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Abstract

Incorporation of renewable sources and energy storage can contribute to reduce fuel
consumption in diesel generation-based remote off-grid power systems. This thesis
proposes methodologies for improved management of available generating and storage
resources to reduce costs and emissions and investigates the coordination of energy
management with power management functions essential for stable operation of the
isolated power systems.

Firstly, a test system is developed considering a case of retrofitting an existing diesel
power system with photovoltaic (PV) generation and battery energy storage. A sizing study
conducted using HOMER software with weather and load data for Northern Canada
resulted in a PVV-Diesel-Battery topology with high PV penetration levels. Next, the energy
management functions are developed incrementally in three steps. First, a computationally
efficient energy management system (EMS) is implemented to optimize the system
operation while incorporating multiple operational requirements essential to remote power
systems. Then, a demand response (DR) model that requires minimal bi-directional
interactions and therefore implementable without sophisticated communication
infrastructure is developed and integrated with the EMS. Thirdly, a computationally
efficient two-stage model predictive control process is developed to compensate for
forecast uncertainties. Finally, the power management functions necessary to achieve a
logical real-time operation are implemented and coordinated with the energy management
functions in a hierarchical architecture. Also, an operation evaluation framework is
suggested to assess the viability of the optimum operation routines under dynamic
conditions.

After adding PV and energy storage to an existing diesel-only system and optimizing
the operation with the DR integrated EMS, over 60% cost and emission reductions are
achieved for a representative summer day compared to the diesel-only operation. The cost
and emission reductions achieved for a representative winter day are 31% and 11%,
respectively. During the intra-day operation, the proposed uncertainty management
framework navigates the system judiciously and achieves cost and emission performance

closer to that is obtainable when perfect forecast information is available in a
ii



computationally efficient manner. Numerous tests verify the correct operation of the
proposed power management strategies and the utility of the operation evaluation
framework while demonstrating the importance of coordination of the energy and power

management functions.
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Chapter 1

Introduction

1.1 Background

Many remote communities in the world are still served by off-grid power systems
which rely on diesel as their primary energy resource [1]-[3]. Development of these remote
territories, often characterized with limited accessibility, harsh weather conditions, or
difficult terrains, has been impeded by several economic, environmental, and social
constraints arising from the high reliance on diesel [1]-[3]. Increasing fuel prices and the
adverse effects of increased carbon footprint have shifted the energy policies to favor more
environmentally healthy approaches [4]. Renewable electricity, renewable heat, energy
efficiency measures, and grid connections can be identified as few of the environmentally
friendly pathways for diesel-reduction in these remote power systems [2]. The focus of this
research is on the role of renewable electricity in the diesel reduction progress.

Among the available renewable electricity generation methods, intermittent sources
such as solar photovoltaic (PV) and wind is gradually gaining a higher share over the past
years [2]. When integrated with dispatchable storage technologies, they have emerged as
viable candidates to compete with the conventional diesel-only generation facilities.
However, given the remoteness and harsh weather conditions experienced by these remote
power systems, system planners are advocating the availability of conventional generation
infrastructure such as diesel units to ensure the reliability and continuity of energy supply
[5]-[7]. Hence, the “Hybrid Renewable Energy Systems (HRESS)” discussed in this thesis
will be devised with an energy mix having both conventional and renewable energy

sources. An example of a typical HRES configuration is schematically shown in Figure



Introduction

1.1. The conventional source in remote power systems is typically a diesel plant and the
common renewable sources are solar PV, wind, small-hydro, or biomass generation.
Energy storage is optional and may be integrated with a renewable source such as solar
PV.

AC network
- Loads
Diesel plant > DCbus o vable
X unit
Renewable _ [ Converter [¢—>
unit " ___ | Storage
) unit

Figure 1.1 An example HRES configuration

Integration of significant amounts of intermittent, non-dispatchable, and inverter-
interfaced resources to these smaller and weaker off-grid power systems can impose
several challenges extending from the supervisory-level energy management to the system-
level controls during actual deployment [8], [9]. Failure to properly integrate, manage, and
control the available resources can result in economic losses, increased emissions,
generation curtailment, load shedding, and even eventual infeasibility [9]. Therefore, the
need of energy and power management become imperative to maximize the envisioned
benefits while operating the power system in a secure, reliable, environmentally friendly,
and cost-effective manner.

As the required control functions have different levels of criticalities, often a
hierarchical control architecture is proposed to effectively integrate energy management
and power management strategies to the system operation [10], [11]. A high-level
representation of this control hierarchy is shown in Figure 1.2. The energy and power
management controls are generally deployed to the tertiary (supervisory-level) and
secondary (local-level) control layers, respectively, to provide references for the primary
(unit-level) controls implemented at each system component [10], [12]. The respective
response time scales of different control levels are also indicated on Figure 1.2. Specific
functionalities of the energy management and power management control layers will be

2
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introduced in the following sub-sections while highlighting the identified areas for

improvement.
Tertiary controls Secondary controls Primary controls
(Supervisory-level) (Local-level) (Unit-level)
Energy . Power Diesel || Renewable || Storage
management Optimum management Reference units units units
steady-state commands
time scale: operation plan time scale: time scale:
hours to days seconds to minutes sub-seconds to seconds

Figure 1.2 High-level control architecture of a remote power system

1.2 Energy Management

1.2.1 Energy management systems

To optimally integrate the intermittent renewable resources, specially under high
penetration levels, energy management in both day-ahead and intra-day control horizons
are being explored in the existing studies [9]. This task is further complicated in the
presence of many supply and storage systems with different operational constraints. Once
the load and resource forecasts are obtained, the primary role of a Energy Management
System (EMS) is to attain a quantitative optimality over a pre-specified control horizon by
either minimizing or maximizing a set of quantitative objectives such as cost reduction,
loss reduction, emission reduction, improved utilization of renewable sources etc. [13],
[14]. As shown in Figure 1.2, energy management is usually implemented as a supervisory-
level control function. The existing energy management studies usually deploy
mathematical models and rule-based control algorithms whereas the system variables are
usually represented as averaged values [14]. Such problem formulation methods are
effective in identifying the best candidates from a wide array of possibilities for longer
control horizons, typically expanding hours to days.

While some interesting work has been carried out in this area, there are many more

aspects to explore when deploying them in remote off-grid power systems, especially in
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simplifying the problem formulation and including operational requirements related to

remote power systems.

1.2.2 Integration of demand response strategies

Energy management systems can be combined with Demand Response (DR) strategies
to add value for the energy providers and the consumers by modifying the electricity
demand [15]. DR accommodates judicious interactions between the utility and the
consumers and provides an extra degree of freedom for the energy management task.

When energy management is combined with DR, the accurate estimation of the
modified load curve for a given incentive is crucial in arriving at realistic conclusions.
Therefore, these schemes mostly use smart metering, advanced communication platforms,
and Home Energy Management Systems (HEMSs) as essential technical drivers to estimate
the modified load curve for a contracted incentive [16]-[18]. Also, in contexts where
HEMSs are scarcely available, utility side depends on frequent consumer interactions to
estimate changes to the load curve. Based on the targeted market model, these problems
are mostly formulated as utility maximizations or as cost minimizations. The adopted
solution methodologies highly rely upon the two-way interactive communication process
either performed in day-ahead or intra-day time frames [16], [17].

Although these schemes that require frequent automated or human-in-the-loop bi-
directional communication may work in urban settings, they are too complicated for
practical implementation in a remote community where most of the electricity consumers
fall into the residential category. Moreover, the investment on advanced control
architecture in individual households may not be justifiable considering the limited load
options available to participate in DR schemes both in variety and magnitude. If a DR
scheme is underway, relying upon an automated HEMS is problematic due to lack of
infrastructure and consumer unfamiliarity with the technology. A system that relies on the
personal judgement to schedule their shiftable loads has more likelihood of succeeding in
a remote community setting. In this context, utility side has to depend on frequent
consumer interactions to estimate changes to the load curve. But, given the remoteness,

atypical occupations of inhabitants, and possible harsh weather conditions, it is implausible
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to expect the consumers in these remote communities to actively participate in an
interactive process throughout the day.

Therefore, to realize the demand responsiveness of electricity consumers in a remote
community lacking the infrastructure and consumer sophistication, a pathway that avoids

intensive bi-directional communication is desirable.

1.2.3 Uncertainty management

The conventional operation optimization platforms adopted in the EMSs use a
deterministic framework either in a day-ahead or an intra-day time frame [5], [19], [20].
Deterministic optimization strategies solve the underlying problem while assuming load
and resource forecasts will hold for a given time horizon. However, when the control
horizon progresses in real-time, the adopted certainty equivalence could make the EMS
vulnerable towards unforeseen deviations occurring in the predicted load curve and the
meteorological data. Such deviations can be critical when small and/or weaker power
systems are integrated with high amounts of intermittent renewable energy like solar. Also,
in cases where the energy management frameworks are unified with DR strategies, the
consumer behavioural patterns add further uncertainty to the temporal power system
demand. In addition, the remote power systems rely on past generation log data and
historical meteorological data collected through distant weather stations in generating the
forecasts, which further increases the associated uncertainty. Therefore, it is imperative to
employ the EMSs with proper uncertainty management strategies to achieve the optimum
scheduling of resources in a cost-effective, reliable, and safe manner.

Techniques employed in the academic literature to address the uncertainty issues in
optimal multi-resource scheduling can be mainly categorized under robust optimization
[21], closely-tracked deterministic optimization [22], stochastic optimization [23], [24],
and chance-constrained optimization [25]. In the reviewed literature, the individual
deployment of these approaches has resulted in several drawbacks such as computationally
intractable solutions, inaccurate representation of the uncertainty spectrum, devising rather
pessimistic and cost-prohibitive resource handling options etc. [12], [26]-[30]. Limited

number of studies have proposed multi-layered and/or hybrid uncertainty management
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methods to minimize the drawbacks of these individual approaches and to maximize
computational feasibility, accuracy, robustness, and cost-effectiveness of multi-resource
scheduling. These multi-layered and/or hybrid methodologies can be further improved
while considering the operational requirements pertaining to remote off-grid power
systems. Reduced dependency on frequently updated forecasts, feasibility to implement
corrective control actions during actual deployment, simplicity, and absence of potential

convergence issues can be highlighted as the identified areas for improvement.

1.3 Power Management

In contrast to EMSs, Power Management Systems (PMSs) operate in shorter time
scales and prioritize in achieving a logical system operation within the imposed operational
limits of the system and individual equipment [31]. As shown in Figure 1.2, power
management is usually deployed as a secondary control function.

In studies focusing on secondary-level controls, emphasis is on achieving the dynamic
stability through proper deployment of lower-level control functions (seamless transfer
[32], voltage and frequency compensation [33], [34] etc.). In addition to such controls,
power management of system components in a shorter time range is desired to effectively
deploy the energy management set-points to the unit-level controls. Although operational
strategies for interconnected power systems are well established, power management
controls used in isolated HRESs must be envisioned based on the adopted energy resources,
and operation requirements of individual equipment [35]. Also, the employed power
management strategies must be able to integrate the reference commands derived by the
upper-level energy management layer to the unit-level controls in a maximally permissive
manner while only adapting to dynamic limitations with minimum required adjustments.
Although power management and energy management strategies have been discussed
before in their individual context, only few studies have focused on achieving a closely
coordinated operation framework for the two control layers to ensure an optimal and logical

operational trajectory.
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1.4 Operation Evaluation

Most of the EMSs targeting longer (typically expanding hours to days) control
horizons have introduced some form of simplification in the system representation to
provide a computationally tractable dispatch solution. The simplified problem formulation
is effective in identifying the best candidates from a wide array of possibilities [14].
However, the applicability of such dispatch commands and the competence of the
underlying lower-level controls to navigate the suggested operational trajectory must be
evaluated considering an accurate representation of the system and control layers [20]. To
complete this dynamic performance validation, the need of a sophisticated Electromagnetic
Transients (EMT) type simulation model becomes indispensable [36]. Also, such
simulation models can be used to identify and verify necessary remedial actions for specific
violation-prone events (zero-inertia grid forming, mode transitions, reactive power
regulation, operating reserve violations, oscillation phenomenon, etc.) which would not

have been revealed through the analysis of a steady state dispatch solution.

1.5 Problem Definition

Although the research on interconnected microgrids have shown a significant progress
over the past decade, many issues remain unresolved or insufficiently discussed in the
context of remote off-grid power systems as detailed in Section 1.2 to Section 1.4.

Although energy management is a well-researched and established subject area,
improvements can be made in the problem formulation to combine several operational
requirements related to remote power systems. Also, simplification of the basic operation
optimization problem structure is desired to achieve effortless integration with other
supervisory-level decision support systems.

The intended benefits can be further maximized when the EMSs are integrated with
DR strategies. However, due to complexities associated with practical implementation of
automated or human-in-the-loop bi-directional communication schemes, quantification of
the consumer demand responsiveness has become a difficult task in the context of remote

power systems. Therefore, there is a dearth of research that focus on an overall framework
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where a DR scheme can be integrated with an EMS via utilizing a simplified
communication platform with minimal consumer interactions.

Uncertainty management was also identified as an area for improvement in the context
of remote off-grid power systems. The uncertainty management techniques used in the
existing multi-resource scheduling studies are either computationally exhaustive or depend
on frequently updated system conditions and/or forecasts.

During actual deployment, a coordinated control approach is required to integrate the
reference commands derived through energy management strategies to the unit-level
controls via the proper employment of power management strategies. Also, it is imperative
to confirm whether the derived operation plan meets the logical criteria in maintaining a
stable system operation. Therefore, close coordination and performance verification of the
energy management and power management control layers is required to facilitate an
optimized and logical operation trajectory. Although microgrid control is a highly
researched topic, relatively few studies have addressed this specific issue.

1.6 Research Objectives and Scope

1.6.1 Objectives

The main goal of the proposed research is to develop appropriate models and
methodologies to implement the energy and power management functions to optimize the
operation of a remote off-grid HRES in terms of the operating costs and emissions while
ensuring logical operation of the power system respecting both steady state and dynamic
capabilities of individual equipment and the system as a whole. To achieve the main goal
of this research, the following sub-objectives are proposed:

a) Development of a realistic test system for investigation of energy and power
management algorithms.

b) Development of a computationally efficient operation optimization strategy to
minimize operating costs and emissions while accommodating power system

operational requirements related to remote off-grid HRESs.
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c) Development of a DR estimation methodology less reliant on frequent two-way
interactions and advanced communication platforms.

d) Development of a DR integrated day-ahead energy management framework by
utilizing strategies developed in (b) and (c) to further maximize the intended benefits
of operation optimization.

e) Development of a computationally efficient uncertainty management strategy which is
less reliant on frequent forecast updates to maintain an optimal intra-day operation
trajectory under deviations of load and resource profiles from the forecasts.

f) Development of power management strategies and coordinating them with energy
management functions to follow an optimum operation trajectory while ensuring a
logical system operation within the dynamic limitations of individual equipment and
the overall system.

g) Development of an EMT simulation-based operation evaluation framework to assess
the applicability of the derived optimum operation routines as well as to verify the
competence of the lower-level controls.

The outcomes of the research are expected to contribute to reduce, optimize, or replace
diesel-based generation with renewable sources while; increasing carbon-free generation
capacity; promoting local energy resources; reducing system and customer energy costs;

and enhancing power system energy security.

1.6.2 Scope

This thesis only focusses on the role of renewable electricity in contributing to the
diesel reduction progress in remote communities. Therefore, other diesel reduction
measures such as renewable heat and energy efficiency improvements are considered out
of the scope. Among the renewable electricity generation methods, intermittent renewable
sources such as solar PV has gained a higher energy share in the remote off-grid power
systems over the past years [2]. Therefore, energy and power management methodologies
will be developed focusing on the solar PV integration to these remote power systems.

In the energy management phase, main focus is on research areas such as operation

optimization, DR integration, and uncertainty management. Therefore, load and solar
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forecasting is considered out of the scope. Developed energy management controls will be
demonstrated using historical data to represent the forecasts. Also, it is assumed that the
existing diesel-only systems in these remote power systems can operate with high
reliability and availability [2], [3], [7]. Therefore, unscheduled maintenance of diesel
generators will not be considered.

In the power management and operation evaluation phase, focus is on achieving close
coordination and performance verification between the energy and power management
controls. Therefore, primary (unit-level) controls will be implemented using generic well-

established methods and improvements to primary controls is considered out of the scope.

1.7 Thesis Overview

Chapter 1 provides the introduction giving the necessary background, objectives,
scope, and organization of this thesis. The next five chapters address one or more objectives
of the thesis as shown in Figure 1.3: Objective (a) is addressed in Chapter 2; Objective (b)
is addressed in Chapter 3; Objectives (c) and (d) are addressed in Chapter 4; Objective (e)
is addressed in Chapter 5; and Objectives (f) and (g) are addressed in Chapter 6. Each
chapter consists of a focused literature review pertaining to the context addressed in it, and
therefore the thesis does not contain a separate chapter dedicated for reviewing the
literature, except for the overall background provided in Chapter 1. Contents of each

chapter represent a major publication or a combination of several publications.
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Figure 1.3 Flow of the thesis

Chapter 2 addresses the first objective of the thesis by developing a realistic test system
to investigate the models and methodologies developed in the next four chapters.

The energy management control layer will be developed incrementally, starting with
the formulation of an operational optimization scheme in Chapter 3. Next, in Chapter 4, a
demand response estimation technique will be developed and integrated with operation
optimization system from Chapter 3 to devise a DR integrated energy management scheme.
In Chapter 5, an uncertainty management scheme will be developed to manage forecast
uncertainties in the overall energy management layer. This energy management phase will
eventually output a candidate optimum operation plan.

Next, to obtain an optimum and logical system operation, power management strategies
will be developed and coordinated with the previously developed energy management
functions in a hierarchical architecture in Chapter 6. Also, the developed lower-level
control functions will be assessed in an EMT simulation-based operation evaluation
framework to verify the applicability of the derived operation routines and to apply proper
modifications to the energy managements set-points when required. Chapter 6 will provide
a validated operation plan.

Chapter 7 presents the conclusions, main contributions, and future directions of the

research.
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Chapter 2

Development of a Test System for Energy

and Power Management Studies

2.1 Introduction

In this chapter, an example of a remote HRES is developed to test and demonstrate the
models and methodologies formulated in Chapter 3 to Chapter 6. The scope of this study
is limited to retrofitting an existing diesel-only system by adding solar PV with or without
battery energy storage. The resulting PV-Diesel and PV-Diesel-Battery test system
configurations are sized using HOMER software under low, medium, and high PV
penetration levels. Recommended test system is chosen considering costs, emissions, and
reliability impacts of adding intermittent PV generation and battery storage to the existing

diesel-based power systems.

2.2 Background and Literature Review

The design and assessment of HRES configurations dwell upon several factors. Among
them, intermittent nature of renewable sources such as solar, climatic conditions, nonlinear
response of system components, cost of equipment and sources, environmental risks etc.
have made it a challenging task [37].

There are many techniques employed for sizing of HRES configurations. The simplest
adopted technique involves the incorporation of worst-case scenarios [37]. Irrespective of
the very low computational burden, systems designed using this method tends to be usually
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oversized due to the low occurrence probability of the considered worst-cases. Therefore,
incorporation of long time series data is preferred when sizing the power systems consisting
of intermittent renewable energy sources [38]. To process the time series data considering
a pre-defined set of objectives, several approaches have been explored, which can be
primarily categorised into probabilistic, analytical, iterative, and hybrid methods [37].
Probabilistic methods, being the simplest of sizing techniques only take indicators such as
loss of power supply probability and expected energy not served to assess the system
performance after the construction of risk models. Due to less details involved both in
modelling and assessment, these techniques are not considered to be highly accurate [37].
Iterative methods use a recursive assessment framework to find the best configuration.
Recursive assessment is done by deploying optimization frameworks namely, Genetic
Algorithm (GA), Particle Swarm Optimization (PSO) etc. Analytical methods use
computational models to analyse the system performance for several system architectures
in different sizing scales based on multiple performance indices. In the literature, such
analytic assessments are conducted using either computer tools or numerical
approximations of the system components. Evaluation of design options for variety of
applications has been facilitated by simulation tools such as Hybrid Optimization Model
for Electric Renewables (HOMER), RETScreen, HYBRID2, General Algebraic Modeling
System (GAMS), TRNSYS, Remote Area Power Supply Simulator (RAPSIM), SOMES,
INSEL etc. [39], [40].

Several sizing and assessment studies of off-grid HRES projects can be found in the
literature. The remote off-grid sites considered in these studies are located all over the
world: North-America [3], [41], Europe [42], Africa [43], Middle-East [44], [45], Asia
[46], [47], and Australia [48]. Although the adopted design objectives and conclusions are
highly case-specific, the reviewed literature provide valuable information on sizing and
assessment of HRESs. HOMER as a simulation platform appears repeatedly in these
studies confirming its competence in effectively handling large time series data associated
with design and performance evaluation of HRESs [37]. Also, the availability of
commercial equipment models, data sheets, cost data, and the integrated meteorological
data makes HOMER an attractive tool for accurate configuration of the system components

and the associated resources.
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2.3 Test System Development

The test system was developed following the procedure discussed in the following sub-

sections.

2.3.1 Formulation of planning objectives

As the first step of the design and assessment process, the issues of the existing power
system which are expected to be either resolved or improved through the renewable
addition is identified [38]. For remote off-grid power systems energized by diesel-based
generation facilities, these objectives generally include increasing renewable generation
capacity, reducing cost of energy supply, optimizing operation routine of the existing diesel

generators, achieving a sustainable energy portfolio etc.

2.3.2 Setting-up candidate schemes and sizing

Candidate schemes, such as PV-Diesel and PV-Diesel-Battery, were considered in this
study under low, medium, and high PV penetration scenarios.

For each candidate scheme, the newly added components sizes were determined using
HOMER. HOMER takes Net Present Cost (NPC) as the basic assessment criteria in its
grid-search algorithm. By simulating all possible configurations (derived pertaining to an
user-defined search space), it determines the system configuration that meets the demand
while satisfying the user-defined constraints at the lowest NPC as depicted in Figure 2.1
[42]. In Figure 2.1, NPC" is the NPC of the n" system, NPC%®™ js the NPC of the last

recorded optimum system, and N is the number of derived configurations.
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Figure 2.1 HOMER grid search algorithm

As this grid search selects the best system using NPC, system constraints and penalties
can be incorporated as indirect measures to account for the reliability and environmental
factors. Environmental factors can be indirectly considered by imposing penalties on the
system emissions. To improve system reliability impacts due to integration of intermittent
renewable sources, constraints can be applied on the annual capacity shortage to eliminate

candidate configurations with capacity shortages more than a pre-specified value. Capacity
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shortage is an indication of the system’s inability to support the required operating
capacity, including the system demand and the user-defined operating reserve. Operating
reserve is the surplus operating capacity provided by the dispatchable sources such as diesel
and battery units in operation. Therefore, it acts as a safety margin to compensate for the
variations occurring in load and intermittent resources during actual operation. Usually, the
required minimum operating reserve is defined as a weighted sum of the system demand,
renewable resource outputs as well as the annual system peak demand as described in [3].
The selection of these weighting factors depends on the reliability requirements and
uncertainties associated with the power system of choice as well as the intra-time-step
variations associated with loads and resources [27].

HOMER by default runs the simulation for the first year and then extrapolates the
results over the rest of the project life. Although this approach would result in a reduced
computational burden, it deprives the user to account for the variations occurring in
important system parameters during the planning period. Alternative method would be to
use the HOMER Multiyear module. Through this approach, the important temporal
variations occurring in critical system parameters can be incorporated in the result
improving its credibility.

Also, it is worth mentioning that the sizing of the system configuration following this
approach does not indicate that the selected system would perfectly match the expectations
of the power system planner. It must be followed with series of power flow and short circuit
calculations as well as security and stability analysis to ensure that the selected optimum
system meets the standard grid codes and the stability criteria [38]. However, this step is
considered out of the scope as the current study focuses only on providing a quantitative

justification of the designed system performance over the considered project lifetime.

2.3.3 Evaluation and comparison of candidate schemes

After finalizing the system configuration under each candidate architecture, they will
be assessed with reference to the existing diesel-only system using the economic,

environmental, and reliability criteria related outputs available through HOMER.
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The economic performance will be evaluated using both intrinsic and extrinsic
parameters. Intrinsic parameters like NPC and Levelized Cost of Electricity (LCOE) assess
the project independent of other alternatives. Extrinsic economic parameters such as Return
on Investment (ROI), Internal Rate of Return (IRR), and Simple Payback Period (SPP)
measure the associate performance between a given system and a predefined base case
system.

CO:2 emissions and the Renewable Fraction (RF) as given by (2.1) are used to assess
the environmental performance.

nonrenewable electrical energy production

RF =1- 2.1
Electricity load served 21)

Unmet electric load and capacity shortage were also observed to assess the capability
to maintain a reliable operation after integrating intermittent renewable sources with or

without battery storage.

2.4 Study System Background and Data Inputs

2.4.1 Study site and existing diesel-only power system

The hypothetical off-grid community example used in this study is modeled
considering the typical characteristics of an isolated community in Northern Manitoba,
Canada. This remote community is considered only accessible using small aircrafts, except
when the winter roads are in operation. Typically, the winter roads operate only for one or
two months in a year, therefore supplies for the entire year is transported and stored during
this period.

For the considered study site, winter season has an elevated demand in comparison to
summer. The annual demand of this community is around 2600 MWh and the average load
is around 300 kW. The electric load does not reflect the heating/cooling energy demand
due to the prevailing restrictions to use electricity for space heating/cooling applications.
Often, this energy requirement is met either through wooden or oil furnaces. Therefore,
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assuming no change in supply, current projections for annual load growth was assumed to
be around 2% for this community.

The electrical power system incorporates a stand-alone diesel generating facility
isolated from the transmission grid. The diesel plant consists of two diesel generators rated
at 400 kW and 800 kW. An additional 400 kW generator remains as a back-up to be used
in case one of the generators fails, since the delivery of spare parts and repair crews could
take time. This type of configuration is typical for off-grid power systems in Northern
Canada, and to ensure high reliability, million of litres of diesel are being shipped to these
Northern communities every year [7]. Transportation of diesel is mostly done over winter
roads which is costly and hazardous to both people and environment. Moreover, diesel
storage facilities deployed in these settlements are susceptible to fuel tank leaks which can
cause significant environmental damage by contaminating soil and groundwater. The
highest impact to the environment is caused through the burning of large amount of diesel

which contributes significantly to greenhouse gas emissions [3].

2.4.2 Data inputs

All the results were computed using HOMER Pro version 3.10. HOMER does not
model electrical transients and other dynamic effects which requires a very small time-
step. Therefore, an hourly time-step was used to adequately capture the important statistical
aspects prevailing in the load and intermittent sources. This time-step also serves in
reducing the computational burden of the optimization task. The main data used in
modelling the system components are given in Appendix A, and the important aspects of
input data are discussed below.

Solar irradiance data was obtained through the NASA surface meteorology and solar
energy database for the considered study site [49]. The monthly averaged daily global solar
irradiation levels for this site are shown in Figure 2.2 along with the average clearness

index for each month.

18



Test System Development

Daily Radiation (kWh/m2/day)

© © © © © o o o =

N w » 3] (-] ~ (-] ©
Clearness Index

o
=

o

jan feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure 2.2 Global solar irradiation level

Also, following a preliminary Battery Energy Storage System (BESS) selection
process, Li-ion was selected as the preferred battery technology for the study site [50].

To improve reliability, configurations with capacity shortages more than 0.01% were
eliminated. A minimum operating reserve was defined as a weighted sum of the current
time-step load demand, current time-step solar power output, and the annual peak demand
whereas the corresponding weights were defined as 0.1, 0.4, and 0.05, respectively.

This study uses a project lifetime of 20 years. Canadian Dollar (C$) is used as the
currency for all cost figures. A nominal discount rate of 6% and an expected inflation rate
of 2% was considered [3], [7], [41], [51]. The landed cost of diesel was taken as 1.1 C$/litre
subjected to a fuel price escalation rate of 1%. This was the wholesale market (rack) price
in Winnipeg, Manitoba inclusive of a transportation cost of 0.24 C$/litre and other
applicable discounts during the year of 2018. In addition, a penalty cost of 25 C$/tonne
was imposed on the CO2 emissions.

The three main cost figures used in modelling each system component and their
lifetimes can be found in Table 2.1. Capital cost is the total installed cost of the component
at the beginning of its lifetime. This mainly includes costs incurred for permits, purchasing,
installation, and labor. As the existing diesel generators require no capital investment, their

capital cost was taken as zero [42], [52]. Given the remoteness of the considered site, the
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installation and labor costs for PV, converter, and battery were assumed to be significantly
high compared to other parts of Canada as reflected in their capital costs. Operation and
Maintenance (O&M) accounts for the costs associated with operating and maintaining a
specific component and excludes the fuel cost. HOMER calculates fuel cost separately.
The renewable addition accounts for reduced O&M costs as given in Table 2.1. However,
O&M cost of the diesel plant was assumed considerably high given the maintenance
requirements associated with diesel storage facilities as well as the high-priced material
and labor cost prevailing in these remote areas. The replacement cost is incurred at the end

of a component lifetime.

Table 2.1 Costs and lifetimes of system components

Lifetime Capital cost O&M cost Replacement cost
Solar array 25 years 6000 C$/KW | 25 C$/kW/year 6000 C$/kW
Converter 15 years 1000 C$/kW - 1000 C$/kW
Diesel generators 90,000 hours 0 C$/kW 60 C$/ hour 2500 C$/kW
Battery 6000 cycle life ) ) )
) - 7000 C$/unit | 10 C$/unit/year 7000 C$/unit
(Chemistry: Liion) | @ 100% DOD

2.5 Results and Discussions

2.5.1 Planning objectives

The objectives for the current study were formulated by first assessing the performance
of the existing diesel-only power system. The operation of the two diesel generators was
simulated in HOMER for the considered project lifetime. The results revealed a high LCOE
of 0.5146 C$/kWh along with considerably elevated amounts of emissions associated with
the diesel-only operation. No capacity shortages or unmet electric loads were detected
during the project lifetime. However, the increased reliance on diesel-based electricity
production will impose several constraints on its economic and environmental performance
if the diesel-only operation were to be continued in the future. Moreover, emergencies like

interruptions to the diesel supply chains and unexpected blackouts can increase energy
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insecurity. Also, having the option of locally available resources bolster the ability of this
power system to respond towards volatile and unpredictable market price fluctuations.
Also, considering various environmental costs associated with the operation and
maintenance of a diesel facility and diesel fuel transportation through winter roads, the
need of integrating renewable generation got further heightened.

Thus, in the study that follows, it was expected to find the best retrofit for the existing
diesel-only power system to enhance the economic and environmental performance while

maintaining its reliability.

2.5.2 Candidate schemes and sizing

To retrofit the existing diesel-only system (Figure 2.3(a)), two electrical system
architectures were investigated namely, 1) PV-Diesel, and 2) PV-Diesel-Battery as shown
in Figure 2.3(b)-(c), respectively. For each candidate architecture, three scenarios were
defined under low, medium, and high PV penetration levels. The newly added component
sizes under each architecture were found using HOMER as detailed in Section 2.3.2.

AC Busbar

Diesel Station —leIectricaI Loads»
| 800 kW I .

| 400 kW i >

=

i 400kw |—

(a) Existing Diesel-only case
AC Busbar DC Busbar AC Busbar DC Busbar
Diesel Station —DlEIectricaI Loads » Diesel Station —-lEIectricaI Loads »
Battery

Solar

Bank
| 800 kW I | Array | 800 kW I
[roow L Converer | s [T cenverter

o o Solar
L 400 kW -: L 400 kW -: [+ Array

--------------

(b) PV-Diesel case (c) PV-Diesel-Battery case

Figure 2.3 Different power system architecture: (a) Existing power system (Base case),

(b) PV-Diesel system, and (c) PV-Diesel-Battery system
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2.5.2.1. PV-Diesel case
The search spaces used for the three scenarios are given in Table 2.2. The system
configurations with the lowest NPC were located at the lower bound of the defined search

spaces for the low, medium, and high solar penetration scenarios as showed in Table 2.3.

Table 2.2 Search space for PV-Diesel case

PV Penetration Scenario
Component i i
S1 (Low) S2 (Medium) S3 (High)
Diesel 800 kW With or without 800 kW
Generators 400 kW With or without 400 kW
Range [kW] 25-200 200 — 400 400 - 700
Solar PV
Step [kKW/step] 25 25 25
Range [kW] 25— 250 150 — 450 350 — 750
Converter
Step [kKW/step] 25 25 25

Table 2.3 PV-Diesel system with the lowest NPC as estimated by HOMER

PV Penetration Scenario

Component

S1 (Low) S2 (Medium) S3 (High)
_ 800 800 800
Diesel Generators [kKW]
400 400 400
Solar PV [kW] 25 200 400
Converter [kW] 25 150 350

25.2.2. PV-Diesel-Battery case

The three scenarios defined in the PV-Diesel case were considered again with the
addition of storage. To determine the method of charging the battery storage, the HOMER
grid search algorithm also considers the dispatch strategy as a decision variable in this
architecture. Two dispatch strategies were considered namely, Load Following (LF) and
Cycle Charging (CC). Under CC, both diesel generators and renewable sources were
committed to charge the battery bank whereas under the LF strategy only renewable
sources were committed to charge the battery bank. The search spaces defined for each
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scenario is given in Table 2.4 whereas the system configurations with the lowest NPC is
shown in Table 2.5. For S1, the PV array and converter size for the system configuration
with lowest NPC was located near the lower limit of the given search space. PV array was
sized around the upper limit for S2 and in the middle range for S3. The battery storage also
showed an elevated usage for the last two scenarios. Converter sizes were located at higher

values to facilitate the battery operation as well as the increased solar penetration.

Table 2.4 Search space for PV-Diesel-Battery case

PV Penetration Scenario
Component i i
S1 (Low) S2 (Medium) S3 (High)
Diesel 800 kW With or without 800 kW
Generators 400 kW With or without 400 kW
Range [kW] 25-200 200 — 400 400 — 700
Solar PV
Step [kKW/step] 25 25 25
Range [KW] 25250 150 — 450 350 — 750
Converter
Step [kKW/step] 25 25 25
Range [units] 0-50 0-150 0-200
Battery i
Step [units/step] 10 10 10
Dispatch LFor CC

Table 2.5 PV-Diesel-Battery system with the lowest NPC as estimated by HOMER

Component PV Penetration Scenario
S1 (Low) S2 (Medium) S3 (High)

Diesel 800 800 800

Generators [kW] 400 400 400

Solar PV [kW] 25 400 625

Converter [kW] 25 450 600
Battery 10 units (76 kWh) | 110 units (836 kWh) | 120 units (912 kwWh)

Dispatch LF CC CcC
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2.5.3 Comparison and assessment

The existing diesel-only system was benchmarked to serve as a Base case. The
performance of the system configurations as selected through HOMER was assessed and
compared with that of the Base case system as shown in Table 2.6 under the criteria defined
in Section 2.3.3.

Table 2.6 Results comparison

Base PV-Diesel PV-Diesel-Battery
case Sl S2 S3 S1 S2 S3
LCOE [C$/kWh] 0.5146 0.5158 0.5235 0.5468 0.5167 0.5235 | 0.5121
NPC [C$] 21.31M 21.36M 21.68M 22.65M 21.40M 21.68M 21.21M
ROI [%] - 0.2 0.5 -1.1 0.2 1.8 2.8
IRR [%] - 1.3 0.9 N/A 0.5 2.9 4.1
SPP [years] - 18.0 18.2 18.9 18.1 18.5 16.1

CO; emissions during
project life [Mt]

0.0444 | 0.0441 | 0.0405 | 0.0388 | 0.0440 | 0.0382 | 0.0346

RF [%] 0 0.93 7.76 14.7 0.94 13.4 20.8
Unmet load [kW] 0 0 0 0 0 0 0
Unmet capacity [KW] 0 0 0 0 0 0 0

The system configurations found for the PV-Diesel case under low, medium, and high
renewable penetration levels accounted for high economic costs with respect to the Base
case operation. Also, with increasing renewable penetration levels, the associate economic
performance of this topology further got deteriorated as presented in Table 2.6. Also, for
the extrinsic economic parameters to make sense, the selected Base case system should
have a comparatively lower initial capital value and a higher operating cost than the
selected system. Violation of this criteria (indicated as ‘“N/A”) was detected when
calculating IRR for S3 of the PV-Diesel case. As PV is non-dispatchable, at least one
diesel-unit has to be in operation to supply the required minimum operating reserve in a
PV-Diesel power system. This lowers the achievable economic benefits even with higher
PV penetration levels. Such technical constraints make it harder for the PV-Diesel topology
to recover the associated high capital costs. Thus, this topology was considered
unsatisfactory in achieving the design objectives for the considered study case.
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The economic indices suggested no enhancement of economic performance for S1 of
the PV-Diesel-Battery case. When increasing the PV penetration level and storage
capacity, the PV-Diesel-Battery topology gained gradual enhancement in its associate
economic performance with the Base case. Therefore, at increased penetration levels, when
integrated with storage, the lower operating costs associated with renewables have gained
the maximum advantage when deciding the system configuration. Converter size has also
played a decisive task by facilitating the bi-directional energy transfer occurring between
AC/DC buses. CC dispatch strategy was selected for the last two scenarios where both
renewable generation and the diesel generators were used to charge the batteries. While
extracting the excess renewable capacity, this control strategy allowed the diesel generators
to achieve higher loading levels. The gradual reduction of greenhouse gas emissions in
each scenario compared to the Base case operation heightens the environmental
performance associated with the PV-Diesel-Battery topology. Among the three scenarios,
S3 accounted for the lowest LCOE with 0.5% reduction to that of the diesel-only operation.
For a renewable fraction of 21%, expected fuel savings are estimated to be around 22%
with respect to the existing configuration.

Based on the overall analysis, PV-Diesel-Battery topology as suggested in S3 under
high PV penetration levels would be a favourable alternative to the existing diesel facility
and can be selected as the preferred test system to demonstrate the energy and power
management algorithms developed in the following chapters. High environmental benefits
were seen at reduced emission levels while providing a competitive economic performance
to that of the Base case system. System reliability was also maintained comparable to the
Base case system. Extrinsic economic indices assessing the economic performance of the
selected HRES related to the Base case system also predicted positive return, although at
lower rates. This observation is primarily influenced by the elevated capital costs
associated with renewable integration at the selected remote location.

However, it must be noted that this study was primarily driven as a cost problem and
externalities like environmental and legislative regulations were not directly accounted
other than the carbon penalty price. It also excludes costs incurred due to spillage and
emissions during the fuel transportation as well as soil and ground water contamination

occurring inside diesel storage facilities. However, if those indirect costs were to be
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accounted, the actual performance of the proposed HRES configuration would be much
greater than that determined through this analysis. Also, with projected cost reductions in
solar PV arrays, batteries, and converters, incorporation of renewable alternatives in off-

grid power systems will gain increased momentum.

2.6 Concluding Remarks

This chapter presented the steps followed to design a realistic test system for the
investigation of energy and power management algorithms developed in this thesis.

Electrical system architectures such as PV-Diesel and PV-Diesel-Battery were
examined in HOMER software to find the best retrofit for a hypothetical diesel-only
facility, while incorporating gradually increasing renewable penetration scenarios.
Maximization of environmental benefits was identified at high solar penetration levels and
increased battery and converter capacities in the PV-Diesel-Battery case. Under such
conditions, the intrinsic economic indices remained competitive to the Base case scenario
and extrinsic economic indices also predicted positive return, although at lower rates.

According to the overall analysis, the system configuration as derived under the PV-
diesel-battery topology at high renewable penetration levels was selected as the preferred
test system configuration.
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Chapter 3

A Supervisory-level Operation Optimization

Framework for Remote Power Systems

3.1 Introduction

In the presence of a hybrid architecture involving conventional generation, intermittent
renewable generation and energy storage systems, deployment of an energy management
system with an effective short-term operation optimization framework is imperative to
enable efficient utilization of resources to achieve economic and environment goals. An
EMS generates a short-term operational plan over a specified time horizon, which could
extend from several hours to several days, and typically consists of a unit commitment and
generation dispatch plan derived based on the forecasts of loads and generation resources.

Development of the energy management control functions is started in this chapter by
formulating an operation optimization framework to derive the optimum power system
operation plan with minimum costs and emissions over a user-defined control horizon.
While energy management algorithms for isolated HRESs have been proposed before, an
improved optimization problem formulation that achieves better computational efficiency
is proposed in this chapter. This feature enables it to be efficiently integrated with other
supervisory-level decision support applications such as DR integration and uncertainty
management as that will be discussed in Chapter 4 and Chapter 5, respectively. Also, as a
novel feature, in addition to minimizing operational costs and emissions, various

operational requirements related to HRESs such as achieving optimized schedule for the
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diesel generators with reduced start-stop cycles, reducing battery degradation, and

minimizing energy spillage is addressed through the problem formulation.

3.2 Background and Literature Review

Once the load and resource forecasts are established, the objective of an operation
optimization framework is to generate the power system operation plan while
minimizing/maximizing a pre-defined objective or objectives. The derived operation plan
includes the unit commitment and dispatch commands for the available dispatchable
energy sources. A clear distinction can be identified between the centralized and
decentralized methods as an implementation architecture for the operation optimization
frameworks [53]. Given the high-level of coordination and critical demand supply balance
required by isolated power systems, centralized architectures are usually preferred at the
cost of reduced autonomy of Distributed Energy Resources (DERs) [26].

Usually, the optimum operation plan includes a set of operating points for the
dispatchable energy resources. These set-points characterize the deployed objective
function as well as the underlying optimization problem. For instance, continuous and/or
discrete set-points result in a real, mixed integer or integer optimization problems,
respectively [53]. According to [13], [14], the primary objectives targeting standalone
systems include operation cost reduction, emission reduction, increased utilization of
renewable sources, increased system stability etc. Also, when determining the optimal
energy management, useful energy available from primary energy sources, associated
operating costs, project economics, State of Charge (SOC) of storage devices, lifetime of
components, and number of start-ups for generators are detailed as the critical parameters
[9]. The deployed control functions do not consider the transient behaviour corresponding
to fast system dynamics allowing the system operator to arrive at a steady state assumption
on the system behaviour without much loss of accuracy [12].

Several authors have discussed the optimal operation of HRESs for standalone power
generation [53]. In [54], authors have devised a operation optimization framework based
on linear programming, equipped with a trust region. Every device is considered as a unit

that can generate or absorb power within the imposed constraints whereas the objective
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function comprises costs, penalties, and revenues. The optimization problem is devised in
a generalized manner where the specific characteristics of individual resources are loosely
integrated. In [55], authors have formulated a dispatch strategy for a PVV-Diesel-Battery
system based on set-point values of the system load and battery SOC to achieve lowered
system costs. The results obtained under the proposed optimum plan has been compared
with two other dispatch strategies. In [56], an optimal EMS is proposed for a standalone
PV-Diesel-Battery application using the load-following dispatch strategy. The energy
flows are discussed considering the impact of weekday, weekend, and seasonal changes in
demand. In [5], the optimal operation plan is derived for a PV-Diesel-Battery power system
to minimize the overall operation cost. The results are presented for two separate control
strategies involving “continuous” and “ON/OFF” operation of the diesel generators. Both
[5], [56] derive the optimum set-points by minimizing the diesel fuel costs and depend on
commercial solvers to solve the underlying optimization problem. An EMS optimization
model for a multi-source isolated microgrid is presented in [57]. The optimization problem
is solved using PSO to primarily minimize the cost of energy production while maximizing
the energy storage usage and the utilization of renewable resources. Authors in [19]
develop the operation plan considering, battery life loss cost, O&M cost, fuel cost, and
environmental cost of a standalone microgrid. The optimization problem is formulated as
a multi-objective optimization and the set-points are derived using the genetic algorithm.
A thorough review of other studies detailing operation optimization and control strategies
for remote off-grid HRESs can be found in [58]. All these studies have used distinct
problem formulation methods to optimize their respective objectives and confirm to the
fact that there is no “one plan fits all” way of realizing the best operational strategy.
However, many of the reviewed studies have mostly used least-cost based approaches
when formulating the problem and thus can be improved to address operational
requirements related to remote power systems.

Techniques generally used as the preferred optimization platforms for the underlying
optimum energy management problems can be summarized as, dynamic programming,
mixed integer linear/non-linear programming, and heuristics-based evolutionary
computational approaches (genetic/swarm algorithms) as discussed in [17], [53]. Although

being theoretically sound, optimization frameworks based on dynamic programming and
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mixed integer linear programming can be computationally expensive in the presence of
complexities associated with large number of variables [17]. Also, studies using mixed
integer linear/non-linear programming often relies on their availability in commercial
software packages, which can otherwise be omitted due to the shorter control span (< day)
involved in daily operation optimization. In addition, when integrated with these complex
solvers, the optimization problem gets conditioned, and the nature of the variables are
sometimes forced to change to accomplish the requirements. On the other hand, many
researchers have used heuristics-based evolutionary approaches to determine optimum or
sub-optimum results with less computational complexity [17]. In the reviewed literature,
genetic algorithms and many other swarm-based techniques have shown proven-
competency to handle multiple objectives in a robust manner [53]. However, even when
deploying techniques based on heuristics, the reviewed problem formulation strategies can
be further improved to achieve fast convergence times. This will be advantageous when
integrating the operation optimization framework with other supervisory-level decision

support systems.

3.3 System Set-up

In this section, the objectives and constraints of operational optimization related to
remote off-grid PV-Diesel-Battery power systems are discussed first. Then, the outputs
related to individual system components as well as the costs and emission figures required
to define the final objective function used in operation optimization are formulated based
on existing approaches.

3.3.1 Objectives and constraints

PV-Diesel-Battery layout as shown in Figure 3.1 represents a power system
configuration frequently deployed/proposed in the context of small remote off-grid power
systems. However, the outputs from various generation sources and storage units need to
be coordinated and optimized to realize their full benefits, which is the main task of an

operation optimization framework.
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Figure 3.1 Layout of a PV-Diesel-Battery HRES

It is desired to regulate the output power of the non-dispatchable generation units, such
as the PV array, based on the optimal operating condition considering its primary energy
source [35]. Therefore, the operation plan only constitutes set-points for the dispatchable
energy sources. For example, for the system layout shown in Figure 3.1, these include the

diesel generator power outputs (P,BGn) along with their on/off status (Uf)Gn), and the power

commands for the battery unit (P%,,) for a specified control horizon. For remote power
systems, usually the main objectives of an operation optimization framework deployed in
an EMS is to minimize the operation cost and emissions by optimally manipulating the
identified set-points. However, this task is complicated by the operational limits associated
with individual equipment as well as the system as a whole.

The constraints involving individual equipment mainly ensures their operation within
the rated power/energy limits. As an additional feature, the EMS can be equipped with
measures to increase the operational efficiency of the over-sized diesel generation
facilities. Also, BESS degradation can be reduced to enhance the longevity of their
operating lifespan. Constraints involving the entire system operation mainly ensures
stability, reliability, and security of energy supply. At all times, the generated power must
be equal to that consumed to maintain the power system stability. Also, the EMS usually
functions on a deterministic framework while assuming predictions will hold for the
specified time horizon. Therefore, to ensure reliable operation of the power system, it is

advocated to maintain a minimum operating reserve as detailed in Section 2.3.2.
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3.3.2 Individual system models

3.3.2.1. PV unit

The PV array output (P%,) is usually controlled independent of the other units (grid-
noninteractive strategy) using the power reference provided by the unit-level Maximum
Power Point Tracking (MPPT) strategy [35]. Therefore, in each time-step, the power
produced by the solar array at the DC bus is calculated as in (3.1) [59]:

t

t _ pRated
Ppy = Ppy XFPVXG
STC

X (14 ap(Ct = Csre)) (3.1)

where PR¢ted s the rated DC power of the PV array, Fpy is the PV derating factor, G*
is the incident solar irradiance in the current time-step, Gsr is the incident solar irradiance
in the Standard Test Conditions (STC), ap is the temperature coefficient of power, Ct and
Csrc are the PV cell temperature in the current time-step and in STC, respectively.

The associated costs of operation are usually assumed negligible for the PV array.
However, remote power systems can undergo scenarios with low loading and high solar
penetrating conditions. If the power system experiences a prolonged energy surplus period
under such conditions, the excess of PV power will have to be spilled (prm), specially in
the absence of dump loads. Therefore, to reduce the curtailed solar energy, in each time-
step the spilled energy is penalised as given in (3.2):

T
Costopn = ) ((Plyuu X dt) X Copir) (32)

where c,y;;; is the imposed penalty rate, dt is the length of a timeslot, and T equals the

considered total number of timeslots.

3.3.2.2. Battery unit

Being a dispatchable energy source, battery power command is considered as an
optimizable set-point in the operation plan. Thus, battery power command at each time-
step is received through the optimization algorithm and can be used to calculate the SOC

variations in that time-step. However, the power commands generated by the optimization
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algorithm would require modifications in order to maintain the SOC level within the pre-
specified limits. This can be achieved by limiting the received power command as shown
in (3.3)-(3.5) preceding the SOC calculation as given in (3.6) [60]:

Plgat = Ué X [min(Prilaxd'Plsat)] +(1- Ué) X [max (_Prflaxcrplgat)] (3_3)
Plaxe = min (Pae "%, Bat g X (SOCmayx — SOCY) /(100 X dt X 1,)) (3.4)
Praxa = min (Pggr “"*, Bategp X Na X (SOC* = SOCin)/(100 X dt)) (35

(1= UY) X (|PEgel x dt X 100 x 1) UL X (Pkge X dt x 100)

soct*t =soct +
Bat qp Bat.qp X g

(3.6)

where U is the battery mode of operation (1 - discharging and 0 - charging), SOC*
is the SOC of the current time-step, SOC,,;y, iS the minimum SOC limit, SOC,,,,, 1S the
maximum SOC limit, PRated-max s the maximum allowable charging/discharging power
without considering the SOC limits, Bat,,, is the battery energy capacity, n. and n, are
the efficiencies of the charging and discharging modes, respectively.

Although the direct operating costs associated with BESS operation is negligible, it is
necessary to approximate the battery degradation in the cost model of BESS. There can be
many operational and non-operational factors affecting battery degradation, among which,
number of cycles, discharge levels, and amount of energy throughput are considered as the
most critical [61]. Therefore, to indirectly minimize the effects of battery aging, two types
of battery degradation costs were considered, namely the calendar life degradation cost
(Costcqienaer) and the cycle life degradation cost (Cost,yce).

It is assumed that the battery would need a replacement once its total throughput
exceeds its lifetime throughput. From that perspective, the cost of energy circulated
through the battery bank for the considered control horizon is calculated as in (3.7) [61]:

T UG X Phae X dt X Crep
CoStegiender = Z
t=1

/nbat x Etot (3.7)
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where c,.,, is the battery replacement cost, and 7,,, is the battery roundtrip efficiency,
and E®°* is the battery lifetime throughput.

Costcyce Is also incurred during a discharging stage of a cycle. Therefore, the cycle
aging caused by a full cycle is considered to be similar to that caused by a discharging half-
cycle of the same Depth of Discharge (DOD). The Rainflow Cycle Counting Algorithm
[62] as presented in Appendix B is used to count the full cycles and discharging half-cycles
occurring in ten different DOD segments from 0%-90% at gaps of 10%. Cost,y IS

defined using the cost function given in (3.8) [63]:
CoSteycle = Yg=1Ceye X Cyclesy X (DODy)? (3.8)

where c.,,. is a penalty cost factor, DOD, and Cycles, are the number of subjected

cycles and their respective DOD levels in each segment d, respectively.

3.3.2.3. Diesel generators

Diesel generators are usually considered as the preferred choice for grid-forming. These
dispatchable units provide optimizable set-points for the operation plan in terms of their
commitment and power outputs. In the proposed method, the power outputs of the online
diesel units are defined as dependent optimization variables as detailed in Section 3.4.

Constraints involving the diesel generators maintain the number of starts under a user-
specified value and ensure their operation within the permissible loading margins. The
minimum loading requirement reduces inefficient operating conditions for the diesel
generators whereas the maximum loading limit provides them with an extra operational
margin to perform the grid-forming task irrespective of the intra-time-step variations
during the actual system operation. For the derived power outputs in each time-step, diesel

fuel consumption (fuel,t)Gn) and the CO2 emissions (Epg,) of n" diesel unit is deduced

using (3.9) and (3.10), respectively [19], [42]:
fuelBGn = (Fon X DG{fated + Fln X Pan) X Uan X dt (3.9)
Epe, = 2?:1(](“9[{)6,1 X fcoz) (3.10)
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where F,_ is the generator fuel curve intercept coefficient, F;_ is the generator fuel curve
slope, DGRe4 s the rated capacity, and fco, 1s the COz emission factor for diesel fuel.

The total operating cost of an online diesel generator was represented using the fuel
cost, O&M cost, start-up cost [64], and the carbon penalty cost incurred at each time-step
as given in (3.11) - (3.15):

Costpg, = le(CostJEueln + Costpgy, + CoStigr, + Costly ) (3.11)
Costfye, = fuelpg X Cryer (3.12)
Costham, = (Upg, X dt) X Cogu (3.13)
‘
Costlrare, = Uy + 6, X <1 - e_TOTf% ) (3.14)
Costep = Epg X Cep (3.15)

where cg,; is the fuel cost rate, cog is the O&M cost rate, a,, is the hot start-up cost,
&, 1s the cold start-up cost, t,, is the cooling time constant, Totffn is the duration between

last shutdown and current start, and c,, is the CO penalty rate.

3.4 Proposed Operation Optimization Framework

In this section, the proposed optimization problem formulation method is discussed. As
depicted in Figure 3.2, it consists of an optimizer algorithm (ex: PSO or GA) to generate
the candidate solutions in each iteration, a plant model, and the objective function, where
F,p; is the objective function, x*7 denotes the set of independent optimization variables,
and xgg;,endem represents the dependent variables. The current system status and the
updated load and resource forecasts for the projected control horizon (t..T) are obtained
as the main inputs. The plant model consists of a pre-processing unit and the individual
component models developed in Section 3.3. The inclusion of the pre-processing unit is a
novel feature which serves two main purposes, reducing the optimization problem size and

bringing the diesel generators’ loading to their optimum range.
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Figure 3.2 Operation optimization framework

To achieve this, for all the candidate optimization solutions (#solutions) in an
iteration, only the battery power commands for the considered control horizon (PE;L) is
defined as an independent optimization variable while maintaining the rest of the system
variables as dependents based on steady state power balance, conversion stage efficiencies,
capacity limits, and the adopted dispatch strategy. Also, to derive the diesel commitment
while achieving optimum loading levels, the pre-processing unit is equipped with the
algorithm shown in Figure 3.3. This method allows the optimization problem to be
formulated with only continuous optimization variables while omitting discrete
optimization variables such as the diesel commitment commands, which reduces the

complexity of the optimization task.

1 Start
2 Phg Pogi Phoy =0
3 UBGI,.., Uf,Gn,.., UI@GN =0
4 Prget = PLE - P;VAC - PBtatAC
5 For n=1toN Do
C .
6 DGm?;n = DGﬁated + Niny X mln[(Brgmxd - ch x Pi.fat)' Rinv] - P.[Fimit
C
7 If (Plet < DGmax, ) & (Plec > DGmin, ) & (Por < DG
8 Uzt)c;n =1, Plan = Pet
9 Go to Step 12
10 End If
11 End For
12 Stop

Figure 3.3 Proposed algorithm for derivation of diesel generator set-points for a given

time-step

In Figure 3.3, the available N number of diesel units are evaluated in the ascending
order of their rated capacity (DGR%4). Also, it is assumed that the net generation required

from the diesel plant (P%,,), as derived in Step 4 in Figure 3.3, can be adequately met by
36



A Supervisory-level Operation Optimization Framework

the operation of a single generator, which is generally true for the remote power systems.

In Step 4, P}, L, and PL,; . Stand for the available solar power and battery power referred

to the AC side in time-step t, respectively. In Step 6, DG,%’,’% derives the maximum loading

level that can be safely supplied by a given diesel unit while accounting for its own rated
capacity, required minimum operating reserve level (Pf;,,;;), and the dispatchable reserve
supplied by the battery unit. In Step 6, n;,,, and R;,,,, stands for the inverter efficiency and

rated power, respectively. In Step 7, DGin,, aNd D Gy, are the minimum and maximum

loading margins of the diesel unit, respectively. Thus, only the lowest rated generator that
can supply P).. while satisfying the system constraints is committed. This algorithm can
also be generalized for multiple PV and storage units via appropriately deriving the
respective power outputs delivered to the AC side in Step 4 and accounting for the
dispatchable operating reserve available from each storage unit in Step 6.

The objective function formulated in this thesis is unique in the sense that it incorporates
multiple operational requirements related to remote power systems such as reducing
operating costs, emissions, diesel generator starts, battery degradation, and renewable
energy spillage. The objective function is defined using the weighted sum method to

convert the multiple objectives to a single objective problem as shown in (3.16) [65]:

Costiot Etor
wg X
B¢ Bg

Fopj = (we X ) X PF (3.16)
where Cost;,; is the total system costs, E,,; is the total CO, emissions, B, and By are
the average values used to normalize each term whereas w, and wg define their relative
significance to the overall objective function, and PF is the imposed penalty factor.
E:o¢ 1S assumed to be entirely due to the operation of online diesel units as calculated
in (3.10). Cost,,, is defined as given in (3.17):

Costyor = Costpg + CoStpa, + Costepy + Costlon™ (3.17)

where Costp Is the diesel plant operation cost, Costg,; IS the battery degradation

cost, and Costgp;y; is the lost income due to energy spillage which is defined as a penalty

37



A Supervisory-level Operation Optimization Framework

cost. Costher™® is a penalty cost imposed to keep the battery SOC value at the end of the

control horizon higher than a pre-defined margin by penalizing scenarios violating this
condition as in (3.18):

socT
Costlz™™ = U5z x (e x (1= 305 ) @18)

where SOCT is the SOC at the end of control horizon, SOC® is the SOC margin,

chen@tY s the imposed penalty cost rate, and User ™™ identifies the scenarios violating

the assigned SOC margin.

The penalty factor used in (3.16) penalizes the violations detected by the plant model
for the current control horizon, considering steady state power balance, minimum
operational reserve, and the maximum number of starts of diesel units. In the presence of
violations, PF will differ from unity to a positive value and its magnitude depend on the

severity of the detected violations as given in (3.19)-(3.22):

PF = PFPB X PFOR X PFstarts (319)
pry =] | il
PB = nt:l( + Cpp X P ) (3.20)
T Pt' it Plg T
PFOR=1_[ (1+CORXM)
t=1 Plimie (3.21)
N startsP6n — startsoon
PFstarts = l_[ 1+ Cseares X DG, (3.22)
n=1 starts,,

where cpg, cor, aNd cyares represent the applied penalty rates. The power balance
violation penalty (PFpg) is defined in (3.20) where P{ stands for the total generation in
time-step t. In (3.21), PF,y defines the operating reserve violation penalty where Pt
represents the available operating reserve. PFq..+s IN (3.22) represents the penalty for

violating the maximum number of generator starts permitted, where startsP%» and

startspor represent the actual starts and maximum permitted starts for DG,,.
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PSO [66] algorithm is used as the preferred optimizer to generate the candidate
optimization solutions, although any other evolutionary computational technique can be
applied. PSO uses a randomly initialised swarm of particles in a user-specified solution
space to search for the optimum solution by updating their position in each iteration based
on personal and cognitive knowledge of the particles. Its well demonstrated competence in
handling large set of variables with adequate accuracy and speed, which is evident from
the large body of literature that use PSO as the optimization engine for energy management
related applications [67], support adopting PSO as the optimization algorithm.

3.5 Study System Description and Data Inputs

To illustrate the applicability of the proposed method, studies were performed on the
PV-Diesel-Battery test system derived in Chapter 2. The main external data inputs required
for testing the algorithm are the hourly forecasts of load, direct and diffuse solar radiation,
and the temperature for the next day. Load forecast was created using sample days taken
from historical data. The incident solar irradiation and temperature data for the same
sample days were taken through HOMER to create the resource forecast. The minimum
operating reserve was defined similar to Section 2.3.2 whereas the corresponding weights
were defined as 0.05, 0.1, and 0.3, for the annual peak demand, current time-step load
demand and solar power output, respectively. Rest of the main input data used in modelling
the system components can be found in Table 3.1. The costs and penalty rates used in the
optimization framework is given in Table 3.2. The cost incurred to produce one unit of PV
energy was used to charge the spilled energy as given by cp;y;. For DGz, cogm Was set

higher than that of DGy, to ensure that commitment of DG is not a preferred option.

Table 3.1 Input data used in modelling the system components

Renewable energy system
PEed [kW] 625
Fpy [%] 88
ap [%/°C] -0.41
Riny [KW] 600
Ninv [%] 96
Pé?(;ztted_max [kVV] + 600
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Bat qp [KWh] 912
SOCpin [%] 10
SOCpmax [%] 100

S0CE [%] 30
Initial SOC [%] Summer: 50, Winter: 30
E®°t [kWh/unit] 45600
Nbat [%0] 90
Dispatch strategy Cycle Charging
Diesel generators
DGRated [kwW] DG;: 400, DG,: 800
DGminn [%] 30
DGy, [%] 95
starts,?lg’; 5
Fy, [Liters/hour/KWhsteq]

DGa1: 0.0299, DG2: 0.0271

Fy, [Liters/hour/kW]

DGai: 0.2325, DG2: 0.2334

T [N]

DG1: 0.3, DG2: 0.4

fco, [kg/liter]

2.64

Table 3.2 Input values used in the optimization framework

Parameter Value
Cspin [$/KWh] 0.35
Crep [$/Unit] 7000
Coye 9] 100
Cruer [$/liter] 1.1
coam [$/N] DG:: 40, DG;: 100
a, [$] DG:: 20, DG;: 30
6, [$] DG:: 20, DG;: 30
ccp [$/tonne] 25
cpp [$] 20
cor [$] 15
Cstares [9] 10
S 18] 500
we [%] 80
wg [%] 20
B [$] Summer: 1800, Winter: 4000
Bg [ka] Summer: 2200, Winter: 6400
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All the simulated results were computed using the software package MATLAB R2021a

considering an hourly time-step and a daily control horizon.

3.6 Results and Discussions

3.6.1 Study cases

Prior to each day, a new set of optimum hourly set-points were generated for the next
day 24-hour horizon, based on the forecasts and status of the power system. Simulation
experiments were conducted considering three exemplary days in summer and winter
seasons. The load and solar power forecasts used for the studied cases considering summer
and winter season are shown in Figure 3.4 and Figure 3.5, respectively. For summer, the
daily load profiles showed similar trends for the three days and the load varied in the 180
kW-375 kW region. Also, the solar power forecast suggested high availability for the first
two days followed by a limited output for the third day. For winter, the load demand
showed relatively high values (250 kW — 485 kW) and the forecasted solar power output

was significantly lower compared to summer.
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Figure 3.4 Summer: Load and solar power forecasts
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Figure 3.5 Winter: Load and solar power forecasts
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3.6.1.1.  Existing diesel-only operation

The operation of the existing diesel-only system under the forecasted load demand was
analyzed first and the results were used as a source of reference to assess the proposed
method. For the existing power system, the commitment of the two diesel generators is
assumed to be derived based on engineering judgement. Factors such as the typical
diurnal/seasonal load variations, peak demand, and the minimum/maximum diesel loading
margins are taken into consideration during the decision-making process and no efforts are
made to optimize the system operation.

Due to the prevailing low load demand for summer season, the parallel operation of the
diesel generators is usually omitted to alleviate scenarios violating the minimum loading
margin for the diesel generators. As given in Figure 3.6, for off-peak period the average-
sized generator (DG1-400 kW) is used to supply the load demand whereas for the peak
period the over-sized generator (DG2-800 kW) is committed. However, in the presence of
high load demand in the winter season, parallel operation of the diesel generators is usually
exercised for the peak load period, which often results in light-loading conditions for the
two diesel generators as shown in Figure 3.7.
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Figure 3.6 Summer - Operational routine for the existing diesel-only operation: (a)
Operational routine and (b) Available operational reserve (Prs) and minimum

requirement (PLimit)
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Figure 3.7 Winter - Operational routine for the existing diesel-only operation: (a)

Operational routine and (b) Available operational reserve and minimum requirement

Overall, the existing diesel-only operation associated with high daily operational costs
and emissions as given in Table 3.3 proved to be highly inefficient for both seasons. In the
discussion that follow, the competence of the energy management methods proposed in
this chapter in reducing the daily operational costs and emissions as well as in improving

the operational efficiency of the system components is examined.

Table 3.3 Results obtained for the existing diesel-only operation

Summer Winter
Case

Dayl | Day2 | Day3 | Day1l | Day?2 | Day 3
Total costs [$] 4156 | 4190 | 4197 5625 5645 5960
Total CO2 emissions [kg] 5339 | 5324 | 5340 7081 7035 7296

3.6.1.2.  Modified diesel-only operation
The applicability of the algorithm demonstrated in Figure 3.3 in enhancing the
operational efficiency of the existing diesel-only operation was also examined. The aim
was to show how the diesel-only operation can be improved by the reduction of light-

loading events, even without the inclusion of renewable components and/or operational
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optimization frameworks. Such improvements can be useful for no-sun periods and during
events where the renewable energy system is taken out for maintenance.

The modified operational routines derived for the summer and winter season are given
in Figure 3.8 and Figure 3.9, respectively. The reduction in daily costs and emissions
associated with the modified diesel-only operation compared to the reference case is
presented in Table 3.4. For summer season, the modified operation routine was mostly
similar to that of the existing diesel-only operation. However, if the power system can be
energized pertaining to the operational reserve margin, the 400-kW generator was
committed even during the peak load period, as showed in the derived operational routines.
For the winter cases, the modified operational routine, successfully derived the
commitment of the diesel generators omitting the parallel operation. Due to reduced light-
loading events, this operational routine will result in higher efficiency for the diesel
generators in contrast to the existing diesel-only operation.
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Figure 3.8 Summer — Modified operational routine of the existing diesel-only operation:

(a) Operational routine and (b) Available operational reserve and minimum requirement
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Figure 3.9 Winter — Modified operational routine of the existing diesel-only operation:

(a) Operational routine and (b) Available operational reserve and minimum requirement

Table 3.4 Results obtained for the modified diesel-only operation

Summer Winter
Case
Dayl | Day2 | Day3 | Dayl | Day?2 | Day 3
Total costs [$] 3838 3759 3767 4980 4960 5167
Total CO2 emissions [kg] 5207 5165 5181 6706 6660 6859

3.6.1.3.
Figure 3.10 and Figure 3.11 depict the optimized operation routines derived for the PV-

HRES operation under the proposed operation optimization method

Diesel-Battery configuration for summer and winter seasons, respectively. The PV power
forecasts for the considered summer and winter cases are showed in Figure 3.4 and Figure
3.5, respectively. The incurred daily operational costs and CO, emissions are given in
Table 3.5. A breakdown of energy supplied by each applicable system component in
supplying the AC load as well as to charge the battery is presented in Table 3.6.
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Table 3.5 Results obtained for the optimized HRES operation

Summer Winter
Case
Dayl | Day2 | Day3 | Day1l | Day 2 | Day 3
Total costs [$] 1680 | 1973 | 2804 | 4066 | 4084 | 4085
Total CO2 emissions [kg] 2146 | 2900 | 4177 | 6335 | 6334 | 6434
Diesel costs [$] 1427 | 1920 | 2724 | 3977 | 3976 | 3959
Battery degradation costs [$] 220 53 80 89 108 126
Energy spillage penalty costs [$] | 33 0 0 0 0 0
Penalties - - - - - -
. Costs
Reduction compared %] 59.5 52.9 33.2 27.7 27.6 315
to the existing _ 0_
Emissions
diesel-only system (%] 59.8 455 21.7 10.5 9.96 11.8
0

Table 3.6 Breakdown of energy supplied by each component

Summer Winter
Case

Day | Day | Day | Day | Day | Day
1 2 3 1 2 3
DG; | 2808 | 3818 | 5412 | 7557 | 7401 | 8074
AC load contribution from DG2 0 0 0 965 963

482
each source [KWh] PV 3255 | 2801 | 1161 | 45 83 85

Battery | 835 | 253 | 326 | 423 | 467 | 511
DG: 115 | 124 | 290 | 172 | 405 | 387

Battery charging
DG: 0 0 0 268 | 184 | 216

energy at the DC bus [kWh]
PV 757 | 200 | 129 | 103 12 54
Spilled solar energy [kKWh] 94 0 0 0 0

After integrating PV and energy storage and optimizing the system operation,
significant cost and emission reductions were achieved compared to the existing diesel-
only power system for the considered distinct summer days as given in Table 3.5. For

example, for the first summer day, these cost and emission reductions were estimated to be
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59.5% and 59.8%, respectively. Large amount of solar energy was optimally utilized with
the aid of BESS and the optimum initiation of transitions in between diesel-in (Gensup)
and diesel-out (Isolated) modes of operation. For days with high solar power availability,
the operation routine suggested longer periods of Isolated mode, which helped in reducing
minimum loading violations for the diesel generators as well as in minimizing the spilled
energy. During the suggested Gensup modes, power system was energized using DG:
while omitting the light-loading events for DG>. The system costs mainly comprised of the
diesel costs for all three days. An energy spillage penalty cost was detected for the first day
due to a prolonged energy excess period.

After integrating PV and energy storage and optimizing the system operation, the
considered winter days also showed reduced costs and emissions compared to the reference
diesel-only case as given in Table 3.5. For example, for the first winter day, these cost and
emission reductions were estimated to be 27.7% and 10.5%, respectively. However, the
reductions were not that promising due to the lower availability of freely-available solar
energy during winter. Thus, the observed costs and emission reductions were mainly due
to the optimized operation of the diesel generators facilitated by the battery unit. For the
considered study cases, the operating hours for DG1 got increased while reducing the light-
loading operations of DG2. Also, compared to results obtained in Section 3.6.1.1 and
Section 3.6.1.2, both generators have showed high loading levels allowing them to operate
with increased efficiency. The required operating reserve has been mostly supplied through
the BESS, energy of which will be consumed at the end of the day within the imposed
operational constraints confirming the optimum operation plan. Similar to summer, major
part of the daily system costs was incurred due to the diesel generator operation. Battery
degradation costs also showed relatively higher values due to their increased utilization in
optimizing the diesel generator schedule.

Based on the overall analysis, it was observed that the proposed operation optimization
framework is competent in achieving the intended quantitative objectives of energy
management. For all the analysed scenarios, the daily costs and emissions were minimized
while adhering to power balance, operational reserve margins, and individual component

limits. Also, the optimum commitment of diesel generators while alleviating their light-
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loading events and the careful utilization of the BESS as revealed by the presented results
would result in strengthening their efficiency and longevity of operation.

In winter, as the peak load ranges near the regular-sized generator capacity (400 kW),
even small reductions in peak load could be useful to operate the power system without
using the 800 kKW generator. Thus, reduction of peak loading events is desired. For summer,
the correlation between demand and the available solar resource can be increased to further

minimize the energy spillage.

3.6.2 Validating predictive operation optimization compared to a
non-predictive energy balance approach

To demonstrate the benefits of predictive energy management, a comparison was made
with a non-predictive energy balance approach for a summer day with high solar power
availability and relatively lower load demand as shown in Figure 3.12(a). HOMER
software, which is a tool used for design optimization, derives set-points of individual
equipment through power balance in each time-step. Therefore, the set-points generated by
the proposed operation optimization framework was compared with the set-points derived
in HOMER software for the considered PV-Diesel-Battery power system as shown in
Figure 3.12(b) and Figure 3.12(c), respectively. The operation optimization achieved
around 25% operating cost reductions and 35% emission reductions compared to the hourly
energy balance approach. With the knowledge of future operating conditions, the day-
ahead operation optimization effectively managed the available resources to minimally
commit the diesel units with reduced starts and to lessen the energy spillage within the
imposed operational constraints. These measures aided to the observed benefits compared

to the non-predictive energy balance approach.
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Figure 3.12 Operation routine: (a) Forecasts, (b) Dispatch solution through predictive
day-ahead operation optimization, and (c) Dispatch solution through hourly energy

balance

3.6.3 Computational efficiency

The optimization framework was modelled as a minimization problem with continuous
optimization variables. To evaluate its computational performance, it was solved using the
PSO optimization algorithm in a computer with AMD Ryzen 3600 CPU @ 3.6 GHz base
(4.2 GHz boost) and 32GB DDR4 RAM @ 3600 MHz. For this set-up, the average
computational time taken for a daily control horizon with hourly time-steps was estimated
to be around 12.8 s. The computation time taken for a problem formulation deploying both
discrete and continuous optimization variables was also assessed. In order to do this,
battery power command and the unit commitment commands for the diesel generators were
defined as independent optimization variables and the problem was solved using Binary
PSO [68] method. When considering the same system set-up, it took an average
computational time of 31.3 s to solve the optimization problem under this approach.

The detected improvement of computation efficacy demonstrated by the proposed
method can be highly beneficial when integrated with other decision support systems (i.e.,
incentive optimization in demand response systems, model predictive control algorithms).

In such systems, the optimization problem is solved iteratively with varying input
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conditions in either day-ahead or intra-day time frame. Also, it might require reducing the
duration of control steps in coming to more realistic conclusions. Hence, the lower
computation time taken for one trial would benefit the system operator’s capability in

making decisions promptly and implementing corrective control actions when required.

3.7 Concluding Remarks

This chapter presented an operation optimization framework to achieve a quantitatively
optimized operation trajectory minimizing system costs and CO2 emissions while adhering
to multiple operational requirements related to remote off-grid HRESs. The optimization
framework was modelled as a minimization problem with continuous optimization
variables reducing the computational requirements. The derived operation optimization
framework can be used as a subsystem in other supervisory-level decision support systems
such as DR integrated EMSs and uncertainty management schemes.

The performance of the proposed method was evaluated for conditions prevailing in
summer and winter days. Results revealed the applicability of the proposed method in
minimizing the costs and emissions associated with the existing diesel-only power system.
Utilization of the BESS was managed to lower its degradation while optimally deriving its
set-points to operate as an energy source, energy sink, and a source providing dispatchable
operating reserve. The overall methodology allowed the diesel units to achieve optimum
loading levels while omitting inefficient light-loading scenarios. Also, a comparison
conducted with a non-predictive hourly energy balance approach validated the ability of
the predictive EMS in achieving optimized operational routines. In addition, the proposed
method showed around 50% reduction in average computation times compared to a

problem formulation deploying both discrete and continuous optimization variables.
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Chapter 4
A Day-ahead Demand Response Integrated

Energy Management Scheme

4.1 Introduction

Demand response strategies play an important role providing an extra degree of
freedom for the energy management task. From the customers’ point of view, DR is a
profitable trade-off between their comfort and electricity bills. From the utility perspective,
DR is an effective way of reshaping the consumer load profile.

In this chapter, the operation optimization framework developed in Chapter 3 will be
integrated with a DR scheme for reshaping the consumer load profile in order to maximize
the intended benefits of operation optimization. A novel methodology to determine the best
time-of-use electricity rate structure to achieve the desired load profile with minimal bi-
directional utility-consumer interactions is proposed. It minimizes communication
requirements by employing a model to quantify the DR flexibility of a given population of
electrical consumers. In the proposed model, both deterministic and stochastic
uncertainties prevailing in the consumer decision making process is realized using
Probabilistic Fuzzy Inference Systems (PFISs). The proposed method is demonstrated
separately for the conditions prevailing in the winter and summer seasons, using the PV-

diesel-battery remote off-grid power system developed in Chapter 2.
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4.2 Background and Literature Review

The anticipated success of DR programs highly relies upon the participation and the
interest of consumers to respond towards the respective motivation factors and on the
availability of different appliances, loads of which can be shifted, increased, or reduced
without causing discomfort to the user. DR frameworks can be implemented mainly using
three popular strategies namely, peak clipping, valley filling, and load shifting [16]. Peak
clipping is a direct load control technique normally initiated at the expense of customer
satisfaction in order to cut down excessive peak loading levels. Valley filling on the other
hand fosters the adoption of off-peak energy consumption. Load shifting is a shift of a
particular load demand between two timeslots inside the control horizon. When
implementing peak clipping/valley filling, the total forecasted energy usage of a customer
can get reduced/increased at the end of the control period. However, under load shifting,
the total predicted energy consumption remains unchanged [16], [17]. Proper identification
of factors related to the specific DR integrated market/system model such as the trigger
factor (i.e., cost-based, reliability-based, emission-based), targeted customers (i.e.,
commercial, residential), control (i.e., direct load control, passive load control), consumer
motivation method (i.e., price-based, incentive-based), supporting infrastructure etc. is
essential for successful implementation [16], [69], [70].

DR related energy management problems are usually formulated either as consumer
comfort maximizations or as cost minimizations. The approaches used to solve them
generally include game theory, dynamic programming, and convex programming [16].
Many of the existing literature discussing DR programs devise the problem from consumer
perspective while using the motivations provided by the electric utilities and the consumer
needs as the main inputs [71]-[74]. However, close coordination between both utility-side
and consumers is required to enable an efficient utilization of the electric grid as a whole,
specially in the presence of intermittent renewable sources. This further requires the supply
and demand side to interact with each other, either in day-ahead or intra-day time frame in
order to agree upon a win-win solution. In [75], authors have defined the objective to
maximize the grid’s social welfare which includes the sum of comfort functions of all users

minus the cost function of energy providers constrained by the supply capacity of the grid.
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The utility and consumer sides interact with each other in a distributed manner and
eventually converge to a mutually beneficial solution. Authors in [17] formulate a load
shifting based energy management problem as a cost minimization. The results indicate
how close coordination between both parties could be beneficial in achieving cost savings.
A detailed discussion on similar studies can be found in [16], [69].

However, these studies targeting DR integrated energy management applications have
taken full use of the smart grid architecture expanded by the grid modernization efforts.
Bidirectional communication platforms and HEMSs consisting of smart meters embedded
with Energy Consumption Schedulers (ECSs) can be identified as the main technical
drivers facilitating the incorporation of such DR frameworks. Different communication
standards have also been used in the Home Area Network (HAN) for the exchange of
control and information signals between the HEMS and the controllable devices. A
communication layer is also incorporated into the grid to exchange information between
the HEMS and the grid-side controller [69].

However, the existing frequent automated and/or human-in-the-loop bi-directional
communication schemes thrived by the sophisticated grid infrastructure could cause
concerns when trying to deploy them in remote off-grid power systems, which mostly fail
to keep pace with the advancements in the communication and/or control frontiers. In such
situations, instead of relying on the direct feedback from consumer-side to calibrate the
price signal to achieve the utility objective, a possible alternative methodology is to use a
model of the responsiveness of the consumers in the process of optimizing the price signal.
With adequate amount of data archive, the utility end will have the required resources to
perform the computationally complex optimization tasks. The main challenge to realize
this methodology is the uncertainties prevailing in the human behavior which cannot be
accurately represented in a consumer responsive model.

Estimating DR of consumers is complicated by many factors involving deterministic
and stochastic uncertainty prevailing in the real-world scenarios. Several data-driven
techniques can be identified in the academic literature which have used Artificial Neural
Networks (ANNS) [76], price-elasticities [77], Markov chains [78], fuzzy systems [79],
quantile regression [80] to estimate the responsiveness of the electrical consumers in the

context of DR. Many of these statistics-based techniques have shown improved
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competence for stochastic modelling but have failed to process imprecise data or the
cognitive vagueness. On the other hand, techniques involving fuzzy systems adequately
captured the uncertainties prevailing in the imprecise data yet failed to handle the
randomness frequent in the natural world. Therefore, combining different kinds of
uncertainty modelling is advocated to address the shortcomings of these individual
approaches. Probabilistic fuzzy logic is one such method which incorporates a unified
platform to process both fuzzy and stochastic uncertainties [81].

The survey of the literature revealed the shortcomings of the existing DR related
methodologies for practical deployment in remote power systems. Although, probabilistic
fuzzy logic emerged as an effective method to overcome some of the highlighted issues,
an overall methodology is required to integrate DR modelling into existing EMSs while
enabling a more efficient utilization of the grid resources currently available in remote
power systems. Also, proper measures must be devised to enhance consumer acceptance

and participation in the proposed DR programs.

4.3 Proposed DR Integrated Energy Management Scheme

When considering primarily diesel-based remote power systems, initiation of DR
schemes is usually triggered by the power utility to reduce the costs and emissions of
operation while ensuring reliability and energy security. Residential customers contain
major portion of the electricity consumers in such communities [3], [7]. Therefore, the DR
schemes are usually formulated to involve them in the load shape improvement task. For
most of the primarily diesel-based remote communities, the power supply to residences is
limited in size as a measure to prevent using electricity for space heating/cooling.
Therefore, the available load types for DR related activities mainly fall under water heating
and operating household appliances. Considering the available load types, it is assumed
that major load shape improvements cannot be achieved through techniques like peak
clipping without causing high customer dissatisfaction. Valley filling is usually
accommodated by energy storage devices like rechargeable batteries or plug-in hybrid
electric vehicles, which are not currently being used at these remote households. Therefore,

load shifting is identified as an ideal method to initiate a DR framework with the available
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load types. As load shifting is not highly time dependent, consumers will have increased
flexibility to schedule their loads resulting in relatively less user discomfort [17]. A passive
load control based DR scheme is structured where electricity customers will be responsible
of modifying their electricity use motivated by a price-based motivation factor. The
proposed DR integrated energy management platform is depicted in Figure 4.1.
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Figure 4.1 Proposed DR integrated energy management scheme

When implementing the DR platform in the day-ahead time frame, the next day
shiftable load data is collected from each customer enrolled in the program as the first step
and the derived best electricity rate is communicated back to the customer as the final step.
Therefore, it does not rely on frequently initiated two-way interactive communication for
monitoring or quantifying the DR impact. A simpler and cost-effective one-way
communication method initiated twice per day is sufficient to realize its implementation.
The required one-way communication is achievable using the already existing and readily
available facilities of a remote community such as an online document, mobile app, or a
method as simple as a phone call.
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The derivation of the best electricity rate to maximize the benefits for both the parties is
the joint objective of the sub-modules depicted under the “Utility-side” in Figure 4.1. In
Step 2, the Consumer Price Model (CPM) generates M number of candidate electricity
rates (ERPR,.., ERER . ERDR) where the subscript m is the electricity rate index. For each
candidate electricity rate, the Demand Response Model (DRM) estimates the modified load
curve which is given by anfs where the subscript m stands for the s scenario under m
price signal. For each ERER, the operation of DRM is repeated for S number of scenarios
to estimate an average load curve (PLDn’f) to adequately capture the randomness prevailing
in the human decision-making process. Next the estimated average load curve, PLDrf,
corresponding to ER2E is fed to the utility-side EMS which derives the next day operation
plan (P.om,,) While minimizing the next day operating costs (Costy,t,,) and emissions
(Etot,, )- Once all the M price signals are assessed following this procedure, the output of
Step 3 will be the minimized operating costs (Cost;ot,-,C0Stiot,COStrot,,), Minimized
emission values (Etotqr-+Etot pr++Etot py): optimum operation plans
(PeomyssPeompprPeomy)» @nd the modified daily load curves (PPR,...PPR,. PPK)
corresponding to each ER2R. At Step 4, the Final Decision Logic (FDL) is responsible of
selecting a mutually beneficial electricity rate (denoted by the subscript “OPM ) based on
the results obtained at Step 3. This electricity rate will be contracted as the priced-based
incentive (ERSR,,) in Step 5 and the respective power commands (P.op, opn) Will be used

as set-points for the next day power system operation in Step 6. The specific functionalities

of these individual modules are discussed in Section 4.4.

4.4 Overall Model Development

4.4.1 Utility-side energy management system

The utility-side EMS deploys the operation optimization framework developed in
Chapter 3. The quantitative objective is set to minimize the daily operating costs and CO>
emissions considering a remote off-grid power system energized by a PV-Diesel-Battery

HRES as discussed in Section 3.4. The community load and the forecasted resource data
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are used as inputs for this sub-module. Based on the inputs, EMS derives the power
commands for the diesel generators along with their on/off status and the power commands

for battery unit while minimizing the objective function value.

4.4.2 Consumer price model

CPM uses the forecasted load curve, solar resource profile, and the collected shiftable
load data as inputs. It derives a set of price signals, each of which to be used as possible
candidates to initiate the next day DR scheme. To maintain the consumer participation in
the DR scheme, customers willing to shape their electricity usage must not feel penalized
in case of unexpected and uneven demand patterns but should mostly feel rewarded relative
to their current expenses for electricity usage [79]. To achieve this positive stimulation, the
contracted rate is chosen to be either lower or equal to the current electricity rate. When
billing the usage, customers enrolled in the DR program for that particular day will be
charged at the contracted rate and the rest will be charged at the usual electricity rate. In
the long run, more customers will tend to enrol in the DR program seeking rewards for
their ideal behaviour. In addition, the derived price signals have to be less dynamic and
easily manageable for the homeowners. Frequent alternations of the price signals can make
tasks much complicated when managing load scheduling through personal judgement,
especially in the absence of automated HEMSs.

Also, it is beneficial to identify the time periods for which these reduced rates should be
given to maximize the envisioned benefits of energy management. In the proposed model,

an objective load curve (Pf(;zj) will be generated and compared with that of the forecasted

load curve to identify time periods for which high load accumulations are desired. The
reduced electricity rates will be contracted in these time periods and for the rest of the slots,

the electricity rate will be kept unchanged from the existing value. Pf;z;j is derived by

deploying an operation optimization framework similar to that used in the utility-side EMS.
However, in contrast to the EMS optimization framework, CPM is also considering the
load demand as an independent optimization variable that can be optimized in minimizing

the objective function (F, ) as shown in Figure 4.2. However, the solution space of

bjcpm
Pfgzj is limited within a range defined by time dependent constants (P / P[-" ) based
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on the forecasted load and the next-day shiftable load data received from the consumers
participating in the DR program.

Load Curve Optimization Framework
Updated
System Status | Optimizer algorithm: Generation of candidate solutions T
] v Pl
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Figure 4.2 Load curve optimization framework deployed in CPM

The objective function used in CPM, F, minimizes the same set of operating costs

bjcpm’

and emissions detailed in Section 3.4. F, is calculated using (4.1) - (4.2):

bjcpm

_ CoStior Eiot
C E
PFCPM = PFPB X PFOR X PFstarts X PFcpml X PFCme (42)

where PF¢pmq and PFp,y,, are the additional measures used to optimize the load curve,
in addition to the factors related to power balance, minimum operating reserve, and
maximum generators starts as already discussed in Section 3.4. Through PF,n,, it is
ensured that the total daily energy demand is the same in both forecasted and the optimized
cases, assuming that the proposed price-based load shifting scheme does not result in any
load curtailments but load shifts. Through PFy,,,, solutions where the shifted energy
amount exceeds the total energy available for shifting is penalized. With the added
flexibility introduced to the optimization task, it is expected to minimize the objective

function value further than that obtained when operating the HRES without DR.

4.4.3 Demand response model

For a given electricity rate and the shiftable load data for each customer willing to
participate in the DR program, it is the task of DRM to estimate the updated demand profile.
Estimation of the user responsiveness is complicated by various day-to-day factors that

might affect the customer’s decision apart from the electricity rate and the nature of the
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load being considered itself. Thus, to simplify the modelling, the probable response of the
customer to increase his/her load in each timeslot is first estimated using the Consumer
Responsiveness Model (CRM), irrespective of the underlying characteristics of the
shiftable loads. Once the customer responsiveness is determined, the Load Consumption
Scheduler (LCS) is used to estimate possible changes to the forecasted load profile due to
each shiftable load. The following sections present the main components that constitute the

proposed DRM.

4.4.3.1. Consumer responsiveness model

CRM estimates the willingness of the customers to increase their electrical
consumption through a fuzzy inference system. The contracted electricity rate (ER%,) and
customer availability (4%) for the t™ timeslot as well as the customer interest (1,,) will be
used as the input variables to adequately estimate the response of n" customer to increase
his/her load in the t timeslot (R%). Rf is characterized in the range of 0-1 for easy
judgement. The linguistic interpretation of the incorporated membership functions under
both input and output variables is given in Table 4.1. ER{, is the rate at which the customers
will be charged for their load consumption for the next day. As detailed in Section 4.4.2,
to maintain the user willingness to participate in the DR program, it is assumed that the
utility will always retain the contracted price signal to either be equal or lower to the current
electricity rate. Therefore, fuzzification of ERY, is done by comparing the cheapness of the
offered incentive compared to the current electricity rate. The incorporated value range will
have to be varied depending on the considered community. A% is a time varying variable
which represents the flexibility a customer has to engage in household tasks involving use
of participating appliances in a given time-step. Af, is characterized in the range of 0-10
and can either be taken as a direct input from the customer or can be guessed based on the
resident/residents type considering their occupation, age, family status, etc. For example,
a customer who is working full-time during the daytime is less likely to start his/her oven
during the working hours. I,, is time invariant and represents the motivation of a given
customer to participate in the enrolled DR program. The value of I,, is assigned by the
utility operators and ranges from 0-10. Although customers willingly enrolling in a DR
program must have an interest towards participating in it afterwards, erratic behavior
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patterns are central when considering human nature. Therefore, it is deemed important to
integrate this factor to the fuzzy model through this variable, separately from Af. Upon
commencement, I,, will be set at a higher value to every enrolled customer and will be

updated through continuous monitoring of their DR participation.

Table 4.1 Linguistic interpretation of fuzzy variables

Fuzzy variable
Input Output
ERS, AL I, RL

1 Very Cheap (VC) Low (L) Low (L) Very Low (VL)
2 | Medium Cheap (MC) Medium (M) Medium (M) Low (L)

3 Less Cheap (LC) High (H) High (H) Medium (M)
4 Neutral (N) - - High (H)

5 - - - Very High (VH)

However, this predominantly deterministic framework is inadequate in capturing the
human behavioral patterns as they will not necessarily respond the same way under the
same system conditions [81], [82]. Therefore, as discussed in Section 4.2, the proposed
fuzzy system will be modified to capture both deterministic and stochastic uncertainties
prevailing in the consumer response using a PFIS. PFISs have made the modelling of
complex real-world scenarios more realistic via integrating the randomness factor to the
conventional fuzzy systems. CRM uses the simple yet effective probabilistic method
involving fuzzy rule bases. In each fuzzy rule, the antecedent part remains similar to the
conventional fuzzy systems whereas the consequent part is replaced with an array of
probabilities, each containing the likelihood of selecting the respective Output Membership
Function (OMF). A sample comparison of rule assignment for both conventional and
probabilistic fuzzy logic is shown in Figure 4.3 where Py is the probability of occurrence
for a given OMF x. During each attempt, the OMFs of the rule base will be unknown until
selected by a random mechanism. In CRM, the Roulette Wheel Selection (RWS) method
is used to randomly select the OMF. The mechanism of RWS is given in Appendix C.1.

61



A Demand Response Integrated Energy Management Scheme

Input membership functions | Output membership function

Variable ERL, AL Iy R},

Membership

. MC H H H
function

(a) Sample assignment of a conventional fuzzy rule
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(b) Sample assignment of a probabilistic fuzzy rule Roulette Wheel Selection

Figure 4.3 Comparion of conventional vs probabilistic fuzzy rule assignment

4.4.3.2. Load consumption scheduler

LCS is responsible of arranging the shiftable loads of all participating customers
pertaining to their best interest by searching the daily control horizon for the highest
responsive timeslots. The shiftable load data communicated by the customers and the
customer responsiveness (R%) determined by the CRM are used as its main inputs. The
accuracy of load scheduling is increased by incorporating several generic characteristics of
the shiftable loads influencing usual consumer decision making process. It is assumed that
the customers can use the utility defined timeslots to mention strict time range preferences
for their shiftable loads. Such loads will only be shifted to the preferred timeslots. For an
example, consumers usually operate their coffee makers in the morning and for appliances
like washer a time range preference is not customary [17]. In addition, for appliances with
linked operating schedules such as washer and dryer, the operation of dryer is assumed to
be postponed until the washer operation is completed [17]. An example submission of
shiftable load data and their associated scheduling by LCS is shown in Figure 4.4. If the
customer mentions any preferred time periods, this search will get limited only to a set of

timeslots as in the case of load 3 and 4 in Figure 4.4. For each customer, the detected

highest RY, must exceed a predefined minimum value (RShif Y for the LCS to schedule a

min
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shiftable load to that time-step. This condition relates to the linguistic interpretation that,
LCS would not shift loads to time-steps where the customer responsiveness to increase

his/her load primarily stays within the “Very Low” or “Low” range.

Time slots defined by the utility R
Time | 24.00— | 4.00— | 8.00— | 12.00— | 16.00— | 20.00—
Range 4.00 8.00 12.00 16.00 20.00 24.00
Time
1 2 3 4 5 6
Slot
CRM (=—
R} Time shifting of loads with DR
Loads specific data submitted by the n customer Hour of
Load .
Hour of LCS D Operation
Load | Load | Power | Hours | Operation | Preferred with DR
ID Type | (kW) (h) without | Time Slots
DR —— 1 6.00
1 Washer | 0.5 1 18.00 - 2 7.00
—
2 Dryer | 1.8 0.75 19.00 3 23.00
30| Dishyg 1 20.00 56 4 6.00
washer
5 7.00
g | Cotfee gy | 02 6.00 2
maker
5 Iron 1 0.5 7.00 -

Figure 4.4 An example scheduling of household appliances by LCS

The load shifting achievable due to Electric Water Heaters (EWHS) is also considered.
Unlike in the normal household appliances, the operation of EWHSs is highly correlated
with the diurnal hot water usage patterns which includes direct use of hot water by
occupants and the hot water consumption of the household appliances. Based on the studies
conducted in past, the hot water consumption has shown a strong dependency on household
occupancy and composition [83]. Also, end-uses which involves direct occupant behavior
patterns such as baths/showers result in more water consumption than the hot-water
consuming appliances with pre-set water consumption cycles such as washers and
dishwashers [83], [84]. In this study, occupancy rate and the working hours are used as the
main variable characterising the hot-water consumption [83], [84]. In addition, the

operation of EWHSs is usually governed by an on/off controller to maintain the water
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temperature in a pre-specified range [85]. Therefore, the water usage profile and the on/off
controller operation must be considered when modelling EWH demand profile.

When integrated with the DR program, only the direct water uses occurring inside a
pre-defined tolerance (A) before and after the incentive period is considered for shifting.

However, the shifting is only done for consumers who show high responsiveness above
RShift

in Within the incentive period. Any direct water usage occurring inside the tolerance
band is shifted randomly to a slot in the highest responsive timeslot within the incentive
period. Length of this tolerance band is increased depending on the detected highest R}
value. Example cases of direct water usage with and without DR scheme is presented in

Figure 4.5 for two users falling under similar water usage patterns. In the considered

sample case, R,‘Z‘ift is set at 0.5. For RY, values in between 0.5-0.8 only a one-hour tolerance
is considered whereas for values higher than 0.8 the tolerance is extended to two hours. In
Figure 4.5, WPgase and WPpr rows depict the time allocated for direct water usage without
and with the DR program, respectively. Compared to User 1, User 2 has shown high
responsiveness resulting in a higher tolerance for shifting his/her water usage into the

incentive period.
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“ Iy Incentive Period x »
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Figure 4.5 An example comparison of time allocation for direct water usage

Finally, WPpr and WPgase along with the associated water flow rates are used to
mathematically model the power consumption of the EWHs (EW H*) governed under an
on/off controller for both with and without DR cases as discussed in [85]. EWH is
calculated as given in (4.3):

EWH' = wl,y Xy X P&y (4.3)
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where wi,, is the status of the on/off controller, P%,; is the rated power of the EWH,
and ny, is the efficiency of the EWH.

According to the obtained EWH demand profiles, the load curve is modified to account
for the EWH load shifts of individual customers participating in the DR scheme. A more
detailed representation of the scheduling process implemented in LCS can be found in
Appendix C.2.

4.4.4 Final decision logic

In FDL, the objective function for selecting the best electricity rate is defined using the

weighted sum method as in (4.4):

CoStiot Eior CoStcon
m ngx m 4y FDL m

FFDL — (FDL
m ( C BC BE Con Bcon

) (4.4)

where Cost,  is the daily utility operation costs, Ey,. is the daily emissions,

Costcon,, IS the daily consumer costs obtained for a given electricity rate m whereas wkPL,

wEPL and wEDL are the incorporated weighting factors. Also, in (4.4), B, is the average

value used in normalizing the consumer costs. Costc,n,, defines the electricity bill of the
participating consumers. The candidate electricity rate with the lowest EEPL will be
selected as the optimum solution (ERA5E,,). Therefore, the adopted decision criterion
includes the environmental benefits as well as the cost reductions obtained by utility and
consumers to achieve a mutually beneficial result. Finally, ER3E,, will be contracted to the
consumers in the DR program as the next day rate and the respective power commands will

be used for the upper-level control tasks of the power system.

4.5 Study System Description and Data Inputs

To demonstrate the applicability of the proposed DR integrated EMS, it was simulated
on the same remote off-grid system as modelled and detailed in previous chapters. The
community load demand is met by the PV-Diesel-Battery system as derived in Chapter 2.

From the utility perspective, the DR scheme would give an extra degree of freedom to
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further improve on daily operating costs and emission reductions that is not achievable
through an operation optimization scheme as discussed in Chapter 3. Therefore, in the
study that follows, the optimized operation routines derived for the considered first day of
the summer and winter seasons in Section 3.6.1.3 as depicted in Figure 3.10 and Figure
3.11, respectively, will be used as the reference cases in exhibiting the applicability of the
DR integrated EMS proposed in this chapter.

Among the electricity consumers in this territory, 80% falls into the residential category
[3], [7]- For most of the diesel-based remote communities in Northern Canada, the power
supply to residences is limited in size as a measure to prevent using electricity for space
heating [7]. Therefore, houses are heated using either oil or wood furnaces. Also, given the
sub-arctic temperatures, there are negligible usage of air-conditioners. Thus, electricity is
mainly used for the purpose of water heating and operating household appliances [7]. The
data corresponding to the shiftable load components used in this study are given in Table
4.2 [17], [65], [76], [86].

Table 4.2 Shiftable devices data for residential consumers

Load type Power rating (kW) Hours of operation (h)
Washer 0.5-1 0.5-1
Dryer 1.2-2.4 0.5-1
Dish washer 0.7-2.4 0.9-1
Oven 1.2-2 0.1-1
Vacuum cleaner 0.4-15 0.25-1
Rice cooker 0.85-1.2 0.3-0.5
Iron 1-1.8 0.25-0.75
Coffee maker 0.8-1.4 0.1-0.25
Electric water heater 4.5-6.5 -

When developing the CPM and the utility-side EMS, the input parameters similar to
those given in Table 3.1 and Table 3.2 were used. The characterization of the input and
output membership functions used in the DRM and the associated fuzzy rule base are given
in Appendix C.3 and Appendix C.4, respectively. In LCS, the utility defined timeslots were
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assumed to be similar to that shown in Figure 4.4. Also, the definition of tolerance bands
used in shifting the direct hot water usage was set similar to the example discussed in Figure

4.5. Rest of the input parameters are given in Table 4.3.

Table 4.3 Input data used in modelling DR-integrated EMS

Participating households Summer: 80, Winter: 100
Current electricity rate [cents/kWh] 8
Range of price reduction [cents/kWh] 5-8
M 6
S 50
REMI 0.5
Bcon [$] Summer: 340, Winter: 450
wEPL [%] 60
wEPL [96] 20
Won [%] 20

The proposed framework can accommodate the selection of the best-suited electricity
rate from a pool of price signals. For ease of comparison, the proposed method is
demonstrated using only six price signals. Also, it should be noted that the existing rate
itself represents a subsidized value. Therefore, it is assumed that the power utility can only
provide price-based incentives in a limited range as given in Table 4.3. Also, it is assumed
that the residents in these diesel-based communities are willing to cooperate in order to
further optimize their power supply and to achieve increased social welfare.

All the simulated results were computed using the software package MATLAB R2021a

considering an hourly time-step and a daily control horizon.

4.6 Results and Discussions

4.6.1 Winter study cases

When analysing the operation plan derived for the first day of winter season without
any influence of a DR program, it was identified that the over-sized generator (DG2) has

to operate during the peak load period to meet the demand with sufficient reliability. As
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the load ranges in the vicinity of the 400-kW generator (DG1) capacity, even small
reductions in peak load can be useful to operate the power system with either reduced or
zero operating hours for the over-sized generator.

As discussed in Section 4.3, first the CPM (Step 2 in Figure 4.1) was deployed to
determine the objective load curve and the candidate electricity rates. The derived objective
load curve, as shown in Figure 4.6, suggested a scheduling of shiftable loads to the morning
and late-night periods reducing the peak load. This resulted in a reduction of the contracted

electricity rates for the morning and late-night hours as given in Table 4.4.
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Figure 4.6 Objective load curve for winter day

Table 4.4 Electricity rates in cents/kWh for winter day

ER: | 8| 8|8 |5 |5|5|5|6]|6 6 6 8 8 8 8 8 8 8 8 8 8 8 7 7

ER, (8 [ 8|8 |55 |5 |5 | 7|77 7 8 8 8 8 8 8 8 8 8 8 8 6 6

ER; | 8| 8|8 |6 |6|6]|6|5](5 5 5 8 8 8 8 8 8 8 8 8 8 8 7 7

ER, (8 (8|8 |6 (6|6 |6 |7|7]7 7 8 8 8 8 8 8 8 8 8 8 8 5 5

ERs | 8 | 8|8 |7 (7|7 |7]5]65 5 5 8 8 8 8 8 8 8 8 8 8 8 6 6

ERe | 8 |8 |8 |7 |7 |7 |7]|]6|6]| 6 6 8 8 8 8 8 8 8 8 8 8 8 5 5

The generated electricity rates were then subjected to the process presented from Step
3to Step 4 in Figure 4.1. As discussed in Section 4.3, during this process, operation of the
DRM constituting both CRM and LCS was repeated a number of times to simulate the
random responses of the customers. For better understanding, the proposed method is first
demonstrated on an individual consumer. As shown in Figure 4.7(b), this individual show
high interest in participating in the DR program. Also, high availability of participation

towards household activities is predicted out of the usual working hours and sleeping times.
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Figure 4.7(d) shows responsiveness values estimated by the CRM when contracted with
ER: signal under three attempts with the same input conditions as given in Figure 4.7(a-c).
For all attempts, the recorded high response values are visible during the morning hours
where the consumer can actively participate in the household activities while claiming the
reduced rates. Also, the variations showed for the estimated RY values recorded under
different attempts relate to the probabilistic and uncertain nature of the human decision-
making process which was captured using the PFIS. This process was repeated for all
participating customers and in each attempt, the recorded R{, values were used in the LCS

to estimate the updated load curve.
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Figure 4.7 Operation of the CRM: (a) Input - electricty rate, (b) Input - customer Intersest, (c)

Input - customer availability, and (d) Output - customer responsiveness

Figure 4.8 demonstrates the modified load curves estimated by the DRM under three
attempts considering all the participating customers. The observed differences in the
obtained DR curves pertain to the stochastic nature of the human behaviour as depicted in
Figure 4.7. Also, the estimated demand responses have followed the variations suggested
by the objective load curve in relation to the forecasted one. The magnitudes of those
changes have varied according to the contracted rates, availability, and interest of the
consumers as well as the respective characteristics of their shiftable loads. The average

demand curve estimated for each electricity rate is given in Figure 4.9. Table 4.5 presents
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a comparison of objective function values calculated by the FDL for each electricity rate.
Based on the results, ER1 with the lowest weighted sum corresponding to utility costs,

emissions, and consumer costs was selected as the optimum electricity rate.
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Figure 4.8 Winter day: updated load curves obtained for each contracted electricty rate: (a)
Atttempt 1, (b) Attempt 2, and (c) Attempt 3
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Table 4.5 Objective function value under each candidate electricity rate m for winter day

m

1

2

3

4

5

6

FDL
En

0.9680

0.9694

0.9691

0.9734

0.9731

0.9829

The power commands for the next day operation after modifying the load demand with
the modifications predicted under ERy is given in Figure 4.10. Also, a comparison of results
with respect to the without DR case (as discussed in Section 3.6.1.3) is given in Table 4.6.
With the anticipated changes in the load profile, the 400 kW generator (DG31) will be able
to energize the power system avoiding the start of 800 kW generator (DG;). Thus, the

observed costs and emission reductions were mainly influenced by the reduced use of DG;

facilitated by the peak load reduction. Also, compared to the without DR case, the BESS

utilization has been increased to support DG: in both providing the required operating

reserve and supplying the load as reflected in the increased battery degradation costs.
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Figure 4.10 Winter - Optimum operational routine of the HRES with DR: (a) Operational

routine, (b) SOC, and (c) Available operational reserve and minimum requirement
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Table 4.6 Results comparison for the optimized HRES operation with and without DR

Without DR With DR

Total utility costs [$] 4066 3868

Total CO2 emissions [kg] 6335 6294

Consumer costs [$] 480 430

Diesel costs [$] 3977 3738

Battery degradation costs [$] 89 130
Energy spillage penalty costs [$] 0 0
System penalties - -

4.6.2 Summer study cases

As revealed through the analysis of the first day summer case depicted in Figure 3.10,

part of the available solar energy had to be spilled following an energy surplus period.

Thus, for summer with low loading conditions, the main challenge is to reduce the wastage

due to the spilling of low-cost and environmentally friendly solar power.

The objective load curve generated using the CPM, is shown in Figure 4.11. The

objective load curve suggested a load increase for the afternoon and early evening hours

indicating the advantage of increased load and resource correlation. This resulted in

reduced electricity rates for the suggested time period as given in Table 4.7.
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Figure 4.11 Objective load curve for summer day
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Table 4.7 Electricity rates in cents/kWh for summer day

ER:. | 8| 8|88 (|8|8|8]|8]8 8 8 5 5 5 6 6 6 8 8 8 8 8 8 8

ER. (8 (8 |8|8|8[8|8|8]|8]| 8 8 5 5 5 7 7 7 8 8 8 8 8 8 8

ER; | 8| 8|8 |8 (|8|8|8]| 8|8 8 8 6 6 6 5 5 5 8 8 8 8 8 8 8

ER, | 8 (8| 8|8 |8 [8|8|8]|8]| 8 8 6 6 6 7 7 7 8 8 8 8 8 8 8

ERs (8 (8|8 |8 |8 [8|8|8|8]| 8 8 7 7 7 5 5 5 8 8 8 8 8 8 8

ERs | 8| 8| 8|8 (|8|8|8]| 8|8 8 8 7 7 7 6 6 6 8 8 8 8 8 8 8

Then, the derived electricity rates were subjected to Step 3- Step 4 in Figure 4.1. The
DRM operation was repeated under several attempts similar to winter study cases and the
estimated average demand curves for each electricity rate are given in Figure 4.12. A
comparison of the FDL objective function values calculated for each rate is given in Table
4.8. Among the candidate priced-based incentives, ER3 achieved the lowest objective
function value and will be selected as the best rate. The next-day power system set-points
after modifying the load demand with the modifications predicted under ER3 is given in
Figure 4.13. A comparison of its performance with the reference case is given in Table 4.9.
The load conditions influenced under ER3 allowed the EMS to optimize the system
operation while reducing the spilled solar energy by an amount of 73 kWh, aiding to the
slight reduction in operating costs and emissions observed in the DR integrated case.
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Figure 4.12 Average demand responses for summer day
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Table 4.8 Objective function value under each candidate electricity rate m for summer

m 1 2 3 4 5 6

EFDL 0.9225 0.9326 0.9222 0.9400 | 0.9428 | 0.9505
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Figure 4.13 Summer - Optimum operational routine of the HRES with DR: (a)

Operational routine, (b) SOC, and (c) Available operational reserve and minimum

requirement

Table 4.9 Results comparison for the optimized HRES operation with and without DR

Without DR With DR
Total costs [$] 1680 1611
Total CO2 emissions [kg] 2146 2095
Consumer costs [$] 368 331
Diesel costs [$] 1427 1405
Battery degradation costs [$] 220 199
Energy spillage penalty costs [$] 33 7

System penalties
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4.6.3 Overall discussion

When the existing diesel-only system is retrofitted with PV and energy storage and
optimized with the proposed DR integrated energy management scheme, 31% costs and
11% emission reductions can be achieved for the considered winter day compared to the
diesel-only operation. Also, over 60% cost and emission reductions were achieved for the
considered summer day operation. When compared to the optimized PV-Diesel-Battery
operation as discussed in Chapter 3, the integration of DR as proposed in this chapter
achieved 4.9% costs and 0.6% emission reductions for the winter day. Also, furthering of
cost and emission reductions through DR integration was estimated to be around 4.1% and
2.4%, respectively, for the summer day operation.

Although, the overall result confirmed the applicability of the proposed DR integrated
energy management framework to further maximize the benefits of operation optimization,
the extent of these benefits was limited due to several site-specific externalities minimizing
the overall load shifting achieved. Due to the prevailing restrictions, the loads available for
shifting is lower than a usual community reference, in both variety and magnitude.
Specially, the absence of big power consumption items, such as space heating/cooling
loads have affected the performance of the DR framework adversely.

For winter season, operation of both regular-sized and over-sized diesel units are a
usual occurrence in the considered power system as shown in Section 3.6.1. Thus, inclusion
of a DR scheme can be helpful in further optimizing their commitment in a daily basis.
Also, peak load reductions as demonstrated in Section 4.6.1, could pave the way for
reduced operating hours and even eventual replacement for the over-sized diesel
generators. In contrast to winter season, inclusion of DR did not prove to be much effective
for summer season. During summer days, with high solar power availability, the operation
cost as well as the spillage of solar energy can be reduced if the system operation can be
continued for longer durations without the use of diesel generators in Isolated mode.
However, during the Isolated mode, which usually coincides with the energy excess period,
the required operating reserve is supplied only by the battery unit. Therefore, the battery
SOC at the start of the Isolated mode must be optimized to satisfy both power balance and

operating reserve requirements as well as to minimize the spilling of the solar energy,
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depending on the forecasted load and resources. However, with the inclusion of DR, the
overall load shifting allows the battery unit to initiate the Isolate mode with relatively less
energy reserve which results in a slightly higher capacity to absorb the excess solar energy
relative to the without DR case. For example, for the with DR and without DR cases, the
SOC at the start of Isolated mode was observed to be 58% and 61%, respectively. However,
the loads available for shifting were not sufficient to achieve considerable reductions in the
spilled solar energy or to further increase the length of the Isolated mode as shown in the
example case in Section 4.6.2. Also, these energy excess periods are of low occurrence.
Therefore, inclusion of DR would not maximize the benefits of operation optimization on
a daily basis compared to winter season.

In addition, it must be noted that the proposed DR modelling framework relies upon
the utility-side’s knowledge of the underlying power system and its electricity consumers.
However, the behavioural characteristics of the participants will not remain static over
time. Therefore, to account for the changing user characteristics, the consumer-related
inputs and the structured PFIS model parameters must be subjected to regular
modifications. Once the DR model is in operation, the utility can constantly update the
consumer data archives either manually or using a learning technique to accurately keep
up with the changing user characteristics.

4.7 Concluding Remarks

This chapter presented a DR integrated day-ahead energy management framework to
maximize the benefits of operation optimization in remote communities. The proposed DR
strategy was structured for a price-based program utilizing a simplified communication
platform with minimal interactions and rewarding electricity rates. These measures
enhance the practicality of the proposed DR framework while influencing an increased
customer participation in the long run. Special attention was given to estimate the
responsiveness of the consumers to reshape their load profiles using a PFIS. This approach
aided the utility-side to realize the best-suited electricity rate while avoiding the
communication intensive two-way iterative process found in the conventional DR

approaches.
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While providing an opportunity for the consumers to lower their electricity bill, the
proposed DR model also facilitated the utility-side to minimize the daily operating costs
and emissions. The optimized commitment of the diesel units and the increased penetration
of solar energy mainly contributed to the observed benefits in the DR integrated case
compared to the reference case results. Also, for the considered power system, winter
season showed higher benefits associated with DR integration compared to summer. The
observed benefits of the proposed method can be further maximized if applied to other

remote sites with less restrictions on the available load types.
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Chapter 5

Uncertainty Management in Operation

Optimization

5.1 Introduction

The operation optimization task can be complicated by the sources of uncertainties
mainly rooting through deviations of actual load and resource profiles from the respective
forecasts. Deviations of load profile can arise from different sources like weather
conditions, community events, and programs pursued by the utility/government. When
considering intermittent renewable energy, variations occurring in their primary energy
sources (i.e., solar irradiance) and weather patterns can affect the total production. Remote
power systems often count on past generation log data and historical meteorological data
collected through distant weather stations in generating the load and resource forecasts
further increasing the associated uncertainty. In addition, the absence of a strong grid to
manage the load balancing task pose several challenges to the optimum energy
management of these isolated power systems compared to its grid-connected counterpart.
Depending on the required load demand and the freely available renewable energy, isolated
networks undergo transitions between the diesel-in (Gensup), and diesel-out (Isolated)
modes as discussed in previous chapters. Therefore, optimum scheduling of resources must
be achieved while allocating enough reserves for demand-supply balance during both

operating modes while coping with the associated uncertainties. In this context, operation
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optimization employed with uncertainty management strategies is imperative to ensure a
reliable, cost-effective, and secure energy supply for the remote off-grid power systems.
In this chapter, the energy management control layer developed in Chapter 3 and
Chapter 4 is reinforced with the uncertainty management capability. A novel hybrid
uncertainty management method is proposed utilizing deterministic and stochastic
techniques. The proposed method maintains the simplicity of the deterministic techniques
and incorporates the effective representation of uncertainties provided by the stochastic
frameworks to derive an optimum operation plan in a computationally efficient manner
with reduced dependence on frequent updates. The proposed method is demonstrated
through numerical experiments for an isolated remote power system for both summer and
winter seasons. Quality of the obtained results and the computation efficiency of the overall

framework have been verified compared to the existing energy management techniques.

5.2 Background and Literature Review

Different techniques have been proposed in the literature to address the uncertainty
issues in optimal multi-resource scheduling. They can be mainly categorized under robust
optimization [21], closely-tracked deterministic optimization [22], stochastic optimization
[23], [24], chance-constrained optimization [25], and hybridization of these approaches
[28], [30]. Their implementation has been carried out in either a single-layered or a multi-
layered framework. Many studies [23], [24] have also proposed the inclusion of a pre-
defined operating reserve margin to address possible intra-time-step deviations in forecasts
in combination with aforementioned uncertainty management techniques.

In robust optimization, a sub-optimal dispatch strategy is formulated by subjecting a
single worst-case scenario over an uncertainty set. However, complications associated with
the formulation of the uncertainty set may lead to a computationally intractable solution
[26]. Also, the prioritization of a worst-case scenario usually leads to a conservative
resource-handling solution degrading the achievable benefits [27].

In closely-tracked deterministic optimization, the conventional deterministic
framework is unified with a feedback mechanism to adjust the initial dispatch solution to

compensate for the deviations occurring in uncertain decision variables. Among the
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available feedback mechanisms, Model Predictive Control (MPC) has emerged as a proven
technique to handle large set of uncertain variables [12], [29]. In MPC, the decision
variables are iteratively adjusted over a finite future time horizon based on the optimization
model and most up-to-date forecasts. However, as discussed above, most studies solve the
underlying operation optimization problem under deterministic conditions considering
predictions averaged over a given time-step. Therefore, even when embedded with MPC,
if the intra-time-step variations of the uncertain variables show higher fluctuations, the pre-
determined deterministic solution might become infeasible. Therefore, precise
implementation of closely-tracked deterministic optimization depends on the frequency of
the variable updates which could be quite cumbersome and data-intensive when increased.

As a solution, one can find a single optimum dispatch solution for a finite set of
scenarios, which lays the foundation for stochastic optimization [87]. In studies deploying
stochastic approaches [87]-[91], uncertainties are contained within the problem
formulation as a finite set of possible realizations and the optimization minimizes the
expected cost of the formulated objective function. The conventional multi-scenario
stochastic approach used in multi-resource scheduling does not consider any recourse
actions making the dispatch solutions vulnerable in case of inaccurate representation of
uncertainty variables [26]. Also, as the forecast horizon extends, the operation uncertainty
increases significantly while degrading the accuracy of the predicted scenarios, which
limits attaining realistic conclusions [28]. Studies proposing stochastic MPC strategies can
be found in [92]-[94]. However, due to the deployment of multi-scenarios, stochastic
approaches often result in a computationally demanding optimization problem [28].
Chance-constrained optimization is another technique to handle uncertainties in multi-
resource scheduling [25]. This method also deploys a probabilistic description of
uncertainties to the problem formulation and guarantees the probability of satisfying a
given constraint above a certain level [30]. However, when deployed with high confidence
levels, an accurate representation of uncertainty distributions is required to deliver
meaningful results [26].

In this context, multi-layered and/or hybrid uncertainty management methods have
emerged as effective alternatives to address the shortcomings of these individual

approaches. Authors in [27] have included a two-stage optimization layer to the
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conventional MPC approach considering a PV-Diesel-Battery isolated network. The first
layer consists of an optimal control problem for the calculation of the power dispatch. The
second layer adjusts the diesel generator start/stop time solving a boundary value problem
over a shorter control horizon to improve the control robustness towards forecast
uncertainties. However, when subjected to varying load and solar predictions, adjusting the
diesel generator routine in near-real-time could cause frequent starts/stops which can
adversely affect its lifetime. In [26], a stochastic-predictive EMS is proposed for an isolated
microgrid. Uncertainty is addressed using a two-stage decision making process. The first
stage deploys a stochastic mixed integer linear programming approach to find the
commitment whereas a shrinking horizon optimal power flow performs the final dispatch
in the second stage. Due to the complexity associated with stochastic programming
approaches, the underlying problem is solved using the branch and bound method which
can be exponential in terms of time complexity. Also, the proposed approach could undergo
potential convergence issues during actual implementation pertaining to different time
resolutions and details included in the two-stages. Moreover, this study has not included a
minimum deterministic operating reserve requirement in formulating the problem, which
is imperative when considering isolated power systems that can undergo scenarios with
high renewable penetration and grid-forming modes with no synchronous generation.

A near-real-time stochastic look-ahead dispatch strategy is formulated in [28] where
operation uncertainty is mapped to economic risks in order to devise a control horizon
division technique. The subjected look-ahead dispatch horizon is decomposed into a
deterministic portion and a stochastic portion to minimize the data-intensiveness of a fully
stochastic approach. However, due to higher emphasis given for capturing the uncertainties
in near-real-time operation, special problem decomposition methods are required to meet
the tight time constraints during actual deployment. In [30], authors manage uncertainty
concerns of a day-ahead optimal energy trading management problem using a combination
of stochastic and robust optimization. A two-stage, stochastic, and p-robust approach is
proposed where the benefits of the two techniques are integrated together to find a robust
solution with a minimum increase of expected operating cost. A chance-constrained two-
stage stochastic method is proposed in [95] to solve the unit commitment problem while

maximizing the wind penetration. Sample average approximation method is used to handle
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the probabilistic constraints under three different wind power utilization policies. The
probabilistic constraints are reformulated as mixed integer constraints. The demonstrated
numerical results verify the effectiveness of the proposed approach in maximizing the wind
power penetration. However, the complexity of the problem is greatly impacted by the
incorporated number of scenarios.

The reviewed studies employing multi-layered and/or hybrid techniques have showed
several advantages in the respective contexts when handling optimum multi-resource
scheduling under uncertainties. However, developing a cost-efficient, secure, and reliable
energy management technique with integrated uncertainty management is a non-trivial task
and majorly depends on the system layout, operational constraints, geographic location,
weather patterns, capabilities of the lower-level controllers, computational power, as well
as the projected objectives of the system operators. To this end, more focus is needed on
addressing the issues faced by primarily fossil-fuel based remote off-grid power systems
when achieving optimum multi-resource scheduling under uncertainties.

As discussed in Chapter 3 and Chapter 4, in addition to the main objectives such as
costs and emissions reduction, the operation optimization frameworks adopt several
measures to maximize the envisioned benefits such as allowing safe navigation between
diesel in and out operating modes, minimizing inefficient loading events for the diesel
generators, minimizing the spilling of available energy, prolonging the lifetime of system
components, ensuring energy security etc. However, achieving of these objectives must be
ensured while effectively addressing the uncertainty issues faced by remote power systems
as discussed in Section 5.1. Also, high reliance on forecasts generated through historical
records and data collected from distant weather stations further increases the associated
uncertainty. In the presence of quantitatively optimized dispatch solutions generated
through such forecasts, confirmation of the logical operation and making corrective
adjustments if required is important as further discussed in Chapter 6. Moreover, as this
process may be time consuming, adequate amount of time must be leveraged for this
purpose. Therefore, the multi-layered and/or hybrid arrangements can be further improved
while considering the aforementioned operational requirements pertaining to remote off-

grid power systems. Reduced dependency on frequently updated forecasts, feasibility to
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implement corrective control actions during actual deployment, simplicity, and

computational efficiency can be highlighted as the identified areas for improvement.

5.3 Proposed Two-stage Framework for Operation

Optimization under Uncertainties

The proposed operation optimization platform considering uncertainties features a

two-stage decision making process as depicted in Figure 5.1.
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Figure 5.1 Proposed two-stage decision making process

At the start of each time-step t, the first stage solves a deterministic optimization
problem to obtain a set of quantitatively optimized unit commitment and dispatch
commands based on the current system status and updated forecasts for the considered
look-ahead window. The second stage deploys a stochastic optimization layer and adjusts
the derived operation plan considering a set of candidate scenarios. The objective of the
scenario-based stochastic layer lies on ensuring the reliability and security of system
operation. The stochastic problem is solved by optimally adjusting the references of the
dispatchable grid-following sources with minimum changes to the unit commitment
commands generated by the first stage. For violations that cannot be fixed by the stochastic

layer (i.e., depletion of available operating reserves), corrective actions are requested from
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the first stage as shown in Figure 5.1. Such corrective measures will initiate a new run of
the deterministic optimization layer with increased minimum reserve requirements.

The proposed method deploys two look-ahead windows and is formulated in a MPC
framework where only the references for the first time-step t is communicated to the lower-
level controls of the actual power system and subsequently the control horizons of both
stages are shifted by one time-step. There are two main approaches to MPC based on how
the control horizon is being shifted namely; the Rolling Horizon method [96] and the
Receding Horizon method [12]. The current study focuses on the operation optimization
of a daily control horizon and the Receding Horizon MPC technique is deployed in the first
stage where the look-ahead window length at the start of a given time-step x (L,,) is reduced

in each successive control action as shown in Figure 5.2.
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Figure 5.2 Look-ahead windows of the two stages

The second stage uses the Rolling Horizon MPC strategy with a fixed look-ahead
window length S, which remains constant in contrast to the first stage. When the length of
the first stage horizon gets shorter than S as the day progresses, the next day day-ahead
deterministic control commands will also be used to provide reference unit commitment
and dispatch information for the second stage as shown in Figure 5.2. Length S can be
adjusted to find a better trade-off between quality of results and sub-problem size for the
underlying stochastic optimization.

The following sub-sections detail the specific functionalities of each layer considering
a PV-Diesel-Battery power system.
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5.3.1 Deterministic optimization layer (first stage)

The operation optimization framework proposed in Chapter 3 is embedded into a
Receding Horizon model predictive controller to update the unit commitment and dispatch
commands in regular intervals as the system progresses and more reliable forecasts are

received during the actual system operation.

5.3.2 Stochastic optimization layer (second stage)

Section 5.3.2.1 briefly explains the methods adopted from existing literature to generate
the load and solar power scenarios for the stochastic layer. The proposed problem
formulation in the stochastic optimization problem is discussed in 5.3.2.2.

5.3.2.1.  Scenario generation
The actual Probability Distribution Function (PDF) of the forecasting error of each
uncertain variable is approximated as a discrete distribution with a tractable number of
finite states with a certain probability. The discretized sets of the respective continuous
PDFs can be represented as in (5.1) [23]:

5c = {(eb, B, (eh B, ., (el pi)} where ZMb =1 (5.1)

where el and p’. are the forecasting error and the associated normalized probability of
each state, respectively. M is the total number of discrete states.

For each time interval, the developed discrete sets are used to create a set of possible
realizations of the uncertain variables along with their associated probabilities using the
RWS method as described in [88]. The generic functionality of RWS is given in Appendix

C.1. The normalized probability of the n‘" scenario is derived using (5.2):

St t t
Ht:t pPVann

K Sttt
n=1 1= Ppv ,PLy,

Pn = (5.2)
where K is the total number of generated scenarios, p}ivn and pfn are the probability

of solar and load forecasting errors for t" time-step of n'" scenario, respectively.
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After generating the scenarios, it is necessary to remove scenarios with either low
probability of occurrence or the ones with many similarities to the rest of the scenarios
[87]. Scenario reduction also aids to increase the tractability of the underlying optimization
problem. The scenario reduction process proposed in [87] is applied to obtain a total
number of N(<K) scenarios to be used in the stochastic optimization layer. The
functionality of the deployed scenario reduction process is given in Appendix D.

As the focus of this study lies within the operation optimization, effectiveness of the
generated scenarios will not be assessed through their statistical properties, but through the
improvement in the overall operation plan. A different scenario generation mechanism can

be easily adopted to the proposed stochastic layer.

5.3.2.2.  Stochastic optimization
The objective of the stochastic layer is to ensure a probabilistic guarantee of feasibility
for the final operation plan by considering a finite set of candidate scenarios with high
probability of occurrence. Inputs to this stage include the generated N candidate scenarios
(which represent probable load and solar power profiles for the current stochastic look-
ahead window) and the updated system status. The diesel unit commitment and battery
power commands derived by the deterministic layer for the considered stochastic look-

ahead window is also taken as an input by this stage as shown in Figure 5.3.
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Operation plan (\
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(for .ct ..v:mL tp:: o [SPB'“ #solutions #Hiterations [EF"W ]#solurlom
[Prat Ug \) —
—_— Plant Expected Modified
Scenarios Model = LSt Objective Function operation plan

Batygay’ xdependentl

.Pi';s"', P:,"f,:, P1 (for t.. s, time period)

t.5

: ptst o
Pi"sr,P;;;[, Pn Baty,g,' ~dependent,
: t.S¢ t.5¢
t.s; pt.St P X
Py Ppys PN Batyoay’ ~dependenty ly ), p10ns

Figure 5.3 Second stage stochastic optimization layout

The stochastic optimization problem is formulated having a similar layout to the

operation optimization framework developed in Section 3.4. However, the change in

battery power command (SPBtftf) when operating as a grid-following source is defined as
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the independent optimization variable within the range of +85. The plant model only
constitutes the component models developed in Section 3.3.2. Also, in contrast to
deterministic optimization, the developed stochastic optimization layer optimizes the
expected value of the objective function denoted by EF,p;.

In each iteration, the plant model follows the unit commitment and dispatch commands
generated by the deterministic layer as the reference for the considered stochastic look-
ahead window and derives the modified battery power commands as in (5.3):

(5.3)

t — pt t t — t —
t _ PBatmod - PBat + 6PBat» UGensup =1, UIsolated =0
Batmodn -

t t — t —
PBatni UIsolated =1, UGensup =0

where subscript n denotes conditions in each considered scenario, and U¢,ys,, and
Ufso1ateq denotes the Gensup mode and Isolated mode of operation, respectively.

During time-steps operating under Gensup mode, plant model uses Pgatmo i and the

suggested commitment of the diesel units to derive the dependent variables to achieve
steady state power balance for each considered scenario. Similar to that discussed in
Section 3.3.2.3, the derived diesel loadings were maintained within their limits. For time-

steps operating under Isolated mode, plant model derives Pgatmodn mimicking the load-

balancing task of the battery unit (P5,,, ). Under both modes, pri”n is used to curtail the

excess energy under each scenario and the SOC update is conducted based on (5.4):

(1—U§n)x(|P§atmodn|><dt><100><nc) Ul X (Phat g q, XdEX100)

Batcap Batcapxng

SOCL* = SOCt + (5.4)

To maintain the SOC within permitted limits, Pgatmodn derived under each scenario

was adjusted similar to (3.3) - (3.5) for the Isolated mode. However, for Gensup mode,

rule-based conditions can not be applied for P,gatmo , as its value has to be the same under

all scenarios. Therefore, for time-steps operating under Gensup mode, the SOC limits were

maintained by relying on a cost-based penalty as discussed later in this sub-section.
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The objective function value for each scenario is formulated to ensure reliability and
security of operation with minimum required modifications to the initial operation plan

determined by the first stage deterministic process as given in (5.5):

Fopg = (Costyif] + Costie®) x PE (5.5)

where PF;t is the penalty factor of n scenario, Costjn%i and Costpi® account for
the penalty costs incurred due to the modified energy spillage requirement and change in
mod mod

battery reference, respectively. For each scenario, Costg,y; and Costpg; are calculated

as in (5.6) and (5.7), respectively:

St
mod __ t
Costoyin, = § t_t(Pspilln X dt) X Cspin (5.6)
St
mod __ t t t
COStbatn - § et UGensup X (|PBat - PBatmodn X CBatchange) (5-7)

where CBatenange is the penalty factor for battery reference changes.

Costydi and Costyi® are incorporated to minimize the deviation from the optimum

operation trajectory suggested by the first stage deterministic layer.
The magnitude of PESt is calculated using (5.8)-(5.11):

PEt = PFpp, X PFyg, X PFLBigntitn (5.8)
St P]f —P(t;
PFpp, = 1_[ (1+ cpp X |—5—) (5.9)
n t=t PLTI
st PL;. — P}
PFyp. = 1_[ (1+ Cop X —mitn " RsTn, (5.10)
t=t Plimit,,
St
PFLBigrfitn = l_[ (1 + CLBi%it X Uct;ensup X ViOZationiimitn) (5'11)

t=t

where PFpp , PFog,,, and PFly;, denote the detected violations in power balance,

imity,
minimum operating reserve, and the battery maximum charge/discharge power limits
under each scenario, respectively. The associated penalty rates are denoted by cpg, cor,
and ¢ In (5.9) and (5.10), P§ , Pf, , Plimie, » @nd P, are calculated similar to Section
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3.4. Violationj;,,, is the violation detected in maximum charging/discharging battery

references derived during Gensup mode for each scenario n.
Finally, the expected objective function value is derived to minimize the expected

costs of all the N scenarios as given in (5.12):

N
EF,p; = z LonxFf5, ] (5.12)
n=

where p,, is the probability of each scenario as calculated in Section 5.3.2.1.

5.4 Study System and Data Inputs

The proposed method will be demonstrated for distinctive days in both summer and
winter seasons, considering the PV-Diesel-Battery HRES and system conditions used in
previous chapters. Most of the input parameters were incorporated similar to that given in
Table 3.1-Table 3.2 and the rest can be found in Table 5.1. The discretized PDFs of
percentage error associated with the hourly-averaged forecasts are given in Table 5.2.

Table 5.1 Input data used in the two-stage operation optimization framework

K 800

N 25

S [hours] 6
S5 [kW] 150
CBatchange [$] 0.5
Crimic [$] 100

Table 5.2 Discrete probability distribution of forecasting errors

Load (Summer) Load (Winter) Solar
Error (%) Probability Error (%) Probability Error (%) Probability
-4 0.075 -3 0.075 -3 0.05
-2 0.15 -1.5 0.15 -1.5 0.15
0 0.55 0 0.55 0 0.6
+2 0.15 +1.5 0.15 +1.5 0.15
+4 0.075 +3 0.075 +3 0.05
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The data given in Table 5.2, were constructed considering the trends given in [23],
[87] and the sources of uncertainties inherent to the considered test system such as load
variability introduced by the DR program as devised in Chapter 4, seasonal variations in
load demand as well as the increased uncertainties associated with past generation data and
historical meteorological data used in producing the forecasts. All the simulated results

were computed using the software package MATLAB R2021a.

5.5 Comparison Cases

For both seasons, a numerical analysis is also conducted to approximate the actual
power system status over the 24-h control horizon. As discussed in Section 1.3, the power
system control was realised in a hierarchical architecture, where the proposed two-stage
operation optimization framework occupies the top-most layer. During actual deployment,
the generated optimum operation plan will be integrated to the primary controls employed
at each system component through the incorporation of secondary-level power
management strategies. Also, in order to maintain a stable operation within the component
limits, the adopted lower-level control layers can result in certain modifications to the
optimum operation plan depending on the system conditions encountered during the actual
operation. In the demonstrated study cases, such lower-level control actions were
represented using simplified mathematical formulations to obtain the modified hourly-
averaged steady state behaviour of the components based on the actual load and resources.
A detailed discussion on the lower-level control actions will be given in Chapter 6.

The proposed method is also compared with two other energy management approaches
namely, the closely-tracked deterministic method realised using the conventional MPC
approach (MPC case) and the day-ahead energy management with perfect information
(Perf case). In MPC case, the EMS uses the deterministic optimization layer detailed in
Section 5.3.1 embedded in MPC to provide the reference commands for the lower-level
controllers in each time-step as the control horizon progresses. No further adjustment is
made to the reference commands as in the case of the proposed two-stage decision making
process. The Perf case is a theoretical exercise where the operation plan generated
considering a perfect 24-h forecast is used to provide the reference commands for the
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lower-level controllers [26]. In this case, the actual realizations of the hourly-averaged
solar and load profiles are used as the generated forecast. Therefore, the operation plan
generated at the start of the 24-h control horizon by the deterministic optimization layer
detailed in Section 5.3.1 is used to govern the system operation without the inclusion of
MPC. As the Perf case generates its results with the best possible forecast, it can be
considered as a benchmark to assess the actual system performance under the operation

trajectories suggested by other energy management approaches.

5.6 Results and Discussion

5.6.1 Summer study cases

Figure 5.4 presents the load forecasts generated for the first three successive MPC
processes along with the actual load variation for the first two hours. The generated
forecasts for the first three MPC trials have showed considerable variability for time-steps
at the end of the control horizon. This shows the increase of uncertainty as the control

horizon extends and further heightens the need of deploying proper recourse actions.
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Figure 5.4 Generated load forecasts and actual load demand variation up to the start of 3"

hour MPC process
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In Figure 5.5, a sample set of the generated load scenarios used in the second stage
stochastic layer are showed for the first three MPC processes of the considered summer
day. Following a similar procedure, updated forecasts and scenarios were generated for rest
of the MPC windows covering the entire 24-h horizon for both load and solar variables.
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Figure 5.5 Set of load scenarios used for: (a) 1% hour, (b) 2" hour, and (c) 3™ hour

Figure 5.6 presents the forecasts and dispatch commands generated by both proposed
method and the MPC method for the first hour of each look-ahead window for the entire
24-h horizon.
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Figure 5.6 Summer: (a) Forecasts, (b) Dispatch solution of proposed method, and (c)
Dispatch solution of MPC method
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The proposed approach (Figure 5.6 (b)), has suggested the Gensup mode for the early
morning and late-night hours whereas the Isolated mode is suggested for the mid-day time
frame to harness the available solar power as much as possible. For the 6" and 7" hours,
the charging battery power commands suggested by the first stage has been further
increased in the second stage stochastic layer as shown in Figure 5.7 to be able to reliably
navigate all the candidate scenarios considered within the stochastic look-ahead window.
Figure 5.7 also emphasize that the second stage has suggested the required minimal
adjustments to maintain the optimum trajectory recommended by the first stage

deterministic optimization layer.
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Figure 5.7 Proposed method: Adjustment of battery power commands

When comparing the proposed dispatch solution with that suggested by the
conventional MPC approach (Figure 5.6 (c)), a similar trend of operation modes can be
seen. However, due to the lack of future operating reserves maintained by the dispatch
solutions suggested prior to the 8" hour, the initiation of the Isolated mode has been
delayed by one hour to save the available battery energy to maintain the feasibility and
continuation of operation during the Isolated mode. The battery power command for the
8" hour is optimized to maintain the diesel power output at its minimum loading level.

Table 5.3 and Figure 5.8-Figure 5.11 represent an approximation of the actual power
system status over the 24-h control horizon under actual load and solar power variations.
In terms of total costs, emissions, and the curtailed energy, the proposed method
outperforms the MPC method and have delivered results closer to a scenario where perfect

forecast information is available in the day-ahead time frame (Perf case).
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Table 5.3 Summer: Actual power system operation status

Proposed MPC Perfect information
method method (Perf case)
Total costs [$] 1644 1745 1600
Total CO2 emissions [kg] 2113 2203 2067
Diesel costs [$] 1412 1493 1392
Battey degradation costs [$] 188 162 188
Energy spillage penalty costs [$] 44 90 20
DG: min loading violation hours [h] 0 1 0
DG max loading violation hours[h] 0 0 0

System penalties
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Figure 5.8 Summer: DG1 loading during actual operation
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Figure 5.9 Summer: Curtailed energy during actual operation

10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25
Time(hour)

_ 100~ |—Proposed —MPC ' I !

75

SOC(%

25
1 1 1 1 1 1 1 1

Perfl
50 J

1 2 3 4 5 6 7 8 9

Time(hour)

Figure 5.10 Summer: Variation of SOC during actual operation
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Figure 5.11 Summer: Availability of operating reserves during actual operation

During actual operation, DG1 has formed the grid during Gensup mode while operating
within its loading margins for all the considered cases as shown in Figure 5.8. However, in
the MPC case, DG; is operating marginally at its minimum loading margin for the 8" hour.
Figure 5.9 and Figure 5.10 show the average energy curtailment and battery SOC during
the actual performance, respectively. Due to the high SOC maintained at the end of 8™
hour, the MPC approach has failed to harness most of the available solar energy compared
to the proposed case. This is further highlighted by Figure 5.11 which depicts actual
operating reserve levels maintained by each case during the 24-h control horizon. The
proposed dispatch solution has maintained the operating reserve levels closer to that of the
perfect information case while navigating the power system operation in an optimum and
reliable manner.

During summer days, with high solar power availability, the operation cost as well as
the spillage of energy can be reduced if the system operation was to continue for longer
durations without the use of diesel generators in Isolated mode as observed during Chapter
3 and Chapter 4. In contrast to MPC case, the proposed method functions with higher
awareness of possible future operating conditions and optimally adjusts the battery power
commands to satisfy operation constraints of all possible scenarios. This allows it to
achieve longer durations of Isolated mode with lower spilled energy amounts, resulting in

reduced costs and emissions compared to the MPC case.

5.6.2 Winter study cases

Generation of forecasts and the determination of load and solar scenarios was
conducted similar to that discussed in Section 5.6.1. Figure 5.12 depicts the forecasts and
the dispatch solutions generated by the proposed method and the MPC method for the first
hour of each look-ahead window for the 24-h control horizon. Both operation plans have
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not suggested the Isolated mode considering the low availability of solar power with high
load demand. In both cases, the battery operation has been optimized to energize the power
system using DG: while ensuring power balance, operating reserve, and maximum
generator starts requirements. Also, both approaches have produced similar trends in
committing the diesel generators as well as considering the battery charging/discharging
operation. Compared to the MPC approach, in the proposed method, the discharging
battery references suggested by the first stage have been further increased by the stochastic
layer during the peak demand period as shown in Figure 5.13 to ensure the maximum

loading margin for DG; considering the candidate scenarios generated in each hour.
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Figure 5.12 Winter: (a) Forecasts, (b) Dispatch solution of proposed method, and (c)
Dispatch solution of MPC method
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Figure 5.13 Proposed method: Adjustment of battery power commands

Table 5.4 and Figure 5.14-Figure 5.16 depict the approximation of actual power

system status over the 24-h control horizon. In terms of total costs and emissions, the
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proposed method and the MPC method operated similarly with slightly reduced values

compared to the Perf case. However, in terms of maximum loading hours for DGy, Perf

case depicted the best performance followed by the proposed method. Compared to the

MPC case, the proposed method and the Perf case incurred slightly higher battery

degradation costs due to its increased utilization to ensure the DG1 maximum loading

margin during the peak load period.

Table 5.4 Winter: Actual power system operation status

Proposed MPC Perfect information
method method (Perf case)
Total costs [$] 3873 3876 3890
Total CO2 emissions [kg] 6285 6313 6325
Diesel costs [$] 3734 3747 3752
Battey degradation costs [$] 139.2 129.3 138.48
Energy spillage penalty costs [$] 0 0 0
DG: min loading violation hours [h] 0 0 0
DG: max loading violation hours [h] 2 9 0
System penalties - - -
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Figure 5.14 Winter: DG loading during actual operation
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Figure 5.15 Winter: Variation of SOC during actual operation
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Figure 5.16 Winter: Availability of operating reserves during actual operation

In the MPC case, a total of 9 hours were detected where DG; operated above its
maximum loading level during actual system operation as depicted in Figure 5.14. Such
conditions pose an operational risk to the grid-forming task of DG due to its own capacity
limits and possible depletion of available operating reserves. Therefore, such loading
conditions degrade the quality of the MPC solution in terms of both reliability and security
of operation. Under the proposed method, DG1 showed only 2 maximum loading hours,
with only slight increase above the loading margin. This observation shows its competence
in handling the operational constraints under forecast uncertainties. The three cases showed
similar variations in battery SOC and available operating reserves during actual operation

as shown in Figure 5.15 and Figure 5.16, respectively.

5.6.3 Computational performance

This section presents an analysis conducted on the computational performance of the
proposed method. All the results were computed in a PC with AMD Ryzen 3600 CPU @
3.6 GHz base (4.2 GHz boost) and 32GB DDR4 RAM @ 3600 MHz. The average
computational time taken for the first hour MPC process of a given day with a deterministic
look-ahead window of 24 hours and a stochastic look-ahead window of 6 hours while
considering 25 scenarios was estimated to be around 21.81 s for the proposed method.
When considering the same 24-hour window, an entirely deterministic approach would
take an average computational time of 12.8 s to generate the results whereas for an entirely
stochastic approach with 25 scenarios, the computational time showed an exponential
growth averaging around 755.53 s. Therefore, the proposed method shows a good
improvement over the entirely stochastic approaches in terms of computational
performance and results in a slight increase in computational times with respect to an

entirely deterministic framework, however with improved operational feasibility as
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showed in Section 5.6.1 and Section 5.6.2. Table 5.5 presents the average computational
times taken by the proposed method for different look-ahead window lengths and different
number of scenarios considered in the second stage. In all cases, a 24-h look-ahead window
was considered for the first stage deterministic layer. According to Table 5.5, only the
number of considered scenarios showed some impact on the computation times. However,
the observed computation times, even for higher scenario numbers and longer look-ahead

windows, were considerably lower compared to the entirely stochastic framework.

Table 5.5 Average computational time taken for the first hour MPC process in seconds.

No of Scenarios

5 25 75 100
4 | 17.86 | 21.58 | 34.33 | 42.25
Stochastic look-ahead window length 6 | 17.92 | 21.81 | 34.70 | 42.49
12 | 18.29 | 22.42 | 36.37 | 44.26

The observed computational performance of the proposed method is mainly influenced
by the problem formulation techniques used in devising the second stage stochastic layer.
The second stage optimization layer receives the diesel unit commitment and battery power
commands derived by the first stage for the considered stochastic look-ahead window as
an input. Use of this input as a reference trajectory greatly reduces the burden of the
underlying optimization problem. Also, the second layer optimizes the required change in
battery power command within a pre-defined range to ensure a probabilistic guarantee of
feasibility for all the considered scenarios. Therefore, the search space is also reduced
compared to a fully stochastic problem and allows fast convergence. The observed
computational performance is advantageous when deploying this method in actual system
operations even with higher time resolutions and also when using this method for operation

analysis purposes prior to actual deployment.
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5.6.4 Impact of the stochastic optimization layer parameters on the

quality of results

For the second stage stochastic decision-making process, selection of both the look-
ahead window length (S) and the scenario number (N) is a compromise between the
associated optimization problem size and the delivered quality of results. To study this
effect, operation of the proposed method under the summer day conditions were analyzed
for different look-ahead window lengths and scenarios numbers. The change in results is
given in Table 5.6 while keeping the summer study case with a 6-h stochastic look-ahead

window and 25 scenarios as the reference.

Table 5.6 Effect of stochastic layer parameters on the quality of results.

Deviations [%]
Costs Emissions Energy curtailment
Stochastic look-ahead 4 +6.2 +4.35 +106
window length 12 -0.005 -0.087 -11.9
5 -04 -0.33 -6
Number of scenarios
75 0 0 0

The battery output power is governed by the grid conditions (grid-forming source) once
the system moves into the Isolated mode leveraging less flexibility for the stochastic layer.
Therefore, when encountered with possible longer periods of operation under Isolated
mode, longer S values increase the ability of the stochastic layer to appropriately adapt to
futuristic scenarios while the system still operates in the Gensup mode where the grid-
following battery command is available for adjustment.

The analysis considering the effect of scenario number on the quality of the results
revealed some interesting points. When the scenario number was decreased to 5 from 25,
a very small reduction in cost, emissions, and energy curtailment was detected. Excluding
some of the forecast realizations has allowed the stochastic layer to adapt to the futuristic
scenarios with fewer committed reserves compared to the reference case. When the actual

realization also stays within the lower and upper boundary of the considered scenarios, the
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overall result has appeared as an improvement over the reference case. However, it must
be noted that if the actual load and solar variations were to deviate more form the suggested
scenarios, the adjustments provided by the stochastic layer with 5 scenarios would not have
provided a high assurance on a feasible system operation. When the scenario number was
increased to 75, the change in results were negligible related to the reference case. This is
expected as the newly accounted scenarios either has a very low probability of occurrence
or are similar to that already accounted within the 25 scenarios considered in the reference
case. Thus, for the studied power system conditions and the associated discrete probability
distributions, the considered 25 scenarios have captured most of the uncertainty spectrum
allowing the stochastic layer to adequately strengthen the operational feasibility of the

derived unit commitment and dispatch commands.

5.7 Concluding Remarks

A two-stage operation optimization framework that accounts for both economical and
environmental considerations as well as the underlying forecast uncertainties of a remote
off-grid HRES is presented. Both deterministic and scenario-based stochastic problem
formulation techniques are integrated while considering several operational requirements
inherent to remote off-grid power systems. The proposed energy management platform is
robust towards uncertainties, computationally inexpensive, and results in minimum daily
costs and emissions while satisfying several system constraints.

The proposed method is tested for system conditions prevailing in both summer and
winter seasons. Also, the obtained results are compared with both the MPC approach and
the day-ahead operation optimization scenario with perfect information. In addition, a
detailed analysis is presented to evaluate the computational performance of the proposed
method and to evaluate the effects of the stochastic layer parameters on the quality of
results. The results revealed the improved performance of the proposed method in
maintaining an optimum operation trajectory while addressing the uncertainties associated
with the forecasts for both summer and winter seasons. The proposed method showed
significant improvement over the entirely stochastic framework in terms of computational

burden and resulted in average computational times slightly above that caused by an
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entirely deterministic framework. For the considered system conditions, look-ahead
window lengths above or equal to six hours proved to be beneficial in enhancing the quality
of results whereas about 25 scenarios provided an adequate approximation of the forecast

uncertainties.
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Chapter 6

Power Management and Operation

Evaluation

6.1 Introduction

In Chapter 3 to Chapter 5, focus was on the EMS that derives the unit commitment
and dispatch solutions to achieve a quantitatively optimized operation trajectory. The
devised energy management algorithms considered the steady state system behaviour while
prioritizing parameters such as operational costs and emissions. However, when deploying
such reference commands to the actual system operation, maintaining a logical operation
is imperative. The logical operation constitutes maintaining a stable and secure operation
under dynamic conditions accommodating the capability of lower-level control functions
that act on a shorter time frame managing both continuous and discrete events. At certain
instances, the set-points advocated by the supervisory-level may need adjustments to
ensure stability and security of the power system, but such changes must be minimized to
avoid deviations from the optimum operation trajectory determined by the EMS. Also,
these dynamic control functions must be tested for their robustness in handling unexpected
system disturbances that may encounter while following the operation trajectory suggested
by the EMS.

This chapter proposes a set of power management strategies to effectively deploy the
EMS set points to the unit-level controls in a maximally permissive manner while adapting
to limitations of diesel, battery, and PV system during actual operation. Also, an operation

evaluation routine is proposed to provide a set of guidelines to assess and modify the EMS
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set-points considering system dynamics, lower-level control capabilities, and equipment
limitations based on EMT simulations. Results are demonstrated for several operational
scenarios in the PSCAD/EMTDC™ simulation environment for a remote off-grid power
system with PV, diesel, and battery energy sources.

6.2 Background and Literature Review

Although microgrid energy management as well as microgrid control are highly
researched topics, relatively few studies have addressed the close coordination and
performance verification of energy management and power management control layers.

In [97], authors have presented a master and slave control framework for a stand-alone
hybrid energy system. A master controller generates dispatch commands considering
economic aspects and component limits whereas a slave controller modifies those reference
commands to ensure power system dynamic limitations adapting to real-time conditions.
Both master and slave controllers highly depend on pre-defined operational modes and the
current net power requirement without considering a predictive look-ahead window.
However, sole dependence on current information to derive the dispatch strategy can
degrade the overall controller competence in the presence of non-dispatchable sources.

Coordinated control frameworks subjecting both predictive and real-time data can be
found in [11], [98]-[103]. Authors in [98] propose to achieve the quantitatively optimized
logical operation through close coordination of a schedule layer and a dispatch layer. The
schedule layer obtains an economic operational scheme based on a look-ahead multi-step
optimization. The dispatch layer navigates the derived operational plan while considering
stability and security of operation. However, the logical criteria are incorporated to the
dispatch layer only by means of power flow and voltage limit considerations. Authors in
[103] have proposed a hierarchical control technique in which both the energy management
layer and the primary control layers utilize a Economic Model Predictive Controller
(EMPC). Two separate optimization problems are solved in real-time with the use of
reduced order models developed for the two control layers. Performance of the controller
is experimentally validated over different time horizons considering both economic and

logical criteria. However, given the high dependence on model-based controls, the
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practicality of incorporating EMPC to primary control layers is limited to power systems
with relatively few resources.

A real-time EMS for a hybrid energy system is proposed in [99] from both cost and
stability points of view. The energy commitment problem is majorly formulated based on
case-specific rules. For instances with power deficiency to cover the net-load, a fuzzy
controller is designed to control the power sharing between the grid and a battery system.
However, when deriving the dispatch commands, predictive information of future
scenarios is only considered for the peak hours within the fuzzy controller. In [100], a fuzzy
logic controlled two-stage EMS is deployed to achieve a quantitative control objective
subjecting a multiport multioperation mode residential microgrid. The EMS incorporates
both real-time microgrid parameters and long-term predicted data to select the appropriate
operation mode and works in close coordination with a mode selection and transition unit
to achieve seamless operation. Results are thoroughly analysed considering both
quantitative and logical criteria. A rule-based real-time controller closely coupled with a
predictive dynamic programming-based optimization technique can be found in [101]. The
competence of the proposed control framework to optimally manage the power flow
according to the derived energy plan has been experimentally verified. However, dynamic
programming-based energy management can result in extensive computational efforts in
the presence of large number of system variables and operating modes. A distributed
intelligent EMS coupled with a real-time control module is presented in [102]. The
operation optimization module developed using linear programming and heuristics
integrates the hourly forecasts predicted using a fuzzy ARTMAP neural network. However,
the real-time controller only investigates power balance to ensure the logical operation.
Also, a proper explanation has not been provided on how the pre-defined optimum set-
points are updated to compensate for forecast deviations.

Authors in [11] present a supervisory controller deploying hybrid automation and
discrete decision-making to generate economic dispatch commands for the lower-level
controllers that ensure the stability criteria. However, this study does not provide a clear
representation of the impact of lower-level controllers, and the adopted controls are only

evaluated considering frequency stability.
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In contrast to the conventional simplified system representations used in EMSs, a
detailed three-phase system model is featured in [104], which allows the EMS to account
for the effects of power flow constraints and system unbalances on the optimal operation
of standalone microgrids. However, due to the extent of details integrated into the operation
optimization framework, extra problem decomposition approaches are required to make
the problem tractable in a reasonable time. Although the EMS formulation has revealed
insightful conclusions on its competence to facilitate a logical operation, authors of [104]
further emphasize the importance of capturing the dynamic effects of primary controllers
to assess the quality of solutions in real-time operation.

A study mainly investigating the logicality of a quantitatively optimized operation plan
through a detailed dynamic simulation model can be found in [20], considering a Wind-
Diesel-Battery power system. Power management is only discussed considering a post-
processing unit which modifies the derived optimum diesel set-points to increase its own
operational efficiency as well as to operate the battery within its SOC limits. The dynamic
analysis has been performed covering the entire daily control horizon, which in the
respective system set-up has taken approximately four days in actual clock-time to
complete. Several operational scenarios and sensitivity analysis are performed to analyse
the robustness of the optimized operation plan. However, dynamic simulation of the entire
operation trajectory is impractical when considering daily operation evaluation. It requires
a larger computation effort and much longer simulation time. Also, it would not leverage
the system operators with enough flexibility in terms of implementing corrective control
actions during actual intra-day operation.

The reviewed studies [11], [20], [97]-[104] considering both logical and quantitative
objectives have showed results verifying the achieving of long-term operational objectives
while maintaining logicality in the short-term operation using different evaluation criteria.
However, only [11], [20], [97], [100]-[103] have provided a rigorous transient type of
validation to their respective control frameworks while capturing enough system dynamics.

Many remote power systems with limited or seasonal access due to geography, harsh
weather, etc. rely on past generation log data for demand predictions and the
meteorological data is often collected from distant weather stations as discussed in Chapter

5. When adopting a steady state dispatch solution generated through such long-term data
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with higher uncertainty, verification of the logical optimality and making corrective
adjustments if required is crucial. Also, sufficient time must be leveraged for this purpose
as this process may be time consuming. Thus, the power management strategies practical
for such remote power systems must be less dependent on high-resolution forecast updates,
simple in the problem formulation, and should be subjected to a proper transient-type

performance evaluation process.

6.3 System Set-up and Control Requirements

The supervisory level control layers as devised in previous chapters usually do not
consider the transient behaviour corresponding to fast system dynamics. Therefore, in
Chapter 3 to Chapter 5, the system components and the involved control functionalities
were modelled using simplified mathematical equations. However, when considering
lower-level control tasks, a detailed representation of the overall system is required to
properly design and assess the system operation. An example schematic of such a
representation considering a PV-Diesel-Battery power system is given in Figure 6.1 in

contrast to the simplified representation used in Chapter 3 to Chapter 5.
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Figure 6.1 Representation of a PV-Diesel-Battery power system

The PV array and the battery unit, which jointly form the renewable component of the
hybrid configuration is connected to a common DC-link capacitor through two DC-DC
converters. Energy transfer from the renewable system to the AC side and vice versa is
achieved using a two-level VVoltage Source Converter (VSC). The system demand usually
consists of many different types of loads. Thus, the usual practice for modelling of the
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system load is to use an aggregate load by breaking it down to different classes such as
commercial, industrial, residential etc.

When navigating the system operation as suggested by a quantitatively optimized
operation plan, special care must be given to several discrete and continuous-state events
to accommodate a stable and secure operation while minimally obstructing the suggested
operational routine. Based on the analysis conducted in Chapter 3 to Chapter 5, operation
routines derived by EMSs subjecting HRESs often operate in two distinct continuous
states. When at least one diesel-based synchronous generator is operating, it generates the
voltage and frequency references for the stable power system operation (Gensup mode).
For periods with low loading and/or high renewable penetration, operation planning often
recommends schedules where the diesel generator goes out of operation and the load is
supplied by the available renewable sources and storage units (Isolated mode). Isolated
mode of operation is suggested under the assumption that at least one inverter-interfaced
DER can facilitate the grid-forming task. Although it is theoretically sound, forming the
grid and continuing the system operation under almost zero synchronous inertia with high
penetration of intermittent energy can be a challenging task [105]. Also, rigorous validation
is needed to confirm whether the power system can achieve seamless transition between
the two modes without any interruption to the energy sources and the load.

The derived operation routines might also suggest schedules where the adopted
operating reserves are maintained only by a very short margin. These scenarios have a high
probability of violating the system limits and thus require further verification. The
complications imposed by reactive power regulation is another aspect that needs to be
tested before deploying the operational plan in an actual system. Also, the applicability of
control commands/parameters deployed in the adopted dynamic control functions must be
tested under several scenarios to avoid oscillations in their respective control loops.

In addition to these, employing measures to handle unanticipated events, initiation of
restoration controls, providing necessary feedback to the supervisory control layers in the
presence of possible violations, etc. can be identified as some other control functionalities

required from the lower-level control layers.
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6.4 Integration of Energy and Power Management

Functions with Unit-level Controls

Integration of energy and power management functions to the unit-level controls is

realized in a hierarchical control architecture as shown in Figure 6.2.
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Figure 6.2 Integration of energy and power management controls in a hierarchical
architecture

The tertiary controls operate in the supervisory-level and deploy the slowest responses
(hours to one-day) accommodating control tasks in management and planning. Integration
of energy management function into the tertiary layer will be discussed in Section 6.4.1.

In contrast to the tertiary control layer, secondary controls act in a shorter time frame
(seconds to minutes) and manipulate the unit-level controls to manage interactions between
all components within the power system. In this study, the secondary controller obtains the
set-points from the tertiary layer under expected/forecasted operating conditions. The
development of conventional secondary-level controls such as voltage and frequency
restoration and transition controls, which are based on existing literature, are discussed in
Section 6.4.2. In addition to these, a coordinated set of power management functions are
proposed to modify the EMS set-points considering the limitations of diesel, battery, and
PV modules during actual operation in Section 6.4.2.3, Section 6.4.2.4, and Section 6.4.2.5,

respectively.
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Also, each system component is assigned with a dedicated unit-level controller to
govern their operation based on current system conditions and the reference commands
provided by the secondary layer. These control functions, usually referred to as the primary
controls, deploy the fastest responses (sub-seconds to seconds). To demonstrate the
applicability of the overall control framework, the unit-level controls are also developed

based on existing methods as briefly discussed in Section 6.4.3.

6.4.1 Tertiary controls

In this study, an EMS, and an Operation Planning Unit (OPU) form the base of the
adopted tertiary control layer as shown in Figure 6.2. The OPU assigns the control horizon
and provides the required data to the EMS including network data, component data, system
status, forecasts etc. Also, it is assumed that the system operator acts as a unique entity in
charge of overseeing the OPU functionality, aimed at enhancing the envisioned objectives
for both the utility-side and the consumers. In the intra-day time frame, the two-stage
operation optimization framework as devised in Chapter 5 occupies the EMS.

6.4.2 Secondary controls

6.4.2.1.  Normal operation and grid-forming controls

Under normal operation, the secondary controller must facilitate two continuous-state
operation modes as discussed in Section 6.3.

When at-least one diesel-based synchronous generator is included in the unit
commitment schedule for the next time period, the system operates under Gensup mode.
During the Gensup mode, the grid-forming control is assigned to the diesel plant and the
VSC-interfaced renewable system is governed under the grid-following control mode. The
commitment of the diesel generators and the battery reference are obtained from the
derived optimum operation plan. The PV array output is controlled independent of the other
units using the power reference provided by the unit-level MPPT strategy. The active

power reference command of the VSC is defined as in (6.1):

PIZ‘? = PBR:J + PPV) X Ncon (6-1)
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where P;j[ is the battery reference, P,y is the locally measured PV output, and ..,

is a factor accounting for the converter losses depending on the inverter/rectifier operation

of the bi-directional VSC. The derivation of P/ is discussed in Section 6.4.2.4.

The reactive power reference of the VSC is derived using (6.2) [106]:

R
Vgg = —Qyst + Qriter (6.2)

where QypéL is the reactive power set point of the renewable system and Q ritter 1S the
reactive power contribution of the AC side filter.

If the dispatch schedule suggests the system load to be supplied only by the available
renewable sources and storage units, Isolated mode is activated. During the Isolated mode,
the diesel plant is taken out of operation and the VSC controls are configured to operate as
a voltage source to form the grid as detailed in Section 6.4.3.2. Among the DERs, PV unit
is considered unreliable for load-balancing due to the intermittency associated with its
primary energy source and complexities involving power reserve estimation. Therefore,
the output power regulation of PV unit is done similarly to the Gensup mode. Battery
storage unit, being a dispatchable energy source, is used to aid the VSC grid-forming task
by providing the required power slack to balance the grid conditions [36].

6.4.2.2.  Transitioning controls

When the tertiary controller suggests the Isolated mode of operation for a given time
period, the Gensup to Isolated transitioning mode will be activated first. During this mode,
the secondary controller gradually increases both active and reactive power references of
the grid-following VSC to allow the diesel generator to supply the balance of the grid
power at lowered active and reactive power values. Once the system reaches steady-state,
the interface breaker of the diesel unit is opened activating the Isolated mode of operation.
Simultaneously, the VSC control is switched from grid-following to grid-forming mode.
When transitioning from Isolated to Gensup mode, proper synchronization of the incoming
diesel generator to the AC grid formed by the VSC must be facilitated. Therefore, during
this transition mode, the secondary controller first activates the synchronization mode

(Modegyn, = 1) for the respective generator where an active synchronization scheme will
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be initiated to make corrective adjustments in the detected differences in the voltage
magnitude, phase angle, and frequency across the interfacing breaker. Once the diesel
breaker gets closed, its synchronization mode will be disabled. Simultaneously, the
connected diesel unit will take over the grid-forming task and the VSC control mode will
be switched from grid-forming to grid-following at the reference active and reactive power

values defined by the tertiary controller.

6.4.2.3.  Diesel power management

The EMS usually imposes a minimum loading limit as a percentage of the DG rating
when deriving power commands of diesel generators as discussed in the previous chapters.
However, during actual deployment, when a diesel unit balances the grid, changes in
system conditions could violate such limits irrespective of what had been suggested in the
operation plan. Therefore, when diesel generators operate close to their minimum loading
limit, Modeb e, ; is activated and the battery power command is modified to a value
pLimit  within its operational limits. PL™ is derived based on the operating conditions

detected in the rest of the power system as given in (6.3) - (6.4):

Limit  _ ,-sT Total Min 1
PMinLoad - [e d(PGen — I'Diesel ]17 - PPV (63)
con
Mi N PMS
in _ Rated t
PDL’esel - E l(DGminn X DGna e X UDGn) (64)
n:

where P is the minimum loading level of diesel plant, PI9¢ is the measured total

generation, e =74 js the communication delay, and DGPMS

min,, 1S the minimum loading margin
set by the secondary-level power management strategies for D G,,. However, if battery had
already reached its overcharge limit, the available PV power will have to be spilled by
reducing its maximum power limit.

Also, the EMS always prioritises in committing the lowest rated generator that could
satisfy the operational requirements. Therefore, the maximum loading limit is always kept
below the rated active power of the diesel generators during the operation optimization
leveraging more flexibility to facilitate the gird-forming task irrespective of the forecast

deviations encountered in the actual system operation. However, in scenarios where such
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low-rated diesel generators operate close to their maximum loading limits, ModeDset .
is first activated and precautions are taken to use the other grid-following dispatchable
sources to aid the grid-forming task, unless restricted by their component limits. Since PV
is considered as non-dispatchable, the battery reference will be adjusted in such scenarios

to a value of PLI™E - derived as given in (6.5) - (6.6):

o 1
Plﬁlanalcll,toad = [e_STd (ngrial - I%(el?el ] - PPV (6-5)
con
M N d t
Ppigser = E I(DGrI;L%:fn X DGRated x Up,,) (6.6)
n=

where P1%%  is the maximum allowed power contribution from the diesel plant and

DG,‘;’Z,fn is the allowable maximum loading margin set by the power management strategies

for DG,

6.4.2.4.  Battery power management
The battery unit receives its original reference command from the EMS in the Gensup
mode. This reference will be first adjusted to ensure the diesel loading limits as in (6.7):

Dispatch __ Diesel : Rated_max EMS pLimit
PBat - MOdeMaxLoad [mln (PBat , maX(PBat , PMaxload))]

. - (6.7)
+ Modeyis%aa [max (=F gc?tted'max' min(P ot P IlL/Ilirrrzlllgad))]
where PEMS is the set-point generated by the tertiary-level EMS and PR&€?-m4X g the

battery rated operating capacity.

In the approximate representation used in the EMS, the battery operation is regulated
at an idle mode when the SOC reaches either its maximum or the minimum limit as
depicted in Chapter 3. However, in actual operation, the suggested idle mode is realized at
a relatively small non-zero power level to allow the battery DC-DC converter to continue
the DC-link voltage regulation undisturbed. Also, stepwise preventive measures are taken
to stall possible violations in the battery SOC limits. Three SOC regions are defined for
both overcharge and overdischarge scenarios namely, “Warning”, “Boundary”, and

“Critical” as shown in Figure 6.3.
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Figure 6.3 Overcharge and overdischarge preventive measures

In the Gensup mode, the battery reference (Pfj[ ) given to the primary controls is

defined based on the SOC operating regions as shown in Figure 6.3. Within the normal

SOC limits, PX¢/ was defined similar to PL=P%*“" In the overcharge region, if the SOC

surpasses oc; While charging, as in Figure 6.3, a “overcharge warning” signal will be issued

to the OPU while continuing the battery operation at the suggested PorP%*“", If battery

SOC reaches the boundary region (Mode&e™**"”=1) and continues its charging operation,

. Dispatch Ref Boundary .
the secondary controls overwrite Py, and change P, ,; to —P,,, decreasing the

charging rate to a lower value. After reaching the critical SOC stage (ModeSX¢%=1),

PReT will be set to P§hitieal such that it slowly discharges until PEMS is adjusted by the
tertiary controller in the next time-step. Similar set of steps will be initiated for the
overdischarge region as shown in Figure 6.3.

In contrast to the Gensup mode of operation, battery overcharge preventive measures
have to be taken without interfering the VSC grid-forming controls in the Isolated mode.

Therefore, once the battery SOC satisfies conditions for either overcharge boundary
(ModeZo¥™ ™) or critical (ModeSjii°@) regions as shown in Figure 6.3, the secondary

controls activate Modeki™*t. Under this mode, the power available through the rest of grid-

following sources is limited to allow the battery operation at a minimum reserved power
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level (P5.Ts°¢) defined under each overcharge region. As shown in Figure 6.3, a

minimum charging power level of —P2o*"%%" is allowed for the overcharge boundary

region. Once the battery SOC exceeds the overcharge critical conditions, the power reserve
margin is set to a discharging power level of PSritic@l Once activated, the overcharge

critical mode is forced until the SOC reduces to a pre-defined SOC level (oc,,;») to curb

frequent cycling of the battery unit. During possible overdischarge events (Modes e P =

1), the secondary controller warns the OPU, and a diesel generator will be reconnected to
the grid to ensure reliability and supply security.

In addition, the generated duty factor for the battery DC-DC converter is appropriately
limited to mitigate battery maximum power violations due to sudden transients in the unit-
level [107]. However, if the duty factor gets restricted in its upper limit for prolonged
periods, the regulation of the DC-link voltage gets interrupted. Therefore, precautionary
measures must be utilized in both tertiary and secondary layers to avoid such scenarios.
Violation of this condition in the Gensup mode is restricted by limiting the battery
reference within its rated value. For the Isolated mode, when the battery power reaches
close to its maximum limit, secondary controller activates Mode5 ™, . If this mode gets

activated during a charging operation, the power available through the grid-following
sources is limited to allow the battery operation at a power level (P;:t”itp ower) close to its

limit. If Mode5iMe, is activated during a discharging mode, the secondary controller issues

a warning signal to the OPU, suggesting the re-connection of a diesel generator.

6.4.2.5. PV power management

In Chapter 3 to Chapter 5, it was identified that remote power systems can undergo
scenarios with low loading and high solar penetrating conditions. Although such events are
of low probability, a dynamic control strategy is needed to manage the available solar
resource without causing violations in the individual system components and stability of
the overall operation. The maximum allowable PV power (P2%*) is usually set at a value,
piimit By default, PE™¢ is set equivalent to the PV array rated power unless changed by
the tertiary controls. Three possible scenarios that require adjustments to PY/** from the
secondary controls are identified.
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During the Gensup mode, if the diesel generator undergoes a minimum loading
scenario and battery unit is unable to recover this, the secondary controls will derive P**
based on the required adjustment level to maintain the minimum diesel loading. In the
Isolated mode, however, PY** is switched from P57 only when the secondary controller
initiates either the battery overcharge power reserve mode (Modeki™t=1) and/or the

battery charging power limit mode (Mode5i™t =1) as shown in Figure 6.4.

Limit
Py
Pysc L1 1 g
R d
eon

T Limit Max
Pum“.ﬂawer MOdE’Power ! PPV
Bat

Pysc , |

—

Figure 6.4 Formulation of the maximum PV power limit in Isolated mode

If both modes get initiated together, Mod el get priority over Mode5i™t . During

Power
Modekimit, PMax is derived depending on the battery power reserve margin (Prirtso¢) as

given in Figure 6.3 and the locally measured VSC active power output (Pygc) as shown in

Figure 6.4. During the overcharge boundary region (Piimitsoc = _pBoundaryy - pMax g

kept higher than the required power system demand by an amount of Poo*™**"” This will
allow the battery to remain in the charging mode at the required power reserve margin. If
the energy surplus period persists and the battery moves into the overcharge critical region
(Primitsoc = periticaly pMax s reduced further to a value lower than the current system
demand by an amount of P§%i¢4 to move the battery operation into the discharging mode.
If ModebMi  gets activated during battery charging operation, PY#* is derived by adding
the absolute value of the maximum allowable battery power (P“"”tp °wery to Pygc as shown

Bat

in Figure 6.4. This allows the battery unit to store the excess energy at a power level just

below its maximum charging power.
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6.4.2.6. Voltage and frequency restoration

During scenarios which require more than one diesel generator, the droop mode is
activated (Modep,,0p = 1). Under droop mode, a restoration process with a slower control
compared to the respective primary control loop is also activated to restore the nominal
operating conditions [33]. Both frequency and voltage adjustments (CDS¢¢, VS€¢) are
derived to modify the frequency and voltage references used in the primary controls of
each diesel unit. To derive CO5¢¢, the system frequency is regulated at its nominal value
using a PI compensator. Similarly, to derive V5¢¢, the AC voltage at the diesel plant is

regulated at its nominal value.

6.4.2.7.  Unplanned initiation of isolated mode

Under normal conditions, the secondary controller evokes the Isolate mode as a
planned event proposed by the tertiary controller. This ensures that adequate operating
reserves are in order for the VSC grid-forming controls as predicted by the load and
meteorological forecasts. Even if the grid-forming controls get interrupted due to an
unexpected energy/power shortage, it is assumed that the diesel generators can be brought
back online when deemed necessary. However, if the Isolated mode is enabled due to an
unplanned event (EX: in the event of a diesel plant failure) precautionary measures must be
taken to maintain system stability and the operational limits. Therefore, whenever the
system moves into an unplanned Isolated mode of operation with inadequate operating
reserves, a load shedding scheme is needed to be integrated to supply power only to the
critical loads and to avoid complete collapse of the system [108]. However, in this chapter,

the focus is on the planned initiation of the Isolated mode as suggested by the tertiary layer.

6.4.3 Primary controls

6.4.3.1.  Diesel plant
In the Gensup mode, diesel plant is responsible of controlling system frequency and
voltage at their nominal values via proper adjustment of its active and reactive power

output, respectively. The deployed voltage and frequency references (C:)g‘z;}:1 ,VDR:[ ) are

generated using (6.8) and (6.9), respectively:
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COpel = CONOM- Modepyo0p | DTo0ppg, X Pog, — CO¢| + Modesync, [COpar | (6.8)

Vpa! = VO™ - Modeprooy[Drooppe, X Qpe, — V] + Modegyye, [Voor']  (6.9)

where CON°™ s the nominal frequency, VY°™ is the nominal voltage, and Drooppg,
is the droop value of the considered diesel generator. Ci)fﬁ(’;z and VDSGy: derived using a unit-

level active synchronization scheme are used to adjust the references when Modeg,p, . is

activated by the secondary power management strategies [109].

6.4.3.2.  Renewable energy system
The PV power reference (PPR;f ) is obtained by controlling the PV output voltage at the
extracted MPPT voltage using a Pl compensator. The upper limit (PY**) of PPRVef is

determined as discussed in Section 6.4.2.5. The derived PPRff will be deployed in the PV
Boost DC-DC converter controls to regulate the PV output power using a PI controller.

During all operating modes, the battery DC-DC converter is used to maintain the DC-
link voltage at its reference value using a Pl controller. The direction of the battery current
is used to identify its mode of operation (charging/discharging). Based on the identified
mode, the DC-link control loop is adjusted to facilitate the Buck mode for charging and
Boost mode for discharging operation.

The VSC control is formulated in the dq rotational framework. A Phase Locked Loop
(PLL) unit as in Figure 6.5 is integrated to identify the angle (64,;4) and the frequency
(CO¢riq) Of the VSC output voltage (Verig) [110]. The PLL adjusts the rotational speed of
the dq frame (CO) with respect to a reference frequency such that in steady state the g-axis

component of the VSC output voltage (deq) is forced to zero and its d-axis component

(Veria,) get effectively aligned with the voltage vector. In the Gensup mode, as Verid is

determined by the AC grid formed by the diesel units, the angle between d-axis and the
stationary a-axis and CO represent 6,4 and Cl¢,iq4, respectively. Thus, in steady-state, CO

equals CON°™ while Veria, settles at zero. However, in the Isolated mode, it is the task of

VSC controls to form and regulate the amplitude and frequency of the VSC output voltage.
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Figure 6.5 Schematic of the PLL [110]

The derived d-q components of the converter output current Ls. (Iysc,, Imq) are

independently regulated at their respective references (Igef 177 to derive the VSC

switching signals through the Pulse Width Modulation (PWM) scheme as in Figure 6.6.

[106]. Also, to decouple the control of ., and Lyscys the feedforward terms Lysc,LrCO and

Lysc,,LsCO are included where Ly is the filter inductance.

Veria,
Ref
la PI
Ivscd
IDSCq PWM Pulses
Modulator
Veria, 3
Ref
Iq
I'DS‘C

Figure 6.6 VSC current control [35], [106]

During the Gensup mode, the VSC active power reference (P, ) and the reactive

power reference (QVSf ) provided by the secondary controls are used to calculate IRef nd

IRef respectively, as shown in Figure 6.7, where Vé’ﬁ‘é" is the nominal peak value of the

line-to-neutral voltage at the VSC output [106].
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Figure 6.7 VVSC grid-following mode: current reference generation [106]

In the Isolated mode, the diesel plant goes out of operation and the VSC is operated as
a grid-forming unit to establish and regulate the grid voltage and frequency. As depicted in
Figure 6.8, two outer-voltage control loops are deployed to generate the d-q axis current
references.
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GTI‘,dd
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Vérid,
Veria,

(a) d-axis current reference generation

Limity V}G?e)_"d
ri
q

(b) g-axis current reference generation

Figure 6.8 VSC grid-forming mode: current reference generation [106], [110]

AS Viria, settles at zero in steady-state, regulation of V¢4, at the specified reference
value (Vaﬁigd) is deemed adequate to control the grid voltage [106]. Therefore, the voltage
control loop as given in Figure 6.8(a) is used to generate If;ef where Cy is the filter
capacitance and Vaif{;d is defined as V}yg . The frequency control is achieved by
generating Igef by controlling Viria, at the g-axis voltage reference value (VGRfigq), which

is derived through regulating CO at the nominal grid frequency CON°™ as depicted in Figure
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6.8(b) where G is a pure control gain [106]. In Figure 6.8, I;q, and Igria, are the d-q

components of the VSC grid side current.

6.5 Proposed Operation Evaluation Procedure

Operation evaluation serves three main purposes, 1) Identification of possible
scenarios suggested by the EMS that could impede the logical progression of the system
operation in a dynamic environment subjected to frequent disturbances such as random
changes in load, PV output, etc., 2) Verification of the competence of lower-level
controllers to stably and securely navigate such scenarios considering a sufficiently
accurate representation of the subjected power system, and 3) Applying proper
modifications to the derived operation routines when required. Such analysis increases the
system security and reduces any apparent risks when encountered unanticipated situations.
By making necessary adjustments to the unit commitment and dispatch schedules, any
dynamic instabilities, and undesired operating conditions such as temporary overloading
of equipment, limit violations, etc., can be minimized. The proposed operation evaluation

routine is shown in Figure 6.9.

Update Run Identify
system status & |—> El\ljls —> possible
forecasts operational risks
]
v
o (5] o Identify
Identify 3 q q 3 system violations
test scenarios LT ST T and required
adjustments
]
v
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cost of required

adjustments vs  |—>
associated

operational risks

adjustments if the
operational risk is
higher

Figure 6.9 Proposed operation evaluation routine
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Once the updated forecasts are received, the updated operation plan is analysed to
identify possible operational risks and required test scenarios. In general, the scope of the
required analysis in Step 3-4 in Figure 6.9 depends on the assumptions made during the
EMS formulation and the extent of uncertainty related to the actual operation. In Table 6.1,
the general requirements for operation evaluation of remote off-grid power systems are
identified by comparing the traits of actual power systems with that of their representation
used in the EMS. In Step 5, an EMT simulation model is used to further analyse the
identified scenarios through dynamic simulations of selected test cases. The simulations
will be used to detect scenarios that would deteriorate the stable progression of the system
variables and violate their nominal values in Step 6. In Step 7-8, the original set-points will
be adjusted based on engineering judgment if the operational risk associated with the
detected violations is deemed significant compared to the losses incurred in the quantitative
objectives (i.e., increase of costs and emissions) due to required remedial adjustments in
the initial operational routine to prevent the identified risk.

The operation evaluation process can be performed either once prior to the start of
each day or can be repeated with updated system conditions and forecasts as the control
horizon progresses. However, given the highly priced technical manpower in these remote
communities, deploying a system operator throughout the day to conduct this EMT
simulation-based operation evaluation process will be both impractical and cost-
prohibitive. Therefore, in the current study, it is assumed that this evaluation process is
only conducted once prior to each daily control horizon based on engineering judgement.
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Table 6.1 Identification of test cases for operation evaluation

Actual system EMS . Operation evaluation
representation
- Performed by the| - Steady state Grid-forming controller performance
grid-forming power balance | must be tested for scenarios where,
Active controller. is a_lwa_ys - Gr?d-forming uni_t is operating close
- Depends on maintained to its rated capacity.
power N . . L .
regulation system inertia, through rules - (_Srlgl-formn?g u_n_lt is operating under
component and/or cost- limited availability of reserves.
limits, based - The adopted test cases must consider
operational penalties. conditions under varying
; reserve etc. ) loads/resources, possible load
Reactive - Not considered . .
unbalance, motor starting transients
powe_r etc.
regulation
- Controlled by the| - Seamless - The transition controls must be
adopted validated for critical transitions
transition suggested in the operation routine
Mode controls. with varying system conditions.
transitions |- Depend on pre-
and post-
transition system
status.
- Ensured by - Always - Violation-prone scenarios identified
lower-level maintained in the operation routine must be
Component | controls. through rules tested to validate lower-level
limits - Subjected to and/or cost- controller performance under varying
violations based system conditions.
penalties.
Component - Can c_agse due to| - Not considered | - Cap_ability of the power system_to
failures and unanticipated navigate through compone_nt failures,
faults syste.m_ faults, and any_/ _other plausible
conditions. extreme conditions must be tested.
- The actual load | - Assumes the - Scenarios operating closer to the
and resources are| uncertainty minimum operating reserve must be
Forecast subjected to spectrum can tested under worst-cases.
uncertainties | variations from be captured
the forecasted using finite set
values. of scenarios.
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6.6 Study System Description and Data Inputs

To demonstrate the applicability of the proposed power management strategies and the
operation evaluation framework, simulations were performed considering the same remote
off-grid system used in previous chapters. When developing the tertiary level EMS, the
input parameters were incorporated similar to that presented in Chapter 3 to Chapter 5.

The main input data used in the lower-level control functions in producing the
discussed results is given in Table 6.2. To obtain the simulated results, a detailed EMT
model of the system as shown in Figure 6.1 was developed in PSCAD/EMTDC ™ software
environment to capture the electrical transients and other dynamic effects with adequate
accuracy. For PV and battery, the specifications similar to Appendix A were used. Rest of

the main data used in modelling the system components in the simulated cases is given in

Appendix E.
Table 6.2 Input data used in the lower-level control layers
Parameter Value
DGy [%] 30
DGR3 %] 97
T, [s] 0.1
0cq, 0Cy, 0Cc3 [%] 95, 97,99
odq, od,, odz [%] 15, 13,11
0Cmin [%0] 90
pEoumaary INMw] 0.05
Pggitet [MW] 0.025
pyimiteower [MW] +0.55
CONom™ [rads™] 376.9911
vyom(L-L rms) [kV] 0.6
Vpe [kV] 1
Veria (L-L rms) [kV] 0.48
Vsys (L-L rms) [kV] 25
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The system loads were represented using five major load centers as shown in Figure
6.1 with residential sector consuming bulk of the produced electricity (approximately 80%)
compared to the share of industrial/commercial loads [3]. Residential loads were
represented using 80% of constant impedance loads and 20% of constant power loads with
power factor in the range of 0.97-1. Under normal operating conditions, the
industrial/commercial load were consisted of 50% of constant impedance loads and 50%
of constant power loads with power factor in the range of 0.95-0.97 [104]. Under specific
test cases, induction motor loads were also added to the test network. Compared to winter,
the remote off-grid power systems operate under relatively high load unbalance during
summer. Therefore, to replicate realistic conditions for summer season, loads were
unevenly distributed among the three phases (phase-a 30.2%, phase-b 35.6%, and phase-c
34.2% [104]), in contrast to the balanced representation used in the EMS.

Although the developed power system model is assumed accurate for the purpose of
demonstrating the proof-of-concept of the derived methodologies, when deploying in an
actual real-world system, the simulation model must be validated with actual system data
during the commissioning stage to verify its competence in capturing the important
properties of the respective real-world power system.

6.7 Results and Discussion

6.7.10peration evaluation

This section demonstrates the operation evaluation process considering the day-ahead

optimum operation plan derived for a summer day similar to that shown in Figure 6.10.
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Figure 6.10 Day-ahead optimum operational routine: (a) Hourly forecast, (b) Operational

routine, (c) SOC, and (d) Available operational reserve and minimum requirement

6.7.1.1.  Step 1-4 of operation evaluation process

In Figure 6.10, EMS suggests the Gensup mode for morning and late-night hours
whereas the Isolated mode is suggested for the mid-day time frame to extract the maximum
possible solar energy within the system limits. The EMS initiates the Isolated mode for the
8" hour, just before the predicted increase of available solar power. The battery discharges
during 8-10 am and gradually moves into the charging mode as the solar power increases
during mid-day. As the battery reaches its overcharge limit, the available solar power has
been curtailed to ensure operational safety of the battery unit. Also, as the solar power
decrease in the evening hours, battery moves back to the discharging mode from 18-20™
hour. The Gensup mode is re-initiated from the 21 hour.

Given the high penetration of intermittent PV energy and the initiation of VSC grid-
forming mode, several testing scenarios can be identified for the considered summer day
operation. The transitions occurring from Gensup to Isolated mode in 8" hour and Isolated
to Gensup in 21% hour must be verified under varying system conditions to ensure the
competence of lower-level controls to facilitate seamless transfer of power. In 10" to 121"

hour, the required minimum operating reserve has met only marginally. The battery unit
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hits its overcharging limit in the 17" hour and this scenario is also prone to violations if the

lower-level controls are unable to curtail the excess PV power.

6.7.1.2.  Step 5-6 of operation evaluation process

The scenario depicted in Figure 6.11-Figure 6.12 shows the Gensup to Isolated mode
transition occurring in 8" hour. The load and solar irradiance have been changed slightly
from the forecasted average values to capture the intra-hour variations. The Gensup to
Isolated transitioning mode is activated around 4 s and the diesel active and reactive power
output is gradually decreased by increasing the VSC active and reactive power output,
respectively, as discussed in Section 6.4.2.2. Once the diesel power reaches a value close
to zero and the system becomes stable, the secondary controller enables the Isolated mode
at 16 s by opening the diesel breaker while transferring the grid-forming controls to the
VSC. The transition occurs smoothly and the VSC grid-forming controls stabilize the

system rather quickly as depicted in Figure 6.11 and Figure 6.12.
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Figure 6.11 Transition from Gensup to Isolated mode: (a) Active power and (b) Reactive

power
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Figure 6.12 Transition from Gensup to Isolated mode: (a) Frequency and (b) Voltage

The system operation was also tested for conditions prevailing in the 10" hour under
low availability of operating reserves and high variability of loads and resources. Prior to
the considered disturbances, the power system is in a stable operating condition supplying
a load of 0.25 MW/0.05 MVAR as shown in Figure 6.13. At 11s, the system undergoes a
small transient period due to a start of an induction motor and quickly recovers to the stable
system condition. During the period from 14-27s the system undergoes variations in both

solar irradiation and load demand.
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Figure 6.13 Summer day (10™ hour): (a) Active power and (b) Reactive power
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Throughout this period, the VSC gird-forming controls effectively adjust the battery
power output and balance the grid power stably as in Figure 6.15. It is evident that the VSC
grid-forming controls has enough power reserves even if the system undergoes high load
demands with less availability of solar power compared to the forecasted values. If this
period continues, the operation mode will have to be changed back to Gensup mode

considering the low availability of energy reserves. However, the probability of occurrence
for an unstable transition under such conditions is extremely low.
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Figure 6.16-Figure 6.18 depict the simulation results for a system condition prevailing
around the 17" hour. According to Figure 6.16, initially the battery is in a discharging mode
with the SOC just above 97%. Although the battery has passed both SOC limits
corresponding to the overcharge “Warning” and “Boundary” regions, those modes are not
activated due to the detected discharging mode of operation. A gradual increase of
irradiance moves the battery into the charging mode around 10 s and the overcharge
boundary is triggered around 13.5 s. During this mode, the maximum limit of PV output
power (PX**) gets reduced to curtail the excess PV power while allowing the battery to
operate in the charging mode at a lowered power level as defined by PE2*"**"” The VSC
grid-forming controls effectively facilitates the start of an induction motor around 18 s.
The required active power slack is taken through the PV unit and the battery continue its
operation in the overcharge boundary region. At 30 s, the upper limit of the PV reference
gets increased due to a reduction in the available solar irradiance and the battery shifts back
into the discharging mode to provide the required active power slack. This again allows
the PV MPPT operation to get enabled. Under all scenarios, the frequency and voltage

variations demonstrate a stable response as shown in Figure 6.18.
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The capability of the power system to navigate through fault conditions during the
energy excess period was also assessed. In Figure 6.19, the induction motor starting event
previously simulated in the 17" hour scenario is replaced with a three-phase to ground fault
applied at Buss in Figure 6.1. The applied fault was cleared after 0.15 s by breaking the
faulty section at Bus,. The system undergoes a transient period and quickly recovers to the
normal operating conditions in about 3 s following the fault clearing. As shown in Figure
6.19, the events initiated after 30 s take place similar to that discussed under 17" hour case

1 scenario.
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The scenario depicted in Figure 6.20-Figure 6.21 simulates the Isolated to Gensup
mode transition occurring in 21% hour. Around 10 s, the transitioning mode gets activated
by closing the main breaker of the diesel plant while initiating the synchronization controls
for the scheduled incoming diesel generator (DG1). Under the simulated system conditions,
it takes about 1 s for the detected differences in voltage magnitude, frequency, and phase
angle across the interfacing breaker of DG to satisfy the pre-defined requirements. At
about 11 s, the DG interfacing breaker is closed while switching the VSC control mode
from grid-forming to grid-following. Then the secondary controller gradually moves the
active and reactive power references of the grid-following VSC to the values defined for
the 21% hour as shown in Figure 6.20. The transition occurs smoothly, and the initial
transients seen in the frequency and voltage variations remain within the acceptable values

as shown in Figure 6.21.
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6.7.1.3.  Step 7-8 of operation evaluation process
The operational evaluation revealed the competence of the lower-level power
management strategies to navigate the suggested operation trajectory. High operational
risks requiring modifications to the derived optimum operational trajectory were not
discovered. Although only a short operational reserve margin is available in 10" -12™ hour,
the operation risk only exists in terms of the available energy as the required demand lies
well within the power capability of both the battery unit and the VSC. Also, as the EMS
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operates with an integrated uncertainty management scheme as discussed in Chapter 5, the
hierarchical controller has the flexibility to appropriately change the operation trajectory
when more reliable forecasts are available during the intra-day time frame. Therefore, the
unit commitment and dispatch commands will be kept unchanged from what was proposed

in the original operational plan as suggested in Figure 6.10.

6.7.2 Operation evaluation for other possible scenarios

This section demonstrates the applicability of the proposed power management
strategies and operation evaluation considering possible critical operating scenarios

detected in other optimum operation routines derived by the EMS.

6.7.2.1.  Diesel maximum loading scenario

In Chapter 4 and Chapter 5, it was noted that the developed operation optimization
framework under the influence of DR can deploy the battery unit and DG to meet the
demand for the considered winter cases as discussed in Figure 4.10 and Figure 5.12(b) for
the day-ahead time frame and intra-day time frame, respectively. Under such scenarios,
during the peak load period, DG operates close to its maximum loading limit allowed
during the EMS formulation. During this period, the deployed power management
strategies should be able to appropriately adjust the battery power command in order to
maintain the DG maximum loading while ensuring system stability.

In Figure 6.22 - Figure 6.24, the system operation has been simulated for the conditions

prevailing during a winter day peak load period under such conditions. Initially, VSC is

operating under the grid-following mode with the battery command (PBR;f) set at the

reference (P£MS) given by the EMS while DG; is forming the grid close to its operating

capacity. A 25 kVA induction motor starts around 13 s and DG; manages to recover the

system operation from the initial transient. As the active power demand increases, the
M.

secondary power management controls gradually increase P,iff from PEMS to mitigate

possible violations in DG loading limits and the stable operation prevails.
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However, if the battery reserves deplete earlier than anticipated, the grid-forming task
of DG can be obstructed in both power and energy considerations, if the start of DG had
not been scheduled. Figure 6.25 - Figure 6.27 demonstrate the system response under such
conditions. Battery reaches its overdischarge boundary around 8.2 s and the battery power

management restricts P/ to a value of 0.05 MW discharging. As the load increases with
a start of an induction motor, DGy passes its maximum limit which obstructs its grid-
forming capability, and the system goes unstable afterwards. Although the scenario
depicted in Figure 6.25 - Figure 6.27 is a “what-if” case, it well demonstrates the need of
operation evaluation and uncertainty management in order to alleviate risky operating

conditions that cannot be corrected by the incorporated power management strategies.

0.6
0.5
0.4

|

Active Power
M
(=]
N

0— — —
PLoad PDiea el PVSC I | L | 1

Q

[ “Load _QDieseI -

0.3 T T T T
| vsc

(MVAR)

Reactive Power

=]
(=]

10 12 14 16 18 20
(b)

Time(s)

Figure 6.25 Maximum loading case 2: (a) Active power and (b) Reactive power

T T T T T T

|

W

S o
T T

1 1

Frequency(Hz)
AW
(4]
T
1

'S
=)

w
(=]

)
|

Voltage(kV)
g
T
1

-

wn
T
I

=Y
(=]

10 12 14 16 18 20
(b)

Time(s)

(=]
(-]

Figure 6.26 Maximum loading case 2: (a) Frequency and (b) Voltage
136



Power Management and Operation Evaluation

? 0.25 T T T T T
E o2 |—PEMS —pRel P4
S 0.15(
2 01 .
000 ~ AT A
> of
@ - .
ﬁ D-loo'f 1 L 1 1 1 1
o 6 8 10 12 14 16 18 20
0.5 @)
. . T T T T T . RGT_P
20.4 - \M
f-g’o.s - .
002F 1
a
>01F .
o
0 1 L 1 L Ll o o o ol o moa a s oa s
6 8 10 12 14 16 18 20
(b)
Time(s)

Figure 6.27 Maximum loading case 2: (a) Battery power and (b) PV power

In Figure 6.28, the power system status was analysed for a possible faulty condition by
replacing the induction motor starting event of case 1 by a three-phase to ground fault

applied at Buse in Figure 6.1.
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The applied fault was cleared after 0.15 s by taking out the faulty section at Busa.
Following the fault clearing, the system recovers back to the normal operating conditions
within about 7 s. Due to the curtailing of the faulty section, the power demand reduces
slightly from the pre-fault conditions, which allows the diesel generator to stably continue

the grid-forming task without the assistance from battery unit.

6.7.2.2.  Diesel minimum loading scenario

The scenario depicted in Figure 6.29-Figure 6.31 analyses a possible minimum loading
violation for DG:. The system is initially supplying a load close to 0.18 MW in the Gensup
mode and DG;: is operating slightly above its minimum loading limit (0.12 MW). At 8 s
time, the irradiance increases and DG reduces its power to balance the grid. As DG1 goes
below 0.12 MW, the secondary controls gradually reduce P;ftf from PEMS  allowing the
diesel unit to operate at its minimum loading limit. Around 11 s, the load increases and
P;ftf gets redefined at its initial reference, PEMS. Throughout this scenario the system

frequency and voltage show a stable response.
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Figure 6.29 Minimum loading case: Active power
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Figure 6.30 Minimum loading case: (a) Battery power and (b) PV power
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Figure 6.31 Minimum loading case: (a) Frequency and (b) Voltage

6.8 Concluding Remarks

Power management strategies for PV, diesel, and battery units were proposed to
logically transition the EMS set-points to the unit-level controls. An operation evaluation
mechanism is deployed to assess the applicability of the derived optimum operational
routines and the underlying power management controls via integrating a detailed
simulation model of the actual power system operation. The results revealed that the
proposed performance evaluation mechanism aided in verifying the competence of the

power management strategies and identifying risks associated with the initially derived
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operation routines. The initially suggested operational routines were appropriately
modified by the secondary-level power management strategies to ensure a logical operation
with minimal compromise to the operational objectives. The overall study demonstrated
the importance of close coordination and performance verification of the quantitative and

logical control layers.

140



Chapter 7

Conclusions, Contributions, and Future
Work

7.1 Introduction

This chapter concludes the thesis by summarizing the content and conclusions obtained
in each chapter accompanied by the contributions. Recommendations for future research

are also discussed.

7.2 Thesis Summary and Conclusions

The required scope of work to attain the research goal was compiled in five chapters.
Based on the identified research gaps, necessary models/methodologies were devised while
providing deliverables to achieve the research goal as concluded below.

In Chapter 2, a HOMER software-based sizing study was conducted with factful load
and resource data to develop a realistic test system configuration to demonstrate the energy
and power management functionalities implemented in the following chapters. According
to the obtained results, PV-Diesel-Battery topology at high renewable penetration levels
was selected as the preferred test system configuration. At a 21% renewable fraction, this
configuration showed around 22% CO> emission reductions compared to the base-case
diesel-only power system. Despite the high capital costs, the extrinsic economic indices
showed positive return, although at lower rates, and intrinsic economic indices such as

LCOE remained comparable to the base case.



Conclusions, Contributions, and Future Work

The development of mathematical models and algorithms that form the energy
management system was presented in Chapter 3 to Chapter 5.

In Chapter 3, the basic operation optimization framework was developed in a
computationally efficient manner with only continuous optimization variables. The
observed average computation times showed more than 50% reduction compared to a test
case deploying both discrete and continuous optimization variables. This feature allowed
it to reduce the computational burden of other decision support systems proposed in
Chapter 4 and Chapter 5, where the optimization problem needs to be solved many times
with varying input conditions. Also, in Chapter 3, the problem formulation combined
several operational requirements related to remote off-grid power systems. Compared to
an existing diesel-only operation, the addition of PV and energy storage and integration of
operation optimization showed around 59.5% cost reductions and 59.8% emission
reductions for a distinct summer day operation. For a representative winter day, the costs
and emission reductions were observed to be around 27.7% and 10.5%, respectively. For
winter days, it was seen that reductions in peak load can be useful to energize the power
system with the lower-rated generator. Also, for summer days with longer energy excess
periods, increased correlation between loads and the solar resource was needed to reduce
the energy spillage.

In Chapter 4, a DR integrated EMS was developed to further increase the cost and
emission reductions achieved in Chapter 3. A DR estimation technique based on PFIS was
used in combination with operation optimization to find the best electricity rate structure
that would achieve the desired variations in the load profile. The integration of DR
estimation model allowed the overall scheme to be implemented with minimum bi-
directional interactions and simplified communication architecture, which is useful in the
context of remote power systems. Also, within an assessment framework, the proposed
method can be used to evaluate the flexibility given by DR to the day-ahead energy
management task during a hypothetical trial that would precede an actual implementation
in the future. With the load conditions influenced under the DR scheme for the winter day,
system operation was optimized while alleviating the need to start a second diesel
generator. The cost and emission reductions were estimated to be 4.9% and 0.6%,

respectively, compared to that obtained in Chapter 3. The inclusion of DR scheme only
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achieved a 73 kWh reduction in the spilled solar energy for the considered summer day.
Compared to Chapter 3 results, the cost and emission reductions were estimated to be 4.1%
and 2.4%, respectively. Due to the lower availability of shiftable loads, both in variety and
magnitude, the benefits achievable with DR was observed to be limited for the considered
remote power system, specially during the summer season. However, in comparison to the
existing diesel-only operation, the addition of PV and energy storage and optimization of
the operation with the DR integrated EMS achieved over 60% cost and emission reductions
for the considered summer day operation. The cost and emission reductions achieved for
the considered winter day was estimated to be 31% and 11%, respectively.

In Chapter 5, the robustness of the energy management layer developed in Chapter 3
and Chapter 4 for forecast uncertainties was enhanced by integrating an uncertainty
management strategy. A hybrid decision making process using deterministic optimization
and scenario-based stochastic optimization was proposed to deliver the set-points for the
lower-level controls. The proposed method, which is formulated in a MPC framework,
deploys two different look-ahead windows for the deterministic and stochastic
optimization processes. The applicability of the proposed method was demonstrated for the
same PV-Diesel-Battery power system considered in previous chapters and the results were
compared with other energy management strategies. In terms of costs, CO2 emissions, and
complying with operation constraints such as component limits, the proposed method
functions closer to a scenario where no forecast uncertainty exists in the day-ahead time
frame and achieved around 5.8% costs and 4% emission reductions compared to a closely-
tracked deterministic uncertainty management approach, for an exemplary summer day
operation. Moreover, an analysis conducted on the average computation times shows that
the proposed method is computationally efficient.

In Chapter 6, power management strategies were implemented and coordinated with
the previously developed energy management functions in a hierarchical architecture. The
EMS was integrated to the tertiary-level. Power management strategies for PV, diesel, and
battery units were developed and integrated to the secondary-level control layer to achieve
a logical system operation while confirming to the limits of individual components and the
system as a whole. Also, an operation evaluation framework was developed to provide a

set of guidelines to assess the feasibility of the EMS set-points using EMT simulations.
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The operation evaluation process was demonstrated in PSCAD/EMTDC™ for several
critical operating points detected in typical power system operation plans derived by the
EMS. The simulated scenarios show that the developed power management strategies can
appropriately modify the optimum set-points when required, to facilitate a stable, secure,
and reliable operation while adhering to the system limitations. Also, the system
performance under unanticipated scenarios such as higher deviations from predicted
forecasts, faults, starting of large induction motors, etc. were analyzed and proper
recommendations were suggested to modify the operation plan if deemed appropriate. The
overall result verifies the importance of close coordination and performance verification of
the energy and power management control layers.

The main goal of the proposed research was to develop appropriate models and
methodologies to implement the energy and power management functions to optimize the
operation of a remote off-grid HRES in terms of the operating costs and emissions while
ensuring logical operation of the power system respecting both steady state and dynamic
capabilities of individual equipment and the system as a whole. As detailed in Section 1.6,
seven sub-objectives were proposed to achieve the main goal of this thesis. Chapter 2
attained sub-objective (a) to develop a realistic test system configuration. The outcomes of
Chapter 3 to Chapter 5 achieved sub-objectives (b)-(e) while delivering a EMS that can
generate set-points to achieve a quantitatively optimized operation trajectory while
minimizing operating costs and CO> emissions within the imposed operation constraints.
Also, the devised energy management layer captured several operational requirements
related to remote off-grid HRESs as discussed before. Chapter 6 demonstrated the close
coordination and operation evaluation of power and energy management phases by
achieving sub-objectives (f)-(g). This allowed the EMS set-points to be logically
transitioned to the unit-level controls during actual system operation while prioritizing
dynamic limitations and system variables such as voltage and frequency.

Overall, the outcomes of the five chapters improved the capabilities of energy and
power management systems to ensure a quantitatively optimized and logical power system
operation for the remote off-grid HRESs. Therefore, in conclusion, it can be contended that

the goal of this thesis has been achieved.
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7.3 Major Contributions

The major contributions made while fulfilling the research goal are summarized as

follows.

Development of an operation optimization framework by combining several
operational requirements related to remote off-grid power systems such as minimizing
operational costs and emissions, achieving optimized schedule for the diesel
generators with reduced starts, reducing battery degradation, and minimizing energy
spillage.

Development of a computationally efficient operation optimization problem
formulation technique. Due to the simplified structure and fast convergence times, it
can be effortlessly integrated with any other supervisory-level decision support system
during the day-ahead or intra-day operation planning and evaluation process.
Development of a DR integrated day-ahead energy management framework that can
maximize the benefits for both the utility and the consumers in remote power systems
with a simplified communication/control platform with minimal bi-directional utility-
consumer interactions. Also, to the best of my knowledge this is the first study
integrating stochastic uncertainty to the fuzzy based modelling in the context of DR.
Development of a hybrid uncertainty management strategy using stochastic and
deterministic techniques that resulted in a simplified and computationally efficient
problem formulation with reduced dependence on frequently updated forecasts.
Development of power management controls to integrate the EMS set-points to the
unit-level controls in a maximally permissive manner while adapting to limitations of
diesel, battery, and PV modules during actual operation.

Development of an operation evaluation routine to provide a set of guidelines to assess
and modify the set-points derived by the EMS considering system dynamics, lower-
level control capabilities, and equipment limitations based on EMT simulations.

7.4 Potential Future Research Areas

Directions for future research that arises from the models and methodologies discussed

in this thesis are summarised as follows.
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- The development of an automated parameter tuning technique would be a useful
addition to the proposed DR estimation technique in Chapter 4, to appropriately
modify the characterization of the PFIS to accommodate alternative representations of
human behaviour influenced by changing user characteristics over time.

- In Chapter 6, the proposed operation evaluation framework can be automated with
modern simulation tools and intelligent decision support systems for identifying
critical scenarios, risks, and corrective actions. This will alleviate the need of regular
supervision and the operation evaluation can be continued during the control horizon
as well.

- Also, further studies can be performed to demonstrate the applicability of the proposed
methods for other non-dispatchable renewable energy sources (i.e., wind) and
dispatchable storage units (i.e., fuel cells, supercapacitors etc.), respectively.
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Appendices

Appendix A: HOMER Component Data

Specifications for a single PV module

Electrical data @ STC
Nominal max power at STC (Pmax) [W] 285
Opt. operating voltage (Vmp) [V] 31.7
Opt. operating current [A] 8.98
Open circuit voltage (Voc) [V] 38.6
Short circuit current (Isc) [A] 9.51
Module efficiency [%] 17.41
Temperature characteristics
Temperature coefficient for Pmax [ % / °C] -0.41
Temperature coefficient for Voc [ % / °C] -0.31
Temperature coefficient for Isc [ % / °C] 0.053
Nominal operating cell temperature [°C] 4512
Other

Cell type Mono-crystalline
Number of cells 60

STC: Standard test conditions of irradiance of 1000 W/m?, spectrum AM 1.5, and cell
temperature of 25°C.

Site specific inputs for PV

Derating factor [%] 88
Tracking none
Panel slope [degrees] 58
Panel Azimuth [degrees west of south] 0




Specifications for a single battery unit

Chemistry Li-ion
Nominal capacity [KWh] 7.6
Throughput [kWh] 45600
Operating voltage range [V] 70.3-91.3
Peak power [kKW] 5
Roundtrip efficiency [%] 90
Minimum state of charge [%)] 10
Maximum state of charge [%)] 100

Specifications for the diesel plant

Diesel generators

Ratings DG: 400
[kW] DG2 800
Schedule “Optimized” option in HOMER
“straight-line fuel curve” option in HOMER
Calculation DG, Intercept coefficient [L/hr/kWrated]: 0.0299
of fuel Slope [L/hr/kW]: 0_.232_5
. “straight-line fuel curve” option in HOMER
consumption DG2 Intercept coefficient [L/hr/kWrated]: 0.0271
Slope [L/hr/kW]: 0.2334
Minimum load ratio [%] 30
Diesel fuel
Carbon content [%)] 88
Sulfur content [%)] 0.4
Density [kg/m?] 820
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Appendix B: Rainflow Cycle Counting Algorithm [62]

The initial data are the consecutive values S; (1 <1 < N) which represents the peaks and
valleys of the SOC profile.

Residue
Get points
= Si» Sit+1- Si+2: Si+3

h J

AS1 =[Sj+1 - Sj i=it+1

AS2 = [Si+3 - Sj+1] *

AS3 =Si+3 - Si+2

(AS2 < AS1 and AS2 £AS3)?

Store extracted cycle
(Si+1-Si+2)

Joint the remaining points
(Sk = Sk—l H k:i+2, j+2, —1)

!

i=it2, i

Once the full cycle extraction is completed the remainder of the profile is called the
“Residue” and contains only charging and discharging half cycles. A half cycle links each
pair of consecutive local extrema in the residue profile.
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Appendix C: Demand Response Model Data

C.1 Roulette Wheel Selection Method

Step 1
For a given variable x, get the set of M states (s.) and their probabilities (pL.)
M

{(sL,p),..., (sL,BL),.., (s, pM)} where bl =1
=1

i

v

Step 2

.. ) P .
Create a vector P containing the cumulative sum of the elements p,. , i=1..M

v

Step 3
Generate a random number a such that a € [0,1]

h 4

Step 4
Select the first index » in P with a cumulative probability P(r) < «

A 4

Step 5
Selected state and probability: (s),p~)
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C.2 Scheduling Process of the LCS
 start D

\5‘?‘/

n=1
UL=Pg!

*

k.

Retrieve data for customer n /

max(Ry)>=R 5, )
No

Yes

Implement "Paired
Appliance Routine 2"

Implement "Paired
Appliance Routine 1"

Tshift =Index [max(RnTstart..Tend}] Tshift = Index[max(RnTsmrtl"Tendl & RnTstartz..Tendl)]
vLTa=ypLTa_aL, vLTa=yLTa _ar,
'[:LTS]llft — 'L'LTS].llft +ALa 'L'LTS].llft — '[:LTShlft + ALa
A 2 l ¥

h

Estimate WPpg for customer n similar to Figure 4.5
Calculate EWH demand profile for without DR (EWHE45e) and with DR (EWHpR) cases from Eq. (4.3)
UL = UL - EWHggge i

UL = UL + EWHpR

n = Customer ID, a = Load ID, t = Time-step
N = Total customers, An= Total shiftable loads of customer n
P.' = Forecasted daily load curve
o' = Consumer responsiveness value, R"fyi,= minimum required responsiveness value
TS= Preferred number of utility-defined timeslots
Ta = Time-step without DR for appliance a, AL, = Average load of appliance a
Tstart ..Tend = Start and stop time-steps for appliance with TS<2
Tstartl..Tendl and Tstart2..Tend2 = Start and stop time-steps for appliance with TS=2
Tshift = Time-step with DR
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Paired Appliance Routine 1

Retrieve:

Ry’ values
Preferred routine of appliances A1 and A2 : [Al, A2]
Without DR time-steps of A1 and A2 : [Tal, Ta2]
Average loads of A1 and A2 : [AL4q, AL42]

Preferred maximum time gap between appliances : Gy
Arrange Rnt values and respective time-steps within Tstart..Tend in descending order

[Mag1,Index1]=sort[Ry T2rt-Tend 'pescend']

l

Proceed with only the "Magl" values greater than RShiftmin and respective indexes
[Mag, Index]

L=Number of timesteps in array [Mag]
Best_Mag_ Avg = -inf
Tshift al = Tal, Tshift a2 = Ta2
i=1
T

v
New Avg = 0.5*[Mag(i)+Mag(j)]
D = Duration between Index(i) and Index(j)

|

ILF ( New_Avg > Best_Mag Avg ) AND (D <Gy)
IF Index(i) < Index(j)
Tshift al = Index(i) , Tshift a2 = Index(j)
ElselF Index(i) > Index(j)
Tshift al = Index(j), Tshift a2 = Index(i)
End
[End

vrTal-prTal_ 4,
vLTa2- prTa2_ 41,
L'LTShift_ﬂl = ULTShift_ﬂl +2&Lal

L—LTshifLﬂ - ULTShift732 +AL32

“Paired Appliance Routine 2” was also conducted similar to “Paired Appliance Routine 1”
while considering each preferred timeslot of the customer to find the highest responsive
time-steps.
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C.3 Characterization of Membership Functions

Input Fuzzy Variables
t
Ay
AN
0 2 4 6 8
1 vc MC Lc
"
t 08 ;o\
ERm 0.6 .""‘
Qo4 / \
02 \ \
S AN
5 55 6 6.5 7 75
M
~
I
— \
N
gl o .
[] 2 4 6 8

Mamdani

FIS
Rule Base

Output Fuzzy Variable
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N A
\ 7\ /
w\ N\
\ / \
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= 8,4 \ /‘ \
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ol - - "
0 02 0.4 06 [ 1

DOM: Degree of Membership

R},

Linguistic interpretation of input and output membership functions is given in Table 4.1.
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C.4 Rule Base used in the Probabilistic Fuzzy Inference System

Input membership functions

Output membership function probabilities

Interest | Price | Availability Customer responsiveness (R;,)

Rule no (I) (ERL) (A4 P P. Pwm PH Pvn
1 H LC H 0 0.05 08 0.15 0
2 H LC M 0.1 0.7 015 | 0.05 0
3 H LC L 08 015 | 0.05 0 0
4 H MC H 0 0 0.05 0.8 0.15
5 H MC M 0 0 0.15 08 0.05
6 H MC L 0.05 0.8 0.15 0 0
7 H VC H 0 0 0 0.1 0.9
8 H VC M 0 0 005 | 0.15 0.8
9 H VC L 005 | 075 | 015 | 0.5 0
10 - N - 095 | 0.05 0 0 0
11 M LC H 0.05 0.7 0.25 0 0
12 M LC M 005 | 0.75 0.2 0 0
13 M LC L 08 015 | 0.05 0 0
14 M MC H 0 0 0.15 0.8 0.05
15 M MC M 0 0.05 0.1 08 0.05
16 M MC L 0.15 0.7 0.15 0 0
17 M VC H 0 0 005 | 0.15 08
18 M VC M 0 0 0.15 08 0.05
19 M VC L 0.05 0.8 0.15 0 0
20 L LC H 0.15 0.8 0.05 0 0
21 L LC M 08 015 | 0.5 0 0
22 L LC L 0.9 0.1 0 0 0
23 L MC H 0.05 0.8 0.15 0 0
24 L MC M 0.15 0.8 0.05 0 0
25 L MC L 085 | 0.15 0 0 0
26 L VC H 0 0.05 08 0.15 0
27 L VC M 005 | 085 0.1 0 0
28 L VC L 015 | 0.75 0.1 0 0

Px: Probability of output membership function x

For all the rules “AND” connective was used for the input membership functions.
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Appendix D: Scenario Reduction Process [87]

Step 1
Imitial set of scenanios: S ={&},5s = 1..K
Scenario probabilities: P ={F},s = 1..K
Scenarios to be deleted: DS = {}

y

Step 2
Compute the distances of all scenario pairs:DT , = DT(¢;,¢y),s,s' = 1..K

¥

Step 3
For each scenario ¢, determine scenario ¢, such that:
DT,, = min[DT, ¢1,s',q€sand s'# g

¥
Step 4
Calculate: PD, (?‘): P, XDT,,,q€S
Step 5

Select £; for which PD, = min[PDq] ,gES
¥

Step 6
S=85—-{&}1L,DS=DS+ {:fd},Pq =P+ P,

¥

Step 7
Repeat Steps 2-6 until the required reduced scenario number is met.
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Appendix E: Model Data (referred to Figure 6.1)

Generator data (DG1)

Rating [kW] 400
Terminal voltage L-L rms [kV] 0.6
Inertia constant [s] 4.2
Droop [pu] 0.03
Renewable energy system data
PV unit DC-DC converter rating [kW] 625
Battery unit DC-DC converter rating [KW] + 600
VSC rating [kW] + 600
DC link voltage [kV] 1
Grid side inductance [uH] 40
VSC filter
data Converter side inductance [pH] 100
(LCL filter) Capacitance [uF] 360
Resistance [Q] 0.1
Transformer data
Rating [MVA] 2
T1 Winding voltages L-L rms [kV] 0.6/25
Leakage reactance [pu] 0.1
Rating [MVA] 1
T2 Winding voltages L-L rms [kV] 0.48 /25
0.1

Leakage reactance [pu]
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Transmission line data

Model n-Section
Positive sequence resistance [Q/m] 8.76x10*
Single Positive sequence inductive reactance [©/m] 5.305x10*
line Positive sequence capacitive reactance [MQxm)] 5.588x10?
section Zero sequence resistance [©2/m] 1.276x107
Zero sequence inductive reactance [Q/m] 1.557x1073
Zero sequence capacitive reactance [MQxm] 5.588x102
TX12 110
TX23 100
) TX24 375
Line
TX25 100
lengths
TXas 500
[m]
TX47 350
TX7s 450
TX79 150
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