × 14) + ⎨
⎬
(13000
×
14)
+
(4
×
10080)
+
(60.62
×
10080)
⎪...+
⎪
⎪⎩
⎪⎭
(1+ 0.1)20
= 50,521,739 + {661,908 + ...+ 123,873} = $57,014,963

Summing up (1) + (2) gives us the net present cost of $57,642,951.
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Snapshot of Net Present Cost calculations using Method 1:
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C.2 Method 2: LCOE Calculations and Assumptions
Trial 1: Actual Yearly Generation Values obtained from Simulator
Table of Inputs:
Reference
Cost per capacity (USD/MWh)* (a)
Years(b)*
Discount Rate (%)(c)
Annual Payment (USD/MWh)
Overnight Capital Cost ($/MW)*(d)
Fuel costs (USD/MWH)
Fixed O&M costs ($/MW-yr)*
Fixed O&M costs for storage ($/MWh)*
Variable O&M costs ($/MWh)
Annual Inflation in Natural Gas prices*

[46]
[46]
[32]

Battery
956,000 [43]
20
10%
80,400
-

PV Panels #
20
10%
176,200
30,000[49]

Wartsila
engines

Existing
Generator #

20
10%

20
10%

1,500,000[48]
50.18
13,000[48]

50.18
13,000

4[48]
1%[42]

4
1%

10
0

* Indicates assumption that real cost would be close to reference value used.
# Existing PV panel’s and generator’s capital cost is considered a sunk cost.
(a) This cost is obtained from Table B-24 of the DOE/EPRI survey of commercial batteries and is a true commercial
cost.
(b) The simulation is run for the entire year (365 days). The demand satisfied in MWh is the actual MWh output
generated by the simulator in the yearly run.
(c) For 20 years, the following is discounted - Battery: Fixed O&M costs, Generators: Fixed and Variable O&M costs +
Fuel costs, PV: Fixed O&M costs.
(d) We consider capital cost for the existing generator and PV panels to be zero, as these are sunk costs. We use the
same cost for

LCOE Calculation Methodology:
Use the inputs above to calculate Net Present Value of Entire Technological Setup. Divide by
total simulated generation (MWh) for the year.
1. Sample Battery Calculation for Case 2:
Annual Payment + Fixed O&M costs
(1+ r)t
t=20

Cost = Capital Cost + ∑

⎧⎪ (0.71× 80400) + (0.71× 10)
(0.71× 80400) + (0.71× 10) ⎫⎪
= ($956,000 / MWh × 0.71) + ⎨
+ ...+
⎬
1
(1+ 0.1)
(1+ 0.1)20
⎩⎪
⎭⎪

{

}

= 678,760 + 57,090 + ...+ 57,085 = $1,820,500

2. Sample Additional Generation Capacity Calculation for Case 2:
Fixed O&M + Variable O&M + Fuel
(1+ r)t
t=20

Cost = Capital Cost + ∑

⎧ (13000$ MW × 14) + (4$ MWh × 76968) + (50.18$ MWh × 76968) ⎫
+⎪
⎪
(1+ 0.1)1
⎪
⎪
= (14 *1,500,000) + ⎨
⎬
⎪...+ (13000 × 14) + (4 × 76968) + (60.62 × 76968)
⎪
⎪⎩
⎪⎭
(1+ 0.1)20
= 21,000,000 + {3,956,226 + ...+ 766,341} = $60,298,515
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3. Sample Existing Generator Calculation for Case 2:
Fixed O&M + Variable O&M + Fuel
(1+ r)t
t=20

Cost = ∑

⎧ (13000$ MW × 15) + (4$ MWh × 88959) + (50.18$ MWh × 88959) ⎫
+⎪
⎪
(1+ 0.1)1
⎪
⎪
=⎨
⎬
(13000
×
15)
+
(4
×
88959)
+
(60.62
×
88959)
⎪...+
⎪
⎪⎩
⎪⎭
(1+ 0.1)20
= {4,558,627 + ...+ 883,451} = $45,290,306

4. Sample PV Panel Calculation for Case 2:
Fixed O&M + Variable O&M + Fuel
(1+ r)t
t=20

Cost = ∑

⎧ (30,000$ MW × 5) ⎫
+⎪
⎪
(1+ 0.1)1
⎪
⎪
=⎨
⎬
(30,000
×
5)
⎪...+
⎪
⎪⎩
⎪⎭
(1+ 0.1)20
= {136,364 + ...+ 22,297} = $1,277,035

5. Sum up 1 through 4 to obtain total NPV cost for numerator
Total Cost = Battery Cost + Additional Generators Cost + Existing Generator Cost + PV Panel Cost
= $1,820,500 + $60,298,515 + $45,290,306 + $1,277,035
= $108,686,356

6. Divide NPV cost with total generation for all 20 years discounted at the rate 10% (MWh)
Total NPV Cost
Total Generation
$108,686,356
=
= $70.3 / MWh = 7.03cents / kWh
1,545,002 MWh

LCOE =

From 5, we see that the total NPV cost of the additional generators plus the Battery in C2 is
$62.1 million using these financial assumptions and reference data. This is in the ball park of
$57.6 million obtained using Method 1.
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Snapshot of LCOE calculations Trial 1:
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Trial 2: Maximum Possible Energy Generation (Sensitivity Analysis on LCOE)
In step 6 of the LCOE calculation methodology above, if we replace the total generation in the
denominator with 12 months of maximum possible generation discounted each year over a 20
year time period (2,509,628MWh), we obtain:
Total NPV Cost
Total Generation
$150,621,475
$150,621,475
=
=
= $60.28 / MWh = 6.03 cents / kWh
2,509,628MWh 2,509,628MWh

LCOE =

The total NPV cost of the additional generators plus the Battery in C2 is $83.9 million using
these financial assumptions.
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